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The prevalence of antibiotic-resistant bacterial pathogens demands the 

development of novel therapeutic approaches. An attractive target is metabolism, 

where the impact of antibiotics and resistance remains poorly understood. Numerous 

omics-driven studies have identified a metabolic response due to antibiotic stress and 

suggested that metabolism adjusts to accommodate the genetic burden of resistance. 

Arising from these data is the hypothesis that context-specific modification of 

metabolism is a key component of antibiotic resistance and stress. Further exploration 

of the relationship between metabolism, antibiotic stress, and resistance is clearly 

needed. 

To elucidate metabolic signatures of antibiotic resistance, we analyzed the 

metabolic behaviors of wild-type and resistant strains of Escherichia coli through a 

combined transcriptomic and fluxomic analysis. Specifically, we compared wild-type 



  

E. coli to isogenic strains expressing integrated copies of tetRA and dhfr resistance 

genes, respectively under normal and antibiotic stress conditions. From 

comprehensive genome-scale (GS) flux predictions, we observed a resistance-

associated metabolic phenotype as well as mechanism- and target-specific metabolic 

shifts. Furthermore, we identified a distinct metabolic response to antibiotic stress in 

both resistant strains.  

To improve our computational framework, we developed NetRed, NetRed-

MFA, and NetFlow, each designed to reduce complexity of GS flux analysis. 

Through lossless reduction of genome-scale models (GSMs), NetRed generated a 

comprehensive minimal model for aerobic and anaerobic growth in E. coli and 

rapidly elucidated the mechanism driving artemisinin production in yeast. NetRed-

MFA extended the original algorithm by incorporating full carbon mapping to 

generate reduced models for 13C metabolic flux analysis. NetFlow leveraged GS 

carbon mapping to isolate the major carbon flows through a core network and GSM; 

from the GSM subnetwork, we identified a mechanistic relationship between a triple-

knockout and increased lycopene production in E. coli. 

Our resistance work represents the first application of quantitative flux 

analysis to study the metabolism of resistant bacteria and should provide significant 

insight into the role of metabolic adaptation in antibiotic resistance. The developed 

tools each dramatically improve the interpretation of GS flux predictions and the 

mechanistic understanding of metabolic perturbations. Taken together, this 

dissertation describes a comprehensive framework for the prediction, comparison, 

and interpretation of altered metabolic states. 
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Chapter 1: Introduction 

Since the discovery of penicillin in 1928, antibiotics have been an integral tool for 

modern medicine to cure bacterial infections which were previously untreatable. 

Antibiotic use has unfortunately become excessive, with an estimated 50% of 

antibiotic prescriptions ultimately deemed unnecessary1. Overuse, combined with 

other stewardship factors, has led to a rapid increase in drug-resistant pathogens that 

has far outpaced the development of novel antibiotics and threatens to render current 

antibiotics obsolete. Quite clearly, the surge and spread in antimicrobial resistance 

requires urgent development of innovative approaches to address the numerous 

bacterial pathogen threats recently outlined by the Centers for Disease Control (CDC) 

and World Health Organization (WHO)1,2.  

Remarkably, a growing body of evidence suggests that the presumed fitness 

disadvantages of resistant pathogens conferred by expression of resistance genes is 

not fully accurate3–5. These data suggest that pathogens modify their metabolic 

behaviors to compensate for the burden of resistance. Compounding this issue, the 

metabolic responses of pathogens to antibiotic stress surprisingly remain poorly 

understood despite our great appreciation of specific drug-target interactions. A 

growing number of systems-level, omics-driven studies have collected various data 

from diverse bacteria treated with antibiotics and noted a clear shift in metabolism 

without much deeper examination6–9. Arising from these data, however, is the 

increasingly attractive hypothesis that alteration of central metabolism is a key 

component of cell death after antibiotic treatment in susceptible strains10,11.  
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1.1 Antimicrobial Mode of Action, Resistance, and Drug-Discovery Efforts 

The antibiotic resistance crisis1,2 and the concerning status of the antibiotic discovery 

pipeline12 have deservedly received worldwide attention. The current human and 

financial costs associated with the spread of bacterial pathogens exhibiting resistance 

to one or multiple antibiotics (including polymyxin drugs of last resort13) are well 

documented, while future estimates associated with a post-antibiotic era are 

staggering14. Although efforts to incentivize new antibiotic discovery have been put 

into place15–17, entirely new approaches for preserving the efficacy of old and novel 

drugs alike are of critical importance due to the readily transferable, powerfully 

evolving, and sometimes ancient abilities of bacteria to modulate drug-target 

interactions18–20. One approach with significant potential involves the development of 

a complete and predictive understanding of both antibiotic mode-of-action and 

antimicrobial stress physiology by leveraging the powerful tools of systems biology. 

In this context, we define systems biology as the synergistic integration of multiscale 

experimental measurements (i.e., of DNA, RNA, proteins, metabolites and 

phenotypes) with mathematical models to quantitatively address biological questions, 

generate testable hypotheses, and spur engineering of new technologies to address 

antibiotic related challenges (Fig 1.1). 
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Fig 1.1 Developing a Predictive, Systems-Level Understanding of Physiological 
Behaviors in Antimicrobial-Exposed Bacterial Pathogens. Depicted is the equivalent of a 
‘design-build-test’ cycle for development of a predictive understanding of antimicrobial 
stress physiology via systems biology. Omics measurements (i.e., mass spectrometry spectra, 
RNA-Seq alignments, hierarchical clustering of metabolomics profiles) offer critical variable 
inputs for increasingly diverse computational analyses. Integration of multiscale omics 
measurements with biological interaction network models provides the means for simulation 
of physiological behaviors, while serving as the basis for generation of new testable 
hypotheses. Testing and validation of these hypotheses can be achieved in many ways, 
including chemical genomic profiling, CRISPR (clustered regularly interspaced short 
palindromic repeats) interference for sequence-specific tuning of target gene expression, or 
flow cytometer-based measurements of reporter-gene expression. The results of these follow-
up experiments can readily be leveraged in the design of new omics profiling experiments. 

 Our current understanding of the molecular mechanisms by which antibiotics 

induce cell death (bactericidal drugs) or inhibit growth (bacteriostatic drugs) 

continues to expand beyond the binary concepts of drug-target interaction and core 

function inhibition21.  Antibiotic killing has been traditionally associated with: (a) cell 

wall damage and loss of structural integrity by cell wall synthesis inhibitors, (b) DNA 

replication arrest and double-stranded break formation by DNA gyrase inhibitors, (c) 

arrest of DNA-dependent RNA synthesis by rifampin, and (d) modulation of protein 
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translation, perturbation of membrane bioenergetics and protein mistranslation by 

protein synthesis inhibitors. Indeed, the primary impact of treatment with nearly all 

clinically relevant antibiotics is the compromised synthesis of essential 

macromolecules. However, an expansive literature continues to broaden our 

perspective on the complexities of antibiotic killing, supporting the hypothesis that 

lethality cannot be accounted for strictly by the direct effects of drug-target 

interaction22. The cumulative results of these studies also supports updating of the 

well-articulated concept of omics-characterized antibiotic response signatures 

described by Brazas and Hancock in 200523 (Table 1.1). More specifically, diverse 

evidence in multiple bacterial species consistently points towards the deleterious 

contributions of both indirect (e.g., stress response activation and adaptive metabolic 

responses) and secondary effects (e.g., modified regulatory and network interactions) 

to antibiotic lethality that emerge from antibiotic exposure. 
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Table 1.1 Characteristics of Antimicrobial Stress Responses 

Physiological response 
group Group characteristics and examples 

1. Primary direct effects 
Signatures (or fingerprints) characteristic of antibiotic mode 
of action and primary target inhibition. May be dynamically 
complicated by indirect and secondary effects. 

2. Indirect effects 

Signatures (or footprints) of physiological compensation or 
adaptation under conditions of antibiotic stress when 
primary target(s) is inhibited. May include resistance gene 
expression and bioenergetics-related metabolic 
remodeling. Toxic by-products of altered metabolism may 
contribute to killing. 

3. Secondary effects 

Signatures (or footprints) of downstream sequelae 
triggered by primary target(s) inhibition. Generally, includes 
activation of general stress responses (i.e., SOS, oxidative 
stress, membrane stress TCS). Recent evidence suggests 
secondary effects include futile cycling of biosynthetic 
pathways producing precursors of inhibited cellular 
processes. 

4. Bystander effects 

Changes in organism-specific gene expression. May be 
reflective of in vitro growth media and conditions. Likely to 
include general markers of host–pathogen interactions as 
more studies are completed. 

 
 
 An opportunity exists to move beyond restrictive essential target-focused 

searches towards metabolism-centered efforts for new drug candidates by applying a 

holistic systems biology perspective toward addressing antibiotics related questions, 

similar to recent efforts in cancer therapeutics24,25. Antimicrobial discovery programs 

turned to essential protein target identification-based strategies in the post-genomic 

era when screening of synthetic chemical compound libraries failed to deliver novel 

major leads26,27, and modification of existing drug scaffolds using medicinal 
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chemistry offers mainly short-term solutions28–30. A critical driver of this change in 

strategy was accessibility to omics technologies and the collection of systems-level 

measurements, mainly antibiotic induced transcriptome changes of model bacteria31. 

Unfortunately, no new antibiotic drugs have been identified from this target-focused 

strategy. Several potential explanations exist for this outcome, including the 

conditional or contextual essentiality and in vivo relevance of identified targets 27, 

genetic plasticity in essential functions32,33, as well as intrinsic or adaptive 

resistance34,35. 

 The wealth of existing multiscale measurements can be leveraged to develop a 

predictive understanding of bacterial metabolic behaviors corresponding to resistance 

or antibiotic stress via integration with mathematical models. Such a framework 

would maximize the utility of existing data and aid in the design of new experiments 

that improve upon model robustness and accuracy. The power of this approach, 

particularly the use of genome scale metabolic models, lies in the ability to run 

simulations incorporating genome-wide data with user defined constraints; these 

constraints include tuning of flux through specific reactions (e.g., simulating gene 

knockdowns/knockouts) or availability of particular nutrients (e.g., simulating growth 

in different environments)36,37. Therefore, systems biology analyses invoking omics 

measurements will reasonably provide significant insight into the biological 

phenomena underlying the drug discovery decline and elucidate previously 

unappreciated physiological weak points for development of new therapeutic 

approaches. 
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1.2 Systems-level omics measurements 

1.2.1 The post-genomic dawn of antibiotic-focused transcriptome 

measurements 

Following the seminal publication of the complete Haemophilus influenzae genome 

in 199538, the genomic sequences for a broad range of clinically relevant bacterial 

pathogens were soon elucidated as a result of pioneering advances in sequencing 

technologies. Among the most critical outcomes of these efforts was the development 

of DNA microarrays enabling whole-genome gene expression profiling and an 

entirely new approach for monitoring the transcriptional responses of organisms to 

growth conditions of choice39,40. The use of DNA microarrays to characterize the 

transcriptomic responses of bacteria to antimicrobial stress, as well as to more 

broadly appreciate antimicrobial compound mode-of-action, was therefore a natural 

fit with the shift in drug discovery research towards essential target identification41. 

 The first publication describing the use of microarrays to investigate the 

genome-wide transcriptional response of antimicrobial challenged bacteria appeared 

in 199942. In this study, the transcriptome of isoniazid-treated Mycobacterium 

tuberculosis was reported by Schoolnik and colleagues, who notably fabricated their 

own glass slide microarrays using PCR to construct probe sets based on the then 

recently published M. tuberculosis genome43. Their gene expression analysis 

excitingly revealed that several genes associated with mycolic acid biosynthesis and 

directly related to the process inhibited by isoniazid were rapidly induced (~20 

minutes post-treatment), while a more delayed induction of alkyl hydroperoxide 
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reductase was also observed and attributed to toxic secondary effects of isoniazid 

activity.  

 Over the next several years, enthusiasm in utilizing microarrays to provide 

new insights into antibiotic activity and bacterial stress responses induced a surge in 

bacterial transcriptome analyses by academia and industry44. In 2001, the first 

combined transcriptomic and proteomic analysis of DNA gyrase inhibited H. 

influenzae by Gmuender et al.45, was complemented by key publications of general 

stress responses in Escherichia coli investigating the global impact of UV DNA 

damage46 and hydrogen peroxide stress47. Subsequent studies involving E. coli48–51 

and M. tuberculosis52,53 expanded our understanding of antibiotic stress responses at 

the gene expression level by broadening the range of drugs used to challenge these 

pathogens to include all major drug classes and yet unstudied compounds. Equally 

notable early insights were made into the transcriptome responses of antibiotic treated 

Gram-positive models Staphylococcus aureus54,55, Streptococcus pneumoniae56,57, 

Pseudomonas aeruginosa58 and Bacillus subtilis59–62, with the latter being a major 

focus for industrial efforts. 

 In 2007, Collins and colleagues were the first utilize a network inference 

based approach to elucidate the contributions of indirect and secondary effects of 

antibiotic stress to drug mode-of-action. Taking advantage of the statistical power of 

a large compendium of E. coli microarray data (M3D database63,64), they identified 

significantly perturbed genes as a function of the mean expression level of each gene 

across the entire database (e.g., z-score versus log fold-change). Studies comparing 

the physiological impact of fluoroquinolone and peptide toxin mediated inhibition of 



 

 
 

9 
 

DNA gyrase65 and representatives of the bactericidal beta-lactam and aminoglycoside 

drug classes6 suggested that metabolic and regulatory remodeling induced by lethal 

stress was conducive to the generation of toxic reactive oxygen species that 

contributed to cell death. These and similar studies elucidating the complexities of 

antibiotic killing are broadly supportive of the prescient theory postulated by Davies, 

Surette and colleagues in their landmark 2002 study in Salmonella enterica66. They 

proposed that antibiotics may actually serve as chemical messengers -- interspecies 

modulators of metabolism in their environmental niches and at natural dosages66.  

1.2.2 Recent efforts utilizing transcriptomics 

The majority of recent efforts utilizing transcriptomics measurements to investigate 

antimicrobial stress physiology and antibiotic mode-of-action reflect the growing 

diversity of resistant pathogens, as well as the spread and accumulation of genetic 

resistant determinants1. For example, the increasing prevalence of hospital-acquired 

infections caused by multi-drug resistant Acinetobacter baumannii has been a driver 

of studies assessing the gene expression response to clinical dosing with polymyxin 

(e.g., colistin) antibiotics alone67, or in combination with the beta-lactam 

doripenem68. In the latter study, Li and colleagues showed that colistin had far more 

impact on the transcriptome than doripenem and that the response to colistin was 

faster, suggesting that integration of indirect membrane stress signals (via doripenem) 

may occur on a different timescale than direct stress (via colistin). Notably, this group 

recently built upon these results by performing untargeted metabolomics profiling of 
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similarly challenged A. baumannaii, with these mass spectrometry data confirming 

the more rapid integration of colistin stress at the membrane69.   

 The spread of Klebsiella pneumoniae strains with resistance to the potent 

carbapenem sub-class of beta-lactam antibiotics used to treat multi-drug resistant 

bacteria motivated the CDC to classify carbapenem-resistant Enterobacteriacae as an 

“Urgent” threat70. Recent transcriptome measurements of antibiotic challenged K. 

pneumoniae strains have not only identified changes due to primary antibiotic effects 

but also secondary modified central carbon metabolism behaviors and indirect 

oxidative stress71,72. Van Laar et al. explored the impact of imipenem exposure on 

biofilms formed by a carbapenem-sensitive but otherwise resistant clinical wound 

isolate. They found that acetyl-CoA biosynthesis, tricarboxylic acid (TCA) cycle, and 

superoxide dismutase genes were all upregulated71; interestingly, imipenem was 

chosen as a perturbant because it did not inhibit biofilm formation where meropenem 

and doripenem did, highlighting the differential target specificity among penicillin 

binding proteins of beta-lactam antibiotics73. An investigation by Ramos et al. 

specifically studied the impact of polymyxin B exposure on an isogenic set of KPC-2 

beta-lactamase expressing K. pneumoniae cells (e.g., a clinical isolate and 5 in vitro 

mutants, all with carbapenem and varying polymyxin B resistance)72. Among the 

remarkably few overlapping responses was an upregulation of Arc two component 

system expression, which integrates ultrastructural stress signals to activate 

transcription of central carbon metabolism genes including TCA cycle enzymes. 

 Two of the more notable recent transcriptome contributions involve antibiotic 

challenge of fluoroquinolone resistant Escherichia coli and Burkholderia 
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pseudomallei, respectively74,75. A new study by Machuca et al. compared the impact 

of ciprofloxacin challenge on susceptible laboratory E. coli versus 3 isogenic mutants 

with genetic determinants of low-level quinolone resistance74. Remarkably, the 

authors observed that all strains had increased TCA cycle and reactive oxygen species 

defense gene expression, with the resistant mutant strains exhibiting much higher 

transcription of these genes without a related change in SOS stress response gene 

expression; these findings were confirmed by follow up proteomics measurements. 

These results offer compelling evidence to support the notion that secondary and 

indirect effects of antibiotic exposure are triggered in cells possessing low-level 

resistance without observable signatures of drug primary effects. The recent efforts of 

Cummings and Slayden are particularly notable for their specific comparison of in 

vitro and in vivo transcriptomes of B. pseudomallei treated with the frontline 

cephalosporin (beta-lactam), ceftazidime 75. The authors stunningly reported that far 

more genes were highly expressed in the in vivo murine lung infection model, 

including specific mode-of-action markers (e.g., penicillin binding proteins and the 

penA beta-lactamase resistance determinant) and central carbon metabolism genes. 

Their study is genuinely one of the first to provide detailed transcriptome evidence 

supporting the notion of context-dependent transient resistance to clinically-relevant 

antimicrobial regimen.  

  Transcriptomics still provides the greatest coverage when investigating the 

global impact of antibiotic stress on biological systems. This is evident not only in the 

above studies, but also important antibiotics related analyses performed on 

Pseudomonas aeruginosa biofilms and the stringent response 76, foodborne pathogen 
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Listeria monocytogenes and common strategies to mitigate drug-induced oxidative 

stress 77, Enterococcus faecium and metabolism-virulence relationships 78, as well as 

Staphylococcus aureus and a novel polymyxin drug79. It will be interesting to see how 

transcriptomic analyses evolve as newly devised methods that allow for 

measurements of post-transcriptionally modified (NAD 5’ capping via NAD 

captureSeq80) and riboregulated events (particularly of antibiotic resistance genes via 

Term-Seq 81) become more commonly utilized. 

1.2.3 Recent trends in proteomics 

It is important to note that the first studies utilizing proteomics approaches to 

elucidate systems-level changes in cellular behavior as a function of antibiotic stress 

coincided with those transcriptomics analyses described above45,82. In addition to the 

2001 Gmuender et al. publication involving H. influenza45, a landmark 2003 study by 

Bandow et al. comprehensively examined the physiological impact of 30 different 

antibiotics to establish a proteomic database of the model Gram-positive bacterium, 

Bacillis subtilis82. In their work, matrix-assisted laser desorption-time of flight 

(MALDI-TOF) mass spectrometry was used to identify individual protein spots 

excised following 2D polyacrylamide gel separation of drug challenged cultures.  

 Despite the value of this rigorous approach, transcriptomics has been 

overwhelmingly favored over proteomics to investigate the responses of bacteria to 

antibiotic stress for several reasons, including access to appropriately sensitive 

instrumentation, technical hurdles associated with protein versus RNA isolation, and 

differences in cost. Instead, proteomics has largely been applied to advance our 
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understanding of the steady-state proteome of antibiotic resistant clinical isolates, in 

efforts designed to identify protein biomarkers of resistance or susceptibility83,9,84. For 

example, Singh et al. recently reported on the use of MALDI-TOF methods to 

characterize proteome alterations associated with the development of multi-drug 

resistance in sequentially collected Mycobacterium tuberculosis clinical isolates85; 

their efforts identified 27 proteins that were specifically increased in abundance in 

multidrug resistant isolates.  

The explosion in proteomic technological innovations and applications over 

the last ten years now provides opportunities to take advantage of the increased 

sensitivity and resolution of mass spectrometers for analysis of unseparated and more 

complex protein lysate mixtures. Among these innovations has been a push towards 

label-free quantification using spectral counts or chromatogram peak areas. For 

example, Ulrich and colleagues have used this approach to study the effects of 

streptomycin and doxycline exposure on highly resistant Klebsiella pneumoniae 

expressing extended beta-lactamases via liquid chromatography with tandem mass 

spectrometry analysis (LC-MS/MS), and clearly distinguish between antibiotic 

modified proteomes using principle component analysis8. Interestingly, the authors 

showed that doxycycline was a strong stimulator of porin expression, while 

streptomycin stimulated metabolic responses conducive to indirect oxidative stress 

effects. Similarly, Liu et al. revealed significantly more differentially-regulated 

proteins and altered pathway utilization in methicillin-susceptible Staphylococcus 

aureus than in methicillin-resistant S. aureus (MRSA) following exposure to sub-

lethal oxacillin86. These methods are also amenable to time course analyses to 
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examine temporal changes to proteomes, as recently highlighted by Giddey et al.87. In 

this study, rifampicin challenge of Mycobacterium smegmatis provided insight into 

the adaptive metabolic mechanisms of M. smegmatis tolerance to antibiotics and the 

rapid timescale (within 30 minutes) on which these bacteria activate the general SOS 

response upon drug exposure.     

While label-free quantification methods are powerful, they are subject to 

batch effects88, leading some studies to implement additional quantitative methods to 

verify and supplement the results of label-free methods. For example, Wu et al. 

initially used label-free measurements to examine the time and dose-dependent 

response of Pseudomonas aeruginosa to tobramycin exposure89.  A subset of proteins 

of interest were then selected for targeted quantification using selected reaction 

monitoring (SRM), where specific fragment ions from chosen peptides are selected 

for analysis and quantification, thus ensuring that the exact same markers are 

measured in each experiment90. Critically, Wu et al. showed that SRM results were 

consistent with those initially measured in their label-free approach, noting similar 

proteome changes at low concentrations of tobramycin to those observed at higher 

concentrations89.  

Another example of complementary quantitative methods involves stable isotope 

labeling of proteins, which causes a mass shift that can be measured by the mass 

spectrometer without interfering with protein identification. Added benefits of 

isotopic labeling include sample pooling and simultaneous measurement, as 

differential mass shifts will cause proteins to be separated based on the sample of 

origin and the intensities can be compared without worry of batch effects. For 
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example, Yao et al. used both label-free quantification and post-lysis stable isotope 

labeling to study the effects of oxytetracycline exposure on Aeromonas hydrophilia 

91, noting similar results between the two quantification methods. Isotope labeling can 

also be performed in live bacterial cells, as demonstrated by Chua et al. in their 

characterization of colistin-tolerant biofilms cultures of Pseudmonas aeruginosa92. 

