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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 fetRA 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 '*C 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 unnecessary'. 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)"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 accurate®>. 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 examination®”®. 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 strains!'®!!,
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1.1 Antimicrobial Mode of Action, Resistance, and Drug-Discovery Efforts

The antibiotic resistance crisis'* and the concerning status of the antibiotic discovery
pipeline'? 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 resort!®) are well
documented, while future estimates associated with a post-antibiotic era are
staggering'*. Although efforts to incentivize new antibiotic discovery have been put

into place'>!’

, 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
interactions!®2°. 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).



Omics measurements
of antimicrobial
challenged bacteria

o=

Number of cells

Fluorescence
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of antimicrobial
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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 inhibition?!. 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, (¢)

arrest of DNA-dependent RNA synthesis by rifampin, and (d) modulation of protein
3



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
interaction??. 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 20052 (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.



Table 1.1 Characteristics of Antimicrobial Stress Responses

Physiological response

Group characteristics and examples
group

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

2. Indirect effects

Signatures (or footprints) of downstream sequelae
triggered by primary target(s) inhibition. Generally, includes
activation of general stress responses (i.e., SOS, oxidative

3. Secondary effects stress, membrane stress TCS). Recent evidence suggests
secondary effects include futile cycling of biosynthetic
pathways producing precursors of inhibited cellular
processes.

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.

4. Bystander effects

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 therapeutics?*?>. 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

26,27

major leads™~’, and modification of existing drug scaffolds using medicinal



chemistry offers mainly short-term solutions*®°. 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 bacteria’’.
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,
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genetic plasticity in essential functions®~”, as well as intrinsic or adaptive

resistance®*%.

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)*®*’. 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.



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 19958, 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 choice®**. 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 identification*!.
The first publication describing the use of microarrays to investigate the
genome-wide transcriptional response of antimicrobial challenged bacteria appeared
in 1999%2. 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 genome*. 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



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 industry**. In 2001, the first
combined transcriptomic and proteomic analysis of DNA gyrase inhibited H.

L45

influenzae by Gmuender ef al.™, was complemented by key publications of general

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

damage*® and hydrogen peroxide stress*’. Subsequent studies involving E. coli** !

and M. tuberculosis®*”>

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
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2

Gram-positive models Staphylococcus aureus>*>°, Streptococcus pneumoniae

Pseudomonas aeruginosa’® and Bacillus subtilis®®%*

, 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 database®>%%), 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

8



DNA gyrase® and representatives of the bactericidal beta-lactam and aminoglycoside
drug classes® 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 enterica®®. They
proposed that antibiotics may actually serve as chemical messengers -- interspecies

modulators of metabolism in their environmental niches and at natural dosages®®.

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 determinants'. 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 alone®’, or in combination with the beta-lactam
doripenem®®. 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



similarly challenged A. baumannaii, with these mass spectrometry data confirming
the more rapid integration of colistin stress at the membrane®’.

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” threat’’. 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 stress’!"’2. 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 upregulated’!; 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 antibiotics’®. 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)’>. 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, respectively’*”. A new study by Machuca ef al. compared the impact
of ciprofloxacin challenge on susceptible laboratory E. coli versus 3 isogenic mutants
with genetic determinants of low-level quinolone resistance’. 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 7°. 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 ’®, foodborne pathogen
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Listeria monocytogenes and common strategies to mitigate drug-induced oxidative
stress 77, Enterococcus faecium and metabolism-virulence relationships ’®, as well as
Staphylococcus aureus and a novel polymyxin drug”’. 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
captureSeq®’) and riboregulated events (particularly of antibiotic resistance genes via

Term-Seq ®') 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 above*>*2. In addition to the
2001 Gmuender et al. publication involving H. influenza®, 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 subtilis®. 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 susceptibility®**#. 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 isolates®’;
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 analysis®. 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 oxacillin®®. 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.®’. 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 effects®, 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 exposure®®. 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 experiment’’. 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
concentrations®.

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
1 noting similar results between the two quantification methods. Isotope labeling can
also be performed in live bacterial cells, as demonstrated by Chua ef al. in their
characterization of colistin-tolerant biofilms cultures of Pseudmonas aeruginosa®>.
The authors allowed AlysA 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 nature®®. 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 metabolism®*?’. 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
concentrations’. 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-products®®. 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 ef 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 effects”. Lobritz ef 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 intermediates’; notably, these metabolomics findings were consistent
with 2014 work by Dorries ef al. who observed common activation of the TCA cycle
in a S. aureus isolate when challenged with ciprofloxacin, erythromycin, fosfomycin,

ampicillin and vancomycin'®

. Most recently, Meylan ef 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 !

. 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 challenge!%>!%?,

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 cells'??. 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 state'®®. This study also further illustrated the differential target specificity
of beta-lactam antibiotics’?, 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.', 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.'*®, 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 peptides'®.

A series of new studies by Sauer and colleagues'?’~!% have demonstrated the
power of new high-throughput, flow injection-time-of-flight acquisition in non-
targeted metabolomics analysis''°, while also providing a glimpse into the future of
antibiotics systems biology by combining broad metabolite measurements with
genome-scale metabolic models'!!. Zampieri ef 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 conditions*®!'?. Within GSMs, the

metabolic reaction network is formulated as a steady-state mass balance:
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S-v=0
where S is the m X n stoichiometric matrix, m is the total metabolites in the model, n
is the total reactions in the model, and V is the reaction flux vector. For each reaction,
entries in the § 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)!!?. The most
commonly used objective is the maximization of biomass production as a proxy for
growth!!'3, 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)!'2!1* 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 redundant!''®. Therefore, the solution space

must be further reduced through secondary objective functions. A common approach,
20



called parsimonious FBA (pFBA), assumes the cell achieves optimal growth with the
minimal number of enzymes (i.e. minimal total active flux)!'®. Predictions made by
pFBA have been shown to be more accurate than traditional FBA''®. 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 changes!!"!%,

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 both!!*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 low'?, 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
correlation!?*1?7, Recently, however, the majority were shown to poorly predict

central carbon metabolism, particularly in comparison to pFBA'?!.

GSMs Flux

I I

Metabolic Genotype — Metabolic Phenotype

Genomics Transcriptomics Proteomics Metabolomics

Accuracy

Coverage

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 techniques'?!. 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 constraints!?>12":12% 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 B3C Metabolic Flux Analysis

Intracellular fluxes can be directly estimated from isotope labeling experiments
(ILEs), where cells are cultured with an isotopically-labeled substrate!?%!%°, 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 metabolites'>*!3, 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)13%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)!*!!32, Due to the limits of detection and
collection, experimental consideration is usually relegated to highly active
pathways'3!.

Often, central carbon metabolism (CCM) has the highest overall flux'3?; thus,

13C ILEs with labeled glucose (or another carbon source) are very common. For 1*C

ILEs, the labeling pattern is mainly measured in proteinogenic amino acids (AAs) and

24



excreted metabolites. AA MIDs are mapped to their CCM precursors (e.g. alanine —
pyruvate) based on synthesis stoichiometry and C-atom rearrangement'**. 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 ('*C MFA) to estimate intracellular fluxes'*°. Using metabolic
models, *C 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 '*C MFA are typically limited to CCM to mitigate this
effect'?>!13°. Numerous advanced approaches for writing balances, such as using
cumomers'>°, bondomers'*, or EMUs!*, have been developed to further simplify the
reaction network and reduce computation time.

Recent advances in experimental techniques!”:!1%8

and the prediction of atom
mapping'*® have enabled the expansion of '3*C MFA to the genome-scale (GS-
MFA)!4014 By encompassing the entirety of cellular metabolism, GS-MFA
represents a significant improvement over traditional '>*C 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 cell'*’. Recently, GS-MFA was applied to explore the

1427144 a11d the metabolism of various

metabolic response of E. coli to key KOs
cyanobacteria'*>14. However, due to the scale of the GS-MFA models, direct

measurement of intracellular metabolite enrichments is required to achieve an
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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
DRYV 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

127,147 125,128

through evidence-based ranking or direct optimization 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 reoptimizing'*3

. 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.
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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)'*” and fastCORE' 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

148 Non-core reactions

inactive reactions and defining undefined reactions as non-core
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)'!”-!'®, 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)!'>°
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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:

TFR:ZW:(UBZ.—LBI.) (1.1)

i=1
where UB,; and LB; 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 reaction''’;
a more computational efficient variant, fastFVA, is also available!>!. 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 function!?. pFBA!®, 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 fluxes'?!. One possible secondary objective is the global
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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 testing!> 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 space!>*!%6. 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)'"’.

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

pointx, = x,,, + Au,, where u, is a distance vector from random previous point to the

empirically estimated center of the solution space and 4; is the randomly generated

step size between X, , and the boundary (in the direction u, ). After W warm-up

points, T 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
distribution'’; nevertheless, the converged distribution at high T is assumed to be

approximately uniform. optGpSampler'*> improves upon ACHR by utilizing p

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

massively increased chain length (k% vs. W + T ) significantly improves mixing

and convergence times. Coordinate Hit-and-Run with Rounding'>® avoids the
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convergence issues of ACHR by rounding the polytope solution space'*® and
performing coordinate hit-and-run'>°, 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 ef al. in a
study measuring the proteome of Mycobacterium tuberculosis at 3 time-points after
mefloquine exposure '®°. 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, ef 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 treatment'®!. 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 ICso, 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 I1Cso 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 1163 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 '%*. To explore this phenomena, Brynildsen et al. expanded the
Escherichia coli GSM '® to incorporate all potential ROS generating reactions 6.
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 671, Their
modeling and experimental results illustrated that futile cycling associated with ATP

depletion renders cells more susceptible to oxidative stress, suggesting that metabolic
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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 '®, Krueger et al. recently modified FBA to simulate
non-competitive (FBA-res) and competitive (FBA-div) inhibition of reactions '"°.
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 71, 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 7, or the heterogeneous
distribution of drug molecules among cell populations for which new monitoring
modalities have been very recently described !’!. 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 !7°.

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)!'?. 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 WHO’*!72, 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 metabolism!®!73, 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

11,174

component of antibiotic killing and resistance®!”>"1"7. Antibiotic resistance is

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

178 Resistance can be obtained through either genetic

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

than development and conjugation is the most common mechanism of acquisition'”’;

this is the only way that an entire multidrug resistant plasmid can be passed along'®’.

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 models®~>. 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
resistance!’%131-183 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 isolates'”>.

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. coli'®*, 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 values!?.
Critically, transcriptomics integration is especially poor at resolving central carbon
metabolism (CCM) due to high relative fluxes through those pathways'?!. 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

39



central metabolism!?%!%, 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 al'”>. Cultures were grown continuously in
M9 minimal media'®® with 11.1015 mM glucose, of which 80% was 1-'3C glucose
and 20% was U-'3C glucose. For the antibiotic conditions, tetracycline or
trimethoprim were added at 1.5 pg/mL and 380 ng/mL, respectively, which
corresponds to twice the WT minimum inhibitory concentration (MIC)!">. 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!
dilution rate. Sparge gas (60% dry air, 40% N2) was pumped into the reactor at 1.5
L/min, which maintained dissolved O at ~20% and corresponded with a gas-liquid
mass transfer coefficient (kra) of 50.9741.05 hr'!. 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 um 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
[llumina 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 uL aliquots by transferring them to 2 mL Eppendorf centrifuge vials.
Preparation of samples for the NMR measurements consisted of adding 60 pL 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 (D,0)) to each
of the 540 pL aliquots followed by mixing briefly on a vortexer. Volumes of 200-220

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

One-dimensional (1D) '"H NMR experiments were measured at a field
strength of 14.1T (599.64 MHz) on a Varian/Agilent VNMRS spectrometer equipped
with a Varian Smm 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 T 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 HCI (aq) was then added to the vial
(6M HCI (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 pL 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 puL of pyridine and 80 uL 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
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derivatized hydrolysates were analyzed by GC-MS (Agilent quadrupole GC-MS ) as

reported previously'®’.

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 Al;0O3 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 CO: Analysis via Online GC-MS

Molar concentrations of '>’C-CO; (44 m/z) and *C-CO; (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 CO»

. t
concentration measurements Ve, ; (2.1),
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CER =y Zuotz A o

tot,i

~ Yoo, Nun (2.1)

where N, N° are the total inlet and outlet molar gas flow, respectively, and

tot> " " tot,i
yg’oz is the inlet concentration of CO». The inlet CO> concentration and molar gas flow

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

To calculate N

tot,i >

the total mol of air in the outlet,

Ny, + N,y +(Ng —~OUR,-V)

inert

Noti = (2.2)

tot i out out

1- Yo~ Veo,.i

where N Ny N,,,,, are the molar flow of nitrogen and inert gases, respectively, N, é”z

is the inlet molar flow of Oz, OUR; is the oxygen uptake rate (OUR), and y;,";o is the

outlet concentration of H>0O, 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 kra for the system (2.3)
OUR, =~ OTR, = k,a(1- DOi)CgZ” (2.3)

where ng is the saturated Oz concentration in M9 minimal media (0.264 mM)'%%.

