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I. Abstract	

Antimicrobial	 resistance	 poses	 a	 critical	 threat	 to	 global	 health,	 demanding	 innovative	

approaches	to	mitigate	 its	 impact.	This	study	investigates	metabolic	adaptations	underlying	

antibiotic	 resistance,	 focusing	 on	 the	 New	 Delhi	 metallo-β-lactamase	 enzyme,	 which	

hydrolyses	 carbapenems	 and	 confers	 high-level	 resistance.	 The	 primary	 objective	 was	 to	

identify	metabolic	vulnerabilities	in	resistant	Escherichia	coli	strains	that	could	be	exploited	as	

therapeutic	targets	to	mitigate	resistance.	By	characterising	strain-specific	metabolic	changes	

under	 both	 basal	 and	meropenem	exposure,	 this	 study	 aims	 to	 inform	 the	development	 of	

combination	therapies	pairing	antibiotics	with	metabolic	inhibitors.	

Using	 genetically	 engineered	 bacterial	 strains	 –	 wild-type,	 meropenem-susceptible,	 and	

meropenem-resistant	 –	 untargeted	metabolomics	 was	 performed,	 employing	 an	 optimised	

anion	 exchange	 chromatography-mass	 spectrometry	 method.	 Comprehensive	 analysis	

revealed	significant	metabolic	reprogramming	associated	with	plasmid	carriage	and	New	Delhi	

metallo-β-lactamase-7	 gene	 expression.	 Key	 pathways	 impacted	 included	 nucleotide	

metabolism,	 central	 carbon	 metabolism,	 and	 amino	 acid	 biosynthesis,	 highlighting	 critical	

differences	between	resistant	and	non-resistant	strains.	

These	findings	demonstrate	that	metabolic	changes	associated	with	resistance	impose	unique	

vulnerabilities	 in	 resistant	 strains,	 presenting	 promising	 target	 for	 disruption.	 This	 work	

highlights	 the	utility	of	metabolomics	 in	uncovering	strain-specific	metabolic	dependencies,	

advancing	efforts	to	combat	antimicrobial	resistance	through	innovative	therapeutic	strategies	

that	enhance	antibiotic	efficacy.	 	
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FDA	 USA	Food	and	Drug	Administration	
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OD	 Optical	density	
OD600	 Optical	density	at	a	wave	length	of	600	nm	
OPLS-DA	 Orthogonal	PLS-DA		
OXPHOS	 Oxidative	phosphorylation	
oxyATP	 Oxidative	ATP	production	
PBPs	 Penicillin-binding	proteins	
PBS	 Phosphate-buffered	saline		
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Chapter	1 Introduction	
1.1 Antimicrobial	resistance	

Antimicrobial	resistance	(AMR)	is	one	of	the	most	urgent	contemporary	challenges	for	global	

healthcare,	posing	a	major	threat	to	public	health	and	modern	medicine.1,2	AMR	occurs	when	

microorganisms,	 including	 bacteria,	 fungi,	 viruses,	 and	 parasites,	 evolve	 mechanisms	 to	

withstand	 the	 effects	 of	 antimicrobial	 agents,	 rendering	 these	 treatments	 ineffective.3	 The	

phenomenon	 leads	 to	 increased	 morbidity,	 mortality,	 and	 healthcare	 costs.4-6	

Antibiotic-resistant	infections	are	particularly	concerning,	as	they	compromise	the	treatment	

of	 common	 bacterial	 diseases,	 such	 as	 pneumonia,	 urinary	 tract	 infections,	 and	 sepsis.7	

Alarmingly,	 the	 rate	 at	 which	 AMR	 is	 developing	 far	 exceeds	 the	 pace	 of	 new	 antibiotic	

discovery	and	development,	exacerbating	the	challenge.2,8	It	is	estimated	that,	by	2050,	AMR	

could	lead	to	10	million	deaths	annually	and	a	cumulative	economic	cost	of	$100	trillion	if	left	

unaddressed.9-11	

The	mechanisms	by	which	microbial	pathogens	evolve	resistance	to	antibiotics	are	diverse	and	

interconnected,	often	involving	genetic	mutations,	horizontal	gene	transfer	(HGT),	and	biofilm	

formation.12-15	HGT	in	particular,	enables	the	rapid	dissemination	of	resistance	genes	across	

bacterial	 populations,	 often	 via	 plasmids	 and	 transposons.16	 As	 a	 result,	 the	 spread	 of	

multidrug-resistant	 organisms	 (MDROs)	 in	 clinical	 and	 environmental	 settings	 has	 been	

accelerated.17	 The	 emergence	 of	 carbapenem-resistant	 Enterobacteriaceae	 (CRE),	 which	

includes	resistant	Escherichia	coli	(E.	coli)	strains,	exemplifies	the	critical	challenges	posed	by	

AMR.18	These	pathogens	not	only	limit	therapeutic	options	but	also	increase	the	likelihood	of	

treatment	failures,	further	exacerbating	the	public	health	burden.	

The	global	implications	of	AMR	extend	beyond	healthcare.	In	agriculture,	the	widespread	use	

of	antibiotics	as	growth	promoters	has	contributed	to	the	selection	of	resistant	strains,	which	

can	 transfer	 to	 humans	 through	 the	 food	 chain.1	 In	 the	 environment,	 improper	 disposal	 of	

antibiotics	has	created	reservoirs	of	resistance	genes	in	soil	and	water	systems.19	Addressing	
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AMR,	 therefore,	requires	a	multifaceted	approach	that	encompasses	healthcare,	agriculture,	

and	environmental	stewardship.	

To	combat	AMR	effectively,	it	is	imperative	to	understand	the	biological	mechanisms	driving	

resistance.	 While	 genetic	 adaptations	 have	 been	 extensively	 studied,	 the	 role	 of	 bacterial	

metabolism	in	 facilitating	resistance	 is	 less	well	understood.20	Metabolic	pathways	not	only	

sustain	 cell	 growth	 and	 survival	 but	 also	 mediate	 stress	 responses	 under	 antibiotic	

pressure.21,22	By	 investigating	the	metabolic	adaptations	associated	with	resistance,	 there	 is	

potential	to	reveal	novel	therapeutic	targets.	In	order	to	explore	this	potential,	the	following	

thesis	adopts	a	metabolic	perspective	to	uncover	the	 interplay	between	antibiotic	exposure	

and	bacterial	metabolism,	with	a	specific	focus	on	E.	coli	as	a	model	organism.	

 Metallo-β-lactamase	

β-Lactams,	including	penicillins,	cephalosporins,	and	carbapenems,	represent	a	cornerstone	of	

current	antimicrobial	therapy	and	are	among	the	most	widely	used	and	clinically	important	

classes	of	antibiotics,	constituting	over	60%	of	global	antibiotic	prescription	due	to	their	ability	

to	inhibit	bacterial	cell	wall	synthesis.23-25	Carbapenems,	in	particular,	are	often	considered	the	

last-resort	 antibiotics	 treatment	 for	 infections	 caused	 by	 multidrug-resistant	 bacteria.26,27	

However,	the	increasing	prevalence	of	metallo-β-lactamases	(MBLs),	a	class	of	enzymes	that	

confer	 resistance	 to	 nearly	 all	 β-lactam	 antibiotics,	 has	 substantially	 undermined	 their	

therapeutic	value.28,29		

MBLs	function	by	hydrolysing	the	β-lactam	ring,	a	structural	feature	critical	for	the	bactericidal	

activity	of	β-lactam,	rendering	these	antibiotics	 ineffective.30	The	hydrolysis	of	 the	β-lactam	

ring	prevents	β-lactams	from	effectively	inhibiting	penicillin-binding	proteins	(PBPs),	which	

are	 essential	 for	 bacterial	 cell	 wall	 synthesis.31	 The	 catalytic	 activity	 of	 MBLs	 depends	 on	

divalent	metal	ions,	typically	zinc,	at	their	active	site,	which	facilitate	the	nucleophilic	attack	on	

the	 β-lactam	 ring,	 leading	 to	 its	 cleavage.32	 Unlike	 serine	 β-lactamases,	which	 use	 a	 serine	

residue	in	their	active	site,	MBLs	rely	exclusively	on	these	metal	ions,	making	them	distinct	in	

their	mechanism	of	action.33	
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The	 broad	 substrate	 specificity	 of	 MBLs	 allows	 them	 to	 target	 a	 wide	 range	 of	 β-lactam	

antibiotics,	 including	 carbapenems,	 cephalosporins,	 and	 penicillins.34	 Alarmingly,	

MBL-producing	 bacteria	 exhibit	 resistance	 to	 most	 commercially	 available	 β-lactamase	

inhibitors,	 such	as	clavulanic	acid,	which	are	designed	 to	 target	serine	β-lactamases.32	Such	

resistance	 drastically	 limits	 therapeutic	 options	 and	 poses	 a	 serious	 clinical	 challenge,	

particularly	 as	 it	 is	 estimated	 that	 carbapenem	 resistance	 rates	 exceed	 50%	 in	 certain	

regions.35,36	The	dissemination	of	MBLs	has	been	facilitated	by	their	frequent	localization	on	

plasmids,	which	can	be	horizontally	transferred	between	bacterial	populations.37	The	rise	of	

MBL-mediated	 resistance	 draws	 attention	 to	 the	 urgent	 need	 for	 alternative	 therapeutic	

strategies	to	counteract	its	escalating	impact.	

1.1.1.1 Role	of	Plasmids	in	antimicrobial	resistance	study	

The	rapid	expansion	of	MBLs	is	largely	driven	by	plasmids,	which	are	mobile	genetic	elements	

capable	of	HGT	between	bacteria,	including	those	from	different	species	and	genera.38	Plasmids	

play	a	pivotal	role	in	spreading	resistance	genes,	often	carry	multiple	resistance	determinants,	

enabling	 bacteria	 to	 withstand	 diverse	 classes	 of	 antibiotics.39	 HGT	 via	 conjugation,	

transformation,	 or	 transduction	 facilitates	 the	 rapid	 acquisition	 of	 resistance	 traits,	 even	

among	phylogenetically	distant	bacterial	species.40		

In	 addition	 to	 promoting	 dissemination,	 plasmids	 enhance	 bacterial	 adaptability	 by	

introducing	 genetic	 variability.	 The	 adaptability	 allows	 bacteria	 to	 thrive	 in	 diverse	 and	

challenging	environments,	such	as	those	with	high	antibiotic	pressure.39	Hence,	plasmids	not	

only	 confer	 antibiotic	 resistance	 traits,	 but	 also	 have	 the	 potential	 to	 influence	 bacterial	

metabolism.	Understanding	these	metabolic	effects	is	critical,	as	they	must	be	accounted	for	in	

biological	 models	 to	 ensure	 accurate	 interpretation	 of	 metabolic	 changes	 and	 resistance	

mechanisms.	

Beyond	 their	 natural	 role	 in	 antimicrobial	 resistance,	 plasmids	 are	 invaluable	 tools	 in	

molecular	biology	and	genetic	engineering.	Their	ability	to	carry	and	replicate	genetic	material	

makes	them	essential	for	cloning,	gene	modification,	and	the	study	of	resistance	mechanisms.	
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Leveraging	plasmids	provides	crucial	insights	into	antimicrobial	resistance	and	supports	the	

development	of	innovative	therapeutic	strategies.	

1.1.1.2 Clinical	significance	of	NDM-7	

Among	the	diverse	MBLs,	the	New	Delhi	Metallo-β-lactamase	(NDM)	family	has	emerged	as	a	

critical	focus	of	global	AMR	research	due	to	its	rapid	spread,	broad	substrate	specificity,	and	

substantial	clinical	impact.41	First	identified	in	2008,	NDM	enzyme	production	as	a	resistance	

mechanism	 has	 rapidly	 spread	 worldwide,	 with	 outbreaks	 reported	 in	 healthcare	 settings	

across	multiple	continents.37	NDM-7,	a	clinically	meaningful	variant	of	the	NDM	family,	exhibits	

enhanced	hydrolytic	activity	and	broader	resistance	profile	compared	to	earlier	variants.42,43	

The	mobility	of	NDM-7	exacerbates	its	clinical	impact,	as	it	allows	for	the	rapid	acquisition	of	

resistance	traits	within	bacterial	populations.	Understanding	the	metabolic	consequences	of	

NDM-7	 expression	 and	 its	 role	 in	 AMR	 is	 crucial	 for	 informing	 the	 development	 of	 novel	

therapeutic	approaches	aimed	at	mitigating	its	threat.	

1.2 The	role	of	metabolism	in	antibiotic	resistance	

Bacterial	metabolism	plays	an	important	role	in	survival	under	antibiotic	stress	by	supplying	

ATP	and	metabolic	precursors	necessary	for	maintaining	cellular	functions	and	counteracting	

antibiotic-induced	 damage.44,45	 Antibiotics	 have	 been	 shown	 to	 exert	 general	 and	 selective	

pressure	 by	 targeting	 essential	 molecular	 processes,	 disrupting	 cellular	 homeostasis	 and	

triggering	metabolic	adaptations	aimed	at	restoring	balance	and	maintaining	viability.46		

Antibiotic	treatment	has	been	shown	to	induce	cellular	stress	by	disrupting	normal	bacterial	

physiology	leading	to	oxidative	damage,	impaired	energy	production,	or	inhibition	of	essential	

biosynthetic	 pathways.47-49	 The	 effects	 of	 antibiotic	 treatment	 have	 been	 shown	 to	 include	

oxidative	 stress	 due	 to	 increased	 levels	 of	 reactive	 oxygen	 species	 (ROS).	 ROS	 formation,	

including	hydrogen	peroxide	(H2O2)	and	superoxide	anions,	can	damage	proteins,	lipids,	and	

nucleic	acids.50,51	To	counteract	oxidative	damage,	bacteria	activate	stress-response	pathways	

that	 rely	 on	 metabolic	 reprogramming.52	 For	 example,	 glycolysis	 and	 oxidative	

phosphorylation	may		be	upregulated	to	generate	ATP	required	for	detoxification	pathways,	
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such	as	those	mediated	by	catalases	and	superoxide	dismutases.53-56		Glycolysis	supplies	ATP	

and	 biosynthetic	 precursors,	 while	 oxidative	 phosphorylation	 generates	 ATP	 through	 the	

electron	 transport	 chain	 found	 in	 the	 plasma	membrane	 of	 bacteria.57	 These	 pathways	 are	

particularly	 important	under	antibiotic	 stress,	as	 they	supply	 the	energy	required	 to	repair	

damaged	cellular	components	and	maintain	redox	homeostasis.58-60		

In	addition	to	general	stress	responses,	it	has	been	shown	that	bacteria	have	developed	specific	

genetic	adaptations	in	response	to	particular	antibiotics.	These	adaptations	often	include	the	

expression	 of	 enzymes	 that	 degrade	 or	modify	 efflux	 pumps	 to	 expel	 the	 drug,	 or	 biofilm	

formation	 to	 reduce	 drug	 penetration.61-64	 These	 adaptations	 involve	mechanisms	 that	 are	

intrinsically	tied	to	bacterial	metabolism.	For	instance,	efflux	pumps	require	substantial	energy	

in	 the	 form	 of	 ATP	 or	 proton	 motive	 force,	 while	 the	 production	 of	 antibiotic-degrading	

enzymes,	 such	 as	 β-lactamases,	 depends	 on	 biosynthetic	 precursors	 derived	 from	 central	

carbon	metabolism.59,65		

The	interplay	between	antibiotic	mechanisms	of	action	and	bacterial	resistance	strategies	is	

summarised	in	Figure	1.1,	which	highlights	the	targets	of	antibiotics	and	the	corresponding	

resistance	mechanisms	employed	by	bacteria.66-69	
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Antibiotic-specific	responses	also	intersect	with	broader	metabolic	processes.70	For	example,	

exposure	to	aminoglycosides	such	as	kanamycin	has	been	shown	to	increase	ROS	production,	

necessitating	 heightened	 activation	 of	 antioxidant	 pathways.71,72	 Similarly,	 antibiotics	

targeting	 peptidoglycan	 biosynthesis,	 such	 as	 β-lactams,	 may	 redirect	 metabolic	 fluxes	 to	

compensate	for	impaired	cell	wall	construction.22,73,74	These	metabolic	adaptations	highlight	

the	 relationship	 between	 genetic	 and	 metabolic	 responses	 which	 are	 utilised	 to	 enabling	

bacterial	survival	under	antibiotic	pressure.		

Bacterial	metabolism	 serves	 as	 the	 central	 hub	 that	 orchestrates	 both	 general	 and	 specific	

responses	to	antibiotic	exposure.58,59	The	flexibility	of	metabolic	networks	allows	bacteria	to	

reallocate	 resources	 to	 pathways	 that	 mitigate	 stress,	 maintain	 energy	 production,	 and	

neutralise	 antibiotic	 effects.59,75	 These	 metabolically	 driven	 processes	 are	 not	 mutually	

exclusive	but	synergise	to	promote	survival.	52,76,77	Understanding	how	metabolism	supports	

Figure	1.1	Antibiotic	mechanisms	of	action	and	bacterial	resistance	strategies.	This	diagram	depicts	the	dual	
aspect	 of	 antibiotic	 activity	 and	 bacterial	 resistance.	The	 antibiotic	 target	 sites	 include	 (1)	 Inhibition	 of	 cell	wall	
synthesis,	which	disrupts	 structural	 integrity;	 (2)	 Inhibition	of	 protein	 synthesis,	 interfering	with	 essential	 protein	
production;	(3)	Inhibition	of	nucleic	acid	synthesis,	preventing	DNA	replication	or	transcription;	(4)	Antimetabolite	
activity,	 targeting	 pathways	 essential	 for	 synthesising	 key	 metabolites;	 and	 (5)	 Alteration	 of	 the	 cell	 membrane,	
compromising	membrane	integrity.	In	response,	bacteria	employ	resistance	mechanisms	such	as	(a)	Efflux	pumps	to	
expel	antibiotics;	(b)	Decreased	uptake	by	altering	membrane	permeability;	(c)Target	alterations	to	reduce	antibiotic	
binding	efficacy;	(d)	Production	of	alternative	enzymes	to	sustain	essential	 functions;	and	(e)Enzymes	to	 inactivate	
antibiotics.	

(1) 

(2) 

(a) 

(3) 

(4) 

(b) 

(c) 

(d) 

(5) 

(e) 
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and	 integrates	 these	adaptive	 strategies	 is	 therefore	critical	 to	understanding	how	bacteria	

respond	to	antibiotic	treatment	as	well	as	 identifying	potential	vulnerabilities	that	could	be	

exploited	 therapeutically.60,74	 Insights	 into	 these	 metabolic	 changes	 may	 also	 inform	 the	

development	 of	 interventions	 that	 disrupt	 bacterial	 metabolic	 resilience	 in	 ways	 that	 can	

enhance	the	efficacy	of	existing	antibiotics.	

 Stress	response	and	metabolic	adaptation	in	bacteria	

ROS	production	is	a	common	consequence	of	antibiotic	treatment,	particularly	with	agents	that	

disrupt	 electron	 transport	 chain	 (ETC)	 or	 generate	 redox	 imbalance.58,60,74	 Oxidative	 stress	

poses	a	challenge	to	bacterial	survival,	leading	to	upregulation	of	antioxidant	systems	such	as	

glutathione,	 catalase,	 peroxidases,	 and	 superoxide	 dismutases	 (SOD).50,78,79	 Figure	 1.2	

illustrates	the	pathways	involved	in	ROS	generation	and	detoxification,	highlighting	the	role	of	

antioxidant	 enzymes	 in	 mitigating	 oxidative	 damage.80-84	 The	 glutathione	 (GSH)	 system	

reduces	 hydrogen	 peroxide,	 while	 SOD	 convert	 superoxide	 radicals	 into	 less	 reactive	

molecules.59,73	Additionally,	enzymes	such	as	thioredoxins	(Trx)	and	peroxiredoxins	(Prx)	play	

critical	roles	in	repairing	oxidised	proteins	and	further	support	redox	stability.	
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Antibiotic	pressure	also	induces	metabolic	changes	that	can	confer	specific	advantages.59,85	In	

resistant	strains,	metabolic	reprogramming	often	involves	the	activation	of	alternative	energy	

production	pathways,	such	as	anaerobic	respiration	or	fermentation,	which	minimizes	reliance	

on	 pathways	 targeted	 by	 antibiotics.86	 Additionally,	 the	modulation	 of	 lipid	 and	 nucleotide	

biosynthesis	supports	membrane	integrity	and	genetic	replication,	both	of	which	are	critical	

for	survival	under	stress.87-89	These	adaptive	strategies	highlight	the	importance	of	metabolism	

as	a	central	determinant	of	bacterial	resilience.	

Despite	 these	 insights,	 considerable	 gaps	 remain	 in	 understanding	 how	 different	 energy	

substrates	influence	antibiotic	responses.	For	instance,	it	is	not	fully	elucidated	how	bacteria	

prioritise	 specific	 metabolic	 pathways	 under	 stress	 or	 how	 variations	 in	 carbon	 source	

availability	 modulate	 these	 responses.59,73	 Understanding	 these	 dynamics	 could	 provide	 a	

Figure	1.2	ROS	generation	and	detoxification	pathways	in	bacterial	metabolism.	Antibiotic-induced	disruption	
of	the	ETC	or	TCA	cycle	leads	to	ROS	production,	such	as	superoxide	(O2-),	which	is	further	converted	into	hydrogen	
peroxide	 (H2O2).	 	 To	 counteract	 oxidative	 stress,	 bacteria	 upregulate	 antioxidant	 defence	 systems,	 including	
superoxide	 dismutases	 (SOD),	 which	 convert	 superoxide	 into	 less	 reactive	 molecules,	 and	 catalases	 (Kat),	
peroxiredoxins	(Prx),	thioredoxins	(Trx),	and	glutathione	(GSH)	system	reduce	hydrogen	peroxide.	These	detoxification	
mechanisms	are	crucial	for	bacterial	survival	under	antibiotic	stress,	preventing	oxidative	damage	to	essential	cellular	
components.	
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foundation	 for	 targeting	 bacterial	 metabolism	 therapeutically,	 disrupting	 resilience	

mechanisms,	 and	 enhancing	 the	 efficacy	 of	 antibiotic	 treatments.58,74	 A	 comprehensive	

perspective	 on	 central	 carbon	 metabolism	 and	 its	 response	 to	 antibiotics	 will	 serve	 as	 a	

fundamental	framework	throughout	this	thesis.		

 Metabolic	pathways	as	antibiotic	targets		

Targeting	 bacterial	 metabolism	 offers	 a	 promising	 antimicrobial	 strategy,	 either	 as	 a	

standalone	 approach	 or	 to	 enhance	 existing	 antibiotic	 treatment	 efficacy.45,90	 Metabolic	

pathways	essential	for	survival	under	antibiotic	exposure	can	be	disrupted	to	impair	bacterial	

viability.91	Sulphonamides	and	trimethoprim,	which	inhibit	folate	biosynthesis,	exemplify	the	

success	 of	 this	 approach	by	 targeting	 critical	 steps	 in	 nucleotide	 synthesis,	 thereby	halting	

bacterial	 replication.92-94	 Sulphonamides	 act	 as	 competitive	 inhibitors	 of	 dihydropteroate	

synthase,	while	trimethoprim	targets	dihydrofolate	reductase,	both	of	which	are	indispensable	

for	folate	production.	

More	recently,	bedaquiline,	an	anti-tuberculosis	drug,	has	been	shown	to	specifically	inhibit	

ATP	 synthase,	 thereby	 impairing	 oxidative	 phosphorylation	 and	 depleting	 cellular	 energy	

stores.95	 Bedaquiline	 is	 now	 used	 for	 the	 treatment	 of	 multidrug-resistant	 tuberculosis	

(MDR-TB),	where	its	ability	to	disrupt	energy	metabolism	has	substantially	improved	patient	

outcomes.96	 Currently,	 its	 application	 is	 limited	 to	 tuberculosis	 treatment,	 as	 it	 targets	ATP	

synthase	specifically	in	Mycobacterium	tuberculosis.	The	specificity	highlights	the	opportunity	

for	developing	similar	drugs	to	target	energy	metabolism	in	other	pathogenic	bacteria.	While	

bacterial	energy	metabolism	offers	an	attractive	 therapeutic	 target,	 identifying	universal	or	

strain-specific	vulnerabilities	across	diverse	pathogens	remains	a	major	hurdle.	

Elucidating	metabolic	 pathway	 dependencies	 in	 bacterial	 responses	 to	 antibiotic	 exposure,	

whether	 in	resistant	or	susceptible	strains,	has	 the	potential	 to	uncover	vulnerabilities	 that	

could	 be	 exploited	 therapeutically.97	 One	 of	 the	 aims	 of	 this	 thesis	 is	 to	 elucidate	 such	

vulnerabilities	by	analysing	metabolic	adaptations	in	E.	coli	strains	with	and	without	resistance	

traits	and	their	responses	to	antibiotic	treatment.	It	is	intended	that	by	characterising	these	
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metabolic	responses,	a	deeper	understanding	of	bacterial	survival	mechanisms	could	inform	

the	development	of	novel	interventions	to	combat	AMR.	

1.2.2.1 Targeting	ATP	synthesis	and	isoprenoid	biosynthesis	

The	 use	 of	 bedaquiline	 represented	 a	 paradigm	 shift	 in	 the	 treatment	 of	 tuberculosis	 by	

targeting	bacterial	energy	metabolism	instead	of	the	traditional	biosynthetic	targets	such	as	

cell	wall	synthesis,	protein	synthesis,	or	nucleic	acid	synthesis.98	By	specifically	inhibiting	ATP	

synthase,	 bedaquiline	 disrupts	 oxidative	 phosphorylation,	 leading	 to	 ATP	 depletion	 and	

eventual	 bacterial	 cell	 death.99	 Its	 selective	 action	 against	Mycobacterium	 tuberculosis	 was	

particularly	 important	 for	 treating	 MDR-TB,	 where	 therapeutic	 options	 had	 become	

limited.100,101		

The	specificity	of	bedaquiline	lies	in	its	ability	to	target	the	F0F1-ATP	synthase	in	M.	tuberculosis,	

which	 is	 structurally	distinct	 from	 the	ATP	 synthase	 in	 eukaryotic	 cells.102	 Such	distinction	

minimises	 off-target	 effects	 and	 prevents	 interference	 with	 host	 ATP	 production,	 making	

bedaquiline	highly	effective	with	limited	host	toxicity.	The	prokaryotic-specific	nature	of	this	

target	exemplifies	a	major	advantage	of	drugs	designed	to	inhibit	bacterial	metabolic	pathways,	

as	they	exploit	fundamental	differences	between	bacterial	and	host	cell	physiology.	

Bedaquiline	therefore	illustrates	the	potential	of	exploiting	bacterial	energy	metabolism	as	a	

therapeutic	strategy,	especially	for	pathogens	with	limited	treatment	options.	The	specificity	

of	 bedaquiline	 serves	 as	 an	 important	 reminder	 of	 the	 advantages	 of	 targeting	

prokaryotic-specific	pathways,	a	theme	that	will	be	further	explored	in	Chapter	5,	stressing	the	

importance	of	this	specificity.		

Another	example	of	metabolic	targeting	is	fosmidomycin,	an	antibiotic	primarily	investigated	

for	 the	 treatment	 of	 malaria	 and	 bacterial	 infections	 caused	 by	 E.	 coli,	 Salmonella,	 and	

Haemophilus	 influenzae.103,104	 Fosmidomycin	 inhibits	 the	 non-mevalonate	 pathway	 of	

isoprenoid	biosynthesis,	also	known	as	the	methylerythritol	phosphate	(MEP)	pathway,	which	

is	critical	for	the	production	of	isoprenoids,	essential	components	of	bacterial	cell	membranes	

and	metabolic	functions.105	MEP	pathway	is	present	in	many	eubacteria,	including	the	major	
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human	pathogen,	M.	tuberculosis,	as	well	as	apicomplexan	protozoa	like	Plasmodium	species	

that	cause	malaria,	but	it	is	absent	in	human	and	livestock.106	Such	unique	specificity	makes	

fosmidomycin	 particularly	 attractive,	 as	 it	 targets	 a	 pathway	 distinct	 from	 host	 metabolic	

processes,	thereby	minimising	off-target	effects.	

Fosmidomycin	 has	 demonstrated	 effectiveness	 against	 certain	 Gram-negative	 bacteria	 and	

Plasmodium	falciparum,	the	causative	agent	of	malaria.107	However,	its	antibacterial	activity	is	

limited,	particularly	 ineffective	against	most	Gram-positive	bacteria	due	 to	 lack	of	 the	MEP	

pathway	 target	 and	 poor	 uptake	 mechanisms.108,109	 Despite	 its	 specificity,	 resistance	 to	

fosmidomycin	can	develop	through	mutations	in	genes	encoding	enzymes	of	the	MEP	pathway	

or	alterations	in	transport	systems	required	for	its	uptake.110	The	absence	of	the	MEP	pathway	

in	eukaryotes,	including	humans	and	livestock,	highlights	the	potential	for	fosmidomycin	to	be	

used	selectively	to	target	bacterial	pathogens	in	agriculture	without	affecting	host	cells.	These	

examples	 emphasise	 the	 important	 potential	 of	 targeting	 metabolic	 processes	 that	 are	

essential	 for	 bacterial	 survival	 yet	 distinct	 from	 those	 in	 host	 cells.	 While	 application	 of	

fosmidomycin	 in	 AMR	 settings	 has	 been	 limited,	 its	 specificity	 demonstrates	 the	 broader	

viability	of	metabolic	targeting	as	an	approach	to	address	antimicrobial	resistance.		

1.2.2.2 Universal	and	specific	metabolic	effects	of	antibiotics	

Antibiotics	 have	 been	 shown	 to	 elicit	 both	 universal	 and	 specific	 effects	 on	 bacterial	

metabolism.111-113	Universal	effects	include	disruption	of	central	metabolic	pathways,	such	as	

glycolysis,	 the	 TCA	 cycle,	 and	 oxidative	 phosphorylation,	 which	 are	 critical	 for	 energy	

production	and	biosynthesis.50,114	 These	pathways	are	 commonly	 affected	 regardless	of	 the	

antibiotic	 class,	 as	 they	 underpin	 the	 core	 metabolic	 processes	 required	 for	 growth	 and	

adaptation	under	stress.	

In	contrast,	specific	metabolic	effects	have	been	associated	with	the	mechanism	of	action	for	

individual	 classes	 of	 antibiotics.	 For	 example,	 β-lactams	 primarily	 target	 peptidoglycan	

biosynthesis,	a	process	critical	for	maintaining	bacterial	cell	wall	integrity.	Although	this	is	a	

specific	target,	the	inhibition	of	cell	wall	synthesis	can	indirectly	disrupt	energy	production	and	
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central	metabolic	pathways	due	to	the	energetic	demands	of	cell	wall	repair	and	maintenance	

under	 antibiotic	 exposure.69	 Similarly,	 aminoglycosides,	 by	 binding	 to	 bacterial	 ribosomes,	

impair	protein	synthesis	and	disrupt	processes	reliant	on	accurate	gene	translation,	such	as	

the	 synthesis	 of	 enzymes	 involved	 in	 central	 metabolism.115	 The	 effects	 on	metabolism	 at	

multiple	 levels,	 from	 general	 	 to	 specific	 antibiotic	 mechanisms,	 highlight	 the	 strong	

interconnection	between	bacterial	metabolism	and	antibiotic	efficacy	and	susceptibility.	

The	work	in	this	thesis	explores	how	antibiotics	influence	bacterial	metabolism	by	analysing	

the	metabolic	responses	of	different	strains	of	E.	coli	with	and	without	resistance	mechanisms.	

The	aim	is	to	delineate	both	universal	metabolic	changes,	including	those	specific	to	resistance	

phenotypes,	 providing	 insights	 into	 potential	 vulnerabilities	 to	 inform	 the	 development	 of	

novel	therapeutic	strategies.	

1.3 E.	coli	as	a	model	in	antimicrobial	resistance	research	

E.	coli	is	a	Gram-negative	bacterium	belonging	to	the	Enterobacteriaceae	family,	widely	used	as	

a	 model	 organism	 in	 molecular	 biology,	 genetics,	 and	 microbiology	 due	 to	 its	

well-characterized	genome,	rapid	growth	rate,	and	ease	of	genetic	manipulation.116-119	It	has	

contributed	 to	 key	 discoveries	 in	 gene	 regulation,	 the	 development	 of	 recombinant	

deoxyribonucleic	acid	(DNA),	and	synthetic	biology,	making	it	a	fundamental	tool	in	laboratory	

research.120-122		

Beyond	its	role	as	a	research	model,	E.	coli	is	a	clinically	significant	pathogen	responsible	for	a	

wide	range	of	infections,	including	urinary	tract	infections	(UTIs),	bloodstream	infections,	and	

sepsis.123-125	 	 It	 is	 also	 a	 major	 cause	 of	 hospital-acquired	 infections,	 particularly	 those	

associated	 with	 catheters	 and	 invasive	 medical	 procedures.126-128	 	 The	 emergence	 of	

multidrug-resistant	 (MDR)	E.	 coli,	 has	 complicated	 treatments,	 leading	 to	 higher	mortality,	

prolonged	hospital	stays,	and	increased	healthcare	costs.129-131	

Due	 to	 its	 genetic	plasticity	and	ability	 to	acquire	 resistance	genes	via	HGT,	E.	 coli	 is	 a	key	

system	 for	 studying	 AMR	 evolution,	 plasmid-mediated	 resistance,	 and	 antibiotic-induced	

metabolic	changes.132-134	Investigating	metabolic	adaptations	provides	insight	into	fitness	costs,	
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compensatory	mechanisms,	and	potential	metabolic	vulnerabilities	that	could	be	exploited	for	

novel	 therapeutic	 strategies.	 Given	 its	 dual	 role	 as	 both	 a	model	 organism	 and	 a	 clinically	

relevant	 AMR	 pathogen,	 E.	 coli	 is	 an	 essential	 system	 for	 studying	 physiology,	 antibiotic	

resistance,	and	novel	antimicrobial	interventions.135,136	

 Plasmid-mediated	resistance	in	E.	coli	

Plasmids	play	a	central	role	in	the	evolution	and	dissemination	of	AMR	in	E.	coli.137	Plasmids	

are	extrachromosomal	genetic	elements	which	carry	genes	that	confer	resistance	to	multiple	

classes	 of	 antibiotics,	 including	 β-lactams,	 aminoglycosides,	 and	 fluoroquinolones.138	 HGT	

facilitated	 by	 conjugation,	 allows	 plasmids	 to	 transfer	 resistance	 genes	 within	 and	 across	

bacterial	populations,	accelerating	the	spread	of	resistance.139	

In	laboratory	settings,	plasmids	can	be	engineered	to	carry	genes	encoding	resistance	enzymes,	

such	 as	metallo-β-lactamases	 like	 NDM-7,	which	 hydrolyse	 carbapenems	 and	 render	 them	

ineffective.140	By	introducing	such	plasmids	into	E.	coli,	researchers	can	create	resistant	strains	

to	 study	genetic,	metabolic,	 and	phenotypic	 impacts	of	AMR.	Beyond	 conferring	 resistance,	

plasmids	impose	a	metabolic	burden	on	their	host	bacterium,	influencing	its	fitness,	growth	

rate,	and	pathogenic	potential.141	Despite	these	costs,	resistant	strains	frequently	thrive	due	to	

compensatory	 mutations	 and	 adaptive	 metabolic	 changes	 that	 mitigate	 the	 fitness	 costs	

associated	with	plasmid	carriage.142		

Plasmids	 have	 been	 integral	 in	 the	 emergence	 of	 MDR	 E.	 coli	 strains,	 particularly	 those	

producing	extended	spectrum	β-lactamases	(ESBLs)	and	carbapenemases.	For	example,	 the	

plasmids	carrying	blaCTX-M	genes,	encoding	ESBLs,	are	widespread	in	clinical	E.	coli	isolates	and	

are	 associated	with	 resistance	 to	 third-generation	 cephalosporins.143,144	 Similarly,	 plasmids	

encoding	carbapenemases	such	as	klebsiella	pneumoniae	carbapenemase	(KPC)	and	NDM	have	

been	 linked	 to	 global	 outbreaks	of	 carbapenem-resistant	E.	 coli.145,146	 These	plasmids	often	

carry	additional	resistance	determinants,	enabling	resistance	to	multiple	antibiotic	classes	and	

limiting	therapeutic	options.	
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The	 study	of	plasmid-mediated	 resistance	 in	E.	 coli	 has	been	pivotal	 for	understanding	 the	

genetic	and	metabolic	factors	that	drive	the	evolution	and	persistence	of	multidrug-resistant	

strains.	 Researchers	 use	 E.	 coli	 as	 a	 model	 to	 investigate	 plasmid	 dynamics,	 including	 the	

conditions	under	which	plasmid-mediated	resistance	evolves	and	persists.147,148	These	insights	

have	 informed	 strategies	 to	 combat	 AMR,	 such	 as	 targeting	 plasmid	 transfer	mechanisms,	

disrupting	 plasmid	 stability,	 or	 identifying	 metabolic	 vulnerabilities	 in	 plasmid-bearing	

strains.149	

By	 using	 plasmid-mediated	 resistance	 models,	 this	 thesis	 aims	 to	 elucidate	 the	 metabolic	

adaptations	associated	with	plasmid	carriage	in	E.	coli	and	the	interplay	between	resistance	

mechanisms	and	bacterial	fitness.	Understanding	these	interactions	is	essential	for	identifying	

novel	therapeutic	targets	to	combat	the	spread	of	multidrug-resistant	E.	coli.	

1.4 Metabolomics	

Metabolomics	is	the	comprehensive	and	systematic	study	of	small-molecule	metabolites	-		the	

chemical	 end	products	 of	 cellular	processes	 -	within	 a	biological	 system,	has	 emerged	 as	 a	

transformative	tool	for	investigating	bacterial	metabolism	and	how	it	responds	to	genetic	and	

environmental	 perturbations.150-153	 By	 analysing	 the	 chemical	 fingerprints	 left	 by	 cellular	

processes,	metabolomics	can	provide	a	direct	snapshot	of	the	complexities	of	metabolic	activity	

and	 reveals	 changes	 resulting	 from	 environmental	 changes	 or	 stressors	 such	 as	 antibiotic	

treatments.154,155	Metabolomics,	particularly	in	AMR	studies,	has	advanced	substantially	with	

technical	developments	in	high-throughput	technologies,	such	as	mass	spectrometry	(MS)	and	

nuclear	magnetic	resonance	(NMR)	spectroscopy,	which	enable	measurement,	identification	

and	quantification	of	hundreds	to	thousands	of	metabolites	in	a	single	experiment.156,157	Ahmed	

et	al.	(2024)	utilised	a	metabolomics	approach	to	study	the	metabolic	response	of	Klebsiella	

oxytoca	 to	 ciprofloxacin	 exposure,	 demonstrating	 the	 power	 of	 these	 technologies	 in	

elucidating	bacterial	adaptation	mechanisms.158	

In	the	context	of	bacterial	systems,	metabolomics	has	facilitated	the	exploration	of	metabolic	

pathways	 involved	 in	 growth,	 stress	 adaptation,	 and	 survival.22,152,159-162	 By	 capturing	 the	
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global	metabolic	state	of	bacteria,	metabolomics	can	provide	insights	into	how	cells	reprogram	

their	 metabolism	 in	 response	 to	 antibiotics	 treatments.45	 For	 instance,	 metabolomics	 has	

revealed	changes	in	central	carbon	metabolism,	redox	metabolism,	antioxidant	responses,	and	

nucleotide	biosynthesis	in	resistant	strains	compared	to	their	susceptible	counterparts.163-165	

Such	 studies	 highlight	 potential	 metabolic	 vulnerabilities	 that	 could	 be	 exploited	 by	

therapeutic	interventions,	that	may	offer	new	avenues	for	combating	AMR.89,154,155	

Metabolomics	 has	 also	 provided	 unique	 insights	 into	 resistance	 mechanisms	 by	 linking	

metabolic	alterations	to	specific	genetic	and	biochemical	changes.22,166	In	bacteria	expressing	

resistance	genes,	such	as	those	encoding	β-lactamases	or	efflux	pumps,	metabolomic	analysis	

has	uncovered	the	downstream	metabolic	consequences	of	these	adaptations.167	For	example,	

the	 increased	 energy	 demands	 of	 efflux	 pump	 activity	 or	 the	 metabolic	 cost	 of	 resistance	

plasmid	maintenance	can	be	quantified	and	analysed.168	Such	information	not	only	deepens	

our	 understanding	 of	 resistance	mechanisms	 but	 also	 identifies	 potential	 metabolic	 choke	

points	that	could	serve	as	targets	for	combination	therapies.169	

 Strengths	and	limitations	of	metabolomics	

One	of	the	main	strengths	of	metabolomics	lies	in	its	ability	to	provide	a	holistic	view	of	the	

metabolic	 state	 of	 an	 organism	 under	 specific	 conditions	 and	 how	 this	 state	 changes	 in	

response	 to	 genetic	 or	 environmental	 influences.170	 Unlike	 transcriptomics	 or	 proteomics,	

which	 infer	 cellular	 activity	 indirectly,	 metabolomics	 measures	 the	 end	 products	 of	

biochemical	 reactions,	offering	a	more	direct	 representation	of	physiological	 states.171	 Such	

capability	is	particularly	valuable	for	studying	bacterial	responses	to	antibiotics,	as	it	captures	

the	metabolic	changes	that	occur	at	a	given	moment	during	exposure,	providing	insight	into	

how	bacterial	cells	adapt	or	succumb	to	stress.	

The	 two	 primary	 approaches	 to	 metabolomics	 are	 targeted	 and	 untargeted	 analyses.172	

Targeted	metabolomics	focuses	on	specific	pathways	or	metabolites	of	interest,	allowing	for	

precise	investigation	of	known	metabolic	processes	under	experimental	conditions.	In	contrast,	

untargeted	metabolomics	explores	the	broader	metabolome,	enabling	the	discovery	of	novel	
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biomarkers	 or	 pathways	 that	 may	 be	 implicated	 in	 AMR	 or	 metabolic	 response	 to	

antibiotics.151,173	 While	 targeted	 approaches	 offer	 higher	 sensitivity	 and	 accuracy	 for	

predefined	 metabolites,	 untargeted	 methods	 provide	 a	 more	 exploratory	 view,	 capturing	

unexpected	metabolic	adaptations.	The	distinction	is	crucial	when	selecting	an	approach,	as	it	

determines	the	depth	and	scope	of	the	metabolic	insights	obtained.	

Despite	its	strengths,	metabolomics	faces	several	challenges.	The	complexity	of	metabolomic	

data,	 arising	 from	 the	 sheer	 diversity	 and	 abundance	 of	 metabolites,	 poses	 significant	

analytical	 and	 interpretative	 hurdles.174	 Standardization	 of	 experimental	 protocols,	 from	

sample	 preparation	 to	 data	 processing,	 remains	 a	 critical	 issue,	 as	 variations	 can	 lead	 to	

discrepancies	 in	 results.175	 Additionally,	 the	 identification	 of	 metabolites	 often	 requires	

extensive	 databases	 and	 computational	 resources,	 and	 some	 metabolites	 may	 remain	

unidentified	due	to	limitations	in	spectral	libraries	and	annotation	workflows.176		

Quantifying	metabolites	accurately	is	another	challenge,	particularly	for	compounds	present	

at	 low	abundance	or	those	with	similar	chemical	structures	to	other	metabolites	within	the	

sample.177	Many	metabolites	share	closely	related	mass-to-charge	ratios	(m/z),	retention	times,	

or	 fragmentation	 patterns,	which	 can	 complicate	 their	 detection	 and	differentiation	 during	

mass	spectrometry	or	chromatography-based	analyses.	The	structural	similarity	increases	the	

likelihood	of	interference	or	misidentification,	particularly	in	untargeted	metabolomics,	where	

the	broad	scope	of	analysis	captures	a	wide	array	of	compounds	simultaneously.	

In	targeted	metabolomics,	the	use	of	specific	standards	and	optimized	methods	for	predefined	

metabolites	 enhances	 quantification	 accuracy	 and	 resolution,	 making	 it	 more	 reliable	 for	

analysing	 compounds	 with	 overlapping	 chemical	 profiles.	 In	 contrast,	 untargeted	

metabolomics,	while	offering	a	comprehensive	exploration	of	the	metabolome,	often	sacrifices	

precision	 in	 quantification	 due	 to	 the	 challenges	 of	 resolving	 closely	 related	 metabolites.	

Addressing	 these	 limitations	 through	 advancements	 in	 database	 completeness,	 analytical	

technologies,	and	standardized	workflows	is	essential	for	improving	the	reproducibility	and	

reliability	of	metabolomic	studies.	



Chapter	1	

17	
 

Despite	these	challenges,	metabolomics	remains	a	powerful	tool	for	AMR	research,	providing	

unique	 insights	 into	 bacterial	 metabolism	 that	 are	 not	 accessible	 through	 other	 omics	

approaches.	By	capturing	metabolic	changes,	metabolomics	facilitates	a	deeper	understanding	

of	bacterial	responses	to	antibiotics,	potentially	identifying	novel	therapeutic	targets	to	combat	

resistance.	

 Applications	of	metabolomics	in	antimicrobial	resistance	research	

Metabolomics	has	emerged	as	a	transformative	tool	in	AMR	research,	offering	unique	insights	

into	bacterial	metabolism	and	its	role	in	resistance.22	By	capturing	the	entire	complement	of	

metabolites	within	a	system,	metabolomics	provides	a	holistic	perspective	on	how	bacteria	

respond	 to	antibiotics	and	adapt	 to	resistance.	Both	 targeted	and	untargeted	metabolomics	

approaches	 have	 been	 applied	 to	 address	 key	 challenges	 in	 AMR,	 including	 biomarker	

discovery,	 therapeutic	 target	 identification,	 and	 functional	 analysis	 of	 resistance	

mechanisms.155	

The	 targeted	metabolomics	 approach	 has	 been	 used	 to	 explore	 known	metabolic	 changes	

associated	with	resistance,	providing	precise	and	reproducible	data.178	In	contrast,	untargeted	

metabolomics	examines	the	broader	metabolome	to	identify	novel	biomarkers	and	pathways	

implicated	in	resistance,	often	leading	to	the	discovery	of	unexpected	metabolic	adaptations.155	

For	 example,	 a	 study	 by	 Zampieri	 et	 al.	 (2017)	 demonstrated	 that	 exposure	 to	 	 β-lactam	

antibiotics	 caused	 alterations	 in	 E.	 coli	 central	 carbon	 metabolism,	 including	 pathways	

involved	in	purine	biosynthesis,	and	these	metabolic	adjustments	were	linked	to	the	adaptive	

responses	of	bacteria,	contributing	to	the	development	of	antibiotic	resistance.73	Such	findings	

show	 the	 potential	 of	 untargeted	 metabolomics	 to	 uncover	 new	 dimensions	 of	 bacterial	

adaptation.111	

An	important	application	of	metabolomics	in	AMR	research	is	biomarker	discovery.170	Unique	

metabolic	signatures	associated	with	resistant	and	susceptible	strains	have	been	 identified,	

offering	diagnostic	potential	for	distinguishing	resistance	phenotypes.179	For	instance,	specific	

metabolites,	 such	 as	 amino	 acids	 or	 nucleotide	 precursors,	 have	 been	 linked	 to	
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carbapenem-resistant	strains	of	Klebsiella	pneumoniae,	 facilitating	the	development	of	rapid	

diagnostic	 assays	 to	 detect	 resistance.180	 These	 biomarkers	 provide	 a	 critical	 resource	 for	

monitoring	 resistance	 in	 clinical	 settings	 and	 could	 enhance	 early	 detection	 of	 resistant	

infections.	

Another	important	contribution	of	metabolomics	is	its	ability	to	study	the	metabolic	effects	of	

antibiotic	treatment.	Comparative	analyses	of	susceptible	and	resistant	bacterial	strains	have	

revealed	 differential	metabolic	 responses,	 highlighting	 the	metabolic	 costs	 of	 resistance.181	

These	studies	suggest	 that	 targeting	 the	metabolic	burden	associated	with	resistance	could	

improve	antibiotic	efficacy.	For	instance,	recent	work	has	demonstrated	that	resistant	bacteria	

often	 rely	 on	 compensatory	metabolic	 pathways	 to	mitigate	 the	 fitness	 costs	 of	 resistance,	

which	could	be	exploited	therapeutically.182,183	

The	 integration	of	metabolomics	with	other	omics	approaches,	such	as	transcriptomics	and	

proteomics,	has	 further	enriched	our	understanding	of	AMR.	Multi-omics	 studies	provide	a	

comprehensive	view	of	how	bacteria	adapt	to	antibiotics	at	multiple	levels	by	linking	metabolic	

changes	to	gene	expression	and	protein	activity.184	For	example,	a	multi-omics	study	on	the	

Costa	 Rican	Pseudomonas	 aeruginosa	 AG1	 strain	 combined	 genomics,	 transcriptomics,	 and	

proteomics	 to	 investigate	 its	 resistance	 mechanisms	 to	 multiple	 antibiotics,	 including	

carbapenems.185		The	analysis	revealed	the	presence	of	metallo-β-lactamase	genes	(VIM-2	and	

IMP-18),	 overexpression	 of	 efflux	 pump	 systems	 such	 as	 MexAB-OprM,	 and	 mutations	 in	

regulatory	 genes	 like	AmpR,	which	 are	 critical	 for	 β-lactam	 resistance.	 Proteomic	 profiling	

showed	 further	upregulation	of	proteins	 involved	 in	oxidative	stress	 responses	and	central	

metabolic	pathways,	 including	amino	acid	and	energy	metabolism,	enabling	 the	bacteria	 to	

thrive	under	antibiotic	pressure.185	Such	integrative	studies	provide	a	systems-level	view	of	

bacterial	adaptation,	facilitating	the	identification	of	novel	therapeutic	targets	and	informing	

combination	therapies	that	exploit	metabolic	vulnerabilities.	

Overall,	metabolomics	has	become	a	powerful	tool	for	advancing	AMR	research.58,154	Its	ability	

to	 identify	metabolic	vulnerabilities,	uncover	biomarkers,	 and	 integrate	 insights	with	other	
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omics	disciplines,	offers	substantial	potential	for	developing	new	diagnostics	and	treatments	

to	address	the	growing	challenge	of	antibiotic	resistance.113,166		

1.5 Metabolomics	methods	and	emerging	technologies	

Over	the	past	two	decades,	advancements	in	analytical	technologies	have	revolutionized	the	

field	 of	 metabolomics,	 enabling	 researchers	 to	 unravel	 intricate	 metabolic	 networks	

underlying	 bacterial	 physiology.170,186	 These	 advancements	 have	 positioned	 metabolomic	

profiling	and	pathway	analysis	as	a	powerful	tool	in	bacterial	research,	offering	insights	into	

metabolic	 differences	 among	 strains	 and	 revealing	 how	 these	 differences	 contribute	 to	

AMR.152,187		

Metabolomic	profiling	provides	a	detailed	overview	of	metabolites	across	a	biological	sample,	

offering	 a	 comprehensive	 snapshot	 of	 the	 metabolome	 under	 specific	 experimental	

conditions.188	 Pathway	 analysis	 complements	 profiling	 by	 integrating	 metabolic	 data	 with	

known	 biochemical	 pathways,	 identifying	 metabolic	 processes	 that	 are	 perturbed	 under	

specific	conditions,	such	as	antibiotic	stress	or	genetic	mutations.189	Figure	1.3	(reproduced	

from	 Xavier	 et	 al.	 2021)	 illustrates	 how	metabolomics	 data	 has	 been	 used	 to	 reconstruct	

complex	metabolic	 networks,	 categorising	metabolic	 nodes	 into	 functional	 groups	 such	 as	

energy	metabolism,	hydride	transfer,	and	carbon	metabolism.	Such	data	underscore	the	power	

of	metabolomics	to	integrate	the	complexity	of	metabolic	networks	and	the	interrelationship	

between	pathway	in	bacterial	metabolism.190	Although	conventional	metabolomics	excels	at	

highlighting	altered	pathways,	 it	does	not	measure	reaction	rates	or	metabolic	flux	directly.	

Flux	analysis	requires	isotope	tracers,	to	track	the	movement	of	metabolites	through	pathways	

and	quantify	the	rates	of	biochemical	reactions.191		
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Analytical	techniques	such	as	NMR	spectroscopy	and	MS	have	been	pivotal	in	metabolomics,	

providing	 detailed	 insights	 into	 bacterial	 metabolism	 and	 AMR.58	 NMR	 offers	 high	

reproducibility	 and	 requires	 minimal	 sample	 preparation,	 making	 it	 ideal	 for	 untargeted	

studies	 and	 structural	 elucidation	 of	 metabolites,	 though	 its	 sensitivity	 is	 generally	 lower	

compared	 to	 MS.192	 MS,	 on	 the	 other	 hand,	 provides	 exceptional	 sensitivity	 and	 a	 broad	

dynamic	 range,	 enabling	 the	 detection	 and	 quantification	 of	 low-abundance	metabolites.193	

Techniques	such	as	gas	chromatography-MS	(GC-MS)	and	liquid	chromatography-MS	(LC-MS)	

Figure	1.3	A	comprehensive	network	representation	of	bacterial	metabolism,	illustrating	key	processes	such	
as	hydride	transfer,	carbon	metabolism,	and	energy/protein	synthesis.	Metabolites	(nodes)	are	categorised	into	
target	 metabolites,	 other	 metabolites,	 and	 universal	 reactions,	 while	 node	 degree	 indicates	 the	 importance	 of	
metabolites	within	the	network.	This	figure	highlights	how	advanced	metabolomic	profiling	enables	the	elucidation	of	
intricate	metabolic	networks	underlying	bacterial	 physiology.	Reproduced	 from	Xavier,	 J.C.,	 et	 al.,	Communications	
Biology	(2021)4:413,	Doi:	https://doi.org/10.1038/s42003-021-01918-4.	
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further	 enhance	 metabolomic	 profiling	 by	 separating	 complex	 mixtures	 before	 analysis,	

though	they	require	extensive	sample	preparation	and	method	optimization.194-196		

Emerging	technologies	have	expanded	the	scope	of	metabolomics,	offering	new	avenues	for	

exploring	bacterial	metabolism	with	unprecedented	detail.197	Imaging	mass	spectrometry	(IMS)	

has	enabled	the	spatial	mapping	of	metabolites	directly	within	bacterial	colonies	or	tissues.198	

The	 technique	 combines	 high-resolution	 mass	 spectrometry	 with	 imaging	 capabilities,	

providing	localized	metabolic	information	that	complements	traditional	bulk	analysis.	IMS	has	

been	particularly	useful	for	studying	biofilm	formation	and	the	metabolic	interactions	within	

microbial	communities,	revealing	spatially	distinct	metabolic	zones	that	contribute	to	bacterial	

survival	and	virulence.199,200	

Despite	 these	 advancements,	 metabolomics	 still	 faces	 challenges	 in	 characterising	 certain	

classes	 of	 metabolites	 central	 to	 primary	 metabolism.	 Highly	 polar	 and	 ionic	 metabolites,	

including	 nucleic	 acids,	 phosphorylated	 sugars,	 and	 their	 structural	 isomers,	 often	 elude	

sensitive	and	reproducible	detection	and	quantification	using	conventional	LC-MS	methods.	

These	 metabolites	 are	 critical	 intermediates	 in	 pathways	 such	 as	 glycolysis,	 the	 pentose	

phosphate	 pathway,	 and	 nucleotide	 biosynthesis,	 yet	 their	 acidic	 and	 negatively	 charged	

nature	makes	 them	difficult	 to	analyse	with	 traditional	approaches.	Hydrophilic	 interaction	

liquid	 chromatography	 (HILIC)-MS,	 ion-pairing	 chromatography-MS	 and	 GC-MS	 using	

derivatisation	 are	 often	 employed	 to	 address	 these	 challenges,	 but	 each	 has	 limitations.	

HILIC-MS	is	commonly	used	for	such	metabolites	due	to	its	ability	to	retain	polar	compounds,	

but	 reproducibility	 issues	 and	 variable	 retention	 times	 limit	 its	 effectiveness.	 Ion-pairing	

chromatography-MS	 improves	 the	 retention	 of	 anionic	 metabolites	 by	 incorporating	

ion-pairing	reagents,	though	non-volatile	reagents	can	cause	contamination	of	the	MS	system,	

requiring	 extensive	 cleaning	 and	 re-optimization	 of	 methods.	 GC-MS	 with	 derivatization	

enhances	the	volatility	and	detectability	of	polar	metabolites,	but	derivatization	steps	can	be	

time-consuming	and	introduce	variability	in	metabolite	stability.201	
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A	notable	advancement	in	analysing	highly	polar	and	ionic	metabolites	is	the	integration	of	ion	

chromatography	coupled	with	mass	spectrometry	(IC-MS).	IC-MS	offers	improved	separation	

efficiency	 and	 sensitivity	 for	 charged	 and	 polar	 compounds.202	 The	 technique	 has	 been	

particularly	effective	in	analysing	small	polar	compounds	such	as	organic	acids	and	amines,	

which	are	challenging	to	detect	with	traditional	LC-MS	methods.201	By	incorporating	IC-MS	into	

metabolomic	 workflows,	 researchers	 can	 achieve	 more	 comprehensive	 coverage	 of	 the	

metabolome,	 particularly	 for	 metabolites	 that	 are	 difficult	 to	 analyse	 using	 conventional	

techniques.	These	approaches	are	not	only	relevant	for	basic	research	but	also	have	critical	

applications	in	diagnostics	and	drug	development,	offering	opportunities	to	identify	metabolic	

vulnerabilities	that	could	be	exploited	therapeutically.203	

 Anion	exchange	chromatography-mass	spectrometry	

Anion	exchange	chromatography	coupled	with	mass	spectrometry	(AEC-MS)	has	emerged	as	a	

valuable	 technology	 for	 metabolomics	 applications	 focussing	 on	 the	 analysis	 of	 ionic	 and	

highly-polar	 metabolites.204	 The	 technique	 employs	 anion	 exchange	 chromatography	 to	

separate	metabolites	based	on	their	charge,	 followed	by	high-resolution	mass	spectrometry	

for	 identification	 with	 high	 sensitivity	 and	 specificity.205	 These	 capabilities	 make	 AEC-MS	

uniquely	suited	for	resolving	complex	metabolic	profiles,	including	metabolites	such	as	sugar	

phosphates,	organic	acids,	and	nucleotides,	key	molecules	in	primary	metabolism	and	energy	

transduction.206,207	

AEC-MS	 addresses	 an	 important	 need	 in	 metabolomics	 by	 providing	 characterisation	 of	

structural	 isomers,	 such	as	 sugar	phosphates	and	phosphorylated	 intermediates,	which	are	

often	difficult	to	resolve	using	other	LC-MS	methods.205	The	ability	to	resolve	these	compounds	

enables	a	more	comprehensive	coverage	of	primary	metabolites,	with	the	potential	to	reveal	

(or	not	miss)	metabolic	changes	in	associated	with	cellular	function	under	varied	conditions.208		

The	reproducibility,	robustness,	and	sensitivity	of	AEC-MS	further	enhances	its	utility.	

In	 contrast	 to	 conventional	 methods	 such	 as	 HILIC-MS	 or	 ion-pairing-MS,	 AEC-MS	 offers	

superior	reproducibility,	metabolic	coverage,	and	scalability.209	These	advantages	are	critical	
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for	high-throughput	studies,	especially	when	working	with	complex	biological	matrices	such	

as	bacterial	extracts,	tissues,	or	biofluids.210,211	Advancements	in	automation	and	data	analysis	

software	 have	 streamlined	 AEC-MS	 workflow,	 minimising	 variability	 and	 enhancing	 the	

reliability	of	results.212	

Through	its	detailed	coverage	of	metabolites	found	in	primary	metabolism,	including	central	

carbon	pathways	and	energy	transduction,	AEC-MS	provides	an	attractive	tool	for	mapping	the	

metabolic	landscape	in	bacterial	systems	and	addressing	challenges	in	antimicrobial	resistance	

research.206,213	

1.6 Research	gaps	and	limitations	in	metabolic	profiling	of	resistant	strains	

Despite	important	advances	in		AMR	research,	critical	gaps	remain	in	our	understanding	of	the	

metabolic	 adaptations	 that	underpin	 resistance.58,154	While	 considerable	attention	has	been	

devoted	 to	using	genomic,	 transcriptomic,	 and	proteomic	approaches	 to	elucidate	potential	

mechanisms	 that	 underly	 resistance,	 the	 metabolic	 landscape	 of	 resistance	 has	 been	

comparatively	underexplored.169,214	However,	 it	 is	clear	that	metabolism	plays	an	important	

role	 in	 the	responses	 to,	and	effectiveness	of,	antibiotics	and	 in	resistance	mechanisms,	yet	

metabolomics,	uniquely	capable	of	uncovering	functional	outcomes	of	genetic	and	proteomic	

changes,	remains	underutilized	in	studies	to	understand	resistant	strains,	particularly	in	the	

context	 of	 antibiotic-induced	 stress.	 As	 a	 result,	 key	 questions	 remain	 about	 how	 resistant	

strains	reconfigure	their	metabolism	to	survive	and	thrive	under	therapeutic	pressure.	

Most	investigations	have	focused	on	isolated	resistant	strains,	often	neglecting	to	contextualize	

their	findings	against	susceptible	counterparts	and	there	is	a	general	lack	of	comprehensive	

and	comparative	studies	between	susceptible	and	resistant	strains	under	identical	antibiotic	

exposure	 conditions.	 The	 gap	 limits	 the	 ability	 to	 discern	 whether	 observed	 metabolic	

alterations	 are	 unique	 to	 resistance	 or	 represent	 general	 bacterial	 stress	 responses.	

Furthermore,	existing	studies	often	rely	on	endpoint	data,	which	fail	to	capture	the	dynamic	

metabolic	 changes	 occurring	 during	 antibiotic	 exposure.	 Temporal	 studies,	which	 have	 the	

potential	 to	 reveal	 the	 evolution	 of	 metabolic	 adaptations	 in	 response	 to	 antibiotics,	 are	
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notably	 scarce.	 Such	 fragmented	 understanding	 of	metabolic	 reprogramming	 has	 hindered	

efforts	to	fully	elucidate	the	sequence	of	events	leading	to	resistance.	

Another	underexplored	area	is	the	metabolic	cost	of	resistance	mechanisms,	such	as	plasmid	

carriage	or	the	overexpression	of	efflux	pumps.	Resistance	is	often	associated	with	a	fitness	

cost	 in	 bacteria,	 yet	 the	 metabolic	 pathways	 compensating	 for	 this	 burden	 remain	 poorly	

understood.215	 Investigating	 these	 compensatory	 mechanisms	 could	 reveal	 vulnerabilities	

unique	to	resistant	strains,	providing	novel	targets	for	therapeutic	intervention.	

Finally,	 the	 absence	 of	 standardized	 methodologies	 in	 bacterial	 metabolomics	 research	

contributes	 to	 variability	 and	 inconsistency	 across	 studies.216	 Differences	 in	 sample	

preparation,	 extraction	 protocols,	 and	 data	 analysis	 approaches	 make	 it	 challenging	 to	

compare	results	or	draw	definitive	conclusions.	Addressing	these	methodological	challenges	is	

critical	for	advancing	the	field	and	enabling	reproducible,	high-quality	research.	

 Opportunities	for	future	investigations	

Critical	 gaps	 remain	 in	 understanding	 the	 metabolic	 adaptations	 that	 underpin	 antibiotic	

resistance,	 presenting	 important	 opportunities	 for	 future	 research.	 One	 key	 area	 of	

investigation	involves	the	metabolic	differences	between	resistant	and	non-resistant	strains,	

particularly	in	relation	to	plasmid	carriage	and	resistance	gene	expression.	Resistance	often	

imposes	a	fitness	cost,	yet	the	compensatory	pathways	that	mitigate	this	burden	remain	poorly	

understood.	 Exploring	 these	 metabolic	 adaptations	 may	 reveal	 vulnerabilities	 unique	 to	

resistant	strains,	offering	insights	into	potential	therapeutic	targets.	

Another	opportunity	lies	in	understanding	how	antibiotics	influence	bacterial	metabolism	and	

induce	stress	responses.	Antibiotic	exposure	disrupts	metabolic	pathways,	 including	energy	

metabolism	and	biosynthesis,	 yet	 the	dynamic	nature	of	 these	 responses	 is	underexplored.	

Temporal	studies	that	capture	the	progression	of	metabolic	changes	under	antibiotic	pressure	

can	provide	valuable	insights	into	the	sequence	of	events	that	lead	to	survival	or	cell	death.	

These	findings	could	help	identify	critical	intervention	points	to	enhance	antibiotic	efficacy.	
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Advances	 in	 live-cell	 metabolic	 analysis	 present	 additional	 opportunities	 to	 investigate	

bioenergetic	adaptations	in	bacterial	strains.	Energy	metabolism,	particularly	in	central	carbon	

pathways,	plays	a	pivotal	role	in	bacterial	survival	under	stress	and	by	employing	real-time	

analytical	techniques,	deeper	insights	can	be	gained	into	the	bioenergetic	demands	of	resistant	

strains	and	how	these	pathways	contribute	to	their	persistence.	

Finally,	targeting	bacterial	metabolism	as	part	of	combination	therapies	holds	great	promise	

for	 overcoming	 resistance.217,218	 Metabolic	 modulators	 that	 disrupt	 energy	 production	 or	

biosynthesis	can	potentiate	the	effects	of	existing	antibiotics,	offering	an	innovative	strategy	to	

combat	 resistant	 pathogens.	 By	 integrating	 metabolomics	 with	 functional	 assays,	 future	

studies	can	evaluate	the	feasibility	and	efficacy	of	such	combination	therapies,	paving	the	way	

for	novel	approaches	to	address	antimicrobial	resistance.		

By	 addressing	 the	 research	 opportunities	 outlined	 above,	 this	 thesis	 seeks	 to	 advance	 our	

understanding	of	bacterial	metabolism	and	its	role	in	resistance	by	uncovering	pathways	and	

metabolic	vulnerabilities	that	can	inform	therapeutic	developments	in	the	future.		

1.7 Aims	of	this	study	

Antibiotic	resistance	represents	a	complex	and	multifaceted	therapeutic	challenge,	influenced	

by	genetic,	biochemical,	and	environmental	factors.219	While	considerable	progress	has	been	

made	in	understanding	the	genetic	and	proteomic	basis	of	resistance,	the	metabolic	dimension	

in	 AMR	 remains	 underexplored.220	 The	 underlying	 concept	 	 of	 the	 thesis	 is	 that	metabolic	

processes	may	differ	between	wild-type,	susceptible,	and	resistant	E.	coli	strains,	both	in	the	

presence	and	absence	of	antibiotic	treatment,	and	that	these	differences	could	reveal	metabolic	

vulnerabilities	 associated	 with	 resistance.	 It	 aims	 to	 investigate	 what	 metabolites	 and	

functional	 pathways	 are	 altered.	 In	 order	 to	 test	 the	 potential	 of	 altered	 pathways	 for	

therapeutic	 potential,	 it	 will	 also	 explore	 pharmacological	 treatment	 of	 bacterial	 strains	

targeting	 metabolism	 specifically.	 A	 comparative	 metabolomics	 approach	 will	 be	 used	 to	

analyse	 metabolic	 changes	 across	 genetically	 engineered	 bacterial	 strains,	 both	 with	 and	
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without	antibiotic	exposure,	to	determine	how	these	responses	differ	and	whether	they	are	

linked	to	resistance	mechanisms.		

Comparative	analyses	under	standardized	experimental	conditions	will	investigate	differences	

between	 resistant	 and	 non-resistant	 strains,	 with	 the	 goal	 of	 providing	 a	 detailed	

understanding	of	how	metabolic	adaptations	contribute	to	resistance.221		AEC-MS	will	be	used	

to	 analyse	 highly	 polar	 metabolites,	 particularly	 those	 involved	 in	 nucleotide	 metabolism,	

glycolysis,	and	the	pentose	phosphate	pathway,	which	are	critical	for	bacterial	adaptation	to	

antibiotic	 pressure.	 Additionally,	 Seahorse	 extracellular	 flux	 analysis	 will	 provide	 unique	

insights	 into	 live-cell	 metabolism	 by	 measuring	 real-time	 oxygen	 consumption	 and	

extracellular	 acidification	 rates,	 complementing	 microbiology	 assays	 that	 assess	 bacterial	

viability,	growth	dynamics	and	stress	responses.	

The	research	will	further	examine	whether	metabolic	adaptations	associated	with	resistance	

impose	fitness	costs,	such	as	those	linked	to	plasmid	carriage	or	resistance	gene	expression.	

Pharmacological	 treatments	 targeting	key	metabolic	pathways	will	be	applied	 to	determine	

whether	specific	metabolic	adaptations	are	essential	for	maintaining	resistance.	By	selectively	

inhibiting	or	modulating	metabolic	processes,	this	approach	will	identify	potential	metabolic	

vulnerabilities	 that	 could	 be	 exploited	 therapeutically	 to	 weaken	 resistant	 strains.	

Understanding	how	bacteria	compensate	 for	 these	costs	could	provide	 further	 insights	 into	

their	survival	strategies.	

 Hypothesis	and	specific	objectives	

The	central	hypothesis	of	this	study	is	that	antibiotic	resistance	in	E.	coli	 is	accompanied	by	

distinct	metabolic	adaptations	that	can	be	characterized	and	potentially	exploited	by	targeted	

therapeutic	 interventions.	 The	 hypothesis	 serves	 as	 a	 guiding	 framework	 for	 the	 research,	

shaping	the	objectives	and	experiments.	

The	specific	research	objectives	of	this	study	are:	
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1. Develop	genetically	modified	E.	coli	strains	carrying	specific	resistance	mechanisms,	

including	 plasmid-encoded	 carbapenem	 resistance	 (NDM-7)	 for	 direct	 comparison	

with	isogenic	control	strains.	

2. Develop	and	validate	a	workflow	for	bacterial	metabolomics	using	AEC-MS	and	use	it	

to	 identify	 the	 metabolic	 differences	 between	 wild-type,	 susceptible,	 and	 resistant	

E.	coli	strains.	

3. Investigate	the	metabolic	impact	of	antibiotic	treatments	across	the	different	strains	

and	 impact	 on	 cell	 proliferation,	 highlighting	 universal	 and	 resistance-specific	

responses.	

4. Investigate	metabolic	vulnerabilities	associated	with	resistance,	identifying	pathways	

that	could	serve	as	therapeutic	targets.	

5. Explore	 the	 potential	 of	 bacterial	 live	 cell	 analysis	 to	 explore	 changes	 in	 energy	

metabolism	using	a	Seahorse	analyser.		

6. Test	 drug	 and	 metabolic	 potentiators	 and	 their	 effects	 on	 metabolism	 (including	

energy	metabolism)	across	bacterial	strains.	
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Chapter	2 Materials	and	methods	
2.1 Materials	and	reagents	

 Chemicals	

2.1.1.1 General	use	chemicals	

All	methanol	(MeOH),	acetonitrile	(MeCN),	and	formic	acid	used	throughout	this	study	were	

High-performance	 liquid	 chromatography	 (HPLC)-grade	 solvents	 purchased	 from	

Sigma-Aldrich	 (Gillingham,	 Dorset,	 UK).	 Hydrochloric	 acid	 (HCl)	was	 obtained	 from	Merck	

(Gillingham,	Dorset,	UK),	and	sodium	chloride	(NaCl)	was	sourced	from	Sigma	Aldrich	(Saint	

Louis,	MO,	USA). 	 

Water	 used	 in	 all	 experiments	was	 purified	 either	 using	 a	Milli-Q®	 (MQ)	 Direct	 8	 system	

equipped	 with	 a	 Millipak®	 Express	 40	 filter	 (0.22	 μm	 pore	 size)	 from	 Merck	 Millipore	

(Burlington,	 MA,	 USA)	 or	 a	 Purelab®	 Chorus	 system	 from	 Elga	 Veolia	 (Veolia	 Water	

Technologies,	Windsor	Court,	UK).	Both	systems	are	designed	 to	produce	Type	1	ultrapure	

water,	characterised	by	a	resistivity	of	18.2	MΩ∙cm	and	a	total	organic	carbon	(TOC)	content	of	

less	 than	 2	 parts	 per	 billion	 (ppb).	 Unless	 otherwise	 specified,	 Type	 1	 water	 was	 used	

throughout	all	experiments.		

Additionally,	any	chemicals	added	to	media,	buffer,	or	cells	were	sterile	filtered	in-house	using	

Sartorius	MinisartTM	regenerated	cellulose	(RC)	syringe	filters.	

2.1.1.2 Cell	culture	chemicals		

2.1.1.2.1 Culture	media	and	reagents		

2	 ×	Yeast	 Extract	Tryptone	medium	 (2TY	broth)	 granules	were	purchased	 from	MELFORD	

(Ipswich,	Suffolk,	UK)	and	were	used	to	grow	bacterial	cells	in	liquid	media.	For	the	preparation	

of	 solid	 media	 to	 form	 bacterial	 colonies,	 the	 following	 components	 were	 used:	 agar	

bacteriological	 obtained	 from	 OXOID	 LTD	 (Hampshire,	 UK),	 yeast	 extract	 granulated,	 and	

molecular	biology	grade	Tryptone,	both	obtained	from	MELFORD	(Ipswich,	Suffolk,	UK).		Super	

Optimal	broth	with	Catabolite	repression	(SOC)	Outgrowth	medium	was	obtained	from	New	

England	BioLabs®Inc	(Ipswich,	MA,	USA).		



Chapter	2	

29	
 

Monosodium	phosphate,	potassium	dihydrogen	phosphate,	ammonium	chloride,	magnesium	

sulphate,	calcium	chloride	dihydrate,	vitamin	B1,	potassium	nitrate,	and	dipotassium	hydrogen	

phosphate,	glucose,	Trizma®	base,	all	from	Sigma	Aldrich	(Saint	Louis,	MO,	USA),	were	used	to	

prepare	either	M9	minimal	media,	phosphate-buffered	saline	(PBS),	or	30	mM	tris	buffer.	

2.1.1.2.2 Other	chemicals	and	reagents		

Rely+OnTM	Virkon®	high	level	surface	disinfectant	 from	DuPontTM	 (Suffolk,	UK)	was	used	to	

disinfect	and	eliminate	any	trace	of	cells.	Molecular	grade	agarose	from	bioline	(London,UK),	

SYBR®	Safe	DNA	gel	stain	from	Invitrogen	(Carlsbad,	CA,	USA),	GeneRuler	1	kb	DNA	Ladder	

from	Thermo	Scientific	(Vilnius,	Lithuania),	and		Bradford	reagent	from	Sigma	Aldrich	(Saint	

Louis,	MO,	USA)	were	used	for	various	experimental	needs.	

2.1.1.3 Antibiotics	and	solvents	

Based	on	their	solubility,	meropenem	trihydrate	from	Glentham	life	sciences	Ltd	(Corsham,	UK)	

was	prepared	using	dimethyl	sulphoxide	(DMSO)	from	Sigma-Aldrich	(Saint	Louis,	MO,	USA)	

to	 various	 concentrations.	 Kanamycin	 sulphate	 and	 ampicillin	 sodium,	 both	 from	 Apollo	

Scientific	 Ltd	 (Bredbury,	 Stockport,	UK),	were	 prepared	 in	 autoclaved	Type	1	water	 to	 the	

desired	concentrations.	DMSO	(molecular	biology	grade,	99.9%	unless	stated	otherwise)	was	

used	as	a	vehicle	control	against	meropenem.	

2.1.1.4 	Metabolite	extraction	chemicals	

For	 metabolic	 extraction,	 chloroform	 (CHCl3)	 from	 Fisher	 Scientific	 (Loughborough,	

Leicestershire,	UK),	methanol,	acetonitrile,	and	Type	1	water	was	used.	

2.1.1.5 Seahorse	real	time	metabolic	analysis	chemicals	

A	0.01%	Poly-L-Lysine	solution	(PLL)	from	Merck	Life	Science	UK	Limited	(Gillingham,	Dorset,	

UK)	 was	 used	 to	 coat	 the	 wells	 of	 cell	 culture	 microplates	 for	 cell	 adhesion	 before	 the	

measurements.	 XF	 Seahorse	 materials	 and	 consumables	 were	 supplied	 by	 Agilent	

Technologies	 LDA	 UK	 Limited	 (Cheadle,	 UK)	 unless	 stated	 otherwise.	 	 These	 include	 XF	

Dulbecco’s	Modified	Eagle	Medium	 (DMEM)	medium	pH	7.4,	 XF	1.0	M	Glucose	 Solution	XF	

100	mM	pyruvate	solution	XF	200	mM	glutamine	solution,	and	Seahorse	XF	Calibrant	Solution.	
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Chemicals	such	as	glucose,	2-deoxy-D-glucose	(2-DG),	oligomycin	and	rotenone/antimycin	A	

(Rot/AA),	 carbonyl	 cyanide	 4-(trifluoromethoxy)	 phenylhydrazone	 (FCCP)	 for	 assay	

experiments	were	also	purchased	from	Agilent	Technologies	LDA	UK	Limited	(Cheadle,	UK).	

Hoechst	33342	solution	for	normalisation	was	obtained	from	Life	Technologies	Ltd	(Paisley,	

UK).	

2.1.1.6 Co-therapeutic	agents	

To	explore	 the	effect	of	β-lactamase	 inhibitor,	 taniborbactam	hydrochloride	was	purchased	

from	Cambridge	Bioscience	Ltd	(Cambridge,	UK).	Adenosine	5’-triphosphate	(ATP)	disodium	

salt	hydrate,	used	to	obtain	standard	curves,	was	purchased	from	Sigma	Aldrich	(Saint	Louis,	

MO,	 USA).	 The	 ATP	 synthase	 inhibitor	 bedaquiline	 (BDQ)	 was	 purchased	 from	 Stratech	

Scientific	Ltd	(Cambridgeshire,	UK).		

Additional	 drugs	 aimed	 to	 interfere	 with	 bacterial	 energy	 metabolism	 included	 2-DG	

purchased	from	Sigma	Aldrich	(Gillingham,	Dorset,	UK),	heptelidic	acid	(koning	acid)	inhibitor	

from	abcam	(Cambridge,	UK),	2-ketobutyric	acid	from	Santa	Cruz	Biotechnology	(Dallas,	TX,	

USA),	 dehydroepiandrosterone	 (DHEA)	 from	 APE	 BIO	 (Houston,	 TX,	 USA),	 resveratrol	 and	

piceatannol	 from	 Fluorochem	 (Hadfield,	 UK).	 These	 compounds	 were	 obtained	 for	

combination	therapy	screening.	

 Consumables	

2.1.2.1 Laboratory	tools	and	consumables	

Sterile	 10	 μL	 inoculating	 loops	were	 obtained	 from	 Scientific	 Laboratory	 Supplies	 Limited	

(Nottingham,	UK),	 and	 sterile	 FisherbrandTM	 L-shaped	 cell	 spreaders	 from	Fisher	 Scientific	

(Loughborough,	 Leicestershire,	UK)	were	used	 to	 handle	 bacterial	 cells	 on	 agar	plates.	Gas	

Permeable	Adhesive	Seals	from	Fisher	Scientific	UK	Ltd	(Loughborough,	Leicestershire,	UK)	

and	Advanced	Polyolefin	Self-Adhesive	StarSeal	 from	STARLAB	UK	Ltd	(Milton	Keynes,	UK)	

were	 used	 to	 cover	 96-well	 plates	 during	 incubation,	 drug	 treatment,	 or	 growth	 curve	

measurement.	Sartorius	MinisartTM	RC	syringe	filters	with	0.2	µm	pore	size	and	15	mm	filter	

diameter	 were	 purchased	 from	 Fisher	 Scientific	 (Loughborough,	 Leicestershire,	 UK)	 for	
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in-house	 filtration	 of	 chemicals	 and	 drugs	 for	 cells.	 Amicon®	Ultra	 0.5	mL	 RC	 filters	with	

10	kDa	molecular	weight	cut-off	(MWCO)	were	purchased	from	Merck	(Darmstadt,	Germany)	

for	 sample	 preparation	 for	 anion	 exchange	 chromatography-mass	 spectrometry	 (AEC-MS).	

Liquid	chromatography	and	gas	chromatography	(LCGC)	certified	clear	glass	screw	neck	total	

recovery	vials	 (1	mL)	with	caps	with	pre-slit	polytetrafluoroethylene	(PTFE)/silicone	septa	

were	acquired	from	Waters	(Milford,	MA,	USA)	for	AEC-MS	analysis.	2	mL	VK05	Glass	beads	

micro-organism	tubes	for	bead	beating	cells	were	acquired	from	Stretton	Scientific	(Alfreton,	

UK).	Sterile	pipette	tips	(20	μL,	200	μL,	1000	μL)	were	purchased	from	SARSTEDT	(Numbrecht,	

Germany),	and	1250	μL	tips	were	purchased	from	INTEGRA	(Thatcham,	Berkshire,	UK).	Sterile	

Costar®	Stripette®	10	mL	pipettes	were	sourced	from	Scientific	Laboratory	Supplies	Limited	

(Nottingham,	 UK)	 and	 sterile	 25	 mL	 StarTub	 polystyrene	 (PS)	 Reagent	 Reservoirs	 from	

STARLAB	UK	Ltd	(Milton	Keynes,	UK).	Falcon®	tubes	(50	mL	and	15	mL)	were	purchased	from	

SARSTEDT	AG	&	Co	(Numbrecht,	Germany),	 certified	DNA,	DNase,	and	RNase-free.	Pipettes	

(1000	μL,	200	μL,	20	μL,	and	10	μL)	were	Gilson®	brand,	made	 in	France.	Microcentrifuge	

tubes	 (0.5	mL	and	1.5	mL)	were	 sourced	 from	Eppendorf®,	 and	 from	SARSTEDT	AG	&	Co	

(Numbrecht,	Germany).	A	multichannel	pipette	(1250	μL)	was	sourced	from	INTEGRA.	

2.1.2.2 Petri	dishes	and	multi-well	plates	

60	mm	and	100	mm	sterile	PS	petri	dishes	with	lids	were	purchased	from	Greiner	Bio-One	Ltd	

(Stonehouse,	 UK).	 Sterile	 Corning®	 96-well	 clear	 flat-bottom	 microplates	 with	 low	

evaporation	 lids	 were	 purchased	 from	 Corning	 Inc	 (Corning,	 NY,	 USA).	 Sterile	 V-bottom	

96-well	MASTERBLOCK®	(2	mL)	plates	for	drug	treatment	were	sourced	from	Greiner	bio-one	

Ltd	 (Stonehouse,	UK).	 Sterile	Corning	384-Well	 Low	Flange	White	 Flat	Bottom	Microplates	

with	Lids	for	luminescent	assay	(BacTiter-GloTM)	were	purchased	from	Scientific	Laboratory	

Supplies	Limited	(Nottingham,	UK).	XFe24	sensor	cartridges	and	XF24	cell	culture	microplates	

for	use	with	a	Seahorse	XFe24	Analyzer	were	purchased	from	Agilent	Technologies	LDA	UK	

Limited	(Cheadle,	UK).	
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 Biological	models	

For	the	biological	model	used	throughout	this	study,	Library	Efficiency®	DH5αTM	Chemically	

Competent	 Cells	 and	 The	 Original	 TA	 Cloning®	 Kit	 pCR®2.1	 vector	 was	 purchased	 from	

Invitrogen	(Carlsbad,	CA,	USA).	The	DH5α	cell	line	were	employed	for	the	transformation	and	

propagation	of	plasmids,	while	the	pCR®2.1	vector	served	as	the	carrier	plasmid	for	resistant	

gene	NDM-7.	Hence,	 empty	pCR®2.1	vector	was	used	 to	produce	 the	 susceptible	 strain	 for	

subsequent	 analysis.	 The	 GeneJET	 plasmid	 Miniprep	 Kit	 from	 Thermo	 Scientific	 (Vilnius,	

Lithuania),	 was	 used	 for	 plasmid	 isolation	 when	 needed.	 The	 resistant	 plasmid	 (pCR2.1	

containing	NDM-7)	was	gifted	by	Dr.	David	Wareham.222	

Additionally,	 for	 various	 assays,	 LigaFastTM	 Rapid	DNA	Ligation	 System	 and	BacTiter-GloTM	

Microbial	Cell	Viability	Assay	were	procured	from	Promega	UK	Ltd	(Chilworth,	Southampton,	

UK).	

 Laboratory	equipment	and	techniques	

2.1.4.1 Sterilisation	

Sterilisation	of	media,	consumables,	and	specific	water	preparations	was	with	high-pressure	

saturated	 stem	 at	 high	 temperature	was	 performed	 using	 an	 autoclave	machine	 from	 LTE	

Scientific	LTD	(Greenfield,	Oldham,	UK).	Water	intended	for	use	in	the	preparation	of	drugs,	

media,	or	buffers	for	cellular	application	was	sterilised	by	autoclaving	prior	to	use	to	ensure	

the	elimination	of	any	potential	biological	contaminants.	

2.1.4.2 Water	bath	

A	Fisherbrand®	water	 bath	 from	Fisher	 Scientific	 (Loughborough,	 Leicestershire,	 UK)	was	

used	for	precise	temperature	regulation	required	for	various	biological	and	chemical	reactions.	

2.1.4.3 PCR	thermal	cycler	

Polymer	 chain	 reaction	 (PCR)	 amplification	 was	 performed	 using	 a	 Thermal	 cycler	 from	

Bio-Rad	Laboratories	Ltd	(Watford,	UK).	The	thermal	cycler	provided	accurate	temperature	

cycling	essential	for	the	successful	amplification	of	DNA	samples.	
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2.1.4.4 Electroporation	of	plasmid	DNA	

Electroporation	of	plasmid	DNA	into	electrocompetent	bacterial	strains	was	performed	using	

the	Eppendorf	Eporator®	purchased	from	Eppendorf	SE	(Hamburg,	Germany).	The	device	is	

specifically	 designed	 for	 efficient	 and	 reproducible	 transformation	 of	 plasmid	 DNA	 into	

bacterial	cells	through	an	electrical	pulse	that	temporarily	permeabilises	the	cell	membrane,	

allowing	the	plasmid	DNA	to	enter	the	cells.	

2.1.4.5 Gel	imaging	and	documentation	

DNA	bands	were	visualised	using	the	Molecular	Imager®	Gel	DocTM	XR	System	from	Bio-Rad	

Laboratories	 (Hercules,	 CA,	 USA).	 The	 system	 is	 designed	 for	 imaging	 and	 documenting	

agarose	 gels	 stained	 with	 fluorescent	 dye	 such	 as	 SYBR®	 safe.	 The	 Gel	 DocTM	XR	 system	

features	 a	 16-bit	 CCD	 camera	 for	 high-resolution	 imaging,	 coupled	 with	 a	 blue	 light	

transilluminator	 to	 safely	 excite	 SYBR®	 Safe-stained	 DNA,	 minimising	 UV-induced	 DNA	

damage.	 Images	 were	 captured	 using	 the	 Image	 LabTM	 software	 (version	 5.2.1),	 with	 the	

appropriate	settings	for	SYBR®	Safe	selected	to	ensure	optimal	visualisation	and	analysis.	