The authors allowed ΔlysA cells to form biofilms in normal media, challenged with 

colistin for 6 hours, then transferred to media containing heavy-labeled lysine. 

Labeled lysine would only integrate into those cells remaining metabolically active 

after treatment and distinguish between proteins originating from susceptible and 

tolerant cells without an intermediate collection. Their combined proteomics and 

microscopy results were consistent with the hypothesis that antibiotic tolerant cells 

will migrate to the top of the biofilm.  

1.2.4 Rapidly expanding metabolomics efforts 

Metabolomics has rapidly become a preferred major systems biology measurement 

modality, with a significant rise in the number of studies leveraging advances in mass 

spectrometry and NMR to measure fluctuations in the abundance of metabolites as a 

function of antibiotic challenge. Cumulatively, targeted and untargeted metabolomic 

profiling of antibiotic exposed bacterial models have provided strong evidence 

supporting the notion that adequate stress response activation and adaptation to 

challenging environmental conditions must occur on such short time scales that stress 

responses are highly metabolic in nature93. A growing body of evidence, as described 
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below, further suggests that equally rapid changes in bioenergetic demands induced 

by antibiotic stress act as a key mediator in heightened TCA cycle activity. 

 Paradigm shifting insights into the metabolic behaviors of Mycobacterium 

tuberculosis have been provided by Rhee, Nathan and colleagues over the past 

several years, particularly with respect to the relationship between cell fate and 

central carbon metabolism94–97. Of these studies, Nandakumar et al. provided the 

most direct assessment of antimicrobial stress by challenging M. tuberculosis H37Rv 

with rifampicin, streptomycin and isoniazid over a 2-log range of drug 

concentrations94. Their results clearly demonstrated that the TCA cycle was highly 

perturbed by each of these distinct antibiotics, with downstream experiments 

elucidating a critical role for isocitrate lyase as a mediator of this phenotype; notably, 

streptomycin and isoniazid were strong inducers of oxidative stress as well. Although 

unrelated to antibiotic stress, it is worth highlighting new metabolomics work by the 

Rhee and Jacobs-Wagner laboratories in Caulobacter crescentus motivating the 

broadly relevant conclusion that crosstalk between the TCA cycle and cell wall 

biosynthetic pathways not only ensures cell wall precursor availability, but also 

modulates those pathways that yield peptidoglycan precursors (or intermediates) as 

by-products98. It will be interesting to see how this notion extends to other 

biochemical networks, particularly in relationships that emerge under conditions of 

antibiotic stress. 

 Collins and colleagues have also made important recent contributions to our 

understanding of the secondary and indirect effects of antibiotic exposure by 

expanding upon previous transcriptome studies to incorporate metabolomic profiling 
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of various bacterial models. Belenky et al. combined time-course metabolite profiling 

of E. coli exposed to norfloxacin, ampicillin or kanamycin, with several phenotypic 

assays to demonstrate the diversity of cellular damage that occurs downstream of 

primary drug-target effects99. Lobritz et al. investigated the interrelated metabolic and 

respiratory impact of transcriptional (rifampicin) or translational (chloramphenicol, 

isoniazid) inhibition on Staphylococcus aureus, which revealed that inhibition of 

either core process stimulated accumulation of bioenergetic and central carbon 

metabolism intermediates7; notably, these metabolomics findings were consistent 

with 2014 work by Dörries et al. who observed common activation of the TCA cycle 

in a S. aureus isolate when challenged with ciprofloxacin, erythromycin, fosfomycin, 

ampicillin and vancomycin100. Most recently, Meylan et al. used a combined 

transcriptomic and metabolomics approach to elucidate the mechanism of TCA cycle 

stimulation by TCA intermediate, fumarate, and enhancement of tobramycin killing 

in planktonic and biofilm cultures of Pseudomonas aeruginosa 101. More specifically, 

metabolomics data were used to support the hypothesis that fumarate supplementation 

can reduce metabolic tolerance to tobramycin exposure by promoting TCA cycle 

activity over glyoxylate shunt activity, findings that were leveraged in kill curve 

assays demonstrating that fumarate increases clinically-relevant tobramycin lethality.  

 Two new publications by Schielli et al. have provided unique insights into the 

metabolic behaviors of methicillin-susceptible (MSSA) and methicillin-resistant 

(MRSA) S. aureus, both in the presence and absence of antibiotic challenge102,103. 

The authors first established baseline metabolite profiles for MSSA and MRSA 

strains, revealing that equilibrium concentrations of NAD+ and cAMP were highly 
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different, before showing that NAD+ production was both much higher and uniform 

in methicillin exposed MSSA versus MRSA cells102. In a separate study, the authors 

challenged MSSA and MRSA cultures with norfloxacin, ampicillin or kanamycin and 

highlighted the differential effects that each antibiotic had on cells based on their 

resistance state103. This study also further illustrated the differential target specificity 

of beta-lactam antibiotics73, highlighting that the metabolism of ampicillin challenged 

MRSA cells was distinct from untreated controls despite possessing methicillin 

resistant determinants. Additional studies of note utilizing metabolomics to survey 

antibiotic mode-of-action include work by Hoerr et al.104, who used untargeted NMR 

to establish predictive fingerprints and footprints of E. coli exposed to ciprofloxacin, 

ampicillin, cephalexin, doxycycline and kanamycin, as well as Vincent et al.105, who 

used mass spectrometry to similarly establish predictive fingerprints and footprints 

for a range of antibiotics and unknown compounds. In a similar vein, Kozlowska used 

a mass spectrometry approach to determine the metabolome of E. coli cells exposed 

to antimicrobial peptides106. 

 A series of new studies by Sauer and colleagues107–109 have demonstrated the 

power of new high-throughput, flow injection-time-of-flight acquisition in non-

targeted metabolomics analysis110, while also providing a glimpse into the future of 

antibiotics systems biology by combining broad metabolite measurements with 

genome-scale metabolic models111. Zampieri et al. have leveraged this exciting 

technology to examine the immediate, rapid response of E. coli to functionally 

distinct antibiotics over 40% of the metabolite range contained in the E. coli 

metabolic model. Numerous mode-of-action and primary target-specific effects were 
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identified, with 25% of changes being detectable within 5 min of exposure. While 

DNA replication inhibitors showed many common changes associated with DNA 

stress, protein and cell wall synthesis inhibitors induced mostly heterogeneous 

responses. Among the more intriguing finding, the authors found that 

fluoroquinolones were disruptive to a suggested feedback circuit involving dTDP-

rhamnose, DNA gyrase (the primary target of fluroquinolones in Gram-negative 

bacteria) and the ArcA two component system regulator of respiratory gene 

expression, with the GyrA subunit of gyrase hypothesized to act as a titrator of drug 

molecules. In addition, a link among arginine biosynthesis, ammonia production and 

protein synthesis inhibitor exposure was shown, with high levels of ammonia 

revealed to stimulate reactive oxygen species accumulation and potentiate drug 

lethality.      

1.3 Modeling metabolism at the genome-scale 

1.3.1 GSMs and FBA 

Numerous systems biology techniques and mathematical algorithms have been 

developed to simulate metabolic behaviors, varying widely by the type and depth of 

input data. The most promising approaches incorporate publicly available or 

measured omics data into genome-scale metabolic models (GSMs). GSMs are 

species-specific stoichiometric reaction models informed by our biochemical 

understanding of metabolism. They are used to predict reaction and pathway activity 

based on network structure and environmental conditions36,112. Within GSMs, the 

metabolic reaction network is formulated as a steady-state mass balance: 
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0⋅ =S v  

where S  is the 𝑚𝑚 × 𝑛𝑛 stoichiometric matrix, 𝑚𝑚 is the total metabolites in the model, 𝑛𝑛 

is the total reactions in the model, and v  is the reaction flux vector. For each reaction, 

entries in the S  matrix correspond to the known reaction stoichiometry. The unknown 

flux vector vcontains the activity state of each reaction and thus all of metabolism. 

The possible reaction states (i.e. solution space) need to be constrained; otherwise, 

there are infinite solutions to the mass balance equation. The upper and lower bounds 

on each reaction can be defined based on environmental conditions (e.g. media 

composition), thermodynamic restrictions of reaction directionality, biologically 

relevant values for key reactants or intermediates (e.g. maintenance requirements), 

and experimental measurements (e.g. growth and omics data). 

 Despite the application of such constraints, a large solution space usually 

remains; to arrive at a single solution or flux state, a biological objective can be 

assumed for the cell (e.g. maximizing the rate of a specific reaction)112. The most 

commonly used objective is the maximization of biomass production as a proxy for 

growth113. Biomass production is simulated as an export reaction composed of the 

key biomolecules weighted by their measured contribution towards biomass. The core 

algorithm that implements the biomass objective function is Flux Balance Analysis 

(FBA)112,114. By maximizing biomass production, FBA assumes the cell is going to 

grow as fast as possible under the given conditions. Yet this assumption does not 

guarantee a single optimal solution; many alternative pathways can yield the same 

growth rate since cells are often highly redundant115. Therefore, the solution space 

must be further reduced through secondary objective functions. A common approach, 
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called parsimonious FBA (pFBA), assumes the cell achieves optimal growth with the 

minimal number of enzymes (i.e. minimal total active flux)116. Predictions made by 

pFBA have been shown to be more accurate than traditional FBA116. However, FBA 

and its variants are all limited by the maximal growth assumption, which is invalid 

under many conditions. For example, bacteria frequently exhibit sub-optimal growth 

to better adapt to environmental changes117,118. 

1.3.2 ‘Omics Integration 

Due the increasing availability of omics data, major advancements have been made 

toward the integration of these data into GSMs. Omics data encompass the 

measurement of mRNA (transcriptomics), proteins (proteomics), metabolites 

(metabolomics), and intracellular fluxes (fluxomics). Such measurements provide 

evidence for reaction activities that can be used to generate context-specific models 

from general GSMs, to enhance flux predictions, or both119–122. Nonetheless, a 

tradeoff exists for each omics data type between genome coverage and correlation to 

metabolic fluxes (Fig 1.2). The rapid development of RNA sequencing (RNA-Seq) 

has made genome-wide measurement of transcripts inexpensive, accessible, and 

highly quantitative. However, the correlation between mRNA levels and reaction 

fluxes is relatively low123, which limits their utility in predicting kinetic behaviors. On 

the other extreme, fluxomics data offer direct measurements but typically only for 

central metabolism due to computational limitations. For now, protein and metabolite 

data lie in the middle of the spectrum. Without adequate coverage of the genome, 

many reaction activities remain undetermined and the solution space cannot be 
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sufficiently reduced. Unsurprisingly, available integration algorithms are mainly 

focused on using transcriptomic data with varying consideration of the weak 

correlation124–127. Recently, however, the majority were shown to poorly predict 

central carbon metabolism, particularly in comparison to pFBA121. 

 

Fig 1.2 Relationship between Omics Measurement Coverage and Resolution, and the 
Application of These Data to Metabolic Modeling. A trade-off exists between the genome-
wide coverage and resolution of omics measurements across biological scales. At left, the 
assembly and annotation of microbial genomes via high-coverage genomics measurements 
establishes a metabolic genotype, which can be leveraged in the construction of genome-scale 
metabolic models (GSMs). At right, transcriptomics, proteomics, and metabolomics offer 
decreasing coverage yet increasing measurement resolution, respectively. Each of these 
measurements provides data on metabolic phenotypes, and integration of these data as 
constraints within GSMs can be leveraged to reduce the number of possible solutions when 
performing simulations of metabolic flux. 

Gene expression levels are mapped to corresponding reactions through well-

curated gene-protein-reaction (GPR) relationships built into GSMs. GPR maps 

encode the Boolean logic connecting genes to their enzymes to the subsequently 

catalyzed reactions. For reactions where multiple protein subunits are required (e.g. 
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enzyme complexes), genes are mapped by an AND gate where reaction activity is 

taken as either the minimum or average expression level of the involved genes. For 

reactions catalyzed by redundant genes (i.e. isoenzymes), an OR gate is used, which 

the reaction activity matches the maximum expression among the genes. More 

complex mapping involves permutations of this logic. 

Methods for integrating transcriptomics data into GSMs vary by the type and 

implementation of the data. Machado and Herrgard recently reviewed, categorized, 

and compared the available techniques121. The various approaches were distinguished 

through their reliance on absolute or relative expression data and their 

implementation of discrete or continuous forms of the data. Absolute data describe a 

single experimental condition, which is useful for limited RNA-Seq data sets. 

However, the definition individual expression levels based on absolute data is 

challenging without knowledge of basal expression, which can be very low or high. 

Relative data encompasses differential expression between multiple states. While 

such data sets require a well-defined reference state, which is difficult to achieve, the 

focus on expression changes may mitigate the discrepancy between transcripts and 

fluxes and yield more accurate flux predictions. Discrete data integration uses 

thresholds to define expression in binary or ternary activity states (e.g. 1 for ON and 0 

for OFF). The expression thresholds are typically determined heuristically based on 

the expression distribution (e.g. +/- 1 SEM). However, these thresholds are arbitrary 

and have limited biological relevance, with gene activity states generally serving as 

loose constraints125,127,128. By using gene expression data flexibly, the solution space 

is sufficiently reduced while allowing for downstream regulation of reaction activity. 
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Continuous integration directly uses expression values to define the bounds of each 

reaction. This direct implementation does not require arbitrary activity thresholds but 

is hindered by the poor correlation of transcripts and fluxes. The solution space is 

reduced significantly, as every (measured) reaction is impacted, but has limited 

flexibility for regulation.  

1.3.3  13C Metabolic Flux Analysis 

Intracellular fluxes can be directly estimated from isotope labeling experiments 

(ILEs), where cells are cultured with an isotopically-labeled substrate129,130. As the 

labeled substrate is metabolized, the isotope atoms are dispersed through the 

metabolic network based on pathway activity; different pathways have different 

patterns of atom rearrangement between intermediate metabolites129,130. At steady 

state, isotopes reach equilibrium within intracellular metabolites, the biomass (e.g. 

proteins), and excreted products of the cell. The labelling pattern of these compounds 

can be detected with nuclear magnetic resonance (NMR) or mass spectrometry 

(MS)130,131. With MS, the mass isotopomer distributions (MIDs) of metabolites and 

their fragments can be measured; a MID represents the enrichment of isotope atoms 

within a compound (i.e. labelling pattern)131,132. Due to the limits of detection and 

collection, experimental consideration is usually relegated to highly active 

pathways131. 

Often, central carbon metabolism (CCM) has the highest overall flux133; thus, 

13C ILEs with labeled glucose (or another carbon source) are very common. For 13C 

ILEs, the labeling pattern is mainly measured in proteinogenic amino acids (AAs) and 
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excreted metabolites. AA MIDs are mapped to their CCM precursors (e.g. alanine → 

pyruvate) based on synthesis stoichiometry and C-atom rearrangement134. From 

precursor labeling, non-linear isotopomer mass balances can be written for each 

reaction pathway. Given a measured glucose uptake, the balances are solved with 13C 

metabolic flux analysis (13C MFA) to estimate intracellular fluxes130. Using metabolic 

models, 13C MFA finds the best fit between experimental measurements and an 

approximate flux map by minimizing the sum of squared error (SSE). This 

optimization is computationally intensive due to the non-linear balances; each 

additional metabolite in the model further compounds the computational burden. 

Consequently, models in 13C MFA are typically limited to CCM to mitigate this 

effect129,130. Numerous advanced approaches for writing balances, such as using 

cumomers130, bondomers135, or EMUs136, have been developed to further simplify the 

reaction network and reduce computation time. 

Recent advances in experimental techniques137,138 and the prediction of atom 

mapping139 have enabled the expansion of 13C MFA to the genome-scale (GS-

MFA)140,141. By encompassing the entirety of cellular metabolism, GS-MFA 

represents a significant improvement over traditional 13C MFA (core-MFA). Core-

MFA models often contain implicit assumptions pertaining to the activity of specific 

pathways; GS-MFA models eliminate these assumptions by containing all alternate 

equivalent pathways in the cell140. Recently, GS-MFA was applied to explore the 

metabolic response of E. coli to key KOs142–144 and the metabolism of various 

cyanobacteria145,146. However, due to the scale of the GS-MFA models, direct 

measurement of intracellular metabolite enrichments is required to achieve an 



 

 
 

26 
 

acceptable fit to the model during flux estimation. Therefore, GS-MFA remains 

unattainable for those without access to advanced LC-MS/MS techniques. 

1.3.4 Generation of Context-specific Models 

After ‘omics data are integrated into a GSM, the expression profiles or species 

abundances are converted to a discrete reaction activity vector (DRV). Based on the 

DRV from a given condition, the GSM can be contextualized into a state-specific 

model. Generally, the DRV helps define of a core set of active reactions, either 

through evidence-based ranking127,147 or direct optimization125,128 of reaction activity. 

Reaction ranking is based on a likelihood score derived from the DRV and any 

additional evidence. The top reactions (above a threshold score) are assigned to the 

core set; the bottom reactions are deemed inactive. Optimization entails maximizing 

the overlap of the DRV and predicted activity states with a mixed-integer linear 

programming (MILP) problem. By optimizing instead of forcing overlap, post-

transcriptional changes in activity can occur. Notably, solutions to the MILP are not 

unique and many alternate optima exist; therefore, any single solution is not 

meaningful. The MILP solution space can be explored by iteratively forcing every 

reaction to be active and inactive and reoptimizing148. Reactions that are always 

active or inactive in alternate solutions are defined accordingly, with a minimum flux 

threshold required for active reactions. While somewhat arbitrary, the threshold needs 

to be relevant to biological context (e.g. proportional to substrate uptake). Inactive 

reactions are confined to zero or very low flux. 



 

 
 

27 
 

Once the core and inactive reactions are defined, the set of undefined 

reactions can be reduced based on secondary heuristics. Approaches like the Model 

Building Algorithm (MBA)147 and fastCORE149 aim to generate a consistent model 

with minimal active reactions; consistency is defined as all reactions being able to 

carry flux. MBA defines three sets of reactions based on available evidence: highly 

likely (i.e. core reactions), moderately likely (i.e. undefined), and non-core (i.e. 

inactive); this formulation can be simplified to a single core set by removing all 

inactive reactions and defining undefined reactions as non-core148. Non-core reactions 

are then randomly removed from the model until the model becomes non-consistent. 

Since the set of removed reactions is biased by the removal order, the removal 

process is iterated many times and the non-core reactions are ranked based on 

removal frequency. Finally, non-core reactions are added sequentially (lowest 

frequency first) to the core set until the model is consistent. fastCORE iteratively adds 

reactions to the core set by first maximizing the number of core reactions carrying 

flux and then minimizing the number of non-core reactions carrying flux until 

consistent model is achieved. Since both optimization steps are linear programming 

(LP) problems and the algorithm doesn’t require repetition, fastCORE is much faster 

than MBA and its variants. 

Multiple studies have observed the microbes typically grow sub-optimally to 

readily adapt to changes in environment (e.g. different nutrients)117,118. Therefore, an 

alternative heuristic for reduction of the undefined reaction set is to maximize the 

metabolic flexibility of the network. The Maximum Metabolic Flexibility (MMF)150 
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algorithm defines flexibility as the highest range of metabolic activities or total flux 

range (TFR). TFR is defined as the sum of flux ranges for n reactions: 
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= −∑  (1.1) 

where iUB  and iLB  are the upper and lower bounds for each reaction i. The first 

stage of MMF reduces the model by eliminating all flux values that drop the TFR 

below a given threshold (e.g. 95% of max); this can be extended to the reduction of 

undefined reactions by adding or removing reactions to achieve a minimum 

flexibility. The second stage of MMF involves flux predictions and will be discussed 

in the following section. 

1.3.5 Predictions of Metabolic Fluxes 

With an optimized set of active and inactive reactions, reaction bounds can be 

updated to represent the feasible flux range of each reaction and properly define the 

model. The range of possible fluxes is calculated with Flux Variability Analysis 

(FVA), which iteratively maximizes and minimizes the flux through each reaction115; 

a more computational efficient variant, fastFVA, is also available151. Even with a 

well-defined state-specific model, the solution space remains large. An optimal flux 

vector can be determined through the optimization of an appropriate secondary 

objective function152. pFBA153, as discussed earlier, applies the principle of 

parsimonious enzyme usage while maximizing growth. When compared against 

transcriptomics methods, it consistently performed equally or better in predicting 

experimentally measured fluxes121. One possible secondary objective is the global 



 

 
 

29 
 

maximization of metabolic flexibility, which is the second stage of MMF. In 

principle, MMF secondary optimization would be preferred in suboptimal conditions; 

however, it did not outperform pFBA under such conditions during testing150 so its 

accuracy remains unproven. 

If no secondary objective can be assumed, a representative flux map can be 

generated through uniform random sampling of the solution space154–156. With 

infinitely many samples, the sampling distribution collapses on the ‘true’ solution 

space distribution, yielding a representative flux value for each reaction. Numerous 

techniques have been developed for efficient uniform sampling of convex solution 

spaces, mostly revolving around Artificial-Centering Hit-and-Run (ACHR)157. 

Briefly, ACHR begins from a random initial point 𝑥⃗𝑥0 and iteratively moves to another 

point 1i i i ix x uλ+= +
  

, where iu


is a distance vector from random previous point to the 

empirically estimated center of the solution space and 𝜆𝜆𝑖𝑖 is the randomly generated 

step size between 1ix −



and the boundary (in the direction iu


). After 𝑊𝑊 warm-up 

points, 𝑇𝑇 samples are recorded at every step. Since the step direction is dependent on 

previous points, ACHR (and its variants) are not guaranteed to converge to a uniform 

distribution157; nevertheless, the converged distribution at high 𝑇𝑇 is assumed to be 

approximately uniform. optGpSampler155 improves upon ACHR by utilizing p 

parallel sampling chains that take k steps between each of T
p samples. The 

massively increased chain length ( kT
p vs. W T+ ) significantly improves mixing 

and convergence times. Coordinate Hit-and-Run with Rounding156 avoids the 



 

 
 

30 
 

convergence issues of ACHR by rounding the polytope solution space158 and 

performing coordinate hit-and-run159, which guarantees convergence to a uniform 

distribution and is significantly faster than ACHR-type samplers. 