The extent of '*C labeling (EOL) of CO; was calculated from the relative 44 and

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

__ gout _ out out __ pin _in in
EOLCO2 = ﬁ3cyC02,iNt0t,i f'3cyC02,iNtot,i (2.4)
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where ﬂ??, fé"c are the outlet and inlet fraction of '*CO,. The inlet fraction was taken

to be equivalent to the natural abundance of '*C 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 genome'® with bowtie2!*°, using the
‘local’ and ‘sensitive-local’ settings. Read mapping was performed using htseq-
count!! with the ‘stranded’ setting set to ‘no’. Differential expression analysis was

performed using the R package DESeq2!'%* (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 '>C-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)!%3. To measure the values of 1*C enrichment and adjust the concentrations
obtained by quantitation of only the '>C-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 algorithm'**. 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 *C incorporation in a 2-carbon molecule.

The primary (>C-bound protons) and '*C 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 '3C 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. '*C 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 '*C 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 T of the slowest relaxing species (formate, longest T1 value measured
6.2 s). The percent 1*C 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)!%>. 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
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in the study. All measured MIDs were corrected for natural isotope abundances

before use in '*C-MFA simualations'%.

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 B3C Metabolic Flux Analysis

BC-MFA was performed on INCA' with a previously published core metabolic
model for E. coli'®®. 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 1JO1366 GSM for E. coli
(see 2.2.10). Acetate, formate, ethanol, and CO> 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 value!”. Standard deviations were calculated as 1/4" the
flux 95% confidence interval; fluxes were deemed observable if their mean values

were four times greater than their confidence interval?®.

2.2.11 Modifications to iRL2013

The original iRL2013 model was modified to accommodate measured metabolite
efflux and improve mapping to iJO1366'%*. 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 1JJO1366. Metabolite and reaction names were also adjusted to match
1JO1366. MLTHFC and MTHFD were lumped after swapping 5,10-
methenyltetrahydrofolate (methf) and 5,10-methylenetetrahydrofolate (mlthf). In
MetSyn, methf was changed to mlthf. MIthfSYN was made irreversible. The reaction
names of ASNN, GluSyn, MIthfSYN, and PTAr ACKr ACS were changed to
ASNS2, GLUDy, GLYCL, and PTAr_ ACKTr, respectively. The reaction names of
MEI 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 1JO1366 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
1JO1366. The reaction MDH in iRL2013 mapped to four equivalent reactions in
1JO1366 (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 1JO1366 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

198

to form biomass components'”°, while the biomass composition in iJO1366 is directly

184 Therefore, we expanded the flux bounds for these

derived from experimental data
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 1JO1366 using a modified version of the

iMAT algorithm'?*. Briefly, iIMAT 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 iIMAT optimization'*3. 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 107 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)!'® 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 (1I-FVA)*! 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 1I-FV A 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
1JO1366 for each condition. We generated each model by running fast 1I-FVA on
original model after mapping the MFA estimated flux bounds. Reversible reactions
with a single loopless direction (i.e. I-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. lI-FFVA 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'!, which is sub-optimal for each of the strains. Since biomass composition has
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been shown to vary with dilution rate””~, 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 1JO1366, 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).

CGlc,i - CBM,i - Cco2 i C Aei CEtOH,i -C Forji — CMiss,i (2.5)

where C x,; 1s the mass production rate of metabolite X in condition .

Additionally, the biomass yield on glucose (Yys) the CO> yield (Y, /) and the
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fraction of excess (non-biomass) carbon leaving as COx ( fCO2 /(s-x)) were calculated

(Table 2.2). In the WT strain, at least 10.4% of the carbon is estimated to be
unmeasured and in fefRA, 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 CO» 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

Avg. Min Max

Y Y f - . . .
X coz/s coz/(sx) Missing Missing  Missing

Strain
[e/e]  [g/e] [g/g] Cl%] C[%]  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 553% 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 CO3 Production in Resistant Strains

From the on-line mass spectrometer measurements, we calculated the CER and '3C
EOL of CO» for each condition (Fig 2.1). In each of the resistant conditions, CO»
production was significantly increased by 30-50% relative to the WT production,
while the 1*C fraction remained relatively constant around 32-34%. The increase in

CO; 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 CO, was mostly from the
TCA cycle since a significant increase in PPP would increase the EOL through the

loss of the fully *C-labeled C1 of glucose.
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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 *CO, 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 dhfi and fetRA E. coli were sensing and responding to the

presence of the antibiotic to which the cells are resistant.
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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.

Awo

tetRA+TET
® dhfr+TM:

tetRA
o

dhfr
o

PC2 (26.3%)

(]
Wildtype

Llvuias

-10 10

0
PC1 (52.4%)

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 3C 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 Cls 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 *C MFA Estimates

Comparison le:ﬁ::::'al 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 CO> 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

Concentration (SD) [uM]
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)

Metabolite
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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 dhfir+TMP. ‘FADH2+02 > ATP’: lumped reaction generating ATP
from flavin adenine dinucleotide (FADH;); ‘NADH+02 > ATP’: lumped reaction
generating ATP from nicotinamide adenine dinucleotide (NADH); ex02: oxygen uptake.
WT: wild-type; T-: tetRA4; 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 reactions®?’, and the total flux range (TFR)?%. Active

reactions were reactions with minimum absolute flux bounds greater than 102, 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 11-FVA bounds after mapping the

MFA results to the GSM. The MFA+IMAT bounds were the final lI-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 Actiye Inact.ive Tot'al Obser\{able Perce|.1t
Reactions Reactions Reactions Reactions 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).

UB,,<LB,|LB,>UB,, VreR,i#jeC (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 fetRA strains.
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Fig 2.5 Altered Core Metabolism in Resistant E. coli. Flux changes in (A) fetRA, (B)
tetRA+TET, (C) dhfr, and (D) dhfi+TMP are shown as log> 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 fetRA conditions. The
bounds are derived from 11-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 (GHMT?2r), 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 2.7¢-d). Without TET, fetRA 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 CO; by formate dehydrogenase (FDH4pp), which reduces

quinone-8 and pumps a proton across the membrane.
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Fig 2.7 Changes to Glycine and Threonine Metabolism in Resistant Strains. (A) dhfr, (B) dhfir+TMP, and (C) tetRA had
increased threonine synthesis and decreased glycine synthesis was observed. (D) fetRA+TET exhibited the opposite phenotype.
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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 dhifr+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,
mureinSp5Sp, and anhgm3p/4p. Under tetracycline stress, this recycle was disrupted,

which caused the export of anhgm. Furthermore, conversion of D-lactate to pyruvate

68



LasbgudapDal ¢
oewoiec @ —

Diff
20.01

xd

> P e anbm ¢
® e UAPGR
ALAR aa_Dc K ALAALAC 7N . ° L4 @reoc
o <% | o A 0
'. o he
€ L ANHMK
e u. DALA(2pp <-0.01
\‘ o - -
A @meens @
6p_c
) ® . orasnc
(=) .,. QoL
N
] LDH_D
GFEPTA -
o8 -i
.F.I.. e om_Le RD_LACDD ¢ D_LACtex X oo Do
°
~ UAGDP nxzs ¢ X GIPACT PGAMT ganty.c AGDC E\.E. E\‘f
\
—_—
Z 7\ ~, ™ M g v v
< o ° J o
- ° orie ne scconc sc.e wo.c
Q B:L ACGAMK
< UDCPDP
—_—
! -_u\
v2o.c
®
D ALAALAabcpp ,au
n oo
7]
Q AGM3PH AM3PA
m MPTG
o s .\/_oﬁ commtn.c
G - ng wor .,sa, .
o] woocesee ° MDDCP4pD K3 o6
m Jip——— “ MLDCP28pp éﬂé 4 AGM3Pt2pp 3PEPTabopp
d -
o 1205 i “ oo MLTGY3pp ® ._Ni
2 s k s O v w?
(D) ;rnnnm>vu\ P2 MCTP1App ® MDDCP1pp ;s..%f MDDEP1pp o MLDCP1Bpp ° MLTGY2pp \. LataDgldap_p
Q ° hd N\ res [ N\ - /N g Srome? AGMaPAR ANHGMtex EX_anhgm_e
<= 1205 ° ° ° ° ° ° avoms (@) ()
= o wop s w0 205 w05 s o=
MDDCPSpp
0 MLTGY4 .
2 MPTG2 PP MLTGY1pp ° AGM4PApp
an o o2 . - e N @  ososumisapoan s
as o o o5
) MCTP2App ®  MDDCP2pp ©  moDEP4pp @
s pp
0> SN AGM4PE2pp
= -
3 B TR s
< s ° oo @
a 5 ne
o 0o
— @ wromec
= Frowapce [ qE—
1] 4o o o
— @
e AGM4PH ermm-e
m AM4PA
.- [}
ko) avmipc @
wn)
<

Fig 2.9 Tetracycline Disrupt Murein Biosynthesis Cycling in zefRA. Under TET stress, the murein cycling observed in tetRA
was disrupted, causing the efflux of mththf and D-lactate. Changes are shown as differential flux in tetRA+TET relative to fetRA.
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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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Fig 2.10 Increased Adenine and AMP Synthesis in difr under Trimethoprim Stress. In the presence of TMP, we observed a

significant increase in flux from Met and R5P to adenine and AMP. Changes are shown as differential fluxes in dhfi+TMP relative to dhfr.
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24 Discussion

24.1 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 £.
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 *C-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 *C-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 construction'**!*!. 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 techniques'3”-13!41 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 model'*°

. 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 CO> 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 bactetia?**?%. Our data suggest that bacteriostatic-
resistant bacteria exhibit the opposite phenotype, more closely resembling the
bactericidal stress response in susceptible bacteria!74?%42%  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 fetRA 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 ribosome?”

. Resistance in tetRA is conferred through the TetA efflux
pump?'?. TetA spans the inner membrane and rapidly transports tetracycline from the
cytoplasm to the periplasm, preventing ribosome inhibition. fet4 expression is tightly
regulated by TetR, leading to low basal levels, but is poised to dramatically respond

to tetracycline stress. Without regulation, fet4 expression greatly reduces bacterial

fitness>'!.

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-dependent?!!, 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, tefRA 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 growth?!?, 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 fetRA (+/- 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 DHFR?!3, which
ultimately disrupts DNA metabolism. Resistance in dAfr is achieved via point
mutation in the DHFR enzyme, which prevents drug binding when the reactants are
present?'%. 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

205

precursors””. However, adenosine limitation was shown to contribute to the lethality

of ciprofloxacin, a bactericidal inhibitor of DNA replication'®!.

Similar to the changes in cell wall metabolism in fefRA, we hypothesize that
the increased PPP activity and production of purine precursors is in direct response to
the presence of TMP. Unchallenged difr 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 overproduced®®>.

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 al*">. 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’ cells*'¢. They have been developed

128,217,218 184,219

for a wide variety of eukaryotes , prokaryotes , and even archaea®?’.
GSMs enable the direct probing and analysis of cellular metabolism, which has
directly led to advances in metabolic engineering!!*, cancer biology**!, and many
other fields'®®??2?23, Analysis of GSMs typically involves the prediction of reaction
activities or fluxes through the network, which is commonly achieved with flux

)?24 and its extensions??’. The resulting flux vectors are often

balance analysis (FBA
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 GSMs?2%2%, 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 *C metabolic flux analysis (MFA) simulations'**!%!. These
genome-scale MFA (GS-MFA) models enable more accurate estimates of genome-

wide fluxes than GSMs alone!*°

. 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 used'*!. 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
coli**. In the second case study, we reduced the wild-type and double KO flux
predictions reported in Misra, et al.*! 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. coli'*'.

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.*"®. Briefly, NetRed generates a reduced stoichiometric matrix, S,,, € R from
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the original matrix S € R™ 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 Sare flipped.
Additionally, all inactive reactions are removed from Sand pseudo-metabolites are

added to serve as sinks or sources for exchange metabolites. The conversion of Sinto

Sred is accomplished through a transformation matrix T € R (3.1).

S..=ST (3.1)

re

T is generated through a generating vector algorithm?*? that operates on a
subnetwork of § 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 V,; tV; and V, +V, eliminate the entries in Scorresponding 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 CO; protected. The
reduced model (B) contains 7 reactions, of which 3 are lumped, and 4 metabolites. L;:
{Vl,Vz,Vé}; Lz: {Vl,V3,V5}; L3Z {Vl,V3,V4,V6}

To ensure Sred is a truly reduced form of S, the number of reactions in Sred must
be no more than that in S (7 < n). Therefore, metabolites are deemed unremovable,
and thus remain in S,ed , if the number of combinations exceeds the number of
reactions eliminated by removing that metabolite. Finally, a reduced flux vector
v, €R™ is generated based on the minimum flux through the set of contributing

reactions in each lumped reaction (3.2).

v,
Vied, =min{ / } T,#0 (3.2)

P ja

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 Si is created for each flux vector V; . For each Si ,
reactions with negative flux in V; are flipped to ensure all active reactions occur in the
forward direction and have positive flux. Reactions that are inactive in each V; are
removed from the corresponding Si .

From the set of S,- , individual transformations matrices T, can be generated for
each V; using a common set of protected metabolites, together forming the set 74" .

As the algorithm iterates through each V;, 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 V; is iterated through, if there were any

unremovable metabolites, 7" 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 T, .

While there typically will be considerable overlap between each T, , 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 T, . The final Sred is

generated with (3.1) using the representative T . Critically, this Sred will encompass
the complete set of metabolic states contained in the given flux set. Therefore, new
flux vectors can accurately be generated for each V; 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 loops?** 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 S,,gd . 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 metabolites'!>. 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

CCHSI 13,234,235.