2.1.4.6 Cell	incubation	

Cell	incubation	on	agar	plates	was	conducted	using	a	Heraeus	B6030	incubator	from	Thermo	

Scientific	(Hanau,	Germany).	For	overnight	culture	and	drug	treatments	done	in	liquid	media,	

an	Excella®	E25	incubator	shaker	was	used	for	smaller	volumes	(10-30	mL),	while	innova®44	

incubator	shaker	was	used	for	larger	volumes	(above	100	mL),	both	from	New	BrunswickTM	

Eppendorf	AG	(Hamburg,	Germany).	

2.1.4.7 Spectroscopic	measurements	

Spectroscopic	measurements,	 including	optical	density	at	600	nm	(OD600),	were	 taken	with	

either	a	WPA	biowave	CO8000	Cell	density	meter	from	Biochrom	Ltd	(Cambridge,	UK)	or	a	

CLARIOStar®	Plus	Multi-Mode	Plate	Reader	from	BMG	Labtech	(Ortenburg,	Germany).	DNA	

concentrations	 were	 measured	 using	 a	 NanoDrop	 One	 microvolume	 UV-VIS	

spectrophotometer	from	Thermo	Fisher	Scientific	(Waltham,	MA,	USA).	For	double-stranded	

(ds)	DNA	quantification,	2	μL	sample	volumes	were	used,	and	absorbance	was	measured	at	
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260	nm	to	determine	nucleic	acid	concentration.	

2.1.4.8 Centrifugation	

Sample	centrifugation	was	performed	using	a	Megafuge	8R	Small	Benchtop	Centrifuge	from	

Thermo	Fisher	Scientific	(Waltham,	MA,	USA),	equipped	with	30-sample	or	48-sample	insert.	

For	 processing	 larger	 sample	 volumes	 or	 96-well	 MASTERBLOCK®,	 Allegra®	 X-12R	

Centrifuge	from	Beckman	Coulter	(High	Wycombe,	UK)	was	used.		

2.1.4.9 Sonication	

Sonication	for	cell	disruption	and	sample	homogenisation	was	carried	out	using	a	micro-tipped	

SONICS®	Vibra	CellTM	Ultrasonic	Homogenizer	from	Sonics	&	Materials,	INC.	(Newtown,	CT,	

USA).		

2.1.4.10 Real-time	metabolic	analysis	

Real	 time	 metabolic	 changes,	 such	 as	 oxygen	 consumption	 rate	 (OCR)	 and	 extracellular	

acidification	rate	(ECAR),	were	measured	using	a	Seahorse	XFe24	Analyzer	from	Agilent	(Santa	

Clara,	CA,	USA).	The	analyser	provided	 crucial	 insights	 into	 the	metabolic	 activities	of	 cells	

under	various	experimental	conditions.	

2.2 Bacterial	culturing	

 Media	preparation	

2.2.1.1 Agar	gel	preparation	

Agar	gel	was	prepared	with	 the	 following	composition:	1.5%	agar,	1%	bactotryptone,	0.5%	

yeast	extract,	and	1%	NaCl.	Specifically,	3	g	agar,	2	g	bactotryptone,	1	g	yeast	extract,	and	2	g	

NaCl	were	dissolved	in	200	mL	of	Type	1	water.	The	prepared	media	were	dispensed	into	glass	

bottles,	filled	to	no	more	than	two-thirds	of	their	volume,	and	capped	loosely	to	allow	pressure	

equilibration.	Sterilisation	was	performed	using	a	full	autoclave	cycle	following	the	conditions:	

121-125	℃	for	at	least	15	minutes,	126-130	℃	for	at	least	10	minutes,	or	134-138	℃	for	at	least	

3	minutes.	

2.2.1.2 2TY	liquid	medium	(broth)	preparation	

The	liquid	2TY	medium,	often	referred	as	broth,	consists	of	1.6%	tryptone,	0.5%	NaCl,	and	1%	



Chapter	2	

35	
 

yeast	extract.	Specifically,	16	g	tryptone,	10	g	yeast,	and	5	g	NaCl	were	dissolved	in	1	litre	of	

Milli-Q	water.	The	pH	was	adjusted	to	7.0	using	NaOH	if	necessary,	and	the	solution	was	then	

autoclaved.	

2.2.1.3 M9	medium	preparation	

The	preparation	 of	M9	medium	 involved	 first	 creating	 a	 concentrated	M9	 salt	 solution.	 To	

prepare	500	mL	of	this	solution,	17	g	of	NaH2PO4,	7.5	g	of	KH2PO4,	5	g	of	NH4Cl,	and	2.5	g	of	

NaCl	were	dissolved	in	water	and	autoclaved	to	ensure	sterility.	

To	prepare	1	litre	of	M9	medium,	200	mL	of	the	autoclaved	concentrated	M9	salt	solution	was	

combined	with	10	mL	of	20%	(w/v)	glucose,	100	μL	of	1M	Mg	SO4,	100	μL	of	1	M	CaCl2,	and	

10	μL	of	0.5%	w/v	vitamin	B1.	The	mixture	was	then	brought	up	to	a	final	volume	of	1	litre	

with	autoclaved	Type	1	water.223	

 Plasmid	ligation	

To	circularise	the	linear	pCR2.1	plasmid,	a	ligation	reaction	was	performed	using	the	LigaFast™	

Rapid	DNA	Ligation	System.	The	reaction	was	prepared	in	a	total	volume	of	10	μL,	containing	

2	μL	of	linear	pCR2.1	plasmid	DNA,	2	μL	of	2X	LigaFast™	ligation	buffer,	1	μL	of	T4	DNA	ligase,	

and	5	μL	of	sterile	water.	The	reaction	was	incubated	at	room	temperature	for	5	minutes	to	

facilitate	 ligation,	 followed	 by	 incubation	 on	 ice.	 The	 ligation	 mixture	 was	 then	 used	 for	

transformation	into	competent	E.	coli	cells.	

 Plasmid	isolation	

Plasmid	DNA	was	 isolated	using	 the	GeneJET	Plasmid	Miniprep	Kit	 from	Thermo	Scientific	

(Waltham,	 MA,	 USA).	 Bacterial	 cells	 were	 harvested	 from	 an	 overnight	 culture	 by	

centrifugation	at	12,000	×	g	(force	of	gravity)	for	1	minute	to	obtain	a	pellet.	The	bacterial	pellet	

was	resuspended	in	250	μL	of	the	resuspension	solution,	followed	by	the	addition	of	250	μL	of	

the	lysis	solution.	The	mixture	was	gently	inverted	several	times	and	incubated	for	2	minutes	

to	ensure	complete	lysis	of	the	cells.	Subsequently,	350	μL	of	the	neutralisation	solution	was	

added,	and	the	solution	was	mixed	thoroughly.		

Following	centrifugation	at	12,000	×	g	for	10	minutes,	the	supernatant	containing	the	plasmid	
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DNA	was	transferred	to	a	GeneJET	spin	column.	The	column	was	centrifuged	for	1	minute	at	

12,000	×	g	to	bind	the	plasmid	DNA	to	the	silica	membrane.	The	column	was	then	washed	twice	

with	 500	 μL	 of	wash	 solution	 (diluted	with	 ethanol),	with	 centrifugation	 at	 12,000	 ×	 g	 for	

1	minute	and	then	for	2	minutes	to	remove	contaminants	and	residual	ethanol.	

Finally,	the	plasmid	DNA	was	eluted	by	adding	50	μL	of	autoclaved	Mili-Q	water	directly	to	the	

centre	of	the	column	membrane,	incubating	for	2	minutes,	and	centrifuging	at	12,000	×	g	for	

1	minute.	The	purified	plasmid	DNA	was	then	quantified	by	measuring	its	concentration	using	

a	NanoDrop	One	spectrophotometer,	and	was	subsequently	used	for	downstream	applications.	

 Plasmid	transformation	

2.2.4.1 Chemical	transformation	

Chemically	competent	E.	coli	DH5α	cells	were	transformed	using	the	heat	shock	method.224,225	

For	plasmid	preparation,	3	μL	of	each	plasmid	(pCR2.1	with	NDM-7	or	pCR2.1)	was	mixed	with	

3	μL	of	water	and	heated	at	85	°C	for	7	minutes	to	removed	potential	contaminants	such	as	

viruses,	followed	by	cooling	on	ice.	

For	transformation,	1	μL	of	plasmid	was	added	to	30	μL	of	DH5α	cells	and	incubated	on	ice	for	

30	minutes.	Cells	were	heat	shocked	at	42	°C	for	45	seconds	and	immediately	cooled	on	ice	for	

2	minutes.	The	heat	shock	creates	transient	pores	in	the	bacterial	cell	membranes,	allowing	the	

negatively	charged	plasmid	DNA	to	enter	the	cells.	

Following	heat	shock,	300	μL	of	SOC	medium	was	added,	and	the	mixture	was	incubated	at	

37	°C	for	1	hour	with	shaking	to	allow	cell	recovery.	The	cells	were	centrifuged	at	5,370	×	g	for	

2	minutes,	the	supernatant	was	mostly	removed,	and	the	pellet	was	resuspended	in	50	μL	of	

the	remaining	supernatant.	

To	 select	 for	 transformants,	 50	 μL	 aliquot	 of	 the	 bacterial	 suspension	 was	 plated	 onto	

kanamycin	agar	plates	and	incubated	at	37	°C	overnight.	Since	the	pCR2.1	plasmid	carries	a	

kanamycin	 resistance	gene,	 only	bacteria	 that	 successfully	 incorporated	 the	plasmid	would	

survive.	The	plates	were	incubated	at	37	°C	overnight	to	allow	colony	formation.	
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2.2.4.2 Electroporation	

The	plasmid	was	introduced	into	electrocompetent	cell	line	by	electroporation.	In	total,	2	μL	of	

plasmid	 DNA	 was	 added	 to	 30	 μL	 of	 electrocompetent	 E.	 coli	 cells,	 and	 the	 mixture	 was	

incubated	on	ice	for	10	minutes.	Following	incubation,	32	μL	of	the	plasmid-cell	mixture	was	

transferred	 into	 an	 electroporation	 cuvette.	 Additional	 volumes	 of	 electroporation	 buffer	

added	to	reach	a	final	volume	of	60	μL.	

The	cuvette	was	placed	into	the	electroporation	apparatus,	and	electroporation	was	performed	

by	delivering	an	electrical	pulse.	Immediately	after	electroporation,	the	contents	of	the	cuvette	

were	 transferred	 into	a	sterile	 tube,	and	250	μL	of	SOC	medium	was	added.	The	cells	were	

incubated	in	a	shaking	incubator	at	37	°C	for	1	hour	to	allow	recovery	and	expression	of	the	

plasmid.	

Following	incubation,	the	cells	were	centrifuged	at	5,370	×	g	for	2	minutes,	and	the	supernatant	

was	 removed.	 The	 cell	 pellet	 was	 resuspended	 in	 20	 μL	 of	 the	 remaining	 broth,	 and	 the	

suspension	 was	 streaked	 onto	 kanamycin	 agar	 plate.	 The	 plates	 were	 incubated	 at	 37	 °C	

overnight	to	allow	colony	formation.	

 PCR	amplification	of	plasmid	DNA	

PCR	amplification	was	performed	to	analyse	plasmid	DNA	samples.	Plasmid	DNA	was	isolated	

from	bacterial	cultures	using	the	GeneJET	Plasmid	Miniprep	Kit	(ThermoScientific,	Waltham,	

MA,	USA)	as	described	previously	(2.2.3	Plasmid	Isolation).	Each	PCR	reaction	was	prepared	

in	a	total	volume	of	25	μL.	The	reaction	mixture	contained	1	μL	of	plasmid	DNA,	0.2	μM	each	of	

M13	 forward	 primer	 (5’-GTAAAACGACGGCCAG-3’)	 and	 M13	 reverse	 primer	

(5’-CAGGAAACAGCTATGAC-3’)	and	12.5	μL	of	DreamTagTM	Green	PCR	Master	Mix	 (Thermo	

Fisher	Scientific),	which	includes	loading	dye.	Autoclaved	Type	1	water	was	added	to	reach	the	

final	volume.	

PCR	amplification	was	carried	out	using	a	thermal	cycler	under	the	following	conditions:	an	

initial	denaturation	at	95	°C	for	3	minutes,	followed	by	35	cycles	of	denaturation	at	95	°C	for	

30	seconds,	annealing	at	55	 °C	 for	30	seconds,	and	extension	at	72	°C	 for	1	minute.	A	 final	
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extension	was	performed	at	72	°C	for	5	minutes,	and	the	reaction	were	then	held	at	4	°C	until	

further	analysis.	

After	 amplification,	 the	 PCR	 products	 were	 analysed	 by	 agarose	 gel	 electrophoresis	 as	

described	in	2.2.6	Gel	Electrophoresis.	The	expected	PCR	product	sizes	corresponded	to	the	

plasmid	with	and	without	the	insert,	allowing	for	comparison	between	samples.	

 Gel	electrophoresis	

Agarose	gel	electrophoresis	was	performed	to	analyse	plasmid	DNA.	A	1%	agarose	gel	was	

prepared	in	1X	Tris	Acetate	EDTA	(TAE)	buffer.	The	mixture	was	heated	in	a	microwave	at	high	

power	 for	 2-3	 minutes	 until	 fully	 dissolved.	 The	 solution	 was	 cooled	 until	 it	 could	 be	

comfortably	 handled.	A	 gel	 tray	with	 a	 comb	was	 set	 up,	 and	 approximately	 5%	of	 the	 gel	

volume	of	SYBR	Safe	DNA	gel	stain	(Thermo	Fisher	Scientific)	was	added	to	the	cooled	agarose	

solution,	 which	was	 gently	 swirled	 to	mix.	 The	mixture	was	 poured	 into	 the	 gel	 tray	 to	 a	

sufficient	depth	(approximately	10	mm)	and	left	to	solidify	at	room	temperature.	

Once	the	gel	had	solidified,	the	comb	and	separator	were	removed,	and	the	gel	was	placed	in	

the	electrophoresis	chamber,	with	the	wells	positioned	near	the	negative	(black)	electrode.	The	

chamber	was	filled	with	1XTAE	buffer	until	the	gel	was	completely	submerged.		

5	μL	of	a	1	kb	GeneRuler	DNA	ladder	(Thermo	Fisher	Scientific)	was	loaded	into	one	of	the	

wells	as	a	molecular	weight	marker.	The	remaining	wells	were	loaded	with	10	μL	each	of	the	

DNA	samples;	control	(PCR	chemicals),	E.	coli	(E,	DH5α),	susceptible	strain	(S,	DH5α	pCR2.1),	

and	resistant	strain	(R,	DH5α	pCR2.1NDM-7).	

Electrophoresis	was	run	at	100	V	for	35	minutes.	Voltage	was	monitored	throughout	the	run,	

ensuring	 adequate	 buffer	 coverage	 and	 the	 presence	 of	 bubbles	 as	 an	 indication	 of	 proper	

operation.	 After	 electrophoresis,	 the	 DNA	 bands	 were	 visualised	 using	 a	 blue-light	

transilluminator	in	the	Molecular	Imager®	Gel	DocTM	XR	System,	and	an	image	of	the	gel	was	

captured	for	analysis.	

 Glycerol	stock	preparation	

Protect	Micro-organism	Preservation	Beads	in	cryovial,	used	for	long	term	storage	of	bacterial	
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strains,	were	purchased	from	Technical	Service	Consultants	(Lancashire,	UK).	Glycerol	stocks	

for	preservation	of	the	bacterial	strains	were	prepared	by	adding	colonies	from	agar	plates	into	

cryovial	 containing	 Protect	 Micro-organism	 preservation	 beads.	 The	 bacteria	 were	 evenly	

distributed	 among	 the	 beads,	 each	 vial	 was	 labelled	with	 the	 strain	 and	 date,	 then	 stored	

at	-80	°C.		

 Agar	plate	culture	preparation	

To	culture	E.	coli	DH5α,	a	10	μL	inoculation	loop	was	used	to	streak	a	small	amount	of	glycerol	

stocks	onto	agar	plates	to	form	colonies.	Antibiotics	were	added	to	the	agar,	when	necessary,	

typically	at	a	ratio	of	1:1000	(e.g.,	20	μL	of	antibiotic	to	20	mL	of	agar).	Plates	were	incubated	

at	37	°C	for	16-18	hours	until	colonies	formed.	

 Overnight	culture	

A	single	colony	of	E.	coli	(DH5α)	was	inoculated	into	20	mL	of	2TY	medium	in	a	Falcon	tube	

and	placed	in	a	37	°C	shaker	at	200	rpm	(revolutions	per	minute)	overnight.	When	antibiotics	

were	needed,	a	ratio	of	20	μL	antibiotic	to	20	mL	of	broth	was	used.	

2.2.9.1 Colony	count:	Time	kill	assay	

The	bacterial	culture	was	sampled	at	specific	time	points	during	the	assay.	For	the	0-hour	time	

point,	a	small	aliquot	of	 the	 treated	sample	was	removed	 immediately	after	 the	addition	of	

meropenem	for	analyses.	For	subsequent	time	points,	treated	cultures	were	incubated	at	37	°C	

in	a	shaking	incubator,	and	aliquots	were	removed	for	analyses	at	each	specific	time	point.	To	

preserve	metabolic	states,	samples	were	cooled	to	4	°C	right	after	sampling.	Each	sample	was	

serially	diluted	up	to	a	10⁻⁵	dilution	using	2TY	broth.	A	50	µL	aliquot	from	the	10⁻⁵	dilution	

was	 spread	 evenly	 onto	 a	 6	 cm	 agar	 plate	 using	 a	 sterile	 spreader.	 The	 plates	 were	 then	

incubated	at	37°C	for	24	hours,	after	which	the	bacterial	colonies	were	counted	to	determine	

the	colony-forming	units	(CFU).		

 Subculture	

A	200	μL	aliquot	of	the	overnight	culture	was	sub-cultured	into	20	mL	fresh	2TY	medium	and	

grown	in	a	shaker	at	37	°C	until	the	OD600	reached	0.3-0.4.	
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 Antibiotic	exposure	

A	subculture	of	E.	coli	was	grown	in	2TY	medium	at	37	°C	in	a	shaking	incubator	(200	rpm)	for	

4	hours	until	the	OD600	reached	0.4,	corresponding	to	the	log	phase	of	the	growth.226,227	The	cell	

density	 was	 then	 normalised	 by	 diluting	 the	 cultures	 to	 an	 OD600	 of	 0.4	 using	 fresh	 2TY	

medium.227	Antibiotic	stock	solutions	were	prepared	in	DMSO	at	1000	times	the	desired	final	

concentration.	 To	 achieve	 the	 desired	 antibiotic	 concentrations,	 2	 μL	 of	 the	 1000×	 stock	

solution	was	 added	 to	 2	mL	 of	 bacterial	 culture	 at	OD600	 0.4,	 resulting	 in	 a	 1:100	 dilution.	

Treated	 cultures	 were	 incubated	 at	 37	 °C	 in	 a	 shaking	 incubator	 (200	 rpm)	 for	 specific	

durations	based	on	the	experiment.	

2.2.11.1 Meropenem	hydrolysis	assay	

E.	coli	strains	were	subcultured	from	overnight	cultures	in	2TY	broth.	When	the	optical	density	

at	 600	 nm	 (OD600)	 reached	 0.4,	 bacterial	 cells	were	 harvested	 by	 centrifugation	 at	 4°C	 for	

15	minutes	at	16,000	×	g.	The	supernatant	was	discarded,	and	the	resulting	pellet	was	retained	

for	further	analysis.	

The	metallo-β-lactamase	(MBL)	buffer	used	 in	 the	assay	contained	50	mM	HEPES	(pH	7.2),	

1	µM	ZnCl₂,	1	µg/mL	bovine	serum	albumin	(BSA),	and	0.01%	(v/v)	Triton	X-100	to	facilitate	

cell	 lysis.	 The	 buffer	 was	 sterilized	 by	 filtration	 using	 a	 0.2	 µM	 filter,	 and	 the	 filter	 was	

pre-washed	with	sterile	water	before	use.	

The	bacterial	pellet	was	resuspended	in	500	µL	of	MBL	buffer.	Cell	lysis	was	achieved	through	

sonication	 for	a	 total	of	3	minutes,	using	cycles	of	10	seconds	on	and	10	seconds	off,	while	

keeping	the	sample	on	ice	to	preserve	lysate	integrity.	

Protein	concentrations	in	the	 lysates	were	measured	using	the	Bradford	assay.	 In	a	96-well	

microplate,	5	µL	of	the	lysate	or	a	standard	solution,	5	µL	of	buffer,	and	250	µL	of	Bradford	

reagent	were	combined	in	each	well.	Absorbance	was	measured	at	595	nm	using	a	microplate	

reader.	Protein	concentrations	were	determined	based	on	a	standard	curve	generated	from	

known	protein	concentrations	ranging	from	125	µg/mL	to	2000	µg/mL.	

Meropenem	was	prepared	at	a	concentration	of	200	µM	in	MBL	buffer.	For	the	assay,	5	µL	of	
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the	 bacterial	 lysate	 was	 incubated	 with	 200	 µL	 of	 the	meropenem	 solution.	 Hydrolysis	 of	

meropenem	 was	 monitored	 by	 measuring	 the	 decrease	 in	 absorbance	 at	 300	 nm,	 the	

wavelength	at	which	meropenem	exhibits	its	highest	absorbance.	The	reaction	was	conducted	

at	37°C,	and	measurements	were	taken	at	2-minute	intervals	to	track	the	rate	of	hydrolysis.	

The	rate	of	meropenem	hydrolysis	was	calculated	by	normalizing	the	absorbance	values	to	the	

protein	 concentration	 of	 each	 lysate	 sample.	 Absorbance	 measurements	 from	 the	 buffer	

control	were	subtracted	to	account	for	any	background	activity.	Protein	concentrations	were	

calculated	using	the	standard	curve	generated	during	the	Bradford	assay.	The	hydrolysis	rates	

were	 compared	 among	 wild-type	 (E),	 meropenem-susceptible	 (S),	 and	

meropenem-resistant	(R)	E.	coli	strains.	

2.2.11.2 Checkerboard	assay	

Checkerboard	 assays	 were	 performed	 to	 evaluate	 the	 combined	 antimicrobial	 effects	 of	

meropenem	with	various	compounds	against	E.	coli	strains.	Meropenem	was	prepared	as	a	

stock	solution	and	serially	diluted	2-fold	across	the	horizontal	axis	of	a	96-well	plate	to	achieve	

final	 concentrations	 of	 256,	 128,	 64,	 32,	 16,	 8,	 4,	 2,	 1,	 0.5,	 0.25,	 and	 0	 μg/mL.	 The	 test	

compounds	were	also	serially	diluted	2-fold	along	the	vertical	axis.	

Each	well	contained	180	μL	of	2TY	broth	supplemented	with	the	appropriate	concentrations	

of	meropenem	and	 the	 test	compound,	and	20	μL	of	bacterial	 inoculum.	The	 inoculum	was	

prepared	either	by	diluting	OD600	of	0.4	subculture	to	a	final	OD600	of	0.01,	or	by	suspending	a	

single	colony	in	3	mL	of	PBS	and	diluting	to	a	final	OD600	of	0.01.	

Plates	were	incubated	at	37	°C	for	24	hours,	and	bacterial	growth	was	monitored	by	measuring	

optical	density	(OD600)	using	a	CLARIOstar	microplate	reader.	

 Growth	curve	

Bacterial	 cultures	were	 initiated	with	 an	 inoculum	adjusted	 to	 an	 initial	OD600	 of	 0.01.	The	

inoculum	was	prepared	either	 from	a	single	bacterial	 colony	or	a	 subculture	grown	 in	2TY	

broth.	The	cultures	were	incubated	at	37°C	with	continuous	shaking	to	ensure	aeration.	

The	 OD600	 was	 measured	 every	 10	 minutes	 over	 a	 24-hour	 period	 in	 CLARIOstar.	
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Measurements	were	 recorded	 in	 real-time	 to	monitor	 bacterial	 growth	 kinetics.	Data	were	

used	to	construct	growth	curves,	which	provided	insights	into	lag,	exponential,	and	stationary	

growth	phases	under	the	specified	experimental	conditions.	

2.3 Metabolite	extraction	

 Method	A	

For	each	sample,	100	μL	of	whole-cell	broth	were	directly	transferred	to	240	μL	of	an	extraction	

solution	containing	50%	(v/v)	methanol	and	50%	(v/v)	acetonitrile	at	-20	°C.	The	extraction	

process	 involved	 incubating	 the	samples	 for	1	hour	at	 -20	 °C,	 followed	by	centrifugation	at	

14,000	×	g	for	5	minutes.228	Sample	normalisation	and	filtration	were	performed	as	needed	for	

AEC-MS	sample	preparation.	Refer	to	Section2.3.6	for	detailed	sample	preparation	methods	

for	AEC-MS	analysis.	

 Method	B	

Samples	were	rapidly	quenched	in	a	dry	ice/ethanol	bath	and	kept	on	ice	for	all	following	steps.	

The	 samples	 were	 centrifuged	 for	 10	 minutes	 at	 3,220	 ×	 g	 at	 4	 °C.	 The	 supernatant	 was	

collected	 for	 extracellular	 metabolites.	 Aliquots	 of	 the	 supernatant	 were	 filtered	 through	

Millipore	Amicon	Ultra	centrifugal	filters,	and	30	μL	of	the	filtered	supernatant	was	mixed	with	

250	μL	chloroform:methanol:water	(1:3:1,	v/v,	-80	°C).229	The	mixture	was	then	centrifuged	at	

14,000	×	 g	 for	10	minutes	at	4	 °C,	 and	 the	supernatant	was	collected	 into	 injector	vials	 for	

AEC-MS	analysis.	

For	intracellular	metabolites,	the	cell	pellets	were	washed	three	times	with	200	μL	cold	sterile	

phosphate-buffered	saline	(PBS)	and	centrifuged	for	3	minutes	at	3,220	×	g	at	4	°C.	Cellular	

metabolites	were	extracted	with	200	μL	chloroform:methanol:water	(1:3:1,	v/v,	-80	°C).	The	

samples	 were	 immediately	 frozen	 in	 liquid	 nitrogen,	 thawed	 on	 ice,	 and	 this	 freeze-thaw	

process	was	repeated	three	times	to	lyse	the	cells	and	release	intercellular	metabolites.	The	

extracted	samples	were	centrifuged	for	10	minutes	at	3,220	×	g	at	4	°C,	and	the	supernatant	

was	further	centrifuged	at	14,000	×	g	 for	10	minutes	at	4	°C.229	After	the	centrifugation,	the	

samples	were	normalised	and	filtered	as	described	in	Section	2.3.6	for	AEC-MS	analysis.	
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 Method	C:	Adaptation	of	mammalian	protocol	

A	single	colony	from	each	strain	(E,	S,	and	R)	were	grown	overnight	in	broth.	The	susceptible	

and	resistant	strains	were	grown	in	the	presence	of	kanamycin.	Subculture	were	grown	until	

OD600	reached	0.4,	and	the	cultures	were	normalised	to	OD600	0.4	if	necessary.	Three	replicates	

of	6	mL	of	 cells	 from	each	condition	 (E,	S,	R)	were	prepared.	The	cells	were	centrifuged	at	

14,000	×	g	for	10	minutes,	and	the	supernatant	was	filtered	and	kept	separately.	The	cell	pellet	

was	washed	with	5	mL	PBS	buffer,	resuspended,	and	centrifuged	at	14,000	×	g	for	10	minutes;	

this	wash	step	was	repeated	twice.	The	washed	cell	pellets	were	snap-frozen	in	liquid	nitrogen.	

The	frozen	cells	were	resuspended	in	500	μL	of	cold	80%	methanol	and	placed	on	an	ice	bath.	

The	 samples	were	 centrifuged	 at	maximum	 speed	 (>16,000	×	g)	 for	 30	minutes.	DNA	was	

measured	 and	 normalised	 before	 filtering	 the	 supernatant	 and	 broth	 (500	 μL	 each)	 for	

subsequent	analysis	as	described	in	Section	2.3.6	for	AEC-MS	analysis.210	

 Mechanical	cell	lysis	method		

The	 efficacy	 of	 cell	 disruption	 for	 intracellular	 metabolite	 extraction	 was	 evaluated	 using	

sonication	 and	 bead	 beating	methods.	 For	 sonication,	 1	mL	 of	 subculture	 (OD600	 0.4)	 was	

centrifuged	 at	 8,385	 ×	 g	 for	 5	minutes,	 the	 supernatant	 was	 removed,	 and	 the	 pellet	 was	

washed	twice	in	1	mL	of	30	mM	Tris	buffer.	After	the	wash	and	removal	of	the	supernatant,	

finally,	the	pellet	was	resuspended	in	350	ul	of	buffer.	Sonication	was	performed	in	an	ice	bath	

using	 a	 microtip	 sonicator	 set	 to	 40%	 amplitude,	 with	 3	 minutes	 of	 pulsed	 treatment	

(10	seconds	on,	10	seconds	off).230	The	sonicator	probe	was	cleaned	with	ethanol	and	water	

between	samples.	Protein	concentration	was	measured	using	Bradford	assay,	where	50	μL	of	

the	sample	was	mixed	with	250	μL	Bradford	reagent	and	absorbance	was	read	at	595	nm,	with	

controls	showing	minimal	protein	detection.231	DNA	concentration	was	also	measured	using	a	

NanoDrop	 spectrophotometer	 to	 normalise	 the	 samples	 before	 proceeding	with	 the	 50:50	

extraction	method.	For	extraction,	the	sonicated	subculture	equivalent	to	100	μL	of	the	original	

subculture	was	mixed	with	240	μL	of	50:50	(methanol:acetonitrile)	and	incubated	at	-20	°C	for	

1	hour,	followed	by	centrifugation	at	8,385	×	g	for	5	minutes.	The	sample	was	then	normalised	
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to	DNA	concentration	of	8	ng,	filtered	as	described	in	Section	2.3.6	and	180	μL	was	transferred	

to	a	sample	vial	for	storage	at	-80	°C	until	AEC-MS	analysis.	

For	bead	beating,	a	subculture	was	grown	to	an	OD600	of	0.4,	and	1	mL	of	cells	was	incubated	

with	1	μL	(4	μg)	of	meropenem,	shaken	for	1	hour,	and	washed	twice	with	PBS,	centrifuging	at	

1,900	 ×	 g	 for	 10	 minutes	 each	 time.	 The	 pellet	 was	 resuspended	 in	 500	 μL	 of	 50:50	

methanol:acetonitrile	and	incubated	for	1	hour	at	-20	°C.	Bead	beating	involved	pre-chilling	

the	 samples	 at	 -80°C,	 followed	 by	 vortexing	 for	 3	 minutes	 at	 500	 rpm,	 or	 alternatively,	

vortexing	 for	 30	 seconds	with	 2	minute	 intervals	 on	 ice,	 repeated	 five	 times.232	 After	 bead	

beating,	samples	were	centrifuged	at	8,385	×	g	for	10	minutes,	filtered	through	a	MWCO	filter,	

and	centrifuged	again	at	8,385	×	g	for	15	minutes.	DNA	concentration	was	measured	using	a	

NanoDrop	spectrophotometer,	and	samples	were	normalised	accordingly.	

 Optimised	bacterial	metabolite	extraction	protocol	

Following	 the	 drug	 treatment,	 1	mL	 of	 bacterial	 culture	were	 pelleted	 by	 centrifugation	 at	

3,220	×	g	for	10	minutes	at	4	°C.	The	supernatant	was	discarded,	and	the	pellet	was	washed	

twice	with	 ice-cold	PBS	 to	 remove	 any	 residual	medium	or	 drug	 compounds.	 The	washing	

process	involved	resuspending	the	pellet	in	1	mL	ice-cold	PBS,	followed	by	centrifugation	at	

3,220	×	g	for	5	minutes	at	4	°C.	The	supernatant	was	carefully	removed,	and	the	pellet	was	

resuspended	 in	 fresh	 ice-cold	 PBS	 for	 a	 second	 wash.	 After	 the	 final	 centrifugation,	 the	

supernatant	was	discarded.	The	washed	cell	pellets	were	resuspended	 in	300	µl	of	a	50:50	

methanol/acetonitrile	 (MeOH/ACN)	mixture,	which	was	 pre-cooled	 to	 -20	 °C.	 The	 samples	

were	 incubated	at	-20	°C	for	1	hour	to	 facilitate	metabolite	extraction.	After	 incubation,	 the	

samples	were	centrifuged	at	14,000	×	g	for	5	minutes	at	4	°C,	and	the	supernatant	containing	

metabolites	was	 collected.	 Then	 followed	DNA	normalisation	 and	 filtration	 as	 described	 in	

Section	2.3.6	for	AEC-MS	analysis.	

 Sample	 preparation	 for	 anion	 exchange	 chromatography-mass	 spectrometry	

analysis	

After	 extraction,	DNA	concentration	 (ng/μL)	of	 the	 final	 supernatants	were	measured	with	
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NanoDropTM.233	 Then,	 samples	 were	 normalised	 by	 relative	 DNA	 concentration	 with	 the	

appropriate	 extraction	 solvent	 (methanol:acetonitrile	 50:50	 or	 chloroform:methanol:water	

(1:3:1,	v/v))	up	to	200	μL,	then	filtered	with	an	Amicon®	Ultra-0.5	centrifugal	10	kDa	cut-off	

filter.	After	filtration,	the	samples	were	collected	into	total	recovery	vials	(1.0	mL)	with	screw	

neck	and	cap	with	pre-slit	PTFE/silicone	septa	 (Waters,	Milford,	USA)	 for	AEC-MS	analysis.	

Quality	control	(QC)	samples	were	made	by	collecting	equal	aliquots	from	all	samples	into	one	

vial.210	

2.4 Anion	exchange	chromatography-mass	spectrometry	method	

 Instrumentation	and	column	setup	

Samples	were	analysed	on	a	Q	ExactiveTM	HF	hybrid	quadrupole-OrbitrapTM	mass	spectrometer	

(Thermo	 Scientific,	 Bremen,	 Germany),	 coupled	 to	 a	 DionexTM	 ICS-5000+	 Capillary	

High-Pressure	Ion	Chromatography	(HPIC)	system.	The	system	was	equipped	with	a	DionexTM	

IonPacTM	AS11-HC	column	(2×250	mm,	4	μm	particle	size),	and	eluent	generation	was	achieved	

using	an	eluent	generator	cartridge	(EGC	500	KOH)	for	automated	online	hydroxide	gradient	

production.	A	sample	volume	of	5	μL	was	 injected	using	partial	 loop	 injection.	To	maintain	

sample	 purity,	 a	 continuously	 regenerated	 trap	 column	 (CR-ATC)	 was	 used	 to	 remove	

contaminants	from	the	eluent,	while	ion	suppression	was	achieved	using	a	DionexTM	ERS	500e	

electrochemical	 suppressor	 (AERS	500e	2	mm)	operating	 in	 external	water	mode	with	 the	

water	 regenerant	 flow	 rate	 of	 500	 μL/min.	 Unless	 otherwise	 specified,	 all	 products	 were	

purchased	from	Thermo	Scientific,	Sunnyvale,	CA,	USA.	

 Chromatography	conditions	

The	autosampler	was	maintained	at	4	°C,	and	the	column	was	kept	at	a	constant	temperature	

of	30	°C.	The	mobile	phase	flow	rate	was	set	to	250	μL/min.	The	hydroxide	gradient	applied	

was	as	follows;	0.0	min	at	5	mM,	1.0	min	at	5	mM,	15.0	min	at	60	mM,	25.0	min	at	100	mM,	

30.0	min	at	100	mM,	30.1	min	at	5	mM,	and	37.0	min	at	5	mM.	A	curve	setting	of	5	was	applied	

for	all	gradient	steps.	The	ion	suppressor	current	was	set	to	62	mA.	
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 Mass	spectrometry	parameters	

The	mass	spectrometer	was	equipped	with	a	heated	electrospray	ionisation	(HESI	II)	probe	

operating	in	negative	ion	mode.	The	spray	voltage	was	set	to	-3.6	kV	(negative	polarity),	the	

capillary	 temperature	 to	 320	 °C,	 and	 the	 probe	 heater	 temperature	 to	 350	 °C.	 Other	 key	

parameters	included	the	S-Lens	RF	Level	of	70%,	the	auxiliary	gas	flow	rate	at	20	arbitrary	

units	(a.u.),	the	sheath	gas	rate	at	60	a.u.,	and	the	spare	gas	at	0	a.u.	

The	Q-Exactive	method	involved	full	scan	MS	data	collection,	followed	by	automatic	(Top	10)	

data-directed	 (dd)	 high-energy	 collision	 dissociation	 (HCD)	 fragmentation.	 Known	 as	 Full	

MS-ddMS2	approach,	it	provided	comprehensive	analysis	of	the	samples.	For	Full	MS	settings,	

the	microscans	were	set	to	2,	with	a	resolution	of	70,000,	a	scan	range	of	60	to	900	m/z.	an	

automatic	gain	control	(AGC)	target	of	1e6,	and	a	maximum	injection	time	(IT)	of	120	ms.	For	

dd-MS/MS	settings,	the	microscans	were	set	to	1,	with	a	resolution	of	17,500,	an	AGC	target	of	

1e5,	and	maximum	IT	of	250	ms.	

2.5 Data	processing	and	analysis	

 Raw	data	acquisition	

The	 raw	mass	 spectrometry	 data	 files	 obtained	 from	 AEC-MS	 analysis	were	 imported	 and	

processed	 using	 Progenesis	 QI,	 a	 software	 from	 Nonlinear	 Dynamics	 (a	Waters	 Company,	

Newcastle	 upon	 Tyne,	 UK).	 The	 instrument	 type	 was	 set	 as	 a	 ‘High	 resolution	 mass	

spectrometer’	and	the	data	format	was	set	to	‘Profile	data’.	The	ionisation	polarity	was	set	to	

negative,	with	the	adducts	[M-H]-	and	[M-H2O-H]-	selected	for	analysis.	

 Peak	detection	and	chromatographic	peak	alignment	

Progenesis	QI	automatically	selected	the	most	suitable	sample,	often	QC	sample,	to	serve	as	the	

reference	 for	 chromatographic	 peak	 alignment	 across	 all	 samples.	 The	 alignment	 process	

ensured	consistent	detection	and	retention	time	alignment,	correcting	for	any	potential	shifts	

that	 may	 occur	 during	 the	 run.	 Accurate	 alignment	 is	 critical	 for	 consistent	 comparisons	

between	 samples,	with	 an	 alignment	 score	 of	 ≥	 90%	 generally	 accepted	 as	 reliable.	 	 After	

alignment,	 peak	 picking	 was	 conducted	 with	 the	 software	 identifying	 and	 integrating	
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chromatographic	 peaks	 based	 on	 retention	 time	 and	m/z	 pairs.	 The	 default	 peak	 picking	

sensitivity	and	noise	estimation	algorithms	were	applied,	without	 imposing	minimum	peak	

width	 or	 retention	 time	 limits,	which	 effectively	 reduced	 data	 complexity	 by	 consolidating	

detected	 ions	 into	 compound	 features	 across	 all	 samples,	 aiding	 in	 accurate	 compound	

identification.	 The	 detected	 peaks	were	 then	 deconvoluted	 into	 compound	 features,	which	

were	used	for	identification	process.		

 Metabolite	identification	

Detected	features	were	matched	against	an	in-house	metabolite	database	specifically	designed	

for	AEC-MS	analysis	(details	provided	in	Table	Appendix	I.I	in	Appendix	I)Identification	was	

performed	 using	 parameters	 such	 as	 accurate	mass,	 retention	 time,	 isotopic	 patterns,	 and	

MS/MS	fragmentation	data.	The	identification	process	was	guided	by	set	parameters,	including	

a	 retention	 time	 deviation	 of	 ≤	 3	 minutes,	 precursor	 tolerance	 of	 ≤	 5	 ppm,	 and	 fragment	

tolerance	of	≤	12	ppm	to	ensure	accuracy.		

Progenesis	QI	generated	a	robust	identification	score	by	aggregating	mass	accuracy,	retention	

time	alignment,	isotopic	pattern	matching,	and	fragmentation	data.	The	score	was	critical	for	

prioritising	and	validating	potential	compound	identification.	Retention	time	error,	mass	error,	

fragmentation	 score	 (calculated	 using	 the	 Progenesis	 QI	 algorithm)234,	 isotope	 similarity,	

minimum	 coefficient	 of	 variation	 (CV)	 and	 maximum	 abundance	 were	 crucial	 for	

differentiating	between	potential	identifications.	

Noise	was	filtered	out	using	minimum	CV	and	maximum	abundance	criteria,	where	a	CV	>	50%	

and/or	 abundance	 <	 50	 were	 considered	 highly	 likely	 to	 be	 noise.	 Only	 high-confidence	

identifications,	with	strong	evidence	from	mass	accuracy,	retention	time,	isotopic	pattern,	and	

fragmentation	data,	was	prioritised	and	accepted.	

 Data	export	and	further	analysis	

The	Progenesis	QI	output	(peak	intensity	table	of	compound	ions)	was	formatted	as	required	

for	 further	 analysis	 in	 MetaboAnalyst	 (www.metaboanalyst.ca).	 Although	 samples	 were	

normalised	 by	 OD600	 and	 DNA	 concentration	 prior	 to	 AEC-MS,	 additional	 computational	
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normalisation	was	applied	during	analysis	to	account	for	systematic	variations	and	ensure	data	

reliability.	

 Data	filtering	and	pre-processing	

To	ensure	high-quality	and	reliable	data	analysis,	data	filtering	was	implemented	to	remove	

noise,	 irrelevant,	or	 redundant	data	 that	 could	potentially	mask	 true	biological	 signals.	The	

process	included	assessments	for	missing	values,	duplicate	features,	and	data	inconsistencies.	

Features	with	low	variance	across	samples	were	filtered	using	the	interquartile	range	(IQR)	

variance	filter	with	a	threshold	of	40%,	which	removed	non-informative	noise.	

 Data	normalisation,	transformation,	and	scaling	

Data	 normalisation	 was	 applied	 to	 minimise	 any	 technical	 variability	 across	 samples.	

Sample-specific	 normalisation,	 based	 on	 DNA	 content,	 was	 conducted	 during	 sample	

preparation	 to	 standardise	 sample	 inputs.	 Further	 computational	 normalisation	 was	

performed	during	data	processing	to	account	for	any	technical	variations	and	ensure	accurate	

comparisons	of	metabolite	 intensities	across	samples.	Median	normalisation	was	applied	to	

adjust	metabolite	intensities	by	dividing	each	feature	by	the	median	intensity	of	all	features	

within	a	sample,	which	is	robust	to	outliers	and	provides	a	consistent	baseline	for	analysis.	

Following	 normalisation,	 logarithmic	 transformation	 was	 used	 to	 stabilise	 variance	 and	

compress	the	dynamic	range,	particularly	effective	in	reducing	the	influence	of	high-intensity	

metabolites	 that	 could	otherwise	dominate	 the	analysis.	The	 transformation	made	 the	data	

distribution	more	symmetrical,	a	requirement	for	many	statistical	analyses.	

After	transformation,	Pareto	scaling	was	applied,	dividing	each	feature	by	the	square	root	of	

its	standard	deviation.	The	scaling	method	balanced	the	contribution	of	larger	signals	while	

minimising	noise,	making	it	effective	for	highlighting	biologically	relevant	differences	without	

allowing	any	feature	to	disproportionately	affect	the	results.	

Median	 normalisation,	 logarithmic	 transformation,	 and	 Pareto	 scaling	 were	 applied	

consistently	 throughout	 the	 analysis	 to	 ensure	 that	 the	 processed	 data	 were	 optimally	

prepared	for	statistical	evaluation	in	MetaboAnalyst,	as	these	methods	were	best	suited	for	the	
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dataset	and	the	specific	objectives	of	the	analysis,	highlighting	biologically	relevant	differences	

while	minimising	technical	variability.	

 Statistical	analysis	

The	data	were	processed	using	a	range	of	statistical	techniques	within	MetaboAnalyst.	Within	

uploaded	data,	different	sample	datasets	can	be	selected	to	undergo	any	statistical	analyses.	

The	processed	data	were	visualised	through	methods	such	as	heatmaps,	which	allowed	for	the	

observation	of	general	patterns	in	metabolite	abundance	across	samples.	Principal	Component	

Analysis	(PCA)	to	visualise	underlying	trends,	patterns,	and	clustering	within	the	data,	allowing	

for	 the	 separation	 of	 samples	 based	 on	 their	 metabolomic	 profiles,	 while	 also	 reducing	

dimensionality	and	 identifying	potential	outliers.	Volcano	plots	were	generated	 to	 combine	

fold-change	and	statistical	significance,	providing	a	clear	visualisation	of	significant	metabolite	

changes.	

Univariate	analysis,	including	t-tests,	fold-change	analysis,	and	analysis	of	variance	(ANOVA),	

was	 used	 to	 assess	 individual	 metabolites	 and	 identify	 statistically	 significant	 differences	

between	groups.	It	is	important	to	note	that	ANOVA	detects	statistically	significant	differences	

between	any	two	groups	within	a	dataset;	therefore,	not	all	compound	features	identified	as	

significant	 will	 necessarily	 exhibit	 differences	 across	 all	 treatment	 and	 control	 conditions.	

These	methods	offered	insights	into	specific	metabolite	changes	across	conditions	helping	to	

validate	hypotheses	and	draw	conclusions	from	the	data.		

Multivariate	 analysis	was	 applied	 to	 explore	 broader	 patterns	 in	 the	 dataset.	 Partial	 Least	

Squares	Discriminant	 Analysis	 (PLS-DA)	 and	Orthogonal	 PLS-DA	 (OPLS-DA)	were	 used	 for	

supervised	 classification,	 aiding	 the	 prediction	 of	 sample	 groupings	 based	 on	 their	

metabolomic	 profiles.	 Variable	 importance	 in	 projection	 (VIP)	 scores	 were	 used	 to	 rank	

metabolites	based	on	their	contribution	to	group	separation,	enhancing	the	understanding	of	

metabolic	differences	and	helped	classify	the	groups.	

Additionally,	hierarchical	clustering	using	the	Ward	method	was	applied	to	identify	groups	and	

metabolites	with	similar	profiles,	providing	further	insights	into	the	metabolic	relationships	
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and	variance	within	the	dataset.	The	Ward	algorithm	minimises	the	variance	within	clusters,	

ensuring	that	grouped	features	share	high	similarity,	which	enhances	the	interpretability	of	

complex	metabolomic	data.235	

 Pathway	analysis	

Untargeted	 pathway	 analysis,	 also	 referred	 as	 functional	 analysis,	 was	 conducted	 on	 the	

AEC-MS	 data	 using	 MetaboAnalyst	 to	 explore	 the	 biological	 context	 of	 the	 identified	

metabolites	 by	 investigate	 metabolic	 pathways	 associated	 with	 those	 metabolites.	 Binary	

comparisons,	 such	 as	 those	 between	 resistant	 and	 susceptible	 strains,	were	 used	 highlight	

relevant	biological	differences.	The	data	were	formatted	as	 .csv	files	specifically	tailored	for	

functional	analysis	as	specified	by	MetaboAnalyst.	

For	functional	analysis,	Mummichog	was	applied.	The	tool	processes	mass	spectrometry	data	

to	predict	pathway	activities	independently	from	manual	metabolite	identification,	reducing	

the	impact	of	potential	errors	in	identification	from	tools	like	Progenesis	QI.	Pathways	were	

mapped	based	on	the	mass	features	present,	allowing	for	an	unbiased	analysis	of	metabolic	

changes.	

Pathway	and	network	visualisations	were	generated	to	identify	affected	metabolic	pathways	

and	explore	potential	 interactions	between	metabolites.	These	analyses	provide	a	basis	 for	

understanding	 the	 functional	 implications	 and	 the	 biological	 significance	 of	 the	 observed	

metabolic	differences	between	strains.	

 Further	statistical	analysis	and	visualisation	

MetaboAnalyst	was	used	to	generate	a	variety	of	visualisations,	including	scatter	plots,	volcano	

plots,	heatmaps,	pathway	maps,	and	boxplots,	to	aid	the	interpretation	and	presentation	of	the	

results.	 Visualisations	 and	 results	 were	 saved	 and	 downloaded	 for	 inclusion	 in	 reports	 or	

publications.	MetaboAnalyst	also	allows	the	export	of	process	data	for	further	analysis.	

Additional	 statistical	analyses	were	conducted	using	Prim	9.4.0	 from	GraphPad	 (San	Diego,	

USA).	 Visual	 representations	 of	 the	 data,	 including	 figures	 and	 charts,	 were	 created	 using	

Biorender.com	under	a	student	license.	The	comprehensive	approach	ensured	accurate	data	
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processing	and	facilitated	meaningful	interpretation,	supporting	the	validation	of	hypotheses	

and	the	formulation	of	conclusions.	

SnapGene	Viewer	7.2.1,	developed	by	GSL	Biotech	LLC	(Chicago,	IL,	USA),	was	utilized	for	the	

visualization	of	plasmid	constructs,	genes,	and	protein	sequences.	Chromatogram	analysis	was	

conducted	using	Freestyle	1.6,	developed	by	Thermo	Fisher	Scientific	(Waltham,	MA,	USA),	to	

review	sequencing	results	and	ensure	data	quality.	

2.6 Seahorse	XFe24	Analyzer	

 Sensor	cartridge	preparation	

The	XF	sensor	cartridge	was	hydrated	one	day	prior	to	the	assay	by	submerging	 it	 into	the	

utility	plate	containing	1	mL	of	XF	Calibrant	per	well.	The	plate	was	 incubated	overnight	at	

37	°C	in	a	non-CO2	incubator.	On	the	day	of	the	experiment,	the	hydro	booster	was	removed,	

and	injected	ports	were	loaded	with	the	appropriate	reagents,	as	specified	for	the	assay.	

 Plate	coating	

Seahorse	 XFe24	 cell	 culture	 microplates	 were	 coated	 with	 PLL	 to	 enhance	 bacterial	 cell	

adhesion	during	Seahorse	assays.	A	0.01%	(0.1	mg/mL)	PLL	stock	solution	was	prepared	and	

diluted	1:10	using	autoclaved	Type	1	water.	

To	coat	the	plate,	50	µL	of	the	diluted	PLL	solution	was	added	to	each	well	of	the	microplate.	

The	plate	was	incubated	at	room	temperature	for	30	minutes	to	allow	sufficient	adherence	of	

the	PLL	to	the	well	surface.	After	incubation,	the	wells	were	washed	with	an	equal	volume	of	

sterile	water	to	remove	any	excess	PLL.	The	plate	was	then	allowed	to	air-dry	completely	in	a	

laminar-flow	hood.	

If	not	used	immediately,	the	coated	plates	were	stored	at	4°C	for	up	to	one	week.	Prior	to	cell	

seeding,	the	plates	were	brought	to	room	temperature	to	ensure	optimal	adherence	conditions.	

Bacterial	 cells	 were	 added	 to	 the	 wells,	 centrifuged	 to	 enhance	 adhesion,	 and	 the	 growth	

medium	was	carefully	removed.	Fresh	medium	was	added,	and	the	plates	were	prepared	for	

Seahorse	assay	analysis.	
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 Agilent	Seahorse	XF	assay	media	preparation	

2.6.3.1 Glycolysis	stress	test	

Seahorse	 XF	 DMEM	 Medium	 (99	 mL,	 pH	 7.4)	 was	 supplemented	 with	 1	 mL	 of	 200	 mM	

L-glutamine	to	prepare	the	glycolysis	stress	assay	medium.	The	medium	was	freshly	prepared	

on	the	day	of	the	assay.	

2.6.3.2 Real-time	ATP	rate	assay,	glycolytic	rate	assay,	and	cell	energy	phenotype	test	

Seahorse	XF	DMEM	Medium	(97	mL,	pH	7.4)	was	supplemented	with	1	mL	of	1	M	glucose,	1	mL	

of	100	mM	pyruvate,	 and	1	mL	of	200	mM	L-glutamine	 to	prepare	 the	 assay	medium.	The	

medium	was	also	freshly	prepared	on	the	day	of	the	experiment.	

All	prepared	media	were	heated	and	kept	at	37	°C	in	a	non-CO2	 incubator,	where	they	were	

maintained	throughout	the	assay	day.	Any	leftover	media	were	discarded	after	the	experiment.			

 Loading	injection	ports	

The	 preparation	 of	 reagents	 for	 Seahorse	 XF	 assays	 involved	 diluting	 compounds	 to	

appropriate	concentrations	in	pre-warmed	assay	medium,	ensuring	consistency	and	accuracy	

in	 experimental	 conditions.	 Injection	 port	 volumes	 were	 standardised	 across	 all	 assays	 to	

facilitate	 consistent	 reagent	 delivery	 and	 experimental	 reproducibility.	 Specifically,	 the	

following	volumes	were	 loaded	 into	 the	 respective	ports	of	 the	 sensor	 cartridge:	56	μL	 for	

port	A,	62	μL	for	port	B,	69	μL	for	port	C,	and	75	μL	for	port	D.	

These	injection	volumes	were	calibrated	for	a	basal	starting	volume	of	500	μL	assay	medium	

in	each	well	of	the	Seahorse	XF24	plate.	The	final	well	concentrations	of	the	injected	solutions	

were	 achieved	 through	 precise	 dilution	 upon	 mixing	 with	 the	 basal	 medium	 during	 the	

Seahorse	XFe	24	Analyser	operation.	Standardisation	of	port	volumes	ensured	uniformity	in	

reagent	addition,	allowing	for	accurate	interpretation	of	the	metabolic	parameters	measured,	

such	as	OCR	and	ECAR.	

After	reagent	loading,	the	sensor	cartridge,	which	had	been	hydrated	overnight	in	XF	Calibrant,	

was	inserted	into	the	Seahorse	XFe	24	Analyser	for	calibration.	The	calibration	step	ensured	

the	 accurate	 integration	 of	 injected	 reagents	 into	 the	 assay	 workflow,	 maintaining	 the	
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precision	 of	 the	 resulting	 metabolic	 measurements.	 By	 maintaining	 consistent	 injection	

volumes	 across	 assays,	 the	 methodology	 provided	 a	 reliable	 framework	 for	 assessing	

metabolic	activity	in	bacterial	cells.	

2.6.4.1 XF	Glycolytic	stress	test	

XF	Glycolysis	Stress	Test	reagents	were	diluted	in	warmed	Glycolytic	Stress	Test	assay	medium	

for	a	final	concentration	as	follows;	glucose	100	mM,	oligomycin	10	μM,	and	2-DG	500	mM.	

Solutions	were	vortexed	thoroughly	to	ensure	dissociation.	Diluted	reagents	were	loaded	into	

the	sensor	cartridge	as	follows;	56	μL	glucose	in	injection	port	A,	62	μL	oligomycin	in	injection	

port	B,	and	69	μL	2-DG	in	injection	port	C.	Reagent	concentration	and	loading	volume	were	

used	to	make	a	final	well	concentration	of	10	mM	glucose,	1	μM	oligomycin,	and	50	mM	2-DG.	

After	 loading	 the	sensor	cartridge	submerged	 in	XF	calibrant	was	 loaded	 into	 the	Seahorse	

XFe24	Analyser	for	calibration.		

2.6.4.2 XF	Glycolysis	rate	test	

Reagents	for	the	XF	Glycolysis	Rate	Test	were	prepared	to	achieve	final	well	concentrations	of	

10	 mM	 glucose,	 1	 μM	 oligomycin,	 and	 50mM	 2-DG.	 Stock	 solutions	 were	 prepared	 at	

concentrations	of	100	mM	glucose,	10	μM	oligomycin,	and	500	mM	2-DG.	The	reagents	were	

diluted	in	pre-warmed	Seahorse	XF	assay	medium	to	ensure	consistency	and	accuracy.	

The	sensor	cartridge	was	loaded	with	56	μL	of	the	glucose	solution	into	port	A,	62	μL	of	the	

oligomycin	solution	into	port	B,	and	69	μL	of	the	2-DG	solution	into	port	C.	These	volumes	were	

calculated	to	achieve	the	desired	final	well	concentrations	upon	injection	into	the	assay	wells	

containing	500	μL	of	Seahorse	XF	assay	medium.	

Following	 reagent	 loading,	 the	 sensor	 cartridge,	which	 had	 been	 hydrated	 overnight	 in	 XF	

Calibrant,	was	calibrated	in	the	Seahorse	XFe24	Analyser	before	initiating	the	assay.	The	setup	

allowed	 for	 precise	 measurement	 of	 glycolysis	 by	 differentiating	 between	 glycolytic	 and	

non-glycolytic	acidification	rates,	facilitating	a	comprehensive	understanding	of	the	metabolic	

activity	of	the	bacterial	cells	under	investigation.	
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2.6.4.3 XF	Real-time	ATP	rate	assay	

For	 the	 XF	 Real-Time	 ATP	 Rate	 Assay,	 the	 sensor	 cartridge	 was	 prepared	 with	 reagents	

specifically	designed	to	assess	ATP	production	through	glycolysis	and	the	ETC.	Oligomycin,	an	

ATP	synthase	inhibitor,	and	a	mixture	of	Rot/AA,	which	inhibit	the	ETC,	were	used	as	injection	

solutions.	These	reagents	were	diluted	in	pre-warmed	Seahorse	XF	assay	medium	to	achieve	

final	well	concentrations	of	1	μM	oligomycin	and	0.5	μM	Rot/AA.	

Reagents	 were	 prepared	 as	 follows:	 oligomycin	 stock	 solution	 was	 diluted	 to	 10	 μM,	 and	

Rot/AA	was	diluted	to	5	μM.	The	sensor	cartridge	was	loaded	with	62	μL	of	oligomycin	in	port	

A	and	69	μL	of	Rot/AA	in	port	B,	ensuring	consistent	delivery	of	reagents	during	the	assay.	The	

assay	 workflow	 involved	 measuring	 basal	 OCR	 and	 ECAR	 values,	 followed	 by	 sequential	

injections	 of	 oligomycin	 and	 Rot/AA	 to	 assess	 ATP	 production	 rates	 from	 glycolysis	 and	

oxidative	phosphorylation.	

After	 loading,	 the	 cartridge	 underwent	 calibration	 in	 the	 Seahorse	 XFe24	 Analyser	 before	

initiating	the	experiment.	The	assay	quantified	ATP	production	rates	by	measuring	changes	in	

OCR	 and	 ECAR,	 distinguishing	 glycolytic	 ATP	 production	 (glycoATP)	 from	 oxidative	 ATP	

production	(oxyATP),	and	providing	a	comprehensive	view	of	energy	metabolism.	

2.6.4.4 Buffer	factor	

The	Buffer	Factor	(BF)	assay	was	conducted	to	determine	the	relationship	between	ECAR	and	

the	actual	proton	flux	in	the	assay	medium.	The	assay	was	necessary	for	accurately	converting	

qualitative	ECAR	measurements	 into	quantitative	Proton	Efflux	Rate	(PER)	values,	ensuring	

precise	analysis	of	extracellular	acidification.	

For	the	BF	assay,	the	assay	plate	was	prepared	with	Seahorse	XF	assay	medium,	identical	to	

the	medium	used	in	other	Seahorse	assays	but	without	cells.	A	5mM	HCl	solution	was	prepared	

in	the	same	assay	medium	and	loaded	into	port	A	of	the	sensor	cartridge	at	56	μL	per	well.	

Control	wells	containing	only	assay	medium	were	included	to	measure	baseline	pH	changes.	

During	the	assay,	incremental	injections	of	HCl	were	performed,	and	the	resulting	pH	changes	

were	recorded	in	real	time	using	the	Seahorse	XFe24	Analyser.	The	Seahorse	XF	Buffer	Factor	
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Calculator	was	used	to	calculate	the	BF,	expressed	as	millimolar	per	pH	unit	(mM/pH).	The	

value	accounted	for	system-specific	properties,	such	as	the	buffer	capacity	of	the	medium	and	

the	materials	used	in	the	Seahorse	system,	and	was	critical	for	accurately	interpreting	ECAR	

data	in	terms	of	proton	flux.	

2.6.4.5 XF	Cell	phenotype	

The	XF	Cell	Energy	Phenotype	Test	was	designed	to	evaluate	the	basal	and	maximal	metabolic	

capacities	of	the	cells	by	measuring	OCR	and	ECAR	under	baseline	conditions	and	following	

metabolic	 perturbations.	 The	 assay	 was	 performed	 using	 the	 Agilent	 Seahorse	 XFe24	

Extracellular	 Flux	 Analyser	 to	 characterise	 the	 bioenergetic	 profile	 of	 E.	 coli.	 Key	 assay	

parameters,	 including	 cell	 seeding	 density	 and	 the	 optimal	 concentration	 of	 FCCP,	 were	

optimized	prior	to	experimentation.	

Cell	seeding	density	was	empirically	determined	to	ensure	that	OCR	and	ECAR	values	remained	

within	the	dynamic	range	of	the	Seahorse	Analyser.	Overnight	bacterial	cultures	were	diluted	

to	 the	 desired	 density,	 and	 seeded	 onto	 the	 assay	 plate.	 For	 mammalian	 cells,	 densities	

corresponding	to	50-90%	confluency	were	targeted,	as	recommended	by	the	manufacturer,	to	

ensure	optimal	metabolic	activity	and	reproducibility.	Cells	were	seeded	into	prewarmed	to	

37	 °C	 XF	 Assay	 medium	 (as	 detailed	 in	 Section	 2.6.3.2).	 Wells	 containing	 assay	 medium	

without	cells	were	included	as	controls	for	baseline	correction.	

A	five-point	FCCP	titration	was	performed	to	identify	the	concentration	that	yielded	maximal	

OCR.	 Two	 groups	 were	 prepared	 on	 the	 assay	 plate.	 The	 first	 range	 included	 low	

concentrations	of	0.125,	0.25,	and	0.5	μM	while	the	second	range	tested	higher	concentrations	

of	0.5,	1.0,	and	2.0	μM.	All	grounds	were	pre-treated	with	1	μM	oligomycin,	an	ATP	synthase	

inhibitor,	 to	block	oxidative	phosphorylation	and	stimulate	maximal	uncoupled	respiration.	

FCCP	was	 injected	 sequentially	 using	 the	 XFe24	 cartridge	 injection	 ports,	with	 each	 group	

receiving	 three	 injections	 corresponding	 to	 the	designated	 concentrations.	These	 injections	

were	performed	in	triplicate	 for	reproducibility,	and	the	resulting	OCR	values	were	used	to	

generate	a	concentration-response	curve.	
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The	Seahorse	Analyser	measured	OCR	and	ECAR	under	basal	and	stress	conditions	following	

each	injection.	Basal	rates	provided	insights	into	the	native	metabolic	activity	of	the	cells,	while	

FCCP-induced	 uncoupling	 revealed	 the	 maximal	 respiratory	 capacity.	 ECAR	 data	 captured	

extracellular	 acidification	 changes	 associated	 with	 proton	 extrusion	 and	 metabolic	

by-products.	

The	data	were	analysed	using	the	Seahorse	XF	Report	Generator,	which	calculated	basal	and	

maximal	OCR	 and	ECAR	 values.	 FCCP	 concentrations	 that	 elicited	 the	 highest	OCR	without	

compromising	reproducibility	were	identified	as	optimal	for	subsequent	assays.	The	results	

provided	an	initial	assessment	of	the	bioenergetic	capacity	of	E.	coli,	forming	the	foundation	

for	more	detailed	metabolic	studies.	The	method	ensured	robust	characterisation	of	bacterial	

energy	metabolism,	enabling	a	comprehensive	understanding	of	how	meropenem-susceptible	

and	meropenem-resistant	E.	coli	strains	modulate	their	bioenergetics	under	stress.	
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Chapter	3 Investigating	 metabolic	 differences	 between	 resistant	 and	

nonresistant	strains	of	E.	coli	

3.1 Introduction	

Understanding	metabolic	adaptations	that	occur	in	association	with	antibiotic	resistance		could	

reveal	potential	new	therapeutic	targets.59,60	 	It	has	been	shown	that	changes	in	metabolism	

are	 associated	 with	 bacterial	 dormancy	 and	 biofilm	 formation	 that	 can	 affect	 bacterial	

susceptibility	to	antibiotics.58,236-240	The	development	of	antibiotic	resistance	has	been	shown	

to	 impose	 a	 fitness	 cost,	 which	 may	 have	 a	 direct	 metabolic	 impact.241-244	 Carbapenem	

resistance,	due	to	the	expression	of	MBL	enzymes,	has	been	associated	with	major	metabolic	

reprogramming	 for	 example.59	 These	 changes	 include	 disruptions	 in	 central	 carbon	

metabolism,	 such	as	 alterations	 to	 the	 function	of	 the	TCA	cycle	 and	glycolysis,	which	help	

bacteria	adapt	to	the	metabolic	burden	of	resistance.59,245,246	Additionally,	the	inactivation	or	

redirection	 of	 enzymes	 in	 central	 carbon	metabolism	 has	 been	 proposed	 as	 a	 mechanism	

contributing	 to	 resistance	 development,	 linking	 antibiotic	 resistance	 to	 broader	 metabolic	

changes.247,248		Understanding	the	metabolic	changes	associated	with	carrying	and	expressing	

resistance	genes	in	more	detail	therefore	has	the	potential	to	not	only	provide	insight	into	how	

these	 organisms	 overcome	 antibiotic	 pressure	 and	 adapt	 to	 survive	 but	 may	 also	 provide	

potential	 new	 therapeutic	 targets.60,249	 The	 overall	 aim	 of	 this	 chapter	 was	 therefore	 to	

investigate	whether	differences	in	bacterial	metabolism	could	be	identified	in	E.	coli	with	and	

without	expression	of	resistant	genes.	

In	 order	 to	 explore	 these	 aims,	 the	 first	 objective	was	 to	 create	biological	models	 to	 study	

consisting	of	three	E.	coli	strains:	wild-type	(E),	a	meropenem-susceptible	strain	(S)	containing	

a	pCR2.1	plasmid	(empty	vector),	and	a	meropenem-resistant	strain	(R)	carrying	the	NDM-7	

gene	within	the	pCR2.1	plasmid	(Section	3.2).	These	models	would	be	designed	to	be	able	to	

investigate	the	metabolic	differences	between	meropenem	resistant	and	non-resistant	strains,	

while	controlling	for	the	presence	of	the	pCR2.1	carrier	plasmid.		



Chapter	3	

58	
 

Before	conducting	metabolomics	experiments,	a	suitable	metabolomics	method	also	needed	to	

be	 developed,	 and	 validated,	 along	with	 an	 effective	 sample	 preparation	 protocol	 that	was	

compatible	 with	 bacterial	 metabolomics	 experiments.	 The	 process	 of	 method	 selection,	

development	and	validation	 is	described	 in	Section	3.3.	Finally,	comparative	metabolomics	

analysis	of	the	three	bacterial	strains	was	performed	to	determine	whether	the	presence	of	

resistance	to	altered	bacterial	metabolism.	Finally,	any	metabolic	changes	were	evaluated	to	

see	 if	 they	 represent	 potential	 metabolic	 vulnerabilities	 that	 could	 be	 pharmacologically	

exploited	(Section	3.4).	

In	 summary	 this	 chapter	 reports	 the	 development	 of	 a	 suitable	 biological	 model	 using	

genetically	engineered	bacterial	strains,	optimisation	of	a	metabolomics	protocol	suitable	for	

metabolite	 extraction	 and	 analysis	 of	 bacterial	 samples	 and	 explores	 how	 the	 presence	 of	

pCR2.1	 plasmid	 and	 the	 NDM-7	 gene	 affects	 metabolism	 in	 these	 strains.	 Figure	 3.1	

summarises	the	overall	experimental	workflow	developed	and	optimised	in	this	chapter	for	

these	comparative	analyses	of	bacterial	strains.	

	 	

Figure	3.1	Experimental	workflow	for	comparative	metabolic	profiling	of	E.	coli	strains.	Step-by-step	workflow	
used	 to	 analyse	metabolic	 changes	 across	 three	E.	 coli	 strains:	wild-type	 (E),	 susceptible	 (S)	 carrying	 the	 pCR2.1	
plasmid,	and	resistant	(R)	with	the	NDM-7	gene	in	pCR2.1	plasmid.	The	process	includes	bacterial	culture	preparation	
and	drug	treatment,	metabolite	extraction,	filtration	and	normalisation,	and	analysis	using	AEC-MS.	



Chapter	3	

59	
 

3.2 Genetic	modification	of	E.	coli	strains	

The	use	of	E.	coli	as	a	model	organism	has	proven	instrumental	in	microbiology,	particularly	in	

understanding	 bacterial	 physiology	 and	 metabolic	 pathways.250,251	 In	 this	 study,	 genetic	

modifications	 were	 introduced	 into	 E.	 coli	 strains	 in	 order	 to	 investigate	 the	 metabolic	

consequences	 of	meropenem	 resistance.	 The	 primary	 goal	was	 to	 create	 a	 bacterial	model	

system	 that	 enabled	 the	 investigation	 and	 comparison	 of	 any	 metabolic	 changes	 between	

wild-type,	meropenem-susceptible,	and	meropenem-resistant	strains	(Table	3.1).	

Table	 3.1	 Overview	 of	 the	 genetic	 characteristics	 of	 the	E.	 coli	 strains	 developed	 for	 the	 study.	 The	 table	
summarises	the	key	genetic	and	phenotypic	differences	among	the	three	E.	coli	strains:	the	wild-type	strain	(E),	the	
meropenem-susceptible	stain	(S)	carrying	the	pCR2.1	plasmid,	and	the	meropenem-resistant	strain	(R)	carrying	the	
pCR2.1	plasmid	with	the	NDM-7	gene.		

The	pCR2.1	plasmid	was	chosen	as	an	expression	vector	due	to	its	compatibility	with	cloning	

techniques	and	its	ability	to	maintain	plasmid	stability	within	E.	coli	through	the	inclusion	of	

kanamycin	 and	 ampicillin	 resistance	 markers.252-254	 These	 markers	 ensure	 the	 plasmid	

remains	inside	the	bacteria	by	providing	selective	pressure,	preventing	plasmid	loss.	However,	

it	is	important	to	acknowledge	that	the	metabolic	comparison	between	the	wild-type	strain	(E)	

and	the	meropenem-susceptible	strain	(S)	also	includes	the	presence	of	antibiotic	resistance	

markers	inherent	to	the	pCR2.1	plasmid.	The	comparison	between	the	meropenem-susceptible	

strain	 (S)	and	meropenem-resistant	 strain	 (R)	 therefore	enables	 identification	of	metabolic	

changes	specifically	associated	with	NDM-7	gene	mediated	carbapenem	resistance.	The	DH5α	

strain	was	selected	for	its	genetic	tractability,	capability	to	stably	express	plasmid-borne	genes,	

and	resistance	to	bacteriophages.255		

Strains	

	 	 	
Bacterial	 strain:	 E.	 coli	
DH5α	 ✓	 ✓	 ✓	
Plasmid:	pCR2.1	
(carrier)	 ×	 ✓	 ✓	
Resistance	gene:	NDM-7		
(metallo-β-lactamase	
producing)	

×	 ×	 ✓	
Resistant	to	meropenem	 ×	 ×	 ✓	

E S R 
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Initial	experiments	also	tested	NDM-1	and	NDM-5	genes;	however,	these	proved	unstable,	with	

only	the	NDM-7	gene	providing	consistent	expression.222	NDM-7	enzyme	is	a	variant	of	NDM-1	

enzyme	with	a	specific	amino	acid	substitution	at	position	130	(asparagine	to	glycine)	and	at	

position	154	(methionine	to	leucine).256	The	modification	alters	the	structure	of	the	enzyme,	

improving	 the	 stability	 and	 efficiency	 in	 binding	 and	 hydrolysing	 carbapenems	 like	

meropenem.256,257	While	NDM-5	also	has	 substitutions	 (valine	at	position	88	and	 leucine	at	

153),	these	do	not	confer	the	same	stability	or	broad	spectrum	activity	as	NDM-7.258	Studies	

suggest	that	NDM-7	has	a	higher	catalytic	efficiency	for	carbapenem	hydrolysis,	allowing	it	to	

maintain	the	bacterial	resistance	phenotype	under	selective	pressure	longer	than	NDM-1	and	

NDM-5.259		

Additionally,	NDM-7	enzyme	demonstrates	improved	thermal	stability,	allowing	it	to	function	

at	higher	temperatures	or	under	more	stressful	conditions.260	The	enhanced	stability	of	NDM-7	

compared	to	NDM-1	and	NDM-5	may	be	due	to	specific	structural	variations	that	increase	its	

resilience	under	environmental	stress.140,261	The	stability	makes	the	NDM-7	gene	more	resilient	

in	 clinical	 isolates,	 contributing	 to	 its	 geographic	 spread	 and	 posing	 a	 greater	 challenge	 in	

combating	antimicrobial	resistance.262	Understanding	NDM-7	gene	and	its	metabolic	impact	is	

critical	 for	 developing	 targeted	 inhibitors,	 as	 it	 represents	 a	 more	 pressing	 concern	 for	

treatment	 failures	 due	 to	 its	 robust	 activity	 against	 a	 wide	 range	 of	 	 β-lactam	 antibiotics,	

including	meropenem.259	This	study	therefore	focused	on	the	metabolic	impact	of	the	NDM-7	

genes	specifically.	

Verification	 of	 the	 presence	 of	 the	 active	 genetic	 modifications	 was	 confirmed	 through	

antibiotic	 susceptibility	 testing,	 plasmid	 sequencing,	 and	 application	 of	 a	 meropenem	

hydrolysis	 assay.263	 These	 steps	 ensured	 the	 strains	were	 appropriately	 characterised	 and	

validated	for	downstream	metabolic	analysis.	

 Plasmids	for	antibiotic	resistance	studies	

The	meropenem-resistant	plasmid	 containing	 the	NDM-7	gene	 responsible	 for	 carbapenem	

resistance,	which	was	used	to	modify	the	E.	coli	to	create	resistance	and	susceptible	strains	for	
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this	 study,	 was	 provided	 by	 David	 Wareham.222	 The	 integration	 of	 the	 resistance	 gene	 is	

depicted	in	Figure	3.2.	The	pCR2.1	plasmid	is	commonly	used	for	Taq	Polymerase-Added	(TA)	

cloning,	 a	 technique	 that	 allows	 the	 direct	 insertion	 of	 PCR	 products	 (desired	 gene)	 into	

vectors.264	The	method	relies	on	complementary	overhangs	where	the	PCR	product	and	the	

vector	 can	 efficiently	 ligate	 due	 to	 the	 complementary	 adenine	 (A)	 and	 thymine	 (T)	

overhangs.264	Taq	polymerase	adds	a	single	adenine	(A)	overhang	to	the	3’	ends	of	the	PCR	

product,	generating	‘sticky’	ends	crucial	for	the	ligation	process	into	the	pCR2.1	vector.264	The	

plasmid	is	linearised	at	its	multiple	cloning	site	(MCS)	located	within	the	lacZα	gene	region,	

with	complementary	thymine	(T)	overhangs	at	the	3’	ends,	allowing	efficient	ligation.265	Once	

the	 PCR	 product	 (a	 gene	 of	 interest,	 such	 as	 NDM-7)	 is	 prepared	 with	 complementary	

overhangs,	it	is	combined	with	the	linearised	pCR2.1	vector.	T4	DNA	ligase	is	then	added	to	

catalyse	ligation,	by	forming	phosphodiester	bonds	between	the	complementary	overhangs,	

sealing	 the	 gaps	 in	 the	 DNA	 backbone,	 and	 completing	 the	 insertion	 of	 the	 gene	 into	 the	

plasmid.266	 Thus,	 the	 PCR	 product	 (gene)	 will	 be	 inserted	 in	 the	 lacZα	 gene	 region	 in	 the	

vector.267	Disruption	of	lacZα	gene	serves	as	a	common	marker	for	successful	cloning.		

Figure	3.2	Illustration	of	plasmid	modification	via	gene	insertion.	Theoretical	process	of	modifying	a	plasmid	to	
include	 the	 gene	 (NDM-7	 resistance	 gene).	 Plasmid	 pCR2.1	 initially	 carrying	 resistance	 genes	 for	 kanamycin	 and	
ampicillin,	along	with	origins	of	replication	(F1	ori	and	pUC	ori),	is	linearised	using	restriction	enzymes.	The	NDM-7	
gene,	which	confers	resistance	to	carbapenems,	is	then	inserted	into	the	plasmid	at	the	site	created	by	the	restriction	
enzyme.	The	result	is	a	recombinant	plasmid	containing	a	carbapenem	resistance	gene,	which	can	then	be	used	to	study	
meropenem	resistance	mechanisms.	
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To	verify	the	metabolic	impact	of	the	NDM-7	gene,	a	control	strain	(meropenem-susceptible	

strain)	carrying	the	pCR2.1	plasmid	without	the	NDM-7	gene	was	constructed	by	introducing	

the	 pCR2.1	 plasmid	 into	 the	 E.	 coli	 DH5α	 strain	 via	 heat	 shock	 transformation.	

Meropenem-susceptible	 control	 allowed	 a	 comparison	 between	 any	 metabolic	 changes	

specifically	associated	with	presence	of	the	NDM-7	gene	and	those	caused	by	the	presence	of	

the	 pCR2.1	 plasmid	 with	 its	 associated	 mutations.	 The	 meropenem-susceptible	 strain	 (S)	

without	 the	NDM-7	served	as	a	reference	 for	distinguishing	the	metabolic	effects	related	to	

carbapenem	resistant	versus	the	impact	of	plasmid.	

3.2.1.1 Stabilisation	and	verification	of	plasmid	integration	

Transformation	was	performed	in	this	study	to	introduce	the	desired	plasmid	and	gene	into	

bacterial	cells.268	Due	to	DNA	being	negatively	charged	it	cannot	cross	the	cell	membrane	under	

normal	conditions	and	a	heat	shock	process	was	used	to	facilitate	DNA	uptake.269	During	the	

heat	shock	process,	the	rapid	increase	in	temperature	created	transient	pores	in	the	bacterial	

cell	membrane.270	The	 increased	permeability	of	 the	cell	membrane	allows	plasmid	DNA	to	

enter	the	bacterial	cells.		

During	transformation,	not	all	bacteria	would	have	taken	up	the	plasmid.	To	ensure	that	only	

bacteria	 containing	 the	 pCR2.1	 plasmid	 were	 selected,	 the	 transformed	 cells	 (both	

meropenem-susceptible	 and	 meropenem-resistant	 strains)	 were	 grown	 on	 selective	 agar	

containing	the	antibiotic	kanamycin.271	Kanamycin	agar	ensured	that	only	cells	retaining	the	

plasmid	grew	because	the	plasmid	carries	a	kanamycin	resistance	gene,	allowing	transformed	

bacteria	to	survive	in	the	presence	of	this	antibiotic.	

Next,	verification	of	successful	plasmid	integration	was	performed	and	involved	several	stages.	

First,	 plasmid	 DNA	was	 isolated	 using	 a	 plasmid	miniprep	 kit.272	 A	 portion	 of	 the	 isolated	

plasmids	was	sent	to	Eurofins	Genomics	for	Sanger	sequencing	using	their	TubeSeq	Supreme	

service.	Sanger	sequencing	involves	the	amplification	of	the	target	DNA	region	followed	by	the	

incorporation	 of	 labelled	 dideoxynucleotides,	 which	 terminate	 the	 DNA	 chain	 at	 specific	

points.273	 These	 fragments	 are	 then	 separated	 by	 capillary	 electrophoresis,	 and	 the	 DNA	
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sequence	determined	by	reading	the	labelled	nucleotide	at	each	position.274	The	sequencing	

targets	the	region	containing	the	NDM-7	gene,	and	confirmed	the	identity	of	the	NDM-7	gene	

inserted	 in	 the	 meropenem-resistant	 bacterial	 strain.	 Table	 3.2	 presents	 the	 sequencing	

results	for	both	meropenem-	susceptible	(S)	and	meropenem-resistant	(R)	strain,	confirming	

the	presence	of	the	NDM-7	gene	in	the	resistant	strain.	

Table	3.2	Sequencing	results	of	meropenem-susceptible	plasmid	(pCR2.10)	and	meropenem-resistant	plasmid	
(pCR2.1	NDM-7).	Yellow	highlight	indicates	EcoRI	site.	Red	letters	indicate	NDM-7	gene.	

Meropenem-Susceptible	(pCR2.1)	 Meropenem-Resistant	(pCR2.1	NDM-7)	

TTAGGGCGAATGGGCCCTCTAGATGCATGCTCGAGCGG
CCGCCAGTGTGATGGATATCTGCAGAATTCCAGCACAC
TGGCGGCCGTTACTAGTGGATCCGAGCTCGGTACCAAG
CTTGGCGTAATCATGGTCATAGCTGTTTCCTGTGTGAA
ATTGTTATCCGCTCACAATTCCACACAACATACGAGCC
GGAAGCATAAAGTGTAAAGCCTGGGGTGCCTAATGAGT
GAGCTAACTCACATTAATTGCGTTGCGCTCACTGCCCGC
TTTCCAGTCGGGAAACCTGTCGTGCCAGCTGCATTAAT
GAATCGGCCAACGCGCGGGGAGAGGCGGTTTGCGTATT
GGGCGCTCTTCCGCTTCCTCGCTCACTGACTCGCTGCGC
TCGGTCGTTCGGCTGCGGCGAGCGGTATCAGCTCACTCA
AAGGCGGTAATACGGTTATCCACAGAATCAGGGGATAA
CGCAGGAAAGAACATGTGAGCAAAAGGCCAGCAAAAGG
CCAGGAACCGTAAAAAGGCCGCGTTGCTGGCGTTTTTC
CATAGGCTCCGCCCCCCTGACGAGCATCACAAAAATCGA
CGCTCAAGTCAGAGGTGGCGAAACCCGACAGGACTATA
AAGATACCAGGCGTTTCCCCCTGGAAGCTCCCTCGTGCG
CTCTCCTGTTCCGACCCTGCCGCTTACCGGATACCTGTC
CGCCTTTCTCCCTTCGGGAAGCGTGGCGCTTTCTCATAG
CTCACGCTGTAGGTATCTCAGTTCGGTGTAGGTCGTTC
GCTCCAAGCTGGGCTGTGTGCACGAACCCCCCGTTCAGC
CCGACCGCTGCGCCTTATCCGGTAACTATCGTCTTGAGT
CCAACCCGGTAAGACACGACTTATCGCCACTGGCAGCA
GCCACTGGTAACAGGATTAGCAGAGCGAGGTATGTAGG
CGGTGCTACAGAGTTCTTGAAGTGGTGGCCTAACTACG
GCTACACTAGAAGAACAGTATTTGGTATCTGCGCTCTG
CTGAAGCCAGTTACCTTCGGAAAAAGAGTTGGTAGCTC
TTGATCCGGCAAACAAACCACCGCTGGTAGCGGTGGTT
TTTTTGTTTGCAAGCAGCAGATTACGCGCAGAAAAAAA
GGATCTCAGAAAGATCCTTTGATCTTTTCTACGGGGTC
TGACGCTCAGTG	

TTGGGGCGAATTGGGGCCCTCTAGATGCATGCTCGAGC
GGCCGCCAGTGTGATGGATATCTGCAGAATTCGCCCTT
CACCTCATGTTTGAATTCGCCCCATATTTTTGCTACAGT
GAACCAAATTAAGATCATCTATTTACTAGGCCTCGCAT
TTGCGGGGTTTTTAATGCTGAATAAAAGGAAAACTTGA
TGGAATTGCCCAATATTATGCACCCGGTCGCGAAGCTG
AGCACCGCATTAGCCGCTGCATTGATGCTGAGCGGGTG
CATGCCCGGTGAAATCCGCCCGACGATTGGCCAGCAAA
TGGAAACTGGCGACCAACGGTTTGGCGATCTGGTTTTC
CGCCAGCTCGCACCGAATGTCTGGCAGCACACTTCCTAT
CTCGACATGCCGGGTTTCGGGGCAGTCGCTTCCAACGGT
TTGATCGTCAGGGATGGCGGCCGCGTGCTGGTGGTCGA
TACCGCCTGGACCGATGACCAGACCGCCCAGATCCTCAA
CTGGATCAAGCAGGAGATCAACCTGCCGGTCGCGCTGG
CGGTGGTGACTCACGCGCATCAGGACAAGATGGGCGGT
ATGAACGCGCTGCATGCGGCGGGGATTGCGACTTATGC
CAATGCGTTGTCGAACCAGCTTGCCCCGCAAGAGGGGC
TGGTTGCGGCGCAACACAGCCTGACTTTCGCCGCCAATG
GCTGGGTCGAACCAGCAACCGCGCCCAACTTTGGCCCGC
TCAAGGTATTTTACCCCGGCCCCGGCCACACCAGTGACA
ATATCACCGTTGGGATCGACGGCACCGACATCGCTTTT
GGTGGCTGCCTGATCAAGGACAGCAAGGCCAAGTCGCT
CGGCAATCTCGGTGATGCCGACACTGAGCACTACGCCGC
GTCAGCGCGCGCGTTTGGTGCGGCGTTCCCCAAGGCCAG
CATGATCGTGATGAGCCATTCCGCCCCCGATAGCCGCGC
CGCAATCACTCATACGGCCCGCATGGCCGACAAGCTGCG
CTGAGCCATGGCTGACCACGTCACCCCAATCTGCCATCG
CGCGATTTCGATGTGACAGAGAAGGGCGAATTCCAGCA
CACTGGCGGCCGTTACTAGTGGATCCGAGCTCGGTACC
AGCTTGATGCAAAGCTTGAGTATTCTATAGTGTCACTA
AATAGCTGGCGAATCAGGGCATAGCTGTTTCCGGGTGA
AATGTATCCG	

	

Figure	3.3	shows	the	map	of	the	meropenem-susceptible	pCR2.1	plasmid,	while	Figure	3.4	

displays	the	map	of	the	meropenem-resistant	plasmid,	where	the	NDM-7	gene	was	inserted	in	

pCR2.1	plasmid	to	confer	carbapenem	resistance.	
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Figure	3.3	Plasmid	map	of	meropenem-susceptible	strain	(pCR2.1).	The	plasmid	includes	the	lacZα	gene	region,	
used	for	blue-white	screening,	and	the	kanamycin	resistance	gene	(Neo/KanR).	The	origins	of	replication	(ori)	include	
F1	ori	and	the	pUC	ori.	Multiple	restriction	sites,	such	as	EcoRI,	are	available	for	cloning	and	manipulation.	Plasmid	
map	created	using	SnapGene	Viewer	(version	7.2.1	GSL	Biotech	LLC).	