1.4 Systems biology of antimicrobial resistance and stress physiology 

1.4.1 Application of GSMs to predict antibiotic resistance and stress 

metabolism 

A major challenge facing the application of GSMs to the investigation of 

antimicrobial stress physiology is the fact that growth and biomass production are 

impacted and cannot be assumed a priori. To become more widespread, novel 

approaches will be required to generate stress-specific models of metabolism. One 

potential solution to this challenge was recently described by Montezano et al. in a 

study measuring the proteome of Mycobacterium tuberculosis at 3 time-points after 

mefloquine exposure 160. Using the current M. tuberculosis GSM, relative enzyme 

abundances were directly utilized to model the metabolic state at each time-point -- 

for each enzyme, the corresponding reaction flux (or fluxes where reactions are 

bidirectional) were weighted by the enzyme abundance and maximized. The 

predictions generated from their method, PmxObj, were compared to those made by 

standard flux balance analysis (FBA) and E-Flux, which uses relative abundances to 

define corresponding reaction bounds. In general, PmxObj predictions had fewer 

inactive essential reactions, lower cross-validation error, and fewer reactions with 

high variability; however, the cross-validation error was significantly lower for only 

half of the conditions tested. Notably, PmxObj predicted changes in three unmeasured 
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reactions whose genes previously showed large fold-changes in expression under 

mefloquine stress. Although this study represents initial implementation of a 

proteomics-focused method, Montezano, et al. clearly show that direct optimization 

with proteomics data can improve flux predictions under the sub-optimal growth and 

biomass production conditions of antibiotic stress. Despite the relative abundance of 

omics-driven studies, PmxObj is the only omics integration algorithm, to our 

knowledge, developed and applied to elucidate the metabolic response to antibiotics. 

While experimental and computational challenges do exist, careful integration of 

omics data with GSMs can be a powerful tool for improving our understanding and 

appreciation of the impact of antibiotics on metabolism. 

 Yang et al. employed a different strategy where they utilized GSMs to predict 

the context-specific metabolic state of E. coli grown with supplementation of an array 

of metabolites before antibiotic treatment161. Notably, these predictions were made 

using only the media composition to constrain the model. They challenged E. coli 

with three bactericidal antibiotics – ampicillin, ciprofloxacin, and gentamycin – at 

varying concentrations and calculated the IC50, which is the antibiotic concentration 

at which growth was reduced by 50% of the maximum. Through a white-box machine 

learning approach, pre-treatment reaction and pathway activities across all conditions 

were correlated to the observed IC50 values to identify reactions and pathways 

corresponding to antibiotic susceptibility. Ultimately, the authors identified TCA 

cycle activity and adenine biosynthesis as key drivers of antibiotic susceptibility. 

They also demonstrated that in the absence comprehensive omics date, GSMs can be 
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a powerful tool for understanding how metabolic states impact antibiotic 

susceptibility.  

1.4.2 Modeling secondary and indirect effects of antibiotic stress 

Only recently have secondary and indirect metabolic effects of antibiotic stress been 

shown to contribute to the extent of antibiotic lethality 11,162,163. An important related 

question pertains to the relationship between survival under antibiotic stress and the 

basal rate of reactive oxygen species (ROS) production as a toxic byproduct of 

metabolism 164. To explore this phenomena, Brynildsen et al. expanded the 

Escherichia coli GSM 165 to incorporate all potential ROS generating reactions 166. 

Since the contribution of each reaction to overall ROS production is unknown, model 

ensembles were constructed in which the overall ROS production was distributed 

across all ROS generating reactions with varying proportions. Using this creative 

approach, the authors predicted gene knockouts that were hypothesized to increase 

basal ROS production per unit biomass and ultimately confirmed 80% of their 

predictions by experiment. Most importantly, gene deletion mutants with confirmed 

increased basal levels of ROS production were shown to be more susceptible to 

killing by biocides and bactericidal antibiotics. In a more recent study, Adolfsen and 

Brynildsen applied this same modeling approach to predict the impact of bioenergetic 

futile cycling on basal ROS production and sensitivity to oxidative stress 167,168. Their 

modeling and experimental results illustrated that futile cycling associated with ATP 

depletion renders cells more susceptible to oxidative stress, suggesting that metabolic 



 

 
 

33 
 

processes associated with bioenergetics currency production (e.g., ATP synthesis) 

may be attractive targets for antibiotic adjuvant development. 

1.4.3 Simulation of dose-dependent and combinatorial treatment effects 

Combinatorial therapies involving multiple antibiotics, or antibiotic plus adjuvant, 

remain a promising strategy to combat resistant pathogens and preserve existing 

drugs as we approach a post-antibiotic era. Exhaustive testing all of the possible 

combinations would be expensive and impractical, however, making new 

computational tools that can accurately simulate and predict drug synergies 

immensely valuable in this regard. While FBA is commonly used to predict the 

metabolic behaviors of strains with genetic mutations such as gene deletions, FBA 

has previously been unable to predict dose-dependent phenotypes or synergy between 

serial targets within a pathway. A highly significant factor in this failure is that very 

few antibiotics target enzymes that carry flux in central carbon metabolism for 

committed arms of macromolecule biosynthesis. 

Building off previous work 169, Krueger et al. recently modified FBA to simulate 

non-competitive (FBA-res) and competitive (FBA-div) inhibition of reactions 170. 

Non-competitive inhibition was approximated by reducing the flux through target or 

nearest-neighbor reactions proportionally to drug dosage. In contrast, competitive 

inhibition was simulated by diverting a dose-dependent fraction of the reactant(s) 

associated with target or nearest-neighbor reactions to an artificial ‘waste’ reaction; 

the ‘waste’ reaction is a proxy for metabolite accumulation due to enzymatic 

bottleneck. Both approaches, along with more general gene knockout simulations, 
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were compared to experimentally measured growth inhibition from 28 drug pairs, 

including three beta-lactams and two anti-folates. While the monotherapeutic 

inhibition of single targets only matched up qualitatively, FBA-div was able to 

uniquely identify major synergistic inhibition of sequential targets (e.g., enzymes 

within the same pathway). Moving forward, this approach presents a substantive 

option to aid in the elucidation of metabolic weaknesses exposed under antibiotic 

stress, which can subsequently be leveraged therapeutically to force metabolism into 

an undesirable state. 

1.4.4 Kinetic modeling of dose-dependent effects 

Despite extensive clinical use of antibiotics, numerous drug-, dose-, and time-

dependent phenomena are poorly understood, which leads to suboptimal dosing 

strategies. Pharmacodynamic models can provide mechanistic insight but typically 

rely on extensive (and expensive) in vitro and in vivo measurements. Across two 

recent publications 167,168, Cohen and colleagues have developed an intracellular 

model of antibiotic action using standard reaction kinetics. The model considers drug 

diffusion, target and off-target binding, and bacterial growth and death, relying solely 

on decades-old kinetic parameters and primary dose-dependent growth data. Initial 

simulations of various antibiotic treatments predicted simple mechanisms for the 

post-antibiotic and inoculum effects as well as persister formation. Notably, both dose 

dependent and independent persister formation were captured through small 

deviations in the intracellular concentration of drug, target, or other molecules 

involved in antibiotic action. Notably, this explanation encompasses most accepted 
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mechanisms of persistence without assuming a discrete subpopulation of less 

susceptible cells. The model was also able to predict dose- and time-dependent modes 

of action for multiple drug classes, which could greatly improve dosage optimization.  

As suggested by these two Wiesch et al. publications, antibiotic action can be 

effectively distilled into a simple kinetic model using minimal data. Their model 

could be readily expanded to consider specific phenomena, such as the variability in 

target affinity and binding by diverse beta-lactam antibiotics 73, or the heterogeneous 

distribution of drug molecules among cell populations for which new monitoring 

modalities have been very recently described 171. While the construction of nuanced 

models would likely require detailed measurements, such models would still be 

tremendously insightful and contribute to the overall understanding of antibiotic-

related physiology. As proteomics and metabolomics technologies continue to evolve, 

kinetic models will become even more useful. Nevertheless, pharmacodynamic 

models are limited by their approximation of growth inhibition and cell death, which 

could be alleviated through integration with context-specific GSMs. Such a multi-

level modeling approach could provide a holistic appreciation of antibiotic action. 

However, the merger of these two methodologies will remain challenging until drug 

binding can be mechanistically connected to metabolic restriction.  The work of 

Krueger et al. represents a tremendous step toward that goal 170. 

1.5  Objectives and Outline  

While a connection between metabolism, antibiotics and resistance has been 

established, a deeper mechanistic explanation of this relationship is clearly needed. 
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To fill this gap in our fundamental understanding, my doctoral research focused on 

comparing the metabolic behaviors of susceptible and resistant bacterial pathogens at 

steady state and when perturbed with antibiotics. Going beyond prior omics studies, I 

generated metabolic flux profiles for each strain of interest under stressed and non-

stressed conditions. Furthermore, I identified key reactions differentiating the 

phenotypes (i.e. susceptible and resistant; normal and stressed) and made testable 

predictions about compensation for resistant gene expression and adaptation to drug 

stress. Ultimately, these predictions will help elucidate metabolic weak points that 

can be targeted by new treatment strategies. 

Numerous systems biology techniques have been developed to simulate 

metabolic activity, varying widely by the type and depth of input data. The ideal 

approach would be a broadly applicable algorithm that generates accurate, testable 

predictions with minimal experimental data. The most promising approaches 

incorporate available or measured omics data into genome-scale metabolic models 

(GSMs)119. To this end, I developed a computational framework that enabled accurate 

predictions and comparison through a melding of multiple approaches. Specifically, 

this framework leveraged broad transcriptomic and focused fluxomics measurements 

to enhance model robustness and accuracy.  

In this dissertation, I describe this computational framework in detail as well 

as two additional computational tools developed to aid in the interpretability and 

analysis of genome-scale flux predictions. Chapter 2 is focused on the development 

and application of the computational pipeline, in combination with comprehensive 

experimental measurements, toward elucidating a common metabolic phenotype 
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between two resistant E. coli strains. It also describes the predicted mechanism- and 

target-specific alterations to metabolism and previously unappreciated response to 

antibiotic challenge observed in both resistant strains. Chapter 3 describes NetRed 

and its extension NetRed-MFA, which maximally reduce GSMs without information 

loss. Several case studies are described to illustrate the power and utility of NetRed 

and NetRed-MFA. Chapter 4 describes NetFlow, an algorithm that leverages genome-

scale atom mapping to isolate carbon flows through a GSM. NetFlow is applied to a 

CCM model and a GSM for E. coli to demonstrate its effectiveness. 
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Chapter 2: Integrative Flux Analysis of Antibiotic Resistance in 

E. coli 

2.1  Introduction 

The surge in antimicrobial resistance requires urgent development of innovative 

approaches to address the numerous resistant bacterial pathogen threats outlined by 

the CDC and WHO70,172. Resistant gut bacteria, especially Escherichia coli, pose a 

distinctly serious threat as they cause most nosocomial infections. Traditionally, when 

we think of antibiotics, we focus on their targets and modes of action. However, 

recent evidence has pointed to an indirect impact on metabolism10,173, the extent of 

which remains poorly understood. Arising from these data is the increasingly 

attractive hypothesis that context-specific modification of metabolism is a key 

component of antibiotic killing11,174 and resistance4,175–177. Antibiotic resistance is 

conferred through a variety of mechanisms, typically involving the modification of 

drug transport or activity178. Resistance can be obtained through either genetic 

mutation or acquisition of external DNA. Importantly, acquisition is more prevalent 

than development and conjugation is the most common mechanism of acquisition179; 

this is the only way that an entire multidrug resistant plasmid can be passed along180. 

Notably, a growing body of evidence suggests that the presumed fitness 

disadvantages of resistant pathogens conferred by expression of resistance genes is 

not fully accurate in infection models3–5. Numerous omics-driven studies focused on 

the adaptive evolution of resistance in bacterial pathogens have suggested that a 
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simultaneous shift in metabolism occurs to accommodate the genetic burden of 

resistance176,181–183. However, the studies that have explored relationship between 

resistance and metabolism have only focused on lab-evolved strains. Since resistance 

is a clinical problem, it is important to consider clinical resistance. Additionally, the 

impact of acquisition must be examined as it is the most common mechanism for 

obtaining resistance. To this end, this study focuses on resistance genes acquired from 

clinically resistant isolates175. 

In this work, we compared the metabolism of susceptible E. coli to tetracycline 

(TET) and trimethoprim (TMP) resistant strains, with and without antibiotic stress, 

through a combined experimental and computational approach. To profile each 

condition, we measured numerous extracellular fluxes, transcriptomics profiles, and 

13C fluxomics estimates. To put these experimental data in context, they were 

integrated into a genome-scale metabolic model (GSM) for E. coli184, which enabled 

us to predict and compare the metabolic phenotype of each condition.  

When integrating omics data into a GSM, it is important to consider the tradeoff 

between coverage and resolution inherent in the data (Fig 1.1). Transcriptomics 

provides genome-scale coverage, but limited resolution on absolute flux values123. 

Critically, transcriptomics integration is especially poor at resolving central carbon 

metabolism (CCM) due to high relative fluxes through those pathways121. However, it 

can be useful for identifying general reaction activity. Fluxomics, which is a form of 

metabolomics derived from isotope labeling experiments, enables direct estimates of 

intracellular fluxes, which provides high resolution of fluxes but typically only covers 
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central metabolism129,185. Therefore, by combining transcriptomics and fluxomics, we 

leveraged their unique advantages while minimizing their disadvantages. Ultimately, 

we generated context-specific flux predictions for each condition, from which we 

identified key shifts in metabolism that correspond to tetracycline and trimethoprim 

resistance and stress. Furthermore, we demonstrated the power of combining multiple 

levels of omics to maximize the precision of genome-scale flux predictions. 

2.2 Methods 

2.2.1  Strains, Growth Conditions, and Sample Collection 

The wild-type (WT), dhfr, and tetRA strains used in this study were derived from E. 

coli MG1655, as described in Gullberg, et al175. Cultures were grown continuously in 

M9 minimal media186 with 11.1015 mM glucose, of which 80% was 1-13C glucose 

and 20% was U-13C glucose. For the antibiotic conditions, tetracycline or 

trimethoprim were added at 1.5 µg/mL and 380 ng/mL, respectively, which 

corresponds to twice the WT minimum inhibitory concentration (MIC)175. All growth 

experiments were performed at 37°C, pH 7.0, and 360 RPM in a 2L BioFlo 310 

benchtop fermenter-bioreactor system with a 1L working volume and 0.35 hr-1 

dilution rate. Sparge gas (60% dry air, 40% N2) was pumped into the reactor at 1.5 

L/min, which maintained dissolved O2 at ~20% and corresponded with a gas-liquid 

mass transfer coefficient (kLa) of 50.97±1.05 hr-1. To allow cultures to reach 

metabolic and isotopic steady-state, growth was maintained for at least four residence 

times (~11.4 hrs) before sample collection. All growth conditions were completed in 
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biological triplicate. A summary of all growth-related measurements in shown in 

Table S2.1. 

 For each biological replicate, cell density for was determined by filtering three 

10 mL samples of broth with a 0.22 µm syringe filter and drying the filter until 

constant weight. The filtered broths were flash frozen and stored at -80 for 

metabolomic analysis via NMR spectroscopy. For transcriptomics measurements, 

pellets from four 5 mL samples were centrifuged at 9400g for 4 min at 21 °C. After 

decanting the supernatant, pellets were flash frozen and stored at -80 °C prior to 

analysis. For isotope determination, four 200 mL samples were centrifuged at 8000 

RPM at 4 °C, filtered, flash frozen, and stored at -80 °C prior to analysis.  

2.2.2 Transcriptomics Analysis 

The total RNA was extracted using Qiagen RNeasy Plus Universal Kits and RNA 

samples were assessed using the Agilent 2100 Bioanalyzer. Samples with RNA 

integrity number (RIN) > 7 were chosen to proceed with ribosomal rRNA removal 

using Ribo-Zero bacterial (Illumina) and generation of cDNA library using TruSeq 

Stranded Total RNA according to the manufacturer’s protocol. Single-read 

sequencing of the cDNA libraries with a read length of 150 was performed with the 

Illumina NextSeq 500 Sequencing System using NextSeq 500/550 High Output v2 kit 

150 cycles. 
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2.2.3 NMR Preparation and Data Acquisition 

The filtered broth solutions from each biological replicate were then separated into 

five 540 µL aliquots by transferring them to 2 mL Eppendorf centrifuge vials. 

Preparation of samples for the NMR measurements consisted of adding 60 µL of 

Chenomx (Chenomx Inc., Edmonton, AB Canada) reference standard solution 

(comprised of 4.95 ± 0.05 mM sodium 2,2-dimethyl-2-silapentane-5-sulfonate-d6 

(DSS-d6) and  0.02 % (w/v) sodium azide in 100% deuterated water (D2O)) to each 

of the 540 µL aliquots followed by mixing briefly on a vortexer. Volumes of 200-220 

µL of the mixed solutions were transferred to 3mm NMR tubes for measurement.  

  One-dimensional (1D) 1H NMR experiments were measured at a field 

strength of 14.1T (599.64 MHz) on a Varian/Agilent VNMRS spectrometer equipped 

with a Varian 5mm salt tolerant HCN cryoprobe. All samples were measured at a 

regulated temperature of 25°C using a 1-D NOESY pulse sequence (tnnoesy Varian 

pulse program, VNMRJ 4.0) with a spectral width of 12 ppm (7.2 kHz), 100 ms 

mixing time, 4 s acquisition time (28,896 complex points) , and a 1.5 s relaxation 

delay during which continuous wave pre-saturation of the water signal was 

accomplished. A total of 2048 transients were co-added in each experiment (total 

experiment time of 3.2 hrs) and post-acquisition processing included zero-filling to 

65,536 points and multiplication by an exponential decay function (0.1 to 0.5 Hz line-

broadening). A select subset of samples were also measured using a standard pre-

saturation pulse sequence with a 4 s acquisition time, 60 s relaxation delay 

(determined to be > 7 x the T1 of the slowest relaxing species (formate) by inversion 
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recovery experiments), and included 2 s of continuous wave pre-saturation of the 

water signal prior to acquisition (total experiment time of 18.2 hrs for 1024 

transients). 

2.2.4 Hydrolysis of Cell Pellets for GC-MS Analsysis 

The collected pellet material from a single 200 mL aliquot was transferred to a tared 

50 mL Falcon centrifuge tube, flash frozen in liquid nitrogen, and lyophilized for 48 

hours. Dried pellet masses ranged between approximately 120 – 170 mg. Each dried 

pellet was resuspended in 1.75 mL of Milli-Q ultrapure water (MilliporeSigma, 

Burlington, MA), vortexed briefly to break up the pellet, and transferred to a 1-dram 

(3.7 mL) glass vial. A volume of 1.75 mL 12M HCl (aq) was then added to the vial 

(6M HCl (aq) final concentration) and the vial was closed with a pressure relief cap. 

The solution was mixed thoroughly on a vortex mixer for approximately 1 to 2 

minutes. The vial was then placed in a sand bath and incubated at approximately 

105°C for 16 hours. The vial was removed from the sand bath and a 150 µL portion 

of the solution was transferred to a separate weighed glass vial for gas 

chromatography-mass spectrometry (GC-MS) analysis. All portions were dried under 

a stream of nitrogen gas and stored at -80°C prior to further analysis.   

 The dried hydrolysates were re-dried before the derivatization to remove any 

residual moisture. 20 µL of pyridine and 80 µL of TBDMSTFA (N-tert-

Butyldimethylsilyl-N-methyltrifluoroacetamide) with 1% tert-

butyldimethylchlorosilane were added into reaction vials and vortexed briefly. Then 

the reaction vials were incubated in thermomixers at 85°C for an hour. Finally, the 



 

 
 

44 
 

derivatized hydrolysates were analyzed by GC-MS (Agilent quadrupole GC-MS ) as 

reported previously187.  

2.2.5 Elemental Analysis and TGA 

The elemental composition in each condition was determined by placing ~10 mg of 

lyophilized cell pellets on tin foil boat and combusting in an Elementar VarioEL 

Cube CHNS analyzer. Total carbon, hydrogen, nitrogen, and sulfur content was 

calculated as the weight fraction of the corresponding combustion products relative to 

the initial weight of the pellet. Total oxygen content was estimated as the remaining 

mass minus the mineral ash content. 

The mineral ash content of each sample was determined by thermal gravimetric 

analysis (TGA). Approximately 15 mg of lyophilized cell pellets were placed in a 6.5 

mm x 4 mm Al2O3 ceramic crucible and incubated in a muffle furnace for 

combustion. The temperature was increased 10 °C per minute to 600 °C and held at 

600 °C for 6 hrs. The mineral ash content was calculated as the weight fraction of the 

final weight relative to the initial weight.   

2.2.6 Outlet CO2 Analysis via Online GC-MS 

Molar concentrations of 12C-CO2 (44 m/z) and 13C-CO2 (45 m/z) in the off-gas from 

the bioreactor were measured in real time using an on-line mass spectrometer. The 

CO2 evolution rate (CER) from each strain i was calculated from the outlet CO2 

concentration measurements
2 ,

out
CO iy  (2.1), 
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2 2, ,

out out in in
i CO i tot i CO totCER y N y N= −              (2.1) 

where ,,in out
tot tot iN N are the total inlet and outlet molar gas flow, respectively, and

2

in
COy is the inlet concentration of CO2. The inlet CO2 concentration and molar gas flow 

are calculated directly from the inlet volumetric gas flowrate using the ideal gas law. 

To calculate ,
out
tot iN , the total mol of air in the outlet,  

         2 2
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where 
2
, N inertN N are the molar flow of nitrogen and inert gases, respectively,

2

in
ON

is the inlet molar flow of O2, OURi is the oxygen uptake rate (OUR), and
2

out
H Oy  is the 

outlet concentration of H2O, as calculated from the estimated vapor pressure at 37 °C 

, 1 atm. We estimated the OUR from the approximately constant dissolve oxygen 

fraction and the kLa for the system (2.3) 

 
2

(1 ) sat
i i L i OOUR OTR k a DO C≈ = −               (2.3) 

where 
2

sat
OC  is the saturated O2 concentration in M9 minimal media (0.264 mM)188.  

The extent of 13C labeling (EOL) of CO2 was calculated from the relative 44 and 

45 m/z in-line GC-MS measurements (1.4), 

 13 13
2 2 2, , , ,

out out out in in in
CO CO i tot i CO i tot iC C

EOL f y N f y N= −                                   (2.4) 
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where 13 13,out in
C C

f f  are the outlet and inlet fraction of 13CO2. The inlet fraction was taken 

to be equivalent to the natural abundance of 13C and the outlet fraction was calculated 

from the off-gas measurements. 

2.2.7 RNA-Seq Analysis 

Read quality was assessed using FastQC (Babraham Bioinformatics). Single end 

reads were aligned to the E. coli K12 MG1655 genome189 with bowtie2190, using the 

‘local’ and ‘sensitive-local’ settings. Read mapping was performed using htseq-

count191 with the ‘stranded’ setting set to ‘no’. Differential expression analysis was 

performed using the R package DESeq2192 (Tables S2.2-2.5).  