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 T*” . 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 7 and j inT*" by finding the non-zero entries in T,d;ff (3.3).
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T =T =T/ Vi )

Furthermore, due to the uniqueness of each reaction, the subset of reactions Rd,ﬁ-
that differentiate all columns in T?" , and thus all biomass reactions, is the set of non-

. . . . BM
zero entries in the sum-total difference between any given column T, and each other

column TjBM (3.4).

T = T —TM V) =i (3.4)

J

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 M“ as calculated in (3.5), where S9 is

the submatrix of Scontaining only the reactions in Rdz’jf .

MW = Sd!lf' LT (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 M’ . 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 S; and molecular weights MW,

for each component i in the set of biomass metabolites A * (3.6).

BM == s,MW,, ie M™ (3.6)

The carbon fraction of the biomass C, can be calculated using the number of

rac

. c . .
carbons in each component 7, (3.7). The elemental composition for any given

element can be likewise calculated.

=Y sn MW©

C, =——— ieM™ 3.7
frac BM ( )

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 optGpSampler'>> 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

GSM?2, only a subset can possibly be captured in S,,; while ensuring 7 < 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 (

P <1/5000 ). The set of protected metabolites was limited to glucose, amino acids,

COy, acetate, lactate, ethanol, and formate, as these represent common measurements

used in core MFA.
3.2.6 Generation of Functional Reduced Models

NetRed outputs S,,gd , T, V,.,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 Sred , T, and the remaining set of metabolites. The unchanged (RU)

and lumped (R, ) reactions in Sred 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 "C Isotope Labeling Experiment Simulations

To generate and test the reduced GS-MFA model, various forward '*C ILE
simulations were performed using custom Matlab scripts (Appendix C) using the
cumomer method®*”. 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)

x, =—1-(A")"-b’ (3.8)
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I . .
where X is the SS first-order cumomer labeling, A'is the first-order cumomer

balance array, and b'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, Ssub , 1s formed by (3.9)
S, =S-diag(T,)), [leR, (3.9)

Exchange fluxes are then added onto Ssub to balance the network. A flux vector V,,

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 CO; are reactants and F and CO; in the lumped reaction.
Since CO; appears as both a reactant and product, it is designated as a mix metabolite.

Once a given subnetwork is constructed, NetRed-MFA runs forward *C ILE

simulations with each reactant carbon atom in C,m,, iteratively labeled and records

which product atoms in C proa are labeled into Label pxr € [0,1], where p€ Cp,,od and

re Crem (Fig 3.3a). By definition, Label is a precursor to the full lumped AMM,

AMM,. To form AMM;, Label might need to be corrected and expanded to ensure

that each reactant atom » 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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label,, =0

Label. , = Label. , —Label.

S e{Label, =1,Vm=#r} (3.10)
re Cmix - Creact

pecmixcc

prod
Once corrected for mix metabolites, Label is then checked for multiple mappings by

summing each row ( Np ) and column (N,) (3.11).

prod

CV‘,’(I(?I
N,=) Label ,, peC
' (3.11)

Corod
N, = Label

P

reC

p.r? react

Ifany N, >1, Label, is expanded by N, —1 rows to accommodate each replicate
product atom mapping. The entries in the original row ( Label o VN b 1) are
distributed between the N » rows for that product atom to ensure one entry per row.
Ifany N, > 1, Label, is similarly expanded by N, —1 columns and the entries in the

original column (Label*,,. VN, >1) are distributed between the N, columns for that
reactant atom. After this final correction, each reactant and product atom iteration in

Label, has a single unique mapping and thus represents AMM, .
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Fig 3.3 Generation of Lumped Atom Mapping Matrices. (A) For the lumped reaction Ls,
forward '*C ILEs are run on the corresponding subnetwork with each reactant carbon
iteratively labeled. The resulting matrix, Labels, contains the simulated connectivity between
each atom. (B) Label; is then corrected for the influence of the mix metabolite CO» (3.10).
(C) Finally, Label is converted to AMM by expanding the columns to accommodate the two
entries for CO,(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 1AF1260

Escherichia coli GSM>*. Both the aerobic and anaerobic fluxes were generated in

186 )225

simulated M9 minimal media ®® using parsimonious FBA (pFBA)~*, 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 2418 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 Escher?3®;
common secondary metabolites (H20, 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 acrobic (a), anaerobic (b), and combined (¢) 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

t114

that would increase the yield of a desired product™*. However, due to the complexity

of the network, the mechanism behind the increased yield is often non-trivial and
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difficult to identify. As described in Lugar, et al.>!>, we applied NetRed to elucidate
the mechanism by which a double KO increased artemisinin (DHA) production in

23!, By reducing with the WT and KO fluxes simultaneously, the resulting

yeas
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[¢]) and mitochondrial oxaloacetate (oaa[m]). Metabolites added to the
subnetwork are colored blue.

3.33 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
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L ={v,v,,v}, L, ={v,v;, v}, & Ly ={v,,v,,v,,V} . For each lumped reaction, the

lumped AMM was generated according to the algorithm described in 3.2.8.

Using L, as an example, the corresponding subnetwork is shown in Fig 3.2. In
this subnetwork, COz is a mix metabolite as it is consumed in v, & v, and produced
in v;. By inspection of the component reaction AMMs (Fig 3.2a, right), each
instance of CO> corresponds to a different carbon atom and therefore must be mapped
separately. The initial labeling matrix, Label, ,was generated with A & CO as the
net reactants and F & CO» as the products (Fig 3.3a). The label mixing caused by
CO was removed from Label, to isolate direct reactant-product mappings (Fig
3.3b). After correction, CO> remained mapped to two atoms in F, which corresponds
to the two occurrences of CO: as a reactant in the subnetwork (v, & v,). The double
mapping of reactant CO; was corrected by simply adding an additional column to
Label, (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, iDM2014'*!. iDM2014 was derived from
1J01366'%, 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
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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 S, , 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 AMMSs were incorrect. Therefore, the reduced

GS-MFA model cannot be used in MFA simulations until corrected.

34 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 KO?!. 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 developed®®?*, 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
approaches®?622°. 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.
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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’ cells*!¢. GSMs enable the direct
probing and analysis of cellular metabolism, which has directly led to advances in
metabolic engineering!!', cancer biology®*!, and many other fields'®®?*2?23, Analysis
of GSMs typically involves the prediction of reaction activities or fluxes through the

)?2* and its

network, which is commonly achieved with flux balance analysis (FBA
extensions®?’. 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 network?*!. These algorithms generally fall into two categories: graph-

242-245

based approaches , which utilize the connectivity between metabolites (nodes) as

determined by the reactions (edges) in the network, and stoichiometric approaches?*¢-

2% 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 meaningful®**233, Pey, et
al. extended their previous work on carbon flux paths**° to incorporate complete
carbon atom mapping matrices (AMMs) into their mixed-integer linear programming
(MILP) optimization scheme for predicting the shortest pathway between
metabolites®>?. 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

230 They also utilized FBA predictions to identify and weigh

into the optimization
active reactions, thus guaranteeing the relevancy of predicted pathways. However, the
optimization only used carbon transfer maps in lieu of full AMMSs, 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 Reed®*’, 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 algorithms'3%23423¢ have led to the generation
of accurate, genome-scale carbon maps for GSMs'4%141257 While these carbon-
mapped GSMs have mainly been used for '*C MFA simulations'**?>%2% 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 '3C 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.?*® 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)'*!. 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
FBA??* from the COBRA toolbox 3.0%!. 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.>** (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.?%°. The carbon mapping for the added reactions was obtained from
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EcoCyc~®. All simulations were performed in minimal glucose media as defined in
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the original publication®®

. 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 MOMA?% from the COBRA toolbox 3.0%!.

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

Escher?*®. 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 '°C ILE
simulations with each metabolite iteratively labeled (see 4.2.3 for ILE
implementation). In each simulation, a metabolite i was uniformly '*C labeled and the

corresponding extent of labeling ( EOL, ;) of each metabolite j was calculated via

(4.1)

(4.1)

where x' is the steady state labeling of cumomer a when metabolite 7 is labeled, Njc is
the number of carbons (i.e. first-order cumomers) of metabolite j, C;is the set of
cumomers for metabolite j, and M, is the set of active metabolites. In each

simulation, all "*C 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 EOL, ; >0,
metabolite j contains carbon from metabolite i. Furthermore, EOL, ; represents the

fraction of carbons in j that are contributed by i (i.e. the carbon yield of j from 7).

From the complete set of EOL, ;, NetFlow forms EOL € R™", which contains

the carbon yield between every metabolite in the network for a given flux. A binary

metabolite mapping matrix L € R"* is also created that represents the connectivity

between all the active metabolites in the network (4.2).
L ;,=(EOL, ;>0) VL,  €[0,1] (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 &, the non-zero entries in L, .

correspond to metabolites that contain carbon from £ (i.e. downstream) while the

entries in L., correspond to metabolites that contribute carbon to & (i.e. upstream).
Similarly, EOL, . contains the carbon yields from k and EOL. , contains the carbon

yield on £.

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. L., =0) (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 CO»).
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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 L. ,and L. (4.3):

My, =L,.>0AL.,>0 (4.3)
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Once a continuous set of connected metabolites (M) ) are identified, a subnetwork

containing only those metabolites can be extracted from the original model (Fig

4.2b).
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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 ">C ILE Simulations

Steady state '*C ILE simulations were performed using custom Matlab scripts
(Appendix C) using the cumomer method'*’. 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)
x,, =—1-(A)"-b' (4.4)

where x!, is the SS first-order cumomer labeling, A'is the first-order cumomer

balance array, and b'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. L, > 0), which are represented as green in Fig 4.3b. Only lactate,

formate, and CO; 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
CO3 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 CO»
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 CO,. (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 4.5¢).
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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 CO,). (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. coli**’. 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.2®°, Units are mmol/gDWhr.

Strain Growth Lycopene
WT 0.495 0.000
fdhF 0.495 0.000
gdhA 0.423 0.032
acek 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, acek, 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 Cco2 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 fluxes®*° or

full carbon mapping individually®*?

. 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. coli**°.
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 (fo, / Nf,ae C;) could be

used as an alternative to EOQL (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
PathTracer®>® 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 AMMSs generated from atom
mapping prediction algorithms'3%?>*23¢_ 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 algorithms'3%234-23¢ has significantly increased the availability of
genome-scale AMMSs, 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

10,161,174 4,175-177
, but

between metabolism and antibiotic stress and antibiotic resistance
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
coli'®*, 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 tetRA4, 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 *C

metabolic flux analysis (MFA)'?

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 strain?** 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. coli*®. 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

estimates'*!.

5.2.1 Validation of Computational Pipeline

Through comparison to MFA and iMAT'?® 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 metabolism'2!.
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 iIMAT
integration. Therefore, the only suitable validation data available is from McCloskey,

1 141,259

eta , 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 '*C 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 tefRA and dhfr resistance. The mechanism-specific changes in
murein (fetRA) 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-MS?%.
Secondly, each strain should be run through a comprehensive phenomics screen with
and without antibiotics, similar to Yang, et al.!é!, which would test whether
supplementation of various metabolites would impact resistant metabolism and

perhaps repotentiate the resistant strains to their corresponding antibiotics?°.
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 mechanisms!”®

and targets'® 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 lab**’. 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 MG1655%%® 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 bacteria®®. MDR efflux
pump play a large role in pathogenesis and overall resistance?®®2’°. Similar to E. coli,
Salmnonella enterica serovar Typhimurium (S. Typhimurium) is a model Gram-

negative human pathogen?’! that has evolved and acquired antibiotic resistance to
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increase its threat to human health’%?’?. S. Typhimurium has several intrinsic families
of multidrug resistance (MDR) efflux pumps. Recent studies have pointed towards
additional metabolic/homeostatic role for these pumps'”’, particularly the AcrD
pump?”3. 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 pump?’*?”® by integrating transcriptomic data®’® from in vitro
infection experiments with WT and AacrB 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 LT22”7 to match the SL1344 genotype; specifically,
SL1344 is auxotrophic for histidine (non-functional HisG), which is represented as a
KO of 4isG 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)?*”® 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
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Fig A1 Representative "TH 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
"H 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
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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 *C MFA Bounds to GSM Reactions Mismatch

Table B2.12 Mapping tetRA '*C MFA Bounds to GSM Reactions Mismatch
Table B2.13 Mapping tetRA+TET *C MFA Bounds to GSM Reactions Mismatch
Table B2.14 Mapping dhfi *C MFA Bounds to GSM Reactions Mismatch

Table B2.15 Mapping dhfi+TMP *C MFA Bounds to GSM Reactions Mismatch
Table B2.16 *C MFA Estimates — Strain Comparison Summary

Table B2.17 Metabolite Concentrations Measured via NMR

Table B2.18 Metabolite '*C 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:

e COBRA Toolbox 3.0

e LP and MILP Solver (Gurobi or CPLEX)

e Tomlab Optimization Toolbox (for Ch 2 - iIMAT-AOS)

143



Bibliography

1. Centers for Disease Control and Prevention. Antibiotic Resistance Threats in the
United States, 2013. (2013).

2. Antimicrobial resistance: global report on surveillance. (World Health
Organization, 2014).

3. Andersson, D. I. & Hughes, D. Microbiological effects of sublethal levels of
antibiotics. Nat. Rev. Microbiol. 12, 465-478 (2014).