Figure	 3.4	 Plasmid	 map	 of	 meropenem-resistant	 strain	 (pCR2.1	 NDM-7).	 The	 NDM-7	 gene	 responsible	 for	
carbapenem	resistance	 is	 inserted	 into	the	plasmid.	The	 insertion	disrupts	the	 lacZα	gene,	allowing	for	blue-white	
screening	if	needed.	The	plasmid	retains	kanamycin	resistance	and	origins	of	replication	(F1	ori	and	pUC	ori).	The	map	
includes	 several	 restriction	 sites	 used	 for	 cloning	 and	 verification.	 Plasmid	 map	 created	 using	 SnapGene	 Viewer	
(version	7.2.1	GSL	Biotech	LLC).	
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Following	plasmid	sequencing,	 the	meropenem-susceptible	plasmid	sequence	was	analysed	

and	compared	to	the	commercial	pCR2.1	sequence	(purchased	from	Thermo	Fisher)	within	the	

M13	forward	and	reverse	primer	regions.	Using	the	alignment	tools	(SnapGene	Viewer	Version	

7.2.1;	GSL	Biotech	LLC)	missing	 regions	 consistent	with	 a	 restriction	 enzyme	 cut	 site	were	

identified.	Plasmid	sequence	alignment	confirmed	that	EcoRI	was	used	for	linearisation	of	the	

pCR2.1	plasmid,	consistent	with	the	pCR2.1	preparation	protocol.	The	analysis	ensured	that	

the	 cloning	 strategy	 has	 successfully	 followed	 the	 standard	 procedure	 for	 pCR2.1	 plasmid	

preparation.	

Next,	 the	 same	 analysis	 was	 conducted	 on	 the	 meropenem-resistant	 plasmid	 sequence	 to	

confirm	 the	 insertion	 of	 the	 NDM-7	 gene.	 A	 search	 for	 EcoRI	 restriction	 sites	 within	 the	

meropenem-resistant	plasmid	sequence	identified	matching	EcoRI	cut	sites,	indicating	that	the	

NDM-7	gene	was	also	restricted	with	EcoRI	prior	to	its	insertion.	The	full	fragment	of	NDM-7,	

including	 the	EcoRI	cut	site,	was	 identified	and	 found	to	match	 the	expected	sequence.	The	

fragment	 was	 then	 incorporated	 into	 the	 commercial	 pCR2.1	 backbone	 to	 construct	 the	

complete	plasmid	map	for	the	resistant	strain.	

Following	the	construction	of	the	plasmid	map,	the	nucleotide	sequence	of	the	NDM-7	insert	

was	translated	into	its	corresponding	protein	sequence.	The	predicted	protein	sequence	was	

then	 aligned	with	 the	 literature	 reported	 sequence	 for	 NDM-7	metallo-β-lactamase.256	 The	

alignment	revealed	100%	similarity,	confirming	that	the	resistant	plasmid	encodes	the	correct	

NDM-7	protein,	further	verifying	the	integrity	of	the	gene	insert	and	its	function	in	conferring	

antibiotic	resistance.	

	The	multi-step	process	of	sequence	verification,	restriction	site	analysis,	and	protein	sequence	

alignment	 ensured	 that	 the	 resistant	 plasmid	 not	 only	 contained	 the	 correct	 gene	 but	 also	

encoded	a	functional	metallo-	β-lactamase	protein,	which	was	essential	for	the	experimental	

investigation	into	carbapenem	resistance.	

Next,	PCR	amplification	was	performed	on	the	remaining	isolated	plasmid	samples	to	further	

verify	the	presence	of	 the	 inserted	gene.	Amplification	targeted	the	 lacZα	region	using	M13	
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forward	and	reverse	primers,	where	the	NDM-7	was	expected	to	be	inserted,	confirming	both	

the	presence	and	exact	location	of	the	gene	within	the	plasmid.275	To	visualise	the	PCR	product,	

gel	electrophoresis	(Figure	3.5)	was	conducted	to	assess	the	size	of	the	amplified	fragments,	

verifying	the	successful	integration	of	the	NDM-7	gene	at	the	expected	region.276		

	

	

	

	

	

	

The	band	in	the	‘R’	lane	in	Figure	3.5,	estimated	to	be	around	800	base	pairs	(bp),	represents	

the	PCR	product	corresponding	to	the	NDM-7	gene.	The	PCR	product	matches	the	expected	size	

for	 the	 NDM-7	 insert140,256,277,	 providing	 evidence	 of	 its	 presence	 in	 the	 resistant	 strain.	

Conversely,	no	bands	at	similar	sizes	were	observed	in	PCR	products	from	E	or	S.	However,	

faint	smearing	was	also	observed	in	both	‘S’	and	‘R’	lanes,	which	may	have	been	the	result	of	

non-specific	 binding	 during	 PCR	 amplification	 or	 sample	 overloading.278	 The	 presence	 of	 a	

clear,	distinct	band	in	the	resistant	strain	sample	verified	the	successful	insertion	of	the	NDM-7	

gene	into	the	plasmid.	

C  E  S  R   E  S  R 

Figure	3.5	Agarose	gel	electrophoresis	of	plasmid	PCR	products.	Gel	electrophoresis	testing	for	the	presence	of	an	
insert	 in	 the	 lacZα	 region	 in	 three	 E.	 coli	 strains:	 E	 (wild	 type),	 S	 (meropenem-susceptible),	 and	 R	
(meropenem-resistant).	Lane	C	is	control	where	no	bacterial	sample	was	added.	Lanes	E	and	S	show	no	PCR	product	
bands;	conversely,	lane	R	exhibits	a	prominent	band	between	the	DNA	ladder	bands	of	size	1000	and	750,	confirming	
the	desired	presence	of	the	resistance	gene	(NDM-7).	
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 Validation	of	the	biological	model	

The	 experimental	 bacterial	 models	 developed	 consisted	 of	 wild-type	 (E),	

meropenem-susceptible	(S),	and	meropenem-resistant	(R)	E.	coli	strains.	Next,	these	required	

careful	 validation	 to	 ensure	 suitability	 for	 investigating	 the	 metabolic	 consequences	 of	

carbapenem	resistance	mediated	by	NDM-7.	The	primary	objective	of	developing	these	models	

was	to	be	able	to	differentiate	metabolic	changes	that	could	be	specifically	attributed	to	the	

presence	of	the	NDM-7	gene	and	carbapenem	resistance,	while	accounting	for	the	presence	of	

the	pCR2.1	plasmid	in	both	S	and	R	strains.	

A	critical	aspect	of	this	model	was	the	use	of	the	pCR2.1	plasmid	as	a	vector	for	the	NDM-7	gene.	

Plasmids	are	essential	for	introducing	foreign	genes	into	bacterial	systems,	as	bacteria	do	not	

readily	take	up	foreign	DNA	without	a	carrier.279,280	In	this	study,	the	pCR2.1	plasmid	was	used	

to	 carry	 the	 NDM-7	 gene	 into	 the	 E.	 coli	 system,	 enabling	 the	 expression	 of	 carbapenem	

resistance.	The	plasmid	also	provided	kanamycin	and	ampicillin	resistance	genes,	which	were	

crucial	for	selecting	bacteria	that	successfully	retained	the	plasmid	throughout	the	study.281,282	

It	 is	 important	 to	 acknowledge	 that	 the	 meropenem-susceptible	 strain	 (S)	 also	 therefore	

contains	resistance	genes	for	kanamycin	and	ampicillin,	encoded	within	the	pCR2.1	plasmid.	

These	 resistance	markers	 served	 the	 critical	 function	 of	 maintaining	 selective	 pressure	 to	

ensure	 that	 the	plasmid	 remained	within	 the	bacterial	population.283	Without	 this	 selective	

pressure,	the	bacteria	would	be	liable	to	lose	the	plasmid	over	time,	making	it	impossible	to	

study	the	effects	of	the	NDM-7	gene.284		

While	both	kanamycin	and	ampicillin	 resistance	genes	are	present	 in	both	 the	meropenem	

susceptible	 and	 resistant	 strains,	 they	 should	 not	 interfere	 with	 the	 specific	 function	 of	

NDM-7.285,286	 Kanamycin	 resistance	 is	 mediated	 by	 phosphorylation	 of	 the	 aminoglycoside	

antibiotic,	 and	 ampicillin	 resistance	 is	 provided	 through	 β-lactam	 hydrolysis.287-289	 Neither	

mechanism	 affects	 carbapenems	 such	 as	 meropenem,	 which	 are	 targeted	 specifically	 by	

NDM-7.246,290		
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To	confirm	the	selective	resistance	conferred	by	NDM-7,	antibiotic	susceptibility	 tests	were	

conducted.	 As	 expected,	 both	 the	 S	 and	 R	 strains	 demonstrated	 resistance	 to	 kanamycin,	

verifying	 the	 functionality	 of	 the	 pCR2.1	 plasmid	 in	 both	 strains.291	 Only	 the	 R	 strain	 was	

capable	of	hydrolysing	meropenem	(Figure	3.6),	confirmed	by	a	meropenem	hydrolysis	assay	

(MHA).	 The	 assay	 measured	 the	 degradation	 of	 meropenem	 over	 time	 by	 monitoring	

absorbance	at	300	nm,	a	wavelength	corresponding	to	meropenem.	A	decrease	in	absorbance	

indicated	 enzymatic	 hydrolysis	 of	 meropenem,	 confirming	 R	 strain	 actively	 degraded	 the	

antibiotic.		MHA	demonstrated	that	the	meropenem	resistance	phenotype,	observed	in	the	R	

strain,	was	specifically	due	to	the	presence	of	the	NDM-7	gene,	encoding	a	metallo-β-lactamase	

capable	of	hydrolysing	carbapenems,	including	meropenem.	In	contrast,	the	susceptible	(E	and	

S)	strains	showed	no	significant	changes	 in	absorbance,	 indicating	an	 inability	 to	hydrolyse	

meropenem	and,	consequently,	their	susceptibility	to	the	antibiotic.	
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Figure	 3.6	 Meropenem	 hydrolysis	 assay.	 	 The	 graph	 displays	 the	 results	 of	 a	 meropenem	 hydrolysis	 assay,	
comparing	the	absorbance	over	time	for	a	control,	a	resistant	strain	(R),	and	susceptible	strains	(E	and	S).	The	resistant	
strain	 (R)	demonstrates	a	decrease	 in	absorbance,	 indicating	 its	ability	 to	hydrolyse	meropenem,	 thus	 conferring	
resistance	to	the	antibiotic.	In	contrast,	the	susceptible	strains	(E	and	S)	and	the	control	show	little	to	no	change	in	
absorbance,	indicating	the	inability	to	hydrolyse	meropenem	and	thus,	susceptibility	to	the	antibiotic.	

n=3 
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By	 employing	 the	 same	 strain	 background	 for	 the	 wild-type,	 meropenem-susceptible,	 and	

meropenem-resistant	 conditions,	 any	 observed	 metabolic	 differences	 could	 be	 directly	

attributed	to	the	presence	or	absence	of	the	pCR2.1	plasmid	and	the	NDM-7	gene,	rather	than	

to	variations	in	the	genetic	background.	The	validation	of	the	biological	models	confirmed	that	

the	metabolic	 changes	observed	 in	 the	R	 strain	were	 specifically	due	 to	NDM-7	expression	

allowing	a	 selective	 investigation	of	 its	metabolic	 impact	under	 controlled	 conditions.279,280,	

281,282	

 Summary	and	discussion	of	E.	coli	model	development	and	validation	

The	successful	genetic	modification	of	E.	coli	strains,	specifically	the	introduction	of	the	NDM-7	

gene	 via	 the	 pCR2.1	 plasmid,	 was	 confirmed	 through	 plasmid	 sequencing	 and	 gel	

electrophoresis	of	 the	PCR	product.	Kanamycin	 resistance,	encoded	by	 the	pCR2.1	plasmid,	

were	used	as	selection	marker	to	verify	plasmid	uptake	in	both	the	meropenem-susceptible	(S)	

and	meropenem	resistant	(R)	strains.	Meropenem	resistance,	observed	only	 in	the	R	strain,	

was	 directly	 linked	 to	 the	 presence	 and	 functional	 expression	 of	 the	 NDM-7	 gene,	 as	

demonstrated	by	the	ability	of	the	strain	to	hydrolyse	meropenem.	The	functional	validation	of	

the	NDM-7	gene	confirmed	its	role	as	a	metallo-β-lactamase	conferring	carbapenem	resistance.	

Plasmid	sequencing	also	confirmed	the	complete	and	correct	insertion	of	the	NDM-7	gene	in	

the	R	strain,	ensuring	the	genetic	integrity	of	the	construct.	The	resistant	strain	contained	the	

full	 NDM-7	 gene	 sequence,	 confirming	 that	 the	metabolic	 changes	 in	 the	R	 strain	 could	 be	

directly	attributed	to	NDM-7	expression.	The	specificity	was	critical	for	isolating	the	influence	

of	carbapenem	resistance	from	other	plasmid	components.	

Antibiotic	 susceptibility	 testing,	 meropenem	 hydrolysis	 assay,	 and	 plasmid	 sequencing	

provided	robust	validation	of	the	biological	model	used.	Kanamycin	and	ampicillin	resistance	

markers	 confirmed	 stable	 plasmid	 retention	 in	 both	 S	 and	 R	 strains,	 while	 meropenem	

resistance	confirmed	NDM-7	activity.	A	clear	differentiation	between	metabolic	effects	from	

general	 plasmid	 carriage	 (S)	 and	 those	 specifically	 due	 to	 NDM-7	 expression	 (in	 R)	 could	

therefore	be	achieved.		
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The	 comparative	 metabolic	 analysis	 of	 the	 wild-type	 (E),	 meropenem-susceptible	 (S),	 and	

meropenem-resistant	(R)	strains	will	be	used	reported	later	in	the	chapter	to	provide	insights	

into	whether	genetic	modifications,	particularly	the	acquisition	of	antibiotic	resistance	genes,	

impacted	bacterial	metabolism.	The	S	strain,	carrying	the	pCR2.1	plasmid	alone,	allows	for	the	

assessment	of	metabolic	changes	related	to	plasmid	carriage	and	resistance	to	kanamycin	and	

ampicillin.	By	 comparing	 S	 and	R	 strains,	 the	 additional	metabolic	 adaptations	 imposed	by	

NDM-7	expression	will	be	investigated.	

 Conclusion	

	A	model	for	investigating	metabolic	changes	associated	with	antibiotic	resistance,	particularly	

meropenem	resistance	mediated	by	the	NDM-7	gene	was	successfully	developed.	The	resistant	

strain	 demonstrated	 functional	 expression	 of	 metallo-β-lactamase.	 The	 results	 from	

meropenem	 hydrolysis	 assay,	 support	 the	 conclusion	 that	 NDM-7	 is	 solely	 responsible	 for	

conferring	meropenem	resistance	in	this	strain.	

The	 models	 enable	 subsequent	 metabolomic	 studies	 aimed	 at	 identifying	 metabolic	

vulnerabilities	in	resistant	bacteria.	In	this	section	the	validation	of	the	genetic	modifications	

introduced	to	create	meropenem-susceptible	and	resistant	strains	were	established.		

The	 validity	 of	 the	 biological	 model	 used	 in	 this	 work	 was	 confirmed	 by	 the	 distinct	

mechanisms	 through	 which	 the	 resistance	 genes	 operate.	 The	 ampicillin	 resistance	 gene	

present	in	the	pCR2.1	plasmid	encodes	a	β-lactamase	enzyme	that	hydrolyses	the	β-lactam	ring	

of	 ampicillin,	 while	 the	 NDM-7	 gene	 encodes	 a	 metallo-β-lactamase	 that	 hydrolysis	 the	

β-lactam	ring	of	carbapenems.		

3.3 Development	of	a	sample	preparation	protocol	for	bacterial	metabolomics	

using	anion	exchange	chromatography-mass	spectrometry	

In	 order	 to	 accurately	profile	metabolic	 changes	 across	 the	E.	 coli	 strains	developed	 in	 the	

previous	section,	a	robust	metabolite	extraction	and	analysis	protocol	needed	to	be	developed	

and	validated.	Bacterial	systems	present	unique	challenges	for	metabolomics	experiments	due	

to	 their	 complex	 cell	 structure,	 distinct	metabolome	 and	metabolic	 pathways	 compared	 to	
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mammalian	metabolism,	and	diverse	responses	to	environmental	stress,	including	antibiotic	

exposure.	 Therefore,	 it	 was	 important	 to	 find	 an	 appropriate	 and	 effective	 metabolomics	

approach	and	validate	it	for	this	study.		

Although	a	number	of	specific	methods	for	bacterial	metabolomics	have	been	published,	they	

differ	markedly	in	their	coverage	and,	in	particular,	sample	preparation	approaches.292-294		The	

aim	of	the	current	project	was	to	be	able	to	perform	both	discovery	metabolomics	(untargeted	

analysis)	 and	 functional	 analysis.295	 In	 addition,	 it	was	 deemed	 important	 that	 coverage	 of	

metabolites	found	in	central	carbon	metabolism	(which	tend	to	be	highly	polar	or	anionic)	was	

robust	and	comprehensive	to	be	able	to	report	on	changes	to	energy	metabolism.296	To	meet	

these	needs	anion-exchange	chromatography	tandem	mass	spectrometry	(AEC-MS/MS)	was	

selected	 based	 on	 previous	 publications	 and	 experience	 in	 the	 group.205,210	 A	 method	

developed	for	mammalian	cell	metabolomics	using	AEC-MS	had	previously	been	published	and	

shown	 to	 provide	 broad,	 reproducible	 quantitative	 coverage	 of	 metabolites	 and	 pathways	

found	in	primary	metabolism.205	 It	was	therefore	decided	to	test	this	analytical	method	and	

optimise	the	protocol	for	bacterial	metabolomics	prior	to	performing	a	comparative	analysis	

of	the	three	bacterial	strains.		

Sample	 preparation	 was	 deemed	 one	 of	 the	 most	 important	 aspects	 to	 investigate	 in	 the	

workflow.		The	metabolic	and	biochemical	diversity	of	E.	coli	required	a	metabolite	extraction	

approach	 which	 could	 efficiently	 capture	 a	 wide	 range	 of	 metabolites	 and	 the	 sample	

preparation	published	with	the	AEC-MS	method	was	for	adherent	mammalian	cells.	Therefore,	

it	was	necessary	for	the	development	of	an	optimised	extraction	protocol	to	capture	the	true	

metabolic	state	of	bacterial	cells	with	minimum	degradation	or	loss	of	key	metabolites	during	

the	 process.	 Differences	 in	 cell	 structure,	 growth	 environment,	 and	metabolic	 response	 to	

stress,	such	as	antibiotic	exposure,	were	deemed	important	parameters	to	consider.		

 Exploration	of	metabolite	extraction	protocols	

Three	extraction	protocols	(labelled	‘Method	A’,	‘Method	B’,	and	‘Method	C’)	were	compared	

for	 their	 ability	 to	 recover	 metabolites	 with	 high	 reproducibility	 and	 efficiency,	 aiming	 to	
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determine	the	most	effective	method	for	the	analysis	of	E.	coli.	These	methods	differed	in	their	

extraction	solvent,	and	whether	they	collected	intracellular	vs.	extracellular	metabolites.	The	

extracts	were	analysed	using	the	untargeted	AEC-MS	method	described	in	Section	2.4.205	

Table	 3.3	 summarises	 the	 three	 different	 extraction	 protocols.	 Method	 A	 (see	 Chapter	 2	

Section	 2.3.1	 for	 details)	 was	 selected	 due	 to	 its	 established	 efficiency	 in	 bacterial	

metabolomics.	Campos	and	Zampieri	(2019)	highlighted	its	high	extraction	efficiency	for	small	

polar	metabolites,	compatibility	with	LC-MS,	simplicity,	and	reproducibility.	Method	A	extracts	

metabolites	 from	 the	 whole	 cell	 culture,	 including	 both	 intracellular	 and	 extracellular	

components.228	Method	B	(see	Chapter	2	Section	2.3.2	for	details)	was	chosen	for	its	ability	

to	 separate	 intracellular	 and	 extracellular	 metabolites,	 allowing	 for	 a	 selective	 analysis	 of	

endogenous	metabolism.	Based	on	the	protocol	by	Maifiah	et	al.	(2017),	bacterial	cultures	were	

centrifuged	to	isolate	spent	medium	for	extracellular	metabolite	analysis,	while	intracellular	

metabolites	were	extracted	from	the	cell	pellet	separately.229	Method	C	(see	Chapter	2	Section	

2.3.3	 for	 details)	 was	 adapted	 from	 mammalian	 cell	 metabolomics	 and	 tested	 for	 its	

applicability	 to	 bacterial	 samples.	 Similar	 to	 method	 B,	 Method	 C	 isolated	 intracellular	

metabolites.210		

Table	 3.3	 Overview	 of	 the	 key	 differences	 between	 the	 three	 tested	 extraction	 protocols.	 Methods	 were	
evaluated	using	E.	coli	strains	(E,	S,	and	R).	

	

	 	

	 Method	A	 Method	B	 Method	C	
Quenching	 Direct	extraction	 Dry	ice/ethanol	bath	 Liquid	nitrogen	
Extraction	
solvent	

50:50	
methanol:acetonitrile	

(-20	°C)	

1:3:1	
chloroform:methanol:

water	
(-80	°C)	

80%	methanol	
(cold,	4	°C)	

Extraction	 Incubation	at	-20	°C	for	
1	h,	followed	by	
centrifugation	

Freeze-thaw	lysis	
(liquid	nitrogen	and	
ice)	followed	by	
centrifugation	

Ice	bath	incubation,	
centrifugation	

PBS	wash	 No	 Yes	 Yes	
Sample	type	 Whole-cell	broth	 Intracellular	&	

extracellular	
metabolites	isolated	

separately	

Intracellular	&	
extracellular	

metabolites	isolated	
separately	
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Table	3.4	provides	a	comparative	overview	of	the	AEC-MS	analysis	of	samples	prepared	using	

the	 three	 different	 extraction	 methods,	 including	 the	 number	 of	 compounds	 meeting	 the	

criteria	for	coefficient	of	variation	(CV	<	30%)	and	raw	abundance	(>	100).	

Table	 3.4	 Comparison	 of	 metabolite	 detection	 and	 evaluation	 metrics	 between	 Method	 A,	 Method	 B	 and	
Method	C.	 The	 table	 compares	 the	 three	 methods	 based	 on	 various	 analytical	 metrics	 for	 metabolite	 detection,	
including	the	number	of	compounds	meeting	criteria	for	coefficient	of	variation	(CV	<	30%),	abundance	(>	100).	

Method	B	exhibited	high	variability	in	intracellular	compound-feature	recovery,	with	only	4.7%	

(485	 compounds)	 meeting	 the	 CV	 <	 30%	 threshold	 and	 309	 compounds	 also	 meeting	

abundance	 >	 100.	 Indicating	 that	 compound-features	were	 either	 present	 at	 low	 levels	 or	

displayed	high	variability.	The	high	%CV	and	limited	metabolite	recovery	potentially	suggested	

incomplete	cell	lysis	may	have	led	to	less	efficient	intracellular	metabolite	extraction.		

Method	C	recovered	a	substantially	higher	number	of	intracellular	compounds	compared	to	

Method	B.	Specifically,	39.5%	of	intracellular	features	met	CV	<	30%	and	1,574	intracellular	

compounds	 met	 both	 CV	 <	 30%	 and	 abundance	 >	 100,	 indicating	 improved	 metabolite	

reproducibility	compared	to	Method	B,	but	still	lower	than	Method	A.		

Overall,	 results	 indicated	 that	 Method	 A	 provided	 superior	 metabolite	 recovery	 and	

reproducibility,	with	75%	of	detected	compounds	meeting	the	CV	<	30%	threshold,	and	17852	

	 Method	A	 Method	B	 Method	C	
Intracellular	 Extracellular	 Intracellular	 Extracellular	

Total	ion	
intensity	

1.1×109	 3.2×108	 3.5×108	 6.1×107	 8.3×108	

Peak	
Alignment	
score	

98.7-99.3%	 95.6-98.9%	 90.8-98.9%	 87.6-98.9%	 74.4-98.7%	

Total	
compound-
features	

23878	 10398	 11587	 30970	 13707	

Abundance	
>	100	

23144	
(96.9%)†	

9866	
(94.9%)†	

10905	
(94.1%)†	

26015	
(84%)†	

13570	
(99%)†	

Features	
with	a	CV	<	
30%	

	17945	
(75%)‡	

485	(4.7%)‡	 4690	
(40.4%)‡	

12233	
(39.5%)‡	

11966	
(87.3%)‡	

Features	
with	
abundance	
>	100	and		
CV	<	30%	

17852		
(192	
identified)	

309		
(14	
identified)	

4675		
(132	
identified)	

1574		
(95	
identified)	

11268		
(113	
identified)	

†	Proportion	of	compounds	with	abundance	>	100,	indicating	general	metabolite	abundance.	
‡	Proportion	of	compounds	with	CV	<	30%,	indicating	general	metabolite	reproducibility	in	
the	dataset.	
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meeting	CV	<	30%	and	abundance	>	100	 threshold	but	 its	ability	 to	report	on	 intracellular	

metabolic	changes	remained	constrained	by	being	mixed	with	extracellular	metabolites.		

To	 enhance	 intracellular	metabolite	 recovery,	mechanical	 cell	 lysis	 techniques	were	 tested	

using	Method	A,	which	employed	sonication	and	bead	beating.	Sonication	was	performed	in	an	

ice	bath	using	a	microtip	sonicator	at	40%	amplitude,	while	bead	beating	involved	vortexing	

pre-chilled	samples	at	500	rpm	with	glass	beads.	These	methods	were	evaluated	to	determine	

whether	 additional	 mechanical	 disruption	 improved	 the	 reproducibility	 or	 extraction	

efficiency.	

While	 these	 methods	 aimed	 to	 enhance	 cell	 lysis	 and	 improve	 metabolite	 recovery,	 they	

introduced	 several	 challenges.	Both	methods	were	 associated	with	 increased	variability,	 as	

indicated	by	a	lower	percentage	of	metabolites	meeting	the	CV	<	30%	threshold	(Table	3.5).		

Heat	generation	was	a	shared	potential	issue.	Both	sonication	and	bead	beating	produced	heat	

during	 the	 mechanical	 disruption	 process,	 which	 could	 accelerate	 metabolite	 degradation	

reactions	 such	 as	 oxidation.297,298	 	 Additionally,	 not	 all	 samples	 could	 be	 processed	

simultaneously	 using	 the	 sonicator,	 substantially	 reducing	 throughput.	 The	 variability	 in	

processing	time	and	potential	risk	of	overheating	further	complicated	the	use	of	these	methods.	

Given	 these	 limitations,	 mechanical	 disruption	 was	 not	 pursued	 further	 for	 bacterial	

metabolite	extraction.		

Table	 3.5	 Comparison	 of	 mechanical	 cell	 lysis	 techniques	 for	 metabolite	 recovery.	 The	 table	 compares	 the	
effectiveness	 of	 different	 mechanism	 cell	 lysis	 techniques,	 including	 sonication	 and	 bead	 beating,	 for	 enhancing	
metabolite	recovery	from	bacterial	samples.	The	evaluation	criteria	include	general	metabolite	abundance	(percentage	
of	 total	compound-features	with	an	abundance	>	100)	and	general	metabolite	 reproducibility	 (percentage	of	 total	
compound-features	with	 a	 CV	 <	 30%).	 The	 results	 indicate	 the	 relative	 performance	 of	 each	method	 in	 achieving	
consistent	lysis	and	metabolite	extraction.	

The	metabolite	signals	from	Method	A	reflected	both	bacterial	metabolism	and	contributions	

from	the	culture	medium.299,300	2TY	broth,	which	contains	yeast	extract,	introduced	additional	

	 Sonication	 Bead	beating	
Total	compound	features	 1607	 52347	
Compound-feature	abundance	
(Percentage	of	total	compound	features	with	
an	abundance	greater	than	100)	

72.6%	 89.6%	

Compound-features	reproducibility	
(Percentage	of	total	compound	features	with	
a	CV	less	than	30%)	

32.6%	 4.9%	
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metabolic	signals	that	can	interfere	with	metabolite	detection.	As	shown	in	Figure	3.7,	the	total	

ion	chromatogram	(TIC)	of	the	broth	alone	(without	bacterial	culture)	exhibited	substantial	

signal	 intensity	 compared	 to	 the	 blank	 (extraction	 solvent	 only),	 demonstrating	 that	 the	

medium	 itself	 contained	 extractable	 metabolites	 which	 would	 presumably	 obscure	

endogenous	bacterial	metabolic	signatures.	The	signal	from	the	medium	may	contribute	lower	

variability	 in	 extracellular	 compound	 measurements,	 which	 was	 misleading	 since	 the	

dominant	components	originated	from	the	broth	rather	than	bacterial	metabolic	activity.	As	a	

result,	 changes	 in	 bacterial	 metabolism	 may	 have	 been	 masked,	 complicating	 data	

interpretation.		

	To	reduce	background	 interference	 from	2TY	broth	 in	extracellular	metabolite	analysis,	an	

alternative	growth	medium,	M9	minimal	medium,	was	tested.223	Unlike	complex	media	such	as	

2TY,	M9	minimal	medium	contains	only	essential	nutrients,	 thereby	eliminating	extraneous	

metabolites	from	yeast	extract	or	other	rich	components	that	could	interfere	with	metabolite	

Figure	3.7	Chromatographic	comparison	of	2TY	broth	and	blank	(Solvent	Control)	in	AEC-MS	analysis.	The	total	
ion	chromatogram	(TIC)	chromatograph	compares	the	relative	metabolite	abundance	detected	from	2TY	broth	(black	
line)	and	a	blank	sample	(extracted	solvent	control,	50:50	MeOH:ACN,	blue	line)	using	AEC-MS.	This	demonstrates	the	
substantial	 background	 noise	 contributed	 by	 the	 broth,	 highlighting	 the	 challenge	 of	 distinguishing	 bacterial	
metabolites	of	interest	from	broth-derived	signals	in	metabolomics	analysis.	
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detection.	 The	 use	 of	M9	medium	was	 expected	 to	 reduce	 background	 signal	 interference,	

enabling	more	 accurate	 detection	 and	 identification	 of	 extracellular	metabolites.	 However,	

E.	coli	 cultures	 in	M9	 exhibited	 slower	 growth	 (OD600	 <	 0.4;	 Figure	 3.8),	 leading	 to	 lower	

metabolite	yields.	Since	nutrient	availability	also	influences	bacterial	metabolism,	M9	medium	

was	 deemed	 unsuitable.	 The	 reduced	 growth	 resulted	 in	 lower	 biomass,	 which	 directly	

impacted	metabolite	yields.	Since	metabolomic	analysis	relies	on	capturing	metabolic	activity	

at	biologically	relevant	stages,	such	as	the	exponential	growth	phase,	the	inability	of	E.	coli	to	

reach	this	phase	in	M9	medium	posed	a	substantial	limitation.301,302	Given	this	limitation,	the	

use	 of	 supplemented	 M9	 was	 ultimately	 rejected,	 as	 it	 would	 not	 provide	 a	 meaningful	

improvement	over	2TY	in	terms	of	reducing	media-derived	metabolite	signals.	

Given	these	challenges,	2TY	broth	was	retained	for	bacterial	growth	due	to	its	ability	to	support	

rapid	proliferation	and	achieve	sufficient	cell	density.	However,	to	minimise	interference	from	

broth-derived	 signals	 in	 metabolomics	 analyses,	 a	 PBS	 washing	 step	 was	 introduced.	 Cell	

washing	involved	resuspending	the	bacterial	pellet	in	ice-cold	PBS,	followed	by	centrifugation	
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Figure	3.8	Growth	measurement	of	E.	coli	Strains	in	M9	and	2TY	media.	Optical	density	(OD600)	was	measured	
to	assess	the	growth	of	E.	coli	strains	E,	S,	and	R	in	M9	minimal	media	and	2TY	rich	media.	Cells	were	initially	grown	
overnight	 in	2TY,	 then	subculture	 into	the	appropriate	media	(1	mL	overnight	culture	 in	19	mL	M9	broth	or	2TY	
broth).	The	cultures	in	M9	media	showed	insufficient	growth	(OD600	<	0.4)	even	after	extended	incubation,	making	
them	unsuitable	 for	metabolomic	 experiments.	 In	 contrast,	 cultures	 in	2TY	media	achieved	 sufficient	growth	 for	
further	metabolomic	analysis.	
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to	separate	the	cells	 from	any	remaining	broth	or	extracellular	substances.	 Introducing	this	

step	helped	to	reduce	media	contamination	without	compromising	bacterial	cell	integrity.	

In	addition	to	removing	extracellular	metabolites,	washing	bacterial	pellets	with	ice-cold	PBS	

also	slowed	down	enzymatic	activity	and	hence	metabolic	reactions,	thereby	preserving	the	

intracellular	metabolic	profiles.303	While	organic	solvents	are	commonly	used	for	quenching	

metabolic	activity,	 their	simultaneous	role	 in	metabolite	extraction	poses	challenges.67,304,305	

Solvent-based	quenching	can	 lead	to	metabolite	 leakage,	particularly	 in	bacteria	exposed	to	

antibiotics,	 as	 stress-induced	 membrane	 damage	 increases	 permeability.306-308	 To	 mitigate	

metabolite	leakage	an	alternative	approach	was	adopted.	Samples	were	centrifuged	at	4	°C	to	

rapidly	cool	and	separate	cells	from	the	medium,	followed	by	gentle	washing	with	ice-cold	PBS.	

The	 method	 aimed	 to	 preserve	 bacterial	 cell	 integrity	 while	 minimising	 metabolite	 loss,	

ensuring	a	more	reliable	metabolomic	analysis.		

Initial	 efforts	 using	 Method	 A,	 with	 bacterial	 cultures	 washed	 and	 resuspended	 in	 PBS	 to	

maintain	sample	concentration,	followed	by	100	μL	of	the	cell	resuspension	added	to	240	μL	

of	extraction	solvent	initially	appeared	promising.	However,	the	protocol	resulted	in	reduced	

metabolite	abundance.	To	improve	intracellular	metabolite	recovery,	bacterial	cultures	were	

sampled	 at	 a	 higher	 density	 (OD600=0.7).	 Table	 3.6	 presents	 a	 comparison	 of	 metabolite	

recovery	metrics	at	OD600	=	0.4	and	OD600	=	0.7,	including	total	ion	intensity,	alignment	score,	

total	compound-features,	and	reproducibility.	Citrate	abundance	was	specifically	examined	as	

a	 representative	 intracellular	metabolite,	 given	 its	well-documented	 role	 in	 central	 carbon	

metabolism.	While	 a	 higher	 OD600	 produced	 higher	 yield	 of	 intracellular	metabolites,	 such	

density	represented	the	middle	of	 the	 log	phase,	where	nutrient	depletion	begins,	and	cells	

may	 initiate	 stress	 responses.227,309	 Consequently,	 this	 phase	 was	 not	 ideal	 for	 capturing	

representative	metabolic	profiles,	as	nutrient	scarcity	and	increased	cell	density	could	cause	

stress-related	changes	in	metabolism.	Thus,	an	OD600	of	0.4,	representing	the	early	log	phase	

where	nutrient	availability	is	abundant	and	cells	are	in	their	optimal	growth	state,	was	chosen	

to	avoid	stress-induced	variability	in	metabolite	profiles.	
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Table	 3.6	 Comparison	 of	 metabolite	 recovery	 metrics	 at	 different	 bacterial	 cell	 densities	 (OD600=0.4	 vs.	
OD600=0.7)	 using	 Method	 A	 with	 washing	 step.	 The	 table	 summarises	 the	 key	 quality	 metrics	 for	 metabolite	
extraction,	including	total	ion	intensity,	alignment	score,	total	compound	features,	and	citrate	abundance,	along	with	
compound-feature	abundance	and	reproducibility.	

Additionally,	 the	 PBS	 resuspension	 step	 introduced	 further	 complications	 and	 reduced	 the	

maximum	theoretical	yield	of	the	extraction	process.	Recognising	that	the	dilution	of	the	cell	

pellet	was	unnecessary,	the	protocol	was	revised	to	enhance	efficiency	and	recovery.	Instead	

of	resuspending	the	pellet	after	washing	with	ice-cold	PBS,	the	PBS	was	removed,	and	300	μL	

of	 extraction	 solvent	 was	 added	 directly	 on	 the	 cell	 pellet	 (Figure	 3.9).	 The	 modification	

eliminated	an	unnecessary	dilution	step,	allowing	the	extraction	solvent	to	come	into	direct	

contact	 with	 a	 higher	 concentration	 of	 cellular	 material.	 As	 a	 result,	 this	 adjustment	

substantially	 improved	 the	metabolite	 recovery	 and	 enhanced	 the	 overall	 efficiency	 of	 the	

extraction	 process,	 ensuring	 the	 preservation	 of	 intracellular	 metabolites	 for	 subsequent	

analysis.		

	 Method	A_OD0.4_wash	 Method	A_OD0.7_wash	
Total	ion	intensity	 5.424e+007	 2.145e+008	
Alignment	score	 96.7-98.5	 98.7-99.1	
Total	compound	features	 7083	 6864	
Citrate	Max	abundance	 2368	 28550	
Compound-feature	abundance		
(%	total	compound-features	with	
an	abundance	>100)	

23.6	 90.4	

Compound-feature	reproducibility		
(%	total	compound-features	with	a	
CV	<	30%)	

34.8	 34.25	
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 Assessing	the	impact	of	PBS	washing	on	intracellular	metabolite	integrity	

The	 integrity	 of	 intracellular	metabolite	 extraction	was	 crucial	 for	 accurately	 assessing	 the	

metabolic	state	of	E.	coli	cells.	In	this	study,	intracellular	metabolites	were	extracted	following	

a	PBS	washing	step.	However,	the	potential	for	metabolite	leakage	during	this	washing	step,	

due	to	osmotic	stress	or	mechanical	forces	such	as	centrifugation,	need	to	be	investigated.	

To	evaluate	the	impact	of	the	PBS	washing	step	on	intracellular	metabolite	leakage,	samples	

were	collected	from	different	stages	of	the	protocol,	including:	(i)	the	broth	medium,	(ii)	PBS	

washes,	and	(iii)	intracellular	extracts	(Pilot_E_control;	bacterial	group).	Additionally,	controls	

consisting	of	PBS	only,	as	well	as	broth	samples	added	to	PBS,	and	a	full	protocol	using	only	

Figure	 3.9	 Illustration	 of	 the	 original	 and	 modified	 extraction	 protocols.	 The	 original	 protocol	 involves	
resuspending	the	cell	pellet	in	PBS	before	adding	the	extraction	solvent,	introducing	an	unnecessary	dilution	step.	The	
modified	protocol	eliminates	this	step	by	directly	adding	the	extraction	solvent	to	the	cell	pellet,	optimising	metabolite	
recovery	and	enhancing	extraction	efficiency.	
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broth	(negative	control),	were	included	to	control	for	any	potential	contamination	or	baseline	

metabolites	that	could	arise	from	the	buffer	itself.	For	the	negative	control	(broth	wash	and	

broth	extraction),	broth	was	spun	down	to	remove	the	supernatant	(media),	and	the	remaining	

residue	was	washed	and	processed	using	the	same	protocol	applied	to	the	cell	samples.	The	

PBS	wash	ensured	that	any	contribution	from	the	broth	medium	itself,	and	not	from	cells,	could	

be	accounted	for.	

To	further	analyse	potential	metabolite	leakage,	compounds	with	an	average	signal	intensity	

of	 less	 than	100	were	removed	from	the	dataset	 for	each	sample	group.	The	threshold	was	

selected	 to	 minimise	 the	 inclusion	 of	 low-abundance	 features,	 which	 are	 more	 likely	 to	

represent	 background	 signals	 or	 have	 higher	 experimental	 variability.	 While	 there	 was	 a	

possibility	that	leaked	metabolites	could	be	removed	using	this	filter,	prioritising	compounds	

with	 higher	 signal	 intensities	would	 provide	 a	more	 reliable	 assessment.	 The	 filtered	 lists,	

comprising	both	identified	and	unidentified	compound-features,	were	used	to	evaluate	shared	

and	unique	metabolites	between	sample	groups,	providing	a	comprehensive	evaluation	of	the	

integrity	of	intracellular	metabolite	extraction.		

A	PCA	plot	(Figure	3.10)	was	employed	to	compare	the	metabolic	profiles	across	the	different	

sample	groups,	including	the	intracellular	extracts,	the	PBS	washes	and	the	control	samples.	

The	PCA	score	plot	demonstrated	distinct	clustering	between	intracellular	metabolites	(Pilot	

E	 control	 extracted)	 and	 those	 found	 in	 the	 PBS	 wash	 and	 broth	 controls.	 The	 observed	

clustering	patterns	suggests	that	the	PBS	washing	step	did	not	lead	to	substantial	leakage	of	

intracellular	metabolites	into	the	wash	buffer.	The	intracellular	samples	exhibited	a	metabolite	

profile	 that	 was	 largely	 preserved,	 reinforcing	 the	 effectiveness	 of	 the	 washing	 step	 in	

maintaining	cell	integrity.	
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Interestingly,	the	plot	also	shows	that	the	500	μL	Broth	500	μL	PBS	group,	Pilot	E	control	broth,	

and	the	negative	control	broth	cluster	closely	together,	suggesting	metabolite	profiles	of	these	

groups	are	primarily	broth	(media).	Whereas	the	20	μL	Broth	500	μL	PBS	group,	Pilot	E	control	

wash,	and	the	negative	control	broth	wash	cluster	together,	indicating	a	different	metabolite	

profile	for	these	groups,	potentially	mixture	of	PBS	and	residual	broth.	The	clear	separation	

across	groups	further	supports	the	conclusion	that	the	washing	process	successfully	removed	

extracellular	components	without	compromising	intracellular	metabolite	integrity.	

Figure	3.10	PCA	score	plot	of	metabolite	profiles	from	intracellular	extracts,	PBS	washes,	and	control	groups.	
PCA	plot	highlighting	the	separation	of	metabolite	profiles	across	various	sample	groups:	20	μL	broth	with	500	μL	
PBS,	500	μL	broth	with	500	μL	PBS,	PBS	only,	Pilot	E	control	broth,	Pilot	E	control	wash,	Pilot	E	control	intracellular	
extract,	 and	 negative	 controls	 (broth	 and	 broth	 wash).	 PC1	 and	 PC2	 explain	 20%	 and	 17.9%	 of	 the	 variance,	
respectively.		



Chapter	3	

82	
 

To	quantify	potential	metabolite	overlap	between	sample	types,	Venn	diagrams	(Figure	3.11	

and	Figure	3.12)	were	created	to	highlight	the	shared	and	unique	metabolites	among	the	broth,	

PBS	wash,	and	 intracellular	extracts.	 In	Figure	3.11,	 it	 is	evident	 that	only	a	 small	 fraction	

(approximately	1%)	of	metabolites	are	shared	between	the	intracellular	fraction	and	the	PBS	

wash	 (0%	 overlap	 when	 only	 identified	 metabolites	 were	 considered),	 supporting	 the	

conclusion	 that	 the	 PBS	 wash	 step	 did	 not	 considerably	 compromise	 the	 integrity	 of	 the	

intracellular	 metabolite	 pool.	 Similarly,	 the	 Venn	 diagram	 comparing	 PBS,	 wash,	 and	

intracellular	 samples	 (Figure	3.12)	 indicated	 that	 intracellular	metabolites	 remain	distinct	

from	those	present	in	the	PBS	wash	and	broth	samples.	

Figure	3.11	Venn	diagram	comparing	unique	and	shared	metabolites	across	broth,	wash,	and	intracellular	
samples.	Metabolites	were	filtered	to	include	only	those	with	an	average	abundance	greater	than	100	across	samples.	
The	majority	of	metabolites	were	unique	to	the	broth	sample	(65.4%),	while	the	intracellular	and	wash	fractions	had	
fewer	unique	metabolites	(2.5%	and	6.3%,	respectively).	A	small	fraction	of	metabolites	(6.5%)	was	shared	among	all	
three	groups.	
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These	results	suggest	 that	 the	washing	process	with	PBS,	conducted	at	4	°C,	did	not	 induce	

substantial	metabolite	leakage	from	the	bacterial	cells.	Moreover,	the	controls,	including	the	

broth-PBS	 mix,	 demonstrated	 that	 residual	 media	 components	 were	 effectively	 removed	

through	washing,	without	introducing	extraneous	metabolites	into	the	intracellular	extracts.	

Therefore,	the	PBS	washing	step	was	considered	a	useful	and	reliable	component	of	the	sample	

preparation	 workflow,	 preserving	 intracellular	 metabolites	 for	 selective	 endogenous	

metabolomic	 analysis.	 The	 inclusion	 of	 negative	 controls	 such	 as	 the	 PBS-only	 control	 and	

broth-wash	control	helped	confirm	the	absence	of	contamination	and	background	metabolites	

within	the	washing	buffer.		

Figure	3.12	Venn	diagram	of	metabolite	distribution	across	PBS,	wash,	and	intracellular	extracts.	Metabolites	
were	filtered	to	include	only	those	with	an	average	abundance	greater	than	100	across	samples.	Each	circle	represents	
a	unique	 list	of	metabolites	 from	one	sample	type:	PBS	(grey),	wash	(blue),	and	 intracellular	extracts	(green).	The	
overlapping	sections	represent	metabolites	shared	between	sample	types.	Notably,	only	a	small	 fraction	(14.5%)	of	
metabolites	are	shared	between	all	three	groups,	with	the	majority	of	intracellular	metabolites	being	distinct	from	
those	found	in	PBS	and	wash	samples.	This	indicates	that	the	PBS	washing	step	does	not	lead	to	substantial	leakage	of	
intracellular	metabolites. 	
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 Optimisation	and	validation	of	the	metabolite	extraction	protocol		

Metabolite	extraction	protocol	optimisation	 led	 to	 the	development	of	 a	 robust	method	 for	

intracellular	metabolite	extraction	from	E.	coli.	Validation	of	the	protocol	was	performed	using	

general	reference	points	for	assessing	the	quality	of	the	metabolomics	data	based	on	multiple	

criteria	 (Table	3.7).	 In	 addition	 to	untargeted	metrics	 to	 compare	 the	 extraction	protocols	

including	 the	number	of	 compound-features,	 the	proportion	and	number	with	a	%CV	<	30,	

compound-feature	intensity	etc,	a	targeted	approach	was	simultaneously	employed	focussing	

on	 citrate.	 To	 assess	 extraction	 efficiency	 and	 compare	 data	 quality	 across	 the	 extraction	

approaches	 investigated,	 citrate	 was	 selected	 as	 a	 target	 metabolite	 due	 to	 its	 role	 as	 a	

representative	carboxylic	acid	measured	by	the	AEC-MS	method.	Citrate	is	a	key	intermediate	

in	 the	 TCA	 cycle,	making	 it	 relevant	 for	 bacterial	metabolism	 studies,	 and	 its	well-defined	

retention	 time	and	 ionisation	properties	 facilitate	reliable	detection	and	quantification.	The	

‘optimised	 protocol’	 demonstrated	 superior	 performance	 in	 terms	 of	 total	 ion	 intensity,	

alignment	score,	and	general	metabolite	abundance	and	reproducibility. 

Table	3.7	Comparison	of	metabolomics	data	quality	and	citrate	detection	across	different	extraction	protocol.	
The	table	summarises	the	performance	of	various	intracellular	metabolite	extraction	protocols,	including	Method	A,	
Method	B,	Method	C,	sonication	modification	of	Method	A,	and	bead	beating	on	Method	A.	Key	indicators	such	as	total	
ion	intensity,	alignment	score,	compound	features,	and	citrate-related	metrics	are	compared	to	evaluate	the	efficiency	
and	 reproducibility	 of	 each	method.	 The	 optimised	 protocol	 demonstrates	 superior	metabolite	 recovery	 and	 data	
quality.	

	

	 Method	A	 Method	B	 Method	C	 Sonication	
(Method	A)	

Bead	
beatings	
(Method	A)	

Optimised	
protocol	

Total	ion	intensity	 5.4×107	 3.2×108	 6.3×107	 6.6×107	 2.3×109	 4.9×108	
Alignment	score	 96.7-

98.5%	
95.6-
98.8%	

87.6-
98.9%	

98.8-
99.5%	

93.1-
97.7%	

98.1-
99.0%	

Total	compound	
features	

7083	 11587	 3970	 1607	 52347	 6818	

Citrate	max	
abundance	

2368	 9192	 6001	 2705	 47330	 102895	

Retention	time	for	
citrate	

15.28	min	 15.27	min	 15.23	min	 15.28	min	 14.93	min	 15.26	min	

Peak	width	for	
citrate		

0.62	min	 0.75	min	 0.59	min	 0.68	min	 0.41	min	 0.47	min	

Citrate	ppm	mass	
accuracy	

-1.63	ppm	 1.54	ppm	 -0.82	ppm	 -1.62	ppm	 1.18	ppm	 0.65	ppm	

Citrate	isotope	
accuracy	

98.77%	 99.17%	 81.4%	 97.83%	 96.94%	 99.12%	

Citrate	CV%	 16.97%	 48.04%	 22.42%	 12.78%	 47.1%	 14.07%	
General	metabolite	
abundance	

90.4%	 94.9%	 84%	 72.6%	 89.6%	 97.8%	

General	metabolite	
reproducibility	

34.8%	 4.7%	 39.5%	 32.6%	 4.9%	 41.5%	
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The	results	 indicated	that	Method	A	performed	the	best	overall	compared	to	Method	B,	 the	

mammalian	cell	extraction	adaptation	(Method	C),	sonication	(on	Method	A),	and	bead	beating	

(modification	of	Method	A).	Method	A	consistently	demonstrated	superior	metabolite	recovery,	

reproducibility,	 and	 data	 quality.	 In	 contrast,	 Method	 B	 exhibited	 low	 reproducibility,	 as	

reflected	in	the	high	variability.310	The	variability	suggested	that	intracellular	metabolites	were	

not	being	efficiently	extracted,	leading	to	lower	quality	metabolite	recovery.311	Sonication	and	

bead	 beating,	 while	 improving	 cell	 disruption,	 introduced	 variability,	 leading	 to	 decreased	

reproducibility	and	metabolite	integrity.		

Method	 C	 demonstrated	 lower	 compatibility	 with	 bacterial	 systems,	 as	 evidence	 by	 lower	

general	 metabolite	 abundance,	 a	 greater	 range	 in	 alignment	 scores,	 and	 fewer	 total	

compound-features.	 A	 wider	 alignment	 score	 range	 indicates	 variability	 in	 peak	 detection	

between	 samples,	 which	 could	 indicate	 inconsistent	 metabolite	 recovery	 and	 lower	

reproducibility.	 	However,	alignment	scores	must	be	 interpreted	carefully,	as	a	 lower	score	

within	 an	 experimental	 group	 suggests	 technical	 inconsistency,	 whereas	 a	 lower	 score	

between	experimental	groups	may	reflect	true	metabolic	differences.	Fewer	detected	features	

suggest	that	Method	C	was	less	efficient	at	extracting	intracellular	metabolites.		The	findings	

highlighted	a	 limitation	of	Method	C	(adapted	from	the	mammalian	extraction	protocol)	 for	

bacterial	metabolomics.	

Based	on	these	comparisons,	the	final	protocol	was	developed	by	streamlining	the	extraction	

process	and	focusing	on	direct	extraction	from	the	cell	pellet,	eliminating	a	dilution	step.	The	

approach	maximised	metabolite	recovery	while	minimising	loss	and	contamination.	

The	 optimised	 protocol	 is	 illustrated	 in	 Figure	 3.13.	 The	 protocol	 was	 then	 used	 in	 all	

subsequent	metabolomic	investigation	reported	(unless	otherwise	stated)	for	comprehensive	

analysis	of	bacterial	metabolites.		
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 Discussion	

A	number	of	different	extraction	protocols	and	their	variables	were	evaluated	to	identify	the	

most	 suitable	 approach	 for	bacterial	metabolomics	by	AEC-MS.	Currently,	 the	 extraction	of	

polar	metabolites	from	bacteria	for	AEC-MS	remains	under-reported	in	the	literature,	with	no	

standardised	method	widely	adopted,	making	this	optimisation	an	important	contribution	to	

the	field.312,313	Method	A,	selected	for	its	simplicity	and	compatibility	with	downstream	analysis	

techniques,	 initially	 provided	 consistent	 results	 with	 relatively	 low	 noise	 and	 high	

reproducibility,	but	was	limited	to	extracellular	metabolites	including	those	derived	from	the	

media.	

In	 contrast,	 Method	 B,	 which	 had	 capability	 to	 distinguish	 between	 intracellular	 and	

extracellular	 metabolites,	 revealed	 shortcomings	 in	 intracellular	 metabolite	 recovery.	 The	

rigidity	of	the	bacterial	cell	wall	likely	hindered	efficient	lysis,	as	reflected	by	the	lower	number	

of	metabolites	meeting	reproducibility	and	abundance	criteria.	The	lysis	inefficiency	ultimately	

2 mL culture 
(+ 2 μL meropenem or DMSO)

1 h in shaker at 37 °COD600=0.4 1 mL
3000 rpm, 10 min

wash pellet with 
PBS ✕ 2

add 300 μL
50:50

methanol:acetonitrile
to pellet 

-20 °C

1 h
10000 rpm, 5 min DNA 

normalisation
MWCO filter

Grow bacteria 
overnight (16 h) Subculture

Dilute 1:100

Figure	3.13	Final	protocol	for	bacterial	metabolite	extraction	and	sample	preparation	for	AEC-MS	analysis.	
Final	protocol	used	 for	the	extraction	and	analysis	of	 intracellular	metabolites	 from	E.	coli	strains.	Bacterial	were	
grown	overnight,	followed	by	a	1:100	subculture	and	incubation	to	an	OD600	of	0.4.	Cultures	were	then	treated	with	
meropenem	for	1	hour	at	37	°C.	After	treatment,	the	cultures	were	centrifuged	at	3000	rpm	for	10	minutes	at	4	°C,	and	
the	resulting	cell	pellet	was	washed	twice	with	ice-cold	PBS	to	remove	residual	medium	and	drug	compounds.	The	
pellet	was	resuspended	in	300	μL	of	50:50	MeOH:ACN,	pre-cooled	to	-20	°C,	and	incubated	for	1	hour	at	-20	°C	for	
metabolite	extraction.	The	sample	was	centrifuged	at	10,000	rpm	for	5	minutes	at	4	°C,	and	the	DNA	concentration	of	
the	supernatant	was	normalised.	The	sample	was	processed	through	MWCO	filters	prior	to	AEC-MS	analysis.	
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limited	 its	 utility	 for	 bacterial	metabolomics,	 despite	 the	 initial	 appeal	 of	 fractionating	 the	

intracellular	and	extracellular	metabolomes.		

The	attempt	to	improve	cell	lysis	using	mechanical	disruption	techniques,	such	as	sonication	

and	 bead	 beating,	 introduced	 new	 challenges,	 including	 heat	 generation,	 increased	 sample	

variability,	 and	 risk	 of	 cross-contamination.	 While	 these	 methods	 improved	 lysis,	 the	

inconsistency	 they	 introduced	 rendered	 them	 unsuitable	 for	 the	 precise	 and	 reproducible	

extraction	required	for	comprehensive	metabolomic	analysis.	

A	persistent	challenge	was	the	interference	caused	by	the	nutrient-rich	2TY	broth.	Background	

signals	from	the	broth	overshadowed	bacterial	metabolites,	complicating	the	analysis.	Control	

samples	confirmed	that	substantial	interference	originated	from	the	broth,	which	prompted	an	

exploration	of	M9	minimal	medium.	However,	slower	growth	rates	and	lower	cell	densities	in	

M9	medium	raised	concerns	about	insufficient	metabolite	yields	for	analysis,	as	cells	did	not	

consistently	reach	the	log	phase	required	for	optimal	extraction.	

To	mitigate	broth	interference,	a	key	adaptation	was	the	introduction	of	a	PBS	washing	step.	

The	modification	successfully	removed	extracellular	components	without	compromising	cell	

integrity,	allowing	intracellular	metabolites	to	be	preserved.	The	quenching	effect	of	ice-cold	

PBS	 washing	 slowed	 enzymatic	 activity,	 ensuring	 that	 metabolic	 reactions	 were	 halted	

effectively.	

Efforts	to	optimise	the	protocol	also	led	to	the	removal	of	an	unnecessary	resuspension	step,	

which	had	previously	diluted	the	sample	and	reduced	metabolite	recovery.	By	directly	adding	

extraction	 solvent	 to	 the	 washed	 cell	 pellet,	 the	 revised	 protocol	 substantially	 improved	

metabolite	yields	and	reduced	variability,	particularly	in	the	intracellular	fraction.	

Finally,	the	PBS	washing	step	was	validated	through	Venn	diagrams,	and	PCA	analyses,	all	of	

which	confirmed	minimal	overlap	between	intracellular	metabolites	and	PBS-washed	or	broth	

fractions.	The	result	demonstrated	that	the	PBS	washing	did	not	lead	to	considerable	leakage	

of	intracellular	metabolites,	reinforcing	the	robustness	of	the	protocol.	
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 Conclusions	

A	reproducible	and	robust	protocol	for	intracellular	metabolite	extraction	from	bacteria	was	

developed	 which	 was	 compatible	 with	 untargeted	 AEC-MS	 analysis.	 Among	 the	 methods	

evaluated,	 Method	 A,	 using	 the	 50:50	 methanol/acetonitrile	 as	 extraction	 solvent,	

demonstrated	 clear	 superiority	 in	metabolite	 recovery	 and	 reproducibility.	With	 the	 added	

benefit	 of	minimal	 background	 noise	when	 combined	with	 a	 PBS	washing	 step	 to	 remove	

extracellular	 components,	 further	 enhanced	 the	 clarity	 and	 reliability	 of	 the	 extracted	

metabolite	profiles.	

The	systematic	optimisation	of	the	protocol,	 including	the	direct	extraction	from	cell	pellets	

and	elimination	of	unnecessary	resuspension	steps,	has	resulted	 in	a	streamlined	workflow	

that	maximises	the	integrity	and	yield	of	intracellular	metabolites.	The	workflow	was	further	

validated	 through	 comprehensive	 analyses,	 demonstrating	 minimal	 cross-contamination	

between	intracellular	and	extracellular	fractions,	and	preserving	the	metabolic	state	of	E.	coli	

cells	without	inducing	stress-related	artifacts.	

The	optimised	metabolomics	workflow	not	only	ensured	the	reliable	profiling	of	intracellular	

metabolic	changes	but	also	provided	a	protocol	for	future	studies,	including	the	exploration	of	

metabolic	changes	 in	drug-resistant	bacterial	strains.	The	development	work	in	this	section	

highlighted	 the	 critical	 role	 of	 tailored	 metabolite	 extraction	 protocols	 for	 the	 analysis	 of	

bacterial	systems,	where	both	cell	structure	and	media	interference	present	major	challenges.	

Ultimately,	this	comparative	study	contributes	to	the	development	of	standardised	approaches	

for	bacterial	metabolomics,	offering	valuable	insights	into	the	important	variables	associated	

with	highly	polar	and	ionic	metabolites	extractions.	

3.4 Comparative	metabolic	profiling	of	E.	coli	strains	

Metabolism	 plays	 a	 central	 role	 in	 how	 bacteria	 adapt	 to	 new	 environments	 and	

proliferate.314,315	 Investigating	 whether	 the	 presence	 of	 AMR	 affects	 metabolic	 processes	

therefore	 has	 the	 potential	 to	 reveal	 key	 insights	 into	 how	 resistant	 strains	 function	 and	

potentially	expose	new	targets	for	therapeutic	intervention.58,154,316,317	
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To	investigate	whether	altered	metabolic	processes	were	associated	with	NDM-7	expression	

in	E.	coli,	the	three	bacterial	strains	(wild-type	(E),	the	susceptible	strain	carrying	the	pCR2.1	

plasmid	(susceptible	to	meropenem,	S),	and	the	resistant	strain	carrying	the	pCR2.1	plasmid	

containing	the	metallo-β-lactamase	gene	NDM-7	(resistant	to	meropenem,	R))	were	compared	

using	 the	 adapted	 protocol	 for	 untargeted	 metabolic	 profiling	 developed	 and	 reported	

previously	in	this	chapter.	Specifically,	it	was	hypothesised	that	comparison	of	the	three	strains	

would	show	how	the	presence	of	the	pCR2.1	plasmid	(ampicillin	and	kanamycin	resistant)	and	

the	NDM-7	gene	impacted	metabolite	abundances	profiled	by	AEC-MS,	if	at	all,	in	the	absence	

of	antibiotics.	It	was	assumed	that	any	differences	would	be	due	to	the	expression	of	the	NDM-7	

gene	 conferring	 resistance.	Any	 such	differences	 could	potentially	be	 exploited	by	 targeted	

therapeutic	approaches	in	resistant	bacteria.	

Untargeted	 metabolomics	 was	 applied	 to	 provide	 a	 comprehensive	 analysis	 of	 metabolite	

profiles	 across	 the	 three	 different	 E.	 coli	 strains,	 providing	 the	 potential	 for	

hypothesis-generating	 observations	 at	 the	metabolome	 level.	 Statistical	 analyses,	 including	

univariate	 tests	 (such	as	 t	 tests	 and	ANOVA)	and	multivariate	 analyses	 (including	PCA	and	

PLS-DA),	were	 used	 to	 identify	 significantly	 altered	metabolites	 and	metabolite	 abundance	

patterns	associated	with	resistance.		

 Metabolic	profiling	of	wild-type,	susceptible,	and	resistant	E.	coli	strains	

The	three	E.	coli	strains	–	wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	

(R)	–	were	grown	in	parallel	under	identical	bacterial	culture	conditions	to	minimise	variability.	

Five	biological	replicates	for	each	strain	were	prepared,	and	cultures	were	harvested	using	the	

adapted	 sampling	 protocol	 optimised	 for	 intracellular	 metabolite	 extraction.	 Metabolite	

extraction	was	performed	with	 the	50:50	methanol/acetonitrile	 solvent,	 and	 samples	were	

normalised	 based	 on	 total	 cell	 biomass	 (measured	 as	 OD600	 before	 treatment)	 and	 DNA	

concentration	during	AEC-MS	sample	preparation.	The	prepared	samples	were	subjected	to	

untargeted	 metabolic	 profiling	 AEC-MS	 as	 described	 in	 the	 Methods	 section	 (2.4	 Anion	

exchange	 chromatography-mass	 spectrometry	method).	 Individual	 raw	 data	 files	were	
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processed	 (See	 Sections	 2.5.1-2.5.3)	 to	 generate	 a	 data	 table	 of	 compound	 features	 and	

chromatographic	peak	areas	for	downstream	statistical	analysis.	

Metabolites	were	identified	based	on	established	criteria	 for	metabolomics.	Using	authentic	

standards	 and	 an	 in-house	 database	 containing	 retention	 times	 and	 MS/MS	 spectra,	 136	

metabolites	 were	 identified,	 including	 those	 confirmed	 to	 Level	 1	 (high	 confidence	 with	

authentic	standards)	and	Level	2	(putative	annotation	based	on	spectral	similarity	to	database	

entries).318,319	

To	evaluate	data	quality,	data	processing	involved	median	normalisation,	log	transformation,	

and	Pareto	 scaling,	minimising	 technical	 variability	while	 preserving	 biological	 differences.	

After	 scaling	 and	 transformation,	 the	 data	 followed	 a	more	 normal	 distribution,	making	 it	

suitable	for	multivariate	analysis	such	as	PCA	and	PLS-DA.	A	Kernel	plot	(Appendix	II	Figure	

II.)	was	used	to	confirm	and	illustrate	the	change	in	distribution.	

A	PCA	scores	plot	was	generated	to	visualise	metabolic	variance	between	the	strains	and	to	

check	for	sample	outliers	(Figure	3.14).	The	PCA	plot	revealed	a	distinct	separation	between	

the	 three	 strains,	 with	 no	major	 sample	 outliers.	Wild-type	 (E)	 samples	 formed	 a	 distinct	

cluster,	 separate	 from	 the	 susceptible	 (S)	 and	 resistant	 (R)	 strains,	which	 suggest	 a	 strong	

metabolic	 differences	 between	 the	 wild-type	 and	 modified	 strains.	 Notably,	 the	 metabolic	

profiles	 of	 the	 meropenem-susceptible	 (S)	 and	meropenem-resistant	 (R)	 strains	 are	 more	

closely	aligned,	indicating	that	their	metabolic	profiles	are	more	similar	than	to	the	wild-type	

(E).	The	clustering	pattern	is	consistent	with	the	introduction	of	the	pCR2.1	plasmid	in	both	

the	 S	 and	 R	 strains,	 reflecting	 metabolic	 changes	 are	 associated	 with	 these	 genetic	

modifications	in	the	absence	of	antibiotic	pressure.	
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Figure	 3.14	 PCA	 scores	 plot	 illustrating	 metabolic	 distinctions	 among	 wild-type	 (E),	
meropenem-susceptible	(S),	and	meropenem-resistant	(R)	E.	coli	strains.	The	plot	shows	the	separation	of	
metabolic	profiles	across	the	three	strains.	Wild-type	(E)	samples	(green)	form	a	distinct	cluster,	while	meropenem-
susceptible	(S)	samples	(blue)	and	meropenem-resistant	(R)samples	(red)	show	some	overlap,	indicating	similar	
metabolic	profiles.	Five	biological	replicates	are	shown	for	each	sample	group	(n=5).	PC1	and	PC2	explain	16.7%	
and	8.3%	of	the	variance,	respectively.	
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In	order	to	test	whether	samples	were	well-normalised	and	the	differences	indicated	by	the	

PCA	plot	were	the	result	of	endogenous	metabolic	changes	and	not	class	bias	resulting	from	

sample	 handling	 or	 analysis,	 an	 un-clustered	 heatmap	 was	 created	 from	 the	 full	 dataset	

(Figure	3.15).	It	was	assumed	that	endogenous	changes	in	metabolism	would	be	manifest	in	a	

minority	of	metabolite	abundance	changes	and	that	most	metabolite	abundances	would	not	be	

altered,	and	this	was	confirmed	by	the	heatmap.	No	significant	inter	or	intra-class	variation	

was	visible	in	the	heatmap	confirming	samples	and	groups	were	effectively	normalised.	

Figure	3.15	Heatmap	of	untargeted	metabolomics	data	for	wild-type	(E),	meropenem-susceptible	(S),	and	
meropenem-resistant	(R)	E.	coli	strains.	The	heatmap	shows	the	global	metabolic	profiles	of	the	three	strains.	
Each	 row	 represents	 a	metabolite,	 and	 each	 column	 corresponds	 to	 an	 individual	biological	 replicate	 (n=5	 per	
strain).	 The	 colour	 gradient	 represents	 abundance	 of	 metabolites,	 with	 blue	 indicating	 lower	 levels	 and	 red	
indicating	 higher	 levels.	 The	 heatmap	 confirms	 high	 data	 quality,	 with	 no	 major	 class	 differences	 and	
well-normalised	distribution	across	samples.	
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 Identification	of	significantly	altered	metabolites	in	E.	coli	strains	

To	identify	whether	any	metabolites	were	significantly	altered	in	abundance	between	the	three	

experimental	groups	 (wild-type,	meropenem-susceptible,	and	meropenem-resistant	E.	 coli),	

an	 ANOVA	 was	 performed	 on	 the	 metabolomics	 dataset.	 The	 analysis	 revealed	 several	

metabolites	 with	 significant	 changes	 in	 abundance	 (p	 <	 0.05,	 false	 discovery	 rate	 (FDR)	

corrected).	 The	 ANOVA	 plot	 (Figure	 3.16)	 visualised	 this,	 which	 highlighted	 a	 subset	 of	

metabolites	 that	were	 significantly	 altered	 in	 abundance	between	 the	 strains.	A	 total	 of	 81	

identified	 metabolites	 were	 significantly	 altered	 (Appendix	 II	 Table	 Appendix	 II.I).	 The	

significantly	altered	metabolites	included	nucleic	acids,	modified	amino	acids,	and	carboxylic	

acids.	 Nucleotide-related	 metabolites,	 such	 as	 deoxycytidine	 triphosphate	 (dCTP),	 cytidine	

monophosphate,	and	uridine	5’-disphosphate,	were	significantly	elevated	in	the	S	and	R	strains.	

Conversely,	uracil	was	elevated	in	the	wild-type	(E)	strain	compared	to	the	modified	strains.	

Figure	3.16		Scatter	plot	of	ANOVA	significance	for	metabolites	across	wild-type	(E),	meropenem-susceptible	
(S),	and	meropenem-resistant	 (R)	E.	 coli	 strains.	 The	plot	 illustrates	 the	 significance	 (-log	10	raw	p-value)	of	
metabolite	abundance	differences	across	the	three	strains,	plotted	against	peaks	(m/z	and	retention	time).	Each	point	
represents	a	detected	metabolite	and	the	colour	gradient	indicates	the	p-value	significance	(yellow	to	red	presenting	
increasing	significance).	Grey	points	represent	non-significant	metabolites	(p	>	0.05	after	FDR	correction).		Larger	
point	size	corresponds	to	higher	log	p-values.	The	red	circles	highlight	the	most	significantly	altered	metabolites,	with	
p-values	<	0.001,	suggesting	key	metabolic	differences	between	the	strains.			
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Significant	changes	were	also	observed	related	to	amino	acid	metabolism,	with	modified	amino	

acids	such	as	N-Acetyl-L-phenylalanine	and	N-Acetyl	tryptophan	exhibited	reduced	levels	in	

both	the	S	and	R	strains,	with	more	pronounced	decreases	in	the	meropenem-resistant	strain.	

Additionally,	 central	 carbon	 metabolites	 such	 as	 fructose	 6-phosphate	 and	

sorbitol-6-phosphate	 showed	 elevated	 levels	 in	 both	 the	 S	 and	 R	 strains,	 while	

sedoheptulose	1-phosphate	 and	 glucose	 1-phosphate	 were	 even	 higher	 in	 the	 R	 strain.	

Furthermore,	intermediates	of	the	TCA	cycle,	including	3-isopropylmalic	acid	and	isocitrate,	

displayed	 notable	 changes,	 particularly	 in	 the	 R	 strain.	 These	 observations	 highlight	

substantial	differences	in	metabolite	abundance	associated	with	the	introduction	of	the	pCR2.1	

plasmid	and	the	NDM-7	gene.	

Box	plots	 (Figure	3.17)	were	produced	 to	 illustrate	 the	 relative	abundance	changes	of	 the	

significantly	altered	metabolites	and	the	direction	of	these	changes.	The	S	strain,	which	carries	

the	pCR2.1	plasmid,	often	showed	 intermediate	metabolic	 levels	(blue	 in	Figure	3.17).	The	

resistant	 strain,	 carrying	both	 the	plasmid	and	 the	NDM-7	gene,	 showed	more	pronounced	

alterations	in	nucleotides	and	amino	acids,	indicating	further	metabolic	reprogramming	linked	

to	carbapenem	resistance.	
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	Figure	3.17	Box	plots	of	significantly	altered	metabolites	between	wild-type	(E),	meropenem-susceptible	(S),	
and	meropenem-resistant	(R)	E.	coli	strains.	The	box	plots	show	the	relative	abundance	(normalised)	of	the	top	12	
significantly	altered	metabolites	across	the	E	(green),	S	(blue),	and	R	(red)	strains.	The	metabolites	were	identified	
through	ANOVA	analysis	(p	<	0.05,	FDR	corrected)	and	 include	a	variety	of	metabolic	classes	such	as	nucleotides,	
amino	acids,	and	central	carbon	metabolism	intermediates.	
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While	changes	in	identified	metabolites	offer	valuable	insights,	the	relatively	small	number	of	

metabolites	 actually	 identified,	 means	 they	 provide	 a	 somewhat	 biased	 view	 of	 altered	

metabolism	 or	 the	 extent	 to	 which	 changes	 have	 occurred.	 Unidentified	 compounds	

(compound-features)	 measured	 by	 untargeted	 metabolomics	 are	 of	 interest,	 as	 they	

collectively	 provide	 greater	 metabolome	 coverage	 and	 may	 therefore	 represent	 broader	

insights	into	changes	at	the	whole	metabolome	level.	

In	 this	 study,	 several	 unidentified	 compound-features	 showed	 significantly	 altered	

abundances	across	the	wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	

(R)	strains.	The	top	10	most	significantly	altered	unidentified	compounds	(Figure	3.18)	were	

visualised	using	box	plots,	highlighting	distinct	abundance	profiles	between	the	strains.	For	

example,	 9.48_729.6900	 m/z	 and	 12.53_319.0960	 m/z	 displayed	 significantly	 lower	

abundance	only	in	the	S	strain,	possibly	related	to	the	insertion	of	NDM-7	gene	into	pCR2.1	

plasmid.	Since	the	wild-type	(E)	strain	lacks	this	plasmid,	and	in	the	resistant	strain,	the	NDM-7	

gene	 is	 inserted	 into	 the	 lacZ	 region	 of	 the	 plasmid,	 any	 compound	 linked	 to	 the	 region	

disrupted	by	the	insertion	of	gene	could	be	unique	to	the	S	strain.	Differences	between	the	S	

and	R	strains	may	be	due	to	presence	of	NDM-7	or	specific	 insertion	sites,	while	variations	

between	 the	 wild-type	 and	 modified	 strains	 may	 reflect	 the	 metabolic	 impact	 of	 plasmid	

carriage.	Notably,	some	compound-features,	such	as	20.99_319.0960	m/z,	showed	significant	

differences	 in	 abundance	 in	 both	 the	 S	 and	 R	 strains	 compared	 to	 the	 E	 strain,	 but	 more	

pronounced	changes	in	the	resistant	strain,	this	may	be	attributed	to	the	increasing	number	of	

resistance	factors,	possibly	linked	to	the	number	of	resistance	genes.	
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Figure	3.18	Box	plots	of	the	top	10	most	significantly	altered	unidentified	compounds	between	wild-type	(E),	
susceptible	 (S),	 and	 resistant	 (R)	 E.	 coli	 strains.	 The	 box	 plots	 show	 the	 relative	 abundance	 (normalised	
concentration)	of	the	unidentified	metabolites	across	the	E	(green),	S	(blue),	and	R	(red)	strains.	



Chapter	3	

98	
 

To	explore	the	potential	identities	of	the	most	significantly	altered	unidentified	compounds,	

their	m/z	values	were	cross-referenced	with	the	Human	Metabolome	Database	(HMDB)	and	

the	E.	coli	Metabolome	Database	(ECMDB).	Although	they	do	not	contain	direct	retention	time	

(RT)	 information,	 attempts	 were	 made	 to	 validate	 putative	 identifications	 through	 the	

literature	 and	 by	 predicting	 where	 candidate	 metabolites	 would	 be	 likely	 to	 elute	 by	

anion-exchange	chromatography.	Notably,	approximate	retention	times	for	different	chemical	

structures	can	often	be	predicted	more	reliably	in	anion-exchange	chromatography	compared	

to	other	approaches,	such	as	HILIC	due	to	the	simpler	retention	and	elution	mechanism	which	

is	based	on	strength	of	ionic	charge	interactions.201		

For	 compounds	 measured	 with	 associated	 MS/MS	 spectra	 via	 data-dependent	 acquisition	

(DDA),	 fragmentation	 patterns	 were	 compared	 to	 reference	 spectra	 in	 these	 databases	 to	

support	 identifications.	However,	 the	 low	abundance	of	many	compounds	often	 limited	 the	

clarity	of	the	fragmentation	patterns.	Despite	these	limitations,	one	potential	identification	was	

for	 compound-feature	 16.89_351.1274	 m/z,	 which	 corresponded	 to	 Amylose	 (or	 a	 sugar	

structural	isomer	of	amylose),	based	on	ECMDB	data,	although	this	could	not	be	confirmed	due	

to	the	low	abundance	in	the	complex	datasets.	

In	cases	where	corroborating	evidence	from	retention	time	and	fragmentation	patterns	was	

available,	putative	identifications	were	proposed	(Appendix	II	Table	Appendix	II.II).	Though	

level	 1	 identifications	 were	 not	 attempted.	 The	 analysis	 lays	 the	 groundwork	 for	 future	

investigation	 into	 the	 roles	 these	metabolites	 play	 in	 the	metabolic	 landscape	 of	 antibiotic	

resistance.	

 Exploring	 the	 metabolic	 phenotypes	 of	 the	 wild-type	 (E),	

meropenem-susceptible	(S),	and	meropenem-resistant	(R)	E.	coli	strains	

Univariate	 statistical	 analysis	 treats	 each	 metabolite	 as	 a	 separate	 variable	 and	 hence	 as	

independent	to	one	another.	Whilst	in	some	cases	this	may	be	true,	 in	the	majority	of	cases	

metabolites	changes	are	linked	to	others	in	metabolism.	We	know	that	metabolites	are	linked	

together	in	metabolic	pathways	and	highly	dependent	on	each	other.320	In	order	to	look	at	how	
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metabolites	may	be	linked	and	to	assess	whether	the	metabolic	profiles	of	the	wild-type	(E),	

meropenem-susceptible	 (S),	 and	meropenem-resistant	 (R)	E.	 coli	 strains	 represent	 distinct	

metabolic	phenotypes,	multivariate	statistical	approaches	were	applied,	including	hierarchical	

clustering,	 PLS-DA,	 and	 OPLS-DA	 modelling.	 These	 methods	 were	 used	 to	 explore	 the	

separation	 of	 metabolic	 profiles	 and	 to	 identify	 key	 metabolites	 driving	 the	 differences	

between	strains.	

First,	 hierarchical	 clustering	 was	 performed	 to	 examine	 how	 samples	 and	

compound-features/identified	 metabolites	 were	 clustered.	 The	 dendrogram	 (Figure	 3.19)	

shows	that	samples	in	all	three	groups	cluster	closer	to	others	within	the	same	strain	rather	

than	with	those	of	another	strain.	Interestingly,	the	S	and	R	strains,	both	containing	the	pCR2.1	

plasmid,	are	a	sub-cluster	to	the	wild-type	(E)	strain,	suggesting	that	the	introduction	of	the	

plasmid	and	subsequent	gene	expression	impacts	the	metabolic	 landscape	in	those	bacteria	

more	similarly	than	to	the	wild-type.	

	

	

	

	

	

	

	

	

Figure	3.19	Dendrogram	of	hierarchical	clustering	analysis	using	Euclidean	distance	and	Ward’s	linkage.	The	
dendrogram	shows	distinct	clustering	of	the	wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	
E.	coli	strains	based	on	their	metabolomic	profiles.	The	close	clustering	of	the	meropenem-susceptible	and	meropenem-
resistant	strains	suggests	similar	metabolic	reprogramming	between	the	two,	likely	driven	by	the	genetic	modifications	
(insertion	of	pCR2.1	plasmid).	n=5	
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The	 top	 50	most	 significantly	 altered	 compounds	 (ANOVA,	 FDR-corrected	 p-values	 <0.05)	

were	 hierarchically	 clustered	 and	 visualised	 in	 a	 heatmap	 (Figure	 3.20).	 The	 heatmap	

highlights	 a	 trend	 of	 increased	 abundance	 of	 several	 metabolites	 in	 the	

meropenem-susceptible	and	meropenem-resistant	strains	compared	to	the	wild-type	strain.	

Notably,	metabolites	involved	in	central	carbon	metabolism,	such	as	fructose	6-phosphate	and	

guanosine	 diphosphate	 (GDP),	 show	 elevated	 levels	 in	 both	 modified	 strains,	 reflecting	

substantial	 metabolic	 reprogramming	 in	 response	 to	 the	 introduction	 of	 the	 plasmid	with	

resistance	 genes	 (resistant	 to	 ampicillin	 and	 kanamycin).	 Additionally,	 several	 compounds	

displayed	strain-specific	changes,	suggesting	unique	metabolic	adaptations	in	that	strain	only.	

Figure	3.20	Hierarchically	clustered	heatmap	of	the	top	50	most	significantly	altered	metabolites	across	the	
wild-type	 (E),	 susceptible	 (S),	 and	 resistant	 (R)	 E.	 coli	 strains.	 Warmer	 colours	 (red)	 indicate	 increased	
metabolite	abundance,	while	cooler	colours	(blue)	represent	reduced	abundance.		
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To	further	investigate	the	metabolic	distinctions	between	the	strains,	PLS-DA	modelling	was	

performed.	The	scores	plot	(Figure	3.21)	displays	clear	separation	between	the	wild-type	(E),	

S,	and	R	groups,	highlighting	the	model	can	generate	distinct	metabolic	phenotypes.	

	

	

	

	

	

	

	

	

	

Despite	the	strong	visual	separation,	concerns	about	model	robustness	were	raised	based	on	

validation	metrics	of	the	model.	While	the	R2	values	were	high	across	models	with	multiple	

components	(R2	>	0.9),	indicating	a	good	fit,	the	Q2	values	were	lower	(ranging	from	0.65	to	

0.69)	and	more	than	0.2	away	from	the	R2	values.	The	gap	between	R2	and	Q2	suggests	the	

potential	for	overfitting	of	the	data,	where	the	model	captures	noise	or	variance	specific	to	this	

dataset	rather	than	generalisable	trends.	

Additionally,	cross-validation	accuracy	was	high	(up	to	0.93	for	models	with	more	than	two	

components),	 supporting	 a	 good	 fit	 to	 the	 current	 dataset.	However,	 the	 limited	predictive	

power,	reflected	in	the	Q2	values,	suggests	that	the	model	may	struggle	to	generalise	beyond	

Figure	 3.21	 PLS-DA	 scores	 plot	 for	 wild-type	 (E),	 meropenem-susceptible	 (S),	 meropenem-resistant	 (R)	
strains.	 Component	 1	 explains	 16.3%	 of	 the	 variance,	 while	 Component	 2	 accounts	 for	 7.8%.	 n=5	 for	 each	
experimental	group.	
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this	dataset.	One	potential	 reason	 for	 this	overfitting	could	be	 the	relatively	 low	number	of	

biological	 replicates,	 which	 may	 not	 be	 sufficient	 to	 capture	 the	 variability	 of	 metabolic	

responses	 across	 the	 strains.	 Figure	 3.22	 presents	 performance	 metrics	 of	 the	 model,	

indicating	 consistent	 accuracy,	 R2,	 and	Q2	 values	 across	models	with	 different	 component	

numbers.	Despite	this	consistency,	the	lower	Q2	values	highlight	the	need	for	caution	when	

interpreting	the	results.		

	

	

	

	

The	Variable	Importance	in	Projection	(VIP)	scores	(Figure	3.23)	were	used	to	identify	the	

most	influential	metabolites	contributing	to	the	separation	observed	in	the	PLS-DA	model.	The	

top-ranked	compounds	were	critical	in	driving	the	separation	between	strains,	underscoring	

the	substantial	metabolic	changes	associated	with	the	introduction	of	the	pCR2.1	plasmid	and	

NDM-7	gene.	However,	it	is	important	to	note	that	both	identified	and	unidentified	compounds	

contributed	 to	 the	 differentiation,	 reinforcing	 the	 complexity	 of	 the	 metabolic	 changes	 in	

response	to	genetic	modification.	

Figure	 3.22	 PLS-DA	 cross-validation	 details	 for	 the	 wild-type	 (E),	 meropenem-susceptible	 (S),	 and	
meropenem-resistant	 (R)	 strains.	 The	 table	 shows	 performance	 metrics	 for	 models	 with	 different	 numbers	 of	
components.	While	the	accuracy	and	R2	values	remain	high	across	all	models,	the	Q2	values	indicate	a	lower	predictive	
ability,	suggesting	the	potential	for	overfitting.	The	highest	Q2	value	observed	is	0.68621,	with	the	accuracy	stabilising	
at	0.93333	for	models	with	two	or	more	components.	 	
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OPLS-DA	was	also	performed,	a	very	similar	vector-based	multivariate	modelling	approach,	to	

see	 if	 it	could	perform	more	effectively.	The	rationale	 for	 this	approach	 lies	 in	 the	 inherent	

ability	of	OPLS-DA	to	differentiate	between	class-related	variation	(predictive	variation)	and	

unrelated	 variance	 (orthogonal	 variation),	 making	 it	 particularly	 useful	 in	 untargeted	

metabolomics	where	subtle	metabolic	changes	might	be	present	in	amongst	substantial	‘noise’	

in	 the	data.	 In	 the	 comparison	of	 the	wild-type	 stains	 (E)	 against	 either	 the	 S	 or	R	 strains,	

OPLS-DA	helped	to	better	isolate	the	effect	of	the	pCR2.1	plasmid	(present	in	both	S	and	R)	and	

the	additional	NDM-7	gene	(only	 in	R).	The	OPLS-DA	comparison	between	S	and	R	was	not	

included	due	to	their	relatively	similar	metabolic	profiles,	both	being	plasmid-bearing	strains.	

The	primary	metabolic	differences	are	likely	between	the	wild-type	strain	and	the	modified	

strains,	with	the	introduction	of	the	plasmid	and	NDM-7	gene	representing	the	most	significant	

variables.	OPLS-DA	provided	a	clearer	visualisation	of	metabolite	differences	by	focusing	on	

the	variance	directly	associated	with	those	factors.	

Figure	 3.23	VIP	 scores	 from	 the	PLS-DA	model,	 showing	 the	 top-ranking	metabolites	 contributing	 to	 the	
separation	between	wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	strains.	Higher	
VIP	 score	 indicate	 a	 stronger	 contribution	 of	 these	 metabolites	 to	 the	 observed	 group	 separation.	 The	 heatmap	
adjacent	to	the	VIP	score	represents	the	relative	abundance	of	these	metabolites	across	the	three	strains,	with	colour	
(red	high,	white	middle,	blue	low)	reflecting	the	metabolite	levels	in	each	strain.	
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The	scores	plot	for	both	E	vs.	S	(Figure	3.24	A)	and	E.	vs.	R	(Figure	3.24	B)	shows	clear	group	

separation,	reflecting	significant	metabolic	differences	between	these	strains.	The	validation	

metrics	showed	that	the	OPLS-DA	model	passed	the	permutation	tests	(Appendix	II	Figure	II.	

and	Figure	 II.),	 indicating	 that	 the	model	 separation	of	 groups	was	 statistically	 significant.	