2.2.8 NMR Data Analysis 

NMR spectra were imported into NMR Suite 8.4 (Chenomx Inc., Edmonton, AB, 

Canada) and each baseline was corrected using a cubic splines algorithm with 

manually adjusted/selected points. Metabolites were identified and the unlabeled 

concentrations quantified by line shape/pattern matching of the 12C-bound proton 

signals to those in the Chenomx metabolite database and identification of other 

metabolites was also made possible using the Human Metabolome Database 

(HMDB)193. To measure the values of 13C enrichment and adjust the concentrations 

obtained by quantitation of only the 12C-bound proton signals in Chenomx 

accordingly, the NMR spectra were also separately imported to Mnova 10 (Mestrelab 

Research, S.L., Santiago de Compostela, Spain) and subjected to baseline correction 

using the Whittaker algorithm194. Fig A2.1 contains a representative NMR spectrum 
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of a broth sample that includes expansions of the TCA metabolites acetate, formate, 

and ethanol and labels two other prominent peaks. Fig A2.2 provides an expanded of 

view of acetate to give an example of the signals observed for various combinations 

of 13C incorporation in a 2-carbon molecule.  

The primary (12C-bound protons) and 13C satellite peaks were then fit and the 

peak areas integrated for the single formate proton and for the C-2 positions of acetate 

and ethanol. The ethanol C-1 bound proton resonance was obscured by overlap with 

other peaks and therefore could not be analyzed. The 13C satellites of acetate also 

indicate that the C-1 position had some level of enrichment; however, determining the 

extent of C-1 labeling was not accomplished due to the low signal to noise ratio of 

several samples which precluded uniform determination across the entire set. The 

ethanol methyl peak satellites were in a region that overlapped with other signals and 

the extent of C-1 labeling could not be accurately determined. 13C enrichment was 

calculated by the ratio of the integrated areas of the satellite signals to the total 

integrated peak area for each metabolite. In all cases, one of the two 13C satellites of 

the ethanol methyl group and acetate were overlapped, therefore the integrated area of 

the unobscured, or less-obscured, satellite signals were doubled. To account for any 

discrepancies in the determination of enrichment due to insufficient relaxation delays, 

a subset (n = 3) of experiments were acquired with a relaxation delay that well 

exceeded 7 x T1 of the slowest relaxing species (formate, longest T1 value measured 

6.2 s). The percent 13C enrichment calculated using the fully relaxed spectra were on 

average within ± 2 % (mean signed deviation) of the values obtained by integrating 
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the 1D NOESY spectra acquired with the shorter recycle delay (RMSD values were 

7.5, 3.8, and 3.3 for formate, acetate, and ethanol respectively).  

During the fitting and comparison process it was determined that formate 

concentrations were being overestimated using Chenomx. Upon closer examination, 

the database peak shape was not an ideal match to those encountered in the actual 

spectra which was likely the result of sample matrix effects. To correct for this 

systematic over-estimation, the concentrations determined for formate were adjusted 

by multiplying the Chenomx based value by 0.63 (±0.04). For completeness, 

correction factors for acetate and ethanol were similarly calculated and applied 

although the results from the two methods were in much better agreement than with 

formate. Ethanol concentrations were multiplied by a factor of 0.89 (±0.07) and 

acetate concentrations by 0.98 (±0.06).  

2.2.9 Proteinogenic Amino Acid MIDs 

The values of mass isotopomer distribution (MID) of individual amino acids were 

calculated by Metabolite Detector (MD)195. Firstly, retention indices of amino acids 

were calculated based on analysis of fatty acid methyl esters mixture (C8 - C28), 

followed by chromatographic alignment across all analyses after deconvolution. 

Secondly, the fragmented MS spectrum of TBDMS-derivatized amino acids were 

generated with their retention index and they were saved as separately MS database 

file using AMDIS software. The MID function of MD was used to calculate and 

normalize the MID based on the chemical formula. This function generated all the 

MID values and standard derivations of the labeled amino acids which were analyzed 



 

 
 

49 
 

in the study. All measured MIDs were corrected for natural isotope abundances 

before use in 13C-MFA simualations196.  

To determine which amino acid fragments could be accurately measured, we ran 

naturally abundant amino acid standards through the GC-MS. Fragment measurement 

accuracy was determined as the difference between the measured and expected MIDs 

for each fragment. If the error exceeded 1 wt%, the fragment measurement was 

deemed inaccurate and removed from the remainder of the analysis (Table A2.6-

2.10).   

2.2.10 13C Metabolic Flux Analysis 

13C-MFA was performed on INCA197 with a previously published core metabolic 

model for E. coli198. The iRL2013 model contains pathways for central carbon 

metabolism, lumped amino acid biosynthesis, and an approximate biomass equation. 

Formate and ethanol production were added to account for the measured effluxes and 

a pyruvate sink was added as an excess carbon sink (Table A2.11). The original 

model was additionally modified to improve mapping to the iJO1366 GSM for E. coli 

(see 2.2.10). Acetate, formate, ethanol, and CO2 efflux as well as growth rate were 

normalized relative to glucose uptake, which was held constant at 100 mmol/hr. A 

minimal error of 1 wt% was assumed for all MIDs. Fragments Tyr302, Tyr438, 

Phe302, and Gly426 were ignored from analysis due to high SSR.  

Metabolic fluxes were estimated by finding the fluxes that minimized the 

weighted sum squared residual (SSR) between the measured and estimated isotope 

distributions and extracellular fluxes. Flux estimation was performed 1000 times with 
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random initial guesses to ensure a global minimum SSR was found. 95% confidence 

intervals were calculated for all estimated fluxes by examining the sensitivity of the 

minimum SSR to each flux value199. Standard deviations were calculated as 1/4th the 

flux 95% confidence interval; fluxes were deemed observable if their mean values 

were four times greater than their confidence interval200. 

2.2.11 Modifications to iRL2013 

The original iRL2013 model was modified to accommodate measured metabolite 

efflux and improve mapping to iJO1366184. Formate production and efflux was added 

with PFL and an export reaction. Ethanol production and efflux was added with a 

lumped synthesis reaction (ACALD_ALCD2x) and an export reaction. The split 

reactions in the non-oxidative branch of the PPP were combined to match the 

reactions in iJO1366. Metabolite and reaction names were also adjusted to match 

iJO1366. MLTHFC and MTHFD were lumped after swapping 5,10-

methenyltetrahydrofolate (methf) and 5,10-methylenetetrahydrofolate (mlthf). In 

MetSyn, methf was changed to mlthf. MlthfSYN was made irreversible. The reaction 

names of ASNN, GluSyn, MlthfSYN, and PTAr_ACKr_ACS were changed to 

ASNS2, GLUDy, GLYCL, and PTAr_ACKr, respectively. The reaction names of 

ME1 and ME2 were swapped. PRPPS was lumped into HisSYN to avoid conflicts 

with other amino acid biosynthesis pathways. GLCt2pp and HEX1 were removed 

since they are functionally redundant with GLCptspp and had no predicted activity in 

initial MFA simulations (data not shown). 
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2.2.12 Mapping Fluxes from iRL2013 to iJO1366 

The 95% confidence intervals for each reaction in iRL2013 were mapped to 

corresponding reactions or pathways in iJO1366 according to stoichiometry. Most 

reactions in iRL2013 mapped one-to-one to a reaction in iJO1366. However, the 

lumped biosynthesis reactions were manually mapped to their component reactions in 

iJO1366. The reaction MDH in iRL2013 mapped to four equivalent reactions in 

iJO1366 (based on carbon transfer). Since these reactions are indistinguishable, the 

total flux through the parallel reactions was constrained to be within the CI of MDH. 

Since energy and redox balancing is incomplete in iRL2013, we did not map those 

reactions to iJO1366 to avoid biasing the genome-scale simulations. 

When mapping some of the biosynthesis reactions, there was a discrepancy 

between the MFA bounds and the permissible GSM bounds. The discrepancy is likely 

due to the difference in biomass composition between models. The biomass 

composition in iRL2013 represents the approximate total demand for each precursor 

to form biomass components198, while the biomass composition in iJO1366 is directly 

derived from experimental data184. Therefore, we expanded the flux bounds for these 

few biosynthesis reactions to accommodate the complete biomass equation (Tables 

A2.11-2.15). The discrepancy could also be partially due to the suboptimal growth 

requiring additional flux to reroute the surplus carbon. 

2.2.12 Integration of transcriptomics data 

We integrated the transcriptomics data into iJO1366 using a modified version of the 

iMAT algorithm125. Briefly, iMAT maps discretized absolute expression levels to the 
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corresponding reactions in the GSM using the gene-protein-reaction (GPR) 

relationships and then maximizes the overlap between reaction activity and transcript 

levels. This optimization allows for some post-transcriptional regulation where a 

reaction corresponding to a highly expressed gene can be inactive due to the low 

expression of other reactions in its pathway. Importantly, there may be many alternate 

optimal solutions to the iMAT optimization148. To capture the variability in the iMAT 

solution, we modified the original algorithm by first enumerating all alternate optimal 

solutions and then identifying which reactions are active or inactive in every AOS, 

deemed high-frequency (HFRs) and zero-frequency reactions (ZFRs), respectively. 

Only these reactions were used to define the flux space. 

Transcript levels were discretized into ternary activity states, with the top 15% of 

transcripts binned as highly expressed and the bottom 15% of transcripts binned as 

lowly expressed; the remainder we left undefined. For iMAT optimization, fluxes 

through active reactions were forced to be greater than 10-2 and fluxes through 

inactive reactions were set to zero. The active flux threshold was determined as the 

pareto optimum between the threshold value and the optimal overlap for all strains. 

Once the set of HFRs and ZFRs were identified, the flux bounds for those reactions 

were defined accordingly. 

2.2.13 Context-specific fluxes and flux bounds 

Parsimonious FBA (pFBA)116 was used to generate representative fluxes for each 

condition. Briefly, pFBA finds a flux vector that maximizes growth while minimizing 

the sum of all fluxes. Consequently, pFBA eliminates the impact of infeasible loops 
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from the final flux predictions. Similarly, flux bounds were generated with fast 

loopless FVA (ll-FVA)201 to enable direct comparison of bounds between strains. 

2.2.14 Differential flux analysis 

Once we obtained genome-scale flux predictions for each condition, we then 

identified which reactions were significantly altered and which subsystems were 

enriched in altered reactions. Significantly different fluxes were defined by non-

overlapping ll-FVA bounds. Subsystem enrichment was determined via a 

hypergeometric enrichment test with p<0.001. 

2.2.15 Semi-loopless model 

To minimize the impact of infeasible loops, we utilized a semi-loopless version of 

iJO1366 for each condition. We generated each model by running fast ll-FVA on 

original model after mapping the MFA estimated flux bounds. Reversible reactions 

with a single loopless direction (i.e. ll-FVA UB/LB = 0) were then forced to be 

irreversible in the loopless direction. Reactions whose activity is only possible within 

a loop (i.e. ll-FVA UB & LB = 0) were inactivated.  

2.3 Results 

2.3.1 Biomass Analysis 

Continuous cultures of WT, tetRA, and dhfr E. coli were grown at a dilution rate of 

0.35 hr-1, which is sub-optimal for each of the strains. Since biomass composition has 

been shown to vary with dilution rate202, we performed an elemental analysis on cell 
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pellets from each condition. From the CHNS analysis, we identified small but 

statistically significant differences in nitrogen content between the WT and resistant 

strains (Table 2.1). To accommodate potential differences in biomass composition, 

we used the core biomass reaction in iJO1366, which represents only the essential 

biomass components for MG1655 E. coli. While the use of the core biomass reaction 

may under-estimate the demand for certain biomass precursors, the integration of 

transcriptomics informs genome-wide phenotype of each condition, especially related 

to peripheral metabolism. 

Table 2.1 Elemental Composition of E. coli Biomass. The differences between the nitrogen 
content in WT and resistant conditions were small (~0.3-0.4%) but statistically significant 
(p<1E-5). The oxygen fraction was calculated as the remaining fraction after summing the 
measured components. Standard deviations from 3 biological replicates are reported in 
parentheses for measured values. Significance was determined via one-way ANOVA using 
the Tukey test for means comparison. 

Strain N [%] C [%] H [%] S [%] Ash [%] O [%]  
WT 11.39 (0.02) 43.26 (0.09) 7.03 (0.10) 0.59 (0.005) 8.90 (0.88)  29.41 

tetRA 11.73 (0.02) 43.36 (0.13) 6.82 (0.21) 0.61 (0.002) 10.56 (1.36) 27.53 
tetRA+TET 11.71 (0.05) 43.53 (0.03) 6.92 (0.22) 0.61 (0.005) 10.18 (2.21) 27.66 

dhfr 11.70 (0.04) 43.48 (0.20) 7.12 (0.28) 0.61 (0.010) 10.38 (1.37) 27.33 
dhfr+TMP 11.80 (0.01) 43.75 (0.04) 7.22 (0.19) 0.61 (0.008) 9.57 (2.17) 27.66 
 

Before performing MFA simulations, we calculated the carbon balance for each 

condition to evaluate whether the measured growth, CER, and metabolite effluxes 

accounted for >90% of the glucose carbon entering the system (2.5). 

2, , , , , , s,Glc i BM i CO i Ac i EtOH i For i Mis iC C C C C C C− − − − − =                             (2.5) 

where ,X iC is the mass production rate of metabolite X in condition i . 

Additionally, the biomass yield on glucose ( X SY ) the CO2 yield (
2CO SY ) and the 
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fraction of excess (non-biomass) carbon leaving as CO2 ( 2 ( )CO S Xf − ) were calculated 

(Table 2.2). In the WT strain, at least 10.4% of the carbon is estimated to be 

unmeasured and in tetRA, at least 5.8% is unmeasured. In the other conditions, the 

minimum unmeasured carbon is negligible (<1%). Due to suboptimal growth, only 

~56% of the carbon from glucose goes to biomass. In the resistant strains (other than 

tetRA-), most of the excess carbon (>88-98%) leaves as CO2 and the remainder leaves 

as acetate, ethanol, or formate. To account for the unmeasured carbon in WT and 

tetRA, a pyruvate sink reaction was added to the iRL2013 MFA model. Without this 

additional sink reaction, the MFA simulations incorrectly closed the carbon balance 

with additional biomass production in both strains (data not shown). 

Table 2.2 Estimated Yields on Glucose and Carbon Balance 

Strain YX/S 
[g/g] 

YCO2/S 
[g/g] 

fCO2/(S-X) 
[g/g] 

Avg. 
Missing 

C [%] 

Min 
Missing 

C [%] 

Max 
Missing 

C [%] 

WT 56.0% 27.7% 63.0% 15.8% 9.7% 21.9% 
tetRA 54.6% 35.0% 77.1% 10.1% 5.1% 15.0% 

tetRA+TET 56.9% 39.3% 91.0% 3.7% 0.0% 16.4% 
dhfr 55.3% 39.2% 87.6% 5.1% 0.3% 10.0% 

dhfr+TMP 57.4% 41.7% 98.0% 0.7% 0.0% 7.3% 

2.3.2 Increased CO2 Production in Resistant Strains 

From the on-line mass spectrometer measurements, we calculated the CER and 13C 

EOL of CO2 for each condition (Fig 2.1). In each of the resistant conditions, CO2 

production was significantly increased by 30-50% relative to the WT production, 

while the 13C fraction remained relatively constant around 32-34%. The increase in 

CO2 production suggests increased activity in the TCA cycle and/or PPP in the 
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resistant strains. The constant EOL implies the increased CO2 was mostly from the 

TCA cycle since a significant increase in PPP would increase the EOL through the 

loss of the fully 13C-labeled C1 of glucose. 

 

Fig 2.1 On-line CO2 Measurements. (a) CO2 production was significantly increased in 
resistant strains compared to the WT, while (b) the extent of 13CO2 remained relatively 
constant between strains at ~33%. Significance was determined via one-way ANOVA using 
the Tukey test for means comparison. 

2.3.3 Altered Transcriptomics Profiles in Resistant Strains 

To explore whether the increase in CER is indicative of more broad changes, we 

compared the genome-wide transcript levels for each condition. Overall, resistant 

expression was markedly different from WT expression based on PCA (Fig 2.2a). 

Furthermore, tetRA and dhfr have distinct expression profiles, suggesting that the 

different resistance mechanisms yield unique expression states. Notably, the addition 

of antibiotic stress on the resistant strains lead to further shift in expression. This shift 

strongly suggests that both dhfr and tetRA E. coli were sensing and responding to the 

presence of the antibiotic to which the cells are resistant. 

A B 
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The differential expression between the WT and resistant states was explored 

further via a hierarchical clustering analysis (Fig 2.2b). The HCA plot showed broad 

expression changes across all resistant conditions. Interestingly, the resistant strains 

were clustered around the presence or absence of antibiotic stress rather than 

resistance mechanism. This further suggests that antibiotic challenge is inducing a 

specific response in both resistant strains. 

 

Fig 2.2 Shifts in Transcriptomics Profiles. According to PCA (A) and HCA (B), the 
resistant strains had significantly different transcriptomics profiles than the WT. The addition 
of TET and TMP corresponded with further shifts in expression, suggesting the resistant cells 
are responding to antibiotic challenge. 

2.3.4 13C MFA Flux Estimates 

For each strain, we found an acceptable fit with 72 DOF and ~50% of net reactions 

being observable. By comparing the estimated CIs for each condition, we identified 

numerous significantly changed reactions between the WT and resistant strains 

(Table 2.3, A2.16). Across all such comparisons, we found four reactions in the TCA 

cycle (Fig 2.3a) and three reactions in oxidative phosphorylation (Fig 2.3b) to be 

significantly increased. Additionally, ATP maintenance was significantly increased in 

the dhfr strains. Between the WT and the resistant strains under antibiotic stress, 
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acetate and formate fermentation were significantly decreased, which was not 

determinable from extracellular fluxes alone due to high uncertainty (Table 2.4, 

A2.17-2.18). Uniquely in dhfr under stress, glucose-6-phosphate isomerase (PGI) is 

significantly decreased while G6PDH2r_PGL was significantly increased. 

Table 2.3 Summary of Significantly Changed Fluxes in 13C MFA Estimates 

Comparison Differential 
Fluxes Pathway(s) 

WT vs tetRA 8 TCA, Oxid. Phos. 
WT vs tetRA+TET 11 TCA, Oxid. Phos., Ferm 

tetRA vs tetRA+TET 0 None 
WT vs dhfr 10 TCA, Oxid. Phos. 

WT vs dhfr+TMP 16 TCA, Oxid. Phos. Ferm 
dhfr vs dhfr+TMP 0 None 

tetRA vs dhfr 0 None 
tetRA+TET vs dhfr+TMP 0 None 

 
As suggested by the effluent CO2

 measurements, the estimated flux through 

glycolysis (EMP) to TCA was much higher that flux through PPP to TCA, with a flux 

ratio between 2.25-5.14 in all conditions. Furthermore, MFA estimated a ~40% 

increase in TCA cycle activity and relatively constant PPP activity across all resistant 

conditions except dhfr under stress, in which PPP was significantly increased by 

~42%.    

Table 2.4 Broth Metabolite Concentrations Measured by NMR 

Metabolite 
Concentration (SD) [µM] 

WT tetRA tetRA+TET dhfr dhfr+TMP 
Fomate 85 (11) 68 (54) 15 (17) 79 (64) 23 (19) 
Acetate 61 (12) 38 (29) 15 (9) 48 (37) 13 (11) 
Ethanol 53 (12) 40 (19) 25 (8) 52 (25) 28 (11) 
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Fig 2.3 Significantly Changed Fluxes in Resistant E. coli. (A) In the TCA cycle, four 
reactions were significantly increased in all resistant conditions. ACONTab: aconitase; CS: 
citrate synthase; FUM: fumarate; SUCCDi: succinate dehydrogenase. (B) In respiration, three 
reactions were significantly increased in all resistant conditions. ATP maintenance (ATPM) 
was also increased in dhfr±TMP. ‘FADH2+O2 > ATP’: lumped reaction generating ATP 
from flavin adenine dinucleotide (FADH2); ‘NADH+O2 > ATP’: lumped reaction 
generating ATP from nicotinamide adenine dinucleotide (NADH); exO2: oxygen uptake. 
WT: wild-type; T-: tetRA; T+: tetRA+TET; D-: dhfr; D+: dhfr+TMP. 

2.3.5 GSM Flux Predictions 

To evaluate the value of our combined computational approach, we compared the 

contribution of each step to the overall definition of the flux space in each condition 

(Table 2.5). The comparison was based on the total reactions with defined flux 

activities, the total observable reactions200, and the total flux range (TFR)203. Active 

reactions were reactions with minimum absolute flux bounds greater than 10-2, while 

inactive reactions are restricted to zero flux. TFR is simple metric that approximates 

the volume of the flux space (1.1).    

The measured bounds are with only the media, growth rate, and efflux rates 

applied to the GSM. The MFA bounds were the ll-FVA bounds after mapping the 

MFA results to the GSM. The MFA+iMAT bounds were the final ll-FVA bounds 
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after running iMAT on the MFA-bounded GSM. The iMAT bounds are derived by 

running iMAT on the measurement-bounded GSM. 

Table 2.5 Average Definition of Flux Space Across All Conditions 

Stage Active 
Reactions 

Inactive 
Reactions 

Total 
Reactions 

Observable 
Reactions TFR Percent 

Reduction 

Base 153 917 1070 243 8437 100% 
MFA 44 3 47 100 4572 51% 
iMAT 191 166 357 103 3194 37% 

MFA+iMAT 190 182 372 171 2042 23% 
 

As expected, iMAT individually defines many more reactions than MFA due 

differences in model coverage of the underlying data, which corresponds to a greater 

restriction of the flux space. However, iMAT poorly resolved fluxes through CCM as 

compared to MFA, which is critical for accurate flux predictions. When combined, 

these approaches lead to a further increase in defined reactions and restriction of the 

flux space over iMAT alone. Notably, while the total defined reaction count is 

increased by only 15 over iMAT, the total observable reaction count is dramatically 

increased from 103 to 171 reactions. This indicates a significant improvement in flux 

resolution across the GSM, with ~28% of the active and undefined reactions being 

observable on average. 

2.3.6 Context-Specific Flux Analysis 

After running iMAT on the MFA-bounded GSM, we generated a representative flux 

vector and identified the corresponding reaction bounds for each condition. With the 

context-specific predictions, we compared each condition to explore possible 
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metabolic phenotypes corresponding to each resistance mechanism, with and without 

antibiotic stress, and resistance in general. Specifically, we identified significantly 

changed reactions between two conditions as reactions with non-overlapping bounds, 

herby referred to as shift reactions (2.6). 