4. Hernando-Amado, S., Sanz-Garcia, F., Blanco, P. & Martinez, J. L. Fitness costs
associated with the acquisition of antibiotic resistance. Essays Biochem. 61, 37—
48 (2017).

5. Andersson, D. I. & Hughes, D. Antibiotic resistance and its cost: is it possible to
reverse resistance? Nat. Rev. Microbiol. 8, 260-271 (2010).

6. Kohanski, M. A., Dwyer, D. J., Hayete, B., Lawrence, C. A. & Collins, J. J. A
common mechanism of cellular death induced by bactericidal antibiotics. Cell
130, 797-810 (2007).

7. Lobritz, M. A. et al. Antibiotic efficacy is linked to bacterial cellular respiration.
Proc. Natl. Acad. Sci. 112, 8173—-8180 (2015).

8. Suh, M.-J., Keasey, S. L., Brueggemann, E. E. & Ulrich, R. G. Antibiotic-
dependent perturbations of extended spectrum beta-lactamase producing
Klebsiella pneumoniae proteome. PROTEOMICS 17, n/a-n/a (2017).

9.  Vranakis, L. et al. Proteome studies of bacterial antibiotic resistance

mechanisms. J. Proteomics 97, 88-99 (2014).

144



10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

Kohanski, M. A., Dwyer, D. J. & Collins, J. J. How antibiotics kill bacteria:
from targets to networks. Nat. Rev. Microbiol. 8, 423—435 (2010).

Yang, J. H., Bening, S. C. & Collins, J. J. Antibiotic efficacy—context matters.
Curr. Opin. Microbiol. 39, 73-80 (2017).

Payne, D. J., Gwynn, M. N., Holmes, D. J. & Pompliano, D. L. Drugs for bad
bugs: confronting the challenges of antibacterial discovery. Nat. Rev. Drug
Discov. 6,29—40 (2007).

Schwarz, S. & Johnson, A. P. Transferable resistance to colistin: a new but old
threat. J. Antimicrob. Chemother. 71, 2066-2070 (2016).

O’Neill, J. Antimicrobial resistance: tackling a crisis for the health and wealth
of nations. Review on Antimicrobial Resistance 2014. (2014).

Brown, E. D. Is the GAIN Act a turning point in new antibiotic discovery? Can.
J. Microbiol. 59, 153—-156 (2013).

Servick, K. The drug push. Science 348, 850-853 (2015).

Renwick, M. J., Brogan, D. M. & Mossialos, E. A systematic review and critical
assessment of incentive strategies for discovery and development of novel
antibiotics. J. Antibiot. (Tokyo) 69, 73—88 (2016).

Spellberg, B., Bartlett, J. G. & Gilbert, D. N. The Future of Antibiotics and
Resistance. N. Engl. J. Med. 368, 299-302 (2013).

Crofts, T. S., Gasparrini, A. J. & Dantas, G. Next-generation approaches to
understand and combat the antibiotic resistome. Nat. Rev. Microbiol. 15, 422—

434 (2017).

145



20.

21.

22.

23.

24.

25.

26.

27.

28.

Sommer, M. O. A., Munck, C., Toft-Kehler, R. V. & Andersson, D. 1. Prediction
of antibiotic resistance: time for a new preclinical paradigm? Nat. Rev.
Microbiol. (2017) doi:10.1038/nrmicro.2017.75.

Kohanski, M. A., Dwyer, D. J. & Collins, J. J. How antibiotics kill bacteria:
from targets to networks. Nat. Rev. Microbiol. 8, 423—435 (2010).

Dwyer, D. J., Collins, J. J. & Walker, G. C. Unraveling the physiological
complexities of antibiotic lethality. Annu. Rev. Pharmacol. Toxicol. 55, 313-332
(2015).

Brazas, M. D. & Hancock, R. E. W. Using microarray gene signatures to
elucidate mechanisms of antibiotic action and resistance. Drug Discov. Today
10, 1245-1252 (2005).

Schulze, A. & Harris, A. L. How cancer metabolism is tuned for proliferation
and vulnerable to disruption. Nature 491, 364-373 (2012).

Parks, S. K., Chiche, J. & Pouysségur, J. Disrupting proton dynamics and energy
metabolism for cancer therapy. Nat. Rev. Cancer 13, 611-623 (2013).
Oberhardt, M. A., Yizhak, K. & Ruppin, E. Metabolically re-modeling the drug
pipeline. Curr. Opin. Pharmacol. 13, 778-785 (2013).

Murima, P., McKinney, J. D. & Pethe, K. Targeting Bacterial Central
Metabolism for Drug Development. Chem. Biol. 21, 1423—-1432 (2014).
Kazakiewicz, D., Karr, J. R., Langner, K. M. & Plewczynski, D. A combined
systems and structural modeling approach repositions antibiotics for

Mycoplasma genitalium. Comput. Biol. Chem. 59, 91-97 (2015).

146



29.

30.

31.

32.

33.

34.

35.

36.

37.

MacNair, C. R. et al. A cell-based approach to characterize antimicrobial
compounds through kinetic dose response. Bioorg. Med. Chem. 24, 6315-6319
(2016).

Stokes, J. M. et al. A Deep Learning Approach to Antibiotic Discovery. Cell
180, 688-702.e13 (2020).

Brown, E. D. & Wright, G. D. Antibacterial drug discovery in the resistance era.
Nature 529, 336-343 (2016).

Thomaides, H. B. et al. Essential bacterial functions encoded by gene pairs. J.
Bacteriol. 189, 591-602 (2007).

Cohen, O., Oberhardt, M., Yizhak, K. & Ruppin, E. Essential Genes Embody
Increased Mutational Robustness to Compensate for the Lack of Backup Genetic
Redundancy. PloS One 11, €0168444 (2016).

Liu, A. et al. Antibiotic sensitivity profiles determined with an Escherichia coli
gene knockout collection: generating an antibiotic bar code. Antimicrob. Agents
Chemother. 54, 1393—-1403 (2010).

Cox, G. & Wright, G. D. Intrinsic antibiotic resistance: mechanisms, origins,
challenges and solutions. /nt. J. Med. Microbiol. IJMM 303, 287-292 (2013).
Bordbar, A., Monk, J. M., King, Z. A. & Palsson, B. O. Constraint-based models
predict metabolic and associated cellular functions. Nat. Rev. Genet. 15, 107—
120 (2014).

O’Brien, E. J., Monk, J. M. & Palsson, B. O. Using Genome-scale Models to

Predict Biological Capabilities. Cell 161, 971-987 (2015).

147



38.

39.

40.

41.

42.

43.

44,

45.

Fleischmann, R. D. et al. Whole-genome random sequencing and assembly of
Haemophilus influenzae Rd. Science 269, 496-512 (1995).

Schena, M., Shalon, D., Davis, R. W. & Brown, P. O. Quantitative monitoring
of gene expression patterns with a complementary DNA microarray. Science
270, 467-470 (1995).

Lockhart, D. J. et al. Expression monitoring by hybridization to high-density
oligonucleotide arrays. Nat. Biotechnol. 14, 1675-1680 (1996).

Freiberg, C., Brotz-Oesterhelt, H. & Labischinski, H. The impact of
transcriptome and proteome analyses on antibiotic drug discovery. Curr. Opin.
Microbiol. 7, 451-459 (2004).

Wilson, M. et al. Exploring drug-induced alterations in gene expression in
Mycobacterium tuberculosis by microarray hybridization. Proc. Natl. Acad. Sci.
U.S. 4. 96, 12833—-12838 (1999).

Cole, S. T. et al. Deciphering the biology of Mycobacterium tuberculosis from
the complete genome sequence. Nature 393, 537-544 (1998).

Wecke, T. & Mascher, T. Antibiotic research in the age of omics: from
expression profiles to interspecies communication. J. Antimicrob. Chemother.
66, 2689-2704 (2011).

Gmuender, H. et al. Gene expression changes triggered by exposure of
Haemophilus influenzae to novobiocin or ciprofloxacin: combined transcription

and translation analysis. Genome Res. 11, 28—42 (2001).

148



46.

47.

48.

49.

50.

51.

52.

Courcelle, J., Khodursky, A., Peter, B., Brown, P. O. & Hanawalt, P. C.
Comparative gene expression profiles following UV exposure in wild-type and
SOS-deficient Escherichia coli. Genetics 158, 41-64 (2001).

Zheng, M. et al. DNA microarray-mediated transcriptional profiling of the
Escherichia coli response to hydrogen peroxide. J. Bacteriol. 183, 4562—4570
(2001).

Phadtare, S., Kato, I. & Inouye, M. DNA microarray analysis of the expression
profile of Escherichia coli in response to treatment with 4,5-dihydroxy-2-
cyclopenten-1-one. J. Bacteriol. 184, 67256729 (2002).

Sabina, J. et al. Interfering with different steps of protein synthesis explored by
transcriptional profiling of Escherichia coli K-12. J. Bacteriol. 185, 6158—6170
(2003).

Shaw, K. J. et al. Comparison of the changes in global gene expression of
Escherichia coli induced by four bactericidal agents. J. Mol. Microbiol.
Biotechnol. 5, 105-122 (2003).

Kaldalu, N., Mei, R. & Lewis, K. Killing by ampicillin and ofloxacin induces
overlapping changes in Escherichia coli transcription profile. Antimicrob. Agents
Chemother. 48, 890—896 (2004).

Betts, J. C. et al. Signature gene expression profiles discriminate between
isoniazid-, thiolactomycin-, and triclosan-treated Mycobacterium tuberculosis.

Antimicrob. Agents Chemother. 47, 2903-2913 (2003).

149



53.

54.

55.

56.

57.

38.

59.

Boshoff, H. I. M. et al. The transcriptional responses of Mycobacterium
tuberculosis to inhibitors of metabolism: novel insights into drug mechanisms of
action. J. Biol. Chem. 279, 40174-40184 (2004).

Kuroda, M. et al. Two-component system VraSR positively modulates the
regulation of cell-wall biosynthesis pathway in Staphylococcus aureus. Mol.
Microbiol. 49, 807-821 (2003).

Utaida, S. et al. Genome-wide transcriptional profiling of the response of
Staphylococcus aureus to cell-wall-active antibiotics reveals a cell-wall-stress
stimulon. Microbiol. Read. Engl. 149, 2719-2732 (2003).

Ng, W.-L., Kazmierczak, K. M., Robertson, G. T., Gilmour, R. & Winkler, M.
E. Transcriptional regulation and signature patterns revealed by microarray
analyses of Streptococcus pneumoniae R6 challenged with sublethal
concentrations of translation inhibitors. J. Bacteriol. 185, 359-370 (2003).
Marrer, E., Satoh, A. T., Johnson, M. M., Piddock, L. J. V. & Page, M. G. P.
Global transcriptome analysis of the responses of a fluoroquinolone-resistant
Streptococcus pneumoniae mutant and its parent to ciprofloxacin. Antimicrob.
Agents Chemother. 50, 269-278 (2006).

Brazas, M. D. & Hancock, R. E. W. Ciprofloxacin induction of a susceptibility
determinant in Pseudomonas aeruginosa. Antimicrob. Agents Chemother. 49,
3222-3227 (2005).

Cao, M., Wang, T., Ye, R. & Helmann, J. D. Antibiotics that inhibit cell wall
biosynthesis induce expression of the Bacillus subtilis sigma(W) and sigma(M)

regulons. Mol. Microbiol. 45, 12671276 (2002).
150



60.

61.

62.

63.

64.

65.

66.

Mascher, T., Margulis, N. G., Wang, T., Ye, R. W. & Helmann, J. D. Cell wall
stress responses in Bacillus subtilis: the regulatory network of the bacitracin
stimulon. Mol. Microbiol. 50, 1591-1604 (2003).

Hutter, B. ef al. Prediction of mechanisms of action of antibacterial compounds
by gene expression profiling. Antimicrob. Agents Chemother. 48, 2838-2844
(2004).

Freiberg, C., Fischer, H. P. & Brunner, N. A. Discovering the mechanism of
action of novel antibacterial agents through transcriptional profiling of
conditional mutants. Antimicrob. Agents Chemother. 49, 749—759 (2005).
Faith, J. J. et al. Large-scale mapping and validation of Escherichia coli
transcriptional regulation from a compendium of expression profiles. PLoS Biol.
5, €8 (2007).

Faith, J. J. et al. Many Microbe Microarrays Database: uniformly normalized
Affymetrix compendia with structured experimental metadata. Nucleic Acids
Res. 36, D866-870 (2008).

Dwyer, D. J., Kohanski, M. A., Hayete, B. & Collins, J. J. Gyrase inhibitors
induce an oxidative damage cellular death pathway in Escherichia coli. Mol.
Syst. Biol. 3,91 (2007).

Goh, E.-B. ef al. Transcriptional modulation of bacterial gene expression by
subinhibitory concentrations of antibiotics. Proc. Natl. Acad. Sci. U. S. A. 99,

17025-17030 (2002).

151



67.

68.

69.

70.

71.

72.

73.

Cheah, S.-E. et al. Polymyxin Resistance in Acinetobacter baumannii: Genetic
Mutations and Transcriptomic Changes in Response to Clinically Relevant
Dosage Regimens. Sci. Rep. 6,26233 (2016).