Specifically,	for	E	vs.	S,	the	R2Y	value	was	0.999	(p	<	0.05,	0/20	permutations)	and	the	Q2	value	

was	0.91	(p	<	0.05,	0/20	permutations),	while	for	E	vs.	R,	the	R2Y	value	was	0.999	(p	<	0.05,	

0/20	permutations)	and	the	Q2	value	was	0.872	(p	<	0.05,	0/20	permutations).	These	results	

indicated	that	the	observed	group	separations	were	not	due	to	random	chance	and	provide	

confidence	 in	 the	 robustness	 of	 the	 OPLS-DA	 models.	 However,	 as	 with	 the	 PLS-DA,	 the	

validation	metrics	for	the	OPLS-DA	models	also	indicated	concerns	about	overfitting.	Although	

the	R2	values	were	high,	the	Q2	values	were	notable	lower	again	(shown	in	Appendix	II	Figure	

II.),	suggesting	that	predictive	power	of	the	model	was	limited.	The	overfitting	could	again	be	

attributed	 to	 the	 low	number	of	biological	 replicates,	which	may	not	be	 sufficient	basis	 for	

building	 a	 robust	 and	 generalisable	multivariate	model.	 Therefore,	 while	 these	 results	 are	

valuable,	further	experiments	with	a	larger	sample	size	are	needed	to	strengthen	the	validity	

of	the	findings.	

Figure	 3.24	OPLS-DA	 scores	 plots	 showing	 the	 separation	 between	A)	wild-type	 (E)	 and	 susceptible	 (S)	
strains,	and	B)	wild-type	(E)	and	resistant	(R)	strains.	Each	point	represents	an	individual	sample.	n=5	for	each	
group.	

A B 
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Both	 the	 PLS-DA	 and	 OPLS-DA	 were	 performed	 to	 explore	 the	 potential	 metabolic	 shifts	

between	 the	 wild-type,	 meropenem-susceptible,	 and	 meropenem-resistant	 strains.	 While	

these	multivariate	analyses	provided	interesting	insights	into	metabolic	changes	that	support	

differences	between	the	strains,	the	results	must	be	interpreted	with	caution	due	to	potential	

for	 overfitting	 and	 limited	 model	 validation.	 These	 data	 were	 therefore	 not	 included	 in	

interpreting	 metabolic	 differences	 between	 the	 strains,	 avoiding	 overinterpretation	 of	

potentially	 overfitted	 models.	 The	 relevant	 PLS-DA	 and	 OPLS-DA	 data,	 including	

cross-validation	 metric,	 VIP	 scores,	 and	 feature	 importance	 plots,	 are	 included	 in	 the	

Supplementary	Information	(Appendix	II	Figure	II.	-	Figure	II.).		

 Comparing	metabolic	 profiles	 independently	 between	meropenem-susceptible	

and	meropenem-resistant	strains	with	wild-type	E.	coli	control	

Having	 considered	 the	 metabolic	 changes	 associated	 with	 the	 introduction	 of	 the	 pCR2.1	

plasmid	 in	 the	 meropenem-susceptible	 strain	 (S)	 and	 additional	 NDM-7	 gene	 in	 the	

meropenem-resistant	strain	(R)	together,	they	were	next	analysed	separately.	Volcano	plots	

were	used	to	identify	significantly	altered	metabolites	and	compound-features	between	the	E	

and	 S	 strains,	 as	well	 as	 between	 the	E	 and	R	 strains.	An	FDR-corrected	p-value	 threshold	

(<	0.05)	 and	 a	 fold	 change	 (FC	 >	 2)	 was	 applied	 to	 identify	 significant	 altered	

compound-features	of	interest.	

Volcano	plots,	presented	in	Figure	3.25	and	Figure	3.26,	visually	illustrate	the	differentially	

regulated	metabolites	and	compound-features.	Significant	up-regulated	and	down-regulated	

metabolites	are	highlighted,	providing	insight	into	shared	and	distinct	metabolic	adaptations	

in	 the	 S	 and	 R	 strains.	 The	 strain	 R	 exhibited	 more	 extensive	 metabolic	 reprogramming	

compared	to	the	strain	S,	as	evidenced	by	the	higher	number	of	significantly	altered	features.	



Chapter	3	

106	
 

	

E vs. R 

Figure	 3.26	 Volcano	 plot	 comparing	 the	metabolic	 profiles	 between	 the	 wild-type	 (E)	 and	 resistant	 (R)	
strains.	 The	 x-axis	represents	 the	 log2	FC	of	metabolite	abundance,	while	 y-axis	shows	 the	 -log10	 (p-values)	 for	
significance.	 Significantly	 up-regulated	 metabolites	 (positive	 log2FC)	 are	 displayed	 in	 red,	 and	 down-regulated	
metabolites	 (negative	 log2FC)	 in	 blue.	 The	 size	 of	 the	 points	 corresponds	 to	 the	 p-value,	 with	 larger	 points	
representing	more	significant	changes.	Identified	metabolites	are	labelled	by	their	mass-to-charge	ratio	(m/z).	FDR-
corrected	p-value	threshold	of	<	0.05	and	FC	>	2	was	applied.	

E vs. S 

Figure	3.25	Volcano	plot	comparing	the	metabolic	profiles	between	the	wild-type	(E)	and	susceptible	(S)	
strains.	The	x-axis	represents	the	log2	FC	of	metabolite	abundance,	while	y-axis	shows	the	-log10	(p-values)	for	
significance.	Significantly	up-regulated	metabolites	(positive	 log2FC)	are	displayed	 in	red,	and	down-regulated	
metabolites	 (negative	 log2FC)	 in	 blue.	 The	 size	 of	 the	 points	 corresponds	 to	 the	 p-value,	 with	 larger	 points	
representing	more	significant	changes.	Identified	metabolites	are	labelled	by	their	mass-to-charge	ratio	(m/z).	
FDR-corrected	p-value	threshold	of	<	0.05	and	FC	>	2	was	applied.	
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The	overall	comparison	between	the	strains	revealed	substantial	metabolic	reprogramming	in	

both	 the	 S	 and	 R	 strains	 compared	 to	 the	 wild-type.	 In	 the	 E	 vs.	 S	 comparison.	 118	

compound-features	 were	 down-regulated	 248	 were	 up-regulated,	 and	 3355	 were	

non-significant.	In	the	E	vs.	R	comparison,	207	compound-features	were	down-regulated,	370	

were	up-regulated,	and	3146	were	non-significant.	

Analysis	of	the	identified	metabolites	across	both	comparisons,	revealed	significant	differences	

in	metabolic	profile.	In	the	E	vs.	S	comparison,	12	metabolites	were	down-regulated,	18	were	

up-regulated,	while	 99	metabolites	 showed	no	 significant	 changes.	 Similarly,	 in	 the	E	 vs.	R	

comparison,	 13	 metabolites	 were	 down-regulated	 and	 22	 were	 up-regulated,	 with	 94	

non-significant.		

To	further	explore	these	metabolic	differences,	a	comparative	table	(Table	3.8)	was	generated	

summarising	the	key	identified	metabolites,	including	their	fold	changes	and	p-values.	These	

results	 indicate	 both	 common	 metabolic	 changes	 related	 to	 plasmid	 introduction	 and	

additional	unique	changes	associated	with	 the	presence	of	 the	NDM-7	gene	 in	 the	resistant	

strain.	Metabolites	 such	as	 fructose	6-phosphate,	 ribulose	5-phosphate,	 and	 isocitrate	were	

significantly	 altered	 in	 both	 comparisons,	 indicating	 broad	 disruption	 of	 energy	 and	

biosynthesis	 pathways.	 Conversely,	 some	 metabolites	 showed	 unique	 responses	 in	 one	

comparison	but	not	the	other,	reflecting	some	distinct	metabolic	effects	of	the	NDM-7	gene	in	

the	resistant	strain.		

For	example,	acetylphosphate,	showed	significant	changes	in	the	E	vs.	S	comparison	but	not	in	

E	 vs.	 R,	 suggesting	 that	 the	 introduction	 of	 NDM-7	 gene	 may	 introduce	 further	 metabolic	

demands.	The	lack	of	significant	changes	in	acetylphosphate	levels	in	the	E	vs.	R	comparison	

could	 be	 associated	 with	 shared	 metabolic	 features	 or	 disruptions	 between	 these	 strains,	

potentially	linked	to	the	insertion	of	the	NDM-7	gene	into	the	lacZ	region	in	the	pCR2.1	plasmid	

of	the	resistant	strain.	As	the	lacZ	region	is	absent	in	E	(no	plasmid)	and	disrupted	in	R	(NDM-7	

inserted	in	lacZ),	this	shared	feature	could	reduce	the	differential	metabolic	impact	compared	

to	 the	 S	 strain,	 where	 the	 lacZ	 region	 remains	 intact.	 Additionally,	 acetylphosphate	 is	 a	
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high-energy	 intermediate	 involved	 in	 central	metabolism,	 linking	energy	production,	 signal	

transduction,	and	the	regulation	of	acetyl-CoA	levels.321	

Table	3.8	Comparative	analysis	of	key	identified	metabolites	significantly	altered	between	the	wild-type	(E),	
meropenem	susceptible	(S),	and	meropenem	resistant	(R)	strains.	The	table	includes	FC	and	p-values	for	E	vs.	S	
and	E	vs.	R	comparisons,	highlighting	shared	and	distinct	metabolic	changes.	Metabolites	are	grouped	based	on	their	
related	metabolic	pathways.	
	

FC	
E	vs	S	

p	value	
E	vs	S	

FC	
E	vs	R	

p	value	
E	vs	R	

Related	Pathway	

Fructose	6-phosphate	 3.9378	 5.70E-05	 2.764	 1.22E-05	 Central	Carbon	Metabolism		
-	glycolysis	

Fructose	2,6	
diphosphate	

2.8691	 0.004123	 N/A	 N/A	 Central	Carbon	Metabolism		
-	glycolysis	

2,3-Diphosphoglyceric	
acid	

4.5785	 0.0042776	 N/A	 N/A	 Central	Carbon	Metabolism		
-	glycolysis	

Glucose	1-phosphate	 2.0587		 0.0004829	 2.9346		 1.20E-05	 Central	Carbon	Metabolism		
-	 glycolysis/glycogen	
metabolism	

Ribulose	5-phosphate	 0.42157	 0.0032098	 N/A	 N/A	 Central	Carbon	Metabolism		
-	 pentose	 phosphate	
pathway	

Sedoheptulose	1-
phosphate	

3.2591	 0.0009522
3	

5.0431		 0.0002434
5	

Central	Carbon	Metabolism		
-	 pentose	 phosphate	
pathway	

6-phosphonoglucono-
lactone	

N/A	 N/A	 2.0653		 0.038516	 Central	Carbon	Metabolism		
-	 pentose	 phosphate	
pathway	

Isocitrate		 0.43137	 0.0045208	 0.2889		 0.0002407
4	

Central	Carbon	Metabolism		
-	TCA	Cycle	

Acetylphosphate	 5.8192	 0.033068	 N/A	 N/A	 Central	Carbon	Metabolism		
-	glycolysis/TCA	Cycle	

N-acetylneuraminic	acid	
(new)	

4.7629	 0.0015593	 4.0714		 0.0008462
3	

Sugar	Metabolism	

Sorbitol-6-phosphate	 N/A	 N/A	 2.5115	 1.22E-05	 Sugar	Metabolism	
Glucuronic	acid	 0.41763	 0.0023267	 0.46451	 0.0017748	 Carbohydrate	Metabolism	
UDP-galactose	 2.4444	 0.029271	 3.5008	 0.0027389	 Carbohydrate	Metabolism	
Guanosine	diphosphate	
(GDP)	

5.6375	 0.0002676	 6.0426		 3.56E-05	 Nucleotide	Metabolism	

Cytidine	triphosphate	 3.7902	 0.001073	 3.675	 0.0002407
4	

Nucleotide	Metabolism	

Thymidine	triphosphate	 N/A	 N/A	 2.4874	 0.0006604
8	

Nucleotide	Metabolism	

Uridine	5'-diphosphate	 N/A	 N/A	 3.0705	 0.0003063
4	

Nucleotide	Metabolism	

Adenosine	2',3'-cyclic	
phosphate	

N/A	 N/A	 0.44342		 0.0008462
3	

Nucleotide	Metabolism	

dCTP	 6.9388		 0.0005952
8	

6.3773		 0.0002636
3	

Nucleotide	Metabolism		
-	pyrimidine	metabolism	

Uracil	 0.20173		 0.0006941
7	

0.15686	 2.82E-05	 Nucleotide	Metabolism		
-	pyrimidine	metabolism	

Cytidine	
monophosphate	

2.0982		 0.0005952
8	

2.0442		 6.96E-05	 Nucleotide	Metabolism		
-	pyrimidine	metabolism	

Thymine	 0.31742		 0.0005952
8	

0.37241		 0.0001178
8	

Nucleotide	Metabolism		
-	pyrimidine	metabolism	

Uridine	5'-
monophosphate	

N/A	 N/A	 2.1043		 0.0020321	 Nucleotide	Metabolism		
-	pyrimidine	metabolism	

dGDP	 2.7047		 0.0037618	 3.0831		 0.0008255	 Nucleotide	Metabolism		
-	purine	metabolism	

Succinyl-Homoserine		 11.341		 0.039965	 59.912		 5.42E-07	 Amino	Acid	Metabolism		
-	TCA	cycle	



Chapter	3	

109	
 

Maleamate		 9.2516		 0.0033655	 8.3938		 0.0024679	 Amino	Acid	Metabolisms		
-	nitrogen	metabolism	

N-Acetyl-L-
phenylalanine	

0.46809	 0.0035397	 0.26783	 0.0001847
5	

Amino	Acid	Metabolism	

N-Acetyl-L-methionine	 0.49878	 0.010588	 0.38919	 0.0008462
3	

Amino	Acid	Metabolism	

N-Acetyltryptophan	 0.18029	 0.029271	 0.008700
2	

3.74E-07	 Amino	Acid	Metabolism	

N-
Acetylaspartylglutamic	
acid	

0.31997	 0.0058516	 0.016677		 0.0043883	 Amino	Acid	Metabolism	

N-Acetylvaline	 N/A	 N/A	 0.4273		 0.0003063
4	

Amino	Acid	Metabolism	

3-Methyl-2-oxovaleric	
acid	

2.3712		 0.011295	 2.6072		 0.0074134	 Amino	Acid	Metabolism	

Pyroglutamic	acid	 2.4165	 0.0033252	 2.2536	 0.0086263	 Amino	Acid	Metabolism	
Hippuric	acid	 0.27403	 0.0032098	 0.11714		 4.44E-05	 Miscellaneous	Organic	Acids		

-	detox	
Galactaric	acid	(mucic	
acid)	

0.26702		 0.004123	 0.07052	
	 	

2.08E-06	 Miscellaneous	Organic	Acids		
-	carbohydrate	metabolism	

Ureidopropionic	acid	 N/A	 N/A	 3.8186		 0.040431	 Miscellaneous	Organic	Acids		
-	 purine	 and	 pyrimidine	
metabolism	

AICAR		 10.63	 0.0044929	 16.88		 0.0020321	 Miscellaneous	Organic	Acids		
-	 purine	 and	 energy	
metabolism	

3-isopropylmalic	acid	 0.40842	 0.0006941
7	

0.17848		 9.25E-06	 Miscellaneous	Organic	Acids		
-	Leucine	Biosynthesis	

The	table	summarises	the	identified	metabolites	that	were	identified	as	consistently	disrupted	

across	both	comparisons,	reflecting	changes	in	their	abundance.	For	example,	GDP	is	markedly	

elevated	in	the	resistant	strain,	which	may	indicate	enhanced	nucleotide	turnover	to	support	

increased	cellular	repair	or	replication	mechanisms.	Similarly,	significant	 increases	 in	dCTP	

and	deoxyguanosine	diphosphate	(dGDP)	align	with	the	heightened	need	for	DNA	synthesis	

and	repair	activities,	likely	contributing	to	the	resistance	phenotype.	These	changes	underline	

the	 central	 role	 of	 nucleotide	 metabolism	 in	 the	 metabolic	 adaptations	 observed	 in	 the	

resistant	strain.	

Other	 metabolites,	 such	 as	 fructose	 6-phosphate	 and	 fructose	 2,6-diphosphate,	 show	

substantial	 changes	 in	 abundance,	 pointing	 to	 disruptions	 in	 glycolytic	 flux.	 These	 changes	

likely	reflect	metabolic	adjustments	needed	to	maintain	energy	production	under	stress.	The	

dramatic	 elevation	 of	 succinyl-homoserine	 in	 the	 meropenem-resistant	 strain	 suggests	 its	

potential	 involvement	 in	 amino	 acid	 metabolism	 and	 its	 connection	 to	 the	 TCA	 cycle,	

suggesting	a	possible	role	in	supporting	biosynthetic	demands.	
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These	 observations	 focus	 on	 specific	 metabolite	 changes	 rather	 than	 general	 pathways,	

providing	 insights	 into	 how	 individual	 metabolites	 changes	 contribute	 to	 the	 metabolic	

landscape	of	NDM-7	mediated	antibiotic	resistance	in	E.	coli.	The	emphasis	on	specific	features	

such	as	fold	changes	and	strain	differences	help	to	unravel	the	intricate	roles	these	metabolites	

play	in	mediating	resistance	mechanisms.			

In	 conclusion,	 the	 combination	 of	 volcano	 plots	 and	 the	 comparative	 table	 offers	 a	

comprehensive	 overview	 of	 the	 significant	 metabolic	 changes	 between	 the	 strains.	 These	

findings	illustrated	both	common	and	strain-specific	metabolic	adaptations	following	plasmid	

introduction	and	antibiotic	resistance	gene	acquisition.	

 Functional	 analysis	 of	 altered	 metabolism	 in	 meropenem	 susceptible	 and	

resistant	E.	coli	strains	

Altered	 metabolite	 abundances	 (information	 from	 univariate	 statistical	 analysis)	 and	

correlations	 and	 patterns	 between	 these	 abundance	 changes	 (derived	 from	 multivariate	

statistical	models)	described	so	far	suggest	changes	in	metabolism	but	do	not	reveal	how	this	

may	be	occurring	at	a	 functional	 level.	To	explore	the	functional	differences	between	in	the	

meropenem-susceptible	and	meropenem-resistant	strains,	untargeted	pathway	analysis	was	

performed.	The	analysis	compared	the	S	and	R	strains	to	the	E.	coli	control	(E).	The	goal	was	to	

identify	which	metabolic	pathways	were	significantly	impacted	due	to	the	introduction	of	the	

pCR2.1	plasmid	in	the	S	strain	and	the	additional	presence	of	the	NDM-7	gene	in	the	R	strain.	

There	are	number	of	different	approaches	 that	can	be	used	 for	metabolic	pathway	analysis	

(also	known	as	‘functional	analysis’).		Functional	analysis	maps	the	identified	(or	in	some	cases	

unidentified)	 metabolites	 to	 known	 metabolic	 pathways	 in	 the	 organism	 of	 interest	 and	

provides	 a	 statistical	 framework	 to	 determine	 the	 significance	 of	 pathway	 alterations.	 The	

significance	is	calculated	based	on	the	magnitude	of	change	and	the	statistical	relevance	of	the	

individual	mapped	metabolites.320,322	

Untargeted	 functional	 pathway	 analysis,	 such	 as	 that	 implemented	 by	 the	 mummichog	

algorithm	in	MetaboAnalyst,	enables	pathway-level	insights	without	requiring	comprehensive	



Chapter	3	

111	
 

metabolite	identification.	Instead,	it	uses	m/z	values	directly	to	generate	putative	metabolite	

IDs,	incorporating	retention	time	information	to	refine	adduct	assignments.323	The	algorithm	

identifies	pathways	by	 evaluating	how	well	 the	putative	metabolite	matches	 cohere	within	

known	metabolic	networks.324,325	Metabolites	that	map	sensibly	to	a	single	pathway	and	show	

significant	 enrichment	 are	 given	 higher	 weighting,	 while	 matches	 that	 are	 randomly	

distributed	 across	 multiple	 pathways	 are	 deprioritized.	 As	 a	 result,	 the	 algorithm	 to	 infer	

functional	changes	 in	metabolic	pathways	even	when	the	exact	metabolite	 identity	remains	

uncertain.	

By	 integrating	 statistical	 models	 with	 pathway	 topology,	 mummichog	 provides	 a	 robust	

framework	 for	 functional	 analysis,	 identifying	 biologically	 relevant	 pathways	 that	 may	 be	

disrupted	under	experimental	conditions.	The	approach	enables	researchers	to	gain	insights	

into	the	broader	functional	implications	of	metabolite	changes,	linking	observed	alterations	to	

specific	metabolic	processes.	The	results	can	be	visualised	through	bubble	plots	which	provide	

an	estimate	of	the	enrichment	and	significance	of	individual	Kyoto	Encyclopedia	of	Genes	and	

Genomes	(KEGG)	pathways.326,327		

Untargeted	Pathways	Analysis	 (using	MetaboAnalyst)	was	 performed	using	 the	 untargeted	

datasets	 to	 compare	 the	 wild-type	 (E)	 vs.	 meropenem-susceptible	 (S)	 and	 wild-type	 vs.	

meropenem-resistant	 (R)	 separately.	 These	 analyses	 identified	 four	 significantly	 altered	

pathways	(pFisher	<	0.05)	 in	the	E	vs.	S	comparison	and	six	 in	the	E	vs.	R	comparison.	The	

results	are	presented	as	ranked	list	of	predicted	altered	pathways	(Table	3.9	and	Table	3.10)	

and	visualised	using	bubble	plots	Figure	3.27	and	Figure	3.28.	
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E vs. S 

Figure	 3.27	 Pathway	 enrichment	 analysis	 for	 metabolic	 changes	 between	 the	 wild-type	 (E)	 and	
meropenem-susceptible	strain	(S).	The	plot	highlights	the	most	significantly	altered	metabolic	pathways	between	
the	wild-type	(E)	and	susceptible	strain	(S).	The	y-axis	represents	pathway	impact	based	on	topology	analysis,	while	
the	 x-axis	 indicates	 pathway	 enrichment.	 Bubble	 colour	 intensity	 reflects	 the	 significance	 of	 the	 pathways	 (red	
indicating	higher	statistical	significance),	and	bubble	size	indicates	the	pathway	impact.	This	visualisation	provides	
insight	into	the	pathways	most	affected	by	the	introduction	of	the	pCR2.1	plasmid.	
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Table	 3.9	 Functional	 analysis	of	metabolic	pathways	between	wild-type	 (E)	 and	meropenem	 susceptible	
strain	(S).	This	table	presents	the	results	of	 functional	analysis,	highlighting	most	significantly	altered	metabolic	
pathways	affected	by	the	presence	of	pCR2.1	plasmid.	The	columns	include	the	total	number	of	compounds	in	each	
pathway	(Total),	the	number	of	all	detected	hits	(Hits	(all)),	the	number	of	significant	hits	(Hits	(sig.)),	the	expected	
number	of	hits	based	on	random	distribution	(Expected),	and	statistical	significance	values	from	Fisher’s	exact	test	
(P(Fisher))	and	gamma	distribution-based	analysis	(P(Gamma)).	



Chapter	3	

114	
 

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

E vs. R 

Figure	 3.28	 Pathway	 enrichment	 analysis	 for	 metabolic	 changes	 between	 the	 wild-type	 (E)	 and	
meropenem-resistant	strains	(R).	The	plot	highlights	the	most	significantly	altered	metabolic	pathways	between	
the	wild-type	(E)	and	resistant	strain	(R).	The	y-axis	represents	pathway	impact	based	on	topology	analysis,	while	the	
x-axis	indicates	pathway	enrichment.	Bubble	colour	intensity	reflects	the	significance	of	the	pathways	(red	indicating	
higher	statistical	significance),	and	bubble	size	indicates	the	pathway	impact.	This	representation	highlights	the	key	
metabolic	pathways	altered	due	to	the	expression	of	the	NDM-7	gene	in	the	resistant	strain.	
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In	the	comparison	between	the	wild-type	and	meropenem-susceptible	strain	(E	vs.	S),	the	most	

significantly	 altered	 pathway	 was	 peptidoglycan	 biosynthesis.	 Altered	 peptidoglycan	

biosynthesis	aligns	with	the	presence	of	plasmid	pCR2.1,	which	confers	resistance	to	ampicillin	

(a	β-lactam	antibiotic	known	to	target	cell	wall	synthesis).	The	observation	could	suggest	that	

the	metabolic	shifts	in	the	meropenem-susceptible	strain	may	be	partly	driven	by	adaptations	

related	to	resistance	mechanism	of	the	plasmid.	Additionally,	multiple	pathways	involved	in	

nucleotide	biosynthesis	(purine	and	pyrimidine	metabolism),	were	also	significantly	altered,	

which	may	reflect	broader	metabolic	demands	introduced	by	plasmid	expression.	

In	the	comparison	between	the	wild-type	and	meropenem-resistant	strain	(E	vs.	R),	we	see	

some	 similar	 but	 also	 additional	 changes	 in	 metabolic	 pathways.	 Pyrimidine	 and	 purine	

metabolism	 were	 again	 altered,	 along	 with	 unique	 changes	 in	 histidine	 metabolism	 and	

O-antigen	 nucleotide	 sugar	 biosynthesis.	 The	 inclusion	 of	 the	 NDM-7	 gene	 likely	 induced	

additional	 metabolic	 demands	 on	 the	 R	 strain,	 particularly	 in	 energy	 metabolism	 and	

Table	3.10	Functional	analysis	of	metabolic	pathways	between	wild-type	(E)	and	meropenem-resistant	(R)	
strains.	 This	 table	 summarizes	 the	 pathway	 enrichment	 analysis	 results,	 highlighting	 the	 metabolic	 pathways	
impacted	by	the	presence	of	the	pCR2.1	plasmid	and	NDM-7	gene	in	E.	coli.	The	columns	include	the	total	number	of	
compounds	in	each	pathway	(Total),	the	number	of	all	detected	hits	(Hits	(all)),	the	number	of	significant	hits	(Hits	
(sig.)),	the	expected	number	of	hits	based	on	random	distribution	(Expected),	and	statistical	significance	values	from	
Fisher’s	exact	test	(P(Fisher))	and	gamma	distribution-based	analysis	(P(Gamma)).	
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nucleotide	 turnover.	 Changes	 in	 pathways	 such	 as	 nucleotide	 biosynthesis	 and	 nucleotide	

sugar	metabolism	suggest	potential	metabolic	adaptations.	These	adaptations	may	reflect	the	

efforts	 of	 the	 strain	 to	 meet	 the	 increased	 demand	 for	 precursors	 required	 for	 plasmid	

maintenance	 and	 resistance	 gene	 expression.	 Such	metabolic	 shifts	may	 be	 critical	 for	 the	

ability	 of	 the	 strain	 to	 survive	 and	 function	 under	 antibiotic	 pressure.	 However,	 it	 is	 also	

important	to	consider	the	limitations	of	this	model,	as	the	observed	changes	may	not	solely	

reflect	adaptive	responses	to	resistance	but	could	also	arise	due	to	the	artificial	introduction	of	

a	 foreign	 plasmid.	 The	 metabolic	 burden	 associated	 with	 plasmid	 carriage,	 rather	 than	

meropenem	resistance	alone,	may	have	contributed	to	some	of	the	observed	differences.	

 Metabolic	 impact	 of	 NDM-7	 expression	 in	 E.	 coli;	 comparison	 between	

meropenem	susceptible	(S)	and	meropenem-resistant	(R)	strains	

Understanding	the	specific	metabolic	demands	of	the	NDM-7	gene	is	best	achieved	without	the	

added	complexity	of	plasmid	expression	effects.	In	Sections	3.4.1	to	3.4.5	it	was	demonstrated	

that	 the	 introduction	of	 the	pCR2.1	plasmid	alone	 imposes	metabolic	demands	on	the	cells,	

including	 changes	 in	 nucleotide	 metabolism.	 To	 isolate	 the	 effects	 of	 the	 NDM-7	 gene	

specifically,	 a	 metabolic	 comparison	 between	 the	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	 (R)	 strains	was	performed.	While	both	 strains	harboured	 the	pCR2.1	

plasmid,	 only	 the	 resistant	 strain	 (R)	 carried	 the	 additional	 NDM-7	 gene	 responsible	 for	

carbapenem	resistance.	The	design	controlled	for	the	metabolic	impact	of	plasmid	insertion	in	

order	to	highlight	the	specific	effects	that	may	have	been	introduced	by	the	NDM-7	gene	alone.	

The	 clustered	 heatmap	 of	 the	 top	 50	 all	 features	 (Figure	 3.29)	 showed	 clear	 differential	

compound-feature	and	identified	metabolite	expression	between	S	and	R	strains,	with	distinct	

upregulation	and	downregulation	patterns	observed	in	the	meropenem	resistant	strain.	These	

shifts	suggest	a	pattern	of	metabolite	changes	in	the	presence	of	the	NDM-7	resistance	gene,	

which	 accompany	 the	 antibiotic	 resistance	mechanism.	 Notably,	metabolites	 such	 as	 cyclic	

AMP	and	3-isopropylmalate	showed	significant	alterations.		
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The	volcano	plot	(Figure	3.30)	provided	a	detailed	overview	of	the	differentially	expressed	

metabolites	between	the	S	and	R	strains.	A	total	of	25	compound-features	were	downregulated,	

49	 were	 upregulated,	 and	 3642	 were	 non-significant.	 The	 comparison	 revealed	 fewer	

significant	changes	in	comparison	to	the	comparisons	with	wild-type	(E)	strain,	likely	due	to	

the	genetic	similarities	between	S	and	R	strains,	including	shared	resistance	to	kanamycin	and	

ampicillin.	 Nevertheless,	 the	 data	 indicated	 specific	 metabolite	 shifts	 driven	 by	 NDM-7	

Figure	3.29	Clustered	heatmap	of	differential	metabolite	expression	between	meropenem-susceptible	(S)	and	
meropenem-resistant	 (R)	 E.	 coli	 strains.	 The	 heatmap	 displays	 the	 relative	 abundance	 of	 the	 top	 50	 most	
differential	 compound-features	 in	 susceptible	 (S_0)	and	 resistant	 (R_0)	E.	 coli	 strains.	 Rows	 represent	 individual	
metabolites,	while	columns	represent	biological	replicates	of	each	strain	type.	Red	and	blue	colours	indicate	higher	
and	 lower	relative	metabolite	abundance,	respectively.	The	clear	contrast	between	S_0	and	R_0	samples	 illustrate	
significant	metabolic	reprogramming	due	to	NDM-7	expression.	
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expression,	 highlighting	 metabolic	 changes	 that	 were	 associated	 with	 NDM-7	 mediated	

resistance.	

	

	

	

	

	

	

	

	

	

	

	

	

	

The	boxplots	(Figure	3.31)	illustrate	significantly	altered-identified	metabolites.	For	instance,	

cyclic	 AMP,	 a	 critical	 signalling	molecule,	was	markedly	 decreased	 in	 the	 R	 strain,	 a	 trend	

consistent	across	replicates.	However,	cyclic	AMP	was	not	found	to	be	significantly	altered	in	

the	comparisons	of	the	susceptible	and	resistant	with	wild	type	(E)	strain,	suggesting	that	the	

difference	observed	here	may	be	closely	tied	to	the	expression	of	NDM-7	gene.	Another	key	

metabolite,	3-isopropylmalic	acid,	was	identified	as	significantly	altered	across	both	the	S	and	

R	strains	compared	 to	E	strain,	 indicating	 that	 it	 is	not	 likely	 to	be	a	direct	consequence	of	

NDM-7	expression	but	perhaps	more	reflective	of	shared	resistance	mechanisms	present	 in	

both	S	and	R	strains.	Such	metabolite	plays	a	role	in	leucine	biosynthesis,	which	could	be	linked	

to	resistance	adaptation.328,329		

Figure	3.30	Volcano	Plot	Showing	Differentially	Expressed	Metabolites	Between	Susceptible	(S)	and	Resistant	
(R)	E.	coli	Strains.	The	volcano	plot	depicts	the	 log2	fold	change	 in	metabolite	abundance	versus	the	 -log	p-value	
between	 S_0	 and	 R_0	 strains.	 Metabolites	 with	 significant	 changes	 (p	 <	 0.05)	 are	 highlighted,	with	 upregulated	
metabolites	in	R_0	shown	on	the	right	and	downregulated	metabolites	on	the	left.		
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Functional	pathways	analysis	(Figure	3.32)	revealed	several	metabolic	pathways	that	were	

significantly	 altered	between	 the	meropenem-susceptible	 (S)	 and	meropenem-resistant	 (R)	

strains.	 Interestingly,	 the	 R	 strain	 exhibited	 changes	 in	 pyrimidine	 metabolism,	 galactose	

metabolism,	pentose	phosphate	pathway,	amino	sugar	and	nucleotide	sugar	metabolism,	and	

fructose	 and	 mannose	 metabolism	 (Table	 3.11).	 These	 pathways	 imply	 a	 metabolic	

reprogramming	in	response	to	the	expression	of	the	NDM-7	gene	and	focus	more	heavily	on	

pathways	involved	in	energy	metabolism.	For	example,	the	alteration	in	the	pentose	phosphate	

pathway	indicates	shifts	in	cellular	redox	balance	and	biosynthesis	of	nucleotides	and	amino	

acids,	 further	supporting	the	adaptation	to	oxidative	stress.	Alterations	in	the	galactose	and	

fructose/mannose	metabolism	point	to	changes	in	sugar	metabolism,	possibly	compensating	

Figure	3.31	Boxplots	of	Normalised	compound	in	meropenem-Susceptible	(S)	and	Resistant	(R)	E.	coli	Strains.	
Top	5	most	significantly	altered	identified	metabolites.		
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for	the	energy	and	biosynthetic	demands	associated	with	carbapenem	resistance.	Pyrimidine	

metabolism	 was	 significantly	 altered	 (as	 observed	 in	 other	 comparisons),	 suggested	 an	

additional	effect	on	nucleotide	synthesis	associated	with	the	expression	of	the	NDM-7	gene.	

The	 alteration	 may	 reflect	 increased	 demands	 for	 DNA	 repair	 and	 replication,	 potentially	

driven	by	the	metabolic	requirements	of	carbapenem	resistance.	

Figure	3.32	Functional	analysis	for	metabolic	changes	between	the	meropenem-susceptible	strain	(S)	and	
meropenem-resistant	strain	(R).	The	plot	highlights	the	most	significantly	altered	metabolic	pathways	between	
the	meropenem-susceptible	(S)	and	meropenem-resistant	(R)	strains.	The	y-axis	represents	pathway	impact	based	on	
topology	analysis,	while	 the	 x-axis	 indicates	 pathway	 enrichment.	 Bubble	 colour	 intensity	 reflects	 the	 statistical	
significance	of	the	pathways	(red	indicating	higher	significance),	and	bubble	size	represents	the	pathway	impact.	This	
analysis	provides	 insights	 into	the	metabolic	pathways	most	affected	by	the	expression	of	 the	NDM-7	gene	 in	the	
resistant	strain.	

S vs. R 



Chapter	3	

121	
 

The	observed	changes	in	individual	metabolite	abundances	and	metabolic	pathways	provide	

evidence	that	NDM-7	expression	may	impact	not	only	antibiotic	resistance	but	also	impacts	

fundamental	 cellular	 processes,	 including	 energy	metabolism.	 These	metabolic	 adaptations	

could	enable	 the	meropenem-resistant	strain	 to	better	manage	stress	and	maintain	cellular	

function	 in	 the	 presence	 of	 carbapenem	 antibiotics,	 such	 as	 meropenem.	 Additionally,	 the	

significant	 shifts	 in	 energy-related	 metabolites	 may	 suggest	 that	 the	 resistant	 strain	

experiences	 increased	 energy	 demands,	 potentially	 reflecting	 the	 metabolic	 cost	 of	

maintaining	resistance	mechanisms	and	adaptive	responses	under	antibiotic	pressure.	

 Discussion	of	the	untargeted	metabolomics	results		
	
Untargeted	metabolomics	has	provided	evidence	that	the	introduction	of	the	pCR2.1	plasmid	

and	the	NDM-7	gene	reprogram	the	metabolic	 landscape	 in	E.	coli	 strains	 in	 the	absence	of	

antibiotic	pressure.	Untargeted	metabolomics	allowed	for	comprehensive	view	of	how	plasmid	

acquisition	and	carbapenem	resistance	influence	core	metabolic	pathways.	

Table	 3.11	 Results	 of	 functional	 analysis	 of	metabolic	 pathways	 between	meropenem-susceptible	 (S)	 and	
meropenem-resistant	(R)	strain.	The	table	summarises	the	functional	analysis,	listing	the	total	number	of	compounds	
in	each	pathway,	the	number	of	hits	(both	all	compounds	and	significant	compounds),	and	the	expected	number	of	hits	
based	on	random	distribution.	The	statistical	significance	of	pathway	enrichment	is	represented	by	p-values	derives	
from	 Fisher’s	 exact	 test	 (P(fisher))	 and	 gamma	 distribution-based	 analysis	 (P(Gamma)).	 Pathways	 with	 notable	
changes	include	pyrimidine	metabolism,	pentose	phosphate	pathway,	and	galactose	metabolism,	suggesting	metabolic	
reprogramming	associated	with	carbapenem	resistance.	
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The	 PCA	 and	 hierarchical	 clustering	 revealed	 distinct	 metabolic	 phenotypes	 between	 the	

wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	strains.	The	E	strain	

exhibited	a	unique	metabolic	profile	compared	 to	 the	plasmid-bearing	strains	 (S	and	R),	as	

evidenced	by	the	clustering	pattern	that	separated	the	E	strain	from	the	other	two	strains.	The	

finding	 indicates	 that	 the	 introduction	 of	 the	 pCR2.1	 plasmid	 was	 sufficient	 to	 induce	

significant	metabolic	shifts.	The	S	and	R	strains	exhibited	more	similarity	to	each	other,	largely	

because	they	both	harboured	the	plasmid,	but	the	meropenem-resistant	strain	(R),	containing	

the	additional	NDM-7	gene,	displayed	further	metabolic	divergence.	

The	metabolic	shifts	observed	in	the	S	strain	compared	to	the	E	strain	were	primarily	linked	to	

the	presence	of	 the	pCR2.1	plasmid,	which	 confers	 resistance	 to	ampicillin	and	kanamycin.	

These	 changes	 included	 significant	 alterations	 in	 peptidoglycan	 biosynthesis,	 reflecting	

adaptations	 to	 the	 β-lactam	 antibiotic	 resistance	 mechanism	 of	 ampicillin.	 Additionally,	

pyrimidine	metabolism,	lipopolysaccharide	biosynthesis,	vitamin	B6	metabolism,	and	purine	

metabolism	were	significantly	impacted	in	the	S	strain	compared	to	E	strain.	These	alterations	

suggest	 that	 the	 introduction	 of	 the	 plasmid	 alone	 imposes	metabolic	 demands	 related	 to	

nucleotide	biosynthesis,	cell	wall	structure,	and	cofactor	metabolism,	even	in	the	absence	of	

antibiotic	stress.	

In	 the	 comparison	 between	 the	wild-type	 (E)	 and	meropenem-resistant	 (R)	 strains,	which	

harboured	 both	 the	 pCR2.1	 plasmid	 and	 the	 NDM-7	 gene,	 more	 profound	 metabolic	

reprogramming	was	evident.	Altered	pathways	in	the	R	strain	included	pyrimidine	metabolism,	

histidine	 metabolism,	 purine	 metabolism,	 O-antigen	 nucleotide	 sugar	 biosynthesis,	 and	

vitamin	 B6	 metabolism.	 The	 presence	 of	 the	 NDM-7	 gene	 appeared	 to	 further	 disrupt	

nucleotide	metabolism	and	amino	acid	biosynthesis,	reflecting	the	additional	biosynthetic	and	

stress	adaptation	requirements	imposed	by	carbapenem	resistance.	

Significantly	altered	metabolites	in	both	the	S	and	R	strains	compared	to	the	E	strain	indicated	

disruptions	in	nucleotide	metabolism,	amino	acid	metabolism,	and	central	carbon	metabolism.	

These	include	key	pathways	such	as	glycolysis	and	the	pentose	phosphate	pathway,	which	are	
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critical	for	energy	production	and	redox	balance.330These	findings	suggest	that	the	metabolic	

burden	of	carrying	the	plasmid	and	expressing	resistance	genes	leads	to	fundamental	shifts	in	

energy	 metabolism,	 likely	 reflecting	 the	 need	 for	 increased	 resources	 to	 support	 plasmid	

replication,	resistance	gene	expression,	and	survival	under	antibiotic	pressure.	

The	comparison	between	the	S	and	R	strains	revealed	fewer	significant	metabolic	differences,	

which	was	not	surprising	given	their	genetic	similarities.	However,	the	R	strain	showed	specific	

metabolic	changes,	driven	by	NDM-7	expression,	that	were	not	present	in	the	S	strain.	Notably	

in	 pathways	 involved	 in	 nucleotide	 synthesis	 (pyrimidine	 metabolism),	 sugar	 metabolism	

(galactose	metabolism,	fructose/mannose	metabolism),	and	the	pentose	phosphate	pathway.	

These	 pathways	 are	 essential	 for	 energy	 production,	 redox	 balance,	 and	 biosynthesis,	

suggesting	 that	 NDM-7	 expression	 increases	 the	 cellular	 burden,	 necessitating	 further	

metabolic	adaptations.331,332	Such	metabolic	changes	align	with	the	role	of	the	NDM-7	gene	in	

conferring	resistance	to	carbapenems,	antibiotic	that	place	significant	stress	on	bacterial	cells.	

 Comparative	metabolic	profiling	conclusions	

The	comparative	metabolic	profiling	of	E.	coli	strains	revealed	that	both	the	introduction	of	the	

pCR2.1	 plasmid	 and	 the	 NDM-7	 gene	 significantly	 altered	 the	 metabolic	 landscape	 of	 the	

bacteria.	The	wild-type	strain,	 lacking	the	plasmid	and	the	NDM-7	gene,	exhibited	a	distinct	

metabolic	profile,	while	the	meropenem-susceptible	and	meropenem-resistant	strains	showed	

similar,	 yet	 distinct,	 metabolic	 reprogramming	 due	 to	 the	 plasmid	 and	 additional	 gene	

expression.	 The	 metabolic	 shifts	 observed	 in	 the	 meropenem-susceptible	 and	

meropenem-resistant	 strains	 were	 primarily	 driven	 by	 the	metabolic	 demands	 of	 plasmid	

maintenance	and	resistance	gene	expression.	

Key	 pathways	 affected	 by	 the	 introduction	 of	 the	 pCR2.1	 plasmid	 included	 nucleotide	

metabolism,	central	carbon	metabolism,	and	amino	acid	biosynthesis.	These	findings	suggest	

that	 the	metabolic	 cost	 of	 harbouring	 plasmid	with	 resistance	 genes	 are	 high,	 even	 in	 the	

absence	of	antibiotic	pressure.	Additionally,	the	expression	of	the	NDM-7	gene	in	the	resistant	

strain	 introduced	 further	metabolic	burdens,	particularly	 in	pathways	related	 to	nucleotide	
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synthesis,	sugar	metabolism,	and	energy	production,	underscoring	the	complexity	of	metabolic	

adaptations	required	for	carbapenem	resistance.	

These	findings	have	important	implications	for	understanding	the	metabolic	consequences	of	

antibiotic	resistance	in	bacteria.	By	uncovering	how	resistance	genes	reshaped	core	metabolic	

pathways,	 this	study	highlights	potential	metabolic	vulnerabilities	 that	could	be	 targeted	to	

overcome	resistance.	Future	work	should	focus	on	validating	these	findings	and	exploring	how	

these	metabolic	adaptations	impact	bacterial	fitness	in	the	presence	of	antibiotics,	potentially	

paving	 the	 way	 for	 novel	 therapeutic	 strategies	 aimed	 at	 disrupting	 metabolic	 processes	

critical	to	the	survival	of	resistant	strains.	

3.5 Chapter	3	summary	and	conclusions	

This	chapter	presented	a	detailed	investigation	into	the	metabolic	consequences	of	antibiotic	

resistance	 in	 E.	 coli	 strains	 through	 a	 comparative	 metabolomic	 analysis.	 The	 study	 was	

designed	to	explore	the	metabolic	shifts	induced	by	the	presence	of	the	pCR2.1	plasmid	and	

the	NDM-7	gene	which	is	responsible	for	resistance	to	carbapenem	antibiotics	like	meropenem.	

Using	 three	 E.	 coli	 strains	 (wild-type,	 meropenem-susceptible,	 and	 meropenem	 resistant),	

comprehensive	analysis	of	the	metabolic	changes	associate	with	antibiotic	resistance	in	these	

isogenic	E.	 coli	models	 using	 untargeted	 AEC-MS	 in	 addition	 to	 optimisation	 of	metabolite	

extraction	protocol	was	performed.	

Genetically	engineered	E.	coli	strains	were	successfully	developed	to	carry	the	pCR2.1	plasmid	

with	and	without	the	NDM-7	gene.	The	incorporation	of	these	genetic	elements	was	confirmed	

through	sequencing,	antibiotic	susceptibility	testing,	and	meropenem	hydrolysis	assays.	The	

study	demonstrated	that	the	pCR2.1	plasmid	conferred	resistance	to	kanamycin	and	ampicillin,	

while	the	NDM-7	gene	specifically	conferred	resistance	to	meropenem.	

The	metabolomics	metabolite	 extraction	 and	 sample	 preparation	 workflow	were	 carefully	

optimised	and	validated	to	ensure	reliable	extraction	of	intracellular	metabolites	from	E.	coli	

cells.	Method	A,	which	used	a	50:50	methanol/acetonitrile	extraction	solvent,	was	identified	as	

the	 most	 effective	 for	 bacterial	 metabolomics,	 yielding	 high-quality	 data	 with	 high	
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reproducibility.	 To	 reduce	 interference	 from	 the	 growth	 media	 and	 preserve	 metabolite	

integrity,	a	PBS	washing	step	was	introduced.	

Comparative	metabolomic	profiling	revealed	distinct	metabolic	differences	between	the	three	

strains.	 The	 meropenem-susceptible	 strain,	 carrying	 only	 the	 pCR2.1	 plasmid,	 exhibited	

significant	alterations	in	nucleotide	metabolism,	amino	acid	biosynthesis,	and	central	carbon	

metabolism,	reflecting	the	metabolic	cost	of	plasmid	carriage.	The	meropenem-resistant	strain,	

which	expressed	the	NDM-7	gene	in	addition	to	the	pCR2.1	plasmid,	showed	further	metabolic	

reprogramming,	particularly	in	pathways	related	to	nucleotide	synthesis,	energy	metabolism,	

and	redox	balance.	These	findings	suggest	that	both	plasmid	carriage	and	NDM-7	expression	

impose	significant	metabolic	demands	on	E.	coli.	

In	summary,	a	biological	model	was	successfully	established	and	validated	for	investigating	the	

metabolic	 consequences	 of	 antibiotic	 resistance	 in	 E.	 coli.	 The	 findings	 demonstrate	 the	

metabolic	cost	of	maintaining	plasmid-borne	resistance	genes	and	provide	 insights	 into	the	

specific	pathways	affected	by	NDM-7	expression.	Several	limitations	should	be	acknowledged.	

First,	the	study	used	a	single	wild-type	E.	coli	strain	adapted	to	laboratory	conditions,	which	

may	not	fully	represent	the	regulatory	or	stress	responses	of	clinical	or	environmental	isolates.	

Second,	the	use	of	the	high-copy-number	plasmid	pCR2.1,	while	convenient	for	cloning,	likely	

introduces	 metabolic	 burden	 on	 the	 host	 cell,	 potentially	 complicating	 interpretation	 of	

plasmid-specific	effects.	Lastly,	while	the	NDM-7	expression	was	confirmed	phenotypically,	the	

promoter	context	was	not	investigated,	leaving	it	unclear	whether	expression	is	constitutive	

or	regulated	under	promotor	control.	

Despite	 these	 limitations,	 the	 findings	 provide	 a	 foundation	 for	 subsequent	 investigations,	

particularly	 in	 Chapter	 4,	 which	 will	 explore	 how	 these	 metabolic	 changes	 evolve	 under	

antibiotic	 pressure.	By	 identifying	 key	metabolic	 vulnerabilities,	 this	 research	 supports	 the	

develop	of	novel	strategies	to	combat	carbapenem-resistant	bacterial	infections	by	leveraging	

the	 metabolic	 consequences	 of	 resistance	 mechanisms	 and	 targeting	 these	 pathways	

therapeutically	to	weaken	meropenem-resistant	strains	and	restore	antibiotic	susceptibility.
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Chapter	4 Metabolic	 changes	 in	 resistant	 and	 non-resistant	
E.	coli	strains	treated	with	the	antibiotic	meropenem	
4.1 Introduction	

Antibiotics	are	essential	tools	in	combating	bacterial	infections,	yet	their	impact	on	bacterial	

metabolism	extends	beyond	their	primary	targets.	Meropenem,	a	β-lactam	antibiotic	within	

the	 carbapenem	 class,	 disrupts	 bacterial	 cell	 wall	 synthesis	 by	 targeting	 penicillin-binding	

proteins.333	Recent	studies	have	shown	that	antibiotics,	including	meropenem,	can	also	perturb	

central	 metabolic	 pathways,	 such	 as	 glycolysis,	 nucleotide	 biosynthesis,	 and	 energy	

production.45,334	These	disruptions	create	physiological	stress	within	bacteria,	manifesting	as	

imbalances	in	metabolite	levels	and	energy	depletion,	and	which	ultimately	contribute	to	cell	

death.154,316,333	 The	 interconnectedness	of	 bacterial	metabolic	networks	are	underscored	by	

these	 disruptions,	 emphasizing	 the	 importance	 of	 understanding	 how	 antimicrobial	 agents	

influence	cellular	processes.	

This	chapter	analyses	the	metabolic	consequences	of	meropenem	exposure	with	two	primary	

objectives:	 (i)	 to	 investigate	 strain-specific	 metabolic	 changes	 associated	 with	

antibiotic-induced	stress	and	(ii)	to	identify	any	pathways	uniquely	altered	in	resistant	strains	

that	 could	 represent	metabolic	 vulnerabilities.	By	 examining	 the	 interplay	between	genetic	

background,	 antibiotic	 pressure,	 and	 metabolic	 alterations,	 experiments	 explored	 how	

meropenem,	 disrupts	 bacterial	 metabolic	 pathways,	 inducing	 physiological	 stress	 such	 as	

energy	 depletion	 and	 imbalances	 in	 biosynthetic	 processes.21,335	 Metabolic	 profiling,	

introduced	in	Chapter	3,	offers	a	powerful	approach	to	uncover	the	dynamic	responses	and	

elucidate	 adaptive	 metabolic	 mechanisms	 that	 underpin	 resistance	 and	 susceptibility.	

Resistant	and	non-resistant	strains	were	studied	with	and	without	antibiotic	challenge	in	order	

to	 identify	 strain-specific	metabolic	 vulnerabilities	 that	 could	 act	 as	 therapeutic	 targets	 or	

markers	to	monitor	antibiotic	treatment	efficacy.		

Untargeted	metabolomics	was	used	to	 investigate	changes	in	metabolite	abundances	across	

wild-type,	 meropenem-susceptible,	 and	 meropenem-resistant	 E.	 coli	 strains	 exposed	 to	
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varying	concentrations	of	meropenem.	The	analysis	highlighted	differences	between	strains	in	

the	presence	of	the	antibiotic	and	revealed	pathway-level	changes	associated	with	meropenem	

exposure.	These	metabolic	changes	may	rise	from	physiological	stress	caused	by	disrupted	cell	

wall	synthesis	and	potential	off-target	effects	of	meropenem	on	specific	metabolic	reactions.		

Understanding	how	E.	coli	strains	reconfigure	their	metabolism	under	meropenem	pressure	

has	relevance	for	advancing	our	knowledge	of	antibiotic	action	and	resistance	and	potentially	

elucidating	new	drug	targets.	By	investigating	both	global	metabolome	and	pathway-specific	

changes,	this	chapter	seeks	to	provide	a	holistic	view	of	the	metabolic	responses	that	support	

bacteria	survival	under	antibiotic	challenge	and	therefore	has	the	potential	to	reveal	areas	of	

metabolic	vulnerability	that	could	be	exploited	to	target	carbapenem-resistance.	

4.2 Antibiotic	response	analysis	

 Determination	of	minimum	inhibitory	concentration	

In	 order	 to	 evaluate	 the	 efficacy	of	 the	broad-spectrum	carbapenem	antibiotic	meropenem	

against	 the	meropenem-resistant	E.	 coli	 strain,	 a	minimum	 inhibitory	 concentration	 (MIC)	

experiment	was	performed.336	While	non-resistant	strains	of	E.	coli	are	inherently	susceptible	

to	meropenem	and	were	determined	to	not	survive	even	at	low	concentrations,	determining	

the	 MIC	 was	 crucial	 for	 validating	 the	 resistance	 phenotype	 and	 for	 establishing	 the	

appropriate	 antibiotic	 concentration	 that	would	 stress	 bacterial	 cells	 sufficiently	 to	 induce	

metabolic	 changes	without	 causing	 complete	 cell	 death,	 therefore	 establishing	 a	 treatment	

concentration	suitable	for	enabling	subsequent	metabolomic	analyses.	

To	 achieve	 this,	 the	 resistant	 E.	 coli	 strain	 (R)	 was	 grown	 in	 the	 presence	 of	 various	

concentrations	 of	 meropenem,	 ranging	 from	 0	 μg/mL	 up	 to	 256	 μg/mL.	 The	 drug	

concentrations	were	prepared	using	a	1	in	2	serial	dilution	method.	For	the	0	μg/mL	condition,	

DMSO	was	used	as	the	vehicle	control,	since	the	meropenem	was	initially	dissolved	in	DMSO	

for	all	other	conditions.	Each	well	in	the	96	well	plate	contained	20	μL	of	bacterial	subculture	

(at	 an	 OD600	 of	 0.01)	 and	 180	 μL	 of	 fresh	 media	 with	 meropenem	 at	 the	 corresponding	

concentration	or	DMSO.	The	bacterial	growth	was	continuously	monitored	using	a	CLARIOstar	
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plate	reader	(BMG	Labtech),	by	measuring	optical	density	at	600	nm	every	10	minutes	over	a	

24-hour	period.	Previous	studies	have	shown	that	DMSO	at	low	concentrations	(≤	5%)	does	

not	inhibit	E.	coli	growth	under	standard	laboratory	conditions,	but	its	inclusion	as	a	control	

ensures	any	solvent-related	effects	are	accounted	for	in	the	experimental	design.337	

The	growth	curves,	see		Figure	4.1,	demonstrated	a	clear	concentration-dependent	inhibition	

of	the	resistant	strain	growth	by	meropenem.	In	the	absence	of	meropenem	(0	μg/mL),	E.	coli	

exhibited	 robust	 growth,	 reaching	 OD600	 of	 approximately	 >	 3.	 At	 lower	 concentrations	 of	

meropenem	 (0.25,	 0.5,	 and	1	 μg/mL),	 bacterial	 growth	was	moderately	 inhibited,	with	 the	

cultures	displaying	delayed	exponential	phases	and	reduced	maximum	OD600	values	compared	

to	the	control.	Growth	curves	for	the	wild-type	and	meropenem-susceptible	strains	(E	and	S,	

Appendix	II	Figure	II.	and	Figure	II.)	were	not	 included,	as	 these	strains	did	not	produce	

detectable	growth	in	the	presence	of	meropenem,	apart	from	the	control	condition.	

As	 the	 concentration	 of	 meropenem	 increased,	 the	 inhibitory	 effects	 on	 bacterial	 growth	

became	more	pronounced.	At	 lower	concentrations	(0.25	–	8	μg/mL),	bacterial	growth	was	

Figure	 4.1	 24-hour	 growth	 curve	 of	E.	 coli	 resistant	 strain	 in	 the	 presence	 of	 various	 concentration	 of	
meropenem.	 The	 OD600	 was	 measured	 every	 10	 minutes	 for	 over	 a	 24-hour	 period.	 The	 concentrations	 of	
meropenem	tested	were	0,	0.25,	0.5,	1,	2,	4,	8,	16,	32,	64,	128,	256	μg/mL,	as	indicated	in	the	legend.	The	growth	
curves	show	a	clear	concentration-dependent	inhibition	of	E.	coli	by	meropenem,	with	higher	concentrations	leading	
to	greater	suppression	of	bacterial	growth.	

meropenem 
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delayed,	with	 the	 lag	 phase	 extending	 in	 a	 concentration-dependent	manner	 and	 bacterial	

growth	was	markedly	reduced.	The	observed	delay	in	growth	at	sub-inhibitory	concentrations	

suggests	 that	meropenem	 exerts	metabolic	 stress	 on	 the	 resistance	 strain	 before	 the	 cells	

either	adapt	or	succumb	to	the	antibiotics.	The	observation	indicated	that	despite	resistance,	

exposure	to	meropenem	still	imposes	a	metabolic	change	on	the	bacteria,	potentially	affecting	

key	 pathways	 required	 for	 growth.	 The	 concentration-dependent	 inhibition	 highlights	 that	

while	 the	 resistant	 strain	 can	 tolerate	 lower	 concentrations,	 increasing	 antibiotic	 pressure	

progressively	limits	bacterial	survival.	Cultures	exposed	to	16	μg/mL	meropenem	or	higher	

exhibited	no	growth.	The	MIC	of	meropenem	for	the	meropenem-resistant	strain	is	therefore	

approximately	16	μg/mL,	as	this	is	the	lowest	concentration	at	which	there	was	no	observable	

growth	 over	 the	 24-hour	 period.	 The	 MIC	 value	 establishes	 the	 concentration	 at	 which	

meropenem	effectively	inhibits	growth	in	the	resistant	strain,	providing	a	reference	point	for	

designing	 future	 metabolomic	 experiments	 to	 explore	 the	 metabolic	 response	 of	 the	

meropenem-resistant	strain	under	antibiotic	exposure.	

 Determining	 optimal	 meropenem	 concentrations	 and	 exposure	 times	 for	

metabolomic	analysis	

The	meropenem	concentrations	chosen	for	this	study	were	strategically	selected	to	cover	the	

susceptibility	and	resistance	 thresholds	defined	by	both	 the	Food	and	Drug	Administration	

(FDA)	and	the	2010	Clinical	and	Laboratory	Standards	Institute	(CLSI)	guidelines.	According	

to	 the	 FDA,	 bacterial	 isolates	 are	 classified	 as	 susceptible	 to	 meropenem	 when	 the	 MIC	

is	≤	2	μg/mL,	intermediate	at	a	MIC	of	4	μg/mL,	and	resistant	at	a	MIC	≥	8	μg/mL.338	The	CLSI	

defines	 susceptibility	 at	 a	 MIC	 ≤1	 μg/mL,	 intermediate	 at	 2	 μg/mL,	 and	 resistance	 at	

MIC	≥	4	μg/mL.339,340		

To	understand	how	the	E.	coli	strains	respond	to	varying	levels	of	meropenem	exposure	over	

time,	a	time-kill	assay	was	designed	to	assess	bacterial	survival	responses	at	critical	thresholds	

of	inhibition	and	resistance.	The	experiment	was	used	to	determine	the	optimal	meropenem	

exposure	duration	to	ensure	bacteria	were	under	stress	but	still	viable.	Based	on	the	results	of	
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the	 24-hour	 growth	 curve	 and	 the	 established	 guidelines	 for	 meropenem	 resistance,	

meropenem	concentrations	of	0	μg/mL,	1	μg/mL,	4	μg/mL,	and	16	μg/mL	were	selected	for	a	

time-kill	assay.	The	approach	aimed	to	evaluate	whether	different	exposure	times	to	selected	

concentrations	of	meropenem	could	sufficiently	induce	metabolic	changes	in	the	bacterial	cells	

without	causing	immediate	lysis	or	complete	population	death.	

For	 the	 time	 kill	 assay,	 the	 subculture	was	 grown,	 and	 OD600	 was	 normalised	 to	 0.1.	 Four	

concentrations	of	meropenem,	0	μg/mL,	1	μg/mL,	4	μg/mL,	and	16	μg/mL,	were	tested	at	five	

different	time	points:	0	min,	30	min,	60	min,	4	hours,	and	24	hours.	For	each	concentration	and	

time	point,	200	μL	of	the	sample	was	collected	in	duplicate.	Each	sample	was	then	diluted	in	

broth	by	a	factor	of	105.	Subsequently,	50	μL	of	the	diluted	samples	were	plated	on	agar	for	

colony	growth.	After	24	hours	of	incubation,	colonies	were	counted.		

The	colony-count	(Figure	4.2	and	Figure	4.3)	demonstrate	distinct	responses	between	the	

susceptible	(S)	and	resistant	(R)	E.	coli	strains.	For	the	susceptible	strain	(Figure	4.2),	colony	

counts	 decreased	 rapidly	 with	 increasing	 concentrations	 of	 meropenem	 and	 duration	 of	

exposure.	No	colonies	were	detectable	at	1	μg/mL,	4	μg/mL,	and	16	μg/mL	after	4	hours	of	

exposure,	 indicating	 complete	 inhibition	 of	 growth	 at	 these	 concentrations	 within	 this	

timeframe.	However,	at	the	24-hour	time	point,	colony	counts	increased	in	cultures	previously	

exposed	to	1	μg/mL	and	4	μg/mL,	suggesting	that	a	subpopulation	of	cells	survived	and	was	

able	 to	 regrow	 once	 the	 antibiotic	 pressure	 diminished.	 The	 revival	 was	 not	 observed	 at	

16	μg/mL,	indicating	that	at	this	concentration,	bacterial	survival	was	completely	suppressed.	

The	 regrowth	 at	 lower	 concentrations	 suggests	 a	 potential	 transient	 inhibition	 rather	 than	

complete	eradication,	possibly	due	to	adaptive	responses	or	the	degradation	of	meropenem	

over	 time.	 The	 observation	 aligns	 with	 expectations	 for	 bactericidal	 antibiotics,	 where	 a	

fraction	of	cells	may	persist	and	resume	growth	once	the	antibiotic	concentration	decreased	or	

tolerance	mechanism	 can	 overcome	 the	 antibiotic	 effect.	 However,	 the	 lack	 of	 regrowth	 at	

16	μg/mL	 supports	 the	 conclusion	 that	 this	 concentration	 is	 sufficient	 to	 eliminate	 the	

susceptible	population	completely	within	the	tested	timeframe.	
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In	 contrast,	 the	 resistant	 strain	 (Figure	 4.3)	 maintained	 higher	 colony	 counts	 across	 all	

concentrations.	 At	 16	 μg/mL,	 colony	 counts	 were	 greatly	 reduced	 by	 4	 hours,	 but	 partial	

recovery	 observed	 by	 24	 hours.	 The	 ability	 of	 the	 resistant	 strain	 to	 tolerate	 higher	

concentrations	 of	 meropenem	 compared	 to	 the	 susceptible	 strain	 is	 evident	 from	 these	

observations.	
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Figure	4.2	Colony	counts	of	susceptible	E.	coli	strain	at	varying	time	points	and	meropenem	concentrations.	
CFUs	were	measured	at	0	min,	30	min,	60	min,	4	h,	and	24	h	for	each	concentration	of	meropenem	(0	μg/mL,	1	μg/mL,	
4	μg/mL,	and	16	μg/mL).	Bars	represent	the	mean	of	two	experimental	replicates	(n=2);	vertical	lines	indicate	the	
range.	
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Figure	4.3	Colony	counts	of	resistant	E.	coli	strain	at	varying	time	points	and	meropenem	concentrations.	CFUs	
were	measured	at	0	min,	30	min,	60	min,	4	h,	and	24	h	 for	each	concentration	of	meropenem	(0	μg/mL,	1	μg/mL,	
4	μg/mL,	and	16	μg/mL).	Bars	 represent	 the	mean	of	 two	experimental	replicates	 (n=2);	 vertical	 lines	 indicate	 the	
range.	
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These	findings	suggest	that	extending	the	drug	exposure	time	beyond	4	hours	is	unnecessary	

for	effective	evaluation	of	meropenem	impact,	as	the	most	critical	effects	of	meropenem	had	

already	occurred	within	 this	period.	Therefore,	an	exposure	 time	shorter	 than	4	hours	was	

sufficient	 to	capture	 the	key	effects	of	meropenem	on	both	susceptible	and	resistant	E.	 coli	

strains.	 These	 results	 guided	 the	 selection	 of	 antibiotic	 concentrations	 for	 subsequent	

metabolomic	experiments,	ensuring	that	the	chosen	concentrations	effectively	challenge	both	

resistant	and	susceptible	strains	without	completely	eradicating	them.	The	strategy	was	used	

to	establish	a	 framework	 for	 investigating	the	effect	of	meropenem	treatment	on	metabolic	

mechanisms	underlying	antibiotic	resistance	in	future	studies.	

 Antibiotic	treatment	

To	 investigate	 the	 metabolic	 responses	 of	 E.	 coli	 strains	 to	 meropenem,	 subcultures	 of	

wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	strains	were	grown	

to	 the	 log	phase	of	growth	(OD600	0.4).	Antibiotic	exposure	was	carried	out	as	described	 in	

Section	2.2.11	Antibiotic	exposure,	ensuring	consistency	in	treatment	conditions.	

The	 treatment	 was	 performed	 to	 evaluate	 how	 varying	 durations	 and	 concentrations	 of	

meropenem	 impacted	 cellular	 metabolism,	 enabling	 the	 identification	 of	 strain-specific	

metabolic	adaptations	under	antibiotic	influence.		

 Viability	of	E.	coli	strains	following	meropenem	exposure	

Next	it	was	decided	to	investigate	the	effect	of	antibiotic	concentration	on	cell	viability	to	assess	

the	metabolic	response	to	antibiotic-induced	stress.	To	evaluate	the	viability	of	E.	coli	strains	

after	exposure	 to	meropenem,	wild-type	(E),	 susceptible	 (S),	and	resistant	 (R)	strains	were	

subjected	to	a	1-hour	treatment	with	varying	concentration	of	meropenem	(0	μg/mL,	1	μg/mL,	

4	μg/mL,	and	16	μg/mL).	After	exposure,	the	cells	were	transferred	to	fresh	medium,	and	their	

growth	recovery	was	monitored	over	a	3-hour	period	by	measuring	optical	density	at	600	nm	

(OD600).	 Monitoring	 recovery	 dynamics	 under	 antibiotic	 stress	 provided	 insights	 into	 the	

suitability	of	each	condition	for	further	metabolic	analysis	(Figure	4.4).	
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Figure	4.4	Growth	Recovery	of	Wil-type	 (E),	Susceptible	 (S),	and	Resistant	 (R)	E.	 coli	 Strains	After	1-hour	
Exposure	 to	 Meropenem	 Followed	 by	 Subculturing.	 Each	 strain	 was	 exposed	 to	 varying	 concentrations	 of	
meropenem	(0,1,	4,	and	16	μg/mL)	for	1	hour,	followed	by	recovery	in	fresh	medium.	OD600	was	measured	over	3	hours	
post-subculturing	to	assess	recovery.	Both	the	wild-type	and	susceptible	strains	showed	significant	growth	inhibition	
at	16	μg/mL,	while	the	resistant	strain	exhibited	consistent	growth	across	all	concentration.	
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The	growth	recovery	results	indicated	that	a	1-hour	exposure	to	meropenem	was	sufficient	to	

apply	selective	pressure	on	the	bacteria	without	completely	killing	off	the	population,	except	

at	the	highest	concentration	(16	μg/mL)	for	the	wild-type	and	susceptible	strains.	At	16	μg/mL,	

wild-type	and	susceptible	strains	exhibited	minimal	recovery,	with	substantial	 inhibition	of	

growth.	As	a	result,	this	concentration	was	excluded	from	further	metabolic	analysis,	since	the	

lack	of	viable	cells	would	interfere	with	downstream	profiling.	

At	4	μg/mL,	both	wild-type	and	susceptible	strains	demonstrated	clear	signs	of	stress,	with	

delayed	 growth	 compared	 to	 lower	 concentrations.	 However,	 recovery	 was	 still	 evident,	

suggesting	that	while	4	μg/mL	caused	substantial	metabolic	stress	but	was	not	entirely	lethal,	

thus	 indicating	 a	 1-hour	 exposure	 was	 sufficient	 to	 exert	 pressure	 while	 preserving	 cell	

viability	for	further	analysis	depending	on	concentration.	

In	 contrast,	 the	 resistant	 (R)	 strain	 displayed	 consistent	 growth	 across	 all	 concentrations,	

including	 16	 μg/mL,	 which	 represents	 the	 MIC	 for	 this	 strain.	 After	 1-hour	 exposure,	 the	

resistant	 strain	 was	 able	 to	 recover	 and	 continue	 growing,	 showing	 that	 while	 16	 μg/mL	

exerted	substantial	stress,	it	was	not	entirely	lethal.	Growth	at	all	meropenem	concentrations	

in	the	resistant	strain	was	similar	to	the	control	(0	μg/mL,	DMSO),	indicating	strong	resistance	

to	the	antibiotic.	

 Conclusion	

In	determining	 the	optimal	 concentrations	of	meropenem	 for	metabolic	 studies,	 the	MIC	of	

16	μg/mL	 was	 identified	 as	 the	 threshold	 beyond	 which	 bacteria	 growth	 was	 completely	

inhibited.	Identification	of	the	MIC	was	crucial	for	allowing	us	to	stress	bacterial	cells	while	still	

maintaining	viability,	which	is	critical	for	metabolomic	analysis.	The	chosen	concentrations	of	

1	 μg/mL,	 4	 μg/mL,	 and	 16	 μg/mL	 effectively	 spanned	 the	 susceptibility	 and	 resistance	

threshold	defined	by	both	FDA	and	CLSI	guidelines,	ensuring	that	the	bacterial	strains	were	

adequately	challenged	in	subsequent	experiments.	
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The	 results	 of	 colony	 count	 analysis	 showed	 that	 a	 4-hour	 exposure	 to	 meropenem	 was	

sufficient	 to	 capture	 key	 effects	 on	 bacterial	 viability,	 providing	 a	 suitable	 window	 for	

conducting	further	experiments	without	inducing	complete	cell	death	in	susceptible	strains.	

The	viability	assessment	reveals	important	insights	into	the	differential	responses	of	wild-type,	

susceptible,	and	resistant	E.	coli	strains	to	meropenem.	The	wild-type	and	susceptible	strains	

exhibited	 substantial	 growth	 inhibition	 at	 16	 μg/mL,	 suggesting	 that	 this	 concentration	 is	

nearly	 lethal	 for	 these	 strains.	 Consequently,	metabolomic	 results	 at	 this	 concentration	are	

likely	to	reflect	metabolites	associated	with	cell	death	or	maximum	defence	mechanisms	in	a	

last	attempt	at	survival.	

At	 4	 μg/mL,	 both	wild-type	 and	 susceptible	 strains	 showed	 delayed	 but	 evident	 recovery,	

making	this	concentration	suitable	for	studying	metabolic	stress	without	completely	impairing	

viability.	In	contrast,	the	resistant	strain	demonstrated	strong	growth	across	all	concentrations,	

including	16	μg/mL,	indicating	a	robust	resistance	mechanism.	

These	findings	validate	that	1-hour	exposure	to	meropenem	is	sufficient	to	induce	metabolic	

stress	 in	 the	 meropenem-susceptible	 (S)	 and	 wild-type	 (E)	 strains,	 while	 still	 preserving	

enough	cell	viability	for	subsequent	metabolomic	analysis,	particularly	at	lower	concentration.	

To	 ensure	 direct	 comparison	 across	 all	 strains,	 a	 consistent	 1-hour	 exposure	 was	 chosen.	

Establishing	this	standardised	exposure	period	provides	an	ideal	framework	for	investigating	

metabolic	 adaptations	 and	 immune	 responses	 under	 antibiotic	 pressure,	 offering	

opportunities	for	comparisons	between	strains	to	uncover	potential	metabolic	vulnerabilities.	

These	insights	may	ultimately	inform	the	development	of	future	strategies	targeting	AMR.		

4.3 Metabolic	responses	to	sub-lethal	meropenem	treatment	of	E.	coli	strains	

Understanding	how	bacteria	adapt	their	metabolism	under	antibiotic	exposure	is	critical	for	

developing	 strategies	 to	 combat	 resistance.	 Next	 it	 was	 decided	 to	 examine	 the	metabolic	

responses	 of	 three	 E.	 coli	 strains	 following	 exposure	 to	 meropenem	 using	 untargeted	

metabolomics.	Building	upon	baseline	metabolic	characterisation	discussed	in	Chapter	3,	the	

aim	was	 to	 investigate	 how	antibiotic	 treatment	 affects	 bacterial	metabolism.	By	 analysing	
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metabolic	 changes	 in	wild-type,	meropenem-susceptible,	 and	meropenem-resistant	 strains,	

this	 experiment	 sought	 to	 identify	 metabolites	 altered	 in	 abundance	 by	 exposure	 to	

meropenem	and	investigate	their	impact	on	functional	metabolic	processes.		

Each	 of	 the	 three	 strains	 (the	 wild-type	 strain	 (E),	 the	 meropenem-susceptible	 strain	

harbouring	the	pCR2.1	plasmid	(S),	and	the	meropenem-resistant	strain	carrying	the	pCR2.1	

plasmid	along	with	the	NDM-7	resistance	gene	(R))	were	exposed	to	a	sub-lethal	concentration	

of	meropenem	(1	μg/mL	and	4	μg/mL)	for	1-hour.	The	concentration	and	exposure	time	were	

determined	based	on	results	from	the	viability	assays	(Section	4.2.2),	which	demonstrated	that	

1-hour	 exposure	 of	 4	 μg/mL	 meropenem	 induced	 cellular	 response	 in	 all	 strain	 without	

causing	 death	 in	 wild-type	 (E)	 and	 meropenem-susceptible	 (S)	 strains.	 Although	 the	

meropenem-resistant	(R)	strain	exhibited	minimal	growth	inhibition	at	this	concentration	and	

duration,	maintaining	 a	 consistent	 exposure	 time	 and	 concentration	 across	 all	 strains	was	

essential	 for	 direct	 comparison.	 The	 approach	 allows	 for	 investigating	 early	 metabolic	

responses	under	antibiotic	pressure,	even	in	the	resistant	strain,	where	metabolic	effects	may	

be	more	subtle	or	require	longer	exposure	to	become	pronounced.	

Following	antibiotic	treatment,	untargeted	metabolomics	was	employed	to	comprehensively	

analyse	the	metabolic	changes	of	each	strain	in	response	to	meropenem	exposure.	Metabolites	

were	 extracted	 using	 a	 cold	 methanol/acetonitrile-based	 protocol	 optimised	 for	 bacterial	

cultures	in	Chapter	3	(Section	2.3.5).	After	extraction,	DNA	normalisation	and	filtration	were	

performed	as	described	in	Section		2.3.6	to	ensure	sample	consistency	prior	to	AEC-MS/MS	

analysis.	

Samples	were	analysed	using	the	AEC-MS/MS	(Section	2.4)workflow	validated	in	Chapter	3.		

Full	MS-ddMS2	was	employed	to	enable	comprehensive	metabolite	identification,	operating	in	

negative	 ion	mode.	Data	processing	and	analysis	was	performed	as	described	previously	 in	

Section	 3.3	 for	 the	 comparison	 between	 strains.	 Briefly,	 metabolites	 were	 identified	 by	

matching	accurate	mass,	isotope	pattern,	chromatographic	retention	time	and	MS2	fragments	

to	in-house	database	enabling	Level	1	(high	confidence	with	authentic	standards)	and	Level	2	
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(putative	annotation	based	on	spectral	 similarity	 to	database	entries).	Data	processing	was	

performed	using	median	normalisation,	log	transformation	and	Pareto	scaling.		

 Data	quality	and	overview	of	metabolic	profiles	

Data	quality	was	assessed	using	an	unclustered	heatmap	and	PCA	plot	to	visualise	the	absence	

of	significant	inter	or	intra-class	biases	or	outliers.	During	quality	control,	sample	R1_2	was	

identified	as	an	outlier	due	to	substantial	deviations	in	metabolite	abundances	compared	to	

other	R_1	 replicates	 in	 the	 non-normalised	 dataset	 (Appendix	 II	Figure	 II.	heatmap).	The	

sample	also	fell	outside	the	confidence	ellipse	of	the	R_1	group	in	the	PCA	(Appendix	II	Figure	

II.	PCA	plot),	indicating	a	lack	of	alignment	with	the	metabolic	profiles	of	other	R_1	samples.		

Such	deviation	suggests	potential	technical	artifacts,	experimental	error,	or	biological	anomaly.	

Excluding	 this	 sample	 ensured	 that	 downstream	 analyses	 accurately	 reflected	 biological	

differences	rather	than	confounding	technical	variability.	

The	unclustered	heatmap	(Figure	4.5),	illustrated	the	overall	consistency	and	reliability	of	the	

dataset.	The	analysis	confirmed	the	absence	of	any	systematic	intra-	or	inter-class	differences	

introduced	during	sample	preparation	or	data	acquisition.	Establishing	dataset	consistency	is	

essential	to	ensure	that	any	observed	metabolite	changes	in	subsequent	analyses	were	driven	

by	biological	 differences	 rather	 than	 technical	 artifacts.	Normalised	metabolite	 abundances	

from	wild-type	(E,	green),	meropenem-susceptible	(S,	blue),	and	meropenem-resistant	(R,	red)	

E.	 coli	 strains	 were	 visualised,	 including	 both	 vehicle	 control	 (0	μg/mL)	 and	

meropenem-treated	(1	and	4	μg/mL)	conditions.		
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The	PCA	plot	(Figure	4.6)		provided	an	overview	of	the	variance	in	metabolite	profiles	across	

all	 three	 strains	 (wild-type	 (E),	meropenem-susceptible	 (S),	 and	meropenem-resistant	 (R))	

and	 treatment	conditions	(0,	1,	and	4	μg/mL	of	meropenem).	By	 integrating	all	groups	 in	a	

single	 PCA	 plot,	 the	 analysis	 enables	 a	 direct	 comparison	 of	 metabolic	 changes	 under	

meropenem	exposure	and	revealed	distinct	clustering	patterns	indicative	of	strain-specific	and	

dose-dependent	metabolic	responses.	No	major	outliers	were	observed	beyond	sample	R1_2.		

Figure	 4.5	 Heatmap	 of	 E.	 coli	 strains	 exposed	 to	 0,	 1,	 and	 4	 μg/mL	 meropenem.	 This	 heatmap	 displays	
normalised	abundances	of	metabolites	in	wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	E.	
coli	strains,	comparing	DMSO	control	(0	μg/mL)	and	meropenem-treated	(1	or	4	μg/mL)	conditions.	Rows	represent	
individual	metabolites,	with	colour	intensity	indicating	relative	abundance	levels	(blue	for	lower	and	red	for	higher	
abundance).		
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For	the	wild-type	(E)	strain,	clear	separation	was	observed	between	vehicle	control	(E_0)	and	

4	μg/mL	meropenem-treated	samples	 (E_4),	 reflecting	significant	metabolic	changes	at	 this	

concentration.	 The	 1	 μg/mL	 treated	 samples	 (E_1)	 overlapped	 with	 both	 E_0	 and	 E_4,	

indicating	a	dose-dependent	metabolic	response.	The	meropenem	treated	samples	(E_1	and	

E_4)	exhibited	greater	variability	compared	to	vehicle	control,	suggesting	a	broader	range	of	

metabolic	states	under	antibiotic	exposure,	while	more	tightly	clustered	E_0	samples	reflected	

a	more	stable	baseline	metabolic	profile.	

The	 meropenem-susceptible	 strain	 (S),	 also	 showed	 distinct	 separations	 between	 vehicle	

control	(S_0)	and	4	μg/mL	meropenem-treated	(S_4)	condition,	indicating	significant	changes	

in	the	metabolic	profiles	at	4	μg/mL	meropenem.	Samples	treated	with	1	μg/mL	(S_1)	clustered	

Figure	4.6	PCA	plot	showing	the	metabolic	profiles	of	E.	coli	strains	under	vehicle	control	(0	μg/mL)	and	
meropenem	 treated	 (1	 or	 4	 μg/mL)	 conditions.	 The	 plot	 includes	 data	 for	 wild-type	 (E)-green,	
meropenem-susceptible	 (S)-blue,	 and	 meropenem-resistant	 (R)-red	 strains.	 Each	 point	 represents	 a	 biological	
replicate,	and	confidence	ellipses	indicate	group	clustering.	PC1	accounts	for	10%	of	the	variance,	and	PC2	accounts	
for	4.4%	of	the	variance	in	the	dataset.	
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between	 0	 and	 4	 μg/mL,	 demonstrating	more	 pronounced	 changes	 in	 S_4,	 suggesting	 that	

exposure	 to	 4	 μg/mL	meropenem	 imposes	 a	 stronger	 impact	 in	 cellular	 metabolism	 than	

1	μg/mL.	The	tighter	clustering	observed	in	the	untreated	condition	(S_0)	indicated	a	relatively	

more	consistent	baseline	metabolic	state	in	the	absence	of	antibiotic	pressure.	In	contrast,	the	

broader	 dispersion	 observed	 in	 S_1	 and	 S_4	 reflects	 increased	metabolic	 variability	 under	

meropenem	exposure	with	S_1	exhibiting	greater	variability	than	S_4.	Exposure	to	1	μg/mL	

may	induce	a	wider	range	of	adaptive	responses,	while	4	μg/mL	might	result	in	more	uniform	

stress-induced	metabolic	changes	due	to	higher	antibiotic	pressure.	While	the	plasmid	present	

in	 the	 S	 strain	 does	 not	 confer	 resistance	 to	 meropenem,	 its	 presence	 may	 influence	 the	

adaptive	response	of	the	strain	to	antibiotic	pressure,	distinguishing	it	from	the	wild-type	(E)	

strain.	These	findings	emphasise	the	measurable	impact	of	meropenem-induced	stress	on	the	

metabolic	state	of	meropenem-susceptible	strain	and	the	interplay	between	plasmid	carriage	

and	antibiotic-induced	metabolic	changes.	

In	 contrast,	 the	 meropenem-resistant	 strain	 (R)	 displayed	 overlapping	 confidence	 ellipses	

across	vehicle	control	(R_0)	and	meropenem-treated	samples	(R_1	and	R_4),	indicating	limited	

metabolic	 perturbation	 under	 antibiotic	 exposure.	 The	 relatively	 similar	 metabolic	 profile	

suggests	 that	 the	 R	 strain	 is	 less	 affected	 by	 meropenem,	 likely	 due	 to	 its	 ability	 to	

enzymatically	 degrade	 the	 antibiotic	 via	 NDM-7.	 Consequently,	 the	 metabolic	 disruptions	

observed	in	the	E	and	S	strains	are	likely	mitigated	in	the	R	strain.	

4.3.1.1 Summary	of	data	quality	and	consistency	

The	unclustered	heatmap	analysis	(Figure	4.5)	confirmed	internally	consistency	across	the	

dataset,	 with	 biological	 groups	 showing	 no	 evidence	 of	 systematic	 inter	 or	 intra-	 group	

differences	 in	 overall	 metabolite	 abundances.	 Normalised	 metabolite	 abundances	 across	

experimental	conditions	were	consistent,	with	an	absence	of	batch	effects	or	technical	biases.	

The	PCA	(Figure	4.6)	demonstrated	that	experimental	groups	reflected	a	distinct	metabolic	

profile,	with	samples	forming	well-defined	clusters	across	all	strains	and	conditions,	indicating	

minimal	 variability	within	 groups	 and	 confirming	 the	 high	 reproducibility	 of	 the	 data.	 The	
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analysis	 revealed	 an	 apparent	 strain-specific	metabolic	 response	 to	meropenem	 exposure,	

with	clear	metabolic	changes	observed	in	the	wild-type	(E)	and	meropenem-susceptible	(S)	

strains,	while	the	meropenem-resistant	(R)	strain	displayed	relatively	stable	metabolic	profiles.		

 Metabolic	 responses	 to	 meropenem	 exposure	 in	 wild-type,	

meropenem-susceptible,	and	meropenem-resistant	E.	coli	strains	 	 	

This	 section	 focuses	 on	 the	 metabolic	 differences	 between	 the	 wild-type	 (E),	

meropenem-susceptible	(S)	and	meropenem-resistant	(R)	E.	coli	strains	upon	exposure	to	0,	1,	

or	4	μg/mL	meropenem.	By	analysing	the	response	of	all	three	strain	to	antibiotic	exposure	at	

the	same	concentration,	strain	specific	effect	can	be	compared.			

4.3.2.1 Identifying	significantly	altered	metabolites	upon	exposure	to	sub-lethal	concentrations	

of	meropenem	

ANOVA	was	performed	to	identify	metabolites	with	significant	changes	in	abundance	across	

experimental	groups,	providing	initial	insights	into	metabolic	differences	between	wild-type	

(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	strains	under	vehicle	control	

(DMSO)	or	meropenem	treatment	(mero).	By	applying	ANOVA	with	post	hoc	test,	the	analysis	

captured	 strain-specific	metabolic	 responses	 to	meropenem	 in	order	 to	 assess	 the	broader	

metabolic	impact	of	antibiotic	treatment.	

Initially	 compound-feature	data	 from	the	untargeted	analysis	across	all	 groups	 (E,	S,	 and	R	

strains,	under	DMSO	or	mero)	were	analysed	using	ANOVA,	with	significance	threshold	and	

FDR-corrected	p-value	<	0.05	(Figure	4.7).	The	analysis	identified	1,548	compound-features	

significantly	 altered	 in	 abundance	 between	 one	 or	 more	 experimental	 groups,	 with	 the	

remaining	2,179	compound-features	showing	no	significant	differences.	Given	the	number	of	

different	 groups	 the	 absolute	 number	 was	 less	 relevant	 than	 the	 fact	 that	 changes	 were	

observed	and	the	trends	inherent	in	those	changes.		



Chapter	4	

142	
 

	

	

	

	

	

	

	

	

	

	

	

Boxplots	 were	 generated	 across	 all	 experimental	 groups	 for	 significantly	 altered	

compound-features	 and	 identified	metabolites.	 These	 provided	 insights	 into	 the	metabolic	

responses	of	wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	strains	

under	 0,	 1,	 and	 4	 μg/mL	 meropenem	 exposure.	 Interestingly	 these	 clearly	 showed	 both	

strain-specific	and	concentration-dependent	effects	of	antibiotic	treatment.		