    , , , ,|   ,r i r j r i r jUB LB LB UB r R i j C< > ∀ ∈ ≠ ∈                                  (2.6) 

Across all comparisons, the shift reactions are enriched in a variety of pathways 

related to CCM, amino acid metabolism, folate metabolism, and membrane 

metabolism (Fig 2.4, Table A2.19). Between the WT and resistant conditions, 

alterations in the TCA cycle, PPP, and threonine and lysine metabolism are shared, 

while some mechanism-specific changes occur in a few distinct pathways. In tetRA, 

murein metabolism is uniquely enriched in shift reactions, indicating changes to 

membrane biosynthesis. In dhfr, glutamate metabolism and arginine and proline 

metabolism are uniquely altered from the WT.  
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Fig 2.4 Subsystem Enrichment of Shifted Reactions. Shifted reactions were identified as 
reactions whose loopless-FVA bounds did not overlap. Asterisks indicate significance via 
hypergeometric enrichment with p<0.001. Ala-Asp: Alanine and Aspartate Metabolism; Arg-
Pro: Arginine and Proline Metabolism; TCA: Citric Acid Cycle; Cofactor: Cofactor and 
Prosthetic Group Biosynthesis; Folate: Folate Metabolism; Glu: Glutamate Metabolism; Gly-
Ser: Glycine and Serine Metabolism; EMP: Glycolysis/Gluconeogenesis; Murein: Murein 
Biosynthesis; PPP: Pentose Phosphate Pathway; Thr-Lys: Threonine and Lysine Metabolism; 
Tyr-Trp-Phe: Tyrosine, Tryptophan, and Phenylalanine Metabolism 

2.3.7 Resistance Broadly Alters Core Metabolism 

When the analysis is focused on CCM, the specific changes across conditions are 

illuminated and common features of resistance emerge (Fig 2.5). As estimated in the 

MFA simulations, the TCA cycle is significantly increased in all resistant conditions. 

The increased flux through TCA corresponds with a decrease in glyoxylate shunt 

activity; however, this change is not fully resolved due to overlapping bounds. In 

addition to an increased TCA cycle, resistance generally corresponds to a decrease in 

pyruvate kinase (PYK), alternate dihydroxyacetone phosphate (dhap) metabolism via 

fructose 6-phosphate aldolase (F6PA) and dihydroxyacetone phosphotransferase 

(DHAPT), and formate production and an increase in phosphoenolpyruvate 

carboxylase (PPC) activity. Notably, changes in PPP are strain-specific, with a 
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decrease in tetRA and an increase in dhfr. Additionally, flux through pyruvate formate 

lyase (PFL) is increased in both base resistant strains but decreased under antibiotic 

stress. 

While limited to core metabolism, the initial MFA simulations estimated 

significant increases in respiration across all conditions as compared to the WT. 

Mirroring these initial estimates, ATP synthase activity was significantly increased in 

all resistant conditions (Fig 2.6). Generally, oxidative phosphorylation, ATP 

maintenance, and NAD(P) transhydrogenase activity was well resolved, especially in 

the WT and unstressed tetRA strains.  
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Fig 2.5 Altered Core Metabolism in Resistant E. coli. Flux changes in (A) tetRA, (B) 
tetRA+TET, (C) dhfr, and (D) dhfr+TMP are shown as log2 fold change relative to the WT. 
Overall, TCA and anapleurotic (ME1 (malic enzyme) and PPC) activity is increased in all 
resistant conditions. Alternate dhap metabolism was decreased in all conditions. 
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Fig 2.6 Increased Respiration in Resistant Conditions. ATP synthase (ATPS4rpp) activity 
was significantly increased in all resistant conditions relative to the WT. The bounds on 
respiration were generally well resolved, particularly in the WT and tetRA conditions. The 
bounds are derived from ll-FVA simulations. ATPM: ATP maintenance; NADTHRD: NAD 
transhydrogenase; THD2pp: NAD(P) transhydrogenase; WT: wild-type; T-: tetRA; T+: 
tetRA+TET; D-: dhfr; D+: dhfr+TMP. 

2.3.8 Condition-specific Changes to Glycine, Threonine, Folate Metabolism 

Outside core metabolism, glycine and threonine metabolism was uniquely impacted 

in each resistant condition. In both conditions, dhfr had increased the production of 

threonine (Thr) from oxaloacetate (OAA) and conversion of Thr to glycine (Gly) with 

a corresponding decrease in Gly synthesis from 3-phospho-D-glycerate (3PG); the net 

flow through Thr was increased while the flow through Gly was decreased. Under 

TMP stress, this shift was amplified (Fig 2.7a-b). While dihydrofolate reductase 

(DHFR) activity remained constant, flux through proximal folate reactions was 

significantly decreased in both dhfr conditions. This decrease in folate metabolism is 
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directly correlated with the decrease in Gly metabolism, specifically glycine 

hydroxymethyltransferase (GHMT2r), which converts serine and tetrahydrofolate to 

Gly and mlthf (Fig A2.3-A2.4).  

In tetRA, there were two distinct phenotypes corresponding to the presence or 

absence of tetracycline (Fig 2.7c-d). Without TET, tetRA mirrors the phenotype of 

dhfr, with increased Thr and decreased Gly production and a corresponding decrease 

in folate metabolism. Under TET stress, the exact opposite phenotype was observed; 

Gly generation and folate metabolism was increased and Thr synthesis was decreased.  

The connection between Gly, Thr, and folate metabolism can be better understood 

in context of formate production and consumption demand. In both dhfr conditions, 

formate export was shutdown, funneling nearly all formate to GAR transformylase-T 

(GART), which directly compensates for the downregulation of 

phosphoribosylglycinamide formyltransferase (GARFT) in folate metabolism (Fig 

2.8a-b). Without TMP stress, dhfr produced virtually all formate via PFL; under TMP 

stress, PFL activity remains constant while 2-oxobutanoate formate lyase (OBTFL) 

was increased to fill the demand of formate. While unchallenged tetRA mirrored base 

dhfr metabolism, a distinct phenotype occurred in tetRA with TET; both PFL and 

OBTFL were turned off and all formate was produced from formyltetrahydrofolate 

deformylase (FTHFD) (Fig 2.8c-d). The formate then diffuses into the periplasm 

where it is converted to CO2 by formate dehydrogenase (FDH4pp), which reduces 

quinone-8 and pumps a proton across the membrane. 
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Fig 2.8 Intersection of Glycine, Threonine, Folate, and Formate Metabolism. Each 
resistant condition exhibited a distinct phenotype related to formate metabolism. (A) In dhfr, 
formate was produced by PFL and fed into folate metabolism via GART. (B) In dhfr+TMP, 
formate was primarily produced by OBTFL to be consumed by GART. OBTFL generates 
propanoyl-CoA (ppcoa) as a by-product, which was converted to succinate for use in the 
TCA cycle. (C)In tetRA, both PFL and OBTFL produced formate for GART. (D) In 
tetRA+TET, Thr metabolism decreases significantly and all formate was generated by 
FTHFD and consumed in FHD4pp (not shown). Changes are shown as differential fluxes. 

2.3.9 Increased Murein Cycling in tetRA 

When the analysis was expanded further to peripheral metabolism, we observed 

metabolic shifts specific to each resistant strain. In tetRA, activity in murein and cell 

envelope biosynthesis was significantly increased (Fig A2.5). Outside of what is 

required for biomass, the cells overproduced murein and other membrane precursors.  

The overproduction induced significantly increased cycling between LalaDgluMdap, 

murein5p5p, and anhgm3p/4p. Under tetracycline stress, this recycle was disrupted, 

which caused the export of anhgm. Furthermore, conversion of D-lactate to pyruvate 
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was disabled leading to the export of excess D-lactate (Fig 2.9, A2.6).    
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2.3.10 Altered Nucleotide Metabolism under Trimethoprim Stress 

Under trimethoprim stress, dhfr increased adenosine and AMP production from 

alpha-D-ribose 5-phosphate (R5P) through the cycling of methionine (Met) and NAD 

(Fig 2.10). This increased production was enabled by increased flux through the 

oxidative PPP. Similar to the murein cycling in tetRA, the adenosine and AMP 

generated was in excess of the demand for growth. Through the conversion of Met to 

adenosine, excess mththf was predicted to be exported into the media. Additionally, 

TMP stress was predicted to generate increased peroxide stress from malate oxidase. 

The excess peroxide was decomposed via glutathione peroxidase. 
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2.4 Discussion 

2.4.1 Evaluation of Technical Approach 

The combined experimental and computational approach taken in this work directly 

enabled the prediction of genome-wide metabolism for susceptible and resistant E. 

coli. The scope and resolution of the integrated analysis exceeded that of each 

component individually (i.e. fluxomics or transcriptomics alone). Importantly, the 

predicted metabolic phenotypes could not be wholly inferred from the experimental 

data, which highlights the power of our omics-driven computational framework to 

enhance our understanding of metabolism.  

However, some limitations to our approach remain. Due to limited MID 

measurements, we ran MFA on a well validated core-MFA model, mapped the 

estimated fluxes to a GSM, and integrated genome-wide transcriptomics 

measurements to compensate for the low coverage of core-MFA. The mapping of 

core 13C-MFA estimates proved to be non-exact due to the discrepancies in biomass 

demand between the models as well as the presence of equivalent parallel pathways 

in the GSM. While this was mitigated through the expansion of select flux bounds, 

the superior approach would’ve been to run 13C-MFA on a fully carbon-mapped 

GSM. Genome-scale MFA (GS-MFA) retains the complete biomass composition and 

avoids making any explicit or implicit assumptions about equivalent parallel 

pathways during model construction140,141. However, GS-MFA generally requires 

explicit measurement of MIDs for many intracellular precursors, such as ATP, which 

is only possible with advanced LC-MS/MS techniques137,138,141. GS-MFA with only 
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proteinogenic amino acid data has been done in E. coli, but it required extensive 

modification/lumping of GS-MFA model140. Critically, we were unable to replicate 

model reduction for this work nor implement their model into INCA. Ultimately, 

these challenges highlight the need for systematically reduced but fully representative 

GS-MFA model to which standard measurements can be fit for flux estimates.  

2.4.2 Metabolic Phenotype of Resistance 

Through our comprehensive analysis of susceptible and resistant E. coli, a few 

common metabolic features related to resistance emerged. With and without drug 

stress, tetRA and dhfr have increased flux through the TCA cycle, which directly 

corresponds to increased CO2 evolution. Both resistant strains also had increased 

oxygen uptake and respiration over the susceptible strain. Notably, bacteriostatic 

antibiotics, like Tet and Tmp, have been shown to decrease respiration and TCA 

cycle activity in susceptible bactetia204,205. Our data suggest that bacteriostatic-

resistant bacteria exhibit the opposite phenotype, more closely resembling the 

bactericidal stress response in susceptible bacteria174,204–208. The higher basal 

metabolic activity may provide an energetic buffer to adequately respond to the 

presence of antibiotics (e.g. TetA production and translocation in tetRA). 

In the absence of antibiotics, resistance corresponded to alterations in Gly and Thr 

metabolism, decreased folate metabolism, and high PFL activity. Under antibiotic 

stress, the strains metabolically deviated from one another; dhfr maintained a similar 

phenotype while tetRA shifted in the exact opposite direction. Taken together, these 

changes suggest that tetRA and dhfr specifically modify their metabolism to 
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accommodate the acquisition of resistance. While there was appreciable overlap 

between the resistant metabolic states, our analysis also predicted mechanism- and 

target-dependent phenotypes. 

2.4.3 Impact of TetA Expression on Metabolism in tetRA 

Tetracycline disrupts protein synthesis by sterically inhibiting aminoacyl-tRNA 

binding in the ribosome209. Resistance in tetRA is conferred through the TetA efflux 

pump210. TetA spans the inner membrane and rapidly transports tetracycline from the 

cytoplasm to the periplasm, preventing ribosome inhibition. tetA expression is tightly 

regulated by TetR, leading to low basal levels, but is poised to dramatically respond 

to tetracycline stress. Without regulation, tetA expression greatly reduces bacterial 

fitness211. 

When compared to susceptible E. coli, tetRA had altered amino acid, folate, and 

cell wall biosynthesis. Under TET stress, we observed a qualitative shift in tetRA 

surrounding the intersection of Gly, Thr, folate, and formate metabolism. Ultimately, 

these changes translated into additional periplasmic protons via FDH4pp. Since TetA 

activity is proton-dependent211, these changes may help compensate for the additional 

proton demand under stress. While still higher than in the WT, we also observed a 

~13% decrease in TCA activity in the presence of TET compared to the base tetRA 

condition (Table A2.19). Since the TCA cycle provides the precursors to most amino 

acids, the downshift in activity may correspond to partial inhibition of protein 

biosynthesis by TET. Critically, TET still enters tetRA before it is expelled by the 

efflux pump. Therefore, a portion of the imported TET could feasibly reach and 
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inhibit ribosomal activity before it can be exported from the cell, but not enough to 

have a measurable impact on growth.  

Independent of tetracycline stress, tetRA increased the synthesis of murein 

intermediates. The higher production would be due to either increased demand or 

accumulation of the intermediates. Typically, murein intermediates have small pool 

size and their demand is dependent on cell division and growth212, which was 

unchanged. However, an increased demand could indicate altered membrane 

composition. In the presence of tetracycline, the recovery of murein monomers 

anhgm3p and anhgm4p is disrupted. The recovery process relies on the integration of 

D-alanine so the disruption may be related to shift in protein biosynthesis. 

Importantly, these changes would only be detected if murein intermediates were 

explicitly measured, which highlights the power of our combined experimental and 

computational approach. 

An emergent hypothesis suggests that this increased murein production is related 

to the translocation and/or accommodation of the TetA efflux pump into the 

membrane. The unchallenged strain may be preparing for the additional production of 

TetA pumps (or accommodating the basal level of pump expression) by increasing 

the pool of murein precursors. Under TET stress, the precursor pool is partially 

expended, which is captured in the efflux of anhgm. If we explicitly measured the 

biomass composition in tetRA (+/- TET), we might expect an increased 

demand/proportion of murein. Otherwise, we would expect anhgm in the media. 
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2.4.4 Modulation of Metabolism in dhfr 

Trimethoprim targets folate biosynthesis through direct inhibition of DHFR213, which 

ultimately disrupts DNA metabolism. Resistance in dhfr is achieved via point 

mutation in the DHFR enzyme, which prevents drug binding when the reactants are 

present214. Since the native enzyme is still present, the mutant enzyme serves as a 

bypass enzyme under trimethoprim stress; therefore, we would not expect a stress 

response to TMP challenge.  

 Uniquely, dhfr had increased PPP activity over the WT strain. In the absence 

of TMP, the heightened flux is contained within the PPP, which corresponds with a 

decrease in NAD(P) transhydrogenase (THD2pp) activity. However, when challenged 

by TMP, PPP activity is further increased and excess R5P is funneled toward AMP 

and adenosine synthesis. AMP and adenosine are fundamental precursors to purine 

biosynthesis. Their increased production corresponds to a potential increase in purine 

demand or an accumulation of precursors. In susceptible bacteria, bacteriostatic RNA 

inhibition is correlated with an accumulation of AMP and other nucleotide 

precursors205. However, adenosine limitation was shown to contribute to the lethality 

of ciprofloxacin, a bactericidal inhibitor of DNA replication161. 

 Similar to the changes in cell wall metabolism in tetRA, we hypothesize that 

the increased PPP activity and production of purine precursors is in direct response to 

the presence of TMP. Unchallenged dhfr may increase PPP to expand the available 

pool of R5P. Under TMP stress, the pool of R5P is partially converted into additional 

purine precursors and the byproduct MTHTHF. Importantly, the increased precursor 
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production consumes one unit of ATP per unit AMP or adenosine, thus depleting 

available energy stores in the cell.  

2.5 Conclusion 

In this work, we explored the relationship between whole-cell metabolism and 

antibiotic resistance by integrating a variety of experimental data into a GSM for E. 

coli. Our framework enabled, for the first time, the prediction of context-specific flux 

maps for susceptible and resistant E. coli, with and without antibiotic challenge. Our 

analysis encompassed two vastly different modes of action and resistance 

mechanisms, yet we identified a potential common metabolic phenotype of resistance. 

Furthermore, each resistant strain adapted to resistance acquisition and responded to 

antibiotic stress with shifts in mechanism- and target-specific pathways. Previously, it 

had been assumed that resistant bacteria, especially those with passive resistance like 

dhfr, do not respond to the presence of the antibiotic to which they are resistant. 

However, the predicted responses to antibiotic challenge are consistent with 

previously reported stress responses in susceptible cells, where intermediates 

associated with a given stress are overproduced205.  

While our integrative computational approach proved powerful, the inherent 

limitations of mapping core MFA estimates to a GSM must be addressed. Ultimately, 

the gap between core and genome-scale MFA must be closed. This could be achieved 

through the increased availability of advanced measurement tools, such as LC-

MS/MS, or the development of compressed but representative GS-MFA models to 

which standard proteinogenic amino acid data can be fit.  
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Moving forward, our framework should be applied to a wider set of drug targets, 

resistance mechanisms, and strains to further develop and challenge the identified 

phenotype of resistance. Furthermore, the observed strain-specific changes to 

metabolism should be explored through comprehensive phenomics analysis, targeted 

genetic perturbations, and the explicit measurements of biomass composition. If these 

metabolic shifts are necessary components of the resistant stress response, the 

inhibition of the corresponding pathways through genetic alterations or metabolite 

supplementation could decrease the fitness of the resistant strains, thus decreasing the 

selectivity of resistance. Additionally, context-specific biomass compositions would 

not only provide insight to these metabolic shifts, but also greatly enhance future 

computational analysis.  
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Chapter 3: NetRed - A Tool for Generating Reduced Genome-

Scale Models of Metabolism 

Author’s Note: The research related to the base NetRed algorithm described herein 
was adapted from Lugar, et al215. The related work, figures, tables, and writing in this 
chapter represent my independent contribution to that work. As necessary for 
continuity, brief summaries of Daniel Lugar’s work are included, which are denoted 
with an explicit reference to the original work. 

3.1  Introduction 

Genome-scale models of metabolism (GSMs) seek to represent the entirety of 

metabolic processes occurring within a species’ cells216. They have been developed 

for a wide variety of eukaryotes128,217,218, prokaryotes184,219, and even archaea220. 

GSMs enable the direct probing and analysis of cellular metabolism, which has 

directly led to advances in metabolic engineering114, cancer biology221, and many 

other fields166,222,223. Analysis of GSMs typically involves the prediction of reaction 

activities or fluxes through the network, which is commonly achieved with flux 

balance analysis (FBA)224 and its extensions225. The resulting flux vectors are often 

difficult to parse due to the complexity of GSMs, which commonly contain thousands 

of reactions and metabolites.  

Algorithms that automatically condense the information in FBA results could aid 

their mechanistic interpretation. Multiple network reduction algorithms have been 

developed for simplifying GSMs226–229. Generally, each of these algorithms generates 

a fully functional core metabolic network that preserves a set of ‘important’ moieties 

and capabilities from the full network. This type of network reduction produces a 

condensed network which reduces the computational burden and eases the 
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interpretation of future flux analysis. Although these methods can extract functional 

core models of genome-scale metabolism, they make implicit assumptions about 

which reactions and pathways are representative of genome-scale metabolism a 

priori. Since only a subset of reactions are preserved, the reduction process inevitably 

loses information regarding equivalent parallel pathways contained within the GSM. 

This information loss ultimately biases future flux analysis towards the preserved 

pathways. To avoid this, network reduction should be performed after genome-scale 

flux analysis. 

Recently, GSMs have been extended to include genome-wide carbon atom 

mapping for the use in 13C metabolic flux analysis (MFA) simulations140,141. These 

genome-scale MFA (GS-MFA) models enable more accurate estimates of genome-

wide fluxes than GSMs alone140. By capturing the whole of metabolism, GS-MFA 

models also eliminate bias in MFA simulations, which are commonly performed on 

core MFA models that only represent central metabolism. However, GS-MFA models 

inherently contain many more degrees-of-freedom (DOF) than the commonly used 

core MFA models, which necessitates the use of a larger, more information-rich 

dataset than what is commonly used141. To close the experimental gap and make GS-

MFA more accessible, these models need to be sufficiently reduced to allow easier 

data fitting while still capturing the relevant complexity of genome-scale metabolism.    

Towards these ends, we developed NetRed, a network reduction algorithm that 

condenses the information in a metabolic network and increases the interpretability of 

genome-scale flux predictions. NetRed uniquely utilizes the simulated flux vector(s) 
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combined with the model structure to generate a core network without information 

loss. This contrasts with the previously developed methods which act on the model 

structure with minimal context-specific information to generate core models for 

running simulations. NetRed was further extended to generate reduced GS-MFA 

models. The extension, termed NetRed-MFA, generates a context-specific reduced 

model and identifies the net atom mapping for each new lumped reaction in the 

reduced model. 

In this chapter, we describe the NetRed and NetRed-MFA algorithms in detail and 

demonstrate their utility through four case studies. In the first case study, we compare 

aerobic and anaerobic FBA predictions generated from a GSM for Escherichia 

coli230. In the second case study, we reduced the wild-type and double KO flux 

predictions reported in Misra, et al.231 to elucidate the mechanism by which the 

double KO improved artemisinin production in yeast. In the third and fourth case 

studies, we evaluated NetRed MFA when applied to a toy network and a GS-MFA 

model for E. coli141. 

3.2 Methods 

3.2.1 Core NetRed Implementation 

NetRed is an algorithm that maximally reduces a metabolic network based on a given 

flux vector or set of flux vectors v  and an optional set of protected metabolites to 

keep in the network. The core reduction algorithm was described in detail in Lugar, et 

al.215. Briefly, NetRed generates a reduced stoichiometric matrix, m r
red

×∈S  , from 
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the original matrix m n×∈S 
 that contains all the protected metabolites and a minimal 

set of additional metabolites (Fig 3.1). To ensure all reactions occur in the forward 

direction, all negative fluxes in v  and the corresponding columns in S are flipped. 