Henry, R. et al. The transcriptomic response of Acinetobacter baumannii to
colistin and doripenem alone and in combination in an in vitro
pharmacokinetics/pharmacodynamics model. J. Antimicrob. Chemother. 70,
1303-1313 (2015).

Maifiah, M. H. M. ef al. Untargeted metabolomics analysis reveals key
pathways responsible for the synergistic killing of colistin and doripenem
combination against Acinetobacter baumannii. Sci. Rep. 7, (2017).

Antibiotic Resistance Threats in the United States, 2013 |
Antibiotic/Antimicrobial Resistance | CDC.
http://www.cdc.gov/drugresistance/threat-report-2013/.

Van Laar, T. A., Chen, T., You, T. & Leung, K. P. Sublethal concentrations of
carbapenems alter cell morphology and genomic expression of Klebsiella
pneumoniae biofilms. Antimicrob. Agents Chemother. 59, 1707-1717 (2015).
Ramos, P. I. P. et al. The polymyxin B-induced transcriptomic response of a
clinical, multidrug-resistant Klebsiella pneumoniae involves multiple regulatory
elements and intracellular targets. BMC Genomics 17, 737 (2016).

Kocaoglu, O. & Carlson, E. E. Profiling of B-lactam selectivity for penicillin-
binding proteins in Escherichia coli strain DC2. Antimicrob. Agents Chemother.

59, 2785-2790 (2015).

152



74.

75.

76.

77.

78.

79.

80.

81.

Machuca, J. et al. Cellular Response to Ciprofloxacin in Low-Level Quinolone-
Resistant Escherichia coli. Front. Microbiol. 8, 1370 (2017).

Cummings, J. E. & Slayden, R. A. Transient In Vivo Resistance Mechanisms of
Burkholderia pseudomallei to Ceftazidime and Molecular Markers for
Monitoring Treatment Response. PLoS Negl. Trop. Dis. 11, €0005209 (2017).
Stewart, P. S. et al. Contribution of stress responses to antibiotic tolerance in
Pseudomonas aeruginosa biofilms. Antimicrob. Agents Chemother. 59, 3838—
3847 (2015).

Knudsen, G. M., Fromberg, A., Ng, Y. & Gram, L. Sublethal Concentrations of
Antibiotics Cause Shift to Anaerobic Metabolism in Listeria monocytogenes and
Induce Phenotypes Linked to Antibiotic Tolerance. Front. Microbiol. 7, 1091
(2016).

Sinel, C. et al. Subinhibitory Concentrations of Ciprofloxacin Enhance
Antimicrobial Resistance and Pathogenicity of Enterococcus faecium.
Antimicrob. Agents Chemother. 61, (2017).

Zhao, J. et al. Transcriptomic Analysis of the Activity of a Novel Polymyxin
against Staphylococcus aureus. mSphere 1, (2016).

Cahova, H., Winz, M.-L., Hofer, K., Niibel, G. & Jaschke, A. NAD captureSeq
indicates NAD as a bacterial cap for a subset of regulatory RNAs. Nature 519,
374-377 (2015).

Dar, D. et al. Term-seq reveals abundant ribo-regulation of antibiotics resistance

in bacteria. Science 352, aad9822 (2016).

153



82.

83.

84.

85.

86.

87.

88.

89.

Bandow, J. E., Brotz, H., Leichert, L. I. O., Labischinski, H. & Hecker, M.
Proteomic approach to understanding antibiotic action. Antimicrob. Agents
Chemother. 47, 948-955 (2003).

Lima, T. B. et al. Bacterial resistance mechanism: what proteomics can
elucidate. FASEB J. Off- Publ. Fed. Am. Soc. Exp. Biol. 27, 1291-1303 (2013).
Chen, B. et al. Proteomics progresses in microbial physiology and clinical
antimicrobial therapy. Eur. J. Clin. Microbiol. Infect. Dis. Off. Publ. Eur. Soc.
Clin. Microbiol. 36, 403413 (2017).

Singh, A. et al. Comparative proteomic analysis of sequential isolates of
Mycobacterium tuberculosis from a patient with pulmonary tuberculosis turning
from drug sensitive to multidrug resistant. Indian J. Med. Res. 141, 2745
(2015).

Liu, X., Hu, Y., Pai, P.-]J., Chen, D. & Lam, H. Label-Free Quantitative
Proteomics Analysis of Antibiotic Response in Staphylococcus aureus to
Oxacillin. J. Proteome Res. 13, 1223—-1233 (2014).

Giddey, A. D. et al. A temporal proteome dynamics study reveals the molecular
basis of induced phenotypic resistance in Mycobacterium smegmatis at sub-
lethal rifampicin concentrations. Sci. Rep. 7, (2017).

Al Shweiki, M. R. et al. Assessment of Label-Free Quantification in Discovery
Proteomics and Impact of Technological Factors and Natural Variability of
Protein Abundance. J. Proteome Res. 16, 1410-1424 (2017).

Wu, X. et al. Dynamic Proteome Response of Pseudomonas aeruginosa to

Tobramycin Antibiotic Treatment. Mol. Cell. Proteomics 14,2126-2137 (2015).
154



90.

91.

92.

93.

94.

95.

96.

97.

Picotti, P. & Aebersold, R. Selected reaction monitoring-based proteomics:
workflows, potential, pitfalls and future directions. Nat. Methods 9, 555-566
(2012).

Yao, Z. et al. Proteomic Analysis Reveals That Metabolic Flows Affect the
Susceptibility of Aeromonas hydrophila to Antibiotics. Sci. Rep. 6, 39413
(2016).

Chua, S. L. et al. Selective labelling and eradication of antibiotic-tolerant
bacterial populations in Pseudomonas aeruginosa biofilms. Nat. Commun. 7,
(2016).

Sévin, D. C., Kuehne, A., Zamboni, N. & Sauer, U. Biological insights through
nontargeted metabolomics. Curr. Opin. Biotechnol. 34, 1-8 (2015).
Nandakumar, M., Nathan, C. & Rhee, K. Y. Isocitrate lyase mediates broad
antibiotic tolerance in Mycobacterium tuberculosis. Nat. Commun. 5, 4306
(2014).

Bryk, R. et al. Selective Killing of Nonreplicating Mycobacteria. Cell Host
Microbe 3, 137-145 (2008).

de Carvalho, L. P. S. et al. Metabolomics of Mycobacterium tuberculosis
Reveals Compartmentalized Co-Catabolism of Carbon Substrates. Chem. Biol.
17, 1122-1131 (2010).

de Carvalho, L. P. S. ef al. Activity-Based Metabolomic Profiling of Enzymatic
Function: Identification of Rv1248c as a Mycobacterial 2-Hydroxy-3-

oxoadipate Synthase. Chem. Biol. 17, 323-332 (2010).

155



98.

99.

100.

101.

102.

103.

104.

105.

Irnov, 1. et al. Crosstalk between the tricarboxylic acid cycle and peptidoglycan
synthesis in Caulobacter crescentus through the homeostatic control of a-
ketoglutarate. PLoS Genet. 13, €1006978 (2017).

Belenky, P. et al. Bactericidal Antibiotics Induce Toxic Metabolic Perturbations
that Lead to Cellular Damage. Cell Rep. 13, 968-980 (2015).

Dorries, K., Schlueter, R. & Lalk, M. Impact of Antibiotics with Various Target
Sites on the Metabolome of Staphylococcus aureus. Antimicrob. Agents
Chemother. 58, 7151-7163 (2014).

Meylan, S. et al. Carbon Sources Tune Antibiotic Susceptibility in Pseudomonas
aeruginosa via Tricarboxylic Acid Cycle Control. Cell Chem. Biol. 24, 195-206
(2017).

Schelli, K., Rutowski, J., Roubidoux, J. & Zhu, J. Staphylococcus aureus
methicillin resistance detected by HPLC-MS/MS targeted metabolic profiling. J.
Chromatogr. B Analyt. Technol. Biomed. Life. Sci. 1047, 124—130 (2017).
Schelli, K., Zhong, F. & Zhu, J. Comparative metabolomics revealing
Staphylococcus aureus metabolic response to different antibiotics. Microb.
Biotechnol. (2017) doi:10.1111/1751-7915.12839.

Hoerr, V. et al. Characterization and prediction of the mechanism of action of
antibiotics through NMR metabolomics. BMC Microbiol. 16, 82 (2016).
Vincent, I. M., Ehmann, D. E., Mills, S. D., Perros, M. & Barrett, M. P.
Untargeted Metabolomics To Ascertain Antibiotic Modes of Action.

Antimicrob. Agents Chemother. 60, 2281-2291 (2016).

156



106. Kozlowska, J. et al. Combined Systems Approaches Reveal Highly Plastic
Responses to Antimicrobial Peptide Challenge in Escherichia coli. PLoS
Pathog. 10, 1004104 (2014).

107. Fuhrer, T., Zampieri, M., Sévin, D. C., Sauer, U. & Zamboni, N. Genomewide
landscape of gene-metabolome associations in Escherichia coli. Mol. Syst. Biol.
13,907 (2017).

108. Zampieri, M. et al. Metabolic constraints on the evolution of antibiotic
resistance. Mol. Syst. Biol. 13,917 (2017).

109. Zampieri, M., Zimmermann, M., Claassen, M. & Sauer, U. Nontargeted
Metabolomics Reveals the Multilevel Response to Antibiotic Perturbations. Cell
Rep. 19, 1214-1228 (2017).

110. Fuhrer, T., Heer, D., Begemann, B. & Zamboni, N. High-throughput, accurate
mass metabolome profiling of cellular extracts by flow injection-time-of-flight
mass spectrometry. Anal. Chem. 83, 7074—7080 (2011).

111. Patti, G. J., Yanes, O. & Siuzdak, G. Innovation: Metabolomics: the apogee of
the omics trilogy. Nat. Rev. Mol. Cell Biol. 13, 263-269 (2012).

112. Orth, J. D., Thiele, 1. & Palsson, B. @. What is flux balance analysis? Nat.
Biotechnol. 28, 245-248 (2010).

113. Feist, A. M. & Palsson, B. O. The Biomass Objective Function. Curr. Opin.
Microbiol. 13, 344-349 (2010).

114. Curran, K. A., Crook, N. C. & Alper, H. S. Using Flux Balance Analysis to
Guide Microbial Metabolic Engineering. in Microbial Metabolic Engineering

(ed. Cheng, Q.) vol. 834 197-216 (Springer New York, 2012).
157



115.

116.

117.

118.

119.

120.

121.

122.

Mahadevan, R. & Schilling, C. H. The effects of alternate optimal solutions in
constraint-based genome-scale metabolic models. Metab. Eng. 5, 264-276
(2003).

Holzhiitter, H.-G. The principle of flux minimization and its application to
estimate stationary fluxes in metabolic networks. Eur. J. Biochem. 271, 2905—
2922 (2004).

Fischer, E. & Sauer, U. Large-scale in vivo flux analysis shows rigidity and
suboptimal performance of Bacillus subtilis metabolism. Nat. Genet. 37, 636—
640 (2005).

Schuetz, R., Zamboni, N., Zampieri, M., Heinemann, M. & Sauer, U.
Multidimensional Optimality of Microbial Metabolism. Science 336, 601-604
(2012).

Hyduke, D. R., Lewis, N. E. & Palsson, B. @. Analysis of omics data with
genome-scale models of metabolism. Mol. Biosyst. 9, 167-174 (2013).
Yizhak, K., Benyamini, T., Liebermeister, W., Ruppin, E. & Shlomi, T.
Integrating quantitative proteomics and metabolomics with a genome-scale
metabolic network model. Bioinformatics 26, 1255-1260 (2010).

Machado, D. & Herrgard, M. Systematic Evaluation of Methods for Integration
of Transcriptomic Data into Constraint-Based Models of Metabolism. PLoS
Comput. Biol. 10, (2014).

Robaina Estévez, S. & Nikoloski, Z. Generalized framework for context-specific

metabolic model extraction methods. Front. Plant Sci. 5, (2014).

158



123.

124.

125.

126.

127.

128.

129.

130.

131.

Hoppe, A. What mRNA Abundances Can Tell us about Metabolism.
Metabolites 2, 614—631 (2012).

Lee, D. et al. Improving metabolic flux predictions using absolute gene
expression data. BMC Syst. Biol. 6,73 (2012).

Shlomi, T., Cabili, M. N., Herrgard, M. J., Palsson, B. @. & Ruppin, E.
Network-based prediction of human tissue-specific metabolism. Nat. Biotechnol.
26, 1003—-1010 (2008).

Becker, S. A. & Palsson, B. O. Context-Specific Metabolic Networks Are
Consistent with Experiments. PLOS Comput. Biol. 4, ¢1000082 (2008).

Wang, Y., Eddy, J. A. & Price, N. D. Reconstruction of genome-scale metabolic
models for 126 human tissues using mCADRE. BMC Syst. Biol. 6, 153 (2012).
Agren, R. et al. Reconstruction of Genome-Scale Active Metabolic Networks
for 69 Human Cell Types and 16 Cancer Types Using INIT. PLOS Comput.
Biol. 8, 1002518 (2012).

Zamboni, N., Fendt, S.-M., Riihl, M. & Sauer, U. 13C-based metabolic flux
analysis. Nat. Protoc. 4, 878-892 (2009).