Figure	 4.7	 ANOVA	 results	 showing	 the	 distribution	of	 significant	and	 non-significant	 features	across	 all	
detected	 compounds	 in	 wild-type	 (E),	 meropenem-susceptible	 (S),	 and	 meropenem-resistant	 (R)	 E.	 coli	
strains	under	DMSO	(vehicle	control,	E_0,	S_0,	R_0)	and	meropenem	treatment	(E_1,	E_4,	S_1,	S_4,	R_1,	R_4).	
The	x-axis	represents	peaks	(m/z	or	retention	time),	and	the	y-axis	represents	-log10	of	the	raw	p-value.	Significant	
features	(adjusted	p-value	<	0.05)	are	shown	in	orange	and	red,	with	nonsignificant	features	in	grey.	Larger	points	
represent	higher	statistical	significance.	
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Strain-specific	 differences	 in	 compound-feature	 and	 identified	 metabolite	 levels	 are	

highlighted	in	Figure	4.8.	For	example,	4-methyl-2-oxovaleric	acid	(ketoleucine),	thymine,	and	

uracil	were	elevated	in	the	E	strain	in	comparison	to	S	and	R	strains,	suggesting	a	metabolic	

profile	mainly	influenced	by	plasmid	carriage	although	interestingly	some	evidence	of	a	dose	

dependent	effect	for	the	R	strain	for	ketoluecine	and	uracil.	

Other	metabolites	and	compound-features	displayed	a	clearer	concentration-dependent	effect	

as	illustrated	in	Figure	4.9.	Cyclic	AMP	(cAMP)	levels	decreased	progressively	with	increasing	

meropenem	concentrations	 in	E	strain,	but	had	opposite	effect	 in	S	and	R	strain,	where	the	

levels	 decreased	 as	 meropenem	 concentration	 increased.	 Glucose	 1-phosphate	 levels	

Figure	 4.8	 Boxplots	 illustrating	 strain-specific	 changes	 compound	 abundance	 across	 wild-type	 (E),	
meropenem-susceptible	(S),	and	meropenem-resistant	(R)	E.	coli	strains	under	meropenem	exposure	(0,	1,	
and	 4	 μg/mL).	 The	 boxplots	 display	 the	 normalized	 concentrations	 of	 selected	 metabolites,	 highlighting	
strain-specific	metabolic	differences.	Each	box	 represents	 the	 IQR	with	 the	median	 indicated,	 and	dots	 represent	
individual	biological	replicates.	
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increased	as	concentration	of	meropenem	across	all	strains.	Glucuronic	acid	levels	decreased	

in	R	stain	as	meropenem	concentration	increased,	while	the	dose-dependent	effect	was	less	

pronounced	in	the	E	and	S	strains.	Compound-feature	such	as	18.70_365.0284	m/z	displayed	

decreases	in	both	the	S	and	R	strains	with	increasing	meropenem	concentration.	

	

In	overview	the	results	showed	clearer	a	mixture	of	metabolic	differences	between	strains	and	

in	 response	 to	 meropenem	 treatment,	 with	 often	 with	 a	 dose-depended	 effect.	

Compound-features	such	as	18.70_365.0284	m/z,	and	uracil	demonstrate	how	strain	type	and	

antibiotic	dose	interact	to	shape	metabolic	responses.		These	patterns	highlight	the	utility	of	

combining	 multiple	 treatment	 concentrations	 with	 ANOVA	 for	 differentiating	 metabolic	

Figure	4.9	Boxplots	illustrating	concentration-dependent	changes	in	metabolite	abundance	across	wild-type	
(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	E.	coli	strains	under	meropenem	exposure	(0,	
1,	 and	 4	μg/mL).	 The	 boxplots	 display	 the	 normalized	 concentrations	 of	 selected	 metabolites,	 highlighting	
dose-dependent	metabolic	changes	at	0,	1,	and	4	μg/mL.	Each	box	represents	the	IQR	with	the	median	indicated,	and	
dots	represent	individual	biological	replicates.	
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changes,	 providing	 insights	 into	 the	 interplay	 between	 strain-specific	 traits	 and	

meropenem-induced	metabolic	changes.	

By	identifying	statistically	significant	compound-features	and	visualising	their	variability,	the	

univariate	analysis	provided	a	foundation	for	subsequent	multivariate	and	functional	pathway	

analyses.	The	results	demonstrated	the	importance	of	considering	both	strain-specific	traits	

and	the	influence	of	meropenem	treatment	when	interpreting	metabolic	data.	

4.3.2.2 Multivariate	 statistical	 analysis	 of	 metabolic	 differentiation	 in	 wild-type,	

meropenem-susceptible,	and	meropenem-resistant	E.	coli	strains	under	meropenem	exposure	

Univariate	 statistical	 analysis	 provided	useful	 information	 about	which	 compound-features	

and	identified	metabolites	were	significantly	altered	in	abundance.	In	order	to	investigate	the	

patterns	inherent	in	these	changes	in	more	detail	multivariate	statistical	analysis	was	used	to	

evaluate	the	metabolic	differentiation	between	wild-type	(E),	meropenem-susceptible	(S),	and	

meropenem-resistant	(R)	E.	coli	strains	under	0,	1,	and	4	μg/mL	meropenem	exposure.	The	

analysis	aimed	to	 identify	 the	patterns	 inherent	 in	strain-specific	metabolic	differences	and	

highlight	metabolic	changes	driven	by	antibiotic	treatment.	

The	 clustered	 heatmap	 of	 the	 top	 50	 altered	 compound-features	 (Figure	 4.10)	 revealed	

distinct	 groupings	 based	 on	 strain	 type	 (E,	 S,	 R)	 and	 treatment	 condition	 (0,	 1,	 4	 μg/mL	

meropenem),	 emphasising	 the	 strain-specific	 biology	 and	 antibiotic-induced	 metabolic	

changes	observed	from	the	univariate	analysis.	Metabolites	such	as	cyclic	AMP	(cAMP)	were	

more	 abundant	 in	 the	 E	 and	 S	 strains,	 possibly	 reflecting	 their	 activation	 as	 part	 of	

stress-response	processes.341	These	metabolites	can	play	roles	in	oxidative	stress	management,	

nucleotide	metabolism,	and	transcriptional	regulation	to	counteract	the	disruptions	induced	

by	meropenem.342	Unique	metabolic	differences	in	meropenem-resistant	strain	(R)	included	

elevated	levels	of	sedoheptulose	1-phosphate	and	glucose-1-phosphate,	potentially	supporting	

energy	metabolism	and	cell	wall	biosynthesis	pathways	that	contribute	to	membrane	stability	

under	stress.343,344	Such	adaptations	may	confer	an	advantage	to	the	R	strain	in	maintaining	
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cellular	integrity	and	function	under	antibiotic	exposure.	Additionally,	 fructose	6-phsophate	

was	elevated	in	both	S	and	R	suggesting	potential	role	in	relation	to	plasmid.	

Overall,	the	heatmap	highlight	mainly	strain-specific	differences	but	also	some	drug-induced	

metabolic	 changes	 (for	 example	 cyclic	 AMP	 and	 Fructose-6	 phosphate).	 These	 findings	

highlight	 the	 distinct	 adaptive	 strategies	 of	 E.	 coli	 strains,	 shaped	 by	 their	 genetic	 and	

phenotypic	differences,	in	responding	to	meropenem	exposure.		

Figure	4.10	Heatmap	of	differential	metabolite	abundance	across	strains	under	meropenem	exposure.	This	
heatmap	 highlights	 the	 top	 50	 altered	 metabolites	 among	 wild-type	 (E),	 meropenem-susceptible	 (S),	 and	
meropenem-resistant	 (R)	 strains	 exposed	 to	 4	 μg/mL	meropenem.	 Rows	 represent	metabolites,	while	 columns	
represent	experimental	groups:	treated	(E_0,	E_1,	E_4,	S_0,	S_1,	S_4,	R_0,	R_1,	R_4).	Red	indicates	higher	relative	
metabolite	abundance,	and	blue	indicates	lower	relative	abundance,	normalized	across	all	samples.	
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 Strain-specific	 metabolic	 responses	 to	 meropenem	 exposure:	 Comparative	

analysis	of	vehicle	control	(0	μg/mL)	and	meropenem	(1	or	4	μg/mL)	treatments	

In	order	 to	 investigate	 the	metabolic	 responses	 triggered	by	meropenem	exposure	 in	more	

detail,	 significance	 testing	 and	 functional	 analyses	 were	 conducted	 on	 the	 metabolomics	

datasets	 for	 the	 wild-type	 (E),	 meropenem-susceptible	 (S),	 and	 meropenem-resistant	 (R)	

strains	separately.	Comparison	between	vehicle	controls	(0	μg/mL)	and	samples	exposed	to	

1	μg/mL	and	4	μg/mL	meropenem	were	performed.	

The	aim	of	 this	data	 analysis	was	 to	 identify	metabolic	 changes	 that	 accompany	non-lethal	

exposure	 to	 meropenem	 specifically	 (as	 distinct	 from	 strain-specific	 differences)	 and	

investigate	the	functional	metabolic	changes	that	company	susceptibility	and	resistance	across	

the	three	strains.		

4.3.3.1 Metabolic	changes	in	the	wild-type	strain	exposed	to	meropenem		

The	wild-type	(E)	strain	serves	as	a	baseline	model	to	understand	how	exposure	to	meropenem	

influences	metabolic	processes.	The	comparison	between	vehicle	control	(E_0,	bright	green)	

and	 meropenem	 treated	 (E_1	 and	 E_4,	 light	 green	 and	 dark	 green)	 groups	 enabled	 the	

identification	of	specific	metabolic	adjustments,	providing	insights	into	the	broader	metabolic	

responses	triggered	by	meropenem	exposure	in	a	strain	without	inherent	resistance.		

The	PCA	scores	plot	(Figure	4.11)	provided	an	 initial	visualisation	of	 the	overall	metabolic	

differences	 between	 the	 vehicle	 control	 (E_0)	 and	 samples	 exposed	 to	 1	 μg/mL	 (E_1),	 and	

4	μg/mL	 (E_4)	meropenem.	 The	 PCA	 plot	 revealed	 distinct	 clustering	 of	metabolic	 profiles	

between	E_0	and	E_4,	with	E_1	positioned	between	these	two	groups.	The	positioning	suggests	

a	dose-dependent	impact	of	meropenem	on	the	metabolic	profile	of	the	wild-type	(E)	strain.	

The	higher	the	concentration	of	meropenem,	the	greater	the	observed	metabolic	divergence	

from	 the	 control.	 These	 results	 indicated	 that	 increasing	 concentrations	 of	 meropenem	

induced	progressively	greater	alterations	in	the	metabolic	state	of	the	strain.	
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The	clustered	heatmap	(Figure	4.12)	of	the	top	50	altered	compound-features,	illustrated	the	

global	metabolic	changes	associated	with	meropenem	exposure.	The	main	differences	were	

between	 vehicle	 control	 group	 (E_0)	 and	 meropenem	 treated	 groups	 (E_1	 and	 E_4)	 with	

compound-features	 and	 metabolites	 both	 elevated	 and	 depleted	 in	 association	 with	

meropenem	 treatment.	 Notably,	 E_1	 and	 E_4	 demonstrated	 progressively	 distinct	 profiles,	

corresponding	to	the	increasing	intensity	of	meropenem	treatment.	Interestingly,	there	was	

also	a	small	group	of	features	which	were	elevated	in	the	E_1	group	compared	to	both	vehicle	

control	and	E_4.	

Figure	 4.11	 PCA	 scores	 plot	 showing	 metabolic	 profiles	 of	 wild-type	 (E)	 E.	 coli	 strain	 across	 different	
concentrations	of	meropenem	(E_0,	E_1,	and	E_4).	The	plot	shows	the	first	two	principal	components	(PC1	and	
PC2),	explaining	10.3%	and	9%	of	the	variance,	respectively.	Ellipses	represent	95%	confidence	intervals	for	each	
group.	Symbols	indicate	the	following	conditions:	squares	for	E_0	(untreated),	circles	for	E_1,	and	triangles	for	E_4.	
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Several	 compound-features	 showed	 a	 trend	 of	 either	 increasing	 or	 decreasing	 abundance	

correlating	 with	 meropenem	 concentration,	 suggesting	 dose-dependent	 metabolic	

adjustments	 in	 the	 E	 strain.	 These	 trends	 highlight	 the	 gradual	 and	 cumulative	 impact	 of	

meropenem	on	bacterial	metabolome.		

Figure	4.12	Clustered	heatmap	illustrating	the	top	50	compound-feature	variation	across	wild-type	(E)	E.	coli	
strain	across	different	concentrations	of	meropenem	(E_0,	E_1,	and	E_4).	The	top	50	metabolites	were	selected	
based	on	 their	 variance	across	 conditions.	Metabolite	abundance	was	normalized,	 and	hierarchical	 clustering	was	
performed	 using	 Ward's	 method	 with	 Euclidean	 distance	 as	 the	 distance	 measure.	 Rows	 correspond	 to	
compound-features	(annotated	by	m/z	values	and	names	where	available),	and	columns	represent	replicates	for	each	
condition.	 The	 colour	 scale	 indicates	 relative	 abundance,	 with	 red	 representing	 higher	 abundance	 and	 blue	
representing	lower	abundance.	Class	labels	on	the	top	(green:	E_0,	light	green:	E_1,	dark	green:	E_4)	correspond	to	
untreated,	intermediate,	and	treated	conditions,	respectively.	
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Boxplots	 (Figure	 4.13)	 highlighted	 distinct	 changes	 in	 the	 abundance	 of	 specific	

compound-features	 in	response	 to	 increasing	concentrations	of	meropenem	in	 the	E	strain.	

Adenosine	 2’,3’-cyclic	 phosphate	 and	 cytidine	monophosphate	 displayed	 a	 dose-dependent	

increase	 in	abundance,	 suggesting	 their	potential	 involvement	 in	pathways	activated	under	

antibiotic	 stress.	 Conversely,	 isocitrate	 exhibited	 a	 decreasing	 trend	 with	 increased	

meropenem	 concentration.	 Interestingly,	 compound-feature	 27.29_263.1346	 m/z	 was	

elevated	in	both	meropenem	treated	groups	(E_1	and	E_4),	suggesting	that	its	abundance	was	

independent	of	the	meropenem	concentration	but	still	associated	with	exposure.	In	contrast,	

25.58_388.0343	m/z	was	higher	only	in	the	E_4	group,	indicating	a	response	specific	only	to	

the	higher	antibiotic	concentration.	These	patterns	reveal	dose-dependent	metabolic	changes	

in	the	wild-type	strain	under	meropenem	treatment.	

Figure	4.13	Boxplots	of	compound-features	highlighting	significant	variations	across	wild-type	(E)	E.	coli	
strain	under	different	concentrations	of	meropenem	(E_0,	E_1,	and	E_4).	Each	boxplot	represents	the	normalized	
abundance	of	individual	compound-features.	Data	are	shown	for	untreated	(E_0,	green),	1	μg/mL	(E_1,	light	green),	
and	4	μg/mL	treated	(E_4,	blue)	conditions.	Boxes	indicate	the	interquartile	range	(IQR),	with	the	median	represented	
by	 a	 horizontal	 line,	whiskers	 showing	 1.5	 ×	 IQR,	 and	 individual	 data	 points	 represented	 by	 black	 dots.	 Yellow	
diamonds	represent	the	group	mean.	
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The	 volcano	 plot	 (Figure	 4.14)	 illustrates	 the	 differential	 abundance	 of	 all	 measured	

compound	 features	 in	 the	 wild-type	 (E)	 strain	 comparing	 the	 vehicle	 control	 (E_0)	 and	

exposure	to	4	μg/mL	meropenem	(E_4).	The	comparison	enables	a	clearer	distinction	between	

the	basal	and	stress-induced	metabolic	states.	Significance	thresholds,	including	a	fold-change	

cut-off	of	2	and	a	FDR-adjusted	p-value	<	0.05,	were	applied	to	 identify	compound	features	

with	 statistically	 significant	 changes	 in	 abundance.	 The	 analysis	 revealed	 9	 significantly	

downregulated,	 and	 30	 significantly	 upregulated	 compound	 features,	 while	 3674	 features	

remaining	unchanged.	By	considering	all	measured	compound	features,	the	analysis	provides	

a	broad	overview	of	the	metabolic	impact	of	meropenem	exposure.	

The	 volcano	 plot	 in	 Figure	 4.15	 provides	 a	 similar	 volcano	 plot	 for	 only	 the	 identified	

metabolites.	 This	 revealed	 one	 significantly	 upregulated	metabolite,	 adenosine	 2’, 3’-cyclic	

phosphate	(related	to	RNA	metabolism	and	stress	response).345	Conversely,	eight	metabolites	

were	 significantly	 downregulated	 in	 the	 treated	 group,	 including	 N-acetyltryptophan,	

Figure	4.14	Volcano	plot	illustrating	the	differential	abundance	of	metabolite	features	in	the	wild-type	E.	coli	
strain	after	exposure	to	meropenem	at	4	µg/mL	compared	to	untreated	control	(0	µg/mL).	The	x-axis	represents	
the	log2	fold	change	(FC)	in	metabolite	abundance,	with	positive	values	indicating	upregulation	and	negative	values	
indicating	downregulation	in	response	to	meropenem.	The	y-axis	shows	the	-log10	of	the	adjusted	p-value,	indicating	
the	 statistical	significance	of	 the	 changes.	Each	point	represents	a	metabolite	 feature,	with	size	 indicating	p-value	
significance	 and	 colour	 corresponding	 to	 the	 magnitude	 of	 the	 fold	 change.	 Metabolite	 features	 with	 significant	
changes	(adjusted	p-value	<	0.05)	are	highlighted.	
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N-Acetyl-L-phenylalanine,	hippuric	acid,	NAAG,	galactaric	acid	(mucic	acid),	3-isopropylmalic	

acid,	 isocitrate	 (a	 key	 intermediate	 in	 the	 TCA	 cycle),	 and	N-acetyl-L-methionine.73	 These	

observed	 changes	 revealed	 metabolic	 adjustments	 by	 E.	 coli	 in	 response	 to	 sub-lethal		

meropenem	treatment.	

	 	

Figure	4.15	Volcano	plot	and	table	illustrating	the	differential	abundance	of	metabolites	in	the	wild-type	(E)	
E.	coli	strain	after	exposure	to	meropenem	at	4	μg/mL	compared	to	vehicle	control	(0	μg/mL).	The	x-axis	
represents	the	 log2	FC	 in	metabolite	abundance,	with	positive	values	 indicating	upregulation	and	negative	values	
indicating	 downregulation	 in	 response	 to	meropenem.	 The	 y-axis	 shows	 the	 -log10	 of	 the	p-value,	 indicating	 the	
statistical	 significance	 of	 the	 changes.	 Metabolites	 with	 significant	 changes	 (FDR-adjusted	 p-value	 <	 0.05)	 are	
highlighted,	 with	 coloured	 circles	 indicating	 the	 magnitude	 and	 direction	 of	 the	 change.	 The	 size	 of	 the	 points	
represents	the	p-value	significance,	with	larger	points	denoting	higher	confidence	in	differential	abundance.	The	table	
provides	details	of	the	significantly	altered	metabolites,	including	log2(FC),	and	adjusted	p-value.	
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These	 data	 collectively	 demonstrate	 that	 meropenem	 exposure	 induced	 dose-dependent	

metabolic	changes	in	the	wild-type	strain,	impacting	metabolites	that	are	found	in	pathways	

such	as	nucleotide	metabolism,	amino	acid	metabolism,	and	central	carbon	metabolism.	The	

insights	gained	from	these	analyses	provide	a	foundation	for	understanding	how	meropenem	

effects	E.	coli	metabolism.	

4.3.3.2 Metabolic	changes	in	the	meropenem-susceptible	strain	exposed	to	meropenem	

The	meropenem-susceptible	 (S)	 strain,	 harbouring	 the	 pCR2.1	 plasmid,	 provides	 a	 unique	

perspective	 on	 how	 plasmid	 carriage	 influences	 metabolic	 responses	 to	 meropenem.	

Comparing	vehicle	control	(S_0),	1	μg/mL	meropenem	treated	(S_1),	and	4	μg/mL	-treated	(S_4)	

offers	 insights	 into	 the	 adaptive	 mechanisms	 of	 the	 strain	 and	 its	 vulnerabilities	 under	

antibiotic	exposure.	

The	 PCA	 scores	 plot	 (Figure	 4.16)	 demonstrated	 the	 metabolic	 differentiation	 across	 the	

vehicle	 control	 (S_0)	 and	 the	 treated	 groups	 (S_1	 and	 S_4),	 reflecting	 the	 dose-dependent	

effects	of	meropenem	on	the	meropenem-susceptible	(S)	strain.	The	distinct	clustering	of	S_0	

from	 S_4	 highlights	 the	 significant	 metabolic	 perturbation	 induced	 by	 meropenem.	 The	

intermediate	positioning	of	S_1	between	S_0	and	S_4	suggested	a	progressive	alteration	in	the	

metabolic	 landscape	 with	 increasing	 concentrations	 of	 meropenem,	 emphasising	 the	

systematic	and	concentration-dependent	metabolic	response	of	the	strain.	
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The	clustered	heatmap	(Figure	4.17)	provided	a	detailed	visualisation	of	the	top	50	altered	

compound-features,	 offering	 an	 overview	 of	 the	 metabolic	 reprogramming	 in	 response	 to	

meropenem	 exposure.	 The	 heatmap	 captures	 dose-dependent	 metabolic	 changes	 in	 the	

meropenem-susceptible	strain,	with	distinct	metabolic	profiles	observed	across	S_0,	S_1	and	

S_4.	 Compound-features	 such	 as	 cAMP,	 exhibited	 higher	 abundance	 in	 vehicle	 control	

progressively	diminished	as	meropenem	concentrations	increased.	While	compound-features	

such	as	18.52_378.0326	m/z	were	selectively	upregulated	in	treated	conditions.	These	trends	

illustrate	the	metabolic	adjustments	undertaken	by	the	meropenem-susceptible	strain	to	adapt	

to	the	stress	imposed	by	increasing	concentrations	of	meropenem,	highlighting	the	systematic	

alterations	of	the	metabolome.	

Figure	4.16	PCA	scores	plot	showing	metabolic	profiles	of	the	meropenem-susceptible	E.	coli	strain	(S)	across	
different	concentrations	of	meropenem	(S_0,	S_1,	and	S_4).	Principal	component	analysis	(PCA)	was	performed	to	
visualize	the	metabolic	differences	between	untreated	(S_0,	blue	squares),	1	µg/mL-treated	(S_1,	light	blue	circles),	and	
4	µg/mL-treated	(S_4,	dark	blue	triangles)	groups.	The	first	two	principal	components	(PC1	and	PC2)	explained	11.1%	
and	9.8%	of	the	total	variance,	respectively.	Ellipses	represent	the	95%	confidence	intervals	for	each	group.	
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The	 boxplots	 (Figure	 4.18)	 illustrated	 dose-dependent	 changes	 in	 compound-feature	

abundance	in	the	S	strain	across	S_0,	S_1,	and	S_4	conditions.	Notable	depletions	were	observed	

in	 metabolites	 such	 as	 cAMP	 and	 thymidine	 5’-phosphate	 at	 the	 highest	 meropenem	

concentration	 (S_4).	 The	 reduction	 in	 cAMP	 abundance,	 in	 particular,	 suggests	 a	 potential	

disruption	 in	nucleotide	metabolism	or	 signalling	pathways,	 reflecting	 the	metabolic	 stress	

induced	 by	 increasing	 concentrations	 of	 meropenem.	 The	 results	 highlight	 the	 systematic	

metabolic	adaptations	undertaken	by	 the	S	strain	 in	response	 to	antibiotic	exposure.	These	

Figure	4.17	Clustered	heatmap	illustrating	 the	 top	40	most	 significantly	altered	compound	 features	 in	 the	
meropenem-susceptible	 E.	 coli	 strain	 (S)	 across	 different	 meropenem	 concentrations	 (S_0,	 S_1,	 and	 S_4).	
Metabolite	abundance	data	were	normalized,	and	hierarchical	clustering	was	performed	using	Ward’s	method	with	
Euclidean	distance	as	the	distance	measure.	Rows	represent	individual	metabolite	features	(annotated	by	m/z	values	
and	names	where	available),	while	columns	correspond	to	replicates	for	untreated	(S_0,	blue),	1	µg/mL-treated	(S_1,	
light	blue),	and	4	µg/mL-treated	(S_4,	dark	blue)	samples.	The	colour	scale	indicates	relative	metabolite	abundance,	
with	red	denoting	higher	abundance	and	blue	denoting	lower	abundance.	



Chapter	4	

156	
 

findings	 align	 with	 the	 metabolic	 changes	 observed	 in	 the	 E	 strain,	 where	 alterations	 in	

nucleotide	metabolism	were	also	detected,	including	the	upregulation	of	adenosine	2’,3’-cyclic	

phosphate	in	response	to	meropenem	exposure.		

	

	

	

	

	

	

Figure	4.18	Boxplots	of	 selected	metabolites	 showing	significant	variations	 in	the	meropenem-susceptible	
E.	coli	strain	(S)	across	different	concentrations	of	meropenem	(S_0,	S_1,	and	S_4).	Each	boxplot	illustrates	the	
normalized	abundance	of	individual	metabolites.	Data	are	shown	for	untreated	(S_0,	blue),	1	µg/mL-treated	(S_1,	light	
blue),	 and	4	µg/mL-treated	 (S_4,	 dark	blue)	 conditions.	The	box	 indicates	 the	 interquartile	 range	 (IQR),	with	 the	
median	represented	by	a	horizontal	 line	and	whiskers	extending	to	1.5	×	IQR.	Black	dots	represent	 individual	data	
points,	and	yellow	diamonds	indicate	group	means.	
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The	 volcano	 plot	 (Figure	 4.19)	 highlighted	 statistically	 significant	 changes	 in	

compound-feature	abundance	between	S_0	and	S_4.	Using	the	threshold	of	fold	change	>	2	and	

FDR	 adjusted	 p-value	 <	 0.05,	 the	 analysis	 identified	 10	 significantly	 upregulated	 and	 29	

significantly	 downregulated	 compound-features,	while	 3682	 features	 remained	 statistically	

unchanged.		

The	volcano	plot	(Figure	4.20)	focuses	exclusively	on	identified	metabolites,	providing	a	more	

targeted	 analysis	 of	 metabolic	 perturbations	 in	 the	 meropenem-susceptible	 (S)	 strain	

following	 4	 μg/mL	 meropenem	 exposure.	 Among	 the	 identified	 metabolites,	 three	 were	

significantly	downregulated	in	the	treated	group	(S_4)	compared	to	the	vehicle	control	(S_0).	

These	 include	 NAAG,	 cAMP,	 and	 3-isopropylmalic	 acid.	 These	 alterations	 suggest	 that	

pathways	associated	with	these	metabolites	may	be	affected	by	meropenem	exposure.346,347	

The	 analysis	 emphasises	 specific	 metabolic	 alterations	 induced	 by	 meropenem	 exposure,	

offering	insights	into	metabolic	adjustments	of	the	S	strain.		

Figure	 4.19	 Volcano	 plot	 illustrating	 the	 differential	 abundance	 of	 metabolite	 features	 in	 the	
meropenem-susceptible	E.	 coli	 strain	 (S)	after	exposure	 to	meropenem	at	4	µg/mL	compared	 to	untreated	
control	 (0	µg/mL).	 The	 x-axis	represents	 the	 log2	 fold	 change	 (FC)	 in	metabolite	abundance,	with	positive	values	
indicating	upregulation	and	negative	values	indicating	downregulation.	The	y-axis	displays	the	-log10	of	the	adjusted	
p-value,	reflecting	the	statistical	significance	of	changes.	Each	point	represents	a	metabolite	feature,	with	point	size	
indicating	p-value	significance	and	colour	reflecting	the	magnitude	of	the	fold	change.	Significant	metabolite	features	
(adjusted	p-value	<	0.05)	are	highlighted	
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Overall,	the	observed	metabolic	changes	highlight	a	metabolic	reprogramming	in	response	to	

meropenem	exposure	in	the	meropenem-susceptible	strain.	Broad	metabolic	changes	evident	

in	 the	 PCA	 and	 heatmap	 analyses	 underscore	 reliance	 of	 the	 strain	 on	 adaptive	metabolic	

pathways	to	survive	under	increasing	drug	exposure.	Further	pathway-specific	investigations	

are	necessary	to	elucidate	the	functional	significance	of	these	metabolic	changes.	

4.3.3.3 Metabolic	changes	in	the	meropenem-resistant	(R)	strain	exposed	to	meropenem	

The	resistance	mechanism	associated	with	the	meropenem-resistant	(R)	strain,	mediated	by	

expression	 of	 the	 NDM-7	 gene,	 offers	 an	 opportunity	 to	 study	 metabolic	 stability	 under	

meropenem	exposure.	To	do	this	vehicle	control	(R_0)	was	compared	to	meropenem-treated	

Figure	 4.20	 Volcano	 plot	 and	 table	 showing	 the	 differential	 abundance	 of	 metabolites	 in	 the	
meropenem-susceptible	 (S)	 E.	 coli	 strain	 following	 exposure	 to	 4	 μg/mL	 meropenem	 compared	 to	 the	
untreated	control	 (0	μg/mL).	 The	 x-axis	 represents	 the	 log2	 FC	 in	metabolite	abundance,	with	positive	 values	
indicating	upregulation	and	negative	values	 indicating	downregulation	due	 to	meropenem	 treatment.	The	 y-axis	
indicates	 the	 -log10	 of	 the	 p=value,	 representing	 the	 significance	 of	 the	 changes.	 Significant	 metabolites	 (FDR-
adjusted	p-value	<	0.05)	are	highlighted.	The	size	of	each	point	corresponds	to	the	p-value	significance,	with	larger	
points	 indicating	 higher	 confidence	 in	 the	 differential	 abundance.	 The	 table	 provides	 details	 of	 the	 significantly	
altered	metabolites,	including	log2(FC),	and	adjusted	p-value.	
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(R_1	and	R_4)	to	investigate	how	the	presence	of	the	meropenem	resistance	gene	impacted	the	

metabolic	response	of	the	strain	to	sub-lethal	antibiotic	exposure.		

The	PCA	scores	plot	(Figure	4.21)	revealed	more	overlapping	metabolic	profiles	across	the	

conditions	(R_0,	R_1,	and	R_4)	compared	to	the	E	and	S	strains.	The	overlap	between	clusters	

indicated	a	degree	of	metabolic	similarity	between	the	groups,	even	under	increasing	antibiotic	

concentration.	 These	 findings	 highlight	 the	 ability	 of	 R	 strain	 to	 maintain	 metabolic	

homeostasis	despite	meropenem	exposure,	which	may	indicate	that	the	resistance	mechanism	

protected	against	the	metabolic	perturbations	seen	in	the	E	and	S	strains.		

The	clustered	heatmap	(Figure	4.22)	visualised	the	top	50	most	altered	compound-features	

capturing	 the	 metabolic	 response	 of	 the	 meropenem-resistant	 (R)	 strain	 to	 increasing	

concentrations	of	meropenem.	While	some	changes	in	metabolites	abundance	were	observed	

Figure	4.21	PCA	scores	plot	showing	metabolic	profiles	of	the	meropenem-resistant	E.	coli	strain	(R)	across	
different	concentrations	of	meropenem	(R_0,	R_1,	and	R_4).	Principal	component	analysis	(PCA)	was	performed	to	
assess	the	overall	metabolic	differences	between	untreated	(R_0,	red	squares),	1	µg/mL-treated	(R_1,	light	red	circles),	
and	4	µg/mL-treated	(R_4,	dark	red	triangles)	conditions.	The	first	two	principal	components	(PC1	and	PC2)	accounted	
for	11.1%	and	8.9%	of	the	total	variance,	respectively.	Ellipses	represent	the	95%	confidence	intervals	for	each	group.	
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between	groups,	these	generally	appeared	to	be	more	subtle	than	for	the	E	and	S	strains.		The	

metabolic	 stability	 contrasted	 with	 the	 more	 dynamic	 responses	 observed	 in	 susceptible	

strains.	However,	it	was	observed	that	Cyclic	AMP	and	glucuronic	acid	were	both	elevated	at	

the	highest	meropenem	concentration	suggesting	some	meropenem-mediated	effects	 in	 the	

meropenem-resistant	strain.		

	 	

Figure	4.22	Clustered	heatmap	illustrating	the	top	50	most	significantly	altered	compound	features	in	the	
meropenem-resistant	 E.	 coli	 strain	 (R)	 across	 different	meropenem	 concentrations	 (R_0,	 R_1,	 and	 R_4).	
Metabolite	abundance	data	were	normalized,	and	hierarchical	clustering	was	performed	using	Ward’s	method	with	
Euclidean	distance	as	the	distance	measure.	Rows	represent	individual	metabolite	features	(annotated	by	m/z	values	
and	names	where	available),	while	columns	correspond	to	replicates	for	untreated	(R_0,	red),	1	µg/mL-treated	(R_1,	
light	red),	and	4	µg/mL-treated	(R_4,	dark	red)	conditions.	The	colour	scale	indicates	relative	metabolite	abundance,	
with	red	denoting	higher	abundance	and	blue	indicating	lower	abundance.	
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Boxplots	 (Figure	 4.23)	 illustrate	 dose-dependent	 changes	 in	 the	 abundance	 of	 two	

significantly	altered	compound-features,	35.24_787.6048	m/z	and	15.10_657.0498	m/z,	in	the	

R	 strain	 under	 increasing	 meropenem	 concentration.	 The	 feature	 35.24_787.6048	 m/z	

exhibited	 significant	 elevation	 specifically	 at	 1	 µg/mL	 (R_1),	 while	 15.10_657.0498	 m/z	

demonstrated	increased	abundance	in	both	treated	groups	(R_1	and	R_4),	with	a	slight	further	

elevation	at	4	µg/mL	(R_4).	These	patterns	reflect	some	metabolic	adaptations	in	the	R	strain	

under	meropenem	exposure,	with	distinct	responses	observed	for	the	two	compound-features.	

	

	

	

	

	

	

The	 analysis	 of	metabolic	 responses	 in	 the	meropenem-resistant	 strain	 (R)	was	 conducted	

using	volcano	plots	 to	assess	 the	abundance	of	compound-features	between	vehicle	control	

(R_0)	and	4	µg/mL	meropenem	treated	(R_4)	conditions	(Figure	4.24).	When	evaluating	all	

measured	compound-features,	despite	exposure	to	meropenem,	the	volcano	plot	revealed	no	

statistically	 significant	 difference	 in	 abundance,	 highlighting	 the	 absence	 of	 significant	

perturbations	in	the	overall	metabolome.	

	

	

Figure	4.23	Boxplots	of	compound-features	showing	significant	changes	in	the	meropenem-resistant	E.	coli	
strain	(R)	across	different	concentrations	of	meropenem	(R_0,	R_1,	and	R_4).	The	boxplots	depict	the	normalized	
abundance	of	two	significantly	altered	metabolites:	35.24_787.6048	m/z	and	15.10_657.0498	m/z.	Data	are	shown	for	
untreated	(R_0,	red),	1	µg/mL-treated	(R_1,	light	red),	and	4	µg/mL-treated	(R_4,	dark	red)	conditions.	Boxes	represent	
the	interquartile	range	(IQR),	with	the	median	indicated	by	a	horizontal	line,	whiskers	extending	to	1.5	×	IQR,	and	black	
dots	representing	individual	data	points.	Yellow	diamonds	denote	group	means.	
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When	the	analysis	was	restricted	to	identified	metabolites	(Figure	4.25)	significant	changes	

were	 detected	 in	 cAMP	 and	 glucuronic	 acid,	 which	 were	 borderline	 significantly	

downregulated	in	response	to	meropenem	exposure.	As	a	signalling	molecule	often	associated	

with	 stress	 responses,	 the	 downregulation	 of	 cAMP	may	be	 a	more	 targeted	 response	 to	 a	

xenobiotic	compound.342		The	limited	number	of	significantly	altered	metabolites	revealed	the	

metabolic	stability	of	the	meropenem-resistant	strain	under	carbapenem	exposure.		

	

	

	

	

	

	

	

Figure	4.24	Volcano	plot	comparing	metabolic	features	in	meropenem-resistant	(R)	strain	treated	with	vehicle	
control	(R_0)	and	4	µg/mL	meropenem	(R_4).	Each	point	represents	a	metabolite	feature,	with	the	x-axis	showing	
log2	fold	change	(log2FC)	and	the	y-axis	displaying	-log10(p-value).	
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The	 results	 indicated	markable	metabolic	 stability	 under	 sub-lethal	meropenem	 exposure,	

with	only	limited	number	of	metabolites	exhibiting	significant	changes.	The	stability	observed	

in	the	clustered	heatmap	supports	the	hypothesis	that	enzymatic	degradation	of	meropenem	

via	 NDM-7	mitigates	metabolic	 stress,	 preserving	 core	metabolic	 functions.256	While	 cAMP	

downregulation	 may	 reflect	 reduced	 activation	 of	 stress-response,	 further	 pathway-level	

analysis	 is	 needed	 to	 confirm	 the	 functional	 roles	 of	 the	 altered	 metabolites	 and	 their	

contributions	to	resistance	mechanisms.		

4.3.3.4 Summary	

The	comparative	analysis	across	strains	revealed	distinct	metabolic	strategies	employed	by	

E.	coli	strains	in	response	to	meropenem	exposure	at	sub-lethal	concentrations	of	meropenem.	

These	 observations	 underscore	 the	 strain	 specific	 metabolic	 adaptation	 or	 stability	 under	

antibiotic	exposure,	reflecting	their	genetic	and	physiological	differences.		

Figure	 4.25	Volcano	 plot	 illustrating	 differential	metabolite	 abundance	 in	 the	meropenem-resistant	 (R)	
E.	coli	strain	following	treatment	with	4	μg/mL	meropenem,	compared	to	the	vehicle	control	(0	μg/mL).	The	
x-axis	represents	the	 log2	FC	 in	metabolite	abundance,	where	positive	values	 indicate	upregulation	and	negative	
values	indicate	downregulation	due	to	meropenem	treatment.	The	y-axis	displays	the	-log10(p-value),	reflecting	the	
statistical	significance	of	observed	changes.	Larger	points	indicate	metabolites	with	lower	p-values,	denoting	higher	
statistical	confidence.	FDA	<	0.05	thresholds	are	applied	to	identify	significant	changes.	
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The	 wild-type	 (E)	 strain	 demonstrated	 substantial	 metabolic	 changes	 in	 response	 to	

meropenem,	 with	 progressive	 dose-dependent	 changes	 in	 metabolite	 abundance.	 These	

changes	 likely	 reflect	 reallocation	 of	 metabolic	 resources	 toward	 processes	 that	 support	

survival	 under	 stress,	 such	 as	 pathways	 involved	 in	 nucleotide	 synthesis,	 amino	 acid	

metabolism,	and	oxidative	stress	management.348-350	These	findings	underscore	the	dynamic	

responses	 of	 the	 wild-type	 strain	 to	 external	 stressors,	 reflecting	 its	 ability	 to	 adjust	

metabolism	under	meropenem	exposure.	

The	meropenem-susceptible	(S)	strain	exhibited	extensive	metabolic	changes.	These	changes	

reflected	 a	 robust	 and	 dose-dependent	 metabolic	 response	 to	 meropenem	 exposure.	 The	

observed	 metabolic	 adjustments	 may	 be	 influenced	 not	 only	 by	 the	 direct	 effects	 of	

meropenem	but	also	by	the	metabolic	demands	of	plasmid	carriage.351	

In	contrast	to	the	E	and	S	strains,	the	meropenem-resistant	(R)	strain	showed	fewer	changes	

in	metabolite	abundance	under	meropenem	exposure,	indicating	a	higher	degree	of	metabolic	

stability.	 The	 stability	 likely	 reflects	 the	 efficacy	 of	 resistance	 mechanisms	 which	mitigate	

metabolic	 disruptions	 and	 reduce	 the	 need	 for	 broad	 reprogramming.	 By	 neutralising	 the	

antibiotic	 effects,	 the	 meropenem-resistant	 strain	 preserved	 core	 metabolic	 functions,	

maintained	a	relatively	unchanged	metabolic	state	despite	external	stressors.	

Collectively,	these	findings	illustrate	the	differing	response	of	E.	coli	strains	to	meropenem	at	

metabolome-wide	scale.	The	wild-type	and	meropenem	susceptible	strains	actively	engaged	in	

metabolic	 adjustments	 consistent	 with	 efforts	 to	 manage	 meropenem-induced	 stress,	

reallocating	 resources	 toward	 nucleotide	 synthesis,	 amino	 acid	 metabolism,	 and	 oxidative	

stress	management.346,347,352-355	In	contrast,	the	metabolic	profile	of	the	meropenem-resistant	

strain	 remained	 largely	 unaltered,	 reflecting	 its	 reliance	 on	 robust	 defence	mechanisms	 to	

buffer	against	metabolic	disruptions,	avoiding	the	need	for	extensive	metabolic	changes.	The	

comparative	 analysis	 underscores	 the	 complex	 interplay	 between	 genetic	 factors,	 plasmid	

burden,	and	resistance	mechanisms	in	shaping	bacterial	metabolic	responses.	However,	what	
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these	metabolome-wide	changes	mean	in	the	context	of	bacterial	cell	function	remains	unclear.	

In	order	to	pursue	this	in	more	detail	metabolic	pathways	analysis	was	performed	next.		

 Functional	analysis:	Pathway	insights	into	metabolic	response	

4.3.4.1 Membrane	integrity	and	stress	management	pathway	altered	in	wild-type	strain	

The	wild-type	 (E)	 strain	was	analysed	under	vehicle	 control	 (E_0)	and	meropenem-treated	

(E_4)	 conditions	 to	 predict	 metabolic	 pathway	 adaptations	 during	 exposure	 to	 sub-lethal	

meropenem	concentrations.	The	comparison	aimed	to	identify	enriched	pathways	impacted	

by	the	antibiotic	and	explore	how	these	changes	contribute	to	metabolic	flexibility	of	the	strain.	

Functional	pathways	analysis	was	performed	as	described	in	Chapter	3.	Figure	4.26	illustrates	

the	pathways	identified	as	significantly	altered	along	with	the	predicted	degree	of	enrichment	

and	calculated	significance.	The	main	significantly	altered	pathways	were	glycerophospholipid	

metabolism,	 porphyrin	metabolism,	 ubiquinone	 and	 other	 terpenoid-quinone	 biosynthesis,	

vitamin	 B6	 metabolism,	 and	 siderophore	 group	 non-ribosomal	 peptide	 biosynthesis.	

Glycerophospholipid	 metabolism	 exhibited	 the	 highest	 impact,	 suggesting	 substantial	

membrane	 remodelling.356,357	 Pathways	 related	 to	 oxidative	 stress	 management,	 such	 as	

vitamin	B6	metabolism	and	siderophore	biosynthesis,	were	also	prominently	affected.358-360	

Ubiquinone	 biosynthesis	 showed	 alterations	 linked	 to	 electron	 transport	 and	 energy	

production.361,362	
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Figure	 4.26	 Functional	 analysis	 and	 pathway	 enrichment	 for	 the	 wild-type	 (E)	 E.	 coli	 strain	 comparing	
0	μg/mL	 and	 4	 μg/mL	 meropenem	 conditions.	 The	 plot	 displays	 enriched	 metabolic	 pathways	 based	 on	
significantly	altered	metabolites,	with	pathway	 impact	(x	 -axis)	plotted	against	the	-log10(p-value)	of	enrichment	
significance	(y-axis).	Each	point	represents	a	pathway,	where	the	size	of	the	point	indicates	the	number	of	significantly	
altered	metabolites	associated	with	the	pathway,	and	the	colour	 intensity	reflects	the	p-value	significance	(larger,	
redder	points	indicate	higher	significance).	 	
The	 accompanying	 table	 lists	 the	 enriched	 pathways,	 showing	 the	 total	 number	 of	 metabolites	 mapped	 to	 each	
pathway	(Total),	 the	number	of	detected	metabolite	(Hits	 [all]),	 the	number	of	statistically	significant	metabolites	
(Hits	[sig.]),	the	expected	number	of	metabolites	in	each	pathway	based	on	the	background	dataset	(Expected),	and	
statistical	significance	evaluated	using	Fisher’s	exact	test	(PFisher)	and	gamma-adjusted	p-values	(P[Gamma]).	These	
data	provide	insights	into	the	relevance	and	impact	of	specific	pathways	under	antibiotic	stress.	
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The	significant	enrichment	of	glycerophospholipid	metabolism	suggested	the	critical	role	of	

membrane	 remodelling	 in	 maintaining	 structural	 integrity	 and	 functional	 integrity	 and	

functionality	during	antibiotic	stress.356,357	Such	modifications	are	essential	for	preserving	the	

barrier	 and	 transport	 roles	 of	 the	 cell	 membrane.363	 Additionally,	 alterations	 in	 the	

biosynthesis	of	siderophore	group	non-ribosomal	peptides	suggest	a	potential	adjustment	in	

iron	acquisition	processes,	which	is	vital	for	managing	oxidative	stress	and	maintaining	redox	

balance	 under	 stress	 conditions.364-366	 Similarly,	 the	 impact	 on	 vitamin	 B6	 metabolism	

highlighted	its	essential	role	in	amino	acid	metabolism	and	as	a	cofactor	in	enzymatic	reactions	

critical	 for	oxidative	stress	management.358-360	These	pathways	reflect	 the	prioritisations	by	

the	strain	of	processes	that	enhance	cellular	resilience	against	stressors.	

Ubiquinone	 and	 other	 terpenoid-quinone	 biosynthesis	 pathways	 were	 also	 significantly	

impacted,	 indicating	adjustments	 in	energy	production	and	electron	 transport	mechanisms,	

which	are	fundamental	to	meeting	the	elevated	energy	demands	of	stressed	cells.361,362	

Furthermore,	 significant	 changes	 in	 porphyrin	metabolism,	 potentially	 including	 processes	

such	 as	 heme	 biosynthesis,	 indicate	 possible	 adjustments	 related	 to	 respiratory	 activity	 or	

stress	mitigation	mechanisms	under	meropenem	exposure.367-370	

Collectively,	 these	 findings	showed	 that	 the	wild-type	strain	exhibited	significant	metabolic	

flexibility	in	response	to	meropenem.	These	metabolic	adjustments	reflect	the	adaptability	of	

the	 strain,	 highlighting	 its	 ability	 to	 deprioritise	 non-essential	 processes	 in	 favour	 of	

mechanisms	 that	 enhance	 its	 survival	 under	 antibiotic	 pressure.76,371	 These	 findings	

underscore	capacity	of	the	strain	to	engage	in	extensive	metabolic	reprogramming	when	faced	

with	antibiotic	pressure,	a	strategy	that	may	enhance	its	survival	in	hostile	environments.45	

4.3.4.2 Pathways	 related	 to	 stress	 management	 and	 cellular	 repair	 observed	 in	 the	

meropenem-susceptible	strain	treated	with	meropenem	

The	meropenem-susceptible	(S)	strain	was	analysed	to	identify	pathway-level	adaptations	and	

metabolic	vulnerabilities	during	meropenem	exposure.	The	analysis	also	allowed	comparison	

with	metabolic	responses	observed	for	the	control	and	meropenem-resistant	(E	and	R)	strain.	
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Functional	analysis	was	conducted	using	untargeted	pathways	analysis	in	the	same	way	as	for	

the	E	strain.		Key	pathways	were	ranked	by	their	statistical	significance	and	biological	impact,	

providing	insights	into	the	metabolic	processes	most	affected	by	antibiotic	exposure.		

Interestingly,	 functional	 analysis	 (Figure	4.27)	 identified	 significant	 changes	 in	pyrimidine	

metabolism,	histidine	metabolism,	arginine	and	proline	metabolism,	glutathione	metabolism,	

and	 peptidoglycan	 biosynthesis.	 These	 pathways	 reflect	 critical	 processes	 impacted	 in	 the	

meropenem-susceptible	strain	(S)	upon	exposure	to	meropenem.		
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Figure	4.27	Functional	analysis	for	the	meropenem-susceptible	(S)	E.	coli	strain	comparing	0	μg/mL	and	
4	μg/mL	 meropenem	 conditions.	 The	 scatter	 plot	 shows	 enriched	 pathways	 based	 on	 significantly	 altered	
metabolites,	with	pathway	impact	scores	on	the	x-axis	and	-log10(p=value)	of	enrichment	significance	on	the	y-axis.	
Each	point	represents	a	pathway,	with	its	size	and	colour	denoting	the	p-value	(larger,	redder	points	indicate	higher	
significance).	The	accompanying	table	provides	detailed	pathway	enrichment	statistics,	including	the	total	number	
of	pathway	metabolites	(Total),	detected	hits	(Hits),	significant	hits	(Hits	(sig.)),	expected	hits	(Expected),	p-value	
(PFisher),	and	pathway	impact	score	(P[Gamma]).	
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Alterations	in	pyrimidine	metabolism	suggest	a	heightened	demand	for	nucleotide	synthesis,	

possibly	 to	support	DNA	repair	mechanisms	under	meropenem	exposure.332	 Such	pathway,	

essential	for	maintaining	cellular	homeostasis,	may	be	activated	to	counteract	damage	to	the	

nucleic	 acid	 structure	 caused	by	 antibiotic-induced	 stress.372	 Similarly,	 changes	 in	histidine	

metabolism	and	arginine	and	proline	metabolism	potentially	point	toward	altered	amino	acid	

biosynthesis.373,374	These	pathways	likely	support	the	production	of	proteins	involved	in	stress	

responses	 and	 cellular	 repair,	 indicating	 a	 reallocation	 of	 metabolic	 resources	 to	 sustain	

survival	under	stress	conditions.348,375	

Enrichment	 in	 glutathione	 metabolism	 underscores	 the	 role	 of	 antioxidant	 defence	

mechanisms	in	managing	oxidative	stress.376,377	Glutathione	plays	a	central	role	in	detoxifying	

ROS,	which	are	typically	elevated	under	antibiotic	pressure.378	The	observed	changes	suggest	

an	 increased	need	 for	oxidative	stress	management	 in	 the	meropenem-susceptible	strain,	a	

common	bacterial	response	to	antibiotic-induced	stress.379	

Significant	changes	in	peptidoglycan	biosynthesis	highlight	the	effort	of	the	strain	to	maintain	

cell	wall	 integrity	 during	meropenem	 exposure.380	 As	 a	major	 structural	 component	 of	 the	

bacterial	cell	wall,	peptidoglycan	biosynthesis	 is	critical	 for	preserving	cell	morphology	and	

preventing	lysis	under	osmotic	and	antibiotic	stress.381	The	presence	of	pCR2.1	plasmid,	which	

contains	 an	 ampicillin	 resistance	 gene	 against	 β-lactam	 antibiotic,	 may	 further	 influence	

changes	 in	peptidoglycan	biosynthesis.382	While	meropenem	disrupts	 cell	wall	 synthesis	 as	

part	 of	 its	 mechanism,	 these	 observations	 suggest	 an	 adaptive	 attempt	 by	 the	 strain	 to	

counteract	such	effects.	

The	results	indicate	that	the	S	strain	reallocates	metabolic	resources	toward	critical	pathways	

involved	in	nucleotide	synthesis,	amino	acid	metabolism,	and	oxidative	stress	management.	

The	 activation	 of	 glutathione	 metabolism	 underscores	 the	 effort	 of	 the	 strain	 to	 mitigate	

ROS-induced	 damage,	 while	 changes	 in	 peptidoglycan	 biosynthesis	 reflect	 its	 attempts	 to	

counteract	cell	wall-disrupting	effects	of	the	antibiotic.	These	findings	highlight	the	metabolic	

reprogramming	 of	 the	 strain	 under	 meropenem	 pressure,	 albeit	 within	 the	 constraints	
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imposed	by	its	plasmid-mediated	susceptibility.	

The	 S	 and	 E	 strains	 exhibited	 both	 shared	 and	 distinct	metabolic	 pathway	 enrichments	 in	

response	to	meropenem	exposure.	Both	strains	showed	enrichment	in	pyrimidine	metabolism,	

purine	 metabolism,	 and	 peptidoglycan	 biosynthesis,	 suggesting	 that	 meropenem	 exposure	

induced	increased	nucleotide	turnover	and	cell	wall	remodelling.	In	the	S	strain,	glutathione	

metabolism	was	significantly	enriched,	indicating	an	oxidative	stress	response,	whereas	this	

pathway	was	not	significantly	altered	in	the	E	strain.376	Additionally,	fatty	acid	degradation	and	

lysine	biosynthesis	were	enriched	in	the	S	strain	but	not	in	the	E	strain.	The	E	strain	exhibited	

significant	enrichment	in	amino	sugar	and	nucleotide	sugar	metabolism,	which	was	absent	in	

the	 S	 strain,	 indicating	 potential	 differences	 in	 sugar	 utilisation	 or	 modifications	 affecting	

bacterial	surface	structures	under	meropenem	exposure.		

In	 contrast	 to	 the	 E	 and	 S	 strains,	 the	 R	 strain	 exhibited	 no	 significant	metabolic	 pathway	

enrichment	when	exposed	to	meropenem.	With	insufficient	statistical	significance	to	generate	

a	pathway	enrichment	map.	The	finding	indicates	a	lack	of	substantial	metabolic	alterations	in	

response	 to	 meropenem.	 The	 result	 is	 critical,	 as	 it	 suggests	 that	 the	 R	 strain	 maintains	

metabolic	 homeostasis	 even	 under	 antibiotic	 stress,	 likely	 due	 to	 its	 efficient	 hydrolysis	 of	

meropenem	via	NDM-7	activity.	The	absence	of	detectable	metabolic	perturbations	highlights	

the	metabolic	 stability	 of	 the	 resistant	 strain,	 reinforcing	 the	 idea	 that	meropenem	 exerts	

minimal	selective	pressure	at	the	metabolic	level	when	resistance	is	already	established.	

4.3.4.3 Functional	analysis	comparing	meropenem-susceptible	and	meropenem-resistant	strains	

Finally,	 comparing	 metabolic	 adaptations	 between	 the	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	 (R)	 strains	 was	 performed	 to	 identify	 whether	 significantly	 altered	

metabolic	pathways	were	present.	Controlling	 for	presence	of	 the	plasmid	and	other	strain	

specific	 criteria,	 this	 comparison	 would	 reveal	 metabolic	 pathways	 linked	 directly	 to	 the	

presence	 of	 the	 resistant	 gene	 that	 had	 been	 inserted.	 Functional	 analysis	 (Figure	 4.28	

pathway	enrichment	map)	was	performed	to	compare	significantly	altered	pathways	between	

S	and	R	strains	under	4	μg/mL	meropenem	exposure.	
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Figure	 4.28	 Functional	 analysis	 of	 metabolic	 profiles	 comparing	 meropenem-susceptible	 (S)	 and	
meropenem-resistant	(R)	strains	under	4	μg/mL	meropenem	exposure.	The	scatter	plot	highlights	pathways	
significantly	altered	 in	the	S	vs.	R	comparison,	with	pathway	 impact	scores	on	the	x-axis	and	-log10(p-value)	of	
enrichment	significance	on	the	y-axis.	Each	point	represents	a	pathway,	with	its	size	and	colour	denoting	the	p-value	
(larger,	redder	points	indicate	higher	significance).	The	accompanying	table	provides	detailed	pathway	enrichment	
statistics,	 including	 the	 total	number	of	pathway	metabolites	 (Total),	 detected	hits	 (Hits),	 significant	hits	 (Hits	
(sig.)),	expected	hits	(Expected),	p-value	(PFisher),	and	pathway	impact	score	(P[Gamma]).	
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The	analysis	identified	significant	differences	in	key	pathways,	including	histidine	metabolism,	

pyrimidine	metabolism,	O-antigen	nucleotide	sugar	biosynthesis,	peptidoglycan	biosynthesis,	

and	polyketide	sugar	unit	biosynthesis.	These	pathways	reflected	critical	cellular	processes,	

particularly	in	the	context	of	membrane	integrity,	nucleotide	synthesis,	and	stress	response.383-

388	

Alterations	in	histidine	metabolism	may	indicate	changes	in	amino	acid	biosynthesis	pathways,	

potentially	linked	to	the	metabolic	demands	imposed	by	antibiotic	exposure.389	Similarly,	the	

enrichment	 of	 pyrimidine	 metabolism,	 which	 plays	 a	 critical	 role	 in	 nucleotide	 synthesis,	

showed	 significant	 involvement,	 potentially	 reflecting	 a	 higher	 demand	 for	 nucleotide	

precursors	 under	meropenem	 exposure.390	 Such	 observation	 could	 be	 related	 to	 processes	

such	as	DNA	repair	or	RNA	synthesis.		

Pathways	associated	with	cell	wall	integrity,	such	as	O-antigen	nucleotide	sugar	biosynthesis	

and	 peptidoglycan	 biosynthesis,	 were	 significantly	 impacted.386,387	 The	 involvement	 of	

polyketide	sugar	unit	biosynthesis	suggests	differences	 in	secondary	metabolite	production	

between	 the	 strains.391,392	 The	 meropenem-susceptible	 strain	 may	 divert	 resources	 to	 the	

production	 of	 stress-response	 metabolites,	 reflecting	 its	 vulnerability	 to	 meropenem.	

Meanwhile,	 efficient	 resistance	mechanisms	of	 the	R	 strain	 likely	 reduce	 the	need	 for	 such	

compensatory	 metabolic	 responses.	 These	 findings	 provide	 insights	 into	 the	 metabolic	

trade-offs	associated	with	susceptibility	and	resistance	in	E.	coli.	The	metabolic	instability	of	

and	adaptive	reprogramming	of	S	strain	highlight	its	vulnerability	to	meropenem,	while	the	R	

resilience	of	R	strain	highlights	the	metabolic	advantages	conferred	by	NDM-7	expression.	The	

contrasting	 functional	 profiles	 between	 the	 S	 and	 R	 strains	 not	 only	 enhanced	 our	

understanding	of	metabolic	consequences	of	resistance	mechanisms	but	also	offer	potential	

targets	for	therapeutic	interventions	aimed	at	disrupting	adaptive	pathways	or	enhancing	the	

efficacy	of	antibiotics.393	
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 Discussion	and	conclusion	

The	chapter	4	results	sections	highlighted	distinct	metabolic	responses	of	the	wild-type	(E),	

meropenem-susceptible	 (S),	 and	meropenem-resistant	 (R)	 strains	 of	E.	 coli	 to	meropenem	

exposure.	 These	 responses	 were	 shaped	 by	 differences	 in	 genetic	 background,	 resistance	

mechanisms,	 and	 metabolic	 capacity,	 revealing	 how	 bacterial	 strains	 adapt	 to	 antibiotic	

exposure	through	metabolic	changes.	

The	wild-type	strain	(E)	demonstrated	substantial	metabolic	reprogramming	in	response	to	

meropenem.	 Functional	 analyses	 indicated	 the	 involvement	 of	 pathways	 associated	 with	

nucleotide	metabolism,	oxidative	stress	management,	and	central	carbon	metabolism.	These	

findings	suggest	that	the	wild-type	strain	reallocates	metabolic	resources	to	processes	critical	

for	maintaining	cellular	homeostasis	and	mitigating	oxidative	damage.	For	example,	increased	

activity	in	pathways	like	glycerophospholipid	metabolism	suggests	membrane	remodelling	as	

an	 essential	mechanism	 for	 preserving	 structural	 integrity	 during	 antibiotic	 exposure.	 The	

absence	of	intrinsic	resistance	mechanisms	in	the	wild-type	strain	necessitates	these	extensive	

metabolic	adjustments,	which	are	energetically	demanding.	

The	 meropenem-susceptible	 strain	 exhibited	 a	 more	 constrained	 metabolic	 responses	

compared	to	the	wild-type	strain.	Functional	analyses	highlighted	the	involvement	of	pathways	

such	 as	 nucleotide	 biosynthesis,	 oxidative	 stress	 management,	 and	 membrane	 integrity.	

However,	the	metabolic	burden	imposed	by	the	pCR2.1	plasmid,	may	limit	its	adaptive	capacity	

but	further	studies	would	be	required	to	investigate	this.	The	dual	burden	–	plasmid-associated	

metabolic	costs	and	the	lack	of	specific	resistance	to	meropenem	–	may	influence	metabolic	

response	of	the	strain	to	meropenem.	

In	 contrast,	 the	 meropenem-resistant	 strain	 demonstrated	 remarkable	 metabolic	 stability,	

with	minimal	changes	in	its	metabolic	profile	under	meropenem	exposure.342	The	metabolic	

stability	 is	 likely	to	be	due	to	the	presence	of	NDM-7	carbapenemase,	which	hydrolyses	the	

meropenem	 antibiotic,	 consequently	 reducing	 the	 need	 for	 widespread	 of	 metabolic	

adjustments.	 Functional	 analysis	 could	 not	 identify	 enriched	 pathways	 for	 the	 comparison	
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between	vehicle	control	and	meropenem	treatment	of	meropenem-resistant	strain	(R)	due	to	

insufficient	significant	differences	between	conditions.	The	lack	of	metabolic	change	suggests	

that	the	pre-existing	enzymatic	resistance	mechanisms	of	the	strain	mitigate	the	need	to	alter	

core	biosynthetic	processes	to	maintain	homeostasis	under	antibiotic	stress.		

In	addition	to	pathway-level	insights,	key	metabolites	driving	the	observed	metabolic	changes	

across	strains	were	identified.	Table	4.1	summarizes	these	metabolites,	their	changes	under	

meropenem	exposure,	and	potential	roles	in	cellular	processes,	with	a	significance	threshold	

of	FC	>	1.5	and	p	value	<	0.05.	The	metabolic	responses	to	meropenem	exposure	varied	across	

E.	coli	strains,	with	distinct	changes	observed	in	nucleotide	metabolism,	stress	signalling,	and	

central	carbon	pathways.	Cytidine	diphosphate,	involved	in	membrane	phospholipid	synthesis,	

increased	in	wild-type	strains	but	decreased	in	susceptible	strains,	suggesting	strain-specific	

differences	in	membrane	remodelling.	394	Stress-related	metabolites,	including	2',3'-cAMP	and	

cAMP,	 showed	 differential	 regulation,	 indicating	 antibiotic-induced	 stress	 responses,	 while	

glutathione	 was	 upregulated	 in	 resistant	 strains,	 highlighting	 an	 adaptive	 oxidative	 stress	

response.	342,395	341,396,397	Changes	in	TCA	cycle	intermediates,	such	as	isocitrate,	and	glycolytic	

metabolites,	 including	 fructose-6-phosphate	 and	 2-phosphoglycerate,	 suggest	 metabolic	

rewiring	 under	 antibiotic	 pressure.398-400	 Amino	 acid	 metabolism	 was	 also	 affected,	 with	

decreases	in	isopropyl	malate	and	multiple	N-acetylated	amino	acids,	reflecting	disruptions	in	

biosynthetic	pathways.401-404	Additionally,	sedoheptulose-1-phosphate,	 linked	to	 the	pentose	

phosphate	 pathway,	 showed	 strain-dependent	 changes,	 suggesting	 altered	 carbon	 flux	 and	

membrane	 adaptation.	 330,405	 Overall,	 wild-type	 and	 susceptible	 strains	 exhibited	 greater	

metabolic	perturbations,	while	resistant	strains	showed	more	stable	metabolic	profiles,	with	

specific	adaptations	to	oxidative	stress	and	altered	carbon	metabolism.	
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Table	4.1	Summary	of	key	metabolite	changes	driving	metabolic	responses	to	meropenem	across	wild-type,	
susceptible,	and	resistant	E.	coli	strains.	Increase	and	decreases	indicated	by	up	and	down	arrows,	arow	to	
right	indicates	no	change	(FC	cut	off	value	=	1.5	p-value	<	0.05,	*FDR	corrected).	
Metabolite	 E0	vs	E4		 S0	vs	S4	 R0	vs	R4	 R0	vs	R16	 	Potential	Role	

/Refs	
Cytidine	diphosphate	 ↑*	 ↓*	 →	 ↓*	 Membrane	

phospholipid	394	
Thymidine	phosphate	 →	 ↑*	 →	 →	 Thymidine	salvage	

406	
2’,3’-cAMP	 ↑*	 ↑	 →	 →	 Antibiotic	related	

stress395	
Isocitrate	 ↓	 ↓	 →	 ↑*	 TCA	cycle	398	
Galactaric	acid	 ↓	 ↓	 →	 →	 Galactarate	

catabolism407	
Isopropylmalate	 ↓	 ↓*	 ↑	 →	 Leucine	

biosynthesis	401	
N-Acetyl-methionine	 ↓	 →	 →	 →	 Methionine	

biosynthesis	402	
N-Acetyl-tryptophan	 ↓*	 →	 →	 →	 Protein	synthesis	403	
N-Acetyl-valine	 ↓	 →	 →	 →	 	
N-Acetylaspartyl-glutamate	 ↓	 ↓*	 →	 →	 Nucleotide	

synthesis,	oxidative	
stress	
408,	409,410	

N-Acetyl	Phenylalanine	 ↓	 →	 →	 →	 Protein	synthesis	404	
Hippurate	 ↓	 →	 →	 →	 	
Glutathione	 →	 →	 →	 ↑*	 Protection	against	

oxidative	stress	397	
6-Phosphogluconate	 →	 →	 →	 →	 Pentose	phosphate	

pathway	411	
Oxoadipate	 ↓	 →	 →	 ↑	 Aromatic	compound	

catabolism	412	
Sorbitol	 ↑	 →	 →	 →	 	
Sedoheptulose-1-phosphate	 ↑	 →	 ↑	 ↓	 Pentose	phosphate	

pathway,	
counteracting	
oxidative	stress		
330,405	

cAMP	 ↑	 ↓*	 ↓	 ↑	 Stress	signalling		
342	341,396	

Fructose	2,6-biphosphate	 ↓	 →	 →	 →	 	
Frucose-6-phosphate	 →	 →	 ↑	 ↓	 Glycolysis	399	
Pyroglutamate	 →	 ↑	 →	 ↓	 Inhibition	of	

glutamate	uptake	413	
2,3-Diphosphsphoglycerate	 →	 ↓	 →	 →	 	
2-Phosphoglycerate	 →	 ↓	 →	 ↓*	 Central	carbon	

metabolism	400	
3-Phosphoglycerate	 →	 ↓	 →	 →	 400	
Glucoronate	 →	 →	 ↓	 →	 Carbon	source	414	
UDP	 →	 →	 ↓	 ↓*	 Lipopolysaccharide	

biosynthesis	415		
Uracil	 →	 →	 ↓	 ↑*	 Nucleotide	

metabolism	416	
Thymine	 →	 →	 ↓	 →	 DNA	repair	417	
Total	up/down/no	change	 5/11/12	 3/9/16	 3/5/20	 6/5/17	 	
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Comparing	 the	metabolic	 responses	 of	 the	 three	 strains	 highlights	 key	 differences	 in	 their	

adaptive	 strategies.	 The	 wild-type	 and	 meropenem-susceptible	 strains	 exhibited	 greater	

metabolic	reprogramming,	consistent	with	their	need	to	activate	pathways	involved	in	survival	

under	 antibiotic	 pressure.	 These	 responses	 come	 at	 an	 energetic	 cost,	 requiring	 resource	

allocation	to	stress	management	processes.	In	contrast,	the	metabolic	stability	observed	in	the	

meropenem-resistant	 strain	underscores	 the	efficiency	of	 its	 resistance	mechanisms,	which	

mitigate	disruptions	to	core	metabolic	functions	by	neutralizing	the	antibiotic	before	broader	

cellular	effects	occur.	

To	 provide	 a	 comparative	 overview	 of	 the	 metabolic	 changes	 across	 strains,	 Table	 4.2	

summarizes	 the	predicted	pathway	changes	 in	 response	 to	meropenem	exposure.	The	data	

highlight	key	pathways	that	were	significantly	altered	in	the	wild-type	(E)	and	susceptible	(S)	

strains,	 while	 the	 resistant	 (R)	 strain	 showed	 no	 substantial	 metabolic	 changes.	 Notably,	

glycerophospholipid	 metabolism	 was	 enriched	 in	 both	 the	 E	 and	 S	 strains	 but	 not	 in	 R,	

suggesting	 that	membrane	 remodelling	 plays	 a	 role	 in	 susceptible	 strains	 under	 antibiotic	

stress.	Peptidoglycan	metabolism	and	histidine	metabolism	were	significantly	enriched	in	the	

S	strain	but	not	in	the	E	strain,	indicating	a	strain-specific	response	to	cell	wall	and	amino	acid	

metabolism.	 In	contrast,	 the	resistant	strain	(R)	exhibited	no	significant	metabolic	pathway	

enrichment	upon	meropenem	exposure	(R0	vs	R4),	further	reinforcing	the	minimal	metabolic	

impact	of	meropenem	on	this	strain.	
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Table	4.2	Predicted	pathway	change	comparison.	
Pathways	 E0	vs	E4	 S0	vs	S4	 R0	vs	R4	 S4	vs	R4	 R0	vs	R16	
Glycerophospholipid	
metabolism	

YES	 YES	 N/A	 YES	 NO	

Siderophore	metabolism	 YES	 NO	 N/A	 NO	 YES	
Ubiquinone	metabolism	 YES	 NO	 N/A	 NO	 NO	
Vit	B6	metabolism	 YES	 NO	 N/A	 NO	 NO	
Porphyrin	metabolism	 YES	 NO	 N/A	 NO	 NO	
Amino	acid	metabolism	 YES	 YES	 N/A	 YES	 YES	
Pyrimidine	and	purine	 YES	 YES	 N/A	 YES	 YES	
Aminobenzoate	metabolism	 YES	 NO	 N/A	 NO	 YES	
Glutathione	metabolism	 NO	 YES	 N/A	 NO	 NO	
Peptidoglycan	metabolism	 NO	 YES	 N/A	 YES	 NO	
Histidine	metabolism	 NO	 YES	 N/A	 YES	 NO	
Glycolysis	 NO	 NO	 N/A	 YES	 NO	
Pentose	phosphate	pathway	 NO	 NO	 N/A	 YES	 NO	
Fatty	acid	degradation	 NO	 NO	 N/A	 YES	 YES	

These	results	have	broader	implication	for	understanding	the	metabolic	dynamics	of	antibiotic	

resistance	 and	 susceptibility.	 The	 reliance	 of	 the	 meropenem-resistant	 strain	 on	 NDM-7	

mediated	 resistance	 and	 associated	 pathways	 present	 opportunities	 for	 intervention	 by	

disrupting	 these	 systems	 or	 enhancing	 metabolic	 stress	 to	 overcome	 resistance.	 By	

characterising	strain-specific	metabolic	adaptations,	this	study	provides	valuable	insights	into	

the	 interplay	 between	 antibiotic	 stress	 and	 bacterial	 metabolism.	 These	 findings	 offer	

promising	 avenues	 for	 the	 development	 of	 targeted	 therapies	 aimed	 at	 combating	

carbapenem-resistant	pathogens.	

In	conclusion,	the	metabolic	adaptations	observed	in	response	to	meropenem	exposure	reflect	

the	interplay	between	genetic	and	resistance	factors	in	shaping	bacterial	survival	strategies.	

The	 wild-type	 strain	 relies	 on	 extensive	 metabolic	 reprogramming	 to	 adapt	 to	

meropenem-induced	stress.	The	meropenem-susceptible	strain	shows	constrained	metabolic	

adjustments,	 potentially	 influence	by	 the	dual	 burden	of	 plasmid-associated	 resistance	 and	

meropenem	stress,	and	the	meropenem-resistant	strain	maintain	metabolic	stability	through	

efficient	resistance	mechanism.	These	findings	contribute	to	a	broader	understanding	of	the	

metabolic	strategies	underpinning	antibiotic	susceptibility	and	resistance,	providing	critical	

insights	 for	 the	 development	 of	 targeted	 therapeutic	 interventions	 against	

carbapenem-resistant	pathogens.	
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4.4 Metabolic	responses	of	resistant	E.	coli	(DH5α	pCR2.1	NDM-7)	to	minimum	

inhibitory	concentration	(16	μg/mL)	meropenem	exposure	

The	exposure	of	the	meropenem-resistant	strain	(R)	to	16	μg/mL	meropenem	represents	an	

important	step	in	understanding	the	metabolic	and	adaptive	strategies	employed	by	this	strain	

under	extreme	antibiotic	pressure.	The	concentration	of	meropenem,	established	as	the	MIC	in	

Section	4.2.1,	was	shown	to	be	the	threshold	at	which	bacterial	growth	was	inhibited	by	the	

antibiotic.	 While	 4	μg/mL	 meropenem	 induced	 some	 metabolic	 changes	 in	 the	

meropenem-resistant	strain	compared	 to	 the	wild-type	(E)	and	meropenem-susceptible	 (S)	

strains,	 it	 remained	 to	 be	 understood	what	 the	metabolic	 effects	were	 at	 higher	 antibiotic	

concentrations,	specifically	at	MIC.		

Moreover,	 identifying	 metabolic	 vulnerabilities	 at	 MIC	 could	 inform	 therapeutic	 strategies	

aimed	at	disrupting	pathways	that	are	working	to	maintain	homeostasis	in	resistant	strains	

under	 critical	 antibiotic	 load.	 Understanding	 how	 the	R	 strain	 achieves	metabolic	 stability,	

despite	 heightened	 antibiotic	 stress,	 could	 reveal	 critical	 pathways	 or	 metabolites	 that	

represent	 potential	 targets	 for	 intervention,	 paving	 the	 way	 for	 novel	 approaches	 to	

combatting	antibiotic	resistance.	Therefore,	next	the	R	strain	was	treated	with	16	μg/mL	for	

1-hour	and	 compared	 to	 the	vehicle	 control.	Untargeted	metabolomics	by	AEC-MS/MS	was	

performed	on	metabolite	extracts.	

 Data	quality	assessment	and	metabolic	responses	in	meropenem-resistant	E.	coli	

at	minimum	inhibitory	concentration	

The	data	quality	assessment	for	the	meropenem-resistant	(R)	strain	under	vehicle	control	(R_0)	

and	MIC-treated	conditions	(R_16)	was	conducted.	By	evaluating	the	clustering	of	replicates	

and	 the	global	 variance	 in	metabolic	profiles,	 this	 step	aimed	 to	 confirm	 that	 the	observed	

differences	were	consistent	and	reflective	of	biological	effects	rather	than	technical	variation.		

The	unclustered	heatmap	(Figure	4.29)	shows	the	abundances	of	metabolites	across	the	R_0	

(untreated)	and	R_16	(MIC-treated)	conditions,	providing	a	detailed	overview	of	the	dataset.	It	



Chapter	4	

180	
 

shows	no	major	intra-class	variability	indicating	not	bias	in	sample	experimental	or	technical	

bias	in	the	data.	

The	PCA	plot	(Figure	4.30)	shows	clear	separation	between	the	metabolic	profiles	of	R_0	and	

R_16	samples,	with	distinct	clustering	of	biological	replicates	in	each	condition.	The	separation	

along	the	primary	components	highlights	the	impact	of	meropenem	on	metabolic	landscape	of	

the	R	strain	at	MIC.	The	clustering	of	R_16	replicates	indicate	a	uniform	metabolic	adaptation	

to	 meropenem-induced	 stress,	 whereas	 the	 separation	 from	 R_0	 highlights	 a	 distinct	

reprogramming	of	metabolic	pathways	in	response	to	the	antibiotic.	

Figure	 4.29	 Unclustered	 heatmap	 showing	 metabolite	 abundance	 profiles	 of	 the	 meropenem-resistant	
E.	coli	strain	(R)	under	vehicle	control	(R_0,	red)	and	MIC-treated	conditions	(R_16,	magenta).	Each	column	
represents	a	biological	replicate,	and	each	row	corresponds	to	a	detected	compound	feature.	Normalized	abundances	
are	represented,	with	red	indicating	higher	abundance	and	blue	indicating	lower	abundance.	



Chapter	4	

181	
 

 Metabolites	altered	under	minimum	inhibitory	concentration	conditions	

The	metabolic	profile	of	the	meropenem-resistant	strain	(R)	exposed	to	the	MIC	of	meropenem	

(16	μg/mL)	were	further	investigated	to	better	understand	the	biochemical	adjustments	under	

high	antibiotic	concentration.	The	analysis	specifically	aimed	to	identify	significantly	altered	

metabolites	that	reflect	the	interplay	between	resistance	mechanisms	and	broader	metabolic	

responses,	highlighting	pathways	 that	are	activated	or	suppressed	 in	response	 to	antibiotic	

stress.	The	findings	provide	insights	into	resistance-associated	metabolic	changes.	

Univariate	analysis	was	employed	to	compare	the	metabolite	abundances	between	the	vehicle	

control	(R_0,	bright	red)	and	MIC-treated	(R_16,	magenta)	conditions.	A	volcano	plot	(Figure	

4.31)	 was	 generated	 to	 visualize	 compound	 features	 with	 statistically	 significant	 changes,	

Figure	4.30	Principal	Component	Analysis	(PCA)	plot	comparing	the	metabolic	profiles	of	R_0	(DMSO)	and	
R_16	(16	μg/mL	meropenem-treated)	samples.	The	PCA	plot	highlights	clear	separation	between	the	metabolic	
profiles	 of	 the	 untreated	 (R_0)	 and	 MIC-treated	 (R_16)	 samples,	 with	 distinct	 clustering	 of	 replicates	 for	 each	
condition.	 The	 first	 two	 components	 account	 for	 24.8%	 and	 18.1%	 of	 the	 variance,	 respectively,	 underscoring	
significant	shifts	in	the	global	metabolic	landscape	upon	meropenem	exposure	at	MIC.	
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based	on	log2	FC	and	adjusted	p-values	(FDR	correction	<	0.05).	Box	plots	(Figure	4.32)	were	

used	 to	 highlight	 the	 top	 10	 significantly	 altered	metabolites,	 providing	 a	 detailed	 view	 of	

changes	in	their	normalized	concentrations	across	biological	replicates.	

The	 volcano	 plot	 (Figure	 4.31)	 	 revealed	 a	 total	 of	 195	 significantly	 upregulated	

compound-features	 and	 605	 significantly	 downregulated	 compound-features	 in	 R_16	

condition	compared	 to	R_0.	 	These	changes	emphasise	 the	ability	of	 the	 strain	 to	adjust	 its	

metabolic	network	under	meropenem	exposure.	A	substantial	proportion	of	the	compounds	

(3289)	showed	no	significant	change,	indicating	a	level	of	metabolic	stability.	

The	 box	 plots	 (Figure	 4.32)	 highlight	 key	 metabolites	 altered	 under	 MIC	 conditions.	

Glucosamine-6-phosphate,	 a	 key	 component	 in	 peptidoglycan	 biosynthesis,	 was	 notably	

downregulated,	while	2-hydroxyglutarate	was	significantly	upregulated,	suggesting	activation	

of	 oxidative	 stress	 pathways	 to	 mitigate	 ROS	 accumulation	 and	 help	 to	 preserve	 cellular	

integrity.418,419	Additionally,	the	upregulation	of	4-hydroxybutyric	acid	indicates	a	shift	toward	

alternative	 energy	 generation,	 reflecting	 an	 increased	 reliance	 on	 non-glycolytic	

mechanisms.420	 Conversely,	 several	 metabolites,	 including	 uridine	 5’-diphosphate	 and	

Figure	4.31	Volcano	plot	comparing	significantly	altered	metabolites	between	R_0	(DMSO	vehicle	control)	
and	R_16	(16	μg/mL	meropenem-treated)	conditions.	The	x-axis	represents	the	log2	FC	in	metabolite	abundance,	
while	 the	 y-axis	 displays	 -log10(p-value),	 reflecting	 the	 statistical	 significance.	 Red	 points	 indicate	 significantly	
upregulated	metabolites,	blue	points	indicate	significantly	downregulated	metabolites,	and	larger	points	represent	
metabolites	with	higher	statistical	confidence	(FDR	corrected	p-value	<	0.05).	
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adenosine	diphosphate	(dADP),	were	downregulated,	suggesting	resource	reallocation,	with	

energy	 and	 precursors	 diverted	 away	 from	 routine	 biosynthetic	 activities	 and	 towards	

pathways	supporting	immediate	stress	adaptation.421,422	

	

		

	

	

	

	

	

	

Figure	 4.32	 Box	 plots	 of	 the	 top	 10	 significantly	 altered	 metabolites	 comparing	 DMSO	 (R_0)	 and	 MIC	
meropenem-treated	 (R_16)	 conditionds	 fo	 the	 meropenem-resistant	 (R)	 strain	 exposed	 to	 16	 μg/mL	
meropenem.	The	box	plots	represent	normalised	concentrations	for	each	metabolite	across	biological	replicates.	FDR-
adjusted	p-value	<	0.05	
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The	 altered	 metabolic	 profile	 of	 the	 meropenem-resistant	 strain	 highlights	 its	 capacity	 to	

reallocate	metabolic	 resources	 under	 antibiotic	 exposure.	 The	 observed	 downregulation	 of	

metabolites	 such	 as	 uridine	 5’-diphosphate	 may	 indicate	 a	 reduced	 demand	 for	 certain	

biosynthetic	 pathways,	 potentially	 as	 part	 of	 a	 broader	 strategy	 to	 reallocate	 resources.		

Concurrently,	 the	 upregulation	 of	 metabolites	 associates	 with	 oxidative	 stress	 and	 energy	

metabolism	 suggests	 possible	 roles	 in	 mitigation	 of	 the	 damaging	 effects	 of	 meropenem	

exposure	while	maintaining	cellular	homeostasis.		

 Multivariate	 analysis	 of	 metabolic	 profiles	 under	 minimum	 inhibitory	

concentration	conditions	

Multivariate	statistical	analysis	was	performed	to	evaluate	the	global	metabolic	changes	in	the	

meropenem-resistant	strain	(R)	under	MIC-treated	(R_16)	and	vehicle	control	(R_0)	conditions.	

The	approach	captured	the	overarching	metabolic	phenotype	and	detect	complex	patterns	of	

metabolite	 changes	 across	 the	 two	 conditions.	 By	 integrating	 multiple	 metabolites	 into	 a	

vector-based	 model,	 the	 analysis	 aimed	 to	 identify	 key	 discriminatory	 metabolites	 and	

metabolic	trends	that	define	the	response	of	the	resistant	strain	to	meropenem	exposure	at	

MIC.	

The	 analysis	 employed	 hierarchical	 clustering	 of	 the	 top	 50	 metabolites	 with	 the	 highest	

variance	to	generate	a	heatmap.	The	method	grouped	metabolites	by	similarity	in	abundance	

patterns,	 enabling	 visualization	 of	metabolic	 regulation	 differences	 between	 R_0	 and	 R_16	

conditions.	 VIP	 scores	 from	 the	 PLS-DA	 model	 identified	 metabolites	 contributing	 most	

significantly	 to	 the	 separation	 between	 conditions.	 The	 quality	 of	 the	 PLS-DA	 model	 was	

evaluated	using	cross-validation	metrics,	including	accuracy,	R²,	and	Q²	values.		

The	 hierarchical	 clustering	 heatmap	 (Figure	4.33)	 revealed	 distinct	metabolite	 abundance	

profiles	between	the	vehicle	control	(R_0)	and	MIC-treated	(R_16)	conditions	with	biological	

replicates	 from	 each	 condition	 grouping	 closely	 together,	 validating	 data	 reproducibility.	

Considerable	 differences	 were	 observed	 in	 metabolite	 clusters,	 indicating	 substantial	

regulation	in	response	to	meropenem	exposure.	
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These	clusters	highlight	patterns	of	upregulation	and	downregulation	of	metabolites	under	

MIC	 conditions,	 reflecting	 pronounced	 metabolic	 adjustments	 aimed	 at	 countering	

meropenem	 exposure.	 Several	 metabolite	 clusters	 exhibited	 strong	 upregulation	 in	 R_16,	

potentially	pointing	to	critical	adaptive	processes	required	to	mitigate	the	antibiotic	effects.	

VIP	 scores	 (Figure	4.34)	 from	 the	 PLS-DA	model	 identified	metabolites	 contributing	most	

significantly	to	the	separation	between	conditions,	including	thymidine	triphosphate,	cytidine	

diphosphate,	 and	 glucosamine-6-phosphate	 as	 key	 discriminatory	 metabolites.	 These	

metabolites	were	linked	to	nucleotide	metabolism,	cell	wall	biosynthesis,	and	oxidative	stress	

response,	reflecting	adaptive	mechanisms	employed	by	the	resistant	strain.356,418,423	

Figure	 4.33	 Hierarchical	 clustering	 heatmap	 of	 the	 top	 50	 identified	 metabolites	 showing	 differential	
abundance	 patterns	 between	 R_0	 (DMSO	 vehicle	 control,	 red)	 and	 R_16	 (16	 μg/mL	meropenem-treated,	
magenta)	conditions.	The	heatmap	visualizes	normalized	metabolite	abundances	across	biological	replicates	 for	
both	conditions.	Red	indicates	higher	abundance,	blue	indicates	lower	abundance,	and	clustering	reflects	similarities	
in	metabolite	abundance	profiles	between	samples.	
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The	 hierarchical	 clustering	 heatmap	 provided	 a	 comprehensive	 overview	 of	 the	metabolic	

reprogramming	 in	 response	 to	MIC	exposure,	with	clear	evidence	of	upregulated	pathways	

linked	 to	 stress	 response	 and	 energy	 metabolism.	 The	 separation	 of	 metabolite	 clusters	

between	R_0	 and	R_16	 underscores	 the	metabolic	 flexibility	 and	 targeted	 responses	 of	 the	

meropenem-resistant	strain. Complementing	these	observations,	the	PLS-DA	model	(Figure	

4.35)	demonstrated	robust	classification	between	treated	and	untreated	conditions,	with	the	

one-component	model	achieving	optimal	performance	metrics	(accuracy	=	1.0,	R²	=	0.94916,	

and	Q²	=	0.87123).	The	result	highlights	the	discriminatory	power	of	the	selected	metabolites	

in	capturing	the	metabolic	shifts	induced	by	meropenem.	

Figure	4.34	VIP	(Variable	Importance	in	Projection)	scores	plot	highlighting	key	metabolites	contributing	to	
the	differentiation	between	R_0	(DMSO,	vehicle	control)	and	R_16	(16	μg/mL	meropenem-treated)	conditions.	
The	x-axis	displays	the	VIP	scores,	while	the	y-axis	lists	the	identified	metabolites.	The	heatmap	on	the	right	visualizes	
normalized	abundance	patterns	for	each	metabolite	across	the	two	conditions,	with	red	indicating	higher	abundance	
and	blue	indicating	lower	abundance.	
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VIP	scores	complemented	the	heatmap	analysis	by	quantitatively	ranking	metabolites	that	are	

most	 critical	 in	 differentiating	 treated	 and	 untreated	 conditions.	 High	 VIP	 scores	 for	

nucleotides	 and	 stress-related	 metabolites	 indicate	 significant	 metabolic	 perturbations	

between	these	conditions.	However,	these	metabolites	were	found	higher	levels	in	R_0	than	in	

R_16,	suggesting	that	nucleotide	depletion	occurred	following	meropenem	exposure.	Decrease	

in	nucleotide	pools	in	R_16	likely	indicates	a	reduced	capacity	for	DNA	synthesis	and	repair,	

potentially	 due	 to	 cell	 cycle	 arrest	 or	 impaired	 replication.	 The	 metabolic	 profile	 of	 R_16	

appears	 to	 reflect	 bacteria	 experiencing	 severe	 stress	 and	 struggling	 to	 counteract	

meropenem-induced	damage.	