Additionally, all inactive reactions are removed from S and pseudo-metabolites are 

added to serve as sinks or sources for exchange metabolites. The conversion of S into 

redS  is accomplished through a transformation matrix n r×∈T  (3.1). 

 red = ⋅S S T         (3.1) 

T  is generated through a generating vector algorithm232 that operates on a 

subnetwork of S  containing only unprotected metabolites. For each unprotected 

metabolite, this algorithm finds all the possible additive reaction combinations to 

zero-out the corresponding row in S . For example, in the toy network shown in Fig 

3.1, reactions 1 3v v+  and 1 2v v+  eliminate the entries in S corresponding to metabolite 

B. Only unique reaction combinations are kept in T  so T  is continuously adjusted 

as more metabolites are removed.  
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Fig 3.1 Toy Model Reduction with NetRed. A toy model (A) containing 10 reactions and 7 
metabolites was reduced via NetRed with metabolites A, E, F, and CO2 protected. The 
reduced model (B) contains 7 reactions, of which 3 are lumped, and 4 metabolites. L1: 
{v1,v2,v6}; L2: {v1,v3,v5}; L3: {v1,v3,v4,v6} 

To ensure redS  is a truly reduced form of S , the number of reactions in redS  must 

be no more than that in S  ( r n≤ ). Therefore, metabolites are deemed unremovable, 

and thus remain in redS , if the number of combinations exceeds the number of 

reactions eliminated by removing that metabolite. Finally, a reduced flux vector 

r v
red

×∈v   is generated based on the minimum flux through the set of contributing 

reactions in each lumped reaction (3.2). 

 red ,
, 1

min 0
k

n

j
j k

j k j

v
v T

T
=

  = ≠ 
  

 (3.2) 

3.2.2 Handling of Multiple Fluxes 

The NetRed algorithm can be performed for a single flux vector or a set of flux 

vectors simultaneously. The procedure for a single flux was described above. For a 
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set of flux vectors, the procedure is almost identical but requires a few key 

modifications to ensure the reduced model is representative of the entire flux set.  

Since reaction directionalities and non-zero reactions can vary between each flux, 

a unique stoichiometric matrix iS  is created for each flux vector iv . For each iS , 

reactions with negative flux in iv are flipped to ensure all active reactions occur in the 

forward direction and have positive flux. Reactions that are inactive in each iv are 

removed from the corresponding iS . 

From the set of iS , individual transformations matrices iT  can be generated for 

each iv using a common set of protected metabolites, together forming the set AllT . 

As the algorithm iterates through each iv , if any unprotected metabolites are deemed 

to be unremovable, those metabolites are added to the set of protected metabolites for 

the remaining flux vectors. After each iv is iterated through, if there were any 

unremovable metabolites, AllT is discarded, and the process is repeated with the 

updated set of protected metabolites (i.e. original set + unremovable metabolites). 

Importantly, this iterative process ensures that the same set of metabolites are 

removed in each iT . 

While there typically will be considerable overlap between each iT , there will 

also be numerous columns (i.e. lumped pathways) that directly reflect the uniqueness 

of each flux vector. A single, representative transformation matrix T can be formed 
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by extracting the unique columns contained within each iT . The final redS  is 

generated with (3.1) using the representative T . Critically, this redS  will encompass 

the complete set of metabolic states contained in the given flux set. Therefore, new 

flux vectors can accurately be generated for each iv  using (3.2) while ignoring the 

lumped reactions not active in that flux vector. 

3.2.3 Identification and Removal of Infeasible Loops 

As a byproduct of the reduction process, NetRed will automatically identify and 

remove all infeasible loops233 involving removed metabolites. The removed loops 

will be contained in individual columns in T . Infeasible loops inherently have an 

empty net reaction and thus will result in empty columns in redS . These empty 

columns can optionally be retained for posterity or removed for simplicity. 

Importantly, loops that involve any protected or unremovable metabolites will remain 

in the reduced model.  

3.2.4 Generation of Lumped Biomass Reaction 

Many metabolic models, especially those approaching the genome-scale, contain a 

single biomass reaction that represents cellular growth. The biomass reaction is 

constructed from the measured composition of cellular biomass, broken down into the 

individual component metabolites113. Stoichiometrically, the biomass reaction 

converts the metabolite components, in their measured proportions, into a single, 

often implied, unit of biomass. As the proxy for growth, an accurate biomass reaction 
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is critical for many applications of metabolic modeling, especially in prokaryotic 

cells113,234,235.  

When generating a reduced stoichiometric model, it is often desirable to remove 

biomass metabolites from the model since the pathways for their production are 

generally long and complex. In simple cases, where there is only one active pathway 

to produce a given biomass metabolite from the remaining metabolites, the removal 

of that biomass metabolite will yield a single lumped biomass reaction with the 

removed metabolite replaced by its precursor(s) that remain in the model. However, 

there may be multiple active pathways that produce a given biomass metabolite from 

the remaining metabolites. In this scenario, the removal of that metabolite would 

yield multiple biomass reactions representing each active pathway. Each new biomass 

reaction will represent a fraction of the original biomass production based on the flux 

through each pathway. While these reactions would be entirely accurate, this 

degeneracy in the biomass reaction greatly complicates the interpretation of the 

reduced model and generally prohibits further simulations using the reduced model. 

Collapsing degenerate biomass reactions 

Each lumped biomass reaction will be represented by a specific column in T , with 

the set of all biomass reactions forming the submatrix BMT . These columns can be 

identified by having a non-zero entry in the row corresponding to the original 

biomass reaction. Since each additional biomass reaction directly corresponds to 

unique production pathway, we can identify the subset of reactions that differentiate 

any two columns i and j  in BMT by finding the non-zero entries in ,
diff
i jT (3.3). 
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 , ,diff BM BM
i j i j i j= − ∀ ≠T T T  (3.3) 

Furthermore, due to the uniqueness of each reaction, the subset of reactions diffR

that differentiate all columns in BMT , and thus all biomass reactions, is the set of non-

zero entries in the sum-total difference between any given column BM
iT and each other 

column BM
jT (3.4). 

 ,diff BM BM
i j

j
j i= − ∀ ≠∑T T T  (3.4) 

Ultimately, the degeneracy in the biomass reaction is caused by the removal of a 

metabolite or set of metabolites that are the products of multiple active reactions. 

These removed metabolites can be either biomass components or precursors to 

biomass components. Therefore, degenerate biomass reactions can be eliminated by 

keeping those product metabolites in the model. To identify the set of product 

metabolites, we find the positive entries in diffM as calculated in (3.5), where diffS is 

the submatrix of S containing only the reactions in diffR . 

 diff diff diff= ⋅M S T  (3.5) 

The product metabolites are then added to the set of protected metabolites and T

is recalculated. The newly calculated T will now contain a single lumped biomass 

reaction involving those product metabolites and other protected metabolites. 

However, when the reduction is performed on a set of fluxes, multiple biomass 

reactions may remain due to the removal of common reactants in parallel pathways. If 

this occurs, the above process is repeated using the new T  to identify these reactants 
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as negative entries in diffM . Similarly, the reactants are protected, and T  is 

recalculated to yield a single lumped biomass reaction. 

Validation of lumped biomass equation 

Considering the importance of an accurate biomass reaction, we must validate 

whether the lumped biomass reaction is completely representative of the full biomass 

reaction. If the lumped biomass reaction is correct, the implied mass and elemental 

composition of a unit of biomass in the lumped biomass reaction should be exactly 

equal to that in the full biomass reaction. The mass per unit biomass for each biomass 

reaction can be calculated using the stoichiometries is  and molecular weights iMW

for each component i in the set of biomass metabolites BMM (3.6). 

 ,  BM
i i

i
BM s MW i M= − ∈∑  (3.6) 

The carbon fraction of the biomass fracC can be calculated using the number of 

carbons in each component C
in (3.7). The elemental composition for any given 

element can be likewise calculated. 

 ,   

C C
i i

BMi
frac

s n MW
C i M

BM

−
= ∈
∑

 (3.7) 

Importantly, this validation requires the protection of all active exchange 

metabolites. If any are removed from the network, their contribution to biomass will 

be replaced with a massless sink or source pseudo-metabolite, causing a mismatch 

between the lumped and full biomass calculations. However, since their contribution 
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would be retained implicitly in the lumped biomass reaction, the discrepancy can be 

ignored (after initial validation) if removal of some exchange metabolites is 

preferable. 

3.2.5 Context-specific Reduced GSMs 

To generate a fully representative reduced GSM, we first created a context-defined 

GSM. The bounds were defined based on the media (e.g. M9 minimal media) and 

experimental measurements (e.g. growth and glucose uptake). Since NetRed depends 

on defined flux vectors to perform model reduction, the flux space of the GSM was 

then sampled using the MCMC sampler optGpSampler155 with 5000 sample points 

and 5000 steps between samples. The GSM was then reduced with NetRed on all the 

sample points simultaneously. Due to innumerable set of all flux modes in the 

GSM236, only a subset can possibly be captured in redS  while ensuring r n≤ . 

Uniformly sampled fluxes represent the most likely flux modes of the context-

specific GSM; thus, the resulting reduced model captured the flux modes with the 

highest probability of occurring while ignoring the highly unlikely flux modes (

1 5000P < ). The set of protected metabolites was limited to glucose, amino acids, 

CO2, acetate, lactate, ethanol, and formate, as these represent common measurements 

used in core MFA. 

3.2.6 Generation of Functional Reduced Models 

NetRed outputs redS , T , redv , and the remaining set of metabolites. To enable use in 

other algorithms, we used these outputs and the original model to create a fully 
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functional reduced model. First, the sink and source pseudo-metabolites were 

removed from redS , T , and the remaining set of metabolites. The unchanged ( UR ) 

and lumped ( LR ) reactions in redS  are then identified and handled separately. For the 

unchanged reactions, the original model structures are directly mapped to the reduced 

model. For the lumped reactions, the model structures are created by extracting 

information from original model using the set of reactions that were combined to 

form each lumped reaction. These lumped reaction sets are identified by the non-zero 

entries in the corresponding columns in T . 

3.2.7 Forward 13C Isotope Labeling Experiment Simulations 

To generate and test the reduced GS-MFA model, various forward 13C ILE 

simulations were performed using custom Matlab scripts (Appendix C) using the 

cumomer method237. For each simulation, the list of cumomers was first generated 

from the set of carbon-containing metabolites. Cumomer mapping matrices (CMMs) 

for each carbon reaction can then be formed from the atom mapping matrices 

(AMMs) in the model. AMMs are matrices that map each reactant carbon atom to a 

corresponding product atom; CMMs map reactant cumomers to product cumomers. 

The labeling for the chosen input metabolite is then defined as needed. Finally, the SS 

cumomer balances can be solved to calculate the SS labeling of each cumomer.  

For this work, only first-order cumomers were required so the balance equation is 

simplified to (3.8) 

 
1 1 1 11 ( )ss

−= − ⋅ ⋅x A b  (3.8) 
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 where 1
ssx is the SS first-order cumomer labeling, 1A is the first-order cumomer 

balance array, and 1b is the first-order input cumomer vector.  

3.2.8 Generation of Lumped Atom Mapping Matrices 

For reduced MFA models, new lumped AMMs are generated for each lumped 

reaction via the NetRed-MFA extension. When correct, the lumped AMMs capture 

the net carbon-atom rearrangement that occurs through the given lumped pathway. 

For each lumped reaction, NetRed-MFA creates a subnetwork containing only the 

reactions that were combined to form that lumped reaction (Fig 3.2). The subnetwork 

stoichiometric matrix, subS , is formed by (3.9)  

 , ,( ),      sub l l Ldiag l R∗= ⋅ ∈S S T  (3.9) 

Exchange fluxes are then added onto subS to balance the network. A flux vector subv  

is created with an assumed flux of 1 through all reactions. The subnetwork also 

contains the AMMs (and related model structures) for each component reaction.  

For each subnetwork, NetRed-MFA identifies any carbon-containing metabolites 

from the reduced model that occur as reactants and/or products in the subnetwork. 

Some of these metabolites appear as both reactants and products in the subnetwork, 

denoted as mix metabolites. Even though mix metabolites may be stoichiometrically 

eliminated in the net lumped reaction, their labeling must be tracked due to their 

activity in other reactions in the reduced network.  
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Fig 3.2 Subnetwork Corresponding to a Lumped Reaction in Reduced Toy Model. (A) A 
subnetwork for the lumped reaction L3 was isolated from the full network. The subnetwork 
contains 4 carbon-mapped reactions. (B) The lumped AMM for L3 was generated via 
NetRed-MFA.  Metabolites A and CO2 are reactants and F and CO2 in the lumped reaction. 
Since CO2 appears as both a reactant and product, it is designated as a mix metabolite. 

Once a given subnetwork is constructed, NetRed-MFA runs forward 13C ILE 

simulations with each reactant carbon atom in reactC  iteratively labeled and records 

which product atoms in prodC  are labeled into [0,1]p r× ∈Label , where prodp C∈ and

reactr C∈  (Fig 3.3a). By definition, Label  is a precursor to the full lumped AMM, 

lAMM . To form lAMM , Label  might need to be corrected and expanded to ensure 

that each reactant atom r and product atom p are only mapped to a single atom (i.e. 

only one entry in each row and column). Since mix metabolites exit and re-enter the 

network at least once, they cause a continuation of labeling between the metabolites 

that feed them and the metabolites they produce. Therefore, if a subnetwork contains 

any mix metabolites, the resulting label mixing must be eliminated from Label  to 

ensure one-to-one atom mapping (3.10) (Fig 3.3b). 
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Once corrected for mix metabolites, Label  is then checked for multiple mappings by 

summing each row ( pN ) and column ( rN ) (3.11).  
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 (3.11) 

If any 1pN > , lLabel is expanded by 1pN −  rows to accommodate each replicate 

product atom mapping. The entries in the original row ( ,*  1p pN∀ >Label ) are 

distributed between the pN  rows for that product atom to ensure one entry per row. 

If any 1rN > , lLabel is similarly expanded by 1rN −  columns and the entries in the 

original column ( *,  1r rN∀ >Label ) are distributed between the rN  columns for that 

reactant atom. After this final correction, each reactant and product atom iteration in 

lLabel  has a single unique mapping and thus represents lAMM .  
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Fig 3.3 Generation of Lumped Atom Mapping Matrices. (A) For the lumped reaction L3, 
forward 13C ILEs are run on the corresponding subnetwork with each reactant carbon 
iteratively labeled. The resulting matrix, Label3, contains the simulated connectivity between 
each atom. (B) Label3 is then corrected for the influence of the mix metabolite CO2 (3.10). 
(C) Finally, Label is converted to AMM by expanding the columns to accommodate the two 
entries for CO2 (3.11). 

3.2.9 Validation of Reduced MFA Models 

The final reduced MFA models were validated by comparing in silico ILE results 

from the full and reduced model. To do this comparison, we first identified the 

combined set of reactants and products across all lumped reactions in the reduced 

model. For both the full and reduced model, we then iteratively ran forward 

simulations with each reactant fully labeled and recorded the resulting EOL of each 

product. To confirm the accuracy of the lumped AMMs, and thus the reduced model, 

we compared the EOL results from each reactant simulation. If both models yielded 
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the same results, the reduced model was deemed correct. If multiple fluxes were used 

to reduce the model, the validation process was repeated for each flux. 

3.3 Results 

3.3.1 Case Study 1:  Aerobic and Anaerobic Growth in E. coli 

When comparing genome-scale flux predictions from distinct metabolic phenotypes, 

it is often quite difficult to understand the specific differences between each condition 

due to the complexity of GSMs. To illustrate the power of NetRed on GSMs, we 

applied NetRed to compare aerobic and anaerobic growth using the iAF1260 

Escherichia coli GSM230. Both the aerobic and anaerobic fluxes were generated in 

simulated M9 minimal media186 using parsimonious FBA (pFBA)225, with oxygen 

uptake restricted to zero for anaerobic simulations. We used pFBA, as opposed to 

standard FBA, to eliminate infeasible loops that could not be removed through model 

reduction. We first reduced the aerobic and anaerobic fluxes individually (Table 

A3.1-A3.2) to compare the minimum reduced model for each condition (Table 3.1). 

Under aerobic growth, NetRed achieved ~24-fold reduction in reactions and ~29-fold 

reduction in metabolites. Under anaerobic growth, NetRed resulted in a ~22-fold 

reduction in reactions and ~24-fold reduction in metabolites. To enable a direct 

comparison between the reduced flux vectors and best visualize these differences 

between each condition, aerobic and anaerobic fluxes were run through NetRed 

together as a set (Table A3.3). Network reduction for aerobic, anaerobic, and 

combined fluxes took 1.15, 1.11, and 3.09 seconds, respectively, on an AMD 1800X 

3.60 GHz eight-core CPU using a single core. 
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Table 3.1 Aerobic and Anaerobic Model Reduction Statistics 

  Metabolites Reactions 
Flux GSM Reduced FC GSM Reduced FC 

Aerobic 412 14 29.43 409 17 24.06 
Anaerobic 411 17 24.18 415 19 21.84 

Both 425 44 9.66 433 55 7.87 
 

While these minimal models are fully representative of each flux state, they 

contain many lumped sink and source metabolites, which ultimately complicates the 

interpretation of these models. To alleviate this issue, all carbon-containing exchange 

metabolites were protected in each condition before model reduction. To further 

improve model interpretability, PEP was protected in each model and F6P was 

protected in anaerobic model reduction (Tables A3.4-3.6). The resulting aerobic, 

anaerobic, and combined reduced models were then visualized with Escher238; 

common secondary metabolites (H2O, H+, & P) were excluded for simplicity (Fig 

3.4).  
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Fig 3.4 Reduced Models for Aerobic and Anaerobic Metabolism in E. coli. Reduced 
models representing aerobic (a), anaerobic (b), and combined (c) metabolism were generated 
from NetRed. For visual simplicity, some secondary metabolites were excluded. For the 
combined model (c), reactions only active in aerobic or anaerobic metabolism are gold and 
red, respectively. Reactions active in both conditions are black. 

3.3.2 Case Study 2: Yeast KOs to Increase Artemisinin Production 

In the field of metabolic engineering, GSMs are often used to predict genetic changes 

that would increase the yield of a desired product114. However, due to the complexity 

of the network, the mechanism behind the increased yield is often non-trivial and 

A B
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difficult to identify. As described in Lugar, et al.215, we applied NetRed to elucidate 

the mechanism by which a double KO increased artemisinin (DHA) production in 

yeast231. By reducing with the WT and KO fluxes simultaneously, the resulting 

reduced model was approximately three-fold smaller while maintaining the DHA 

production and the knocked-out reactions. From this reduced model, we extracted a 

subnetwork connecting the knocked-out reactions and DHA, which fully captured the 

mechanism for increased DHA (Fig 3.5a). By reducing flux through citrate synthase, 

the double KO shunted excess acetyl-CoA toward DHA production.  

While the subnetwork was easily generated from the reduced network, a similar 

subnetwork could be extracted from the GSM without reduction by NetRed. 

Therefore, we evaluated the contribution of NetRed by the extent of manual gap-

filling required to generate the subnetwork from the reduced and full models. From 

the full GSM, 15 metabolites were needed to generate a connected subnetwork (Fig 

3.5b). From the reduced model, only three metabolites - isopentenyl diphosphate, 

acetyl-CoA, and citrate – were needed to connect DHA to the KOs.  
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Fig 3.5 Yeast DHA Production Subnetworks with Double KO. (A) The reduced 
subnetwork captures the reported mechanism of the double KO after adding three metabolites 
(ipdp[c]: isopentenyl diphosphate; accoa[m]: mitochondrial acetyl-CoA; and cit[m]: 
mitochondrial citrate). (B) The full network requires the addition of 15 metabolites between 
artemisinin (dhartCOO[c]) and mitochondrial oxaloacetate (oaa[m]). Metabolites added to the 
subnetwork are colored blue. 

3.3.3 Case Study 3: Toy MFA Model Reduction 

To demonstrate and validate the MFA extension for NetRed, we applied NetRed-

MFA to a simple toy model (Fig 3.1). The full network, which contains 7 metabolites 

and 10 reactions, was reduced by NetRed to a network with only 4 metabolites and 7 

reactions. The reduced network was converted to a functional model of the same size, 

which contains 3 lumped reactions

A 
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1 1 2 6 2 1 3 5 3 1 3 4 6{ , , },  { , , },  & { , , , }L v v v L v v v L v v v v= = = . For each lumped reaction, the 

lumped AMM was generated according to the algorithm described in 3.2.8.  

Using 3L as an example, the corresponding subnetwork is shown in Fig 3.2. In 

this subnetwork, CO2  is a mix metabolite as it is consumed in 1v  & 6v , and produced 

in 3v . By inspection of the component reaction AMMs (Fig 3.2a, right), each 

instance of CO2 corresponds to a different carbon atom and therefore must be mapped 

separately. The initial labeling matrix, 3Label ,was generated with A & CO2 as the 

net reactants and F & CO2 as the products (Fig 3.3a). The label mixing caused by 

CO2 was removed from 3Label  to isolate direct reactant-product mappings (Fig 

3.3b). After correction, CO2 remained mapped to two atoms in F, which corresponds 

to the two occurrences of CO2 as a reactant in the subnetwork ( 1v  & 6v ). The double 

mapping of reactant CO2 was corrected by simply adding an additional column to 

3Label (Fig 3.3c). We then validated the reduced toy MFA model, along with each 

lumped AMM, as described in 3.2.9. 

3.3.4 Case Study 4: Reduction of GS-MFA Model 

To examine whether NetRed-MFA extends to GS-MFA models, we applied the 

algorithm to a GS-MFA model for E. coli, iDM2014141. iDM2014 was derived from 

iJO1366184, a non-MFA GSM, grown in glucose minimal media. The model was 

manually reduced to provide the smallest but representative model possible. While 

iDM2014 was successfully used for GS-MFA simulations, it required the use of 

highly sensitive LC-MS/MS measurements of key intracellular metabolites to achieve 



 

 
 

101 
 

a model fit. To enable use of more readily available GC-MS measurements, such as 

proteinogenic amino acids, we sought to generate a much more reduced model via 

NetRed-MFA. 

After defining media, glucose uptake and growth bounds, the model retained 528 

active reactions and 407 active metabolites. After sampling the solution space, the 

model was reduced with only a set of core metabolites protected (see 3.2.5). Model 

reduction took 104 minutes on an AMD 1800X 3.60 GHz eight-core CPU using a 

single core; on average, this corresponds to ~1.25s per sample point. The resulting 

reduced model contained 124 metabolites and 290 reactions, representing more than a 

three-fold reduction in metabolites and two-fold reduction in reactions from the full 

iDM2014 model. Furthermore, the rank of redS was over three-fold smaller than the 

rank of S  (338 vs. 113), which approximates the reduction in DOF achieved by 

NetRed-MFA. However, the reduced model failed the ILE validation, which suggests 

at least some of the generated lumped AMMs were incorrect. Therefore, the reduced 

GS-MFA model cannot be used in MFA simulations until corrected. 