Wiechert, W., Méllney, M., Isermann, N., Wurzel, M. & de Graaf, A. A.
Bidirectional reaction steps in metabolic networks: III. Explicit solution and
analysis of isotopomer labeling systems. Biotechnol. Bioeng. 66, 69—-85 (1999).
Fischer, E., Zamboni, N. & Sauer, U. High-throughput metabolic flux analysis
based on gas chromatography—mass spectrometry derived 13C constraints. Anal.

Biochem. 325, 308-316 (2004).

159



132.

133.

134.

135.

136.

137.

138.

Antoniewicz, M. R., Kelleher, J. K. & Stephanopoulos, G. Accurate Assessment
of Amino Acid Mass Isotopomer Distributions for Metabolic Flux Analysis.
Anal. Chem. 79, 7554-7559 (2007).

Fischer, E. & Sauer, U. Metabolic flux profiling of Escherichia coli mutants in
central carbon metabolism using GC-MS. Eur. J. Biochem. 270, 880—-891
(2003).

Zheng, Y. & Sriram, G. Steady-State and Instationary Modeling of
Proteinogenic and Free Amino Acid Isotopomers for Flux Quantification. in
Plant Metabolic Flux Analysis (eds. Dieuaide-Noubhani, M. & Alonso, A. P.)
155—-179 (Humana Press, 2014).

Sriram, G. & Shanks, J. V. Improvements in metabolic flux analysis using
carbon bond labeling experiments: bondomer balancing and Boolean function
mapping. Metab. Eng. 6, 116—132 (2004).

Antoniewicz, M. R., Kelleher, J. K. & Stephanopoulos, G. Elementary
metabolite units (EMU): A novel framework for modeling isotopic distributions.
Metab. Eng. 9, 68—86 (2007).

McCloskey, D., Young, J. D., Xu, S., Palsson, B. O. & Feist, A. M. MID Max:
LC-MS/MS Method for Measuring the Precursor and Product Mass Isotopomer
Distributions of Metabolic Intermediates and Cofactors for Metabolic Flux
Analysis Applications. Anal. Chem. 88, 1362—1370 (2016).

McCloskey, D., Utrilla, J., Naviaux, R. K., Palsson, B. O. & Feist, A. M. Fast

Swinnex filtration (FSF): a fast and robust sampling and extraction method

160



139.

140.

141.

142.

143.

144.

145.

suitable for metabolomics analysis of cultures grown in complex media.
Metabolomics 11, 198-209 (2015).

Kumar, A. & Maranas, C. D. CLCA: Maximum Common Molecular
Substructure Queries within the MetRxn Database. J. Chem. Inf. Model. 54,
3417-3438 (2014).

Gopalakrishnan, S. & Maranas, C. D. 13C metabolic flux analysis at a genome-
scale. Metab. Eng. 32, 12-22 (2015).

McCloskey, D., Young, J. D., Xu, S., Palsson, B. O. & Feist, A. M. Modeling
Method for Increased Precision and Scope of Directly Measurable Fluxes at a
Genome-Scale. Anal. Chem. 88, 3844-3852 (2016).

McCloskey, D. et al. Multiple Optimal Phenotypes Overcome Redox and
Glycolytic Intermediate Metabolite Imbalances in Escherichia coli pgi Knockout
Evolutions. Appl Env. Microbiol 84, ¢00823-18 (2018).

McCloskey, D. ef al. Adaptation to the coupling of glycolysis to toxic
methylglyoxal production in tpiA deletion strains of Escherichia coli requires
synchronized and counterintuitive genetic changes. Metab. Eng. 48, 82-93
(2018).

McCloskey, D. ef al. Growth Adaptation of gnd and sdhCB Escherichia coli
Deletion Strains Diverges From a Similar Initial Perturbation of the
Transcriptome. Front. Microbiol. 9, (2018).

Gopalakrishnan, S., Pakrasi, H. B. & Maranas, C. D. Elucidation of
photoautotrophic carbon flux topology in Synechocystis PCC 6803 using

genome-scale carbon mapping models. Metab. Eng. 47, 190-199 (2018).
161



146.

147.

148.

149.

150.

151.

152.

153.

154.

Hendry, J. I. et al. Genome-Scale Fluxome of Synechococcus elongatus UTEX
2973 Using Transient 13C-Labeling Data. Plant Physiol. 179, 761-769 (2019).
Jerby, L., Shlomi, T. & Ruppin, E. Computational reconstruction of tissue-
specific metabolic models: application to human liver metabolism. Mol. Syst.
Biol. 6,401 (2010).

Rossell, S., Huynen, M. A. & Notebaart, R. A. Inferring Metabolic States in
Uncharacterized Environments Using Gene-Expression Measurements. PLOS
Comput Biol 9, €1002988 (2013).

Vlassis, N., Pacheco, M. P. & Sauter, T. Fast Reconstruction of Compact
Context-Specific Metabolic Network Models. PLOS Comput. Biol. 10,
€1003424 (2014).

Megchelenbrink, W., Rossell, S., Huynen, M. A., Notebaart, R. A. & Marchiori,
E. Estimating Metabolic Fluxes Using a Maximum Network Flexibility
Paradigm. PLOS ONE 10, e0139665 (2015).

Gudmundsson, S. & Thiele, I. Computationally efficient flux variability
analysis. BMC Bioinformatics 11, 489 (2010).

Schuetz, R., Kuepfer, L. & Sauer, U. Systematic evaluation of objective
functions for predicting intracellular fluxes in Escherichia coli. Mol. Syst. Biol.
3, 119 (2007).

Lewis, N. E. ef al. Omic data from evolved E. coli are consistent with computed
optimal growth from genome-scale models. Mol. Syst. Biol. 6, 390 (2010).
Schellenberger, J. & Palsson, B. @. Use of Randomized Sampling for Analysis

of Metabolic Networks. J. Biol. Chem. 284, 5457-5461 (2009).
162



155.

156.

157.

158.

159.

160.

161.

162.

163.

Megchelenbrink, W., Huynen, M. & Marchiori, E. optGpSampler: An Improved
Tool for Uniformly Sampling the Solution-Space of Genome-Scale Metabolic
Networks. PLOS ONE 9, e86587 (2014).

Haraldsdottir, H. S., Cousins, B., Thiele, I., Fleming, R. M. T. & Vempala, S.
CHRR: coordinate hit-and-run with rounding for uniform sampling of
constraint-based models. Bioinformatics doi:10.1093/bioinformatics/btx052.
Kaufman, D. E. & Smith, R. L. Direction Choice for Accelerated Convergence
in Hit-and-Run Sampling. Oper. Res. 46, 84-95 (1998).

Zhang, Y. & Gao, L. On Numerical Solution of the Maximum Volume Ellipsoid
Problem. SIAM J. Optim. 14, 53—76 (2003).

Berbee, H. C. P. ef al. Hit-and-run algorithms for the identification of
nonredundant linear inequalities. Math. Program. 37, 184-207 (1987).
Montezano, D., Meek, L., Gupta, R., Bermudez, L. E. & Bermudez, J. C. M.
Flux Balance Analysis with Objective Function Defined by Proteomics Data—
Metabolism of Mycobacterium tuberculosis Exposed to Mefloquine. PLOS ONE
10, e0134014 (2015).

Yang, J. H. et al. A White-Box Machine Learning Approach for Revealing
Antibiotic Mechanisms of Action. Cell 177, 1649-1661.€9 (2019).

Zhao, X. & Drlica, K. Reactive oxygen species and the bacterial response to
lethal stress. Curr. Opin. Microbiol. 21, 1-6 (2014).

Van Acker, H. & Coenye, T. The Role of Reactive Oxygen Species in

Antibiotic-Mediated Killing of Bacteria. Trends Microbiol. 25, 456—466 (2017).

163



164.

165.

166.

167.

168.

169.

170.

171.

172.

Luhachack, L. & Nudler, E. Bacterial gasotransmitters: an innate defense against
antibiotics. Curr. Opin. Microbiol. 21, 13—-17 (2014).

Feist, A. M. et al. A genome-scale metabolic reconstruction for Escherichia coli
K-12 MG1655 that accounts for 1260 ORFs and thermodynamic information.
Mol. Syst. Biol. 3, 121 (2007).

Brynildsen, M. P., Winkler, J. A., Spina, C. S., MacDonald, I. C. & Collins, J. J.
Potentiating antibacterial activity by predictably enhancing endogenous
microbial ROS production. Nat. Biotechnol. 31, 160—-165 (2013).

Wiesch, P. A. zur ef al. Classic reaction kinetics can explain complex patterns of
antibiotic action. Sci. Transl. Med. 7, 287ra73-287ra73 (2015).

Wiesch, P. A. zur, Clarelli, F. & Cohen, T. Using Chemical Reaction Kinetics to
Predict Optimal Antibiotic Treatment Strategies. PLOS Comput. Biol. 13,
€1005321 (2017).

Lehar, J. et al. Synergistic drug combinations improve therapeutic selectivity.
Nat. Biotechnol. 27, 659—666 (2009).

Krueger, A. S. et al. Simulating Serial-Target Antibacterial Drug Synergies
Using Flux Balance Analysis. PLOS ONE 11, e0147651 (2016).

Tian, H., Six, D. A., Krucker, T., Leeds, J. A. & Winograd, N. Subcellular
Chemical Imaging of Antibiotics in Single Bacteria Using C60-Secondary Ion
Mass Spectrometry. Anal. Chem. 89, 5050-5057 (2017).

WHO | WHO publishes list of bacteria for which new antibiotics are urgently
needed. WHO http://www.who.int/mediacentre/news/releases/2017/bacteria-

antibiotics-needed/en/.

164



173.

174.

175.

176.

177.

178.

179.

180.

181.

Vranakis, I. ef al. Proteome studies of bacterial antibiotic resistance
mechanisms. J. Proteomics 97, 88-99 (2014).

Dwyer, D. J., Collins, J. J. & Walker, G. C. Unraveling the Physiological
Complexities of Antibiotic Lethality. Annu. Rev. Pharmacol. Toxicol. 55, 313—
332 (2015).

Gullberg, E., Albrecht, L. M., Karlsson, C., Sandegren, L. & Andersson, D. 1.
Selection of a Multidrug Resistance Plasmid by Sublethal Levels of Antibiotics
and Heavy Metals. mBio 5, e01918-14 (2014).

Zampieri, M. et al. Metabolic constraints on the evolution of antibiotic
resistance. Mol. Syst. Biol. 13,917 (2017).

Blanco, P. et al. Bacterial Multidrug Efflux Pumps: Much More Than Antibiotic
Resistance Determinants. Microorganisms 4, 14 (2016).

Blair, J. M. A., Webber, M. A., Baylay, A. J., Ogbolu, D. O. & Piddock, L. J. V.
Molecular mechanisms of antibiotic resistance. Nat. Rev. Microbiol. 13, 42-51
(2015).

Hawkey, P. M. & Jones, A. M. The changing epidemiology of resistance. J.
Antimicrob. Chemother. 64,13—110 (2009).

Leplae, R., Lima-Mendez, G. & Toussaint, A. A first global analysis of plasmid
encoded proteins in the ACLAME database. FEMS Microbiol. Rev. 30, 980-994
(2006).

Dunphy, L. J., Yen, P. & Papin, J. A. Integrated Experimental and
Computational Analyses Reveal Differential Metabolic Functionality in

Antibiotic-Resistant Pseudomonas aeruginosa. Cell Syst. 8, 3-14.e3 (2019).
165



182.

183.

184.

185.

186.

187.

188.

189.

190.

Krzyzanski, W. & Rao, G. G. Multi-scale model of drug induced adaptive
resistance of Gram-negative bacteria to polymyxin B. PLOS ONE 12, ¢0171834
(2017).

Olivares Pacheco, J., Alvarez-Ortega, C., Alcalde Rico, M. & Martinez, J. L.
Metabolic Compensation of Fitness Costs Is a General Outcome for Antibiotic-
Resistant Pseudomonas aeruginosa Mutants Overexpressing Efflux Pumps.
mBio 8, (2017).

Orth, J. D. et al. A comprehensive genome-scale reconstruction of Escherichia
coli metabolism—2011. Mol. Syst. Biol. 7, 535 (2011).

Fischer, E., Zamboni, N. & Sauer, U. High-throughput metabolic flux analysis
based on gas chromatography—mass spectrometry derived 13C constraints. Anal.
Biochem. 325, 308-316 (2004).

M9 minimal medium (standard). Cold Spring Harb. Protoc. 2010, pdb.rec12295
(2010).

Kim, Y.-M. et al. Diel metabolomics analysis of a hot spring chlorophototrophic
microbial mat leads to new hypotheses of community member metabolisms.
Front. Microbiol. 6, (2015).

Patnaik, R., Roof, W. D., Young, R. F. & Liao, J. C. Stimulation of glucose
catabolism in Escherichia coli by a potential futile cycle. J. Bacteriol. 174,
7527-7532 (1992).

Escherichia coli str. K-12 substr. MG1655, complete genome. (2013).
Langmead, B. & Salzberg, S. L. Fast gapped-read alignment with Bowtie 2. Nat.

Methods 9, 357-359 (2012).
166



191. Anders, S., Pyl, P. T. & Huber, W. HTSeq--a Python framework to work with
high-throughput sequencing data. Bioinforma. Oxf. Engl. 31, 166—169 (2015).