Together,	 these	 findings	 reveal	 the	metabolic	 responses	 of	 the	meropenem-resistant	 strain	

under	MIC	conditions.	The	results	suggest	a	state	of	metabolic	distress,	where	bacteria	attempt	

to	 mitigate	 damage	 but	 may	 experience	 declining	 viability.	 These	 insights	 emphasise	 the	

complexity	 of	 metabolic	 responses	 under	 antibiotic	 exposure	 and	 could	 inform	 targeted	

therapeutic	interventions	aimed	at	disrupting	these	adaptive	metabolic	processes	to	combat	

resistance.	

Figure	4.35	Performance	metrics	for	the	PLS-DA	cross	validation.	The	bar	plot	represents	the	performance	of	
models	with	varying	numbers	of	components	based	on	three	metrics:	accuracy,	R²,	and	Q².	The	table	on	the	right	
provides	detailed	values	for	these	metrics	for	1	to	5	components.	The	model	with	one	component	is	highlighted	with	a	
red	asterisk,	indicating	its	optimal	performance	with	accuracy	=	1.0,	R²	=	0.94916,	and	Q²	=	0.87123.	This	analysis	
demonstrates	the	robustness	and	predictive	ability	of	the	PLS-DA	model	across	components.	
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 Functional	 analysis	 in	meropenem-resistant	E.	 coli	 under	minimum	 inhibitory	

concentration	conditions	

Understanding	how	meropenem-resistant	E.	coli	strains	adapt	their	metabolic	pathways	when	

exposed	 to	 the	MIC	 of	meropenem	 is	 crucial	 for	 identifying	metabolic	 vulnerabilities.	 This	

study	aimed	to	evaluate	pathway-level	changes	induced	by	meropenem	exposure,	providing	

insights	into	the	biochemical	strategies	employed	by	the	strain	to	mitigate	antibiotic	stress	and	

maintain	cellular	homeostasis.	Functional	analysis	was	used	to	assess	the	enriched	pathways	

and	their	biological	relevance,	revealing	key	metabolic	adaptations.	

Functional	analysis	was	conducted	using	significantly	altered	metabolites	identified	between	

the	vehicle	control	(R_0)	and	MIC-treated	(R_16)	conditions.	The	enrichment	analysis	applied	

pathway-level	 statistical	 evaluations,	 integrating	 metabolite	 abundance	 data	 with	 known	

biochemical	 networks	 to	 identify	 pathways	 significantly	 affected	 by	meropenem	 exposure.	

Metrics	such	as	pathway	impact	scores	and	adjusted	p-values	quantified	the	significance	and	

biological	 importance	 of	 these	 pathways.	 A	 comprehensive	 table	 detailed	 the	 pathways	

impacted,	along	with	the	number	of	hits	and	statistical	significance.	

The	functional	analysis	(Figure	4.36)	revealed	significant	pathway-level	changes	induced	by	

exposure	 to	 the	 MIC	 of	 meropenem	 (16	 μg/mL).	 Key	 enriched	 pathways	 included	 purine	

metabolism,	 phenylalanine,	 tyrosine,	 and	 tryptophan	 biosynthesis,	 and	 biosynthesis	 of	

siderophore	 group	 nonribosomal	 peptides,	 and	 novobiocin	 biosynthesis.	 These	 pathways	

underscore	 the	metabolic	 flexibility	of	 the	strain	and	highlight	 its	ability	 to	 support	 critical	

cellular	functions	under	stress.	
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Figure	 4.36	 Functional	 analysis	 of	 enriched	 pathways	 comparing	 R_0	 (DMSO,	 vehicle	 control)	 and	 R_16	
(16	μg/mL	meropenem-treated)	metabolic	profiles.	 The	 x-axis	 represents	 the	pathway	 impact	 score,	 and	 the	
y-axis	denotes	-log10(p-value)	of	enrichment.	Larger,	redder	points	indicate	pathways	with	higher	significance	and	
impact.	The	 table	below	 summarizes	 key	pathways,	 including	 the	number	of	hits,	 expected	values,	 and	statistical	
significance	metrics.	
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Purine	metabolism,	a	key	pathway	in	nucleotide	biosynthesis,	was	significantly	impacted.	The	

enrichment	 aligns	 with	 the	 increased	 demand	 for	 nucleotides	 to	 support	 DNA	 repair	 and	

replication,	which	are	essential	for	survival	under	stress	conditions.424	The	activation	of	this	

pathway	 underscores	 the	 ability	 of	 the	 strain	 to	 prioritise	 fundamental	 cellular	 processes	

necessary	for	adaptation	to	antibiotic	exposure.	

The	enrichment	of	the	biosynthesis	of	siderophore	group	nonribosomal	peptides	suggests	an	

adaptive	 strategy	 to	 scavenge	 iron,	 a	 vital	 resource	 under	 stress-induced	 environments.425	

Siderophores	play	a	crucial	role	in	iron	acquisition,	helping	to	mitigate	the	effects	of	oxidative	

stress	 and	 maintain	 cellular	 function.	 Such	 response	 highlights	 the	 importance	 of	 iron	

homeostasis	as	a	key	component	of	bacterial	survival	mechanisms	under	meropenem-induced	

stress.	

Pathways	 involved	 in	 phenylalanine,	 tyrosine,	 and	 tryptophan	 biosynthesis	 also	 showed	

significant	enrichment,	indicating	the	need	for	aromatic	amino	acids.426	These	amino	acids	are	

essential	for	protein	synthesis	and	may	also	support	the	production	of	secondary	metabolite	

involved	in	stress	responses.427		

Interestingly,	 the	 activation	 of	 novobiocin	 biosynthesis	 and	 chlorocyclohexane	 and	

chlorobenzene	degradation	pathways	suggests	potential	strategies	for	counteracting	stress.428	

These	 pathways	 may	 contribute	 to	 the	 survival	 of	 the	 strain	 by	 supporting	 detoxification	

harmful	by-products	or	mitigating	oxidative	stress	generated	during	antibiotic	exposure.429	

The	 functional	 analysis	 highlighted	 the	metabolic	 adaptability	 of	 the	meropenem-resistant	

strain	under	MIC	conditions.	Enrichment	in	purine	metabolism	reflects	the	prioritisation	of	the	

strain	such	as	nucleotide	biosynthesis,	critical	for	cellular	repair	and	replication	under	stress.	

Similarly,	 the	 activation	 of	 siderophore	 biosynthesis	 demonstrates	 the	 importance	 of	 iron	

acquisition	 in	 mitigating	 oxidative	 stress	 and	 supporting	 cellular	 functions.	 The	 enhanced	

activity	 in	 aromatic	 amino	 acid	 biosynthesis	 pathways	 suggests	 their	 dual	 role	 in	 protein	

synthesis	and	stress	adaptation.	



Chapter	4	

191	
 

Interestingly,	 the	 involvement	 of	 novobiocin	 biosynthesis	 and	 degradation	 pathways	 for	

chlorocyclohexane	and	chlorobenzene	suggests	additional	stress-mitigating	strategies,	such	as	

neutralising	toxic	by-products.	These	coordinated	metabolic	adaptations	highlight	the	ability	

of	the	strain	to	reallocate	resources	efficiently,	ensuring	survival	under	meropenem-induced	

stress.	

 Summary	

The	metabolic	response	of	the	meropenem-resistant	(R)	E.	coli	strain	to	MIC-level	meropenem	

exposure	highlights	the	precision	of	NDM-7	mediated	resistance.	While	substantial	metabolic	

reprogramming	was	observed,	 these	 changes	were	 targeted	and	efficient,	underscoring	 the	

robustness	 of	 adaptive	 mechanisms	 of	 the	 R	 strain	 under	 antibiotic	 stress.	 The	 distinct	

clustering	of	treated	and	untreated	samples	indicates	that	meropenem	at	16	μg/mL	elicits	a	

focused	metabolic	response	to	maintain	cellular	function	under	stress.	

Functional	 analysis	 revealed	 that	 pathways	 such	 as	 purine	metabolism	 and	 phenylalanine	

biosynthesis	 are	 critical	 for	 sustaining	 resistance,	 while	 suppressed	 basal	 activity	 in	 other	

pathways	suggested	a	strategic	reallocation	of	resource	to	essential	functions.	These	findings	

contribute	 to	 our	 understanding	 of	 how	 carbapenemase-producing	 strains,	 such	 as	 those	

carrying	NDM-7	gene,	mitigate	high	antibiotic	stress.	

From	a	therapeutic	perspective,	the	metabolic	dependencies	observed	in	the	R	strain	at	MIC	

may	 represent	 exploitable	 vulnerabilities.	 Pathways	 activated	 during	 antibiotic	 exposure,	

particularly	 those	 linked	 to	 detoxification,	 oxidative	 stress	 management	 and	 energy	

homeostasis,	 could	 serve	 as	 potential	 targets	 for	 disrupting	 resistance	 mechanisms.	 As	

summarised	 in	 Table	 4.3,	 several	 metabolic	 pathways	 and	 their	 respective	 enzymes	 or	

proteins	have	been	identified	as	promising	targets	for	intervention.	This	study	underscores	the	

value	 of	 combining	 metabolic	 profiling	 with	 pathway-focused	 analyses	 to	 inform	 the	

development	of	novel	intervention	strategies	for	combating	antibiotic	resistance.	
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Table	4.3	Overview	of	potential	metabolic	and	enzymatic	 targets	 for	 therapeutic	 intervention	 in	bacterial	
systems.	The	table	highlights	key	pathways,	target	enzymes	or	proteins,	possible	inhibitors,	and	associated	previous	
studies.	
Metabolic	Pathway	 Target	

Enzyme/Protein	
Inhibitor	 Study/reference	

Glycolysis	 Enolase	 SF2312	 430	

Glycolysis	 GAPDH	 and	 aerobic	
glycolysis	

Dimethyl	fumarate	 110	

Oxidative	Stress	
Response	

TrxR	 Ebselen	 431	

Energy	Metabolism	 ATP	Synthase	 Bedaquiline	 99	

Lipid	A	Biosynthesis	 LpxC	 CHIR-090	 432	

Peptidoglycan	
Biosynthesis	

MurA	 Fosfomycin		 433	

In	conclusion,	the	metabolic	response	of	the	resistant	strain	at	MIC	reflects	a	delicate	balance	

between	targeted	pathway	activation	and	metabolic	efficiency.	While	these	findings	highlight	

the	evolutionary	success	of	NDM-7	mediated	resistance,	they	also	expose	specific	metabolic	

dependencies	 that	 could	 serve	 as	 potential	 targets	 for	 therapeutic	 intervention.	 This	 study	

underscores	 the	 importance	 of	 integrating	 metabolic	 profiling	 and	 functional	 pathway	

analyses	to	uncover	actionable	strategies	for	combating	carbapenem-resistant	pathogens.	

4.5 Conclusion	

This	chapter	 investigated	the	metabolic	responses	of	wild-type	(E),	meropenem-susceptible	

(S),	 and	meropenem-resistant	 (R)	E.	 coli	 strains	 under	 exposure,	 to	 sub-lethal	meropenem	

concentrations	(1	and	4	µg/mL)	and	explored	the	response	of	meropenem-resistant	strain	to	

the	 MIC	 concentration	 (16	 µg/mL).	 Strains	 were	 grown	 until	 early	 exponential	 phase	

(OD600	=	0.4),	 and	meropenem	was	 added.	An	 exposure	 duration	 of	 1	 hour	was	 selected	 to	

allow	sufficient	time	for	measurable	metabolic	response,	while	minimising	extensive	cell	death.	

These	 analyses	 illuminated	 the	 strain-specific	 adaptive	 strategies	 employed	 to	 mitigate	

antibiotic	exposure.	

At	 4	 µg/mL	 meropenem,	 the	 wild-type	 exhibited	 metabolic	 reprogramming,	 activating	

pathways	 such	 as	 nucleotide	 metabolism,	 oxidative	 stress	 management,	 and	

glycerophospholipid	metabolism.	Metabolites	 such	as	adenosine	2’,	 3’-cyclic	phosphate	and	
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glucosamine-6-phosphate	 were	 significantly	 altered,	 reflecting	 efforts	 to	 repair	 damaged	

cellular	components	and	maintain	homeostasis.	These	changes	demonstrate	the	reliance	of	the	

strain	 on	 energetically	 expensive	 reprogramming	 to	 combat	 antibiotic	 exposure,	 despite	

lacking	intrinsic	resistance	mechanisms.		

The	 meropenem-susceptible	 strain	 also	 responded	 to	 1	 and	 4	 µg/mL	 meropenem.	 Key	

pathways,	 such	 as	 pyrimidine	metabolism	 and	 peptidoglycan	 biosynthesis,	were	 impacted,	

with	significant	downregulation	of	metabolites	like	cAMP	and	N-acetylaspartylglutamic	acid.	

These	 findings	 highlight	 vulnerability	 of	 the	 strain	 under	 antibiotic	 exposure	 and	 its	

plasmid-related	metabolic	demands.	

The	meropenem-resistant	strain	exhibited	minimal	metabolic	changes	at	4	µg/mL	meropenem,	

underscoring	 the	 effectiveness	of	NDM-7-mediated	 resistance	 in	hydrolysing	 the	 antibiotic.	

Such	metabolic	stability	reflects	its	ability	to	avoid	widespread	reprogramming	and	maintain	

core	biosynthetic	 functions	under	moderate	antibiotic	concentration.	However,	exposure	 to	

MIC	 (16	 µg/mL)	 imposed	 a	 more	 substantial	 metabolic	 burden,	 prompting	 targeted	

reprogramming	to	sustain	resistance	and	cellular	homeostasis.	

At	MIC,	the	resistant	strain	exhibited	distinct	clustering	and	pathway-level	changes,	indicating	

a	 focused	 but	 efficient	 metabolic	 response.	 Functional	 analysis	 revealed	 the	 alterations	 in	

purine	metabolism,	 phenylalanine,	 tyrosine,	 and	 tryptophan	 biosynthesis,	 and	 siderophore	

biosynthesis,	reflecting	the	strain’s	prioritization	of	nucleotide	production,	protein	synthesis,	

and	 iron	 acquisition	 under	 high	 antibiotic	 pressure.	 Metabolites	 such	 as	 thymidine	

triphosphate,	cytidine	diphosphate,	and	4-hydroxybutyric	acid	were	upregulated,	suggesting	

their	roles	in	supporting	oxidative	stress	management	and	alternative	energy	production.	In	

contrast,	the	suppression	of	basal	activities,	such	as	those	involving	UDP-galactose,	highlighted	

a	strategic	resource	reallocation	to	essential	survival	processes.	

These	findings	emphasize	the	metabolic	efficiency	and	precision	of	the	resistant	strain	under	

MIC	exposure.	While	NDM-7-mediated	resistance	allows	the	strain	to	hydrolyse	meropenem,	

the	associated	metabolic	demands	expose	vulnerabilities,	particularly	in	pathways	linked	to	
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oxidative	 stress	 management,	 nucleotide	 metabolism,	 and	 energy	 homeostasis.	 These	

vulnerabilities	represent	potential	 targets	 for	 therapeutic	 intervention	to	disrupt	resistance	

mechanisms.	

As	shown	in	Chapter	3,	no	evidence	of	metabolite	 leakage	was	observed	due	to	washing	or	

centrifugation	steps.	However,	the	specific	impact	of	meropenem	on	cell	membrane	integrity	

prior	to	PBS	washing	was	not	directly	assessed.	Thus,	while	the	observed	metabolic	changes	

are	consistent	with	intracellular	adaptation,	the	possibility	of	limited	leakage	in	response	to	

antibiotic	exposure	cannot	be	entirely	excluded.	

In	conclusion,	this	chapter	revealed	distinct	metabolic	strategies	employed	by	E.	coli	strains	in	

response	 to	 meropenem.	 The	 wild-type	 and	 susceptible	 strains	 engaged	 in	 extensive	

reprogramming	to	counteract	sub-lethal	antibiotic	exposure,	with	substantial	energetic	costs.	

In	contrast,	the	resistant	strain	maintained	metabolic	stability	at	sub-lethal	concentrations	but	

exhibited	significant	metabolic	adjustments	at	MIC,	reflecting	its	adaptive	limits.	By	identifying	

specific	pathways	and	metabolites	involved	in	these	responses,	this	study	provides	valuable	

insights	 into	 the	metabolic	 dynamics	 underpinning	 antibiotic	 resistance	 and	 susceptibility,	

offering	 potential	 avenues	 for	 therapeutic	 interventions	 to	 combat	 carbapenem-resistant	

pathogens.	
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Chapter	5 Live	cell	analysis	of	bacterial	metabolism:	Challenges	

and	opportunities	for	AMR	studies	
5.1 Introduction	

Antibiotic	 resistance	 remains	 a	 major	 global	 health	 challenge,	 with	 new	 therapeutic	

approaches	holding	the	potential	to	have	a	major	impact	on	public	health.	All	bacteria	respond	

metabolically	 to	 xenobiotic	 exposures,	 irrespective	 of	 their	 antibiotic	 susceptibility,	

necessitating	 highlighting	 the	 need	 for	 deeper	 insights	 into	 the	metabolic	 adaptations	 that	

enable	 bacteria	 to	 withstand	 antibiotic	 pressures.46,58	 Understanding	 bacterial	 metabolic	

responses	therefore	has	the	potential	to	identify	vulnerabilities	and	possible	new	treatment	

targets	 in	 resistant	 pathogens	 or	 to	 enhance	 efficacy	 and	 longevity	 of	 antibiotic	 efficacy	 in	

non-resistant	pathogens	with	novel	therapeutic	strategies.154		

In	Chapter	3	and	4	untargeted	metabolomics	revealed	significant	alterations	in	central	carbon	

metabolism	 in	 resistant	 strains	 of	 E.	coli,	 indicating	 a	 metabolic	 reprogramming	 linked	 to	

survival	under	antibiotic	pressure	[Section	3.4.6	and	4.3.5].	In	order	to	investigate	this	further	

using	orthogonal	techniques,	this	chapter	reports	an	investigation	into	attempts	to	measure	

energy	metabolism	and	bioenergetic	adaptations	using	a	Seahorse	XF	metabolic	analyser	and	

independently	a	BacTiter-Glo™	ATP	assay.434,435	Together,	these	methodologies	were	evaluated	

as	ways	to	report	on	E.	coli	metabolism	and	its	adaptations,	 from	the	perspective	of	energy	

metabolism	under	antibiotic	stress,	that	would	offer	insights	into	energy	production	pathways	

in	 resistant	 and	 non-resistant	 strains.344	 As	 almost	 all	 published	 methods	 using	 Seahorse	

technologies	have	used	mammalian	cells,	the	aim	was	to	establish	a	proof	of	principle	for	its	

application	to	bacterial	cultures.	This	chapter	aims	to	contribute	to	advancing	methodological	

approaches	for	studying	bacterial	bioenergetics	and	provides	a	foundation	for	incorporating	

these	into	future	investigations	to	understand	the	metabolic	basis	of	antibiotic	resistance.	

5.2 Seahorse	real	time	cell	metabolic	analysis	

The	 Seahorse	 XF	 Analyser	 measures	 oxygen	 consumption	 rate	 (OCR)	 and	 extracellular	

acidification	rate	(ECAR),	providing	real-time	analysis	of	oxidative	and	glycolytic	metabolism	



Chapter	5	

196	
 

in	 live	 cells.436,437	 The	 technique	 was	 originally	 developed	 for	 mammalian	 systems,	 where	

glycolysis	 and	 mitochondrial	 oxidative	 phosphorylation	 (OXPHOS)	 are	 the	 primary	

ATP-producing	 pathways.438	 However,	 prior	 studies	 have	 indicated	 that	 key	 bioenergetic	

pathways	targeted	by	Seahorse	 inhibitors,	such	as	ATP	synthase	and	the	electron	transport	

chain	 (ETC),	 are	 conserved	 between	 mitochondria	 and	 bacterial	 plasma	membranes.439-441	

Given	 that	bacterial	ETC	components	 share	structural	and	 functional	 similarities	with	 their	

eukaryotic	 counterparts,	 particularly	 in	 oxidative	 phosphorylation,	 it	 was	 decided	 to	

investigate	whether	Seahorse	experiments		could	provide	insights	into	bacterial	metabolism	

as	 well.442	 This	 study	 explored	 the	 feasibility	 of	 repurposing	 Seahorse	 technology	 for	

prokaryotic	systems,	 focussing	on	Escherichia	coli	 to	 investigate	bioenergetic	processes	and	

bacterial	metabolism	with	high	temporal	resolution.			

Despite	similarities	mentioned,		some	metabolic	pathways	of	E.	coli	differ	fundamentally	from	

those	of	 eukaryotic	 cells,	 presenting	potentially	unique	 challenges	when	applying	Seahorse	

technology	 for	 bacterial	 studies.443	 Unlike	 mammalian	 cells,	 which	 rely	 on	 mitochondrial	

oxidative	 phosphorylation,	 E.	 coli	 performs	 oxidative	 metabolism	 via	 a	 cytoplasmic	 ETC	

embedded	in	the	inner	membrane	of	the	bacterial	cell	wall.444,445	The	bacterial	ETC	functions	

analogously	 to	 mitochondrial	 OXPHOS,	 coupling	 the	 TCA	 cycle	 with	 ATP	 production	 via	

oxidative	processes.	446	OCR	measurements	in	E.	coli	therefore	should	reflect	ETC	activity,	while	

ECAR	should	capture	proton	export	and	metabolic	by-products.447	The	application	of	Seahorse	

experiments	to	E.	coli	also	required	consideration	of	the	pharmacological	interventions	used	

in	 the	 various	 mammalian	 seahorse	 experiments.	 Stressor	 drugs	 are	 commonly	 used	 in	

Seahorse	 application	 on	 mammalian	 systems	 to	 challenge	 energy	 production	 processes.	

Examples	include	oligomycin	(a	complex	V	inhibitor),	carbonyl	cyanide	4-(trifluoromethoxy)	

phenylhydrazone	(FCCP,	which	depolarises	the	mitochondrial	membrane)	and	rotenone	(an	

ETC	 inhibitor).448,449	Although	bacteria	 lack	mitochondria,	 they	do	possess	 a	 similar	 energy	

production	 process	 mediated	 via	 electron	 transport	 chain	 embedded	 in	 the	 bacterial	 cell	
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membrane.	 Additionally,	E.	 coli	 exhibits	metabolic	 flexibility,	 including	 glycolysis,	 oxidative	

phosphorylation,	and	fermentation	under	different	environmental	conditions.443,450,451	

The	primary	aim	of	employing	Seahorse	analysis	was	to	assess	 its	suitability	 for	measuring	

differences	 in	bacterial	energy	metabolism.	Seahorse	experiments	 rely	on	 two	 fundamental	

measurements	OCR	and	ECAR	so	the	first	experimental	aim	was	to	determine	whether	these	

measurements	could	be	reliably	made	with	bacteria.	Second,	whether	application	of	the	same	

pharmacological	 agents	 to	 stress	energy	metabolism	 in	mammalian	systems,	 could	be	used	

with	E.	coli.		The	overall	aim	was	to	see	whether	reproducible	differences	in	energy	metabolism	

could	be	identified	between	meropenem-susceptible	and	meropenem-resistant	E.	coli	strains	

using	Seahorse	measurments.45	 	By	 comparing	 their	glycolytic	 and	oxidative	profiles	under	

antibiotic	exposure,	metabolic	adaptations	associated	with	resistance	and	its	 impact	on	 live	

cell	metabolism	could	be	investigated	with	and	without	antibiotic	pressure.	Seahorse	analysis	

provides	 a	novel	platform	 for	bacterial	 studies,	 offering	 real-time	metabolic	measurements	

that	traditional	endpoint	assays	cannot	achieve.452		

 Baseline	analysis:	application	of	Seahorse	XFe24	analyser	using	a	mammalian	cell	

line	

Initially	the	Seahorse	XF	Analyzer	was	used	to	analyse	mammalian	LN18	glioblastoma	cells	in	

order	 to	 validate	 functionality	 of	 the	 assay	 in	 a	 system	 aligned	with	 its	 original	 design	 for	

eukaryotic	metabolism.	The	experiment	was	undertaken	to	demonstrate	the	performance	of	

the	Seahorse	Glycolysis	Rate	Assay	in	measuring	glycolytic	and	oxidative	metabolic	pathways	

under	well-established	conditions	and	provide	a	benchmark	for	comparing	subsequent	results	

from	bacterial	studies.	

5.2.1.1 Normalisation	of	Seahorse	assay	data	using	Hoechst	dye	fluorescence	curve	

To	ensure	accurate	normalization,	a	Hoechst	dye	fluorescence	curve	was	generated	for	LN18	

cells.	Cells	were	seeded	at	an	initial	density	of	1.5×105	cells	per	well,	followed	by	serial	dilutions	

halving	the	concentration	down	to	9.38×103	cells	per	well,	with	a	well	with	no	cells	serving	as	

the	control.	After	48	hours	of	incubation	to	allow	cell	attachment	and	growth,	Hoechst	dye	was	
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added.210	 Fluorescence	 intensity	 was	measured	 using	 a	 BMG	 CLARIOstar	 PLUS	microplate	

reader,	with	the	excitation	and	emission	wavelengths	set	to	355	nm	and	455	nm,	respectively	

(Table	5.1).	Measurements	were	taken	as	endpoint	readings,	with	an	automatic	gain	and	focus	

adjustment	and	plotted	against	cell	density	to	generate	a	standard	curve	(Figure	5.1).	Data	

within	 the	 linear	 range	were	 used	 to	 derive	 an	 equation	 correlating	 fluorescence	with	 cell	

number,	which	was	subsequently	used	to	normalize	Seahorse	assay	data	(Figure	5.2).	

Table	 5.1	 CLARIOstar	microplate	 reader	 setting	 for	Hoechst	 dye	 fluorescence	measurement	 used	 for	 DNA	
normalisation	of	Seahorse	assay	data.	

Read	mode	 Endpoint	–	top	read	

Monochromator	
settings	

Excitation	 355	nm	(bandwidth	20	nm)	

Emission	 455	nm	(bandwidth	30	nm)	

Gain	and	focus	 auto	

Number	of	flashes	 2	

Matrix	scan	 15	×	15	(3	mm)	
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Figure	5.1	Hoechst	dye	fluorescence	curve	for	LN18	wild-type	mammalian	cells	at	varying	seeding	densities.	
Fluorescence	intensity	of	Hoechst	dye	in	LN18	wild-type	mammalian	cells	plated	at	initial	density	of	5	×	10⁴	cells	and	
serially	diluted	by	half	to	a	minimum	of	9.38	×	10³	cells,	including	an	empty	well	as	a	control	(final	dye	concentration:	
30	mM).	The	assay	was	performed	in	duplicate	(n	=	2),	and	error	bars	represent	standard	deviations.	

Figure	5.2	Hoechst	Dye	Fluorescence	Standard	Curve	for	Cell	Density	Normalization.	The	linear	range	of	Hoechst	
dye	fluorescence	intensity	was	plotted	against	the	estimated	cell	number	per	well	for	LN18	wild-type	mammalian	cells.	
The	initial	seeding	densities	were	halved	serially,	and	the	cell	numbers	were	assumed	to	double	after	48	hours.	The	
equation	derived	from	the	standard	curve	(y	=	18.931x	+	638902,	R²	=	0.9922)	was	used	to	normalize	Seahorse	assay	
data	based	on	cell	density.	Error	bars	represent	standard	deviations	from	duplicate	measurements	(n	=	2).	
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5.2.1.2 Validation	of	Seahorse	glycolysis	rate	assay	in	LN18	mammalian	cells	

The	Seahorse	Glycolysis	Rate	Assay	is	designed	to	measure	the	glycolytic	activity	of	live	cells	

by	quantifying	the	proton	efflux	rate	(PER),	a	parameter	reflecting	extracellular	acidification	

primarily	 driven	 by	 lactate	 production	 during	 glycolysis.453	 The	 assay	 uses	 sequential	

injections	of	metabolic	inhibitors	to	distinguish	glycolytic	and	non-glycolytic	contributions	to	

PER.	 Injection	 of	 rotenone	 and	 antimycin	 A	 (Rot/AA)	 inhibits	 mitochondrial	 oxidative	

phosphorylation,	forcing	cells	to	rely	on	glycolysis	for	ATP	production,	which	is	accompanied	

by	an	increase	in	PER.	Subsequent	injection	of	2-deoxy-D-glucose	(2-DG),	a	glucose	analogue	

that	 inhibits	glycolysis,	 substantially	 reduces	PER,	 confirming	 the	glycolytic	 contribution	 to	

extracellular	acidification.436	

For	 the	 Seahorse	 Glycolysis	 Rate	 Assay,	 LN18	 glioblastoma	 wild-type	 (WT)	 and	 isocitrate	

dehydrogenase	1	(IDH1)	R132H	mutant	(Mut)	cells	were	seeded	at	2.5×104	cells	per	well	and	

allowed	 to	 attach	 and	 grow	 for	 48	 hours.	 The	 IDH1	 R132H	mutation	 is	 a	 gain-of-function	

alteration	that	leads	to	the	production	of	the	oncometabolite	D-2-hydroxyglutarate	(D-2HG).	

The	mutant	cell	line	was	selected	to	assess	its	impact	on	glycolytic	flux,	as	IDH1	mutations	are	

known	 to	 alter	 metabolic	 pathways,	 potentially	 influencing	 glycolytic	 rates.	 210	 The	 assay	

results	are	summarised	in		Figure	5.3,	demonstrating	that	injection	of	Rot/AA	increased	PER,	

reflecting	 a	 metabolic	 shift	 to	 glycolysis	 upon	 inhibition	 of	 oxidative	 phosphorylation.	 A	

subsequent	 decrease	 in	 PER	 after	 2-DG	 injection	 confirmed	 the	 glycolytic	 contribution	 to	

proton	efflux.		
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No	significant	differences	were	observed	between	WT	LN18	cells	and	IDH	mutant	cells	under	

basal	or	stressed	conditions.	Given	that	IDH1	mutations	typically	lead	to	altered	metabolic	flux,	

including	 increased	 D-2HG	 production	 and	 potential	 shifts	 in	 glycolysis	 and	 oxidative	

metabolism,	 the	 lack	 of	 observed	 differences	 was	 unexpected.454,455	 However,	 it	 was	

subsequently	suspected	that	the	overexpression	of	the	mutant	IDH	enzyme	has	been	lost	in	the	

mutant	cells	(which	had	been	introduced	by	lentiviral	vector	and	cell	passaged	a	number	of	

times	previously)	and	was	subsequently	demonstrated	by	other	researchers	in	the	group	using	

Figure	5.3	PER	and	Glycolysis	Rates	in	LN18	Wild-Type	(WT)	and	Mutant	(Mut)	Mammalian	Cells.	The	upper	
panel	shows	the	Proton	Efflux	Rate	(PER)	measured	over	time	for	WT	and	Mutant	cells,	normalized	to	cell	density	(per	
100,000	cells).	Basal	PER	was	recorded	initially,	followed	by	the	injection	of	Rotenone/Antimycin	A	(Rot/AA)	at	20	
minutes	to	inhibit	oxidative	phosphorylation,	causing	an	increase	in	PER.	At	47	minutes,	2-Deoxy-D-Glucose	(2-DG)	
was	injected	to	inhibit	glycolysis,	resulting	in	a	sharp	decline	in	PER.	The	lower	panels	compare	basal	glycolysis	(left)	
and	compensatory	glycolysis	(right)	rates	between	WT	and	Mutant	cells,	normalized	per	100,000	cells.	Error	bars	
represent	standard	deviations	from	biological	replicates	(n	=	5).	

Rot/AA 2-DG 
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the	same	cell	 line.	The	observation	likely	explains	the	strong	similarity	between	the	mutant	

and	wild-type	results	from	the	Seahorse	assay	as	the	cells	were	otherwise	isogenic.		

Irrespective	 of	 the	 lack	 of	 difference	 between	 the	 mutant	 and	 wild-type	 cells,	 the	 results	

confirmed	that	the	Seahorse	XF	Glycolysis	Rate	Assay	functions	as	intended	in	mammalian	cell	

lines,	yielding	reliable	data	on	glycolytic	and	oxidative	metabolic	pathways.		

5.2.1.3 Conclusion	

The	 Seahorse	 XF	 Analyzer	 demonstrated	 robust	 functionality	 in	 LN18	 mammalian	 cells,	

producing	reliable	and	reproducible	results	consistent	with	known	metabolic	responses.	The	

Hoechst	 dye	 fluorescence	 curve	 provided	 a	 reliable	 normalization	 method	 by	 correlating	

fluorescence	intensity	to	cell	density.	Cells	were	only	counted	at	the	time	of	plating,	the	use	of	

a	standard	curve	enabled	a	more	accurate	estimation	of	cell	numbers	at	the	time	of	the	assay,	

accounting	 for	 variability	 in	 cell	 doubling	 over	 the	 48-hour	 incubation	 period.	 Therefore,	

Hoechst	dye	normalisation	helps	minimise	artifacts	 in	 cell	 counting,	 thereby	 improving	 the	

accuracy	of	normalising	metabolic	data	relative	to	cell	density.	

The	Glycolysis	Rate	Assay	produced	results	consistent	with	expectations.	The	increase	in	PER	

following	Rot/AA	injection	highlighted	the	metabolic	shift	toward	glycolysis	upon	inhibition	of	

oxidative	phosphorylation.	The	subsequent	decrease	in	PER	after	2-DG	injection	confirmed	the	

specificity	of	glycolysis	as	the	primary	contributor	to	proton	efflux.	These	findings	validated	

sensitivity	of	the	assay	to	glycolytic	and	oxidative	ATP	production	and	highlight	its	reliability	

in	detecting	metabolic	shifts.	By	confirming	the	efficacy	of	Seahorse	XF	Analyzer	in	eukaryotic	

systems,	these	results	provide	a	benchmark	for	evaluating	its	application	to	bacterial	models.	

 Investigating	Seahorse	analysis	of	bacterial	systems	

5.2.2.1 Cell	adhesion	optimisation	

During	 initial	experiments	using	 the	Seahorse	XFe24	Extracellular	Flux	Analyser,	 it	became	

apparent	 that	 bacterial	 cells,	 such	 as	 E	 coli,	 did	 not	 adhere	 effectively	 to	 the	 uncoated	

microplate	 surface.	 Despite	 centrifugation	 to	 settle	 cells	 onto	 the	 plate,	 substantial	 cell	

detachment	 occurred,	 particularly	 during	 the	 mixing	 step	 of	 the	 assay.	 Such	 detachment	
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subsequently	disrupted	OCR	and	ECAR	measurements,	and	introduced	substantial	variability	

between	replicates.		

To	 address	 this	 issue,	 microplate	 wells	 were	 coated	 with	 poly-L-lysine	 (PLL),	 a	 positively	

charged	polymer	known	 to	 enhance	bacterial	 adherence	by	 interacting	with	 the	negatively	

charged	surface	of	E.	coli	cells.456	Studies	have	demonstrated	the	utility	of	PLL	coating	to	ensure	

consistent	cell	attachment,	minimised	detachment	during	OCR	and	ECAR	measurements,	and	

reduced	variability	between	replicates.457,458	 	However,	the	metabolic	consequences	of	using	

PLL	 on	 bacterial	 cells	 to	 enhance	 adhesion	 to	 plates	 are	 not	 known.	 Further	 investigation	

would	be	warranted	(albeit	complicated)	to	ensure	that	the	coating	does	not	introduce	artifacts	

into	bioenergetic	measurements;	such	analysis	was	beyond	the	scope	of	the	current	study	and	

it	was	assumed	this	was	not	a	major	issue	for	the	experiments	reported	in	this	chapter.		

5.2.2.2 Oxygen	consumption	rate	and	extracellular	acidification	rate	measurement	

Baseline	measurements	 of	 OCR	 and	 ECAR	were	 performed	 to	 assess	 the	 reproducibility	 of	

metabolic	activity	data	in	E.	coli	using	the	Seahorse	XF	Analyser.	Biological	replicates	(R1	and	

R2)	 were	 used,	 with	 each	 condition	 measured	 in	 five	 replicates	 to	 capture	 variability.	

Measurements	were	recorded	over	three	consecutive	measurement	cycles.	

The	OCR	values,	as	illustrated	in	Figure	5.4,	showed	consistent	OCR	across	biological	replicates,	

with	technical	variability	remaining	low	as	indicated	by	the	error	bars	(approximately	10%	

error),	 providing	 confidence	 in	 the	 ability	 of	 the	 Seahorse	 platform	 to	 reliably	 monitor	

oxidative	metabolic	 activity	 under	 unstimulated	 conditions.	 Similarly,	 ECAR	measurements	

exhibited	reproducible	acidification	rates	across	the	biological	replicates.	The	trends	observed	

across	all	three	measurements	were	consistent,	with	low	variability	within	technical	replicates,	

confirming	the	robustness	of	ECAR	data	acquisition.		
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The	reproducibility	of	 these	OCR	and	ECAR	measurements	highlighted	 the	reliability	of	 the	

Seahorse	XF	Analyser	for	capturing	fundamental	metabolic	activity	in	E.	coli.	The	consistency	

across	 biological	 and	 technical	 replicates	 demonstrated	 robustness	 of	 the	 system	 for	

application	to	study	dynamic	bioenergetic	responses	in	bacterial	cells.	

5.2.2.3 Cell	seeding	density	optimisation	

Achieving	 an	 appropriate	 cell	 density	 would	 ensure	 that	metabolic	 activity	measurements	

reflected	genuine	biological	phenomena	without	 technical	 interference.	An	experiment	was	

conducted	using	E.	coli	strains	plated	at	varying	optical	densities	(OD600	0.01,	0.05,	0.1,	0.2	and	

0.4).	 For	 each	 OD600,	 cells	 were	 seeded	 in	 wells	 with	 500	 μL	 of	 Seahorse	 assay	 medium.	

Measurements	 of	 OCR	 and	 ECAR	 were	 captured	 using	 the	 Seahorse	 XFe24	 Analyser.	

Measurements	were	conducted	 in	cycles	with	 the	 following	parameters:	a	mixing	phase	 for	

3	minutes,	a	waiting	phase	for	2	minutes,	and	a	measurement	phase	of	3	minutes.	The	cycle	

was	repeated	eight	times	to	monitor	metabolic	activity	over	time.		

The	 results	 were	 analysed	 to	 evaluate	 whether	 metabolic	 activity	 remained	 within	 the	

recommended	dynamic	range,	with	basal	OCR	expected	between	50-400	pmol/min	and	ECAR	

between	 20-120	mpH/min.459	 Densities	 leading	 to	 hypoxia	 reflected	 by	 low	 oxygen	 levels	

below	35	mmHg	were	flagged	as	unsuitable.	

Figure	 5.4	OCR	 and	 ECAR	measurements	 for	E.	 coli	 using	 the	 Seahorse	 XF	 Analyzer.	 OCR	 and	 ECAR	were	
measured	across	three	consecutive	cycles	for	two	biological	replicates	(R1	and	R2).	Error	bars	represent	variability	
from	five	technical	replicates	per	condition.	(Left)	OCR	values	for	biological	replicates	R1	(black	circles)	and	R2	(blue	
squares)	 remained	 consistent	 across	measurement	 cycles,	with	 approximately	 10%	variability	 between	 technical	
replicates.	(Right)	ECAR	values	for	biological	replicates	R1	(black	circles)	and	R2	(red	squares)	showed	reproducible	
trends,	with	minimal	variation	observed	between	technical	replicates.	
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Figure	 5.5	 illustrates	 the	 OCR	 measurements	 for	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	 (R)	E.	 coli	 strains	 seeded	at	 varying	densities.	At	OD600	 of	 0.01,	 the	 S	

strain	(dark	blue)	exhibited	minimal	changes	 in	oxygen	consumption	throughout	 the	assay,	

suggesting	 that	 this	 density	might	 have	 been	 too	 dilute	 to	 generate	 a	 detectable	metabolic	

response.	In	contrast,	the	R	strain	(light	blue)	showed	fluctuations	in	OCR	but	remained	well	

within	 the	 acceptable	 range,	 indicating	 metabolic	 activity	 at	 this	 density.	 At	 OD600	 0.05,	

represented	by	green	(S)	and	pink	(R),	OCR	values	began	within	the	acceptable	dynamic	range.	

However,	pronounced	fluctuations	were	observed	during	the	mixing	phases,	potentially	due	to	

localized	oxygen	depletion	or	uneven	oxygen	distribution	or	detachment	of	some	cells.	While	

O2	 level	 recovered	 partially	 after	 each	 mix,	 the	 variability	 among	 replicates	 suggested	

inconsistent	oxygen	availability.	Despite	this,	OD600	0.05	maintained	an	oxygen	level	above	the	

hypoxia	 threshold	 on	 average,	 indicating	 its	 potential	 suitability	 for	 Seahorse	 analysis.	 At	

OD600	0.1,	represented	by	purple	(S)	and	light	green	(R),	O2	values	dropped	below	the	hypoxia	

threshold	of	35	mmHg	immediately	after	the	first	measurement.	The	rapid	decline	in	oxygen	

availability	indicated	this	density	led	to	substantial	oxygen	depletion	as	cells	consumed	oxygen	

faster	than	it	could	diffuse	into	the	medium.	For	higher	densities	(OD600	0.2	–	yellow	for	S	and	

brown	for	R,	and	0.4	–	red	for	S	and	magenta	R),	OCR	values	fell	below	the	hypoxia	threshold	

early	in	the	assay,	making	them	unsuitable	for	Seahorse	analysis.	
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The	results	demonstrated	that	cell	seeding	density	played	a	critical	role	in	ensuring	reliable	

and	interpretable	OCR	measurements.	At	OD600	0.01,	the	minimal	change	in	OCR	observed	for	

the	S	strain	suggested	that	this	density	was	too	low	to	generate	a	detectable	metabolic	response,	

potentially	due	to	insufficient	cellular	respiration.	In	contrast,	the	R	strain	at	OD600	0.01	showed	

OCR	fluctuations	within	the	acceptable	range,	highlighting	metabolic	activity	despite	the	low	

Figure	5.5	OCR	measurements	for	meropenem-susceptible	(S)	and	meropenem-resistant	(R)	E.	coli	strains	
seeded	 at	 varying	 optical	 densities	 (OD600	 0.01,	 0.05,	 0.1,	 0.2,	 and	 0.4).	 The	 top	 panel	 shows	 the	 oxygen	
consumption	rate	(OCR)	over	time	for	S	and	R	strains	seeded	at	different	optical	densities	(OD600	0.01,	0.05,	0.1,	0.2,	
and	 0.4).	 The	 bottom	 panel	 represents	 the	 oxygen	 level	 time	 course,	 illustrating	 dynamic	 changes	 in	 O₂	 levels	
throughout	the	assay.	Dark	blue	and	light	blue	indicate	S	and	R	strains	at	OD600	0.01,	green	and	pink	at	OD600	0.05,	
purple	and	light	green	at	OD600	0.1,	yellow	and	brown	at	OD600	0.2,	and	red	and	magenta	at	OD600	0.4.	Error	bars	
represent	standard	deviation	from	biological	replicates	of	n=2.	
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density.	These	differences	between	the	strains	may	reflect	successful	cell	seeding,	or	inherent	

variations	in	metabolic	activity	or	oxygen	consumption	rates	under	low-density	conditions.	

At	 OD600	 0.05,	 while	 the	 OCR	 values	 remained	 within	 the	 dynamic	 range	 of	 the	 Seahorse	

instrument,	the	transient	dips	during	the	mixing	phases	indicated	localized	oxygen	depletion	

or	uneven	oxygen	distribution.	These	disruptions	could	have	arisen	due	to	the	rapid	oxygen	

consumption	by	cells,	coupled	with	the	limitations	of	oxygen	diffusion	within	the	medium,	or	

mechanical	effects	introduced	during	mixing.	However,	the	overall	performance	of	OD600	0.05	

supported	 its	 suitability	 as	 a	 seeding	density	 for	 Seahorse	 assays,	 provided	 that	 variability	

during	mixing	is	carefully	considered.	

Densities	at	OD600	0.1,	0.2,	and	0.4	resulted	in	O2	concentration	values	falling	below	the	hypoxia	

threshold	early	in	the	assay,	particularly	for	the	higher	densities	reflecting	substantial	oxygen	

depletion.	The	hypoxic	conditions	and	increased	variability	in	OCR	across	replicates	at	these	

densities	highlighted	the	challenges	of	using	higher	cell	densities	for	Seahorse	analysis,	as	they	

may	compromise	the	reliability	and	consistency	of	metabolic	measurements.	

5.2.2.3.1 Discussion	

The	 findings	 emphasize	 the	 importance	 of	 selecting	 an	 appropriate	 cell	 seeding	 density	 to	

ensure	reliable	and	interpretable	results	in	Seahorse	assays.	Low	densities,	such	as	OD600	0.01,	

were	insufficient	to	produce	detectable	metabolic	activity	for	the	S	strain,	likely	because	the	

total	respiration	signal	was	near	or	below	the	limit	of	detection	of	instrument.	Additionally,	

low	cell	density	could	render	cells	more	susceptible	to	errors	during	preparation	and	handling,	

further	contributing	to	variability.	In	contrast,	the	R	strain	maintained	metabolic	activity	even	

at	low	density,	possibly	reflecting	differences	in	strain-specific	respiration	rates	or	metabolic	

flexibility.	 These	 strain-specific	 differences,	 could	 provide	 insights	 into	 the	 physiological	

mechanisms	underlying	antibiotic	resistance.		

OD600	0.05	emerged	as	a	suitable	seeding	density	for	Seahorse	analysis	of	E.	coli	strains	under	

the	tested	conditions,	as	it	maintained	OCR	values	within	the	dynamic	range	while	avoiding	
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hypoxic	conditions.	Based	on	this	 initial	results,	additional	densities	closer	to	OD	0.05	were	

subsequently	investigated	to	further	optimise	assay	reproducibility	and	sensitivity.	

 XF	Cell	energy	phenotype	test	

The	XF	Cell	Energy	Phenotype	Test	was	applied	next	to	assess	its	capability	for	characterizing	

the	bioenergetic	profile	of	meropenem-susceptible	 (S)	 and	meropenem-resistant	 (R)	E.	 coli	

strains.	The	assay	measures	OCR	and	ECAR,	providing	 insights	 into	oxidative	and	glycolytic	

metabolism,	respectively.	By	assessing	basal	and	stressed	metabolic	activities,	 it	categorises	

metabolic	phenotypes	into	aerobic,	glycolytic,	energetic,	or	quiescent	states,	enabling	a	visual	

representation	 of	 cellular	 energy	 utilisation	 through	 energy	 maps.	 The	 maps	 provide	 a	

framework	 to	 compare	metabolic	 states	 across	 conditions,	 illustrating	 how	 cells	 shift	 their	

energy	production	strategies	in	response	to	stress.	

The	assay	was	applied	to	bacterial	cells,	which	lack	mitochondria	but	instead	rely	on	a	highly	

efficient	 ETC	 embedded	 in	 the	 plasma	 membrane.460,461	 The	 test	 involved	 injections	 of	

oligomycin,	 an	ATP	 synthase	 inhibitor,	 and	FCCP,	 a	 protonophore	 that	 uncouples	 oxidative	

phosphorylation	by	uncoupling	the	ETC	from	ATP	synthesis.	Although	these	pharmacological	

compounds	were	originally	designed	for	eukaryotic	systems,	their	use	in	bacterial	cells	was	

based	on	their	potential	to	target	conserved	components	of	oxidative	metabolism,	such	as	the	

ETC.	Following	oligomycin	injection,	OCR	is	expected	to	decrease	as	ATP-linked	respiration	is	

inhibited,	 reducing	 oxygen	 consumption	 associated	 with	 oxidative	 phosphorylation.	 In	

contrast,	 ECAR	 may	 increase	 due	 to	 a	 compensatory	 shift	 towards	 glycolysis-driven	

acidification.	 After	 FCCP	 injection,	 OCR	 is	 expected	 to	 increase,	 as	 the	 uncoupling	 effect	

maximises	 electron	 flow	 through	 the	 ETC,	 driving	 oxygen	 consumption	 to	 its	 maximal	

respiratory	 capacity.	 ECAR	 may	 also	 increase	 as	 metabolic	 demand	 rises	 under	 stressed	

conditions.	The	experiment	aimed	to	determine	ATP-linked	respiration,	maximal	respiratory	

capacity,	 and	bioenergetic	 reserve,	 shedding	 light	on	 the	metabolic	 flexibility	of	 the	 strains	

under	basal	and	stressed	conditions.	
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Next	a	FCCP	titration	was	performed	at	concentrations	of	0.25	µM,	0.5	µM,	1.0	µM,	and	2.0	µM.	

Basal	OCR	and	ECAR	were	recorded	initially,	followed	by	oligomycin	(1	μM)	with	FCCP	to	drive	

maximal	respiration,	allowing	assessment	of	respiratory	reserve	capacity.	These	steps	were	

designed	 to	 identify	 the	 FCCP	 concentration	 that	 elicited	 maximal	 OCR	 while	 minimizing	

variability	across	replicates.		

All	experiments	were	conducted	in	five	replicates	and	the	results	were	analysed	using	Wave	

software.	The	OCR	and	ECAR	profiles	were	used	to	categorize	the	metabolic	states	of	the	strains	

and	evaluate	differences	 in	bioenergetic	 flexibility	between	susceptible	and	resistant	E.	 coli	

under	basal	and	stressed	conditions.	

5.2.3.1 Cell	seeding	density	for	XF	Cell	energy	phenotype	test	

To	 evaluate	 the	 impact	 of	 cell	 seeding	 density	 on	 OCR	 and	 ECAR	 measurements,	

meropenem-susceptible	(S)	and	meropenem-resistant	(R)	E.	coli	strains	were	plated	at	OD600	

of	 0.01,	 0.02,	 0.04,	 and	 0.08.	 While	 OD600	 0.05	 was	 identified	 in	 earlier	 experiments	 as	 a	

reasonable	baseline	for	Seahorse	use,	this	test	explored	a	broader	range	of	densities	to	refine	

conditions	for	future	experiments	and	ensure	robust	metabolic	measurements.		

Basal	OCR	and	ECAR	were	recorded	to	establish	baseline	oxidative	and	acidification	activity	

before	introducing	pharmacological	stressors	(oligomycin	and	FCCP).	Oligomycin	(1	μM	final	

concentration)	 was	 injected	 to	 inhibit	 ATP	 synthesis,	 providing	 a	 measure	 of	 basal	

non-ATP-linked	respiration	and	FCCP	(1	μM	final	concentration)	was	added	to	uncouple	the	

ETC,	driving	maximal	electron	transport	activity	and	oxygen	consumption.	The	data	collected	

included	 time-resolved	OCR	 and	ECAR	measurements,	 energy	maps	 categorising	metabolic	

states,	and	bioenergetic	parameters	analysed	using	 the	Seahorse	XF	Cell	Energy	Phenotype	

Test	Report	Generator.	

Figure	5.6	displays	the	OCR	and	ECAR,	and	energy	phenotype	profiles	of	the	S	strain	seeded	at	

a	range	of	seeding	densities.	The	OCR	trends	showed	that	cells	seeded	at	OD600	0.01	exhibited	

minimal	 signal	 in	 oxygen	 consumption	 throughout	 the	 assay,	 suggesting	 insufficient	 cell	

density	to	generate	detectable	metabolic	activity.	At	OD600	0.02,	oxygen	consumption	increased	
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steadily	 following	 the	 addition	 of	 oligomycin	 and	 FCCP,	 reflecting	 a	measurable	metabolic	

response,	with	oxygen	levels	remaining	within	the	acceptable	range	(>	35	mmHg)	throughout	

the	assay.	Cells	seeded	at	OD600	0.04	demonstrated	the	highest	OCR	and	ECAR	values,	however,	

the	O2	 level	dipped	below	35	mmHg	during	mixing	phases	after	40	min	 indicated	 localised	

oxygen	depletion.	At	OD600	0.08,	OCR	plateaued	after	the	first	measurement,	likely	indicating	

oxygen	depletion	due	 to	high	 cell	density,	while	ECAR	values	disproportionately	 increased,	

possibly	reflecting	a	compensatory	metabolic	shift.	The	energy	phenotype	map	generated	from	

Seahorse	XF	Cell	Energy	Phenotype	Test	Report	confirmed	that	OD600	0.02	provided	consistent	

OCR	and	ECAR	profiles,	with	minimal	variability	across	replicates.	The	energy	map	highlighted	

metabolic	 flexibility	 at	 this	 density,	 with	 cells	 transitioning	 from	 a	 quiescent	 towards	 an	

energetic	 state	 upon	 FCCP	 injection.	 OD600	 0.01	 and	 0.08	 were	 deemed	 unsuitable	 due	 to	

insufficient	metabolic	signals	and	hypoxia,	respectively.	

These	 findings	build	on	earlier	 results	and	support	OD600	0.02	as	 the	most	 reliable	 seeding	

density	of	E.	coli	for	Seahorse	assays.	While	OD600	0.05	was	previously	identified	as	a	strong	

candidate,	these	results	highlight	how	slight	adjustments	in	density	can	influence	metabolic	

responses,	 guiding	 protocol	 optimisation	 based	 on	 assay	 requirements	 and	 bacterial	

physiology.	
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Figure	5.6	OCR	and	ECAR	profiles	of	the	meropenem-susceptible	(S)	E.	coli	strain	seeded	at	varying	seeding	
densities	 (OD	 0.01,	 0.02,	 0.04,	 and	 0.08).	 The	 OCR	 (top)	 and	 ECAR	 (middle)	 graphs	 depict	 trends	 in	 oxygen	
consumption	and	media	acidification	rates	overtime,	respectively,	while	the	XF	Cell	energy	phenotype	energy	map	
(bottom)	categorizes	metabolic	states	at	different	seeding	densities.	Error	bars	representing	standard	deviations	
from	five	replicates.	
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The	OCR,	ECAR,	cell	energy	phenotype	profiles	 for	the	R	strain	are	shown	in	Figure	5.7.	At	

OD600	0.01,	the	R	strain	displayed	a	fluctuating	OCR	pattern	but	remained	within	the	acceptable	

range,	demonstrating	sufficient	metabolic	activity	even	at	low	cell	density.	At	OD600	0.02	OCR	

increased	 consistently	 after	 the	 injection	 of	 oligomycin	 and	 FCCP,	 maintaining	 robust	

metabolic	activity.	At	0.04,	OCR	and	ECAR	values	were	the	highest	among	the	tested	densities.	

However,	oxygen	levels	fell	below	35	mmHg	during	mixing	phase	after	30	min,	and	after	50	

min	 did	 not	 fully	 recovery	 above	 the	 threshold	 even	 during	 the	measurement	 phase.	 Cells	

seeded	 at	 OD600	 0.08	 showed	 signs	 of	 oxygen	 depletion,	 with	 OCR	 plateauing	 and	 ECAR	

increasing	disproportionately,	reflecting	potential	metabolic	shifts	due	to	hypoxic	conditions.	

The	Seahorse	XF	Cell	Energy	Phenotype	Test	Report	for	the	R	strain	supported	OD600	0.02	as	

the	most	reliable	density	based	on	the	balance	between	metabolic	activity	(measured	by	OCR	

and	ECAR)	and	oxygen	availability	(oxygen	level).	The	energy	map	at	0.02	showed	metabolic	

flexibility,	 with	 cells	 transitioning	 from	 a	 quiescent	 towards	 an	 energetic	 state	 upon	 FCCP	

injection.	Although	OD600	0.04	demonstrated	higher	OCR	and	ECAR	values,	oxygen	depletion	

during	prolonged	measurements	raised	concerns	about	reproducibility.	OD600	0.08	exhibited	

severe	oxygen	depletion,	while	OD600	0.01	produced	inconsistent	metabolic	signals.	
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Figure	5.7	OCR	and	ECAR	profiles	of	the	meropenem-resistant	(R)	E.	coli	strain	seeded	at	varying	densities	
(OD	0.01,	0.02,	0.04,	and	0.08).	 The	OCR	 (top	 left)	and	ECAR	 (bottom	 left)	 graphs	 illustrate	 trends	 in	oxygen	
consumption	and	acidification	rates	during	the	assay.	The	energy	map	(top	right)	categorizes	metabolic	states.	Data	
were	 collected	 using	 the	 Seahorse	 XFe24	 Analyzer,	 with	 error	 bars	 representing	 standard	 deviations	 from	 five	
replicates.	
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The	results	underscore	the	importance	and	challenges	of	optimizing	cell	seeding	density	for	

bacterial	samples	to	ensure	reliable	and	interpretable	metabolic	comparisons	in	Seahorse	XF	

Cell	Energy	Phenotype	Tests.	For	both	S	and	R	strains,	OD600	0.02	was	identified	as	the	optimal	

seeding	density.	The	density	provided	robust	OCR	and	ECAR	values	while	minimizing	the	risk	

of	oxygen	depletion	or	signal	variability.	

While	OD600	0.04	yielded	the	highest	OCR	and	ECAR	values,	transient	oxygen	depletion	during	

mixing	phases	reduced	its	reliability	for	long-term	measurements.	In	contrast,	OD600	0.01	was	

insufficient	to	generate	detectable	metabolic	activity	for	the	S	strain,	and	while	the	R	strain	

maintained	 some	metabolic	 activity,	 the	 low	density	 raised	 concerns	 about	 reproducibility.	

OD600	0.08	 led	 to	 severe	 oxygen	 depletion	 and	metabolic	 shifts,	 rendering	 it	 unsuitable	 for	

Seahorse	assays.	

By	 identifying	 OD600	 0.02	 as	 the	 optimal	 seeding	 density,	 these	 experiments	 established	 a	

balance	 between	 detectable	metabolic	 activity	 and	 consistent	 oxygen	 availability,	 ensuring	

reproducible	and	robust	bioenergetic	profiling	of	E.	coli	strains.	Therefore,	seeding	density	of	

OD600	0.02	was	used	for	subsequent	Seahorse	analyses.	

5.2.3.2 FCCP	titration	in	the	XF	Cell	energy	phenotype	test	

To	 further	 characterize	 the	 metabolic	 profiles	 of	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	(R)	E.	coli	strains,	FCCP	titration	was	conducted	using	the	Seahorse	XF	

Cell	Energy	Phenotype	Test.	FCCP,	drives	maximal	oxygen	consumption	by	allowing	electrons	

to	flow	freely	through	the	ETC,	bypassing	ATP	production.	The	process	provides	insights	into	

the	maximal	respiratory	capacity	and	reserve	respiratory	capacity	of	 the	strains,	which	are	

critical	parameters	for	allocating	energy	phenotypes.	FCCP	titration	facilitates	this	allocation	

by	identifying	the	maximal	OCR,	revealing	reserve	capacity,	and	assessing	changes	in	ECAR,	

which	collectively	reflect	the	metabolic	flexibility	of	cells.	FCCP	titration	also	enables	mapping	

these	 metabolic	 states	 in	 the	 energy	 map,	 highlighting	 how	 cells	 shift	 between	 oxidative	

phosphorylation	and	glycolysis	under	stress.	
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The	experiment	was	conducted	using	E.	coli	cells	seeded	at	OD600	0.02,	as	this	density	provided	

consistent	metabolic	activity	while	avoiding	oxygen	depletion.	Final	FCCP	concentrations	of	

0.25	µM,	0.5	µM,	1.0	µM,	and	2.0	µM	were	tested,	with	basal	OCR	and	ECAR	measured	before	

sequential	injections	of	oligomycin	(1.0	µM)	and	FCCP.		

Figure	 5.8	 illustrates	 the	 OCR	 and	 ECAR	 profiles	 for	 the	 S	 strain	 at	 varying	 FCCP	

concentrations	 (0.25,	 0.5,	 1.0,	 and	 2.0	 µM).	 Basal	 OCR	 values	 were	 measured	 before	 the	

injection	of	oligomycin	and	FCCP.	Following	FCCP	injection,	OCR	increased	proportionally	with	

FCCP	concentration,	peaking	at	1.0	µM.	At	this	concentration,	maximal	respiratory	activity	was	

achieved,	reflecting	maximal	ETC	activity.	However,	OCR	plateaued	at	2.0	µM	FCCP,	suggesting	

that	further	increases	in	FCCP	concentration	did	not	enhance	respiratory	activity,	potentially	

due	to	proton	gradient	depletion	or	toxicity	effects.	The	Seahorse	XF	Cell	Energy	Phenotype	

Report	categorized	the	metabolic	states	based	on	OCR	and	ECAR	values.	At	1.0	µM	FCCP,	the	S	

strain	shifted	to	an	energetic	phenotype	with	enhanced	OCR	and	moderate	ECAR	values.	Lower	

FCCP	concentrations	(0.25	and	0.5	µM)	and	higher	FCCP	concentration	(2.0	µM)	maintained	a	

more	quiescent	state.	
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Figure	 5.8	 OCR	 and	 ECAR	 profiles	 for	 meropenem-susceptible	 (S)	 E.	 coli	 strains	 at	 varying	 FCCP	
concentrations	(0.25	µM,	0.5	µM,	1.0	µM,	2.0	µM).	The	OCR	(top	panel)	and	ECAR	(bottom	panel)	graphs	depict	
trends	in	oxygen	consumption	and	acidification	rates	across	the	assay,	following	injections	of	oligomycin	and	FCCP.	
The	energy	map	(bottom	panel)	categorises	metabolic	phenotype	into	aerobic,	energetic,	glycolytic,	and	quiescent	
states	based	on	OCR	and	ECAR	measurements.	Error	bars	representing	standard	deviation	from	five	replicates.	 	
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Figure	5.9	depicts	the	OCR	and	ECAR	profiles	for	the	R	strain	at	varying	FCCP	concentrations,	

oligomycin	and	FCCP	given	simultaneously.	Basal	OCR	was	higher	in	the	R	strain	compared	to	

the	S	strain,	suggesting	increased	oxidative	metabolism.	However,	contrary	to	expectations	of	

FCCP-mediated	 uncoupling,	 no	 significant	 increases	 in	 OCR	 were	 observed	 after	 FCCP	

injections	across	any	concentrations.	Instead,	a	gradual	decline	in	OCR	occurred	at	2.0	µM	FCCP,	

suggesting	 potential	 toxicity	 at	 higher	 FCCP	 concentrations.	 ECAR	 trends	 for	 the	 R	 strain	

revealed	fluctuations	with	FCCP	titration.	At	0.5	µM	FCCP,	ECAR	values	initially	dipped	after	

injection,	followed	by	stabilization.	Similarly,	a	noticeable	decline	in	ECAR	occurred	at	2.0	µM	

FCCP,	 indicating	potential	metabolic	stress	or	 inefficiency	in	compensatory	glycolysis	under	

these	 conditions.	 The	 Seahorse	 XF	 Cell	 Energy	 Phenotype	 Report	 highlighted	 metabolic	

flexibility	of	the	R	strain.	At	1.0	µM	and	0.25	µM	FCCP,	the	R	strain	displayed	slightly	increased	

OCR	compared	to	baseline,	reflecting	its	energetic	potential,	but	this	was	not	sustained	across	

other	FCCP	concentrations.	The	R	strain	did	not	consistently	exhibit	an	energetic	phenotype,	

as	OCR	enhancements	were	not	proportional	to	FCCP	doses.	While	the	ECAR	values	showed	

moderate	 increases,	 the	 variability	 in	 response	 suggested	metabolic	 instability	 rather	 than	

flexibility.	 The	 metabolic	 potential	 of	 the	 R	 strain	 remained	 comparable	 across	 FCCP	

concentrations,	 indicating	 that	 reserve	 capacity	 of	 the	 strain	 did	 not	 increase	 substantially	

beyond	baseline,	contradicting	initial	assumptions	of	superior	bioenergetic	reserves.	Potential	

concern	regarding	initial	OCR	and	ECAR	values	observed.	The	difference	in	OCR	and	ECAR	at	

t=0	requires	clarification.	While	consistent	seeding	density	(OD600=0.02)	were	used,	baseline	

metabolic	variability,	or	technical	factors	in	the	assay	setup	could	have	influenced	the	starting	

metabolic	parameters.	Further	investigation	is	needed	to	determine	whether	these	differences	

stem	from	metabolic	behaviour,	or	experimental	variation	such	as	cell	detachment.		
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Figure	5.9	OCR	and	ECAR	profiles	for	meropenem-resistant	(R)	E.	coli	strains	at	varying	FCCP	concentrations	
(0.25	µM,	0.5	µM,	1.0	µM,	2.0	µM).	The	OCR	(top	panel)	and	ECAR	(middle	panel)	graphs	depict	trends	in	oxygen	
consumption	and	acidification	rates	across	the	assay,	while	the	energy	map	(bottom	panel)	categorizes	metabolic	
phenotype	into	aerobic,	energetic,	glycolytic,	and	quiescent	states	based	on	OCR	and	ECAR	measurements.	Error	bars	
representing	standard	deviation	from	five	replicates.		
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The	 FCCP	 titration	 experiments	 for	 both	 the	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	 (R)	E.	 coli	 strains	 revealed	distinct	metabolic	 responses	 to	 increasing	

FCCP	concentrations.	FCCP,	as	a	protonophore,	uncouples	oxidative	phosphorylation,	forcing	

maximal	 respiration	 by	 disrupting	 the	 proton	 gradient	 across	 the	 electron	 transport	 chain	

(ETC).	 The	 assay	 allows	 an	 assessment	 of	 the	 strains'	 bioenergetic	 reserve	 capacity	 and	

metabolic	flexibility.	

In	 the	 S	 strain,	 OCR	 increased	 steadily	 across	 FCCP	 concentrations,	 with	 the	 highest	 OCR	

observed	 at	 1.0	 µM	 FCCP	 (Figure	 5.8).	 However,	 at	 2.0	 µM	 FCCP,	 OCR	 began	 to	 plateau,	

suggesting	a	threshold	beyond	which	the	ETC	could	no	longer	compensate	for	the	uncoupling	

effect.	ECAR	increased	moderately	in	response	to	FCCP	but	remained	within	the	dynamic	range,	

reflecting	a	balanced	contribution	of	oxidative	and	glycolytic	metabolism.	The	Seahorse	XF	Cell	

Energy	 Phenotype	 analysis	 categorized	 the	 S	 strain	 primarily	 as	 quiescent	 at	 baseline	 but	

shifted	towards	an	energetic	phenotype	under	FCCP-induced	stress.	The	result	indicated	that	

the	S	strain	was	capable	of	engaging	its	reserve	capacity	when	challenged,	though	its	response	

was	dose-dependent	and	peaked	at	intermediate	FCCP	concentrations.	

In	the	R	strain,	baseline	OCR	was	consistently	higher	than	in	the	S	strain,	reflecting	elevated	

oxidative	metabolism	even	under	unstressed	conditions	 (Figure	5.9).	However,	upon	FCCP	

injection,	 OCR	 did	 not	 increase	 in	 a	 dose-dependent	 manner,	 displaying	 considerable	

variability	across	replicates.	While	1.0	µM	FCCP	elicited	the	highest	OCR,	the	response	was	less	

consistent	across	replicates,	and	at	2.0	µM	FCCP,	OCR	began	to	decrease	progressively	over	

time.	 The	 result	 suggested	 potential	 toxicity	 at	 higher	 FCCP	 doses,	 which	 may	 induce	

over-uncoupling	proton	leak	rather	than	enhanced	respiration.	The	variability	observed	likely	

due	to	difference	in	seeding	density	or	inconsistencies	in	FCCP	addition	between	wells.	ECAR	

trends	 showed	 dips	 immediately	 after	 FCCP	 injections	 at	 0.5	 µM	 and	 2.0	 µM,	 indicating	

transient	 disruptions	 in	 acidification	 rates	 potentially	 linked	 to	 altered	 proton	 export.	 The	

Seahorse	XF	Cell	Energy	Phenotype	analysis	placed	the	R	strain	in	the	aerobic	and	energetic	

quadrants	under	FCCP	stress,	suggesting	a	capacity	for	metabolic	adaptation.	However,	the	lack	
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of	 a	 clear	 dose-dependent	 OCR	 response	 and	 greater	 variability	 compared	 to	 the	 S	 strain	

suggests	 reduced	 metabolic	 efficiency	 or	 instability	 in	 maintaining	 optimal	 uncoupled	

respiration.	

Overall,	these	results	demonstrated	that	FCCP	titration	effectively	distinguished	the	metabolic	

phenotypes	of	the	S	and	R	strains.	The	S	strain	displayed	a	more	predictable	and	consistent	

shift	towards	energetic	metabolism,	whereas	the	R	strain	exhibited	a	higher	basal	metabolism	

but	 inconsistent	 OCR	 responses	 under	 stress.	 These	 differences	 highlight	 the	 potential	

metabolic	differences	in	the	R	strain	that	could	be	targeted	to	overcome	resistance	mechanisms.	

 Buffer	factor	assay	

The	Buffer	Factor	(BF)	assay	was	conducted	to	evaluate	whether	2TY	medium	was	suitable	for	

use	 in	 Seahorse	 XF	 assays.	 Accurate	 interpretation	 of	 ECAR	 data	 requires	 converting	

qualitative	proton	extrusion	measurements,	reported	in	milli-pH	per	minute	(mpH/min),	into	

quantitative	PER	values.	The	conversion	depends	on	determining	the	BF	of	the	assay	system,	

which	accounts	for	both	the	buffer	capacity	of	the	medium	and	the	specific	properties	of	the	

Seahorse	XF	Analyser	setup.	

The	BF	is	defined	as	the	amount	of	H+	 ions	(in	millimoles)	required	to	change	the	pH	of	the	

assay	medium	by	one	unit	within	 the	 Seahorse	XF	Analyser	 system.	Unlike	 intrinsic	 buffer	

capacity,	which	is	solely	a	property	of	the	medium,	BF	accounts	for	system-specific	factors	such	

as	the	material	composition	of	the	instrument	and	labware.	Determining	the	BF	allows	ECAR	

data	to	be	converted	 into	absolute	proton	flux	values,	 facilitating	for	quantitative	metabolic	

studies.		

The	 suitability	 of	 2TY	medium	 for	 Seahorse	XF	 assays	was	 evaluated	because	 its	 buffering	

capacity	could	influence	ECAR	measurements.	While	Seahorse	XF	Assay	Medium	is	typically	

recommended	 due	 to	 its	 optimised	 properties	 for	 detecting	 proton	 flux,	 2TY	medium	was	

assessed	as	a	potential	alternative	to	support	bacterial	metabolism	in	experiments	involving	

E.	coli.	 By	 determining	 the	 BF	 of	 2TY,	 the	 compatibility	 of	 this	 medium	with	 Seahorse	 XF	

measurements	was	examined.		
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The	BF	was	determined	empirically	by	titrating	a	known	concentration	of	acid	(5	mM	HCl)	into	

the	 assay	 medium	 and	 measuring	 the	 corresponding	 pH	 changes	 within	 the	 Seahorse	 XF	

Analyser.	The	approach	accounted	for	system-specific	effects	on	acidification	and	allowed	for	

the	calculation	of	BF	values	specific	to	the	experimental	setup.	

An	assay	plate	was	prepared	with	 the	2TY	medium	under	 the	 same	conditions	as	a	 typical	

Seahorse	experiment	but	without	cells.	Sequential	injections	of	5mM	HCl	or	2TY	medium	were	

performed,	and	the	resulting	pH	changes	were	measured.	Control	wells	containing	medium	

without	 acid	 injections	were	 included	 to	 establish	 baseline	 effects.	 The	 Seahorse	XF	Buffer	

Factor	Calculator	processed	the	data	to	calculate	the	BF,	expressed	in	millimoles	of	H+	ions	per	

pH	unit	(mM/pH).	The	value	enabled	the	conversion	of	ECAR	into	PER.	

Figure	5.10	illustrates	the	pH	changes	over	time	in	2TY	medium	after	sequential	HCl	injections.	

In	the	control	condition,	where	medium	was	injected	into	medium,	minimal	pH	fluctuations	

were	 observed,	 confirming	 no	 external	 acidification.	 In	 contrast,	 HCl	 injections	 into	 2TY	

medium	produced	steeper	and	more	pronounced	pH	decreases.	

	

Figure	5.10	pH	changes	in	2TY	medium	after	HCl	titration.	The	graph	 illustrates	the	pH	changes	 induced	by	
sequential	HCl	injections	(green)	and	2TY	medium	injections	(yellow)	in	2TY	medium.	Error	bars	represent	standard	
deviation	from	five	independent	measurements.	
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Figure	5.11	shows	the	change	in	pH	as	a	function	of	HCl	concentration,	with	a	linear	regression	

performed	to	calculate	the	BF	of	2TY	medium.	The	slope	of	the	regression	line	indicates	that	

2TY	medium	has	a	high	buffering	capacity.	Based	on	Seahorse	Buffer	Factor	calculation,	2TY	

medium	 had	 a	 BF	 of	 5.0	 mM/pH,	 exceeding	 acceptable	 range	 of	 the	 Seahorse	 system	

(0-4	mM/pH).	The	high	buffering	capacity	reduces	the	sensitivity	of	ECAR	measurements	by	

limiting	pH	changes	in	response	to	extracellular	proton	flux,	making	2TY	medium	unsuitable	

for	Seahorse	XF	ECAR	analysis.	

The	findings	confirmed	that	the	2TY	medium	is	not	suitable	for	Seahorse	XF	assays.	The	results	

demonstrated	 the	 necessity	 of	 employing	 media	 with	 appropriate	 buffering	 capacities	 to	

ensure	accurate	metabolic	profiling.	Therefore,	 for	 subsequent	analyses,	 Seahorse	XF	assay	

medium,	 specifically	 designed	 to	 support	 reliable	 ECAR	measurements,	 will	 be	 utilized	 to	

enable	precise	quantification	of	glycolytic	activity	and	proton	dynamics.	

Figure	5.11	Seahorse	XF	Analyzer	pH	response	to	HCl	titration	in	2TY	medium.	pH	changes	from	the	Seahorse	XF	
Buffer	Factor	Calculator	used	to	calculate	the	buffer	 factor	(BF)	 for	2TY	medium.	The	BF	exceeded	the	platform’s	
acceptable	range	(0–4	mM/pH),	rendering	2TY	unsuitable	for	ECAR	analysis.	

Buffer Factor: 5.0 mM/pH 
mmM/pHmM/pH 
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 Normalisation	with	Hoechst	dye	staining	

To	 ensure	 accurate	 interpretation	 of	 Seahorse	 assay	 data,	 normalisation	 was	 essential	 to	

account	for	variability	in	cell	density	across	wells.	In	this	experiment,	Hoechst	dye	staining	was	

explored	 as	 a	 DNA-based	 normalisation	 technique.	 Hoechst	 dye	 binds	 specifically	 to	 DNA,	

enabling	quantification	of	relative	cell	numbers	through	fluorescence	intensity.	This	approach	

aimed	to	complement	optical	density	(OD600)	measurements	used	during	cell	plating,	providing	

an	 additional	 layer	 of	 normalisation	 to	 correct	 for	 inconsistencies	 in	 cell	 seeding	 and	

attachment.	By	implementing	Hoechst	dye	staining,	the	study	sought	to	enhance	the	reliability	

and	precision	of	metabolic	measurements	obtained	from	bacterial	strains.	

Literature	from	the	University	of	Illinois	Biotechnology	Centre	suggested	for	bacterial	cells,	the	

optimal	concentration	of	Hoechst	dye	ranges	between	0.1	and	12	μg/mL	(0.178	–	21.37	mM),	

with	 an	 incubation	 time	 of	 10	 to	 30	 minutes.462	 However,	 due	 to	 the	 lack	 of	 established	

protocols	for	Seahorse	assays	on	bacteria,	slightly	higher	concentration	(final	concentration	

27	mM	 -	 30	mM)	were	 tested	 in	 this	 study.	 These	 concentrations	were	 selected	 to	 ensure	

adequate	fluorescence	signal	detection	given	the	challenges	associated	with	bacterial	cell	wall	

permeability	and	potential	variability	in	dye	uptake.	Additionally,	the	higher	concentrations	

were	employed	to	overcome	potential	variability	in	DNA	content	between	bacterial	cells,	as	no	

established	 protocols	 existed	 for	 Seahorse	 assays	 on	 bacterial	 systems.	 Such	 an	 approach	

aimed	to	empirically	determine	a	suitable	dye	concentration	for	reliable	signal	detection	in	this	

specific	experimental	context.	

5.2.5.1 Experimental	procedure	

Two	 independent	 experiments	 were	 conducted	 to	 evaluate	 the	 suitability	 of	 Hoechst	 dye	

staining	for	normalisation.	In	the	first	set,	subcultures	were	grown	to	OD600	0.3,	diluted	to	the	

desired	OD600,	and	attached	to	the	Seahorse	plate	in	2TY	medium.	Hoechst	dye	stock	solutions	

of	 270	 mM	 and	 300	 mM	 were	 diluted	 1:10	 upon	 addition	 to	 the	 wells,	 resulting	 in	 final	

concentrations	 of	 27	 mM	 and	 30	 mM	 in	 the	 samples.	 The	 dye	 was	 then	 incubated,	 and	

fluorescence	was	measured	using	a	BMG	CLARIOstar	PLUS	microplate	reader.	Fluorescence	
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readings	were	averaged	across	technical	replicates.	In	the	second	set,	to	address	the	potential	

impact	of	the	medium	on	fluorescence	signal,	subcultures	were	similarly	grown	and	diluted	

but	were	washed	with	Seahorse	XF	DMEM	medium	after	the	attachment	to	remove	residual	

2TY	medium	suspended	in	Seahorse	XF	DMEM	medium.	Hoechst	dye	stock	solution	at	300	mM	

was	diluted	1:10	upon	addition	to	the	wells,	resulting	in	a	final	concentration	of	30mM	in	the	

samples.	Fluorescence	was	measured	in	biological	replicates	under	the	same	conditions.	

The	 first	experiment,	which	used	cells	 in	2TY	medium,	exhibited	variability	 in	 fluorescence	

data.	While	some	trends	were	observed,	the	fluorescence	signal	did	not	consistently	correlate	

with	OD600	measurements.	 Similarly,	 substitution	 of	 2TY	medium	with	 Seahorse	 XF	DMEM	

medium	did	not	improve	fluorescence	signal	variability	and	signal	did	not	correlate	with	OD600	

measurements.	 Figure	 5.12	 presents	 the	 fluorescence	 data	 for	 the	 second	 experiment,	

highlighting	 inconsistent	 relationships	 between	 OD600	 and	 fluorescence	 intensity	 across	

biological	 replicates.	 The	 observed	 fluorescence	 signal	 for	 each	 well	 was	 planned	 to	 be	

normalized	by	subtracting	the	blank	signal	and	calculating	a	signal-to-blank	ratio	(S/B).	The	

normalisation	 values	 were	 directly	 imported	 into	 Wave	 2.6.3	 software	 for	 Seahorse	 data	

analysis.	

Figure	5.12	Hoechst	dye	concentration	curve.	Fluorescence	intensity	plotted	against	optical	density	at	wave	length	
600	nm	(OD600)	for	washed	meropenem-susceptible	(S)	and	meropenem-resistant	(R)	E.	coli	cells	stained	with	30	mM	
Hoechst	 dye.	 S_1	 and	 S_2	 represent	 biological	 replicates	 for	 the	 susceptible	 strain,	while	 R_1	 and	 R_2	 represent	
replicates	for	the	resistant	strain.	
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The	 inconsistencies	 observed	 in	 the	 Hoechst	 dye	 fluorescence	 data	 suggested	 that	 this	

approach	may	not	be	suitable	for	bacterial	normalisation	in	Seahorse	assays.	Washing	the	cells	

and	using	Seahorse	assay	media,	did	not	reduce	this	variability	to	acceptable	limits.	The	result	

suggested	that	factors	such	as	variability	in	dye	uptake	and	bacterial	cell	properties,	such	as	

potential	variability	in	DNA	content	or	membrane	permeability,	might	have	played	a	role	in	the	

observed	inconsistencies.	The	lack	of	a	consistent	correlation	between	OD600	and	fluorescence	

further	undermined	the	reliability	of	Hoechst	dye	normalization	under	the	tested	conditions.		

5.2.5.2 Discussion	

While	 Hoechst	 dye	 staining	 is	 a	 well-established	 method	 for	 normalization	 in	 eukaryotic	

systems,	its	application	to	bacterial	systems	revealed	significant	challenges.	The	inconsistent	

correlation	between	OD600	and	fluorescence	intensity	suggested	that	bacterial	cell	properties,	

such	 as	 cell	 size,	 membrane	 permeability,	 or	 DNA	 content,	 may	 contribute	 to	 the	 signal	

variability.	Although	interactions	between	2TY	medium	components	and	Hoechst	dye	were	

considered	 as	 a	 potential	 factor,	 there	 was	 no	 evidence	 to	 confirm	 such	 interference.	The	

second	 experiment	 aimed	 to	 address	 the	 inconsistent	 correlation	 issue	 by	 replacing	 2TY	

medium	with	Seahorse	assay	media,	but	the	results	still	showed	substantial	variability	across	

biological	replicates.	These	experiments	revealed	that	the	normalisation	approach	employing	

Hoechst	dye	 that	 is	widely	used	 in	mammalian	 culture	experiments	 is	not	 compatible	with	

bacterial	 cultures.	 Instead,	 OD600	 will	 remain	 as	 the	method	 for	 normalisation	 in	 Seahorse	

experiments.	

 XF	Glycolysis	rate	assay	

The	 XF	 Glycolysis	 Rate	 Assay	 provides	 a	 quantitative	 evaluation	 of	 glycolytic	 activity	 in	

meropenem-susceptible	 (S)	 and	 meropenem-resistant	 (R)	 E.	 coli	 strains,	 addressing	

limitations	 of	 the	 Glycolysis	 Stress	 Test	 by	 isolating	 glycolysis-specific	 extracellular	

acidification.	 The	 assay	 distinguishes	 glycolytic	 proton	 efflux	 rate	 (glycoPER)	 from	

non-glycolytic	acidification	by	 integrating	OCR	measurements	to	account	 for	CO₂	hydration,	

enabling	more	precise	calculations	of	proton	flux.	The	approach	was	particularly	crucial	 for	
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E.	coli,	 where	 the	 bacterial	 ETC	 operates	 in	 the	 inner	membrane,	 and	 CO₂	 from	 TCA	 cycle	

activity	contributes	to	extracellular	acidification.	

The	 assay	 medium	 was	 prepared	 with	 glucose,	 pyruvate,	 glutamine,	 and	 HEPES	 buffer	 to	

stabilise	 pH	 during	 the	 experiment.	 The	 basal	 OCR	 and	 ECAR	 were	 recorded	 over	 three	

measurement	 cycles	 to	 establish	 baseline	 glycolytic	 and	 non-glycolytic	 activity.	 The	 first	

injection	introduced	Rot/AA,	which	inhibited	the	ETC,	suppressing	oxygen	consumption	and	

reducing	 CO₂-derived	 acidification.463	 	 The	 step	 isolated	 the	 proton	 efflux	 attributable	 to	

respiration,	 allowing	 the	 calculation	 of	 the	 glycolytic	 PER.	 The	 second	 injection	 introduced	

2-DG,	a	glucose	analogue	which	competitively	inhibits	glucokinase,	halting	glycolytic	activity	

dependent	on	ATP-phosphorylation	of	glucose.	The	resulting	decrease	in	proton	efflux	would	

provide	qualitative	confirmation	that	acidification	observed	prior	to	2-DG	injection	is	primarily	

due	 to	 glycolysis.	 However,	 in	 bacteria	 with	 glucose	 uptake	 mechanisms	 reliant	 on	 the	

phosphoenolpyruvate-dependent	phosphotransferase	system	(PTS),	the	effect	of	2-DG	may	be	

diminished	or	variable	due	to	alternative	pathways	for	glucose	metabolism.464,465	

5.2.6.1 Results	

Figure	 5.13	 illustrates	 the	 PER	 trends	 for	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	 (R)	 E.	 coli	 strains	 under	 basal	 and	 stressed	 conditions,	 highlighting	

compensatory	 glycolysis.	 PER	 provides	 a	 corrected	 measure	 of	 glycolytic	 acidification	 by	

accounting	for	CO2	hydration-derived	acidification.	The	correction	allows	for	a	more	accurate	

quantification	of	glycolysis-specific	proton	production,	isolating	metabolic	acidification	from	

respiration-derived	 extracellular	 acidification.	 Both	 strains	 displayed	 a	 slight	 increase	 in	

glycoPER	following	the	injection	of	Rot/AA,	which	inhibits	the	electron	transport	chain,	forcing	

the	 cells	 to	 rely	 on	 glycolysis.	However,	 this	 increase	was	minimal	 and	 fell	well	 below	 the	

expected	compensatory	response	typically	observed	in	glycolytic	rate	assays.	After	the	2-DG	

injection,	which	 inhibits	glycolysis,	 glycoPER	decreased	 in	both	strains,	 confirming	 that	 the	

proton	efflux	observed	during	the	earlier	phase	was	primarily	glycolysis-driven.	
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The	basal	glycolysis	rate,	calculated	before	any	injection,	showed	slight	differences	between	

the	S	and	R	strains;	however,	overlapping	error	bars	indicate	high	variability,	making	it	difficult	

to	 conclude	 statistically	 significant	 differences	 (Figure	 5.13,	 bottom	 left).	 Similarly,	 the	

compensatory	glycolysis	rate,	representing	the	glycolytic	upregulation	after	Rot/AA	injection,	

was	slightly	higher	in	the	S	strain	but	remained	within	the	margin	of	error,	demonstrating	high	

  

  
Figure	5.13	PER	trends	in	meropenem-susceptible	(S)	and	meropenem-resistant	(R)	E.	coli	strains	under	
basal	and	stressed	conditions.	Basal	glycolysis	was	measured	before	any	injection,	and	compensatory	glycolysis	
was	calculated	as	the	glycoPER	increase	after	Rot/AA	injection.	Rot/AA	was	injected	at	20	minutes,	and	2-DG	was	
injected	at	60	minutes.	Error	bars	represent	standard	deviation	from	replicates	n=5.	
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variability,	 and	 preventing	 meaningful	 distinction	 between	 the	 two	 strains	 (Figure	 5.13,	

bottom	right).	Overall,	the	assay	revealed	only	subtle	changes	in	glycoPER	for	both	strains	in	

response	 to	Rot/AA	and	2-DG.	The	 lack	of	a	pronounced	compensatory	glycolytic	 response	

suggests	 that	 the	 bacterial	 metabolic	 systems	 do	 not	 behave	 as	 expected	 under	 these	

conditions.	The	discrepancy	could	be	attributed	to	differences	in	how	Rot/AA	inhibits	the	ETC	

in	bacteria	compared	to	eukaryotic	cells.	While	antimycin	A	is	known	to	inhibit	the	bacterial	

ETC	at	Complex	III	(cytochrome	bc1	complex),	rotenone	specifically	targets	Complex	I	of	the	

mitochondrial	ETC.449,466	In	eukaryotes,	Rot/AA	effectively	halts	oxidative	phosphorylation	and	

forces	a	compensatory	shift	to	glycolysis.467,468	However,	in	E.	coli,	the	ETC	is	embedded	in	the	

plasma	 membrane	 and	 consists	 of	 distinct	 respiratory	 complexes,	 including	 multiple	

nicotinamide	adenine	dinucleotide	(NADH)	dehydrogenases	and	terminal	oxidases	operating	

in	parallel,	which	can	provide	functional	redundancy	that	can	bypass	parts	of	the	ETC	inhibited	

by	 rotenone	 or	 antimycin	 A.469-472	 The	 redundancy	 may	 limit	 the	 metabolic	 shift	 toward	

glycolysis	 typically	 observed	 in	 eukaryotic	 cells	 under	 similar	 conditions.	 Furthermore,	 the	

slight	 glycoPER	 increase	 following	Rot/AA	 injection	 suggests	 that	 glycolysis	 is	 activated	 to	

some	extent,	but	not	at	the	levels	expected	to	compensate	for	the	loss	of	oxidative	metabolism.	