3.4 Discussion 

3.4.1 Simplified Analysis of Aerobic and Anaerobic Metabolism 

In our first case study, we applied the NetRed algorithm to visualize and compare the 

phenotypes of aerobic and anaerobic growth in E. coli. NetRed generated simple and 

intuitive models that fully represent aerobic (Fig 3.4a) and anaerobic (Fig 3.4b) 

metabolism. Importantly, these reduced models contain easily identifiable reaction 
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motifs from central carbon metabolism and fully lumped biosynthetic pathways. 

Through a direct comparison of the individual models, some key differences in 

aerobic and anaerobic metabolism are clear, such as TCA cycle activity during 

aerobic growth and ethanol and formate fermentation during anaerobic growth. 

Critically, the combined reduced model enables a more nuanced and complete 

comparison of the metabolic states. By examining which reactions are active in each 

state, we can better appreciate the differences in pyruvate metabolism (PDH vs PFL) 

and TCA activity (full vs partial). Ultimately, the difference in aerobic and anaerobic 

metabolism can be understood by the pathways through which they generate biomass 

precursors, such as 5,10-methylenetetrahydrofolate (MLTHF). In either condition, 

biomass has same in silico composition. Therefore, the difference in growth rate is 

explained by the relative efficiency of precursor biosynthesis. The parallel lumped 

biosynthesis reactions illustrate the corresponding energy and redox requirements 

with and without oxidative phosphorylation. For example, MLTHF synthesis under 

aerobic growth consumes one NADPH and produces 3 NADH and one ATP and 

under anaerobic growth consumes one NADPH and 6 ATP and produces 2 NADH. 

Clearly, aerobic metabolism more efficiently generates MLTHF, which contributes to 

the higher biomass yield. 

3.4.2 Elucidation of Mechanism Driving DHA Production in Yeast KO 

In our second case study, NetRed was used to identify the mechanism behind the 

increased production of DHA in yeast after a double KO231. In the original 

publication, Misra, et al. were able to elucidate the mechanism after extensive manual 
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curation of the predicted fluxes. With the NetRed-reduced model, we derived a 

subnetwork that isolated the KOs and DHA and captured the mechanism with only 5 

internal reactions (Fig 3.5a). When compared to using the full GSM, NetRed 

dramatically reduced the extent of manual curation required and thus greatly 

simplified the analysis.  

3.4.3 Development and Validation of NetRed-MFA 

To accommodate MFA models, NetRed was extended through the development of 

NetRed-MFA. Initially, NetRed-MFA was tested and validated using a toy network 

(Fig 3.1-3.3). The toy model contained various common but complex pathway motifs, 

which ultimately were captured in the three lumped reactions in the reduced model. 

Specifically, mix metabolites and multiple mappings each posed unique challenges 

when generating lumped AMMs, but were able to be resolved. The successful 

reduction of the toy network served as a proof-of-concept for the generation of 

reduced MFA models.  

However, when NetRed-MFA was applied to a GS-MFA model, the algorithm 

broke down and was unable to resolve the correct lumped AMMs for many reactions. 

Preliminary inspection suggested that the handling of multiple mappings was 

insufficient for more complex lumped pathways, which led to incorrect AMMs. 

Further testing is needed to expand and improve the NetRed-MFA to achieve accurate 

GS-MFA model reduction. 
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3.4.4 Effective Implementation 

The described network reduction procedure has the potential to be an indispensable 

aid in the analysis of large-scale flux predictions and the compression of GS-MFA 

models. By applying NetRed to a GSM of E. coli, we highlighted important aspects 

of the implementation that enable easy interpretation of the models. Perhaps 

counterintuitively, computationally minimal models are not necessarily useful. 

Maximizing the effectiveness of NetRed involves carefully assigning protected 

metabolites. Through the protection of carbon-containing exchange metabolites, we 

eliminated potentially confounding sink and source metabolites while negligibly 

expanding the model. By protecting metabolites of interest (PEP and F6P), we 

isolated key reactions in the reduced model which greatly improved interpretability. 

While these key metabolites may be difficult to identify a priori, the near 

instantaneous run-time of NetRed enables rapid testing of candidate metabolites. 

Additionally, depending on the application, unimportant cofactors and secondary 

metabolites can be ignored or manually removed from the reduced models to further 

simplify visualization.  

Through our yeast case study, we demonstrated how to parse reduced models 

when they remain too large to fully visualize. By extracting from the reduced model, 

the resulting subnetwork contained the most distilled representation of the desired 

mechanistic pathway. This reduction and extraction process can be readily applied to 

any network where only a specific aspect metabolism is of interest. 
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Although unsuccessful in its main goal, our case study on the GS-MFA E. coli 

model illustrated a unique approach for generating context-specific GSMs without 

atom mapping. By defining the bounds based on environmental measurements, we 

restricted the space of metabolic activity to be representative of those conditions (e.g. 

minimal media and sub-optimal growth). While only a basic set of measurements 

were used here, the same process could be applied after integrating additional 

measurements, such as exchange fluxes or various ‘omics data. By uniformly 

sampling the solution space before reduction, the most likely metabolic possibilities 

(i.e. alternate equivalent pathways) in the GSM are retained in the reduced model. 

Therefore, the reduced models are relatively unbiased, minimal representations of 

context-specific metabolism. While many algorithms to generate minimal context-

specific GSMs have been developed239,240, they generally require the definition of 

‘important’ capabilities to retain in the model, which inherently adds bias to the final 

model. 

3.5 Conclusion 

In this chapter, we described NetRed, an algorithm for the reduction of GSMs 

from a given flux or set of fluxes. The reduced models and the corresponding 

reduced flux vector(s) greatly simplify the post-processing, analysis, and 

visualization of flux predictions. Critically, the model reduction process is 

transparent and lossless, which separates NetRed from other network reduction 

approaches226–229. As demonstrated through our E. coli and yeast case studies, 

NetRed is highly versatile and would be valuable in any GSM-based analysis. With 
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an average of ~1.25s per flux vector, NetRed can seamlessly be integrated into 

current pipelines to dramatically speed up downstream analysis. Through NetRed-

MFA, we extended the possible applications into MFA as well. Albeit incomplete, 

NetRed-MFA promises to help close the gap between core and genome-scale MFA, 

which will dramatically improve the power of MFA simulations. 

 

Equation Chapter (Next) Section 1 
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Chapter 4: NetFlow - A Tool for Isolating and Visualizing 

Carbon Flows in Metabolic Networks 

4.1  Introduction 

Genome-scale models of metabolism (GSMs) seek to represent the entirety of 

metabolic processes occurring within a species’ cells216. GSMs enable the direct 

probing and analysis of cellular metabolism, which has directly led to advances in 

metabolic engineering114, cancer biology221, and many other fields166,222,223. Analysis 

of GSMs typically involves the prediction of reaction activities or fluxes through the 

network, which is commonly achieved with flux balance analysis (FBA)224 and its 

extensions225. The resulting flux vectors are often difficult to parse due to the 

complexity of GSMs, which commonly contain thousands of reactions and 

metabolites.  

A potential solution would be the enumeration of key pathways within FBA 

results for further analysis. Many algorithms in the field of metabolic pathfinding 

have been developed for identifying pathways between metabolites within a 

metabolic network241. These algorithms generally fall into two categories: graph-

based approaches242–245, which utilize the connectivity between metabolites (nodes) as 

determined by the reactions (edges) in the network, and stoichiometric approaches246–

249, which use optimization to predict stoichiometrically-balanced pathways to 

generate a given metabolite. A critical challenge for both approaches is limiting the 
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identification of false-positive pathways due to a few highly connected metabolites 

(e.g. ATP).  

Recently, algorithms that consider atom tracking between metabolites have been 

developed to ensure the identified pathways are biologically meaningful250–253. Pey, et 

al. extended their previous work on carbon flux paths249 to incorporate complete 

carbon atom mapping matrices (AMMs) into their mixed-integer linear programming 

(MILP) optimization scheme for predicting the shortest pathway between 

metabolites252. The addition of AMMs ensured that each step in the pathway 

contributed carbon toward the product metabolite. However, reaction activity (i.e. 

inclusion in the predicted pathway) was only constrained by stoichiometry and a 

steady-state mass-balance; by not considering environmental or biological 

constraints, the biological relevance of any predicted pathway remains questionable. 

PathTracer addressed this issue by directly incorporating context-specific constraints 

into the optimization250. They also utilized FBA predictions to identify and weigh 

active reactions, thus guaranteeing the relevancy of predicted pathways. However, the 

optimization only used carbon transfer maps in lieu of full AMMs, which only 

indicate if any carbon is exchanged between metabolites. Without full carbon 

mapping, the connectivity between metabolites is qualitative (i.e. transfer carbon or 

not) and therefore pathways can only be differentiated based on pathway length and 

relative activity. 

As identified by Tervo and Reed250, genome-scale fluxes contain many long, 

looping pathways that are critical to proper mechanistic interpretation of fluxes. Even 
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when identified, a set of such pathways must be manually parsed to determine their 

contribution to the product metabolite. Therefore, full AMMs should be incorporated 

to enable quantitative pathway differentiation based on the number of carbons 

transferred (i.e. carbon yield).  

Historically, AMMs been limited to small and medium-sized networks. However, 

recent advancements in atom mapping algorithms139,254–256 have led to the generation 

of accurate, genome-scale carbon maps for GSMs140,141,257. While these carbon-

mapped GSMs have mainly been used for 13C MFA simulations144,258,259, they also 

enable the development and expansion of constraint-based pathfinding algorithms.   

Towards this end, we developed NetFlow, an algorithm that identifies and isolates 

carbon flows of interest in a fully carbon-mapped GSM. For a given flux prediction, 

NetFlow simulates forward 13C isotope label experiments (ILEs) to determine 

connectivity and carbon yield between each metabolite in the network. With these 

data, NetFlow extracts a subnetwork containing only the biologically relevant 

pathways that generate or consume a given metabolite or set of metabolites of 

interest.     

In this chapter, we describe the NetFlow algorithm in detail and demonstrate its 

utility through two case studies in Escherichia coli. In the first case study, we 

illustrate the utility of NetFlow to analyze flows through a central carbon metabolism 

model for E. coli. In the second case study, we compared the wild-type and triple 

knockout (KO) flux predictions reported in Alper, et al.260 with NetFlow to isolate the 
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main lycopene production pathway and elucidate the previously unknown mechanism 

by which the triple KO improved lycopene production.  

4.2 Methods 

4.2.1 Metabolic Network Models and Flux Predictions 

For illustration of NetFlow, we used a small toy network containing 8 metabolites and 

10 reactions (Fig 4.1a). The flux vector was calculated manually.  

Both the CCM model and lycopene-producing GSM used in our case studies were 

derived from a fully carbon-mapped GSM of E. coli (iDM2014)141. The CCM model 

contains glycolysis (EMP), pentose phosphate pathway (PPP), tricarboxylic acid 

(TCA) cycle, glyoxylate shunt, and various anapleurotic and fermentation reactions. 

The glucose uptake rate was defined as 10 mmol/gDWhr. To force activity through a 

variety of pathways, we forced key flux splits to have a specified flux ratio (e.g 

EMP:PPP = 4:1). Flux vectors were generated by maximizing succinate efflux using 

FBA224 from the COBRA toolbox 3.0261. All reaction KOs were simulated by setting 

the upper bound of the corresponding reaction to 0. 

The lycopene-producing GSM was created by adding the four missing reactions 

in the lycopene production pathway identified by Alper, et al.260 (GGDPS, PYS, PDS, 

and lycopene exchange). Glutamate dehydrogenase (GLUDy), which is encoded by 

gdhA, was also added to the model to enable simulation of the triple KO used in 

Alper, et al.260. The carbon mapping for the added reactions was obtained from 

EcoCyc262. All simulations were performed in minimal glucose media as defined in 
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the original publication260. The WT flux prediction was generated by maximizing 

growth with FBA. KO flux predictions were generated by setting the corresponding 

reaction bounds to 0 and running MOMA263 from the COBRA toolbox 3.0261. 

All simulations were performed in Matlab on an AMD 1800X 3.60 GHz eight-

core CPU using a single core. Network and flux visualizations were done with 

Escher238. Matlab scripts are provided in Appendix C. 

4.2.2 NetFlow Implementation 

NetFlow is an algorithm that identifies carbon flows to and from all active 

metabolites in a metabolic network. At its core, NetFlow uses a metabolic network 

with complete carbon mapping and a flux vector to run steady state 13C ILE 

simulations with each metabolite iteratively labeled (see 4.2.3 for ILE 

implementation). In each simulation, a metabolite i was uniformly 13C labeled and the 

corresponding extent of labeling ( ,i jEOL ) of each metabolite j was calculated via 

(4.1) 

 , ,   ; ,

i
a

a
Ci j j act
j

x
EOL a C i j MN= ∈ ∈

∑
 (4.1) 

where i
ax  is the steady state labeling of cumomer a when metabolite i is labeled, C

jN is 

the number of carbons (i.e. first-order cumomers) of metabolite j, jC is the set of 

cumomers for metabolite j, and actM is the set of active metabolites. In each 

simulation, all 13C in the network flows from metabolite i, which is uniformly labeled, 
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to each downstream metabolite that contains carbon from i.  Therefore, if , 0i jEOL > , 

metabolite j contains carbon from metabolite i. Furthermore, ,i jEOL  represents the 

fraction of carbons in j that are contributed by i (i.e. the carbon yield of j from i).   

From the complete set of ,i jEOL , NetFlow forms m m×∈EOL  , which contains 

the carbon yield between every metabolite in the network for a given flux. A binary 

metabolite mapping matrix m m×∈L  is also created that represents the connectivity 

between all the active metabolites in the network (4.2). 

 , , ,( 0) [0,1]i j i j i jL EOL L= > ∀ ∈  (4.2) 

Using these matrices, NetFlow can identify which metabolites are upstream (i.e. 

carbon source) and downstream (i.e. carbon sink) from any metabolite throughout the 

network. Specifically, for a metabolite of interest k, the non-zero entries in ,*kL  

correspond to metabolites that contain carbon from k (i.e. downstream) while the 

entries in *,kL correspond to metabolites that contribute carbon to k (i.e. upstream). 

Similarly, ,*kEOL contains the carbon yields from k and *,kEOL contains the carbon 

yield on k.  

For the toy network shown in Fig 4.1a, NetFlow generates the corresponding 

mapping and yield matrices (Fig 4.1b-c). From these matrices, the carbon flow to or 

from any metabolite in the network can be isolated. For example, if you are interested 

in the production of E, you can isolate the production pathway(s) for E by eliminating 

D, C, and F as they do not contribute carbon to E (i.e. *, 0E =L ) (Fig 4.2a). By 

incorporating the carbon yields of each connected metabolite, the low yield of E from 
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A becomes apparent, which corresponds with the indirect path from carbons in A to E 

(via CO2).  

 

Fig 4.1 Toy Network Model. (A) To demonstrate NetFlow, we used a toy network model 
with 6 carbon mapped reactions. NetFlow generated the (B) connectivity matrix L and (C) the 
yield matrix EOL.  

If only a subset of upstream or downstream metabolites are of interest, can isolate 

the intermediate metabolites between any pair of metabolites by finding the 

overlapping metabolites in the mapping matrix. For example, if you want to 

enumerate the pathways from B to D, you can isolate the internal flow of carbon from 

B to D by finding the overlap between *,DL and ,*BL (4.3): 

 int
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Once a continuous set of connected metabolites ( int
BDM ) are identified, a subnetwork 

containing only those metabolites can be extracted from the original model (Fig 

4.2b).  

 

Fig 4.2 Isolation of Carbon Flows by NetFlow. (A) The carbon flow to metabolite E was 
identified by find the metabolites that contribute carbon to E (green nodes) via the 
corresponding row in L. The corresponding subnetwork was isolated and metabolite yield on 
E was overlain on the network. (B) The flow between metabolite B and D was identified by 
find the continuous set of connected metabolites (3.3) between them (green nodes). The 
subnetwork was then isolated and metabolite yield on D was overlain on the network.   

4.2.3 Steady State 13C ILE Simulations 

Steady state 13C ILE simulations were performed using custom Matlab scripts 

(Appendix C) using the cumomer method130. For each simulation, the list of 

cumomers was first generated from the set of carbon-containing metabolites. 

Cumomer mapping matrices (CMMs) for each carbon reaction can then be formed 

from the atom mapping matrices (AMMs) in the model. AMMs are matrices that map 

each reactant carbon atom to a corresponding product atom; CMMs map reactant 
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cumomers to product cumomers. The labeling for the chosen input metabolite is then 

defined as needed. Finally, the SS cumomer balances can be solved to calculate the 

SS labeling of each cumomer.  

For this work, only first-order cumomers were required so the balance equation is 

simplified to (3.8) 

 1 1 1 11 ( )ss
−= − ⋅ ⋅x A b  (4.4) 

 where 1
ssx is the SS first-order cumomer labeling, 1A is the first-order cumomer 

balance array, and 1b is the first-order input cumomer vector.  

4.3 Results 

4.3.1 Case Study 1:  Succinate Production in E. coli CCM  

To demonstrate its utility on a real network, NetFlow was applied to a CCM model 

for E. coli (see 4.2.1 for model implementation). Initially, NetFlow isolated the 

carbon flow from glucose to succinate (Fig 4.3). After all inactive reactions were 

removed from the model (Fig 4.3a), NetFlow enumerated all the carbon sources for 

succinate (i.e. *, 0succ >L ), which are represented as green in Fig 4.3b. Only lactate, 

formate, and CO2 did not contribute carbon to succinate. A reduced subnetwork 

containing only succinate-contributing metabolites was then generated by removed 

these metabolites from the model (Fig 4.3c).  
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Fig 4.3 Identification of Metabolites that Contribute Carbon toward Succinate 
Production.  (A) NetFlow removed all inactive reactions from the network before simulated 
ILEs. (B) NetFlow identified the set of connected metabolites upstream of succinate (green 
nodes).  (C) A subnetwork containing only the connected nodes to succinate was isolated. 

 By considering only binary connectivity to succinate, the upstream 

metabolites were indistinguishable. However, when metabolite yields were 

incorporated, it became clear that certain pathways contribute much more carbon 

toward succinate (Fig 4.4a). For instance, EMP metabolites have a much higher yield 

than PPP intermediates. This discrepancy was mostly driven by the high flux through 

EMP relative to PPP but is also related to the carbon efficiency of each pathway. The 

CO2 lost in phosphogluconate dehydrogenase (GND) represents one fewer carbon 

flowing toward succinate, which lowers the yield of related metabolites. The 

subnetwork was then trimmed to contain only high-yield metabolites by removing 

metabolites with yields below a chosen threshold (Fig 4.4b-d). PPP was removed at a 

threshold of 0.25 (Fig 4.4b) while alpha-ketoglutarate (AKG), succinyl-CoA 

(SUCCOA), fumarate (FUM), and glyoxylate (GLX) and then malate and 
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oxaloacetate were removed at thresholds of 0.5 and 0.75, respectively (Fig 4.4c-d). 

The removal of select TCA intermediates corresponds with inefficient loss of CO2 

through both isocitrate dehydrogenase (ICDH) and AKG dehydrogenase (AKGDH). 

The final pathway shown in Fig 4.4d represents the most carbon efficient active 

pathway for producing succinate. 

 To illustrate the comparison of multiple fluxes, the initial flux map was 

perturbed by knocking-out lactate dehydrogenase (LDH) and ICDH individually and 

simultaneously. The KO fluxes were then run through NetFlow to compare succinate 

connectivity and yield in the perturbed states with that in the base condition (Tables 

S4.1-4.3). Unsurprisingly, the LDH KO did not alter the connectivity map as lactate 

did not contribute to succinate in the base flux. However, due to the increase in 

glyoxylate shunt activity, the yield from GLX increased by ~10% while the yield 

from AKG/SUCCOA and FUM decreased by ~17% and ~12%, respectively (Table 

S4.1). The ICDH KO blocked flux to AKG, SUCOA, and FUM which eliminated 

them from the connectivity map. Flux through the glyoxylate shunt was again 

increased which corresponded to a ~73% increase in succinate yield from GLX 

(Table S4.2). The connectivity map and metabolite yield in the double KO mirrored 

that of the ICDH KO (Table S4.3). 
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Fig 4.4 Isolation of Primary Carbon Flow using Metabolite Yield Thresholds. (A) When 
each metabolite’s yield is overlain onto the network, the relative contribution of each 
metabolite becomes apparent. (B) At a threshold of 0.25, the PPP is removed as it is a low-
yield contributor to succinate. (C) At 0.5, DHAP and portions of the TCA cycle are removed 
due to the loss of some carbon as CO2. (D) At 0.75, malate and oxaloacetate are removed, 
leaving the most carbon efficient active pathway for producing succinate: EMP to TCA to 
ICL. 
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 The impact of each KO was isolated by finding the intermediate metabolites 

between succinate and the reactants of the KO’d reactions (pyruvate for LDH and 

isocitrate for ICDH). For the LDH KO, the resulting subnetwork only contained 

pyruvate, GLX, and TCA cycle intermediates (Fig 4.5a). The subnetwork elucidates 

that the KO of LDH increased flow of pyruvate into TCA cycle and through the 

glyoxylate shunt to succinate. The ICDH subnetwork was even further reduced to 

only include the glyoxylate shunt and half of the TCA cycle. As visualized in Fig 

4.5b, the ICDH KO forced flux through the glyoxylate shunt to succinate. Due to the 

additional demand on acetyl-CoA in malate synthase (MALS), the flux through the 

remaining portion of TCA was decreased. Finally, the double KO subnetwork 

encompasses the ICDH subnetwork with the addition of pyruvate and acetyl-CoA 

(ACOA). The mechanism arising from the combined KO was an amalgamation of the 

LDH and ICDH mechanisms. The KO of LDH forced additional pyruvate into 

ACOA, which enabled an even further increase in glyoxylate shunt activity due to the 

ICDH KO (Fig 4.5c). 
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Fig 4.5 Isolation of KO Mechanisms that Increase Succinate Production. (A) To ascertain 
the mechanism behind the LDH KO, NetFlow isolated the connected metabolites between 
pyruvate (the reactant in LDH) and succinate. The subnetwork contained only the TCA cycle 
and glyoxylate shunt. From this subnetwork, we can readily understand the mechanism: the 
KO of LDH shunts pyruvate toward TCA cycle which generates additional succinate via 
increased ICL activity. (B) The process was repeated for ICDH KO. The mechanism was 
simply that the ICDH KO forces all TCA flux through ICL, which more efficiently generates 
succinate (no loss of CO2). (C) In the double KO, the LDH KO provides additional ACoA for 
TCA and MALS, while the ICDH KO forces carbon efficiency via ICL.   