192. Love, M. 1., Huber, W. & Anders, S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol. 15, 550 (2014).

193. Wishart, D. S. ef al. HMDB 3.0--The Human Metabolome Database in 2013.
Nucleic Acids Res. 41, D801-807 (2013).

194. Cobas, J. C., Bernstein, M. A., Martin-Pastor, M. & Tahoces, P. G. A new
general-purpose fully automatic baseline-correction procedure for 1D and 2D
NMR data. J. Magn. Reson. San Diego Calif 1997 183, 145-151 (2006).

195. Hiller, K. et al. MetaboliteDetector: comprehensive analysis tool for targeted
and nontargeted GC/MS based metabolome analysis. Anal. Chem. 81, 3429—
3439 (2009).

196. Fernandez, C. A., Des Rosiers, C., Previs, S. F., David, F. & Brunengraber, H.
Correction of 13C mass isotopomer distributions for natural stable isotope
abundance. J. Mass Spectrom. JMS 31, 255-262 (1996).

197. Young, J. D. INCA: a computational platform for isotopically non-stationary
metabolic flux analysis. Bioinformatics 30, 1333—-1335 (2014).

198. Leighty, R. W. & Antoniewicz, M. R. COMPLETE-MFA: Complementary
parallel labeling experiments technique for metabolic flux analysis. Metab. Eng.
20, 49-55 (2013).

199. Antoniewicz, M. R., Kelleher, J. K. & Stephanopoulos, G. Determination of
confidence intervals of metabolic fluxes estimated from stable isotope

measurements. Metab. Eng. 8, 324-337 (2006).
167



200.

201.

202.

203.

204.

205.

206.

207.

Choi, J. & Antoniewicz, M. R. Tandem mass spectrometry: A novel approach
for metabolic flux analysis. Metab. Eng. 13, 225-233 (2011).

Saa, P. A. & Nielsen, L. K. Fast-SNP: a fast matrix pre-processing algorithm for
efficient loopless flux optimization of metabolic models. Bioinformatics 32,
3807-3814 (2016).

Folsom, J. P. & Carlson, R. P. Physiological, biomass elemental composition
and proteomic analyses of Escherichia coli ammonium-limited chemostat
growth, and comparison with iron- and glucose-limited chemostat growth.
Microbiology, 161, 16591670 (2015).

Megchelenbrink, W., Rossell, S., Huynen, M. A., Notebaart, R. A. & Marchiori,
E. Estimating Metabolic Fluxes Using a Maximum Network Flexibility
Paradigm. PLOS ONE 10, e0139665 (2015).

Dwyer, D. J. et al. Antibiotics induce redox-related physiological alterations as
part of their lethality. Proc. Natl. Acad. Sci. 111, E2100-E2109 (2014).

Lobritz, M. A. et al. Antibiotic efficacy is linked to bacterial cellular respiration.
Proc. Natl. Acad. Sci. 112, 8173-8180 (2015).

Kohanski, M. A., Dwyer, D. J., Hayete, B., Lawrence, C. A. & Collins, J. J. A
Common Mechanism of Cellular Death Induced by Bactericidal Antibiotics.
Cell 130, 797-810 (2007).

Meylan, S. et al. Carbon Sources Tune Antibiotic Susceptibility in Pseudomonas
aeruginosa via Tricarboxylic Acid Cycle Control. Cell Chem. Biol. 24, 195-206

(2017).

168



208.

209.

210.

211.

212.

213.

214.

215.

Nandakumar, M., Nathan, C. & Rhee, K. Y. Isocitrate lyase mediates broad
antibiotic tolerance in Mycobacterium tuberculosis. Nat. Commun. 5, 4306
(2014).

Chopra, I. & Roberts, M. Tetracycline Antibiotics: Mode of Action,
Applications, Molecular Biology, and Epidemiology of Bacterial Resistance.
Microbiol. Mol. Biol. Rev. 65, 232-260 (2001).

Roberts, M. C. & Schwarz, S. Tetracycline and Phenicol Resistance Genes and
Mechanisms: Importance for Agriculture, the Environment, and Humans. J.
Environ. Qual. 45, 576-592 (2016).

Moller, T. S. B. ef al. Relation between tetR and tetA expression in tetracycline
resistant Escherichia coli. BMC Microbiol. 16, 39 (2016).

Wientjes, F. B., Woldringh, C. L. & Nanninga, N. Amount of peptidoglycan in
cell walls of gram-negative bacteria. J. Bacteriol. 173, 7684-7691 (1991).
Then, R. L. Antimicrobial dihydrofolate reductase inhibitors--achievements and
future options: review. J. Chemother. Florence Italy 16, 3—12 (2004).
Cammarata, M. et al. Characterization of trimethoprim resistant E. coli
dihydrofolate reductase mutants by mass spectrometry and inhibition by
propargyl-linked antifolates. Chem. Sci. 8, 4062—4072 (2017).

Lugar, D. J., Mack, S. G. & Sriram, G. NetRed, an Algorithm that Reduces
Large Metabolic Networks and Flux Balance Analysis Results for Easier

Interpretation. Prep. (2020).

169



216.

217.

218.

219.

220.

221.

222.

O’Brien, E. J., Lerman, J. A., Chang, R. L., Hyduke, D. R. & Palsson, B. .
Genome-scale models of metabolism and gene expression extend and refine
growth phenotype prediction. Mol. Syst. Biol. 9, 693 (2013).

Arnold, A. & Nikoloski, Z. Bottom-up Metabolic Reconstruction of Arabidopsis
and Its Application to Determining the Metabolic Costs of Enzyme Production.
Plant Physiol. 165, 1380—1391 (2014).

Chung, B. K. ef al. Genome-scale metabolic reconstruction and in silico analysis
of methylotrophic yeast Pichia pastoris for strain improvement. Microb. Cell
Factories 9, 50 (2010).

AbuOun, M. et al. Genome scale reconstruction of a Salmonella metabolic
model: comparison of similarity and differences with a commensal Escherichia
coli strain. J. Biol. Chem. 284, 29480-29488 (2009).

Thor, S., Peterson, J. R. & Luthey-Schulten, Z. Genome-Scale Metabolic
Modeling of Archaea Lends Insight into Diversity of Metabolic Function.
Archaea vol. 2017 €9763848
https://www.hindawi.com/journals/archaea/2017/9763848/ (2017).

Folger, O. et al. Predicting selective drug targets in cancer through metabolic
networks. Mol. Syst. Biol. 7, 501 (2011).

Huang, Z., Lee, D.-Y. & Yoon, S. Quantitative intracellular flux modeling and
applications in biotherapeutic development and production using CHO cell

cultures. Biotechnol. Bioeng. 114, 2717-2728 (2017).

170



223.

224.

225.

226.

227.

228.

229.

230.

Ramirez, A. K. ef al. Integrating Extracellular Flux Measurements and Genome-
Scale Modeling Reveals Differences between Brown and White Adipocytes.
Cell Rep. 21, 3040-3048 (2017).

Orth, J. D., Thiele, I. & Palsson, B. @. What is flux balance analysis? Nat.
Biotechnol. 28, 245-248 (2010).

Holzhiitter, H.-G. The principle of flux minimization and its application to
estimate stationary fluxes in metabolic networks. Eur. J. Biochem. FEBS 271,
2905-2922 (2004).

Erdrich, P., Steuer, R. & Klamt, S. An algorithm for the reduction of genome-
scale metabolic network models to meaningful core models. BMC Syst. Biol. 9,
48 (2015).

Jonnalagadda, S. & Srinivasan, R. An efficient graph theory based method to
identify every minimal reaction set in a metabolic network. BMC Syst. Biol. 8,
28 (2014).

Vlassis, N., Pacheco, M. P. & Sauter, T. Fast reconstruction of compact context-
specific metabolic network models. PLOS Comput. Biol. 10, €1003424 (2014).
Rohl, A. & Bockmayr, A. A mixed-integer linear programming approach to the
reduction of genome-scale metabolic networks. BMC Bioinformatics 18, 2
(2017).

Feist, A. M. et al. A genome-scale metabolic reconstruction for Escherichia coli
K-12 MG1655 that accounts for 1260 ORFs and thermodynamic information.

Mol. Syst. Biol. 3, (2007).

171



231.

232.

233.

234.

235.

236.

237.

Misra, A. et al. Metabolic analyses elucidate non-trivial gene targets for
amplifying dihydroartemisinic acid production in yeast. Front. Microbiol. 4,
(2013).

Schuster, S. & Hofer, T. Determining all extreme semi-positive conservation
relations in chemical reaction systems: a test criterion for conservativity. J.
Chem. Soc. Faraday Trans. 87,2561-2566 (1991).

Schellenberger, J., Lewis, N. E. & Palsson, B. . Elimination of
Thermodynamically Infeasible Loops in Steady-State Metabolic Models.
Biophys. J. 100, 544-553 (2011).

Chan, S. H. J., Cai, J., Wang, L., Simons-Senftle, M. N. & Maranas, C. D.
Standardizing biomass reactions and ensuring complete mass balance in
genome-scale metabolic models. Bioinformatics 33, 3603-3609 (2017).
Dikicioglu, D., Kirdar, B. & Oliver, S. G. Biomass composition: the “elephant in
the room” of metabolic modelling. Metabolomics 11, 1690—1701 (2015).
Llaneras, F. & Pic6, J. Which Metabolic Pathways Generate and Characterize
the Flux Space? A Comparison among Elementary Modes, Extreme Pathways
and Minimal Generators. BioMed Research International
https://www.hindawi.com/journals/bmri/2010/753904/ (2010)
doi:10.1155/2010/753904.

Wiechert, W., Méllney, M., Isermann, N., Wurzel, M. & Graaf, A. A. de.
Bidirectional reaction steps in metabolic networks: III. Explicit solution and

analysis of isotopomer labeling systems. Biotechnol. Bioeng. 66, 69—-85 (1999).

172



238.

239.

240.

241.

242.

243.

244,

245.

King, Z. A. et al. Escher: A Web Application for Building, Sharing, and
Embedding Data-Rich Visualizations of Biological Pathways. PLOS Comput.
Biol. 11, €1004321 (2015).

Machado, D. & Herrgard, M. Systematic Evaluation of Methods for Integration
of Transcriptomic Data into Constraint-Based Models of Metabolism. PLOS
Comput. Biol. 10, €1003580 (2014).

Pacheco, M. P., Pfau, T. & Sauter, T. Benchmarking Procedures for High-
Throughput Context Specific Reconstruction Algorithms. Front. Physiol. 6,
(2016).

Kim, S. M., Pefia, M. 1., Moll, M., Bennett, G. N. & Kavraki, L. E. A review of
parameters and heuristics for guiding metabolic pathfinding. J. Cheminformatics
9, 1-13 (2017).

Croes, D., Couche, F., Wodak, S. J. & van Helden, J. Inferring Meaningful
Pathways in Weighted Metabolic Networks. J. Mol. Biol. 356, 222-236 (2006).
Croes, D., Couche, F., Wodak, S. J. & van Helden, J. Metabolic PathFinding:
inferring relevant pathways in biochemical networks. Nucleic Acids Res. 33,
W326-W330 (2005).

Kim, S. M., Penia, M. 1., Moll, M., Bennett, G. N. & Kavraki, L. E. Improving
the organization and interactivity of metabolic pathfinding with precomputed
pathways. BMC Bioinformatics 21, 13 (2020).

Simeonidis, E., Rison, S. C. G., Thornton, J. M., Bogle, I. D. L. &
Papageorgiou, L. G. Analysis of metabolic networks using a pathway distance

metric through linear programming. Metab. Eng. 5,211-219 (2003).
173



246.

247.

248.

249.

250.

251.

252.

253.

254.

255.

Pharkya, P., Burgard, A. P. & Maranas, C. D. OptStrain: A computational
framework for redesign of microbial production systems. Genome Res. 14,
2367-2376 (2004).

Klamt, S. et al. From elementary flux modes to elementary flux vectors:
Metabolic pathway analysis with arbitrary linear flux constraints. PLOS
Comput. Biol. 13, €1005409 (2017).

Chowdhury, A. & Maranas, C. D. Designing overall stoichiometric conversions
and intervening metabolic reactions. Sci. Rep. 5, 1-20 (2015).

Pey, J., Prada, J., Beasley, J. E. & Planes, F. J. Path finding methods accounting
for stoichiometry in metabolic networks. Genome Biol. 12, R49 (2011).

Tervo, C. J. & Reed, J. L. MapMaker and PathTracer for tracking carbon in
genome-scale metabolic models. Biotechnol. J. 11, 648—-661 (2016).

Heath, A. P., Bennett, G. N. & Kavraki, L. E. Finding metabolic pathways using
atom tracking. Bioinformatics 26, 1548—1555 (2010).

Pey, J., Planes, F. J. & Beasley, J. E. Refining carbon flux paths using atomic
trace data. Bioinformatics 30, 975-980 (2014).

Huang, Y., Zhong, C., Lin, H. X. & Wang, J. A Method for Finding Metabolic
Pathways Using Atomic Group Tracking. PLoS ONE 12, (2017).

Hadadi, N., Hafner, J., Soh, K. C. & Hatzimanikatis, V. Reconstruction of
biological pathways and metabolic networks from in silico labeled metabolites.
Biotechnol. J. 12, n/a-n/a (2017).

Litsa, E. E. et al. Machine Learning Guided Atom Mapping of Metabolic

Reactions. J. Chem. Inf. Model. 59, 1121-1135 (2019).
174



256.

257.

258.

259.

260.

261.

262.