Future	 experiments	 could	 explore	 alternative	 inhibitors	 or	 combinations	 of	 inhibitors	 that	

more	effectively	target	bacterial	ETC	components	to	induce	a	robust	compensatory	glycolytic	

response.	

The	 Seahorse	XF	Glycolysis	Rate	Assay	was	 repeated	 to	 investigate	 the	potential	 impact	 of	

meropenem	 exposure	 on	 the	 metabolic	 response	 of	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	 (R)	E.	 coli	 strains.	The	aim	of	 this	 experiment	was	 to	assess	whether	

antibiotic	 treatment	 alters	 glycolytic	 activity,	 particularly	 compensatory	 glycolysis,	 which	

could	elucidate	metabolic	adaptations	contributing	to	resistance	mechanisms.	
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The	results	are	summarised	in	Figure	5.14	and	indicate	minimal	changes	in	ECAR	in	both	S	

and	 R	 strains.	 In	 the	 absence	 of	 meropenem,	 the	 ECAR	 trends	 for	 both	 strains	 remained	

consistent	with	 earlier	 observations,	 displaying	 slight	 increases	 after	 Rot/AA	 injection	 and	

decreases	following	2-DG	injection,	apart	from	meropenem-treated	susceptible	sample	which	

displayed	decreased	 in	ECAR	after	Rot/AA	 injection.	 The	decrease	 in	ECAR	 following	2-DG	

injection	confirmed	 the	glycolytic	origin	of	 the	observed	proton	efflux,	as	previously	noted.	

Across	all	conditions,	the	ECAR	values	remained	relatively	stable,	and	no	significant	distinction	

was	observed	between	the	S	and	R	strains.	

The	 lack	 of	 a	 distinct	metabolic	 response	 to	meropenem,	 combined	with	 the	 absence	 of	 a	

pronounced	 compensatory	 glycolytic	 response,	 suggests	 that	 the	 assay	may	 not	 effectively	

capture	 the	 metabolic	 dynamics	 of	 E.	 coli	 under	 antibiotic	 stress.	 Despite	 the	 inclusion	 of	

antibiotic-treated	 samples,	 the	 assay	 failed	 to	 provide	 meaningful	 insights	 into	 glycolytic	

adaptations,	reinforcing	concerns	regarding	its	applicability	to	bacterial	systems.	

	

Figure	5.14	ECAR	measurements	from	the	Seahorse	XF	Glycolysis	Rate	Assay	for	S	and	R	strains	with	and	without	
meropenem.	The	graph	highlights	ECAR	trends	before	and	after	the	 injections	of	Rot/AA	(20	minutes)	and	2-DG	(60	
minutes).	Error	bars	represent	standard	deviation	from	replicates	n=5.	

Control or meropenem Rotenone/A
A 

2-DG 
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5.2.6.2 Conclusion	

The	limitations	observed	in	the	glycolysis	rate	assay	likely	arise	from	fundamental	differences	

between	bacterial	and	eukaryotic	energy	metabolisms,	including	the	absence	of	mitochondria	

and	reliance	on	membrane-embedded	electron	transport	chains.		

Pharmacological	treatments	such	as	rotenone	and	antimycin	A	are	designed	to	inhibit	specific	

complexes	in	the	eukaryotic	ETC—Complex	I	and	Complex	III,	respectively.473	While	antimycin	

A	has	been	shown	to	effectively	inhibit	the	bacterial	cytochrome	bc1	complex,	the	impact	of	

rotenone	on	bacterial	NADH	dehydrogenases	 remains	unclear.474	E.	coli,	 expresses	multiple	

NADH	dehydrogenases,	including	NDH-1	and	NDH-2,	that	contribute	to	metabolic	flexibility.475	

If	 rotenone	 selectively	 inhibits	 NDH-1	 (functions	 similar	 to	 Complex	 I	 in	 eukaryotic	

mitochondria),	NDH-2	could	compensate,	mitigating	the	overall	metabolic	impact	and	reducing	

glycolytic	 activation.	 The	 redundancy,	 combined	 with	 the	 branched	 architecture	 of	 the	

bacterial	ETC,	may	explain	the	minimal	compensatory	glycolysis	observed.	

The	variability	and	limited	metabolic	responses	observed	in	this	study	highlight	a	need	for	a	

more	nuanced	understanding	of	how	pharmacological	inhibitors	interact	with	bacterial	ETC	

components.	Previous	studies	have	demonstrated	that	the	ETC	in	E.	coli	dynamically	adapts	to	

environmental	and	metabolic	conditions,	such	as	oxygen	availability	and	carbon	source,	which	

could	further	mitigate	the	effects	of	these	inhibitors.476		

The	Seahorse	XF	Glycolysis	Rate	Assay,	while	highly	effective	for	evaluating	glycolytic	activity	

in	eukaryotic	cells,	was	determined	to	be	unsuitable	for	bacterial	cells	 like	E.	coli	under	the	

current	 experimental	 conditions.	 The	 reliance	 of	 the	 assay	 on	 assumptions	 regarding	

mitochondrial	respiration	and	extracellular	acidification	does	not	fully	align	with	the	metabolic	

architecture	of	bacterial	cells.	The	minimal	and	inconsistent	changes	in	glycolytic	proton	efflux	

rate	(glycoPER)	observed	across	both	meropenem-susceptible	(S)	and	meropenem-resistant	

(R)	strains,	even	under	stress	conditions	such	as	antibiotic	exposure,	highlight	inability	of	the	

assay	to	capture	dynamic	metabolic	adaptations	in	bacteria.	Compensatory	glycolysis,	a	key	
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measure	 of	 metabolic	 flexibility,	 was	 not	 distinctly	 observed	 in	 either	 strain,	 further	

challenging	applicability	of	the	assay.	

Future	studies	should	focus	on	optimizing	assay	parameters	such	as	inhibitor	concentrations,	

cell	seeding	densities,	and	buffer	compositions	to	align	with	bacterial	physiology.	Additionally,	

methods	tailored	specifically	to	bacterial	systems—such	as	employing	inhibitors	that	target	

bacterial-specific	 ETC	 components,	 using	 alternative	 metabolic	 readouts,	 or	 combining	

Seahorse	analysis	with	complementary	techniques	like	metabolomics—are	critical	to	gaining	

a	comprehensive	understanding	of	bacterial	metabolic	adaptations.	

In	 conclusion,	 the	 Glycolysis	 Rate	 Assay	 in	 its	 current	 form	 does	 not	 provide	 reliable	 or	

biologically	relevant	data	 for	E.	coli.	While	 it	holds	promise	as	a	tool	 for	exploring	bacterial	

glycolysis,	its	application	to	bacterial	systems	requires	substantial	modifications,	such	as	the	

use	of	bacteria-specific	compounds,	optimization	of	assay	timing,	and	recalibration	of	baseline	

measurements	to	align	with	the	unique	metabolic	features	of	prokaryotic	cells.		

 XF	Real	time	ATP	rate	assay	

The	Agilent	Seahorse	XF	Real-Time	ATP	Rate	Assay	is	used	to	measure	ATP	production	rates	

in	eukaryotes	and	was	tested	next	with	E.	coli.	The	aim	was	to	distinguish	contributions	from	

glycolytic	 and	 oxidative	 pathways.	 The	 assay	 integrates	 OCR	 and	 ECAR	 measurements	 to	

determine	the	rate	of	ATP	production.	OCR	indicates	oxidative	activity,	whilst	ECAR	reflects	

proton	efflux	associated	with	glycolysis	and	other	acidification	processes.	By	using	metabolic	

inhibitors	such	as	oligomycin	and	rotenone/antimycin	A,	the	assay	should	allow	separation	of	

ATP	contributions	from	glycolysis	and	the	ETC,	potentially	providing	dynamic	insights	into	the	

energy	metabolism	of	E.	coli	under	basal	and	stressed	conditions.	

Glycolytic	 ATP	 production	 is	 calculated	 based	 on	 proton	 efflux	 rates,	 while	 oxidative	 ATP	

production	 is	determined	 from	OCR	changes	after	 inhibitor	 injections.	 In	bacterial	 systems,	

glycolytic	ATP	production	is	associated	with	proton	efflux	during	glucose	metabolism,	which	

contributes	 to	 extracellular	 acidification.	 Pyruvate,	 the	 end	 product	 of	 glycolysis,	 is	

metabolised	either	via	 the	TCA	cycle,	driving	 the	ETC	and	oxygen	consumption,	or	 through	
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fermentation	 pathways,	 producing	 acidic	 by-products.477,478	 These	 processes	 mirror	 the	

mammalian	 pathways	 but	 occur	 without	 mitochondria	 in	 bacteria,	 relying	 solely	 on	 the	

bacterial	cytoplasm	and	plasma	membrane	for	energy	production	and	redox	balance.479	

The	assay	began	by	recording	basal	OCR	and	ECAR	in	cells	 incubated	 in	Seahorse	XF	Assay	

Medium	containing	glucose,	pyruvate,	and	glutamine.	Oligomycin	was	then	injected	to	inhibit	

ATP	 synthase,	 reducing	 OCR	 and	 reflecting	 ATP	 production	 from	 the	 ETC.	 Subsequently,	

rotenone,	a	Complex	I	inhibitor,	and	antimycin	A,	a	Complex	III	inhibitor,	were	injected	to	block	

electron	flow	through	the	ETC.	In	mammalian	cells,	rotenone	prevents	the	transfer	of	electrons	

from	NADH	to	ubiquinone,	while	antimycin	A	inhibits	the	transfer	of	electrons	from	ubiquinol	

to	 cytochrome	 c,	 effectively	 halting	 oxidative	 phosphorylation	 and	 isolating	 the	 glycolytic	

contribution	to	ATP	production.	These	sequential	perturbations	enabled	the	calculation	of	ATP	

production	rates	from	glycolysis	(glycoATP)	and	oxidative	pathways	(oxyATP,	attributed	to	the	

ETC).	

ATP	 production	 rates	 were	 calculated	 based	 on	 established	 biochemical	 stoichiometries.	

Glycolytic	ATP	production	was	equated	to	the	glycolytic	proton	efflux	rate	(glycoPER,	eq.	1),	

while	oxidative	ATP	production	(eq.	2,	3)	was	calculated	by	transforming	OCR	changes	after	

inhibitor	 injection	 using	 a	 validated	 P/O	 ratio	 (eq.	 4).	 The	 total	 ATP	 production	 rate	 was	

derived	by	summing	the	contributions	from	glycolysis	and	oxidative	pathways	(eq.	5).	

𝑔𝑙𝑦𝑐𝑜𝐴𝑇𝑃	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛	𝑅𝑎𝑡𝑒	(𝑝𝑚𝑜𝑙	𝐴𝑇𝑃/𝑚𝑖𝑛) 	= 		𝑔𝑙𝑦𝑐𝑜𝑃𝐸𝑅	(𝑝𝑚𝑜𝑙	𝐻!/𝑚𝑖𝑛)	 (1)	

𝑜𝑥𝑦𝐴𝑇𝑃	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛	𝑅𝑎𝑡𝑒	(𝑝𝑚𝑜𝑙	𝐴𝑇𝑃/𝑚𝑖𝑛) = 𝑂𝐶𝑅"#$ 	× 2 × 𝑃/𝑂	 (2)	

𝑂𝐶𝑅"#$ = 𝑂𝐶𝑅 − 𝑂𝐶𝑅%&'()*+,'-	 (3)	

𝑃/𝑂	𝑅𝑎𝑡𝑖𝑜	 = 	 "#$	/0)12,31	(*)&)
%6+(3-	,)-72*31	(*)&)

	 (4)	

𝑇𝑜𝑡𝑎𝑙	𝐴𝑇𝑃	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛	𝑅𝑎𝑡𝑒	 B𝑝𝑚𝑜𝑙
𝐴𝑇𝑃
𝑚𝑖𝑛C

= 𝑔𝑙𝑦𝑐𝑜𝐴𝑇𝑃	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛	𝑅𝑎𝑡𝑒	 + 𝑜𝑥𝑦𝐴𝑇𝑃	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛	𝑅𝑎𝑡𝑒(5)	
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The	assay	was	selected	to	evaluate	its	ability	to	quantify	ATP	production	rates	in	E.	coli	and	

attribute	 them	 to	 specific	 pathways,	while	 assessing	whether	 it	 could	 address	 some	 of	 the	

challenges	previously	encountered	in	bacterial	metabolic	studies.	

5.2.7.1 Results	

Figure	5.15	summarises	the	results	from	the	XF	Real-Time	ATP	Rate	Assay,	showing	minimal	

changes	in	OCR	and	PER	throughout	the	experiment	for	both	meropenem-susceptible	(S)	and	

meropenem-resistant	 (R)	 E.	 coli	 strains.	 At	 baseline,	 OCR	 remained	 relatively	 stable,	 with	

slightly	higher	values	observed	in	the	R	strain	compared	to	the	S	strain,	indicating	marginally	

increased	oxidative	activity	in	the	resistant	strain.	However,	OCR	did	not	show	the	expected	

substantial	reduction	after	oligomycin	injection,	suggesting	that	ATP	synthase	inhibition	was	

incomplete.	Similarly,	PER	increased	only	slightly,	reflecting	a	limited	compensatory	glycolytic	

response.	The	deviation	from	expected	patterns	may	indicate	reduced	sensitivity	of	bacterial	

ATP	synthase	to	oligomycin	or	alternative	ATP-generating	mechanisms	compensating	for	its	

inhibition.	Following	the	injection	of	rotenone	and	antimycin	A,	OCR	showed	only	a	marginal	

decrease	and	failed	to	drop	to	near-zero	levels,	which	indicated	incomplete	ETC	inhibition.	The	

observation	 aligns	 with	 previous	 results	 suggesting	 that	 the	 branched	 and	 redundant	

architecture	of	the	E.	coli	ETC	may	mitigate	the	impact	of	these	inhibitors.	PER	exhibited	minor	

fluctuations	 without	 the	 substantial	 rise	 typically	 associated	 with	 glycolysis-driven	 ATP	

production,	 likely	 reflecting	 the	metabolic	 flexibility	 and	 alternative	 pathways	 available	 to	

E.	coli.	 The	 transitions	 between	 oxidative	 and	 glycolytic	 ATP	 production	 were	 not	

well-delineated,	deviating	substantially	from	expected	assay	patterns.	
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The	results	demonstrate	that	E.	coli	cells	did	not	exhibit	the	changes	oxidative	phosphorylation	

and	glycolysis	as	expected	for	mammalian	systems.	The	bacterial	ETC,	which	is	embedded	in	

the	 plasma	membrane	 rather	 than	mitochondria,	may	 be	 less	 responsive	 to	 inhibitors	 like	

oligomycin,	 rotenone,	 and	 antimycin	 A.	 These	 observations	 highlight	 there	 are	 major	

challenges	of	directly	applying	eukaryotic	bioenergetic	assays	to	bacteria,	reinforcing	the	need	

for	alternative	approaches	or	modified	inhibitor	strategies	to	accurately	quantify	bacterial	ATP	

production.	

Despite	 the	 elevated	 baseline	 oxidative	 activity,	 neither	 strain	 exhibited	 the	 pronounced	

compensatory	glycolytic	response	typically	observed	in	mammalian	cells	under	similar	assay	

conditions.	PER	trends	were	also	minimally	different	between	the	two	strains,	indicating	that	

glycolytic	 contributions	 to	 energy	production	 remained	 low	 and	 relatively	 static	 under	 the	

Figure	 5.15	OCR	 and	 PER	 profiles	 for	meropenem-susceptible	 (S)	 and	meropenem-resistant	 (R)	E.	 coli	
strains	during	 the	 XF	Real-Time	ATP	Rate	 Assay.	 Basal	 and	 stressed	 OCR	 and	 PER	were	 recorded	 over	 90	
minutes,	following	sequential	injections	of	oligomycin	and	rotenone/antimycin	A.	Error	bars	represent	standard	
deviation	from	replicates	(n=5).	

oligomycin 

oligomycin 

Rot/AA 

Rot/AA 
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tested	conditions.	These	results	suggest	that	the	observed	metabolic	distinctions	between	the	

R	and	S	strains	are	subtle	and	not	fully	captured	by	this	assay.	

The	calculation	of	ATP	production	rates	using	the	mammalian	P/O	ratio	may	not	be	directly	

applicable	to	bacteria,	further	complicating	the	interpretation	of	OCR-derived	ATP	production.	

The	assay,	in	its	current	form,	does	not	effectively	capture	the	metabolic	dynamics	of	E.	coli.	

5.2.7.2 Discussion	and	conclusion	

The	 XF	 Real-Time	 ATP	 Rate	 Assay	 revealed	 several	 limitations	 in	 its	 application	 to	E.	 coli	

metabolism.	The	pharmacological	stressors	used	in	the	assay	failed	to	produce	the	expected	

transitions	 between	 oxidative	 and	 glycolytic	 ATP	 production,	 with	 OCR	 and	 PER	

measurements	 showing	 minimal	 changes	 across	 both	 meropenem-susceptible	 (S)	 and	

meropenem-resistant	(R)	strains.	Baseline	OCR	was	generally	higher	in	the	R	strain	compared	

to	the	S	strain,	suggesting	increased	oxidative	activity	potentially	associated	with	resistance	

mechanisms,	such	as	enhanced	proton	pumping	or	electron	flow	adaptations.	However,	this	

elevated	oxidative	activity	did	not	translate	into	distinct	metabolic	shifts	following	inhibitor	

injections.	Oligomycin	did	not	significantly	reduce	OCR,	 indicating	inadequate	ATP	synthase	

inhibition,	while	rotenone	and	antimycin	A	injections	failed	to	completely	block	the	bacterial	

ETC,	likely	due	to	its	branched	and	redundant	architecture.	

PER	trends	further	underscored	limitations	of	the	assay,	with	only	minor	changes	observed	

following	 inhibitor	 injections	 and	 no	 pronounced	 compensatory	 glycolysis.	 The	 limited	

glycolytic	response	suggests	that	energy	metabolism	of	E.	coli	may	rely	on	alternative	pathways	

or	intrinsic	metabolic	flexibility	under	these	conditions.	These	findings	highlight	fundamental	

differences	 between	 bacterial	 and	 eukaryotic	 bioenergetics,	 including	 the	 absence	 of	

mitochondria	and	the	unique	organization	of	the	bacterial	ETC	within	the	plasma	membrane.	

Although	 the	 assay	 was	 able	 to	 provide	 some	 insights	 into	 baseline	 oxidative	 activity	

differences	 between	 the	 R	 and	 S	 strains,	 it	 did	 not	 effectively	 capture	 dynamic	 metabolic	

changes	 or	 glycolytic	 adaptations	 under	 antibiotic	 stress.	 Additionally,	 the	 reliance	 on	 the	

mammalian	P/O	ratio	for	ATP	calculations	may	not	be	directly	applicable	to	bacterial	systems,	
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further	complicating	data	interpretation.	In	conclusion,	the	XF	Real-Time	ATP	Rate	Assay,	in	

its	current	form,	is	unsuitable	for	capturing	the	metabolic	dynamics	of	E.	coli.		

 Seahorse	XF	analyser	discussion	and	conclusions	

The	experiments	using	Seahorse	metabolic	analysis	assays	to	investigate	bacterial	metabolism	

highlighted	limitations	in	their	current	form.	Initially	developed	for	mammalian	systems,	the	

Seahorse	 Analyzer	 has	 been	 well-validated	 for	 measuring	 OCR	 and	 ECAR	 as	 indicators	 of	

oxidative	and	glycolytic	metabolism,	respectively.	Mammalian	LN18	glioblastoma	cells	were	

used	initially	to	provide	a	benchmark	for	its	subsequent	application	using	E.	coli.	It	was	also	

established	 that	 OCR	 and	 ECAR	 measured	 could	 be	 reproducibly	 made	 with	 E.	 coli,	

demonstrating	its	fundamental	potential.	

However,	experiments	with	E.	coli	revealed	major	challenges	in	adapting	Seahorse	assays	to	

bacterial	 systems	when	 applying	 pharmacological	 treatments.	 Also,	 initial	 challenges	were	

encountered	 in	 achieving	 consistent	 bacterial	 seeding	 density	 due	 to	 poor	 cell	 adhesion,	 a	

problem	 not	 typically	 observed	 with	 adherent	 mammalian	 cells.	 PLL	 was	 subsequently	

employed	 to	 enhance	 bacterial	 attachment	 to	 the	 assay	 plates.	While	 OCR	 and	 ECAR	were	

successfully	measured,	performing	the	various	Seahorse	assays	to	investigate	glycolysis	and	

other	energy	production	pathways,	it	became	clear	that	the	pharmacological	inhibitors	used	to	

manipulate	mammalian	 energy	 transduction	 pathways—such	 as	 oligomycin,	 rotenone,	 and	

antimycin	 A—were	 largely	 ineffective	 in	 bacterial	 cells.	 Although	 it	 was	 not	 possible	 to	

experiment	 at	 the	 enzyme	 level,	 it	was	 expected	 that	 this	 limitation	 reflected	 fundamental	

differences	in	bacterial	and	eukaryotic	enzyme	structure,	cell	architecture	and	bioenergetics.	

Unlike	eukaryotes,	E.	coli	rely	on	a	membrane	ETC	that	features	a	branched	architecture	with	

multiple	 NADH	 dehydrogenases	 and	 terminal	 oxidases	 capable	 of	 bypassing	 inhibited	

complexes,	 conferring	 metabolic	 redundancy	 and	 flexibility.	 These	 characteristics	 likely	

reduce	 the	 sensitivity	 of	 bacterial	 ETC	 components	 to	 inhibitors	 like	 rotenone,	 which	

selectively	targets	NDH-1	but	does	not	affect	NDH-2.	Similarly,	effectiveness	of	oligomycin	may	

be	diminished	in	bacterial	ATP	synthases	due	to	structural	differences.	While	antimycin	A	is	
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known	to	target	the	bacterial	cytochrome	bc1	complex	in	other	bacterial	systems,	the	results	

in	E.	 coli	 suggest	potential	variability	 in	 sensitivity	or	 incomplete	 inhibition.	These	 findings	

underscore	the	need	for	further	studies	to	evaluate	the	effectiveness	of	specific	inhibitors	in	

bacterial	ETCs	and	their	impacts	on	metabolic	readouts.	

The	high	proliferation	rates	of	bacterial	cells	presented	additional	challenges,	particularly	in	

determining	appropriate	seeding	densities.	Ensuring	 that	metabolic	activity	 remains	within	

dynamic	 range	 of	 the	 Seahorse	 Analyzer	 without	 inducing	 hypoxia	 or	 overwhelming	 the	

system	 is	 critical	 for	 accurate	 measurements.	 Furthermore,	 metabolic	 flexibility	 of	 E.	 coli,	

which	allows	rapid	adaptation	to	environmental	changes,	may	be	an	additional	factor	making	

them	 less	 susceptible	 to	 pharmacological	 interventions,	 underscoring	 the	 challenge	 in	

designing	 universal	 protocols	 or	 inhibitors	 for	 bacterial	 systems.	 The	 contrast	 between	

bacterial	and	mammalian	results	highlights	the	importance	of	tailoring	Seahorse	technology	to	

the	unique	physiology	of	bacteria.	Inhibitors	developed	for	mammalian	ETCs,	such	as	rotenone	

and	oligomycin,	target	complexes	with	structural	homology	to	bacterial	components	but	the	

results	presented	here	suggest	they	lack	sufficient	specificity	or	potency	to	disrupt	bacterial	

ETC	activity	effectively.	For	example,	when	NDH-1	is	inhibited	by	rotenone,	E.	coli	compensates	

by	 relying	on	NDH-2.471	 The	 redundancy	may	explain	 the	minimal	 compensatory	 glycolytic	

response	 and	 the	 lack	 of	 significant	 shifts	 in	 ATP	 production	 rates	 observed	 in	 these	

experiments.	

The	 XF	 Analyzer	 provided	 some	 insights	 into	 baseline	 metabolic	 activity	 and	 highlighted	

strain-specific	differences,	such	as	elevated	baseline	OCR	in	the	resistant	strain.	However,	it	

failed	 to	 capture	 dynamic	 transitions	 between	 oxidative	 phosphorylation	 and	 glycolysis	 in	

E.	coli.	The	calculation	of	ATP	production	rates	using	mammalian-derived	P/O	ratios	further	

complicated	 the	 interpretation	 of	 OCR-derived	 ATP	 production	 in	 bacteria,	 reinforcing	 the	

need	for	recalibration	to	reflect	bacterial	physiology.	

Future	studies	should	focus	on	the	development	of	bacterial-specific	inhibitors	targeting	ETC	

components,	as	well	as	the	optimization	of	experimental	parameters	such	as	seeding	density,	
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buffer	 composition,	 and	 recalibration	 of	 P/O	 ratios.	 Complementary	 approaches,	 including	

metabolomics	or	direct	measurement	of	fermentation	by-products,	will	be	essential	to	validate	

Seahorse	 assay	 findings	 and	 provide	 a	 more	 comprehensive	 understanding	 of	 bacterial	

bioenergetics	and	its	adaptations	to	antibiotic	stress.	

In	conclusion,	experiments	presented	in	this	chapter	demonstrated	that	Seahorse	technology	

could	reliably	measure	OCR	and	ECAR	in	bacterial	cells	but	assays	involving	pharmacological	

treatments	require	substantial	methodological	adaptations	 to	 improve	efficacy	 for	bacterial	

systems.	These	findings	lay	the	foundations	for	refining	Seahorse	technology	to	better	explore	

bacterial	metabolic	adaptations,	particularly	those	associated	with	antibiotic	resistance.	After	

addressing	bacterial-specific	limitations,	this	platform	has	significant	potential	for	monitoring	

and	comparing	strain-specific	metabolic	changes	in	energy	metabolism	that	could	help	inform	

innovative	therapeutic	strategies	that	target	bacterial	energy	metabolism.	

5.3 Quantitative	 assessment	 of	 ATP	 levels	 in	E.	 coli	 using	 the	 BacTiter-GloTM	

microbial	cell	viability	assay	

A	BacTiter-Glo™	cell	viability	assay	was	employed	to	quantify	ATP	levels	in	E.	coli,	providing	a	

complementary	 approach	 to	 the	 real-time	 metabolic	 measurements	 performed	 using	 the	

Seahorse	 XF	 Analyser.	 ATP	 serves	 as	 the	 primary	 energy	 currency	 in	 all	 living	 organisms,	

including	E.	 coli,	where	 it	 is	 synthesised	 through	glycolysis,	 oxidative	phosphorylation,	 and	

under	anaerobic	conditions	(fermentation).480	Accurate	quantification	of	bacterial	ATP	could	

provide	 insights	 into	metabolic	 strategies	 employed	 by	 bacterial	 strains	 to	 sustain	 energy	

demands	during	environmental	 stress,	 such	as	antibiotic	exposure.	Given	 the	differences	 in	

energy	metabolism	reported	by	metabolomics	experiments	and	the	seahorse	OCR	and	ECAR	

measurements,	 it	 was	 decided	 to	 measure	 ATP	 levels	 directly	 to	 compare	

meropenem-susceptible	 (S)	and	meropenem-resistant	 (R)	strains,	 to	evaluate	 the	 impact	of	

antibiotic	treatment	on	this	bacterial	energy	currency.		

The	BacTiter-Glo™	assay	is	based	on	a	luciferase-catalysed	reaction	between	ATP	and	luciferin,	

resulting	 in	 luminescence	 proportional	 to	ATP	 concentration	which	 is	 related	 to	metabolic	
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activity	and	cellular	viability.481	The	assay	provides	a	snapshot	of	ATP	concentration	at	a	given	

time	rather	than	real-time	continuous	monitoring.	While	this	limits	the	ability	to	track	dynamic	

metabolic	changes	over	time,	it	offers	a	reliable	and	straightforward	means	to	compare	ATP	

levels	under	defined	conditions.	By	quantifying	ATP	under	both	basal	and	treated	conditions,	

metabolic	 adaptations	 influencing	 ATP	 production	 that	 underpin	 bacterial	 response	 to	

antibiotic	challenges	could	be	investigated.		

 Results	

First,	a	standard	curve	was	generated	using	defined	ATP	concentrations	to	validate	precision	

of	the	assay	and	ensure	accurate	quantification	of	luminescence	data	(Figure	5.16).	The	curve	

demonstrated	 a	 strong	 linear	 relationship	 (R²	 =	 0.99)	 between	 ATP	 concentration	 and	

luminescence,	confirming	reliability	of	the	assay	for	bacterial	ATP	measurement.	

	

	

	

To	test	compatibility	of	the	assay	with	bacterial	systems,	a	concentration	curve	using	bacterial	

cells	was	established.	E.	coli	strains	(E,	S,	and	R)	were	subcultured	from	overnight	culture,	and	

luminescence	 and	 optical	 density	 were	 measured	 at	 regular	 intervals	 (Figure	 5.17).	 At	

24	hours,	luminescence	decreased	substantially	despite	high	OD600	values	indicating	that	the	

BacTiter-Glo™	assay	detects	luminescence	only	in	metabolically	active,	viable	cells,	confirming	

its	specificity	for	ATP	measurement	within	living	bacterial	populations.	

Figure	 5.16	 Luminescence	 vs.	 ATP	 concentration	 curve	 generated	 using	 the	 BacTiter-GloTM	 Microbial	 Cell	
Viability	Assay.	The	standard	curve	was	created	using	ATP	disodium	salt	at	concentrations	of	0	nM,	0.01	nM,	0.1	nM,	
1	nM,	10	nM,	100	nM,	1,000	nM,	and	10,000	nM.	Each	concentration	was	measured	in	triplicate,	and	the	luminescence	
values	were	recorded	as	the	mean	of	three	replicates,	with	standard	deviation	represented	as	error	bars.	A	strong	linear	
correlation	was	observed	(R2	=	0.99),	validating	the	assay’s	precision	and	sensitivity	for	ATP	quantification.	This	curve	
served	 as	 a	 reference	 for	 calculating	 ATP	 levels	 in	 experimental	 samples.	 The	 log-transformed	 graph	 showed	 the	
detection	limit	of	the	assay.	Lower	concentration	(0	nM,	0.01	nM,	and	0.1	nM)	falling	outside	of	the	linear	range.	
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For	the	antibiotic-stress	test,	E.	coli	strain	densities	were	normalized	to	an	OD600	of	0.4	and	

exposed	 to	 different	 concentrations	 of	meropenem	 and	 bedaquiline	 for	 1-hour.	 ATP	 levels	

were	then	measured	to	evaluate	the	metabolic	impact	of	these	antibiotics	on	susceptible	and	

resistant	strains.	The	ATP	luminescence	data	(Figure	5.18)	shows	that	the	E	(wild-type)	strain	

produced	the	highest	fluorescence	levels,	followed	by	S	(meropenem-susceptible)	strain,	with	

the	 R	 (meropenem-resistant)	 strain	 displaying	 the	 lowest	 fluorescence	 across	 all	 tested	

concentrations	 of	 bedaquiline	 and	meropenem.	The	pattern	 reflects	 intrinsic	 differences	 in	

metabolic	activity	and	ATP	production	capacity	between	the	strains.	
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Figure	5.17	Luminescence-based	ATP	measurements	and	optical	density	(OD600)	of	E.	coli	strains	over	time.	
ATP	(luminescence,	LU)	and	bacterial	growth	(OD600)	were	measured	for	wild-type	(E),	meropenem-susceptible	(S),	
and	meropenem-resistant	(R)	E.	coli	strains	over	a	24-hour	period.		
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For	 bedaquiline,	 ATP	 luminescence	 in	 the	 wild-type	 strain	 (E)	 increased	 with	 rising	

bedaquiline	 concentration;	 however,	 the	 highest	 concentration	 of	 bedaquiline	 produced	

luminescence	levels	comparable	to	the	control	condition	(no	bedaquiline).	A	similar	trend	was	

observed	in	the	S	strain,	with	ATP	luminescence	increased	with	bedaquiline	concentrations,	

although	 the	maximum	 luminescence	 at	 the	highest	 bedaquiline	 concentration	was	 greater	

than	that	in	the	control.	In	contrast,	the	resistant	strain	(R)	exhibited	consistently	lower	ATP	

levels	compared	to	the	other	strains,	regardless	of	bedaquiline	concentration.	

When	the	wild-type	(E)	train	was	treated	with	meropenem,	there	was	an	initial	increase	in	ATP	

luminescence	 with	 increasing	 meropenem	 concentration,	 peaking	 before	 declining	 at	 the	

highest	tested	concentration	(128	μg/mL).	The	meropenem-susceptible	(S)	strain,	as	expected,	

showed	 decreased	 ATP	 luminescence	 with	 increasing	 concentrations	 of	 meropenem.	 The	

resistant	 strain	 (R)	 maintained	 relatively	 stable	 ATP	 levels	 across	 all	 meropenem	

concentrations,	consistent	with	its	resistance	to	this	antibiotic.		

Figure	 5.18	 ATP	 luminescence	 levels	 of	 E,	 S,	 and	 R	 strains	 after	 exposure	 to	 bedaquiline	 (BDQ)	 and	
meropenem	 (Mero).	 Luminescence	 measured	 using	 BacTiter-Glo	 ATP	 assay	 for	 E	 (wild-type;	 blue),	 S	
(meropenem-susceptible;	 orange),	 and	 R	 (meropenem-resistant;	 grey)	 strains	 after	 1-hour	 exposure	 to	 varying	
concentrations	of	bedaquiline	(BDQ:	128	μg/mL,	64	μg/mL,	32	μg/mL,16	μg/mL,	and	0	μg/mL)	or	meropenem	(Mero:	
128	μg/mL,	64	μg/mL,	32	μg/mL,	16	μg/mL,	and	0	μg/mL).	Luminescence	levels	correspond	to	ATP	concentration,	
reflecting	cellular	viability	and	metabolic	activity.	Error	bars	represent	standard	deviation	from	biological	replicates	
n=2.	
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The	ATP	luminescence	data	provide	insights	into	ATP	production	differences	between	the	E	

(wild-type),	 S	 (meropenem-susceptible),	 and	R	 (meropenem-resistant)	E.	 coli	 strains	under	

exposure	 to	bedaquiline	and	meropenem.	The	consistently	higher	ATP	 luminescence	 in	 the	

wild-type	 (E)	 strain	 suggests	 elevated	 ATP	 production	 capacity	 under	 both	 basal	 and	

antibiotic-treated	 conditions.	 In	 contrast,	 the	meropenem-resistant	 (R)	 strain	 exhibited	 the	

lowest	ATP	luminescence	across	all	conditions,	indicating	reduced	ATP	production,	potentially	

associated	with	the	adaptations	related	to	meropenem	resistance.	The	lower	ATP	levels	in	the	

resistant	strain	observed	here	may	reflect	the	metabolic	cost	of	maintaining	resistance,	further	

supporting	the	idea	that	resistance	mechanisms	impose	energetic	trade-offs	that	can	impact	

bacterial	metabolic	efficiency	and	overall	fitness.482	

The	response	of	the	E	strain	to	bedaquiline	suggests	a	capacity	for	metabolic	adaptation,	with	

ATP	production	increasing	as	drug	concentrations	rise.	However,	at	the	highest	bedaquiline	

concentration	(128	μg/mL),	ATP	luminescence	was	similar	to	the	control,	which	is	difficult	to	

reconcile	 with	 expected	 metabolic	 inhibition.	 Similarly,	 the	 S	 strain	 showed	 bedaquiline	

dose-dependent	increase	in	ATP	luminescence,	with	the	highest	concentration	resulting	in	ATP	

levels	surpassing	the	untreated	control.	In	contrast,	the	consistently	low	ATP	levels	in	the	R	

strain	 across	 all	 bedaquiline	 concentrations	 suggest	 that	 resistance	 mechanisms	 may	

fundamentally	 alter	 ATP	 production	 pathways	 or	 reduce	 reliance	 on	 ATP	 synthase.	 Such	

observation	aligns	with	the	idea	that	the	metabolic	cost	of	resistance	could	limit	ability	of	the	

strain	 to	 adapt	 energetically	 under	 antibiotic	 stress,	 as	 seen	 in	 resistant	 strains	 in	 other	

studies.142,215,241,482	 The	 lack	 of	 variability	 in	 ATP	 luminescence	 across	 conditions	 further	

highlights	the	metabolic	rigidity	of	the	R	strain	when	exposed	to	bedaquiline.	

Under	meropenem	treatment,	 the	wild-type	(E)	strain	initially	exhibited	an	increase	in	ATP	

luminescence	 with	 rising	 concentrations,	 which	 may	 indicate	 a	 transient	 upregulation	 of	

energy	production	pathways.	The	observation	could	indicate	a	compensatory	upregulation	of	

metabolic	activity,	where	the	cells	temporarily	increase	ATP	production	in	an	effort	to	maintain	

essential	functions	and	counteract	the	stress	imposed	by	the	antibiotic.483,484	However,	at	the	
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highest	concentration	of	meropenem	(128	µg/mL),	ATP	levels	declined,	 likely	reflecting	the	

point	at	which	the	antibiotic	overwhelmed	the	cells’	metabolic	capacity,	leading	to	an	inability	

to	 sustain	 energy	 production.	 The	 steady	 decline	 in	 ATP	 luminescence	 in	 S	 strain	 with	

increasing	 meropenem	 concentrations	 aligns	 with	 its	 susceptibility	 to	 meropenem.	 The	

decrease	 likely	 reflects	 progressive	 inhibition	 of	 essential	 metabolic	 pathways,	 ultimately	

leading	 to	 energy	 depletion.	 In	 contrast,	 stable	 ATP	 levels	 across	 all	 meropenem	

concentrations	 in	 R	 strain	 suggest	 the	 presence	 of	 effective	 resistance	mechanisms.	 These	

mechanisms	likely	enable	the	resistant	strain	to	mitigate	the	drug	impact	on	ATP	production,	

maintaining	metabolic	homeostasis	despite	antibiotic	exposure.	

 Conclusion	

The	BacTiter-Glo™	assay	was	proved	a	sensitive	method	for	quantifying	ATP	levels	in	bacterial	

cells.	 Its	 application	 to	 the	 three	 E.	 coli	 strains,	 provided	 insights	 into	 differences	 in	 ATP	

production	when	 exposed	 to	 antibiotics.	However,	 as	 an	 endpoint	measurement,	 the	 assay	

reflects	 the	 cumulative	 outcome	 of	 multiple	 metabolic	 pathways	 (and	 potentially	 inputs),	

making	 it	 challenging	 to	 isolate	 specific	 responses	 to	 antibiotics	 such	 as	 bedaquiline	 and	

meropenem.	

The	patterns	observed,	particularly	in	the	wild-type	(E)	strain's	response	to	meropenem	and	

the	divergent	trends	under	bedaquiline	exposure,	showed	experimental	 limitations.	Factors	

such	as	 strain-specific	metabolic	 flexibility,	or	 subtle	differences	 in	antibiotic	 susceptibility,	

could	 have	 contribute	 to	 this	 variability.	 Additionally,	 certain	 aspects	 of	 the	 assay,	 such	 as	

potential	 sensitivity	 to	 environmental	 variables,	 may	 have	 introduced	 experimental	 noise,	

complicating	the	interpretation	of	the	data.	

The	 findings	underscore	 the	need	 for	 additional	 experiments	with	 stricter	 control	 of	 assay	

parameters	 and	 complementary	 validation	methods,	 such	 as	metabolomics	 or	 other	 direct	

measurements	of	metabolic	intermediates,	to	confirm	the	observed	trends	and	elucidate	the	

mechanisms	driving	ATP	production	changes.	Furthermore,	sensitivity	of	the	assay	to	factors	

such	 as	 population	 heterogeneity	 and	 partial	 resistance	 needs	 further	 investigation	 and	



Chapter	5	

244	
 

highlights	the	complexity	of	 interpreting	ATP	dynamics	under	stress	conditions.	Addressing	

these	 challenges	 in	 future	 work	 will	 be	 critical	 to	 fully	 leverage	 this	 assay	 for	 bacterial	

bioenergetics	research.	

5.4 Chapter	discussion	and	conclusion	

This	 chapter	 investigated	 the	 application	 of	 Seahorse	 XF	 Analyzer	 technology	 and	 the	

BacTiter-Glo™	 ATP	 assay	 to	 study	 energy	 metabolism	 in	 E.	 coli	 strains	 under	 basal	 and	

antibiotic	 conditions.	 These	 potentially	 complementary	 approaches	 were	 employed	 to	

evaluate	ATP	production	dynamics	and	their	relationship	to	antibiotic	exposure	and	provide	

insights	into	how	resistance	mechanisms	influence	metabolic	pathways,	particularly	focusing	

on	differences	between	meropenem-susceptible	(S)	and	meropenem-resistant	(R)	strains.	

Seahorse	experiments	with	mammalian	cells	were	used	to	initially	validate	the	ability	of	the	

experimental	assay	to	capture	real-time	metabolic	changes,	including	potentially	transitions	

between	oxidative	phosphorylation	and	glycolysis.	The	 consistent	patterns	observed	 in	 the	

mammalian	system,	such	as	increased	PER	following	Rot/AA	injection	and	reduced	glycolytic	

activity	 after	 2-DG,	 contrasted	 sharply	 with	 the	 lack	 of	 response	 observed	 in	 bacterial	

experiments.	The	observation	emphasized	the	fundamental	principles	of	live-cell	analysis	are	

robust,	but	the	methods	require	substantial	adaptation	for	bacterial	applications.	

The	Seahorse	XF	Analyzer	demonstrated	 that	OCR	and	ECAR	could	be	reliably	measured	 in	

E.	coli,	 providing	 a	 foundation	 for	 investigating	 bacterial	 bioenergetics.	 However,	 the	

pharmacological	inhibitors	used	in	mammalian	ETCs,	such	as	oligomycin	and	rotenone,	were	

largely	 ineffective	 in	 bacterial	 cells.452	 	 Such	 limitation	 is	 likely	 due	 to	 the	 fundamental	

differences	 between	 eukaryotic	 and	 prokaryotic	 energy	 metabolism	 and	 the	 enzyme	

architectures	 involved.	 Consequently,	 assumptions	 underpinning	 mammalian-based	 assays	

are	not	likely	to	be	directly	translatable	to	bacterial	systems.485	

Interpretation	 of	 Seahorse	 results	 from	 the	 analysis	 of	 bacterial	 systems	 was	 further	

complicated	 by	 rapid	 extracellular	 acidification	 and	 the	 metabolic	 diversity	 of	 E.	 coli.486	

Bacteria	 utilize	 a	 broader	 range	 of	 carbon	 sources	 and	 metabolic	 pathways	 compared	 to	
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eukaryotes,	 including	fermentation	and	alternative	oxidases,	which	are	not	accounted	for	in	

standard	 Seahorse	 assay	 protocols.	 To	 better	 capture	 bacterial	 energy	 metabolism,	 future	

Seahorse	studies	should	incorporate	bacterial-specific	approaches.	These	include	developing	

inhibitors	 tailored	 to	 target	 bacterial	 ETC	 components,	 optimizing	 media	 compositions	 to	

reflect	bacterial	metabolic	preferences,	and	accounting	for	rapid	bacterial	proliferation	rates	

to	 minimize	 hypoxia	 during	 measurements.	 Addressing	 these	 factors	 will	 enhance	 the	

sensitivity	and	relevance	of	Seahorse	technology	for	bacterial	studies.	

Technical	 issues	 also	 contributed	 to	 the	 observed	 variability	 in	 Seahorse	 data.	 Poor	 cell	

adhesion	to	assay	plates,	rapid	oxygen	consumption	leading	to	hypoxia,	and	inconsistencies	in	

dye-based	 normalization	methods	were	major	 obstacles.	 Although	 Hoechst	 dye	 staining	 is	

commonly	used	as	a	DNA-based	normalization	technique,	its	application	to	E.	coli	proved	less	

reliable	 than	 in	mammalian	 cells,	 with	 variability	 observed	 in	 fluorescence	 signals	 further	

complicating	data	interpretation.	Addressing	these	obstacles,	such	as	optimising	plate	coating	

and	refining	normalisation	methods,	will	be	critical	for	improving	assay	reproducibility.	

Additionally,	 not	 all	 AMR-relevant	 bacteria	 exhibit	 similar	 energy	 production	 pathways.	

Differences	 in	 terminal	oxidase	usage,	 fermentation	capacity,	and	preferred	carbon	sources	

between	 bacterial	 species	 may	 necessitate	 species-specific	 assay	 protocols.	 Exploring	

interspecies	 variations	 in	 energy	 metabolism	 will	 be	 essential	 for	 establishing	 robust,	

generalizable	methodologies	for	studying	bacterial	bioenergetics	under	antibiotic	stress	and	

resistance.	

Despite	 these	 challenges,	 this	 study	 established	 a	 foundation	 for	 adapting	 Seahorse	 XF	

technology	 to	 bacterial	 systems.	 The	 reliable	 measurement	 of	 OCR	 and	 ECAR	 in	 E.	 coli	

demonstrated	the	potential	of	 live-cell	analysis	 for	 investigating	bacterial	metabolism	using	

OCR	and	ECAR	measurements.	By	addressing	the	identified	limitations,	future	research	could	

leverage	Seahorse	technology	to	uncover	metabolic	vulnerabilities	associated	with	antibiotic	

resistance	and	inform	novel	therapeutic	strategies	targeting	bacterial	energy	production.	
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The	BacTiter-Glo™	ATP	assay	was	applied	 to	 complement	Seahorse	 findings	by	quantifying	

ATP	levels	 in	the	context	of	antibiotic	exposure.	The	results	showed	that	ATP	luminescence	

patterns	varied	between	strains,	 reflecting	 intrinsic	differences	 in	ATP	production	capacity.	

For	 instance,	 the	 wild-type	 strain	 (E)	 consistently	 exhibited	 higher	 ATP	 levels	 than	 the	

susceptible	(S)	and	resistant	(R)	strains,	underscoring	its	greater	energy	production	potential.	

The	observed	trends	under	bedaquiline	and	meropenem	exposure	highlight	the	complexity	of	

interpreting	 ATP	 dynamics	 in	 bacterial	 systems.	 For	 example,	 the	 wild-type	 strain	 (E)	

displayed	increased	ATP	levels	with	rising	bedaquiline	concentrations,	although	the	highest	

ATP	luminescence	level	was	observed	at	0	μg/mL	bedaquiline.	Similarly,	during	meropenem	

treatment,	the	E	strain	exhibited	an	initial	increase	in	ATP	production	before	declining	at	the	

highest	concentration.	Such	observation	was	unexpected,	as	the	E	strain	is	also	susceptible	to	

meropenem,	albeit	lacking	the	pCR2.1	plasmid	present	in	the	S	strain.	In	contrast,	the	S	strain	

showed	a	progressive	decrease	in	ATP	luminescence	as	meropenem	concentration	increased,	

consistent	with	its	known	susceptibility	to	the	drug.	These	differences	in	ATP	dynamics	likely	

reflect	 biological	 phenomena,	 such	 as	 metabolic	 adaptation	 to	 intermediate	 drug	

concentrations	or	thresholds	beyond	which	ATP	production	is	inhibited.	

Rather	than	indicating	assay	limitations,	these	results	may	represent	real	biological	responses	

to	antibiotic	stress,	highlighting	the	complexity	of	bacterial	metabolic	adaptations.	For	example,	

the	transient	ATP	increase	in	the	E	strain	at	lower	meropenem	concentrations	could	suggest	a	

compensatory	 upregulation	 of	 metabolic	 activity	 to	 counteract	 the	 initial	 stress.	 The	

subsequent	decline	at	higher	concentrations	 likely	reflects	 the	point	at	which	 the	antibiotic	

overwhelms	the	cells’	ability	to	sustain	energy	production.	Similarly,	the	stable	ATP	levels	in	

the	resistant	(R)	strain	across	all	conditions	reflect	 its	metabolic	resilience,	 likely	driven	by	

effective	resistance	mechanisms.	

These	 findings	 emphasize	 the	 need	 for	 further	 investigation	 to	 elucidate	 the	 mechanisms	

driving	 ATP	 fluctuations	 under	 antibiotic	 exposure.	 Validation	 through	 complementary	

methods,	such	as	metabolomics	or	other	direct	measurements	of	metabolic	intermediates,	will	
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be	 essential	 for	 distinguishing	 biological	 phenomena	 from	 experimental	 variability.	 The	

approach	will	help	to	clarify	the	dynamic	metabolic	responses	observed	in	bacterial	strains	and	

provide	 a	 more	 comprehensive	 understanding	 of	 their	 energy	 metabolism	 under	 stress	

conditions.	

As	an	endpoint	assay,	BacTiter-Glo™	measures	the	cumulative	outcome	of	multiple	metabolic	

pathways	on	ATP	production.	Despite	its	sensitivity	and	specificity	for	ATP	levels,	its	reliance	

on	end-point	luminescence	measurements	limits	the	ability	to	capture	dynamic	changes	over	

time.	Complementing	 this	assay	with	real-time	approaches	such	as	Seahorse	 technology,	or	

metabolomic	profiling,	it	provides	a	more	comprehensive	understanding	of	bacterial	energy	

metabolism	under	antibiotic	stress.	

Future	work	should	focus	on	optimizing	Seahorse	assays	for	bacterial	systems,	including	the	

development	of	tailored	protocols	and	media,	improved	normalization	techniques,	and	the	use	

of	 bacterial-specific	 inhibitors.	 Integrating	 real-time	 and	 endpoint	 assays,	 along	 with	

complementary	 metabolomic	 analyses,	 will	 be	 essential	 for	 uncovering	 the	 metabolic	

adaptations	underlying	antibiotic	resistance	and	bacterial	responses	to	altered	conditions.	By	

investigating	 the	 application	 of	 these	 technologies	 to	measure	 bacterial	metabolism,	 using	

multiple	independent	assays,	this	study	lays	the	groundwork	for	advancing	our	understanding	

of	 bacterial	 energy	metabolism	 and	 its	 role	 in	 resistance	mechanisms,	 paving	 the	way	 for	

innovative	therapeutic	strategies	targeting	metabolic	vulnerabilities.	
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Chapter	6 Investigating	combination	therapy	approaches	against	

anti-microbial	resistance	

Antibiotic	resistance	currently	poses	one	of	the	greatest	challenges	in	modern	medicine,	with	

bacterial	 infections	 increasingly	 evading	 efficacious	 treatment	 via	 genetic	 mutations	 and	

adaptive	 metabolic	 mechanisms.487	 The	 diminishing	 pipeline	 of	 new	 antibiotics	 has	

necessitated	 alternative	 strategies	 to	 combat	 resistant	 bacteria.488,489	 Among	 these,	

combination	 therapy	 offers	 a	 promising	 approach	 by	 combining	 existing	 antibiotics	 with	

complementary	agents	to	enhance	their	efficacy.490	By	targeting	bacterial	vulnerabilities,	such	

as	energy	metabolism,	combination	therapy	aims	to	not	only	maximize	the	potential	of	current	

antimicrobials	but	also	provide	a	potential	means	of	overcoming	resistance.488	

The	aim	of	the	work	designed	in	this	chapter	is	to	investigate	combination	therapy	strategies	

that	 exploit	 bacterial	 metabolism	 as	 a	 target	 to	 combat	 AMR.	 In	 Chapter	 3	 and	 4	 it	 was	

established	that	bacterial	metabolism	plays	an	important	role	in	both	resistant	mechanisms	

and	 in	 response	 to	 antibiotic	 stress,	 making	 it	 a	 potentially	 useful	 target	 for	 combination	

therapy.94	While	 combination	 therapy	 has	 been	 extensively	 explored	 and	 targeting	 energy	

metabolism	 has	 shown	 efficacy	 in	 tuberculosis	 (TB),	 where	 it	 forms	 the	 cornerstone	 of	

treatment,	this	approach	illustrates	promise	against	other	resistant	pathogens,	particularly	in	

addressing	biofilm	associated	infection,	gram-negative	MDR	bacteria,	and	methicillin-resistant	

Staphylococcus	aureus	 (MRSA)	where	 it	has	been	 less	extensive	studied.491-494	By	combining	

antibiotics	with	metabolic	modulators	and/or	inhibitors,	disruption	of	bacterial	homeostasis	

will	be	explored	in	this	chapter,	to	enhance	susceptibility	to	antibiotic	treatment.495 	

The	research	reported	in	this	chapter	integrates	findings	from	checkerboard	assays,	metabolic	

profiling,	and	Seahorse	live	metabolic	analyser	studies	to	evaluate	the	potential	of	combination	

therapies	to	target	energy	metabolism	therapeutically.	Checkerboard	assays	were	employed	

to	 determine	 MICs	 and	 assess	 synergistic	 interactions	 between	 antibiotics	 and	 metabolic	

modulators.	 A	 Seahorse	metabolic	 analyser	method	 was	 used	 to	 provide	 insight	 into	 how	
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metabolic	modulators	influence	OCR	and	ECAR,	revealing	strain-specific	responses	that	could	

inform	 the	development	of	 targeted	 therapies.	By	combining	 the	 results	 from	these	assays,	

novel	combination	therapies	are	proposed	that	integrate	metabolic	modulators	with	existing	

antibiotics.		

6.1 Taniborbactam:	A	novel	β-Lactamase	 inhibitor	 for	combating	carbapenem	

resistance	

Carbapenems	are	among	the	most	potent	antibiotics	available	for	the	treatment	of	bacterial	

infections.496	However,	the	rise	in	carbapenem	resistance,	largely	mediated	by	MBLs	such	as	

NDM,	has	severely	 limited	 their	clinical	efficacy.	NDM	enzymes,	which	require	zinc	 ions	 for	

their	 catalytic	 activity,	 have	 evolved	 to	 hydrolyse	 the	 beta-lactam	 ring	 of	 carbapenem	

antibiotics,	 rendering	 them	 ineffective.	 The	 widespread	 dissemination	 of	 NDM-producing	

Enterobacterales	poses	a	critical	global	health	challenge,	with	limited	therapeutic	options	to	

combat	these	infections.	

While	 traditional	 β-lactamase	 inhibitors,	 such	 as	 clavulanic	 acid	 and	 tazobactam,	 have	

demonstrated	effectiveness	against	serine	β-lactamases,	their	lack	of	activity	against	MBLs	has	

inspired	 research	 into	 the	 development	 of	 novel	 inhibitors	 capable	 of	 targeting	 MBLs.497	

Taniborbactam,	a	cyclic	boronate	β-lactamase	inhibitor,	has	emerged	as	a	promising	candidate	

with	potent	activity	against	both	serine	β-lactamase	and	MBLs,	including	NDM.498	Unlike	earlier	

inhibitors,	taniborbactam	effectively	targets	MBL	requiring	zinc	ions	for	activity,	providing	a	

unique	mechanism	to	help	overcome	carbapenem	resistance.499	

Taniborbactam	 (Figure	 6.1),	 a	 novel	 diazabicyclooctane-based	 β-lactamase	 inhibitor,	 had	

been	studied	for	its	ability	to	restore	the	efficacy	of	carbapenems	such	as	meropenem	against	

β-lactamase-producing	 pathogens.498	 Previous	 studies	 have	 demonstrated	 the	 potency	 of	

taniborbactam	 in	 combination	with	meropenem	 against	multidrug-resistant	 Gram-negative	

bacteria,	including	clinical	isolates	of	E.	coli.500	Checkerboard	assays	have	been	conducted	on	

E.	 coli	 strains	 to	 evaluate	 the	 ability	 of	 taniborbactam	 to	 inhibit	 β-lactamase	 enzymes	

effectively	 and	 its	 synergistic	 potential	with	meropenem	 against	E.	 coli	 expressing	NDM-7,	
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while	also	exploring	its	dose-dependent	activity	to	optimise	a	combination	therapy	strategy.	

The	 aim	 of	 the	 experiments	 reported	 in	 this	 chapter	 was	 not	 only	 to	 explore	 ability	 of	

taniborbactam	 to	 restore	 meropenem	 efficacy	 but	 also	 to	 investigate	 potential	 underlying	

metabolic	changes	induced	by	its	use,	both	in	isolation	and	in	combination	with	meropenem.		

	

	

	

	

	

The	efficacy	of	taniborbactam	against	the	meropenem-resistant	strain	(R,	DH5α	pCR2.1	NDM-7)	

was	evaluated	initially	by	focusing	on	its	ability	to	inhibit	resistance	mechanisms	mediated	by	

NDM-7	carbapenemase	and	whether	 it	 impacts	on	bacterial	metabolism.	To	 investigate	this	

checkerboard	assays	were	performed	first	 to	evaluate	the	MICs	of	 individual	and	combined	

treatments,	and	metabolic	profiling	was	used	to	explore	the	impact	on	bacterial	growth.	These	

investigations	were	performed	in	order	to	provide	a	deeper	understanding	of	how	inhibiting	

resistance	 mechanisms	 influenced	 bacterial	 metabolism,	 beyond	 restoring	 carbapenem	

activity.	

 Evaluating	 taniborbactam	 and	 meropenem	 combination	 treatment	 using	

checkerboard	assays	

A	checkerboard	assay	was	performed	to	assess	the	potential	synergistic	interactions	between	

taniborbactam,	 a	 β-lactamase	 inhibitor,	 and	 meropenem,	 a	 carbapenem	 antibiotic,	 using	

meropenem-resistant	 E.	 coli	 (R	 strain)	 The	 checkerboard	 assay	 systematically	 varied	 the	

concentrations	of	 the	 two	 treatment	agents	 in	a	 two-dimensional	gradient	across	a	96-well	

Figure	 6.1	 Chemical	 structure	 of	 taniborbactam,	 a	 novel	 diazabicyclooctane-based	 β-lactamase	 inhibitor.	
Drawn	in	ChemDraw	23.0.1.10	
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microplate,	enabling	comprehensive	assessment	of	 their	combined	antimicrobial	activity.501	

Meropenem	was	serially	diluted	along	one	axis	of	 the	microplate,	while	 taniborbactam	was	

diluted	along	the	other,	creating	a	matrix	of	a	wide	range	of	concentration	combinations.	

Each	well	was	inoculated	with	a	standardised	suspension	of	the	meropenem-resistant	E.	coli	

strain	 in	 2TY	 and	 incubated	 at	 37	 °C.	 Bacterial	 growth	 was	 continuously	 monitored	 by	

measuring	optical	density	at	600	nm	(OD600)	every	10	minutes	over	a	24-hour	period	using	a	

plate	 reader.	 Endpoint	 OD600	 values	were	 recorded	 after	 the	 incubation	 period	 to	 quantify	

overall	bacterial	growth	in	each	well.		

The	 assay	 was	 conducted	 exclusively	 on	 the	 meropenem-resistant	 strain,	 as	 the	 primary	

objective	was	to	investigate	the	ability	of	taniborbactam	to	potentiate	meropenem	activity	and	

overcome	resistance	mechanisms.	The	targeted	approach	allowed	for	a	focused	exploration	of	

the	 potential	 synergy	 in	 resistant	 strains,	 which	 represents	 the	 most	 clinically	 relevant	

scenario.		

The	results	from	the	checkerboard	assay	are	provided	in	Figure	6.2.	Each	well	represents	the	

optical	 density	 (OD600)	 of	 bacterial	 growth	 following	 24	 hours	 of	 incubation	 with	 varying	

concentrations	 of	 taniborbactam	 (diluted	 across	 rows)	 and	 meropenem	 (diluted	 across	

columns).	The	opacity	of	each	well	was	directly	correlated	with	 the	OD600	values,	 reflecting	

bacterial	density	and	allowing	clear	visualisation	of	growth	inhibition	patterns.	Transparency	

levels	were	calculated	using	the	equation	Transparency	(%)	=	100	×	(10-OD600).502	For	example,	

wells	with	OD600	=	2	correspond	to	99%	light	absorbed	(1%	transparency),	indicating	maximal	

bacterial	growth.	Conversely,	wells	with	lower	OD600	values	exhibit	higher	transparency	levels,	

reflecting	reduced	bacterial	growth	or	complete	inhibition.		
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The	results	revealed	a	distinct	gradient	 in	bacterial	growth	inhibition	across	the	plate,	with	

increasing	transparency	correlating	with	higher	concentrations	of	either	or	both	agents.	Wells	

treated	 with	 taniborbactam	 alone	 (column	 with	 fixed	 meropenem	 concentration	 of	 zero)	

exhibited	no	 indication	of	bacterial	growth	 inhibition,	while	wells	 treated	with	meropenem	

alone	(row	with	fixed	taniborbactam	concentration	at	zero)	show	inhibition	at	concentrations	

above	≥	64	μg/mL.	Wells	at	the	intersections	of	moderate	to	high	concentration	of	both	agents	

exhibit	 a	pronounced	 reduction	 in	bacterial	 growth,	 lowering	MIC,	 suggesting	an	enhanced	

inhibitory	effect	when	the	two	agents	are	combined.	

The	 assay	 revealed	 a	 dose-dependent	 effect	 of	 the	 combination	 treatment,	 as	 higher	

concentrations	 of	 both	 taniborbactam	 and	 meropenem	 resulted	 in	 progressively	 greater	

bacterial	 growth	 inhibition.	 The	 observed	 gradients	 in	 growth	 inhibition	 across	 the	 plate	

Figure	6.2	Visual	representation	of	bacterial	growth	from	the	checkerboard	assay	evaluating	taniborbactam	
and	meropenem	synergy.	The	96-well	plate	illustrates	the	optical	density	(OD600)	values	of	E.	coli	growth	after	24	hours	
of	incubation	under	varying	concentrations	of	taniborbactam	[INH]	(diluted	across	rows)	and	meropenem	[AB]	(diluted	
across	columns).	The	opacity	of	each	well	correlates	with	the	amount	of	light	absorbed:	wells	with	higher	OD600	values	
(e.g.,	OD	=	2,	indicating	99%	light	absorbed)	are	displayed	as	fully	opaque	(such	as	H12,	control)	indicating	maximal	
bacterial	growth,	while	wells	with	lower	OD600	values	exhibit	reduced	opacity	(such	as	H1,	maximum	concentration	of	
meropenem),	reflecting	decreased	bacterial	growth.	Clear	wells	represent	no	growth	(low	OD	values,	where	most	light	
passes	through).	This	visualisation	highlights	areas	of	inhibited	growth,	which	reflect	the	potential	synergistic	effects	of	
the	two	compounds.	Concentrations	are	reported	in	μg/mL.	
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emphasised	 the	 importance	 of	 optimised	 dosing	 strategies	 to	maximise	 the	 efficacy	 of	 this	

combination	therapy	approach.	

The	results	of	 the	MIC	experiment	demonstrate	 that	 the	combination	of	 taniborbactam	and	

meropenem	substantially	enhanced	antimicrobial	activity	compared	to	treatment	with	either	

agent	alone.	The	observed	synergy	was	likely	due	to	the	inhibition	of	β-lactamase	enzymes	by	

taniborbactam,	which	restored	the	effectiveness	of	meropenem	against	the	resistant	bacterial	

strain.	However,	while	the	checkerboard	assay	highlighted	the	combined	efficacy	of	the	two	

agents,	 it	 did	 not	 provide	 any	mechanistic	 insight	 into	 how	 this	 synergy	 occurred.	 Further	

studies	 were	 therefore	 needed	 to	 explore	 what	 biochemical	 processes	 drove	 the	 effect	

observed.	

The	checkerboard	assay	results	showed	that	combining	 taniborbactam	and	meropenem	for	

treatment	 of	 resistant	 bacterial	 strains	 was	 effective	 at	 reducing	 bacterial	 growth.	 The	

experiment	 confirmed	 that	 taniborbactam	 restored	 the	 efficacy	 of	 meropenem,	 providing	

evidence	 for	 its	 efficacy	 as	 a	 β-lactamase	 inhibitor	 and	 potential	 for	 combating	

meropenem-resistant	 bacteria.	 Notably,	 the	 dose-dependent	 growth	 inhibition	 observed	

demonstrated	 the	 importance	 of	 optimising	 dosing	 strategies	 for	 combination	 therapy	

applications.	These	 findings	aligned	with	prior	 studies	on	 the	efficacy	of	 taniborbactam	 for	

restoring	carbapenem	activity	but	extended	prior	work	by	evaluating	its	effect	against	E.	coli	

strains	specifically	carrying	the	NDM-7	gene.	The	results	therefore	offer	novel	insights	into	the	

potential	application	of	taniborbactam	in	addressing	carbapenem	resistance.	

 Assessing	bactericidal	activity	of	meropenem	and	taniborbactam	combinations	

on	meropenem-resistant	E.	coli	strain	using	a	time-kill	assay	

A	 time-kill	 assay	 was	 performed	 to	 evaluate	 the	 bactericidal	 efficacy	 of	 meropenem	 and	

taniborbactam	 combinations	 and	 to	 determine	 the	 optimal	 concentrations	 for	 subsequent	

metabolomics	studies.	The	proposed	experiment	aimed	to	identify	drug	concentrations	that	

induced	metabolic	stress	in	treated	bacteria	but	did	not	kill	bacterial	cells	directly,	ensuring	

the	availability	of	viable	cells	for	downstream	metabolomics	analysis.	
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The	 time-kill	 assay	 involved	 exposing	 a	 meropenem-resistant	 E.	 coli	 strain	 to	 varying	

concentrations	of	meropenem	and	taniborbactam.	Time	points	were	taken	at	T=0,	T=1,	T=2,	

T=3,	T=4,	T=5,	and	T=6	hours	post-exposure.	CFUs	were	determined	by	plating	diluted	aliquots	

on	nutrient	agar	and	incubating	at	37	°C	for	24	hours.	The	results	were	recorded	as	average	

colony	 counts	 from	 two	biological	 replicates,	 and	 the	 standard	deviation	was	 calculated	 to	

assess	variability.	

At	 higher	 drug	 concentrations,	 specifically	 32	 μg/mL	 meropenem	 combined	 with	 either	

4	μg/mL	 or	 6	 μg/mL	 taniborbactam,	 bacterial	 survival	 was	 minimal.	 A	 single	 colony	 was	

observed	at	T=0	 in	one	of	 the	replicates	 for	both	conditions,	averaging	0.5	colonies,	but	no	

colonies	were	detected	at	subsequent	time	points	(T=1	to	T=6).	The	combination	of	32	μg/mL	

meropenem	 with	 8	 μg/mL	 taniborbactam	 was	 completely	 bactericidal,	 with	 no	 colonies	

detected	at	any	time	points,	including	T=0. These	findings	indicated	that	the	combination	was	

too	bactericidal	to	maintain	bacterial	viability.	

Moderate	concentrations,	such	as	8	μg/mL	meropenem	combined	with	6	μg/mL	or	4	μg/mL	

taniborbactam,	allowed	 for	more	gradual	decline	 in	colony	counts,	as	shown	 in	Figure	6.3.	

Between	the	two	conditions,	the	combination	with	6	μg/mL	taniborbactam	exhibited	slightly	

faster	bacterial	clearance.	Despite	their	bactericidal	activity,	the	lack	of	substantial	bacterial	

death	at	earlier	time	points	suggests	they	may	not	be	ideal	for	inducing	detectable	metabolic	

changes	for	downstream	analyses.	
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The	 combination	 of	 2	 μg/mL	 meropenem	 with	 16	 μg/mL	 taniborbactam	 demonstrated	

balanced	bactericidal	activity,	as	shown	in	Figure	6.4.	Colony	counts	substantially	declined	by	

T=3	and	T=5,	but	bacterial	 survival	was	evident	at	 earlier	 time	points.	Therefore,	2	μg/mL	

meropenem	and	16	μg/mL	taniborbactam	combination	was	deemed	suitable	for	subsequent	

metabolomics	 experiments,	 as	 it	 ensured	 sufficient	 bacterial	 exposure	 to	 antibiotics	 while	

maintaining	viability	for	analysis.	

 Figure	6.3	Colony	count	of	meropenem-resistant	E.	coli	strain	at	varying	time	point	and	concentration	of	
meropenem	[AB]+taniborbactam	[INH].	Samples	were	collected	at	time	points,	0h,	1	h,	2	h,	3	h,	4	h,	5	h,	and	6h.	
Combination	of	8	μg/mL	AB	and	6	μg/mL	INH,	and	8	μg/mL	AB	and	4	μg/mL	INH	was	tested.	Bars	represent	the	
mean	of	two	biological	replicates	(n=2);	vertical	lines	indicate	the	range.	
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The	 results	 from	 the	 time-kill	 assay	 highlighted	 the	 concentration-dependent	 bactericidal	

effects	of	meropenem	and	 taniborbactam	combinations	on	 the	meropenem-resistant	E.	 coli	

strain.	Higher	 concentrations,	 such	as	32	μg/mL	meropenem	with	6	μg/mL	 taniborbactam,	

were	too	bactericidal	for	metabolomics	studies,	whereas	moderate	concentrations	were	less	

effective	at	providing	the	necessary	metabolic	stress.	The	combination	of	2	μg/mL	meropenem	

with	16	μg/mL	taniborbactam	provided	the	optimal	balance,	exposing	bacteria	to	antibiotic	

stress	 while	 maintaining	 their	 viability.	 The	 results	 of	 the	 experiment	 underscored	 the	

importance	of	optimizing	drug	concentrations	to	achieve	the	objectives	of	exerting	sufficient	

antibiotic	effect	while	maintaining	bacterial	viability	for	meaningful	metabolic	profiling	under	

experimental	conditions.		

	

Figure	 6.4	 colony	 counts	 of	 meropenem-resistant	 E.	 coli	 strains	 at	 varying	 time	 points	 and	 DMSO,	
taniborbactam	[INH],	meropenem	[AB],	and	combination	[AB+INH].	Samples	were	taken	at	0	h,	1	h,	3	h,	and	5	h	
for	each	treatment;	DMSO,	INH	16	μg/mL,	AB	64	μg/mL,	combination	with	64	μg/mL	AB	and	0.25	μg/mL	INH,	and	
combination	with	2	μg/mL	AB	and	16	μg/mL	 INH.	Bars	 represent	 the	mean	of	 two	biological	 replicates	 (n=2);	
vertical	lines	indicate	the	range.	
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 Metabolic	effects	of	taniborbactam	treatment	

Taniborbactam,	 a	 β-lactamase	 inhibitor	 (INH)	 with	 potent	 activity	 against	 NDM-mediated	

carbapenem	resistance,	has	been	shown	to	restore	the	efficacy	of	carbapenem	antibiotics	(AB)	

like	 meropenem.498	 While	 its	 enzymatic	 role	 in	 inhibiting	 β-lactamase	 activity	 is	

well-established,	 its	 potential	 to	 alter	 bacterial	 metabolism	 or	 uncover	 metabolic	

vulnerabilities	remains	unexplored.	Understanding	whether	taniborbactam,	either	alone	or	in	

combination	 with	 meropenem	 (AB+INH),	 perturbs	 bacterial	 metabolic	 pathways	 is	 of	

relevance	as	 it	provides	 insights	 into	potential	combination	 therapy	mechanisms	and	could	

inform	strategies	aimed	at	enhancing	treatment	efficacy	and	helping	to	overcome	antibiotic	

resistance.	

Next,	in	order	to	investigate	the	metabolic	effects	of	taniborbactam	treatment,	separate	batches	

of	OD600	0.4	E.	coli	were	treated	with	either	16	μg/mL	taniborbactam,	meropenem	at	2	μg/mL,	

or	their	combination	(2	μg/mL	meropenem	+	16	μg/mL	taniborbactam;	AB+INH)	for	1-hour.	

Each	 of	 the	 three	 E.	 coli	 strains	 with	 differing	 resistance	 phenotypes:	 wild-type	 (E),	

meropenem-susceptible	 (S),	 and	 meropenem-resistant	 (R)	 were	 treated.	 Metabolites	 were	

extracted	 using	 the	method	 developed	 in	 Chapter	 3	 and	 untargeted	metabolomic	 profiling	

using	AEC-MS	was	performed	to	 investigate	global	and	pathway-specific	metabolic	changes	

associated	with	treatment.	

To	identify	trends	and	significant	differences,	multivariate	statistical	analyses,	including	PCA	

and	 hierarchical	 clustering,	 were	 applied	 to	 assess	 global	 metabolic	 patterns.	 Univariate	

analyses	 were	 conducted	 to	 determine	 significant	 alterations	 in	 individual	 metabolite	

abundances.	Comparisons	were	made	between	treated	and	vehicle	control	samples,	as	well	as	

between	antibiotic-only,	and	combination	 treatments,	 to	determine	whether	 taniborbactam	

treatment	 induced	 distinct	 metabolic	 changes	 or	 highlighted	 synergistic	 metabolic	 effects	

when	combined	with	meropenem.	This	investigation	aimed	to	provide	a	systematic	analysis	of	

the	metabolic	landscape	following	taniborbactam	exposure,	in	order	to	provide	insights	into	

potential	role	of	the	drug	in	disrupting	bacterial	metabolism.	
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6.1.3.1 Data	quality	and	overview	of	metabolic	profiles	

AEC-MS	 data	 quality	 was	 initially	 assessed.	 Inter-sample	 and	 inter-group	 variability	 were	

visualised	 using	 an	 unclustered	 heatmap	 of	 compound-features	 and	 the	 un-supervised	

clustering	of	experimental	groups	via	a	PCA	scores	plot	of	normalised	metabolite	abundances.		

The	 unclustered	 heatmap	 (Figure	 6.5)	 provided	 an	 overview	 of	 normalised	 metabolite	

abundances	across	all	samples,	showing	no	substantial	sample	to	sample	variability	or	class	

bias	across	biological	replicates.	Signal	 intensities	were	generally	uniform	across	 treatment	

groups,	although	a	slight	variability	between	samples	was	observed	compared	to	some	other	

experiments.	 Such	 variability,	 while	 present,	 was	 not	 deemed	 prohibitive	 for	 downstream	

analysis,	as	it	did	not	interfere	with	the	ability	to	detect	treatment-specific	effects.	The	balanced	

colour	 distribution,	 indicative	 of	 uniform	 abundances,	 across	 conditions	 suggested	

appropriate	 normalisation,	 ensuring	 that	 treatment-specific	 effects	 were	 not	 masked	 by	

excessive	variability	or	bias	in	the	dataset.	
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The	PCA	scores	plot	(Figure	6.6)	provided	an	overview	of	how	experimental	groups	clustered	

relative	to	each	other	and	their	similarity	and	differences	in	metabolomic	profiles	across	E.	coli	

strains	(E,	S,	and	R)	and	treatment	conditions	(vehicle	control,	meropenem,	 taniborbactam,	

and	 combination	 therapy).	 Consistent	 with	 findings	 in	 Chapters	 3	 and	 4,	 the	

meropenem-resistant	 strain	 (R)	 formed	 a	 distinct	 cluster	 that	 separated	 clearly	 from	 the	

wild-type	(E)	and	meropenem-susceptible	(S)	strains	along	PC1,	explaining	30.2%	of	the	total	

variance.	 In	 contrast,	 the	E	and	S	 strains	displayed	 considerable	overlap,	 indicating	 similar	

metabolic	profiles.		

Figure	6.5	Unclustered	heatmap	of	normalised	metabolite	abundances	across	E.	coli	strains	and	treatments.	
Rows	 represent	 individual	 metabolites,	 and	 columns	 correspond	 to	 biological	 replicates	 under	 each	 treatment	
conditions	 (n=5):	 DMSO	 (vehicle	 control),	 meropenem	 (mero),	 taniborbactam	 (INH),	 and	 combination	 therapy	
(AB+INH).	Metabolite	abundances	are	scaled	(z-scores)	and	visualised	in	a	gradient	from	blue	(low	abundance)	to	red	
(high	abundance).		
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To	investigate	metabolic	differences	between	group	in	more	detail,	PCA	plots	were	generated	

for	 individual	 strains	 for	 each	 of	 the	 different	 treatments	 (Figure	6.7-Figure	6.9).	 For	 the	

wild-type	strain	(E)	(Figure	6.7),	the	PCA	plot	showed	clustering	of	treatment	groups,	with	

partial	overlap	observed	between	taniborbactam	(INH)	and	vehicle	control	as	well	as	between	

meropenem	(mero)	and	combination	therapy	(AB+INH).	These	results	indicated	that	while	the	

treatments	 resulted	 in	 some	 degree	 of	 separation,	 the	 profiles	 for	 taniborbactam	 treated	

samples	 were	 closer	 to	 vehicle	 controls,	 whereas	 meropenem	 and	 combination	 therapy	

exhibited	greater	similarity	to	each	other	as	expected.	

	

Figure	6.6	PCA	scores	plot	of	metabolomic	data	across	E.	coli	strains	and	treatments.	Points	represent	biological	
replicates	(n=5)	of	wild-type	(E),	meropenem-susceptible	(S),	and	meropenem-resistant	(R)	E.	coli	strains	treated	with	
DMSO	 (vehicle	 control),	 meropenem	 (mero),	 taniborbactam	 (INH),	 and	 combination	 therapy	 (AB+INH).	 Ellipses	
represent	95%	confidence	intervals.	
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For	experiments	with	the	meropenem-susceptible	strain	(S)	(Figure	6.8),	the	PCA	plot	showed	

clustering	of	treatment	groups	with	partial	overlap	between	vehicle	control	and	taniborbactam	

(INH)	 again.	 The	 taniborbactam	 treated	 samples	 also	 displayed	 slight	 overlap	 with	 both	

meropenem	 (mero)	 and	 combination	 therapy	 (AB+INH),	 while	 the	 meropenem	 and	

combination	 therapy	 groups	 exhibited	 considerable	 overlap	 with	 each	 other.	 The	 vehicle	

control	group	remained	tightly	clustered,	indicating	lower	variability	within	the	vehicle	control	

samples.	 In	 contrast,	meropenem	 and	 combination	 therapy	 displayed	 greater	 spread,	with	

some	degree	of	separation	from	vehicle	control,	suggesting	a	treatment-associated	response	

within	this	strain.	

	

	

	

Figure	6.7	PCA	scores	plot	of	the	wild-type	strain	(E)	under	different	treatment	conditions.	Biological	replicates	
(n=5)	of	 the	wild-type	 strain	 treated	with	DMSO	 (vehicle	 control),	meropenem	 (mero),	 taniborbactam	 (INH),	 and	
combination	therapy	(AB+INH)	are	shown.		
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For	the	meropenem-resistant	strain	(R)	(Figure	6.9),	the	PCA	plot	showed	substantial	overlap	

among	treatment	groups.	Taniborbactam	treated	(R_INH)	overlapped	with	the	vehicle	control	

(R_DMSO),	 as	 well	 as	 with	 the	 meropenem	 treated	 (R_mero)	 and	 combination	 therapy	

(R_AB_INH).	However,	the	combination	therapy	displayed	separation	from	vehicle	control	but	

remained	 largely	 overlapping	 with	 meropenem	 and	 taniborbactam,	 indicating	 minimal	

distinction	in	the	metabolic	profiles	among	treatments.	

	

	

	

	

	

	

Figure	 6.8	 PCA	 scores	 plot	 of	 the	meropenem-susceptible	 strain	 (S)	 under	 different	 treatment	 conditions.	
Biological	 replicates	 (n=5)	 of	 the	 susceptible	 strain	 treated	 with	 DMSO	 (vehicle	 control),	 meropenem	 (mero),	
taniborbactam	(INH),	and	combination	therapy	(AB+INH)	are	displayed.	
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6.1.3.1.1 Data	quality	conclusion		

Collectively,	 unclustered	 heatmap	 and	 the	 PCA	 plots	 provided	 an	 overview	 of	 metabolic	

variance	and	confirmed	the	quality	of	the	metabolomic	data	across	E.	coli	strains	and	treatment	

conditions,	 as	 evidenced	 by	 the	 consistent	 clustering	 of	 biological	 replicates	 within	 each	

treatment	 group	 and	 minimal	 variability	 within	 the	 vehicle	 control	 samples	 (DMSO).	 The	

reproducibility	across	replicates	highlighted	suitable	data	acquisition	and	normalisation.	

The	 analyses	 further	 suggested	 that	 taniborbactam	 did	 not	 induce	 significant	 metabolic	

changes.	Across	 all	 strains,	 the	 taniborbactam	 treated	 samples	 closely	 overlapped	with	 the	

vehicle	controls,	 indicating	a	minimal	metabolic	 response	 to	 taniborbactam	 itself.	Similarly,	

meropenem	 and	 combination	 therapy	 responses	 appeared	 similar	 to	 one	 another.	 These	

observations	indicated	that	the	metabolic	effects	of	taniborbactam	were	negligible	compared	

to	the	changes	induced	by	meropenem	treatment.	

	

Figure	6.9	PCA	scores	plot	of	meropenem-resistant	strain	 (R)	under	all	 treatment	conditions.	Combination	
therapy	 (R_AB+INH)	 shows	 partial	 separation	 from	 vehicle	 controls	 (R_DMSO)	 and	 overlaps	 with	 meropenem	
treatment	(R_mero),	(suggesting	antibiotic-driven	metabolic	responses).	Each	conditions	had	5	biological	replicates.	
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6.1.3.2 Significantly	altered	metabolites	and	compound	features	across	treatments	

To	 explore	whether	 taniborbactam	 induced	metabolic	 changes	 that	 could	 signal	 increased	

susceptibility	of	the	meropenem-resistant	(R)	strain	to	meropenem	by	inhibiting	the	NDM-7	

enzyme,	univariate	statistical	analysis	(ANOVA)	was	performed.	The	vehicle	control	(DMSO),	

meropenem	(mero),	and	combination	therapy	(AB+INH)	treatment	conditions	on	the	R	strain	

was	analysed.	A	total	of	12	significantly	altered	compound	features	were	identified,	as	shown	

in	Table	 6.1.	 The	 aim	 was	 to	 investigate	 metabolic	 responses	 specific	 to	 these	 treatment	

conditions	 and	 to	 determine	 whether	 the	 combination	 therapy	 with	 taniborbactam	 and	

meropenem	led	to	distinct	metabolic	changes	compared	to	meropenem	alone.	The	comparison	

focused	 on	 identifying	 key	 metabolites	 that	 might	 reflect	 increased	 susceptibility	 due	 to	

inhibition	of	the	NDM-7	enzyme.	

Box	 plots	 of	 the	 significantly	 altered	 compound	 features	 are	 shown	 in	 Figure	 6.10.			

Metabolites	such	as	N-acetyl-aspartate,	which	increased	under	meropenem	treatment,	were	

significantly	 reduced	 when	 taniborbactam	 was	 added,	 suggesting	 a	 potential	 reversal	 of	

resistance-associated	metabolic	perturbations.	Similarly,	6.19_186.1137	m/z	which	decreased	

under	 meropenem	 treatment,	 increased	 beyond	 vehicle	 control	 levels	 with	 combination	

Table	6.1	Significantly	altered	compound	features	identified	by	ANOVA	in	the	meropenem-resistant	(R)	strain	
under	different	treatment	conditions.	The	treatments	 included	vehicle	control	(DMSO),	meropenem	(mero),	and	
combination	therapy	(AB+INH).	The	table	 lists	 the	compound	names,	m/z	values,	 f-values,	p-values,	 false	discovery	
rates	 (FDR),	 and	 associated	 post-hoc	 tests	 indicating	 pairwise	 comparisons	 where	 significant	 differences	 were	
observed.	
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therapy,	 suggesting	 a	 distinct	 metabolic	 effect	 of	 taniborbactam	 in	 combination	 with	

meropenem.	 In	 contrast,	metabolites	 like	1-deoxy-D-xylulose	5-phosphate	were	elevated	 in	

both	meropenem	and	 combination	 treatments	 compared	 to	vehicle	 control,	 suggesting	 this	

change	was	primarily	driven	by	meropenem,	with	minimal	contribution	from	taniborbactam.	

The	 observed	 trends	 in	 beta-alanine	 and	 5-hydroxyhexanoic	 acid,	 which	 progressively	

decreased	across	vehicle	control,	meropenem,	and	combination	treatments,	highlighting	their	

potential	involvement	in	pathways	modulated	by	both	drugs.	Conversely,	2-aminoisobutyric	

acid	exhibited	an	opposite	trend,	increasing	significantly	under	the	combination	therapy.	

	

	

Figure	6.10	Box	plots	of	significantly	altered	compound	features	across	meropenem-resistant	(R)	strains	
treated	with	vehicle	control	(DMSO),	meropenem	(mero),	and	combination	therapy	(AB+INH).	Each	box	plot	
represents	 normalized	 concentrations	 of	 individual	 metabolites,	 highlighting	 their	 relative	 abundance	 across	
treatments.	Yellow	dots	represent	the	mean	values	for	each	treatment	group.	
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Collectively,	these	findings	suggest	that	taniborbactam	exerts	some	effects	on	the	metabolic	

profiles	of	the	meropenem-resistant	(R)	strain	when	combined	with	meropenem,	compared	to	

meropenem	 alone.	 These	 effects	 likely	 reflect	 the	 role	 of	 taniborbactam	 in	 restoring	

susceptibility	to	meropenem	by	counteracting	resistance	mechanisms.	