4.3.2 Case Study 2: Increased Lycopene Production in Triple KO E. coli 

Motivated by the successful analysis of a double KO in a CCM model, NetFlow was 

employed to elucidate the previously unknown mechanism by which a triple gene KO 

increased lycopene production in E. coli260. The original results were recreated using 

an updated, fully carbon mapped model for E. coli, modified to produce lycopene (see 

4.2.1 for details). The updated predictions for each KO tested in Alper, et al. matched 
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the original predictions qualitatively (Table 4.1). The triple KO of gdhA, aceE, and 

fdhF, which was experimentally validated by Alper, et al., yielded the highest 

lycopene production with a minimal decrease in growth.  

Table 4.1 Growth Rate and Lycopene Production in Single-, Double- and Triple-KO 
Strains of E. coli. Data replicated from Alper, et al.260. Units are mmol/gDWhr. 

Strain Growth Lycopene 
WT 0.495 0.000 
fdhF 0.495 0.000 
gdhA 0.423 0.032 
aceE 0.441 0.021 

gpmA 0.311 0.068 
talB 0.495 0.000 

gdhA + aceE 0.394 0.045 
gdhA+ talB 0.423 0.032 

gdhA + fdhF 0.423 0.032 
gdhA, aceE, talB 0.394 0.045 
gdhA, aceE, fdhF 0.379 0.059 

 
To identify the production pathway for lycopene, both the WT and triple KO 

fluxes were run through NetFlow, which isolated the upstream metabolites from 

lycopene or its precursor farnesyl diphosphate (FRDP). NetFlow simulations took 

9.2s and 9.8s for the WT and KO fluxes, respectively. In the KO, 120 metabolites 

contribute carbon to lycopene, which represents ~44% of active, carbon-containing 

metabolites. The extensive connectivity to lycopene was due to the complexity and 

high carbon mixing in the GSM. To isolate the primary production pathway, 

metabolites with a carbon yield on lycopene lower than 1% were removed, which 

reduced the set to 27 metabolites (Fig 4.6a).  

To identify a potential mechanism driving additional lycopene production, 

NetFlow also extracted a subnetwork containing intermediates between the reactants 
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of the KO reactions and lycopene (Fig.4.6b). The yield threshold was lowered to 

0.1% to capture the contribution of AKG (Table 4.2). Formate was not included in 

subnetwork as it does not contribute carbon to lycopene in either condition. As 

evidenced by this subnetwork, the pyruvate dehydrogenase (PDH) and glutamate 

dehydrogenase (GLUDy) KOs were connected to lycopene through pyruvate. 

Specifically, the KO of GLUDy reroutes additional AKG through the TCA cycle and 

malic enzyme (ME1), which regenerates pyruvate, and the PDH KO forces excess 

pyruvate toward lycopene. However, these changes do not fully account for the 

increased flow of pyruvate toward lycopene. Additional indirect changes caused by 

the KOs either increased the generation or decreased the consumption of pyruvate, 

ultimately increasing the pool of excess pyruvate for conversion into lycopene.  

Table 4.2 Yield of KO Metabolites on Lycopene 

Gene Reaction Metabolite Yield 
gdhA GLUDy AKG 0.0043 
gdhA GLUDy Glu 0.0028 
aceE PDH Pyr 0.4000 
aceE PDH ACOA 0.0024 
fdhF FHL For 0 
fdhF FHL CO2 6.91E-05 
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Fig 4.6 Analysis of Lycopene Production in Triple KO E. coli. (A) By isolating the 
upstream metabolites from lycopene with a yield >1%, NetFlow isolated the may production 
pathways between glucose and lycopene. (B) To elucidate a mechanism driving the increase 
in lycopene production, NetFlow identified and isolated the metabolites between the KO 
reactants (PDH: pyruvate; GLUDy: AKG; FHL: formate) and lycopene. Notably, formate did 
not contribute carbon to lycopene so it was excluded from the subnetwork. The subnetwork 
illustrates that the mechanism revolves around pyruvate availability. The KO of PDH lowers 
the flow of pyruvate toward ACoA and the GLUDy KO causes increased flow of available 
AKG through TCA to ME1, which regenerates pyruvate. The increased pool of pyruvate is 
then funneled toward lycopene production. 

4.4 Discussion 

4.4.1 Carbon Flow through CCM Highlights Importance of Carbon Yield  

In our first case study, we applied the NetFlow algorithm to visualize and compare 

the carbon flow towards succinate across several conditions. The base flux reduction 

demonstrated the primary practical application of NetFlow – to identify and isolate 

the production of a given metabolite. Unsurprisingly, as succinate was one of only 

four efflux metabolites in the original network, the initial succinate subnetwork 
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remained somewhat complicated (Fig 4.3). By only using binary connectivity 

between metabolites, the metabolites upstream of succinate were indistinguishable. 

The subsequent incorporation of yield identified the major carbon flows and isolated 

the most efficient succinate production pathway (Fig 4.4).  

Ultimately, the carbon yield of a metabolite represents a relative weighting on the 

importance of that metabolite for the generation of the target metabolite. As a metric, 

the yield is dependent on both relative fluxes and the specific carbon exchange 

between metabolites and thus provides more information than individual fluxes250 or 

full carbon mapping individually252. By incorporating full carbon mapping and 

constraint-based modeling via GSMs, NetFlow provides the unique capability to 

calculate and leverage the nuanced relationships between metabolites to identify 

biologically important pathways. 

4.4.2 Elucidation of Mechanism Driving Lycopene Production in E. coli 

In our second case study, NetFlow was used to identify the mechanism behind the 

increased production of lycopene after the KO of gdhA, aceE, and fdhF in E. coli260. 

In the original publication, Alper, et al. were unable to elucidate the mechanism 

despite experimental validation of the increased lycopene flux. With NetFlow, we 

derived a subnetwork that isolated the KOs and the product (lycopene). Arising from 

this subnetwork was a potential mechanism connecting the PDH and GLUDy KOs to 

increased TCA cycle and ME1 activity, which increased the available pyruvate for 

lycopene production. However, the subnetwork provides an incomplete picture of the 
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relevant metabolic perturbations; the complete mechanism likely involves more than 

the direct rerouting of carbon (e.g. energy or redox balances).  

Since formate does not contribute carbon to lycopene, the formate hydrogen 

lyase (FHL) KO can only indirectly impact lycopene production. In the WT, FHL 

generated hydrogen that was consumed by hydrogenase, a respiratory enzyme that 

reduces ubiquinol-8 and transports two protons to the periplasm. As the sole 

hydrogen-generating reaction, the KO of FHL also arrested hydrogenase activity, 

thereby altering respiratory activity, which indirectly contributed the net increase in 

Pyr availability. However, the connection between the change in respiration and Pyr 

availability remains unknown. Further probing of metabolite connectivity with Pyr 

and their corresponding yields may help elucidate the FHL-specific mechanism and 

expand upon the identified mechanism related to PDH and GLUDy KOs.      

4.4.3 Effective Implementation of NetFlow 

The described pathway isolation procedure has the potential to be an indispensable 

aid in the analysis of large-scale flux predictions and the mechanistic understanding 

of metabolic perturbations. Through our two case studies, a few generalizable 

approaches for utilizing NetFlow emerged. If only a single flux is under 

consideration, the complete set of production or consumption pathways for a given 

metabolite can be identified using the binary mapping matrix. However, due to the 

high connectivity of metabolic networks, especially at the genome-scale, a yield 

threshold should be applied to isolate the major carbon flows and thus reduce the 

scale of the subnetwork. To analyze the impact of metabolic perturbations, NetFlow 
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can isolate the conversion pathways between any set of highly changed metabolites 

and thereby identify shifts in carbon flow directly caused by the perturbation. For 

metabolic engineering applications, the highly changed metabolites would include the 

target metabolite and the metabolites involved in the proposed KO(s).  

While the described case studies only utilized connectivity and metabolite yield, 

NetFlow can be readily modified to generate matrices based on other potentially 

useful metrics. For example, the specific carbon yield ( ,i C
a i j

a
x N a C∈∑ ) could be 

used as an alternative to EOL (4.1). NetFlow can also simulate individual carbon 

connectivity and yields throughout the network by iteratively labeling each carbon for 

each metabolite. Currently, NetFlow enumerates all possible pathways to generate a 

given metabolite and can also identify the most carbon efficient pathways based on 

yield. If individual pathways are of interest, an optimization technique such as 

PathTracer250 could be implemented after NetFlow using metabolite yields to weight 

the optimization function.  

Additionally, NetFlow could be extended to examine non-carbon flow through 

metabolic networks by incorporating non-carbon AMMs generated from atom 

mapping prediction algorithms139,254–256. By using non-carbon connectivity and yield, 

supplementary production pathways between metabolites of interest could be 

elucidated. 
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4.5 Conclusion 

In this chapter, we described NetFlow, an algorithm that isolates pathways of 

interest based on metabolite connectivity and carbon yield. The resulting subnetwork 

dramatically increases the interpretability of genome-scale metabolic fluxes by 

focusing the scope of analysis. As demonstrated through our E. coli case studies, 

NetFlow is highly versatile and would be valuable in any metabolic flux analysis. By 

incorporating genome-wide atom mapping and GSM constraints, NetFlow can 

calculate carbon connectivity and yield for every metabolite in the network 

simultaneously in a single run. The recent development of highly-accurate atom 

mapping prediction algorithms139,254–256 has significantly increased the availability of 

genome-scale AMMs, which enables the broad applicability of NetFlow. NetFlow 

represents a key advancement in the pathway enumeration and promises to improve 

our mechanistic understanding of metabolism.   
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Chapter 5: Conclusions and Future Work 

5.1  Conclusions 

As discussed in chapter 1, numerous studies have described a relationship 

between metabolism and antibiotic stress10,161,174 and antibiotic resistance4,175–177, but 

a mechanistic, systems-level of understanding remains elusive. In chapter 2, I 

described our efforts to resolve this through the development and execution of a 

combined experimental and computational framework. By integrating transcriptomics 

and fluxomics measurements into a genome-scale model (GSM) for Escherichia 

coli184, we were able to elucidate the metabolic phenotypes of tetracycline- and 

trimethoprim-resistant strains, which were significantly altered from the WT 

phenotype. Specifically, we identified a common increase in tricarboxylic acid (TCA) 

cycle activity and respiration across all resistant conditions. Moreover, we predicted 

changes in formate and murein metabolism in tetRA, which likely corresponds to the 

translocation and activity of the TetA efflux pump. In dhfr, we identified shifts in the 

pentose phosphate pathway (PPP) and adenine biosynthesis which appear to 

correspond to the mode-of-action of trimethoprim, a DNA synthesis inhibitor, despite 

expressing passive resistance. Taken together, our results further support an intrinsic 

relationship between resistance and metabolism. Furthermore, our identification of 

antibiotic-related metabolic shifts in resistant bacteria, which have not been 

previously described, highlights the power of our integrative, systems-based 

approach.  
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 Despite the success of our computational framework described in Chapter 2, 

we identified some inherent challenges related to mapping fluxes between core 13C 

metabolic flux analysis (MFA)129 models and GSMs, which ultimately hinder its 

broad applicability. In chapter 3, I described the development of NetRed-MFA, a 

computational tool that aims to resolve these issues. The base algorithm, NetRed, was 

shown to successfully reduced a GSM to a minimal model without information loss. 

When applied to aerobic and anaerobic metabolism in E. coli, the subsequent reduced 

model enabled the rapid comparison of the alternate biosynthesis pathways used in 

each growth condition. We also demonstrated the capability of NetRed to aid in the 

elucidation of mechanisms driving changes in engineered cells. To do this, we applied 

NetRed to the previously identified artemisinin-producing yeast strain264 and rapidly 

identified the mechanism by which the double KO induces increased artemisinin 

production. NetRed-MFA builds off the power of NetRed by incorporating network-

wide atom mapping into the reduction process. While the algorithm is currently 

limited to small networks, the initial success demonstrates the potential and feasibility 

of expanding to a GSM.  

 In chapter 4, I discussed NetFlow, an algorithm that aids in the interpretation 

of metabolic states by identifying and isolating the main carbon flows through a 

metabolic network. By applying NetFlow to a simple central carbon metabolism 

model, I demonstrated its ability to not only isolate single production pathways, but 

also to elucidate mechanistic changes following genetic or environmental 

perturbation. When used in a practical application, NetFlow successfully identified a 

previously unidentified mechanism driving lycopene production in a triple-KO strain 
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of E. coli260. Ultimately, NetFlow has the potential to significantly improve our 

understanding of carbon or other atom-specific flow through metabolism. 

 Altogether, my doctoral research demonstrates the immense power and broad 

applicability of constraint-based modeling approaches. My work further highlights 

the need to integrate multi-scale experimental measurements with these 

computational frameworks in order to achieve a deeper understanding of metabolism. 

The tools that I’ve developed will invariably reduce the challenges associated 

implementing this wholistic approach.    

5.2 Future Work 

5.2.1 NetRed-MFA: The Final Piece  

Once complete, NetRed-MFA will dramatically improve the precision of the 

computational pipeline discussed in chapter 2 and the power of NetFlow discussed in 

chapter 4. By generating a highly reduced GS-MFA model, NetRed-MFA will allow 

the fitting of our limited experimental data to a fully representative model and 

alleviate the mapping issues we experienced when translating between core MFA and 

GSM. If NetFlow were run on a reduced GS-MFA model, the elucidation and 

interpretation of the mechanistic subnetwork would be greatly simplified as the set of 

connected metabolites would be reduced to only the key differentiating metabolites. 

To extend NetRed-MFA to the genome-scale, the lumped atom mapping algorithm 

must be generalized to handle more complex motifs and symmetric metabolites. 

Through testing of pathways with known net rearrangements, such as PPP and TCA 
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cycle, the algorithm can be iteratively generalized to accommodate all possible 

motifs. At each step, the atom mapping matrices will be tested as described in 3.2.9. 

Once complete, NetRed can be fully validated using the experimental data from 

McCloskey, et al. run MFA on reduced model and compare with original flux 

estimates141. 

5.2.1 Validation of Computational Pipeline 

Through comparison to MFA and iMAT125 individually, we demonstrated that our 

combined approach (MFA+iMAT) significantly improved the resolution of the flux 

space. However, the accuracy of the resulting predictions requires further validation. 

Explicit validation of the pipeline is challenging due to the dearth of proper training 

sets. Most omics-based methods are validated through comparison to MFA-estimated 

fluxes as they are the most accurate representation of intracellular metabolism121. 

While we can be confident in the accuracy of our core MFA estimates, our approach 

depends on the accuracy of genome-wide flux estimates. Additionally, validation 

would require complementary transcriptomics measurements to test iMAT 

integration. Therefore, the only suitable validation data available is from McCloskey, 

et al.141,259, as they performed highly-accurate GS-MFA estimates and simultaneously 

collected transcriptomics data for multiple strains of E. coli.  

For our validation, we require isotope labeling measurement of proteinogenic 

amino acids. However, McCloskey et al. used intracellular metabolite labeling to fit 

the GS-MFA model. To accommodate this discrepancy, the GS-MFA estimates 

should be used to simulate the corresponding amino acid labeling patterns. After 
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propagating experimental error onto these in silico measurements, they can be used to 

run 13C MFA on the core MFA model and the reduced GS-MFA model derived from 

NetRed-MFA. The resulting flux estimates can then be integrated into the pipeline 

along with the measured transcript levels to generate new flux predictions that can be 

validated against the original flux estimates. 

5.2.3 Validation of Phenotype Predictions 

In addition to explicitly validating the computational method, we also need to test the 

predicted phenotype of tetRA and dhfr resistance. The mechanism-specific changes in 

murein (tetRA) and adenosine (dhfr) biosynthesis could be validated through two sets 

of experiments. First, the complete biomass composition of the resistant strains with 

and without antibiotics should be measured to determine if antibiotic stress does 

increase demand for those precursors; this can be accomplished via GC-MS265. 

Secondly, each strain should be run through a comprehensive phenomics screen with 

and without antibiotics, similar to Yang, et al.161, which would test whether 

supplementation of various metabolites would impact resistant metabolism and 

perhaps repotentiate the resistant strains to their corresponding antibiotics266. 

5.2.4 Expanding Scope to Additional Antibiotic Classes and Mechanisms of 

Resistance 

Through our work, we predicted common and strain-specific metabolic phenotypes of 

resistance and drug response for dhfr and tetRA E. coli. While these strains involve 

different mechanisms of resistance (point-mutation vs efflux pump) and antibiotic 
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targets (folate metabolism vs protein biosynthesis), the spectrum of mechanisms178 

and targets10 in vivo is vast. Furthermore, the common changes observed in TCA 

cycle and respiration appear to be bacteriostatic-specific so future work needs to 

consider bactericidal resistance as well to test this specificity. To accomplish this 

rapid expansion of scope, the described experimental and computational framework 

should be extended to the antibiotic resistance platform (ARP) that was recently 

developed in the Wright lab267. The ARP is a compendium of more than 40 E. coli 

strains with resistance to over 15 classes of antibiotics, with broad coverage of 

resistance mechanisms and bacteriostatic/bactericidal modes-of-action. By using the 

common genetic background of E. coli, the antibiotic-specific impacts can be isolated 

and directly compared. While the ARP is built on E. coli BW25113, it has fairly 

minimal genetic differences from MG1655268 so our results are readily extensible to 

the ARP. 

5.2.5 Impact of Multidrug-Resistant Efflux Pumps  

In our examination of tetRA resistance, we observed metabolic changes in formate 

and murein metabolism that appear to directly correlate with the expression, 

translocation, and/or activity of the TetA efflux pump. To further explore the impact 

of efflux pumps, we should extend our work to studying multidrug resistant (MDR) 

efflux pumps, which are common among Gram-negative bacteria269. MDR efflux 

pump play a large role in pathogenesis and overall resistance269,270. Similar to E. coli, 

Salmnonella enterica serovar Typhimurium (S. Typhimurium) is a model Gram-

negative human pathogen271 that has evolved and acquired antibiotic resistance to 
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increase its threat to human health70,272. S. Typhimurium has several intrinsic families 

of multidrug resistance (MDR) efflux pumps. Recent studies have pointed towards 

additional metabolic/homeostatic role for these pumps177, particularly the AcrD 

pump273. Therefore, to expand the focus of my work and to demonstrate the diverse 

utility of the computational pipeline, we are exploring the potential metabolic role of 

the related AcrB efflux pump274,275 by integrating transcriptomic data276 from in vitro 

infection experiments with WT and ΔacrB SL1344 strains, respectively, into the 

pipeline; these data were be collected by the Piddock lab (U. of Birmingham, UK), 

leading experts in S. Typhimurium biology. Thus far, I have adapted the well-curated 

GEM for S. Typhimurium LT2277 to match the SL1344 genotype; specifically, 

SL1344 is auxotrophic for histidine (non-functional HisG), which is represented as a 

KO of hisG in the model. With the adapted model and transcript data, I will generate 

strain-specific model and infection flux maps with the proposed pipeline. Predicted 

flux maps will be used with the metabolic transformation algorithm (MTA)278 to 

identify a list of gene targets that would recover the WT phenotype in the acrB 

mutant. The testing of these predictions will be performed by the Piddock lab.   
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Appendix A: Supplementary Figures 

 

 

Fig A1 Representative 1H NMR spectrum of a broth sample. Expansions of the regions 
around formate, acetate, and ethanol are provided as shown in color coded boxes.  Of the two 
1H resonances for ethanol, only the methyl (C-2) proton signal was resolved and its peaks 
(including 13C satellites) are highlighted in the expansion of its region. Other prominent peaks 
labeled in the spectrum include orotic acid at around 6.2 ppm and sodium 2,2-dimethyl-2-
silapentane-5-sulfonate-d6 (DSS-d6) which is the reference and quantitation standard at 0.0 
ppm.  
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Fig A2 Acetate region of the 1H NMR spectrum highlighting the signals observed and 
how they relate to site-specific 13C enrichment. 
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Appendix B: Supplementary Table Captions 

Appendix B1: Description 

All supplementary tables are attached in files organized by chapter. 

Appendix B2: Chapter 2 Tables 

Table B2.1 Growth Measurement Summary 

Table B2.2 WT vs tetRA Differential Expression 

Table B2.3 tetRA vs. tetRA+TET Differential Expression 

Table B2.4 WT vs. dhfr Differential Expression 

Table B2.5 dhfr vs dhfr+TMP Differential Expression 

Table B2.6 WT Proteinogenic Amino Acid Fragment MIDs 

Table B2.7 tetRA Proteinogenic Amino Acid Fragment MIDs 

Table B2.8 tetRA+TET Proteinogenic Amino Acid Fragment MIDs 

Table B2.9 dhfr Proteinogenic Amino Acid Fragment MIDs 

Table B2.10 dhfr+TMP Proteinogenic Amino Acid Fragment MIDs 

Table B2.11 Mapping WT 13C MFA Bounds to GSM Reactions Mismatch 

Table B2.12 Mapping tetRA 13C MFA Bounds to GSM Reactions Mismatch 

Table B2.13 Mapping tetRA+TET 13C MFA Bounds to GSM Reactions Mismatch 

Table B2.14 Mapping dhfr 13C MFA Bounds to GSM Reactions Mismatch 

Table B2.15 Mapping dhfr+TMP 13C MFA Bounds to GSM Reactions Mismatch 

Table B2.16 13C MFA Estimates – Strain Comparison Summary 

Table B2.17 Metabolite Concentrations Measured via NMR 

Table B2.18 Metabolite 13C Labeling Measured via NMR 

Table B2.19 Flux Analysis Summary – Shift Reactions 
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Appendix B3: Chapter 3 Tables 

Table B3.1 Minimum Aerobic Model 

Table B3.2 Minimum Anaerobic Model 

Table B3.3 Minimum Aerobic and Anaerobic Model 

Table B3.4 Final Aerobic Model 

Table B3.5 Final Anaerobic Model 

Table B3.6 Final Aerobic and Anaerobic Model 

Appendix B4: Chapter 4 Tables 

Table B4.1 CCM Metabolite Yield - WT vs Lactate Dehydrogenase KO  

Table B4.2 CCM Metabolite Yield - WT vs Isocitrate Dehydrogenase KO 

Table B4.3 CCM Metabolite Yield - WT vs Lactate Dehydrogenase & Isocitrate 
Dehydrogenase KO 
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Appendix C: Matlab Code 

Matlab code for each chapter are attached. To generate the results, run the 

corresponding main script (e.g. Chapter 2 – ‘main_EColi.mat’). 

Dependencies: 

• COBRA Toolbox 3.0 

• LP and MILP Solver (Gurobi or CPLEX) 

• Tomlab Optimization Toolbox (for Ch 2 - iMAT-AOS) 
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