263.

Latendresse, M., Malerich, J. P., Travers, M. & Karp, P. D. Accurate Atom-
Mapping Computation for Biochemical Reactions. J. Chem. Inf. Model. 52,
2970-2982 (2012).

Preciat Gonzalez, G. A. et al. Comparative evaluation of atom mapping
algorithms for balanced metabolic reactions: application to Recon 3D. J.
Cheminformatics 9, 39 (2017).

McCloskey, D. et al. Multiple optimal phenotypes overcome redox and
glycolytic intermediate metabolite imbalances in Escherichia coli pgi knockout
evolutions. Appl Env. Microbiol AEM.00823-18 (2018)
doi:10.1128/AEM.00823-18.

McCloskey, D. et al. Evolution of gene knockout strains of E. coli reveal
regulatory architectures governed by metabolism. Nat. Commun. 9, 3796 (2018).
Alper, H., Jin, Y.-S., Moxley, J. F. & Stephanopoulos, G. Identifying gene
targets for the metabolic engineering of lycopene biosynthesis in Escherichia
coli. Metab. Eng. 7, 155-164 (2005).

Heirendt, L. ef al. Creation and analysis of biochemical constraint-based models
using the COBRA Toolbox v.3.0. Nat. Protoc. 14, 639-702 (2019).

Keseler, I. M. et al. The EcoCyc database: reflecting new knowledge about
Escherichia coli K-12. Nucleic Acids Res. 45, D543-D550 (2017).

Segre, D., Vitkup, D. & Church, G. M. Analysis of optimality in natural and
perturbed metabolic networks. Proc. Natl. Acad. Sci. U. S. 4. 99, 1511215117

(2002).

175



264.

265.

266.

267.

268.

269.

270.

271.

272.

Misra, A. et al. Metabolic analyses elucidate non-trivial gene targets for
amplifying dihydroartemisinic acid production in yeast. Front. Microbiol. 4,
(2013).

Long, C. P. & Antoniewicz, M. R. Quantifying Biomass Composition by Gas
Chromatography/Mass Spectrometry. Anal. Chem. 86, 9423-9427 (2014).
Peng, B. ef al. Exogenous Alanine and/or Glucose plus Kanamycin Kills
Antibiotic-Resistant Bacteria. Cell Metab. 21, 249-261 (2015).

Cox, G. et al. A Common Platform for Antibiotic Dereplication and Adjuvant
Discovery. Cell Chem. Biol. 24, 98-109 (2017).

Grenier, F., Matteau, D., Baby, V. & Rodrigue, S. Complete Genome Sequence
of Escherichia coli BW25113. Genome Announc. 2, (2014).

Blair, J. M., Richmond, G. E. & Piddock, L. J. Multidrug efflux pumps in Gram-
negative bacteria and their role in antibiotic resistance. Future Microbiol. 9,
1165-1177 (2014).

Nishino, K., Latifi, T. & Groisman, E. A. Virulence and drug resistance roles of
multidrug efflux systems of Salmonella enterica serovar Typhimurium. Mol.
Microbiol. 59, 126—141 (2006).

Ohl, M. E. & Miller, and S. I. Salmonella: A Model for Bacterial Pathogenesis.
Annu. Rev. Med. 52,259-274 (2001).

Kingsley, R. A. et al. Epidemic multiple drug resistant Salmonella Typhimurium
causing invasive disease in sub-Saharan Africa have a distinct genotype.

Genome Res. 19, 2279-2287 (2009).

176



273.

274.

275.

276.

2717.

278.

Buckner, M. M. C. ef al. Beyond Antimicrobial Resistance: Evidence for a
Distinct Role of the AcrD Efflux Pump in Salmonella Biology. mBio 7, €01916-
16 (2016).

Blair, J. M. A. et al. Expression of homologous RND efflux pump genes is
dependent upon AcrB expression: implications for efflux and virulence inhibitor
design. J. Antimicrob. Chemother. 70, 424—431 (2015).

Webber, M. A. et al. The Global Consequence of Disruption of the AcrAB-TolC
Efflux Pump in Salmonella enterica Includes Reduced Expression of SPI-1 and
Other Attributes Required To Infect the Host. J. Bacteriol. 191, 42764285
(2009).

Wang-Kan, X. et al. Lack of AcrB Efflux Function Confers Loss of Virulence
on Salmonella enterica Serovar Typhimurium. mBio 8, €00968-17 (2017).
Thiele, I. et al. A community effort towards a knowledge-base and mathematical
model of the human pathogen Salmonella Typhimurium LT2. BMC Syst. Biol. 5,
1-9 (2011).

Yizhak, K., Gabay, O., Cohen, H. & Ruppin, E. Model-based identification of
drug targets that revert disrupted metabolism and its application to ageing. Nat.

Commun. 4,2632 (2013).

177



Publications and Presentations

Peer-reviewed Publications

1. Mack, S. G., Turner, R. L. & Dwyer, D. J. Achieving a Predictive
Understanding of Antimicrobial Stress Physiology through Systems Biology.

Trends in Microbiology 26, 296312 (2018).

Manuscripts to be Submitted

1. Lugar, D. J., Mack, S. G. & Sriram, G. NetRed, an Algorithm that Reduces
Large Metabolic Networks and Flux Balance Analysis Results for Easier
Interpretation. (In Preparation) (April 2020).

2. Mack, S. G. & Sriram, G. NetFlow - A Tool for Isolating and Visualizing
Carbon Flows in Metabolic Networks. (In Preparation) (June 2020).

3. Mack, S. G., Lugar, D. J. & Sriram, G. Genome-scale 13C Metabolic Flux
Analysis using a Maximally Reduced Metabolic Model. (In Preparation) (July
2020).

4. Mack, S. G. et al. Genome-Scale Metabolic Flux Analysis of Antibiotic

Resistance in Escherichia coli. (In Preparation) (July 2020).

Delivered Oral Presentations

1. Mack, S. G. et al. Integrated Flux Analysis of Susceptible and Resistant

Escherichia coli under Antibiotic Stress. AICHE Annual Meeting, Orlando

(2019).

178



2. Mack, S. G. et al. Integrated Flux Analysis of Susceptible and Resistant

Escherichia coli under Antibiotic Stress. Metabolic Pathway Analysis, Riga,

Latvia (2019).

Delivered Poster Presentations

1. Mack, S. G., Yarmovsky, D., Kan, X., Piddock, L, & Dwyer, D. J. Exploring

the Metabolic Role of Multidrug-Resistance Efflux Pumps in Salmonella
Typhimurium. COBRA Conference, Seattle (2018).

2. Mack, S. G, Yarmovsky, D., & Dwyer, D. J. Metabolic Modeling of

Susceptible and Resistant Escherichia coli under Antibiotic Stress. ICSB
Annual Meeting, Blacksburg (2017).

3. Mack, S. G., Yarmovsky, D., & Dwyer, D. J. Metabolic Modeling of

Susceptible and Resistant Escherichia coli under Antibiotic Stress. I[CSB
Annual Meeting, Barcelona, Spain (2016).

4. Mack, S. G., Sriram, G., & Dwyer, D. J. Modeling the Impact of f-Lactam

Antibiotics on Phospholipid Production. UMD Research Fest, College Park

(2016).

179



	Sean G. Mack, Doctor of Philosophy, 2020
	Dedication
	Acknowledgements
	Table of Contents
	List of Tables
	List of Figures
	List of Abbreviations
	Chapter 1: Introduction
	1.1 Antimicrobial Mode of Action, Resistance, and Drug-Discovery Efforts
	1.2 Systems-level omics measurements
	1.2.1 The post-genomic dawn of antibiotic-focused transcriptome measurements
	1.2.2 Recent efforts utilizing transcriptomics
	1.2.3 Recent trends in proteomics
	1.2.4 Rapidly expanding metabolomics efforts

	1.3 Modeling metabolism at the genome-scale
	1.3.1 GSMs and FBA
	1.3.2 ‘Omics Integration
	1.3.3  13C Metabolic Flux Analysis
	1.3.4 Generation of Context-specific Models
	1.3.5 Predictions of Metabolic Fluxes

	1.4 Systems biology of antimicrobial resistance and stress physiology
	1.4.1 Application of GSMs to predict antibiotic resistance and stress metabolism
	1.4.2 Modeling secondary and indirect effects of antibiotic stress
	1.4.3 Simulation of dose-dependent and combinatorial treatment effects
	1.4.4 Kinetic modeling of dose-dependent effects

	1.5  Objectives and Outline

	Chapter 2: Integrative Flux Analysis of Antibiotic Resistance in E. coli
	2.1  Introduction
	2.2 Methods
	2.2.1  Strains, Growth Conditions, and Sample Collection
	2.2.2 Transcriptomics Analysis
	2.2.3 NMR Preparation and Data Acquisition
	2.2.4 Hydrolysis of Cell Pellets for GC-MS Analsysis
	2.2.5 Elemental Analysis and TGA
	2.2.6 Outlet CO2 Analysis via Online GC-MS
	2.2.7 RNA-Seq Analysis
	2.2.8 NMR Data Analysis
	2.2.9 Proteinogenic Amino Acid MIDs
	2.2.10 13C Metabolic Flux Analysis
	2.2.11 Modifications to iRL2013
	2.2.12 Mapping Fluxes from iRL2013 to iJO1366
	2.2.12 Integration of transcriptomics data
	2.2.13 Context-specific fluxes and flux bounds
	2.2.14 Differential flux analysis
	2.2.15 Semi-loopless model

	2.3 Results
	2.3.1 Biomass Analysis
	2.3.2 Increased CO2 Production in Resistant Strains
	2.3.3 Altered Transcriptomics Profiles in Resistant Strains
	2.3.4 13C MFA Flux Estimates
	2.3.5 GSM Flux Predictions
	2.3.6 Context-Specific Flux Analysis
	2.3.7 Resistance Broadly Alters Core Metabolism
	2.3.8 Condition-specific Changes to Glycine, Threonine, Folate Metabolism
	2.3.9 Increased Murein Cycling in tetRA
	2.3.10 Altered Nucleotide Metabolism under Trimethoprim Stress

	2.4 Discussion
	2.4.1 Evaluation of Technical Approach
	2.4.2 Metabolic Phenotype of Resistance
	2.4.3 Impact of TetA Expression on Metabolism in tetRA
	2.4.4 Modulation of Metabolism in dhfr

	2.5 Conclusion

	Chapter 3: NetRed - A Tool for Generating Reduced Genome-Scale Models of Metabolism
	3.1  Introduction
	3.2 Methods
	3.2.1 Core NetRed Implementation
	3.2.2 Handling of Multiple Fluxes
	3.2.3 Identification and Removal of Infeasible Loops
	3.2.4 Generation of Lumped Biomass Reaction
	Collapsing degenerate biomass reactions
	Validation of lumped biomass equation

	3.2.5 Context-specific Reduced GSMs
	3.2.6 Generation of Functional Reduced Models
	3.2.7 Forward 13C Isotope Labeling Experiment Simulations
	3.2.8 Generation of Lumped Atom Mapping Matrices
	3.2.9 Validation of Reduced MFA Models

	3.3 Results
	3.3.1 Case Study 1:  Aerobic and Anaerobic Growth in E. coli
	3.3.2 Case Study 2: Yeast KOs to Increase Artemisinin Production
	3.3.3 Case Study 3: Toy MFA Model Reduction
	3.3.4 Case Study 4: Reduction of GS-MFA Model

	3.4 Discussion
	3.4.1 Simplified Analysis of Aerobic and Anaerobic Metabolism
	3.4.2 Elucidation of Mechanism Driving DHA Production in Yeast KO
	3.4.3 Development and Validation of NetRed-MFA
	3.4.4 Effective Implementation

	3.5 Conclusion

	Chapter 4: NetFlow - A Tool for Isolating and Visualizing Carbon Flows in Metabolic Networks
	4.1  Introduction
	4.2 Methods
	4.2.1 Metabolic Network Models and Flux Predictions
	4.2.2 NetFlow Implementation
	4.2.3 Steady State 13C ILE Simulations

	4.3 Results
	4.3.1 Case Study 1:  Succinate Production in E. coli CCM
	4.3.2 Case Study 2: Increased Lycopene Production in Triple KO E. coli

	4.4 Discussion
	4.4.1 Carbon Flow through CCM Highlights Importance of Carbon Yield
	4.4.2 Elucidation of Mechanism Driving Lycopene Production in E. coli
	4.4.3 Effective Implementation of NetFlow

	4.5 Conclusion

	Chapter 5: Conclusions and Future Work
	5.1  Conclusions
	5.2 Future Work
	5.2.1 NetRed-MFA: The Final Piece
	5.2.1 Validation of Computational Pipeline
	5.2.3 Validation of Phenotype Predictions
	5.2.4 Expanding Scope to Additional Antibiotic Classes and Mechanisms of Resistance
	5.2.5 Impact of Multidrug-Resistant Efflux Pumps


	Appendix A: Supplementary Figures
	Appendix B: Supplementary Table Captions
	Appendix B1: Description
	Appendix B2: Chapter 2 Tables
	Appendix B3: Chapter 3 Tables
	Appendix B4: Chapter 4 Tables

	Appendix C: Matlab Code
	Bibliography
	Publications and Presentations
	Peer-reviewed Publications
	Manuscripts to be Submitted
	Delivered Oral Presentations
	Delivered Poster Presentations