To	 further	 explore	 treatment-associated	 metabolic	 changes,	 binary	 comparisons	 were	

performed	 across	 all	 strains.	 Pairwise	 comparisons	 of	 all	 detected	 features	 revealed	 no	

significant	 differences	 between	 vehicle	 control	 and	 taniborbactam	 (INH)	 treatments,	 or	

between	meropenem	treatment	(mero)	and	combination	therapy	(AB+INH)	in	the	susceptible	

and	wild-type	strains.	As	no	features	met	the	significance	thresholds	(fold	change	>	2	and	FDR	

corrected	p	value	<	0.05),	it	was	evident	that	the	addition	of	taniborbactam	did	not	result	in	

measurable	metabolic	changes	in	these	E.	coli	strains.	Even	when	the	fold-change	threshold	

was	reduced	to	1.2,	 the	differenced	remained	minimal,	 in	the	E	strain	only	one	feature	was	

upregulated,	 and	 in	 the	 S	 strain	 there	 were	 just	 two	 upregulated	 and	 two	 downregulated	

features.	 The	 consistency	 across	 thresholds	 further	 supports	 the	 conclusion	 that	

taniborbactam	 did	 not	 induce	 substantial	 metabolic	 changes	 in	 these	 strains	 under	 these	

experimental	conditions.	

Similarly,	 comparing	 meropenem-resistant	 vehicle	 control	 (R_DMSO)	 and	 the	

taniborbactam-treated	group	(R_INH)	also	did	not	reveal	any	significant	changes	in	metabolite	

abundance	at	 fold	 change	>	2	 and	FDR	corrected	p	value	<	0.05	 threshold,	nor	 at	FC	>	1.2	

threshold.	Collectively,	these	observations	demonstrate	that	taniborbactam	treatment	of	E.	coli	

in	 the	 absence	 of	 antibiotic	 did	 not	 elicit	 a	 measurable	 metabolic	 effect,	 even	 in	 the	

meropenem-resistant	strain.		

These	findings	aligned	with	expectations,	as	taniborbactam	is	a	β-lactamase	inhibitor,	targeting	

a	specific	enzyme	not	known	to	be	involved	in	metabolic	processes.	Function	of	the	enzyme	is	

to	 restore	 the	 efficacy	 of	 β-lactam	 antibiotics	 rather	 than	 to	 directly	 perturb	 bacterial	

metabolism.	 Its	 mechanisms	 of	 action	 primarily	 target	 enzymatic	 activity	 associated	 with	

antibiotic	 breakdown	 and	 not	 endogenous	 metabolic	 pathways.	 Therefore,	 the	 lack	 of	
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significant	metabolic	changes	under	taniborbactam	treatment	was	consistent	with	its	intended	

pharmacological	 function	 and	 leading	 to	 the	 conclusion	 that	 no	 measurable	 ‘off-target’	

metabolic	effects	were	identified.	

Next	 a	 meropenem-resistant	 strain	 was	 compared	 under	 meropenem	 treatment	 (R_mero)	

compared	 to	 combination	 therapy	 (R_AB+INH).	 A	 single	 significantly	 upregulated	

compound-feature	was	identified,	as	highlighted	in	the	volcano	plot	(Figure	6.11),	with	the	

corresponding	 box	 plot	 showing	 its	 relative	 abundance	 across	 two	 conditions.	 The	 result	

remained	consistent	even	when	the	fold-change	threshold	was	lowered	to	1.5,	reinforcing	the	

minimal	metabolic	impact	of	combination	therapy	compared	to	meropenem	treatment.	Most	

features	(1124	in	total)	showed	no	significant	differences,	suggesting	majority	of	metabolites	

are	not	directly	affected	by	treatment	and	reflect	baseline	metabolic	processes.	However,	the	

minimal	number	of	altered	features	under	combination	therapy	in	the	meropenem-resistant	

strain	 is	notable	and	suggests	 that	 taniborbactam,	while	effective	 in	restoring	susceptibility	

and	 reducing	 MIC,	 did	 not	 result	 in	 significant	 metabolic	 changes	 under	 the	 experimental	

conditions.	The	result	was	somewhat	unexpected,	as	a	greater	number	of	metabolic	alterations	

were	 anticipated	 given	 the	 impact	 of	 taniborbactam	 on	 bacterial	 growth	 and	 resistance	

mechanisms.	
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Overall,	 univariate	 analysis	 demonstrated	 that	 taniborbactam	 treatment,	 either	 alone	 or	 in	

combination	with	meropenem,	did	not	induce	significant	changes	in	the	metabolic	profiles	of	

E.	coli	 strains.	These	results	suggests	 that	 taniborbactam	exerted	 its	primary	effect	 through	

enzymatic	inhibition	of	β-lactamases	without	widespread	metabolic	disruption.	

It	 is	 important	 to	 acknowledge	 that	 no	 direct	 evidence	 of	 intracellular	 drug	 presence	was	

obtained	in	this	study,	as	the	presence	of	taniborbactam	was	administered	in	a	stable	form	at	

a	known	concentration,	it	remains	unverified	how	effectively	it	penetrated	bacterial	cells	under	

the	experimental	conditions.	No	evidence	of	intact	taniborbactam	was	in	the	AEC-MS/MS	data,	

likely	because	it	did	not	produce	a	strong	enough	anion	to	be	resolved	chromatographically.	

Furthermore,	 the	metabolomic	 approach	 employed	 in	 this	 study	 primarily	 captures	 highly	

polar	and	ionic	metabolites.	While	no	significant	metabolic	changes	were	observed,	it	remains	

possible	that	alterations	in	low-or	moderately	polar	metabolites,	which	were	less	effectively	

detected	by	AEC-MS/MS,	could	still	occur.		

Figure	 6.11	 Volcano	 plot	 of	 metabolite	 changes	 in	 resistant	 strains	 comparing	 meropenem	 treatment	
(R_mero)	and	combination	therapy	(R_AB+INH).	The	single	significantly	upregulated	metabolite	(log2FC	>	2,	FDR	
<	0.05)	is	indicated,	with	boxplot	showing	its	relative	abundance	across	the	two	conditions.	
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The	cells	were	treated	with	various	conditions	(vehicle	control,	taniborbactam,	meropenem,	

and	 combination)	 for	 1-hour,	 a	 time	 point	 selected	 based	 on	 preliminary	 experiments	

demonstrating	that	this	duration	was	sufficient	to	exert	metabolic	stress	without	inducing	cell	

death	 across	 the	 strains	 (Section	 4.2.2).	 The	 1-hour	 treatment	 window	 was	 chosen	

purposefully	 to	 ensured	 that	 metabolic	 changes	 observed	 were	 representative	 of	 active	

physiological	responses	to	the	drugs	rather	than	secondary	effects	of	cell	lysis	or	viability	loss.	

Furthermore,	 results	 from	 the	 time-kill	 experiments	 indicated	 that	 the	 combination	 of	

16	μg/mL	taniborbactam	and	2	μg/mL	meropenem	was	sufficient	to	reduce	colony	counts	in	

the	resistant	strain,	showing	its	potency	at	higher	concentrations.	

6.1.3.3 Meropenem-driven	metabolic	alterations	and	limited	impact	of	taniborbactam	in	E.	coli	

strains		

To	 investigate	 the	metabolic	profiles	of	E.	 coli	 strains	under	different	 treatment	conditions,	

multivariate	 analyses	were	 performed	 initially	 to	 assess	whether	 patterns	 associated	with	

metabolite	 changes	 showed	 treatment-specific	 trends.	 While	 previous	 results	 suggested	

minimal	 metabolic	 response	 to	 taniborbactam	 treatments,	 multivariate	 approaches	 may	

provide	insights	into	more	subtle	patterns	present	in	the	data	which	were	not	identified	by	

univariate	analysis.		

Despite	 a	 lack	 of	 significantly	 altered	 identified	 metabolites	 in	 the	 univariate	 analyses	

described	 previously,	 a	 hierarchically-clustered	 heatmap	 of	 the	 top	 50	 compound-features	

(Figure	 6.12)	 revealed	 distinct	 trends	 and	 correlations	 in	 compound-feature	 abundance	

changes	between	experimental	groups	in	the	untargeted	dataset.	In	the	meropenem-resistant	

strain	(R),	samples	treated	with	combination	therapy	(R_AB+INH)	displayed	separation	from	

vehicle	 control	 (R_DMSO)	 but	 overlapped	 substantially	 with	 meropenem-treated	 samples	

(R_mero).	The	clustering	suggested	that	the	metabolic	response	to	the	combination	therapy	

was	primarily	driven	by	meropenem,	with	taniborbactam	contributing	minimally	to	 further	

metabolic	 change.	 In	 contrast,	 taniborbactam	 treatment	 alone	 (R_INH)	 did	 not	 induce	
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measurable	metabolic	 changes,	 as	 these	 samples	 clustered	 closely	with	 the	 vehicle	 control	

treated	group	(R_DMSO).	

Samples	treated	with	taniborbactam	(S_INH	and	E_INH)	clustered	closely	with	their	respective	

vehicle	 controls,	 suggesting	 minimal	 metabolic	 perturbation	 was	 induced	 by	 the	 inhibitor	

(taniborbactam).	 The	 combination	 therapy	 group	 in	 these	 strains	 also	 remained	

indistinguishable	 from	meropenem-treated	 samples,	 reinforcing	 the	 idea	 that	 the	 observed	

metabolic	effects	were	primarily	driven	by	meropenem	exposure	rather	than	taniborbactam.		

Figure	6.12	Clustered	heatmap	of	Top	50	compound	features	across	E.	coli	strains	and	treatment	conditions.	
The	heatmap	displays	the	top	50	compound	features	derived	from	metabolomic	analysis	of	E.	coli	strains	(E:	wild	
type;	S:	susceptible	with	pCR2.1;	R:	resistant	with	pCR2.1	carrying	NDM-7)	under	different	treatment	conditions,	
including	 DMSO	 (control),	 meropenem	 (mero),	 taniborbactam	 (INH),	 and	 their	 combination	 (AB+INH).	 Rows	
represent	compound	features	identified	by	their	m/z	values,	while	columns	represent	individual	samples,	clustered	
by	hierarchical	similarity.	The	colour	scale	indicates	the	relative	abundance	of	each	compound	feature,	ranging	from	
high	abundance	 (red,	 +3)	 to	 low	abundance	 (blue,	 −3),	 normalized	and	auto	 scaled	across	all	 samples.	Distinct	
clustering	 patterns	 highlight	metabolic	 differences	 between	 strains	 and	 treatments,	 emphasizing	 the	 impact	 of	
antibiotic	and	inhibitor	combinations	on	the	metabolic	profile.	Replicates	for	each	condition	are	labelled	for	clarity.	
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Overall,	 the	 clustered	 heatmap	 highlights	 subtle	 but	 distinct	 metabolic	 trends	 across	

experimental	groups.	Taniborbactam	treatment	alone	did	not	induce	notable	changes	in	the	

metabolic	 profiles	 of	 each	 E.	 coli	 strain,	 regardless	 of	 resistance	 phenotype.	 Combination	

therapy	resulted	in	metabolic	responses	that	were	largely	similar	to	meropenem	treatment,	

suggesting	 that	 any	 differences	 between	 vehicle	 control/INH-treated	 and	

mero/combination-treated	groups	were	driven	predominantly	by	meropenem.	

6.1.3.4 Pathway	perturbations	in	the	meropenem-resistant	strain	under	combination	therapy	

Functional	pathway	analysis	was	performed	 to	 investigate	whether	any	metabolic	pathway	

perturbations	resulting	 from	taniborbactam	treatment,	either	alone	or	 in	combination	with	

meropenem.	Comparisons	were	focused	on	the	meropenem-resistant	(R)	strain	to	determine	

whether	combination	therapy	(R_AB+INH)	induced	metabolic	effects	beyond	those	caused	by	

meropenem	alone	(R_mero),	as	the	meropenem-resistant	strain	harbours	the	NDM-7	gene	and	

represents	the	primary	target	for	taniborbactam’s	β-lactamase	inhibition.	

Functional	analysis	comparing	the	meropenem-treated	R	strain	(R_mero)	and	the	combination	

therapy	group	(R_AB+INH)	revealed	no	significant	differences	in	pathway-level	perturbations.	

The	observation	aligned	with	the	findings	from	the	multivariate	and	univariate	analyses,	which	

demonstrated	 minimal	 metabolite-level	 changes	 under	 combination	 therapy	 compared	 to	

meropenem	treatment	alone.		

In	contrast,	when	comparing	the	vehicle	control	group	(R_DMSO)	to	the	meropenem	treated	

(R_mero)	 significant	 pathway	 enrichment	 was	 observed	 (Figure	 6.13),	 such	 as	 pentose	

phosphate	 pathway,	 lipopolysaccharide	 biosynthesis,	 galactose	 metabolism,	 pentose	 and	

glucuronate	interconversions,	and	peptidoglycan	biosynthesis.	
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Figure	6.13 Functional	analysis	comparing	meropenem-resistant	strains	treated	with	DMSO	(R_DMSO)	and	
meropenem	 (R_mero).	 The	 scatter	 plot	 visualizes	 pathway	 enrichment	 analysis	 results,	 with	 each	 point	
representing	a	metabolic	pathway.	The	x-axis	denotes	the	pathway	impact	score,	which	measures	the	contribution	of	
identified	 metabolites	 to	 the	 pathway,	 while	 the	 y-axis	 represents	 -log10(p-value),	 indicating	 the	 statistical	
significance	of	pathway	enrichment.	 Larger	 circles	 correspond	 to	higher	pathway	 impact	 scores,	 and	 the	 colour	
gradient	from	yellow	to	red	reflects	the	significance	level,	with	red	indicating	more	significant	pathways	(lower	p-
values).	The	accompanying	table	provides	details	about	each	pathway,	 including	the	total	number	of	compounds	
associated	with	the	pathway,	the	number	of	compound	features	detected	in	the	dataset	(Hits	all),	and	the	subset	of	
features	that	are	significantly	altered	(Hits	Sig.)	with	an	FDR-corrected	p-value	<	0.05.	The	table	also	includes	the	
expected	number	of	features	for	each	pathway	based	on	random	distribution	(Expected),	the	Fisher's	exact	test	p-
value	for	pathway	enrichment	(pFisher),	and	the	gamma-adjusted	p-value	to	account	for	multiple	testing	(pGamma).	
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Similarly,	the	comparison	between	the	vehicle	control	group	(R_DMSO)	and	the	combination	

therapy	group	(R_AB+INH)	revealed	enrichment	of	a	wide	range	of	pathways	(Figure	6.14),	

including	 peptidoglycan	 biosynthesis,	 O-antigen	 nucleotide	 sugar	 biosynthesis,	

glycolysis/gluconeogenesis,	and	fructose	and	mannose	metabolism.	These	pathways	predicted	

functional	 changes	 in	metabolism	 resulting	 from	combination	 therapy	 compared	 to	 vehicle	

control.	 With	 peptidoglycan	 biosynthesis	 displaying	 the	 highest	 impact	 and	 statistical	

significance.	The	result	was	consistent	with	the	known	mode	of	action	of	meropenem	which	

targets	bacterial	cell	wall	synthesis,	whilst	taniborbactam	inhibits	metallo-β-lactamase	activity,	

thereby	restoring	meropenem	efficacy.499,503	
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Figure	6.14	Functional	analysis	comparing	meropenem-resistant	strains	treated	with	DMSO	(R_DMSO)	and	
combination	therapy	(R_AB+INH).	The	scatter	plot	visualizes	pathway	enrichment	analysis	results,	with	each	point	
representing	a	metabolic	pathway.	The	x-axis	denotes	the	pathway	impact	score,	which	measures	the	contribution	of	
identified	 metabolites	 to	 the	 pathway,	 while	 the	 y-axis	 represents	 -log10(p-value),	 indicating	 the	 statistical	
significance	 of	 pathway	 enrichment.	 Larger	 circles	 correspond	 to	 higher	 pathway	 impact	 scores,	 and	 the	 colour	
gradient	from	yellow	to	red	reflects	the	significance	level,	with	red	indicating	more	significant	pathways	(lower	p-
values).	The	accompanying	table	provides	details	about	each	pathway,	 including	the	total	number	of	compounds	
associated	with	the	pathway,	the	number	of	compound	features	detected	in	the	dataset	(Hits	all),	and	the	subset	of	
features	that	are	significantly	altered	(Hits	Sig.)	with	an	FDR-corrected	p-value	<	0.05.	The	table	also	includes	the	
expected	number	of	features	for	each	pathway	based	on	random	distribution	(Expected),	the	Fisher's	exact	test	p-
value	for	pathway	enrichment	(pFisher),	and	the	gamma-adjusted	p-value	to	account	for	multiple	testing	(pGamma).	
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The	 overlap	 in	 enriched	 pathways	 between	 the	 DMSO	 vs.	 meropenem	 and	

DMSO	vs.	combination	 therapy	 comparison,	 such	 as	 peptidoglycan	 biosynthesis	 and	 energy	

metabolism,	indicates	that	pathway	perturbations	are	primarily	driven	by	meropenem	action.	

Differences	 between	 the	 two	 comparisons,	 such	 as	 the	 enrichment	 of	O-antigen	 nucleotide	

sugar	 biosynthesis	 in	 combination	 therapy,	 suggest	 a	 potential	 contribution	 from	

taniborbactam	in	enabling	meropenem	activity.	

Overall,	 the	 functional	pathway	analysis	 demonstrated	 that	 taniborbactam	does	not	 induce	

additional	 metabolic	 disruptions	 beyond	 those	 caused	 by	 meropenem	 in	 the	

meropenem-resistant	 strain.	 The	 observed	 pathway	 perturbations	 in	 combination	 therapy	

reflect	 the	 metabolic	 consequences	 of	 meropenem	 treatment,	 reinforcing	 role	 of	

taniborbactam	 as	 a	 β-lactamase	 inhibitor	 that	 restores	 antibiotic	 efficacy	 without	 eliciting	

broader	metabolic	changes.	

 Discussion	and	conclusion:	Taniborbactam	

The	 metabolomic	 analysis	 revealed	 that	 taniborbactam	 treatment,	 whether	 administered	

alone	 (INH)	 or	 in	 combination	 with	 meropenem	 (AB+INH),	 did	 not	 result	 in	 significant	

metabolic	 alterations	 in	E.	 coli	 strains.	 Across	 all	 analyses,	 taniborbactam-treated	 samples	

closely	 resembled	 their	 respective	vehicle	controls.	Similarly,	 combination	 therapy	samples	

showed	profiles	largely	consistent	with	meropenem	treatment,	suggesting	that	taniborbactam	

induced	minimal	metabolic	perturbation.	The	observation	aligns	with	trends	seen	in	the	PCA	

plots	 and	 functional	 analysis,	 supporting	 the	 conclusion	 that	 taniborbactam	alone	does	not	

significantly	impact	bacterial	metabolism	but	instead	functions	as	a	complementary	agent	to	

enhance	meropenem	efficacy.	

Functional	 analysis	 of	 the	 meropenem-resistant	 strain	 (R)	 revealed	 multiple	 metabolic	

pathways	predicted	to	be	significantly	altered	upon	treatment.	The	perturbation	of	O-antigen	

nucleotide	sugar	biosynthesis	suggests	potential	alterations	in	lipopolysaccharide	production,	

which	 may	 influence	 membrane	 integrity	 and	 immune	 evasion.504	 Changes	 in	

glycolysis/gluconeogenesis	and	fructose	and	mannose	metabolism	indicate	changes	in	central	
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carbon	 metabolism,	 possibly	 reflecting	 metabolic	 adaptations	 to	 antibiotic	 stress	 or	

compensatory	 mechanisms	 to	 maintain	 cellular	 energy	 homeostasis.60,163	 Additionally,	

peptidoglycan	biosynthesis	pathway	being	perturbed,	reflected	the	action	of	meropenem.505	

Taniborbactam	 appeared	 to	 have	 limited	 additional	 metabolic	 impact	 beyond	 its	 role	 in	

neutralizing	β-lactamase	activity.498	These	 findings	align	with	previous	studies,	which	show	

that	 β-lactamase	 inhibitors,	 including	 taniborbactam,	 primarily	 act	 through	 enzymatic	

inhibition	 and	 exhibit	 minimal	 off-target	 metabolic	 effects.506	 However,	 further	 studies	

comparing	pathway	enrichment	with	and	without	β-lactamase	inhibitors	in	resistant	strains	

are	needed	to	clarify	their	broader	metabolic	implications.	

While	these	results	confirm	the	known	role	of	taniborbactam	in	restoring	meropenem	efficacy,	

they	also	highlight	the	limited	impact	of	the	inhibitor	on	bacterial	metabolism.	The	similarity	

of	taniborbactam-treated	samples	to	vehicle	controls	emphasizes	the	specificity	of	inhibitor	for	

its	enzymatic	target	rather	than	broader	metabolic	pathways.	

These	 findings	 demonstrate	 the	 need	 for	 complementary	 strategies	 targeting	 metabolic	

vulnerabilities	 in	 resistant	 strains	 to	 enhance	 combination	 therapy	 efficacy.	 Specifically,	

pathways	altered	in	response	to	meropenem	or	combination	therapy,	such	as	peptidoglycan	

biosynthesis	in	resistant	strains,	could	serve	as	targets.	

6.2 Potential	combination	therapy	

Bacterial	energy	metabolism	plays	a	critical	role	in	survival	and	adaptation	under	stress,	yet	it	

remains	 an	 underexplored	 target	 in	 the	 fight	 against	 antibiotic	 resistance.94	 Disrupting	 or	

enhancing	 energy-related	 pathways	 offers	 an	 opportunity	 to	 develop	 novel	 combination	

therapies	that	potentiate	antibiotic	efficacy.45	The	approach	has	shown	potential	in	previous	

studies,	such	as	those	investigating	tuberculosis,	where	targeting	metabolic	vulnerabilities	has	

demonstrated	therapeutic	promise.491	

Building	on	the	hypothesis	that	bacterial	energy	metabolism	represents	a	potential	metabolic	

vulnerability,	this	section	investigates	whether	modulating	energy-related	pathways	can	alter	

antibiotic	activity	against	resistant	strains.	By	focusing	on	compounds	known	to	interfere	with	
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or	augment	bacterial	energy	metabolism,	the	aim	was	to	uncover	strategies	that	could	disrupt	

bacterial	homeostasis	to	improve	the	efficacy	of	existing	antibiotics.	

Three	 compounds	 were	 selected	 to	 perturb	 bacterial	 metabolism	 in	 different	 ways.	

Bedaquiline,	 an	 ATP	 synthase	 inhibitor,	 disrupts	 oxidative	 phosphorylation	 and	 ATP	

production,	 impairing	 bacterial	 energy	 balance.99	 2-deoxy-D-glucose	 (2-DG),	 a	 glycolysis	

inhibitor,	 interferes	 with	 ATP	 synthesis	 by	 targeting	 key	 enzymes	 in	 the	 glycolytic	

pathway.507,508	Glucose	supplementation,	in	contrast,	will	be	used	to	try	to	enhance	bacterial	

energy	 metabolism.509	 These	 compounds	 were	 separately	 combined	 with	 antibiotics	 and	

untargeted	metabolomics	performed	to	compared	across	the	E.	coli	strains	to	evaluate	their	

capability	 for	 modulating	 energy	 metabolism	 and	 investigating	 whether	 this	 was	 able	 to	

enhance	antibiotic	efficacy	against	the	resistant	strain	

 Bedaquiline	 shows	 inconsistent	 synergy	 with	 meropenem	 in	 targeting	

meropenem-resistant	E.	coli	

Bedaquiline,	 an	 FDA	 approved	 drug,	 targets	 bacterial	 ATP	 synthase,	 a	 critical	 enzyme	 in	

oxidative	phosphorylation.510	By	 impairing	ATP	production,	bedaquiline	can	disrupt	energy	

metabolism,	 an	 essential	 process	 for	 bacterial	 survival.	 While	 primarily	 used	 for	 treating	

drug-resistant	 Mycobacterium	 tuberculosis,	 its	 mechanism	 of	 action	 suggests	 its	 broader	

potential	for	targeting	energy	metabolism	as	a	therapeutic	strategy	against	antibiotic-resistant	

bacteria.	99,102	

The	rationale	for	exploring	bedaquiline	in	this	study	stemmed	from	the	recognition	of	energy	

metabolism	as	a	metabolic	vulnerability	in	resistant	E.	coli	strains.58	Previous	results	identified	

metabolites	 including	 sedoheptulose	 1-phosphate	 (linked	 to	 pentose	 phosphate	 pathway),	

glucose-1-phosphate	 (linked	 to	 glycolysis),	 and	 galactose	 metabolism,	 pentose	 phosphate	

pathway,	 and	 fructose	 and	 mannose	 metabolism,	 which	 are	 all	 associated	 with	 energy	

production,	could	be	exploited	as	vulnerabilities	in	antibiotic	resistant	strains.	154,330,344	Despite	

its	well-characterised	efficacy	against	Mycobacterium	tuberculosis,	the	effects	of	bedaquiline	

on	meropenem-resistant	E.	coli	strain,	specifically	those	harbouring	the	NDM-7	gene,	remained	
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unexplored.	Here	the	impact	of	bedaquiline,	both	as	standalone	treatment	and	in	combination	

with	 meropenem,	 was	 investigated	 to	 determine	 its	 potential	 for	 influencing	 carbapenem	

resistance.	

The	 hypothesis	 was	 proposed	 that	 bedaquiline	 would	 disrupt	 energy	 metabolism	 in	 the	

meropenem-resistant	 strain	 (R)	 and	 therefore	 potentially	 enhance	 meropenem	 treatment	

efficacy.	 Experiments	 to	 investigate	 this	 hypothesis	 were	 conducted	 exclusively	 on	 the	

meropenem-resistant	 strain	 (R)	 to	 uncover	 whether	 targeting	 bacterial	 energy	 generation	

provided	 synergistic	 therapeutic	 benefits.	 Focusing	 on	 the	 resistant	 strain	 allowed	 for	 an	

assessment	of	energy	metabolism	as	a	specific	resistance	target.	

6.2.1.1 Bedaquiline	combined	with	meropenem	provide	synergistic	antimicrobial	effects	

A	 checkerboard	 assay	 (Figure	6.15)	was	 conducted	 in	 a	 96-well	microplate	 format	 to	 test	

combinations	 of	 bedaquiline	 (1	 to	 32	 µg/mL)	 and	 meropenem	 (0.25	 to	 256	 µg/mL)	 on	 a	

meropenem-resistant	E.	 coli	 strain.	Rows	represented	serial	dilutions	of	meropenem,	while	

columns	 represented	 serial	 dilutions	 of	 bedaquiline,	 enabling	 a	matrix-based	 evaluation	 of	

potential	 synergistic	 effects.	 Wells	 containing	 0	 µg/mL	 meropenem	 tested	 the	 effect	 of	

bedaquiline	alone,	while	wells	with	0	µg/mL	bedaquiline	tested	the	effect	of	meropenem	alone.	

Cells	 were	 inoculated	 at	 an	 initial	 OD600	 of	 0.01	 and	 bacterial	 growth	was	measured	 after	

24	hours	 of	 incubation	 using	 optical	 density	 at	 600	 nm	 (OD600),	 providing	 a	 quantitative	

assessment	of	bacterial	viability	under	each	condition.	The	exposure	time	and	concentration	

ranges	were	consistent	with	those	used	in	earlier	inhibitor	checkerboard	assays,	allowing	for	

direct	comparison	across	experiments.	The	precipitation	of	bedaquiline	at	high	concentrations	

likely	 affected	 OD600	 readings	 slightly,	 but	 it	 did	 not	 alter	 the	 overall	 growth	 trends	 or	

conclusions.	
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Figure	6.15	indicates	that	bedaquiline	alone	does	not	inhibit	growth	across	any	of	the	tested	

concentration.	 Meropenem	 alone	 completely	 inhibited	 growth	 at	 64	 μg/mL	 and	 higher,	

confirming	its	inhibitory	effect	at	these	concentrations.	When	bedaquiline	was	combined	with	

meropenem,	the	inhibitory	effect	of	meropenem	was	not	significantly	enhanced	across	most	

concentration	 combinations.	A	potential	 synergistic	 effect	was	noted	 at	 the	 combination	of	

16	µg/mL	meropenem	and	32	µg/mL	bedaquiline,	as	evidenced	by	reduced	bacterial	growth	

compared	 to	either	compound	alone.	However,	 this	 trend	was	not	consistent,	and	bacterial	

growth	re-emerged	at	higher	concentrations,	such	as	32	µg/mL	bedaquiline	combined	with	

32	µg/mL	meropenem.	

The	 initial	 checkerboard	 assay,	 which	 tested	 bedaquiline	 concentrations	 up	 to	 32	 μg/mL,	

showed	limited	and	inconsistent	growth	inhibition	and	suggested	only	marginal	synergy	when	

combined	with	meropenem.	However,	higher	bedaquiline	concentrations	might	exert	greater	

metabolic	stress	or	enhance	the	inhibitory	effects	of	meropenem.	To	explore	this	possibility,	a	

second	 checkerboard	 assay	 (Figure	 6.16)	 was	 conducted	 with	 increased	 bedaquiline	

Figure	6.15	A	checkerboard	assay	evaluating	the	synergistic	effects	of	meropenem	(rows)	and	bedaquiline	
(columns)	 on	 a	 meropenem-resistant	 E.	 coli	 strain.	 Rows	 represent	 serial	 dilutions	 of	 meropenem,	 with	
concentrations	 ranging	 from	 256	 μg/mL	 to	 0	 μg/mL.	 Columns	 represent	 serial	 dilutions	 of	 bedaquiline,	 with	
concentrations	ranging	 from	32	μg/mL	to	0	μg/mL.	Colour	 intensity	 indicates	bacterial	 growth,	with	 lighter	wells	
representing	greater	growth	inhibition.	

OD600=2  
(max growth)  

(no growth)  
OD600=0.2  
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concentrations,	 ranging	 from	 1	 to	 64	 µg/mL,	 while	 maintaining	 the	 serial	 dilutions	 of	

meropenem	 (0.25	 to	 256	 µg/mL).	 The	 experiment	 aimed	 to	 evaluate	 whether	 higher	

bedaquiline	concentrations	improve	its	standalone	efficacy	or	enhanced	its	 interaction	with	

meropenem.	

	

	

	

	

	

	

	

	

	

	

When	 combined	 with	 bedaquiline,	 meropenem	 showed	 evidence	 of	 increased	 bacterial	

susceptibility	 at	 specific	 concentrations.	 For	 instance,	 the	 combination	 of	 32	 µg/mL	

meropenem	with	32	µg/mL,	8	µg/mL,	and	4	µg/mL	bedaquiline	resulted	in	reduced	bacterial	

growth	 compared	 to	 either	 drug	 alone.	 However,	 this	 effect	 was	 inconsistent,	 as	 bacterial	

growth	 re-emerged	 at	 other	 combinations,	 particularly	 at	 32	 µg/mL	 meropenem	 with	

16	µg/mL,	and	64	µg/mL	bedaquiline	concentrations.	

These	 findings	 differ	 from	 the	 previous	 checkerboard	 assay	 (Figure	 6.15),	 where	 similar	

combinations	 showed	 limited	 or	 no	 enhancement	 in	 bacterial	 susceptibility.	 The	

inconsistencies	 observed	 between	 the	 two	 assays	 may	 reflect	 experimental	 variability	 or	

differences	 in	 how	 bacterial	 cells	 respond	 to	 bedaquiline.	 The	 re-emergence	 of	 bacterial	

Figure	6.16	Checkerboard	assay	evaluating	the	effects	of	higher	bedaquiline	concentrations	combined	with	
meropenem	on	meropenem-resistant	E.	coli.	A	checkerboard	assay	displaying	the	effects	of	bedaquiline	(columns,	
64	to	1	µg/mL)	and	meropenem	(rows,	256	to	0.25	µg/mL)	on	bacterial	growth	after	24	hours	of	incubation.	Wells	
containing	 0	 µg/mL	 meropenem	 tested	 bedaquiline	 alone,	 while	 wells	 containing	 0	 µg/mL	 bedaquiline	 tested	
meropenem	alone.	Colour	 intensity	 correlates	with	bacterial	 growth,	with	 lighter	wells	 indicating	greater	growth	
inhibition.	

OD600=2  
(max growth)  

(no growth)  
OD600=0.2  
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growth	at	certain	combinations	could	indicate	a	concentration-dependent	threshold,	beyond	

which	 the	 interaction	 between	 the	 two	 drugs	 becomes	 less	 effective	 or	 is	 influenced	 by	

additional	factors,	such	as	stability	and	solubility	of	bedaquiline,	and	metabolic	compensation	

mechanisms.	

The	results	suggested	a	potential	synergistic	interaction	between	bedaquiline	and	meropenem	

at	specific	concentration	combinations,	but	the	inconsistent	effects	of	bedaquiline	complicated	

definitive	conclusions.	One	possible	reason	for	the	inconsistency	was	that	inhibitory	effect	of	

bedaquiline	on	E.	coli	may	vary	depending	on	factors	such	as	physiological	state	of	the	bacterial	

population.511	Alternatively,	the	high	concentrations	of	bedaquiline	may	exert	stress	that	elicits	

variable	 bacterial	 responses,	 such	 as	 adaptive	 resistance	 mechanisms	 or	 heterogeneous	

metabolic	activity	within	the	population.	

6.2.1.1.1 Conclusion	

The	results	from	both	checkerboard	assays	indicated	that	bedaquiline	alone	did	not	reliably	

inhibit	E.	coli	growth	up	to	64	µg/mL.	When	combined	with	meropenem,	there	was	evidence	

of	a	potential	synergistic	effect	at	specific	concentrations,	such	as	32	µg/mL	meropenem	with	

32	µg/mL	 bedaquiline.	 However,	 this	 enhancement	 was	 inconsistent	 across	 assays	 and	

experimental	conditions,	with	variability	in	bacterial	responses.	The	observed	inconsistencies	

could	 be	 attributed	 to	 factors	 such	 as	 physiological	 heterogeneity	 in	 bacterial	 populations,	

differences	in	the	solubility	or	bioavailability	of	bedaquiline,	or	potential	interference	in	OD600	

measurements	 due	 to	 physical	 properties	 of	 the	 compound.512	 The	 findings	 suggested	 that	

while	bedaquiline	may	modestly	enhance	meropenem	activity	in	certain	conditions,	how	this	

works	in	E.	coli	remain	unclear.		

Future	studies	should	evaluate	alternative	experimental	designs,	such	as	pre-incubation	with	

bedaquiline	to	allow	metabolic	adaptation,	varying	exposure	times	to	assess	time-dependent	

effects,	 or	 testing	 additional	 concentration	 ranges.	 Comparing	 responses	 in	 resistant	 and	

non-resistant	strains	could	provide	further	insight	into	how	resistance	mechanisms	influence	

drug	synergy.	
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These	findings	also	underscore	the	challenges	of	targeting	bacterial	energy	metabolism	as	a	

therapeutic	 strategy.	While	 bedaquiline	 serves	 as	 a	 proof-of-concept	 for	 this	 approach,	 the	

inconsistent	 results	 of	 its	 synergy	with	meropenem	highlight	 the	 importance	of	 identifying	

compound	 synergies.	 Exploring	 alternative	 inhibitors	 of	 energy	 metabolism	 or	 optimizing	

combinations	with	meropenem	may	uncover	more	reliable	therapeutic	options	for	resistant	

bacterial	strains.	

 Exploration	 of	 2-deoxy-D-glucose	 targeting	 glycolysis	 to	 combat	 antibiotic	

resistance	

2-Deoxy-D-glucose	 (2-DG)	 is	 an	 inhibitor	 that	 disrupts	 bacterial	 energy	 metabolism	 by	

interfering	with	glycolysis,	a	critical	pathway	for	ATP	production	and	cellular	viability.513,514	

Seahorse-based	metabolic	analyses	(Chapter	5)	and	literature	have	demonstrated	that	2-DG	

effectively	suppresses	bacterial	metabolic	 function,	suggesting	 its	potential	as	a	 therapeutic	

agent.94	 However,	 its	 potential	 for	 synergistic	 interactions	 with	 antibiotics	 remains	

underexplored.	 To	 address	 this,	 the	 interaction	 between	 2-DG	 and	 meropenem	 was	

investigated	using	a	checkerboard	assay	to	assess	individual	and	combined	effects	on	bacterial	

growth.	The	aim	was	to	investigate	whether	glycolytic	inhibition	would	contribute	bacterial	

susceptibility	meropenem.		

6.2.2.1 Checkerboard	 assay	 reveals	 synergistic	 effects	 of	 2-deoxy-D-glucose	 and	 meropenem	

against	resistant	E.	coli	

The	 concentrations	 used	 for	 2-DG	 and	meropenem	 ranged	 from	 to	 0	μg/mL,	 to	 32	μg/mL,	

consistent	 with	 previous	 experiments	 involving	 taniborbactam	 and	 bedaquiline. While	

differences	 in	 molecular	 weight	 result	 in	 variation	 in	 molar	 concentrations,	 maintaining	

consistency	 in	 mass-based	 concentrations	 provides	 a	 practical	 framework	 for	 comparison	

under	identical	experimental	conditions.515	However,	it	is	acknowledged	that	binding	affinity	

plays	 a	 crucial	 role	 in	 the	 efficacy	 of	 inhibitors	 and	 should	 be	 considered	 alongside	

concentration	 when	 evaluating	 their	 therapeutical	 potential.	 This	 strategy	 ensures	 a	
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standardized	 framework	 for	 comparing	 metabolic	 modulators	 and	 inhibitors,	 enabling	 a	

systematic	exploration	of	therapeutic	potential	across	different	mechanisms	of	action.	

The	results	of	the	checkerboards	assay	are	presented	in	(Figure	6.17)	each	well	represents	a	

specific	 combination	 of	 2-DG	 and	 meropenem	 concentrations,	 with	 transparency	 if	 colour	

indicating	 bacterial	 growth	 inhibition.	 The	 observed	 inhibition	 patterns	 revealed	 a	

concentration-dependent	interaction	between	the	two	agents.	

	

	

	

	

	

	

	

	

	

	

The	results	indicated	that	2-DG	alone,	within	the	tested	concentration	range,	did	not	inhibit	

bacterial	 growth.	 Meropenem	 alone	 showed	 complete	 inhibition	 at	 its	 MIC	 of	 64	 μg/mL.	

However,	the	combination	of	2-DG	and	meropenem	demonstrated	enhanced	bacterial	growth	

inhibition.	 Specifically,	 from	 16	 μg/mL	 and	 above	 for	 2-DG	 and	 meropenem	 (32	 μg/mL	

meropenem	with	16	μg/mL	and	32	μg/mL	2-DG,	16	μg/mL	meropenem	with	32	μg/mL	2-DG),	

the	MIC	of	meropenem	is	reduced	suggesting	that	2-DG	enhanced	the	efficacy	of	meropenem.	

Notably,	the	combination	of	the	two	agents	results	in	substantial	inhibition	compared	to	either	

agent	alone,	suggesting	a	synergistic	effect.	

Figure	 6.17	 A	 checkerboard	 assay	 evaluating	 the	 interaction	between	meropenem	 ([AB],	 rows)	 and	2-DG	
([2-DG],	columns)	against	a	meropenem-resistant	E.	coli	strain.	Rows	represent	serial	dilutions	of	meropenem,	
ranging	from	256	μg/mL	to	0	μg/mL,	while	columns	represent	serial	dilutions	of	2-DG,	ranging	from	32	μg/mL	to	
0	μg/mL.	Colour	intensity	reflects	bacterial	growth,	with	lighter	wells	indicating	greater	growth	inhibition	and	darker	
wells	indicating	higher	bacterial	growth.	

OD600=2  
(max growth)  

(no growth)  
OD600=0.2  
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By	 impairing	 glycolysis,	 2-DG	 enhanced	 the	 efficacy	 of	meropenem,	 even	 against	 resistant	

strains.	Specifically,	synergy	was	observed	at	concentrations	of	32	µg/mL	meropenem	with	16	

and	32	µg/mL	2-DG,	 and	16	µg/mL	meropenem	with	32	µg/mL	2-DG.	These	 combinations	

inhibited	 bacterial	 growth	 at	 lower	 concentrations	 than	 meropenem	 alone	 at	 its	 MIC,	

underscoring	potential	of	2-DG	to	mitigate	antibiotic	resistance	through	metabolic	disruption.	

While	these	results	are	promising,	further	investigations	are	needed	to	elucidate	the	precise	

mechanisms	underlying	this	synergy.	Key	questions	remain,	 including	whether	2-DG	affects	

bacterial	energy	reserves,	interferes	with	metabolic	compensation	mechanisms,	or	indirectly	

influences	pathways	critical	for	survival	under	antibiotic	stress.	Additionally,	evaluating	effects	

of	2-DG	in	combination	with	meropenem	in	non-resistant	strains	and	across	a	broader	range	

of	conditions	would	provide	deeper	insights	into	its	mode	of	action	and	broader	applicability.	

Due	to	time	constraints	and	resource	availability,	these	additional	analyses	were	beyond	the	

scope	 of	 the	 current	 study.	 Future	 investigations	 could	 assess	 the	 clinical	 feasibility	 of	

incorporating	2-DG	into	combination	therapy	regimens.	Exploring	its	effects	in	more	complex	

bacterial	models,	such	as	biofilms	or	infection-relevant	conditions,	and	investigating	potential	

off-target	effects	may	provide	valuable	insights	into	its	safety	and	efficacy.	These	studies	could	

help	determine	whether	2-DG	has	practical	applications	in	mitigating	antibiotic	resistance	and	

enhancing	the	therapeutic	potential	of	existing	antibiotics.	

6.2.2.1.1 Conclusion	

The	checkerboard	assay	 results	 showed	a	 synergistic	effect	between	2-DG	and	meropenem	

against	 the	resistant	E.	coli	strain.	The	data	 indicated	 that	while	2-DG	alone	does	not	affect	

bacterial	growth,	its	combination	with	meropenem	lowers	the	MIC	of	meropenem,	highlighting	

its	potential	role	in	enhancing	antibiotic	efficacy.	The	synergistic	interaction	may	come	from	

documented	 ability	 of	 2-DG	 to	 disrupt	 bacterial	 energy	metabolism,	 sensitising	 the	 cells	 to	

meropenem.516	 These	 findings	 suggest	 further	 exploration	 of	 2-DG	 as	 an	 adjuvant	 in	

combination	therapy	approaches	to	combat	antibiotic	resistance	should	be	investigated.	
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 Stimulating	energy	metabolism	with	glucose	to	alter	antibiotic	susceptibility	in	

resistant	E.	coli		

In	contrast	to	strategies	aimed	at	suppressing	bacterial	energy	metabolism	investigated	above,	

an	 alternative	 approach	 was	 explored	 to	 try	 to	 enhance	 energy	 metabolism	 to	 potentiate	

antibiotic	 efficacy.	Dormant	 or	metabolically	 inactive	 bacterial	 cells	 often	 exhibit	 increased	

tolerance	 to	 antibiotics	 due	 to	 their	 reduced	 reliance	 on	 active	 metabolic	 processes.517	

Reactivating	bacteria	by	stimulating	energy	metabolism	has	been	proposed	as	a	strategy	to	

restore	their	susceptibility	to	antibiotics.113,518	

Although	meropenem-resistance	strains	are	not	necessarily	dormant,	the	broader	principle	of	

increasing	 bacterial	 energy	metabolism	 to	 influence	 antibiotic	 susceptibility	 was	 explored.	

Glucose,	an	important	substrate	in	bacterial	energy	metabolism,	was	selected	for	its	ability	to	

stimulate	pathways	such	as	glycolysis	and	central	carbon	metabolism,	which	are	critical	 for	

bacterial	energy	production.519	Previous	research	has	demonstrated	the	importance	of	central	

carbon	metabolism	in	bacterial	responses	to	antibiotics,	providing	a	rationale	for	investigating	

whether	stimulating	metabolic	activity	with	glucose	could	alter	bacterial	susceptibility.335		

6.2.3.1 	Seahorse	 analysis:	 Evaluating	 the	 impact	 of	 glucose	 supplementation	 on	 bacterial	

metabolism	

In	 order	 to	 assess	 whether	 glucose	 supplementation	 could	 modulate	 bacterial	 metabolic	

activity	 in	 meropenem-resistant	 (R)	 and	 meropenem-susceptible	 (S)	 E.	 coli	 strains,	 the	

Seahorse	metabolic	analyser	assay	(investigated	in	Chapter	5)	was	employed	to	monitor	OCR	

and	ECAR,	representing	readouts	for	oxidative	phosphorylation	and	glycolysis,	respectively.	

By	evaluating	changes	in	OCR	and	ECAR,	this	experiment	sought	to	determine	whether	glucose	

altered	 central	 metabolic	 pathways	 in	 bacteria,	 thereby	 enhancing	 bacterial	 energy	

metabolism,	and	whether	strain-specific	differences	in	energy	metabolism	were	observed.	

The	metabolic	 activity	 of	 meropenem-susceptible	 (S)	 and	meropenem-resistant	 (R)	 E.	 coli	

strains	were	both	monitored	under	two	conditions,	with	and	without	glucose	supplementation.	

In	this	experiment,	56	µl	of	2%	glucose	was	added	to	500	µl	of	the	bacterial	suspension	to	a	
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final	concentration	of	0.2%.520	The	susceptible	strain	(S)	exhibited	a	substantial	 increase	 in	

both	OCR	and	ECAR	following	glucose	addition,	reflecting	enhanced	oxidative	phosphorylation	

and	glycolytic	activity.	In	contrast,	the	resistant	strain	(R)	showed	minimal	changes	in	OCR	and	

a	 modest	 but	 consistent	 increase	 in	 ECAR.	 Seahorse	 metabolic	 analysis	 revealed	 different	

responses	 between	 the	 susceptible	 and	 resistant	 strains	 upon	 glucose	 supplementation	

(Figure	6.18).	

In	 the	 susceptible	 strain,	 glucose	 addition	 caused	 a	 sharp	 initial	 increase	 in	 ECAR,	 which	

continued	to	rise,	peaking	at	approximately	50	minutes,	before	gradually	declining,	as	shown	

in	 Figure	 6.19.	 The	 transient	 response	 indicates	 a	 temporary	 enhancement	 of	 glycolytic	

activity.	Conversely,	the	resistant	strain	exhibited	a	similar	initial	rise	in	ECAR	upon	glucose	

supplementation,	 followed	by	 a	 slight	 decrease,	 but	with	 levels	 stabilizing	 and	 showing	no	

further	reduction	throughout	the	observation	period.	These	findings	demonstrate	that	glucose	

supplementation	 activated	 glycolytic	 pathways	 in	 both	 strains,	 but	 with	 distinct	 temporal	

patterns	 that	 likely	 reflect	 differences	 in	 metabolic	 regulation	 and	 adaptive	 mechanisms	

between	the	susceptible	and	resistant	strains.	

Figure	 6.18	 OCR	 in	 meropenem-susceptible	 and	 meropenem-resistant	 E.	 coli	 with	 and	 without	 glucose	
supplementation.	 The	 graph	 depicts	 the	 OCR	 of	meropenem-susceptible	 (S)	 and	meropenem-resistant	 (R)	 E.	 coli	
strains	over	time,	measured	using	a	Seahorse	Analyser.	Glucose	supplementation	was	performed	by	adding	56	μL	of	
2%	glucose	to	500	μL	of	bacterial	suspension.	Error	bars	represent	the	standard	deviation	of	replicate	measurements.	
Biological	replicate	n=5.	
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The	 increase	 in	 ECAR	 in	 both	 strains	 following	 glucose	 supplementation	 demonstrates	

activation	of	glycolytic	pathways,	but	the	response	differed	between	strains.	In	the	susceptible	

strain	(S),	the	transient	spike	and	subsequent	decline	in	ECAR	suggest	that	the	bacteria	may	

have	efficiently	utilized	glucose	 to	 fuel	 central	 carbon	metabolism,	with	 reduced	activity	as	

metabolic	demands	were	met.	In	contrast,	the	sustained	ECAR	increase	in	the	resistant	strain	

(R)	 indicates	 prolonged	 glycolytic	 activity,	 potentially	 reflecting	 differences	 in	 metabolic	

regulation	or	energy	demands	between	the	two	strains.	These	findings	suggest	that	glucose	

can	activate	energy	metabolism	in	both	strains,	although	the	dynamics	of	this	activation	differ.	

6.2.3.2 Checkerboard	assays:	Evaluating	the	impact	of	glucose	on	meropenem	efficacy	

The	experiment	aimed	to	evaluate	the	 impact	of	glucose	supplementation	on	the	efficacy	of	

meropenem	against	meropenem-resistant	E.	coli	strain.	It	was	hypothesised	that	stimulating	

bacterial	metabolism	with	glucose	would	alter	antibiotic	susceptibility,	changing	the	MIC	of	

meropenem	 and	 demonstrating	 synergy	 between	 glucose	 and	 antibiotic	 susceptibility.	 A	

checkerboard	assay	was	conducted	to	systematically	evaluate	the	interaction	between	glucose	

and	meropenem	across	a	range	of	concentrations.	

Figure	 6.19	 ECAR	 in	meropenem-susceptible	 and	meropenem-resistant	 E.	 coli	 with	 and	 without	 glucose	
supplementation.	The	graph	illustrates	the	ECAR	of	meropenem-susceptible	(S)	and	meropenem-resistant	(R)	E.	coli	
strains	over	time,	measured	using	a	Seahorse	Analyser.	Glucose	supplementation	was	achieved	by	adding	56	μL	of	2%	
glucose	to	500	μL	of	bacterial	suspension.	Error	bars	represent	the	standard	deviation	of	replicate	measurements.	
Biological	replicate	n=5.	
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The	checkerboard	assay	combined	serial	dilutions	of	glucose	(32	to	0	µg/mL,	columns)	with	

meropenem	 (256	 to	 0	 µg/mL,	 rows).	 Bacterial	 growth	 was	 assessed	 after	 24	 hours	 of	

incubation,	with	growth	inhibition	visualized	by	changes	in	well	opacity	(Figure	6.20).	The	

results	showed	that	glucose	supplementation	did	not	reduce	the	MIC	of	meropenem;	instead,	

it	 appeared	 to	 increase	 bacterial	 growth	 at	 higher	 concentrations	 of	 glucose.	 Notably,	 at	

32	µg/mL	glucose	and	64	µg/mL	meropenem,	bacterial	growth	was	observed,	indicating	that	

glucose	enabled	the	resistant	strain	to	tolerate	inhibitory	effects	of	meropenem.	

	

	

	

	

	

	

	

The	 checkerboard	 assay	 indicated	 that	 glucose	 supplementation	 did	 not	 synergise	 with	

meropenem	 to	more	 effectively	 kill	 resistant	 bacteria	 but	 rather	 increased	 the	MIC	 of	 the	

antibiotic.	The	 results	 suggested	 that	glucose	enhanced	bacterial	 resistance	 to	meropenem.	

These	 findings	 may	 reflect	 the	 ability	 of	 glucose	 to	 fuel	 metabolic	 processes	 that	 support	

bacterial	survival	under	antibiotic	stress,	counteracting	the	inhibitory	effects	of	meropenem.	

The	results	provide	important	insights	as	they	experimentally	establish	a	relationship	between	

bacterial	 metabolism	 and	 antibiotic	 efficacy,	 demonstrating	 that	 modulation	 of	 energy	

metabolism	can	directly	 impact	meropenem	activity.	The	experiment	establishes	a	proof	of	

Figure	6.20	A	checkerboard	assay	evaluating	the	interaction	between	glucose	(columns)	and	meropenem	
(rows)	against	a	meropenem-resistant	E.	coli	strain.	Rows	represent	serial	dilutions	of	meropenem,	ranging	from	
256	μg/mL	to	0	μg/mL,	while	columns	represent	serial	dilutions	of	glucose,	ranging	from	64	μg/mL	to	0	μg/mL.	Colour	
intensity	 reflects	 bacterial	 growth,	 with	 lighter	 wells	 indicating	 greater	 inhibition	 of	 growth	 and	 darker	 wells	
indicating	higher	bacterial	growth.	

OD600=2  
(max growth)  

(no growth)  
OD600=0.2  
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concept	 that	 altering	 bacterial	 energy	 metabolism	 can	 influence	 antibiotic	 susceptibility,	

offering	 a	 foundation	 for	 further	 research	 into	 the	 therapeutic	 potential	 of	 metabolic	

stimulation.	Additionally,	 the	results	emphasize	 the	dual	potential	of	metabolic	modulation,	

where	stimulation	of	bacterial	metabolism	can	either	enhance	antibiotic	efficacy	or,	in	some	

cases,	 contribute	 to	 increased	 resistance.	 Given	 the	 observation	 that	 altered	 energy	

metabolism	impacts	antibiotic	activity,	future	experiments	should	explore	whether	reducing	

glucose	availability	further	enhances	meropenem	susceptibility	in	the	resistant	strain.		

6.3 Discussion	and	conclusion	

This	 chapter	 has	 explored	 the	 potential	 of	 targeting	 bacterial	 energy	 metabolism	 as	 a	

combination	therapy	strategy	to	enhance	the	efficacy	of	antibiotics	against	resistant	bacterial	

strains.	 	By	 investigating	 the	 antimicrobial	 activity	of	meropenem	alongside	 taniborbactam	

inhibitor,	 and	 metabolic	 modulators	 such	 as	 bedaquiline,	 2-DG,	 and	 glucose,	 the	 results	

collectively	provided	new	insights	into	the	complex	interplay	between	bacterial	metabolism	

and	 antibiotic	 action.	 The	 findings	 highlighted	 the	 promise	 of	 metabolic	 modulation	 as	 a	

complementary	therapeutic	strategy,	while	also	demonstrating	the	challenges	associated	with	

such	a	strategy.	

Taniborbactam	 was	 shown	 to	 be	 an	 effective	 β-lactamase	 inhibitor,	 restoring	 meropenem	

efficacy	 by	 neutralising	 NDM-7-mediated	 resistance.	 Unlike	 metabolic	 modulators,	 the	

targeted	 function	 of	 taniborbactam	 did	 not	 induce	 significant	 metabolic	 changes	 in	

meropenem-resistant	 E.	 coli	 strains.	 The	 observations	 highlighted	 its	 value	 as	 a	 direct	

resistance-targeting	agent;	however,	it	also	raises	concerns	about	the	potential	for	resistance	

to	develop	against	such	narrowly	focused	therapies,	emphasising	the	importance	of	combining	

taniborbactam	with	complementary	approaches	to	sustain	its	efficacy	over	time.521-523	

The	metabolic	modulators	 investigated	 in	 this	 study	 focused	 on	 targeting	 bacterial	 energy	

pathways	to	evaluate	their	potential	to	complement	antibiotic	treatment.	Bedaquiline,	an	ATP	

synthase	inhibitor,	is	known	to	disrupt	oxidative	phosphorylation	leading	to	impaired	bacterial	

viability	 in	 TB.	 However,	 its	 effects	 in	 resistant	 E.	 coli	 were	 inconsistent,	 with	 variability	



Chapter	6	

290	
 

observed	 across	 concentration	 combinations	 in	 the	 checkerboard	 assay.	 While	 certain	

combinations,	such	as	16	µg/mL	meropenem	with	32	µg/mL	bedaquiline,	showed	a	reduction	

in	 bacterial	 growth,	 these	 effects	 were	 not	 reproducible	 across	 all	 conditions.	 The	

inconsistency	 may	 reflect	 strain-specific	 metabolic	 conditions	 or	 differences	 in	 the	

physiological	 state	 of	 the	 bacterial	 population,	 or	 the	 bedaquiline	water	 solubility	 issue.511	

Despite	these	limitations,	the	findings	demonstrate	that	bedaquiline	may	have	the	potential	to	

enhance	antibiotic	activity	under	certain	conditions,	warranting	further	investigation	into	its	

mechanism	of	action	and	factors	influencing	its	efficacy.	

2-DG,	a	glycolysis	inhibitor,	showed	more	consistent	results,	enhancing	meropenem	efficacy	

by	reducing	the	MIC	of	meropenem	when	combined.	The	checkerboard	assay	revealed	clear	

synergy	 at	 specific	 concentration	 combinations,	 such	 as	 32	 µg/mL	meropenem	with	 16	 or	

32	µg/mL	2-DG.	The	result	demonstrates	the	potential	of	glycolytic	inhibition	as	a	therapeutic	

strategy	to	disrupt	bacterial	energy	metabolism	and	sensitize	resistant	strains	to	antibiotics.	

However,	 the	 specific	mechanisms	driving	 this	 synergy,	whether	 through	depletion	 of	ATP	

reserves,	disruption	of	compensatory	metabolic	pathways,	or	other	effects,	remain	unclear	and	

require	further	exploration.		

In	 contrast	 to	 these	 strategies	 aimed	 at	 suppressing	 bacterial	 energy	metabolism,	 glucose	

supplementation	was	investigated	for	its	potential	to	enhance	metabolic	activity	and	influence	

antibiotic	 susceptibility.	 Seahorse	 analysis	 revealed	 that	 glucose	 transiently	 increased	

glycolytic	activity	(ECAR)	in	the	susceptible	strain,	while	the	resistant	strain	exhibited	a	more	

sustained	ECAR	 response.	These	differences	may	 reflect	 variations	 in	metabolic	 regulation,	

with	 the	 resistant	 strain	 potentially	 activating	 adaptive	mechanisms	 to	maintain	metabolic	

homeostasis.	However,	the	checkerboard	assay	indicated	that	glucose	supplementation	did	not	

synergize	 with	 meropenem;	 instead,	 it	 increased	 bacterial	 resistance,	 as	 evidenced	 by	 an	

increase	 in	 the	MIC	 of	meropenem	 in	 the	 presence	 of	 glucose.	 The	 finding	 suggested	 that	

metabolic	stimulation	may	enhance	bacterial	survival	under	antibiotic	stress,	highlighting	the	

complex	 interplay	 between	 metabolic	 activity	 and	 antibiotic	 efficacy.495,524	 The	 broader	
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implication	 of	 this	 result	 is	 that	 dietary	 or	 environmental	 factors	 influencing	 bacterial	

metabolism	could	impact	therapeutic	outcomes,	emphasizing	the	importance	of	considering	

metabolic	state	of	the	host	and	pathogen	when	designing	treatment	strategies.525,526	

Collectively,	these	findings	establish	that	bacterial	energy	metabolism	directly	influences	the	

efficacy	 of	 antibiotics,	 offering	 proof	 of	 concept	 for	 targeting	 metabolic	 pathways	 as	 a	

combination	 therapy	 strategy.	 The	 ability	 of	 taniborbactam	 to	 restore	meropenem	 activity	

illustrates	the	value	of	targeting	resistance	mechanisms	directly,	while	the	experiments	with	

bedaquiline	and	2-DG	demonstrate	the	potential	of	metabolic	disruption	to	enhance	antibiotic	

activity.	 However,	 the	 variability	 observed	 with	 bedaquiline	 and	 glucose	 highlights	 the	

complexity	 of	 bacterial	 metabolic	 regulation,	 suggesting	 that	 strain-specific	 factors	 and	

metabolic	conditions	substantially	influence	the	efficacy	of	these	approaches.	

Future	investigations	may	benefit	from	addressing	several	key	areas	to	expand	on	the	findings	

in	this	chapter.	For	example,	to	explore	whether	prolonged	exposure	to	metabolic	modulators	

or	 pre-treatment	 regimens	 enhances	 their	 impact	 on	 antibiotic	 efficacy.	 Additionally,	

validating	these	strategies	in	vivo	is	crucial	to	determine	their	therapeutic	potential	and	safety	

in	clinically	relevant	settings.	Broader	compound	screening	targeting	other	primary	metabolic	

pathways,	 such	 as	 the	 TCA	 cycle	 or	 nucleotide	 biosynthesis,	 could	 identify	 more	 robust	

modulators	for	combination	therapies	by	disrupting	essential	processes	critical	for	bacterial	

survival,	 reducing	 the	 likelihood	 of	 resistance	 development,	 and	 enhancing	 the	 efficacy	 of	

existing	 antibiotics.	 Finally,	 in	 the	 longer	 term	 integrating	 metabolic	 modulators	 with	

antibiotics	 in	 clinically	 relevant	 combinations	 should	 be	 performed	 to	 optimise	 dosing	

regimens	while	minimising	resistance	development.	

While	 taniborbactam	 demonstrated	 unparalleled	 efficacy	 in	 restoring	 antibiotic	 activity	

against	resistant	strains,	the	experiments	with	metabolic	modulators	such	as	bedaquiline,	2-DG,	

and	 glucose	 highlighted	 the	 potential	 of	 targeting	 bacterial	 energy	 metabolism	 as	 a	

complementary	approach.	These	findings	provide	a	foundation	for	future	investigations	into	

metabolic	vulnerabilities	as	therapeutic	targets,	offering	a	pathway	toward	novel	strategies	to	
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overcome	resistance	and	antibiotic	 tolerance.	Although	challenges	remain,	 the	results	show	

the	promise	of	combing	metabolic	modulation	with	conventional	antibiotics	help	combat	the	

growing	threat	of	antimicrobial	resistance.
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Chapter	7 Thesis	discussion	and	conclusions	

7.1 Summary	of	findings	and	their	implications	

This	 thesis	 has	 explored	 the	 metabolic	 underpinnings	 of	 AMR	 in	 E.	 coli,	 with	 a	 focus	 on	

uncovering	and	 investigating	metabolic	vulnerabilities	 that	could	provide	novel	 therapeutic	

strategies.	Through	comprehensive	investigations	using	metabolomics,	live-cell	analysis,	and	

combination	therapy	approaches,	the	findings	have	provided	new	insights	into	the	interplay	

between	bacterial	metabolism	and	antibiotic	 resistance,	 offering	potential	 targets	 for	novel	

therapeutic	 strategies.	 This	 chapter	 integrates	 the	 findings	 across	 the	 result	 chapters,	

discussing	 how	 they	 come	 together	 in	 contributing	 to	 knowledge	 in	 the	 field,	 and	 their	

implications	 for	 what	 future	 therapeutic	 strategies	 could	 be	 developed	 to	 address	 the	

challenges	posed	by	AMR.	

 Metabolic	adaptations	underpinning	resistance	

The	 results	 presented	 in	 Chapter	 3,	 after	 developing	 biological	 models	 and	 validating	 a	

metabolomics	approach,	demonstrated	metabolic	changes	associated	with	the	introduction	of	

the	pCR2.1	plasmid	and	the	NDM-7	gene	in	E.	coli.	These	findings	demonstrated	clearly	that	

altered	 metabolism	 was	 linked	 directly	 to	 the	 presence	 of	 resistance.	 Functional	 analysis	

predicted	alterations	in	nucleotide	metabolism,	amino	acid	biosynthesis,	and	central	carbon	

metabolism,	including	glycolysis	and	the	TCA	cycle.	Pathways,	essential	for	energy	production	

and	biomass	 synthesis,	were	notably	affected,	 likely	 reflecting	an	energy	and	 resource	 cost	

imposed	 by	 resistance.	 Specifically,	 elevated	 levels	 of	 fructose	 6-phosphate	 and	

sedoheptulose	1-phosphate	 in	 resistant	 strains	highlighted	 the	reprogramming	of	glycolytic	

and	pentose	phosphate	pathways,	while	changes	in	nucleotide	biosynthesis	intermediates	such	

as	dCTP	suggested	a	significant	metabolic	burden	on	cell	cycle	and/or	signalling.	Additionally,	

the	 observed	 metabolic	 changes	 emphasised	 that	 resistant	 cells	 may	 acquire	 a	 metabolic	

burden	associated	with	plasmid-borne	resistance.	Pathways	related	to	nucleotide	biosynthesis,	

sugar	metabolism,	and	oxidative	stress	management	were	identified	as	potential	therapeutic	
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targets	to	counteract	this	metabolic	burden.	It	is	recommended	that	future	strategies	should	

include	targeting	these	pathways	initially	by	enzyme	inhibition,	such	as	blocking	specific	steps	

in	nucleotide	biosynthesis	or	oxidative	phosphorylation,	to	undermine	the	fitness	of	resistant	

strains	under	subsequent	antibiotic	pressure.	The	findings	therefore	set	the	stage	for	further	

investigation	 into	metabolic	 vulnerabilities	 that	 could	 inform	 the	 development	 of	 targeted	

interventions	against	AMR.	

 Metabolic	changes	 in	wild-type	and	meropenem-susceptible	strain	vs.	 stability	

and	vulnerabilities	in	meropenem-resistant	E.	coli	

In	 Chapter	 4,	 the	 metabolic	 responses	 of	 wild-type,	 meropenem-susceptible,	 and	

meropenem-resistant	strains	to	meropenem	exposure	were	investigated.	The	wild-type	and	

meropenem-susceptible	 strains	 exhibited	 extensive	 metabolic	 reprogramming	 under	

sub-lethal	 concentrations	 of	 meropenem.	 Metabolic	 pathways	 including	 nucleotide	

metabolism,	glycerophospholipid	metabolism,	and	peptidoglycan	biosynthesis	were	impacted,	

revealing	intense	response	as	part	of	the	cost	of	meropenem	exposure.		

In	contrast,	the	meropenem-resistant	strain	displayed	much	less	metabolic	change	in	terms	of	

altered	profiles	between	 treated	and	untreated	conditions	at	 sub-lethal	doses.	The	stability	

attributed	to	the	effective	hydrolysis	of	meropenem	by	the	presence	of	the	NDM-7	enzyme,	a	

metallo-β-lactamase	that	deactivates	the	antibiotic	by	cleaving	its	β-lactam	ring.	Comparisons	

between	the	meropenem-susceptible	and	meropenem-resistant	strains	indicated	differences	

in	pathways	such	as	histidine	metabolism,	pyrimidine	metabolism,	O-antigen	nucleotide	sugar	

biosynthesis,	peptidoglycan	biosynthesis,	polyketide	sugar	unit	biosynthesis,	and	amino	sugar	

and	nucleotide	sugar	metabolism.	These	findings	reflect	distinct	metabolic	adaptations	in	the	

resistant	strain	that	may	support	its	survival	under	antibiotic	exposure.		

At	MIC	concentrations	of	the	antibiotic	(16	μg/mL),	the	meropenem-resistant	strain	exhibited	

notable	changes	in	pathways	related	to	oxidative	stress	management,	energy	homeostasis,	and	

nucleotide	 biosynthesis.	 Functional	 analysis	 revealed	 significant	 alterations	 in	 pathways	

including	 purine	 metabolism,	 chlorocyclohexane	 and	 chlorobenzene	 degradation,	
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phenylalanine,	 tyrosine,	 and	 tryptophan	 biosynthesis,	 biosynthesis	 of	 siderophore	 group	

nonribosomal	peptides,	and	novobiocin	biosynthesis.		

These	findings	show	that	while	the	meropenem-resistant	strain	maintains	metabolic	stability	

at	 sub-lethal	 does,	MIC	 conditions	 imposed	 substantial	 physiological	 stress,	manifesting	 in	

changes	in	energy	homeostasis	and	oxidative	stress	management.		

 Challenges	 and	 insights	 in	 the	 analysis	 of	 energy	 metabolism	 in	

meropenem-susceptible	 and	 meropenem-resistant	 E.	 coli:	 Adapting	

mammalian-centric	tools	for	bacterial	systems	

Chapter	 5	 pursued	 the	 findings	 from	 untargeted	 metabolomics	 experiments	 that	 revealed	

energy	metabolism	changes	in	the	resistant	compared	to	non-resistant	strains.	To	support	and	

extend	 this	observation,	 global	 changes	 in	energy	metabolism	were	 investigated	across	 the	

E.	coli	 strains	using	 independent	 assays	by	 employing	 live	 cell	metabolism	analysis	using	 a	

Seahorse	 XF	 Analyser	 and	 ATP	 production	 quantification	 using	 the	 BacTiter-GloTM	

bioluminometric	 cell	 viability	 assays.	 These	 independent	 methodologies	 confirmed	

bioenergetic	 differences	 between	meropenem-susceptible	 and	meropenem-resistant	E.	 coli	

strains	 via	 oxygen	 consumption,	 extracellular	 acidification	 and	 ATP	 measurements	 but	

highlighted	major	methodological	challenges	in	translating	the	various	assays	developed	for	

mammalian	systems	involving	ETC	and	mitochondrial	inhibitors.	For	example,	the	Seahorse	XF	

Analyser	 was	 employed	 to	 measure	 OCR	 and	 ECAR,	 providing	 a	 real-time	 assessment	 of	

oxidative	phosphorylation	 and	 glycolytic	 activity	 in	 live	 bacterial	 cells.	However,	 inhibitors	

such	as	oligomycin,	rotenone,	and	antimycin	A,	commonly	used	in	eukaryotic	systems,	showed	

limited	 effectiveness	 in	 bacterial	 cells,	 presumably	 due	 to	 branched	 ETC	 and	 metabolic	

flexibility	 in	E.	 coli.	 These	 limitations	hindered	 the	ability	of	 Seahorse	assay	 to	 fully	 inhibit	

bacterial	ETC	components	and	accurately	capture	glycolytic	compensatory	responses.		

Optimisation	 efforts	 focused	 on	 modifying	 cell	 adhesion	 protocols,	 seeding	 densities,	 and	

normalisation	techniques	to	accommodate	bacterial	physiology.	Despite	these	improvements,	

substantial	limitations	remained.	Some	strain-specific	differences	were	observed,	such	as	an	
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elevated	 baseline	OCR	 in	 the	meropenem-resistant	 strain,	which	 reflected	 higher	 oxidative	

activity.	 Every	 assay	 result	 emphasised	 the	 need	 for	 the	 development	 of	 bacterial-specific	

inhibitors	and	protocols	to	study	bacteria	bioenergetics	more	effectively	using	the	Seahorse	

system.		

The	BacTiter-GloTM	ATP	assay	provided	complementary	insights	by	quantifying	differences	in	

ATP	levels	under	defined	conditions.	Resistant	strains	consistently	demonstrated	lower	ATP	

levels,	 even	 under	 antibiotic	 exposure.	 However,	 the	 interpretation	 of	 the	 result	 was	

Challenging.	

Key	challenges	identified	during	these	experiments	included	the	inherit	differences	in	bacterial	

and	mammalian	bioenergetics,	the	structural	diversity	of	bacterial	ETC	components,	and	the	

limited	 application	 of	 mammalian	 derived	 inhibitors.	 Future	 studies	 should	 prioritise	 the	

development	 of	 bacterial-specific	 inhibitors,	 recalibration	 of	 assay	parameters	 such	 as	P/O	

ratios,	 and	 incorporation	 of	 complementary	 techniques	 like	 metabolomics	 and	 direct	

measurement	 of	 fermentation	 by-produce	 to	 achieve	 a	 comprehensive	 understanding	 of	

bacterial	energy	metabolism.	

In	summary,	while	the	Seahorse	XF	Analyser	provided	valuable	baseline	data	on	OCR	and	ECAR	

and	 highlighted	 strain-specific	 metabolic	 activity,	 the	 current	 form	 of	 the	 various	 assays	

developed	to	investigate	energy	metabolism	in	eukaryotic	systems	does	not	translate	easily	to	

prokaryotes	and	requires	extensive	development	work.	The	BacTiter-GloTM	cell	viability	assay	

demonstrated	high	reliability	in	quantifying	ATP	levels	and	emphasised	potential	difference	in	

ATP	production	between	strains.	However,	the	assay	only	captures	the	overall	energetic	status	

at	a	single	time	point	rather	than	capturing	dynamic	changes	in	energy	metabolism.	Together,	

the	 results	 from	 this	 chapter	 provided	 the	 groundwork	 for	 future	 adaptation	 of	 real-time	

metabolic	 analysis	 tools	 for	 bacterial	 systems,	 offering	 potential	 to	 uncover	 metabolic	

vulnerabilities	and	inform	novel	therapeutic	strategies	targeting	energy	metabolism	in	AMR.		
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 Targeting	 bacterial	 energy	 metabolism:	 Exploring	 taniborbactam,	 metabolic	

modulators,	and	nutrient	influences	in	combating	carbapenem	resistance.	

Having	established	energy	metabolism	as	a	potential	 target,	Chapter	6	reports	experiments	

designed	 to	 explore	 modulating	 bacterial	 energy	 metabolism	 as	 a	 combination	 therapy	

strategy.	Untargeted	metabolomics	was	employed	to	investigate	the	effect	of	taniborbactam	(a	

novel	metalloβlactamase	inhibitor),	both	alone	and	in	combination	with,	meropenem,	with	the	

aim	 of	 altering	 antibiotic	 susceptibility	 in	 ways	 that	 could	 be	 targeted	 therapeutically.	

Taniborbactam,	 effectively	 restored	 meropenem	 activity	 by	 neutralising	 NDM-7	 mediated	

resistance	without	 inducing	 significant	metabolic	 changes.	 No	 specific	metabolic	 pathways	

were	linked	to	the	increased	susceptibility	associated	with	taniborbactam	treatment;	however,	

these	 findings	 validate	 taniborbactam	 as	 a	 highly	 potent	 carbapenem	 resistance-targeting	

agent,	 demonstrating	 its	 potential	 for	 combatting	metallo-β-lactamase-driven	 antimicrobial	

resistance	effectively.		

The	investigation	of	potential	metabolic	modulators,	including	bedaquiline	and	2-DG,	revealed	

variable	synergy	with	meropenem	for	inhibiting	the	growth	of	the	meropenem-resistant	E.	coli	

strain.	The	effect	of	bedaquiline	appeared	to	depend	on	experimental	conditions,	potentially	

influenced	 by	 factors	 such	 as	 bacterial	 metabolic	 states,	 environmental	 conditions,	 or	 its	

physiochemical	properties.	As	 a	hydrophobic	 compound,	bedaquiline	has	poor	 solubility	 in	

aqueous	media,	may	 have	 contributed	 to	 inconsistencies	 that	were	 observed	 in	 its	 effects,	

highlighting	 the	 importance	of	optimised	handling	protocols.	 In	 contrast,	2-DG	consistently	

reduced	 the	MIC	of	meropenem	by	 targeting	glycolysis,	 disrupting	energy	metabolism,	 and	

weakening	 bacterial	 AMR.	 These	 findings	 suggest	 that	 while	 bedaquiline	 may	 have	

context-dependent	applications,	2-DG	holds	promise	as	a	candidate	for	combination	therapy	

due	to	the	reproducible	effects	observed	with	meropenem.	

Further	 experiments	 showed	 that	 an	 increase	 in	 glucose	 concentration	 correlated	 with	 a	

higher	MIC	for	meropenem,	demonstrating	a	positive	relationship	between	glucose	levels	and	

enhanced	resistance.	This	observation	suggested	that	elevated	glucose	availability	enhanced	
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bacterial	 metabolic	 capacity,	 potentially	 supporting	 resistance	 mechanisms	 by	 providing	

additional	energy	and	resources	for	cellular	processes	such	as	efflux	pump	activity,	cell	wall	

biosynthesis,	 or	 stress	 response	 pathways.	 These	 findings	 emphasise	 the	 dual	 nature	 of	

metabolic	modulation	as	a	complementary	therapeutic	approach,	offering	the	potential	for	use	

to	enhance	antibiotic	activity	but	recognises	challenges	to	be	overcome.	

The	 relationship	 between	 glucose	 levels	 and	 resistance	 highlights	 the	 broader	 influence	 of	

metabolic	state	and	nutrient	availability	on	bacterial	adaptation	and	antibiotic	efficacy.	 In	a	

clinical	 context,	 hyperglycaemia	 or	 high	 dietary	 glucose	 intake	 could	 potentially	 impact	

treatment	outcomes	by	inadvertently	supporting	bacterial	resistance	for	example.	Conversely,	

controlling	 host	 metabolic	 states	 or	 modulating	 nutrient	 environments	 may	 enhance	 the	

effectiveness	of	some	antibiotics.	

Further	research	is	needed	to	explore	the	interplay	between	diet,	host	metabolic	conditions,	

and	bacterial	resistance.	Nevertheless,	the	findings	presented	support	the	idea	of	personalised	

therapeutic	strategies	that	 integrate	metabolic	modulation,	such	as	dietary	 interventions	or	

targeted	 metabolic	 inhibitors,	 as	 having	 potential	 for	 providing	 new	 avenues	 to	 improve	

antibiotic	efficacy	and	combat	AMR.	

7.2 Addressing	objectives	

The	 objectives	 of	 this	 thesis	 outlined	 in	 the	 introduction,	 centred	 around	 exploring	 the	

metabolic	costs	of	resistance,	 the	 interplay	between	genetic	and	metabolic	adaptations,	and	

determining	strategies	for	targeting	these	in	the	context	of	the	need	for	innovative	therapeutic	

strategies	 to	 overcome	 AMR.	 Results	 from	 untargeted	 metabolomics,	 and	 complementary	

approaches,	established	specific	changes	in	metabolism	linked	to	both	resistance	and	antibiotic	

treatment.	Metabolic	pathway	analysis	provided	functional	insights	into	the	way	in	which	the	

E.	coli	strains	responded	to	resistance	and	treatment,	and	thereby	offered	areas	of	metabolism	

as	potential	therapeutic	targets.	These	functional	changes	were	found	to	affect	multiple	areas	

of	cell	 function	centred	on	nucleotide	metabolism,	oxidative	stress	management	and	energy	

metabolism.	Further	studies	revealed	that	modulating	energy	metabolism	in	resistant	strains,	
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using	 a	 range	 of	 inhibitors	 and	 dietary	 supplementation,	 altered	MICs	 alongside	 antibiotic	

treatment.		

The	 investigation	 of	 co-therapy	 strategies	 further	 addressed	 the	 challenge	 of	 enhancing	

antibiotic	efficacy.	By	exploring	metabolic	modulators	in	combination	with	antibiotics,	results	

from	 these	 experiments	 offered	 a	 proof	 of	 concept	 for	 disrupting	 metabolic	 resilience	 to	

enhance	antibiotic	efficacy	and	a	way	to	address	the	challenge	of	limited	therapeutic	options	

available	in	many	cases.	Targeting	these	as	metabolic	vulnerabilities	offers	a	potential	avenue	

for	 therapeutic	 testing,	 potentially	 enabling	 the	 disruption	 of	 metabolic	 stability	 and	 the	

restoration	of	antibiotic	 susceptibility.	Testing	 these	 in	depth	was	beyond	 the	scope	of	 this	

thesis	but	is	a	recommended	future	direction.	

In	 addressing	 these	 objectives,	 it	 is	 also	 important	 to	 reflect	 on	 the	 limitations	 of	 the	

experimental	model	used.	This	study	employed	the	use	of	a	single	lab-adapted	strain	with	one	

high-copy	 number	 plasmid	 which	 does	 not	 fully	 represent	 the	 genotypic	 and	 phenotypic	

diversity	found	in	clinical	pathogenic	E.	coli.	Alternative	strains	or	the	use	of	different	plasmids	

with	varied	replication	origins	and	copy	numbers,	may	show	distinct	metabolic	adaptations	

and	could	be	explored	in	future	work	to	validate	and	extend	these	findings.	

Nonetheless,	the	model	used	in	this	thesis	provides	a	controlled	and	reproducible	framework	

for	 systematically	 dissecting	 the	 metabolic	 consequences	 of	 resistance	 gene	 carriage	 and	

antibiotic	 exposure.	 The	 consistency	 of	 the	 observed	 metabolic	 changes,	 particularly	 in	

nucleotide	metabolism,	oxidative	stress	management,	and	energy	homeostasis,	suggests	these	

pathways	may	represent	metabolic	vulnerabilities	worth	 investigating	across	E.	coli	strains.	

These	findings	lay	the	foundation	for	translational	studies	in	clinically	relevant	backgrounds	

and	 emphasise	 the	 importance	 of	 accounting	 for	 metabolic	 cost	 and	 plasticity	 in	 the	

development	of	resistance-targeting	therapies.	

7.3 Broader	implications	for	the	field	

This	 study	 contributes	 to	 the	 field	 of	 AMR	 research	 by	 providing	 a	 detailed	 metabolic	

perspective	 that	 complements	existing	genetic	and	proteomic	 insights.	The	genetic	 insights	
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include	the	use	of	the	NDM-7	gene,	carried	on	the	pCR2.1	plasmid,	which	confers	resistance	by	

encoding	the	metallo-β-lactamase	enzyme.	Proteomic	insights	highlight	the	role	of	this	enzyme,	

NDM-7,	 in	 hydrolysing	 carbapenems	 and	 driving	 resistance	 in	 the	E.	 coli	 DH5α	 strain.	 The	

metabolomics	findings	presented	bridge	critical	gaps	in	understanding	how	resistant	strains	

sustain	viability	under	antibiotic	pressure,	emphasising	the	role	of	metabolism	as	an	important	

factor	 in	whole	 organism	 resistance	mechanisms.	 By	 focusing	 on	metabolic	 pathways,	 this	

research	highlighted	opportunities	to	exploit	bacterial	vulnerabilities	for	therapeutic	gain.	

The	 insights	 gained	 from	 studying	 bacterial	metabolism	 extended	 beyond	 their	 immediate	

relevance	to	AMR	and	provide	actionable	strategies	for	combating	resistance.	Understanding	

how	metabolism	 supports	 resistance	mechanisms	 can	 guide	 the	 design	 of	 next-generation	

antibiotics	and	combination	 therapies	 targeting	key	metabolic	vulnerabilities.	Based	on	 the	

findings,	glycolysis	and	the	pentose	phosphate	pathway	emerge	as	promising	targets,	as	they	

are	essential	for	energy	production	and	nucleotide	biosynthesis	required	to	sustain	resistance	

mechanisms.	For	example,	inhibitors	such	as	2-DG,	which	disrupt	glycolysis,	could	be	used	to	

weaken	bacterial	resilience	and	enhance	the	efficacy	of	existing	antibiotics.	

In	addition,	targeting	the	bacterial	ETC	could	further	impair	energy	metabolism,	undermining	

resistance.	 Drugs	 such	 as	 bedaquiline,	 which	 inhibit	 ATP	 synthase	 in	 some	 bacteria,	

demonstrate	the	feasibility	of	this	approach.	The	rationale	for	focusing	on	the	ETC	lies	in	its	

critical	role	 in	maintaining	energy	homeostasis	under	stress	conditions,	 including	antibiotic	

exposure.	A	key	principle	behind	the	potential	efficacy	of	this	approach	was	highlighted	by	the	

results	 in	 Chapter	 6	 which	 showed	 that	 the	 structural	 specificity	 of	 enzymes	 involved	 in	

bacterial	and	mammalian	ETCs	are	very	different,	providing	potential	to	target	one	without	

compromising	 the	 other.	 Studies	 have	 also	 explored	 other	 ETC	 inhibitors,	 such	 as	

phenothiazines,	which	could	be	considered	for	further	development.527		

Modulating	 the	 metabolic	 environment	 could	 offer	 complementary	 strategies.	 Depleting	

glucose	or	shifting	bacterial	metabolism	toward	less	efficient	energy	substrates	might	reduce	

the	 metabolic	 capacity	 required	 for	 resistance.	 Conversely,	 the	 selective	 enhancement	 of	
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alternative	substrates	in	combination	with	inhibitors	of	key	pathways	could	be	used	to	amplify	

metabolic	disruption.	Such	approaches	would	benefit	from	tailoring	to	the	specific	metabolic	

state	of	the	infection,	guided	by	diagnostic	tools.	

The	 identification	 of	 metabolic	 biomarkers	 through	 studies	 like	 these	 could	 also	 enhance	

diagnostic	 precision,	 enabling	 the	 rapid	 detection	 of	 resistant	 infections	 and	 facilitating	

personalised	treatment	strategies.528		For	example,	biomarkers	associated	with	pathways	like	

nucleotide	 biosynthesis	 or	 oxidative	 stress	 responses	 could	 provide	 real-time	 insight	 into	

bacterial	 susceptibility.	 Furthermore,	 studying	 bacterial	 responses	 to	 antibiotics	 across	

diverse	environmental	conditions,	such	as	varying	nutrient	levels	or	host	metabolic	states,	may	

be	used	 to	 inform	strategies	 for	optimising	antibiotic	use	 in	various	clinical	 settings.	These	

insights	collectively	support	the	development	of	metabolic-targeted	therapies	and	diagnostic	

tools	to	advance	the	fight	against	AMR	in	both	hospital	and	community	settings.		

7.4 Future	directions	

To	build	on	 the	 findings	of	 this	 thesis,	 future	research	should	aim	to	validate	 the	 identified	

metabolic	targets	and	pathways	in	vivo	or	in	other	clinically	relevant	models.	This	validation	

is	 critical	 for	 translating	 the	 metabolic	 insights	 from	 this	 thesis	 into	 practical	 therapeutic	

applications.	Specifically,	pathways	such	as	glycolysis,	 the	pentose	phosphate	pathway,	and	

nucleotide	 biosynthesis	 should	 be	 further	 validated	 as	 targets	 for	 disrupting	 bacterial	

resistance	mechanisms.	For	 instance,	purine	biosynthesis	 inhibitors	 like	mycophenolic	 acid	

may	disrupt	nucleotide	metabolism	and	reduce	bacterial	fitness	under	antibiotic	exposure.	

Validation	experiments	could	also	explore	the	role	of	plasmid-specific	resistance	mechanisms	

by	utilising	plasmids	that	lack	β-lactam	resistance	genes,	such	as	those	conferring	resistance	to	

other	antibiotic	classes,	to	confirm	whether	the	metabolic	adaptations	observed	are	universal	

or	specific	 to	β-lactam	resistance.	Such	experiments	would	provide	context-specific	 insights	

into	 the	 metabolic	 costs	 and	 vulnerabilities	 associated	 with	 resistance	 mechanisms.	

Developing	bacterial-specific	tools,	such	as	adapting	live-cell	analysis	tools	like	the	Seahorse	

XF	 Analyser,	 would	 better	 capture	 bacterial	 metabolic	 dynamics.	 Temporal	 dynamics	 of	
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metabolic	responses	should	be	explored	by	conducting	studies	that	capture	the	progression	of	

metabolic	changes	under	prolonged	antibiotic	exposure,	revealing	critical	intervention	points.		

Expanding	compound	screening	to	identify	more	robust	metabolic	modulators	targeting	other	

primary	metabolic	pathways	such	as	the	TCA	cycle	lipid	metabolism,	or	additional	enzymes	

involved	 in	 nucleotide	 biosynthesis,	 would	 provide	 additional	 therapeutic	 candidates.	 For	

example,	 TCA	 cycle	 inhibitor	 such	 as	 fluoroacetate	may	offer	 novel	 therapeutic	 options	 for	

disrupting	energy	metabolism	in	resistant	strains.	

Integrating	metabolomics	 with	 transcriptomics	 and	 proteomics	 in	 a	 multi-omics	 approach	

would	 also	 provide	 a	 more	 comprehensive	 understanding	 of	 resistance	 mechanisms.	 The	

multi-omics	approach	could	be	used	to	reveal	how	changes	at	the	transcriptional	or	proteomic	

level	align	with	metabolic	changes,	offering	new	insights	into	how	resistance	mechanisms	are	

maintained	 and	 suggesting	 additional	 targets	 for	 intervention.	 Such	 approaches	 could	 also	

uncover	metabolic	biomarkers	for	precise	diagnostics,	enabling	tailored	treatments	based	on	

the	metabolic	profile	of	the	infection.	

In	 summary,	 the	 findings	 from	 this	 thesis	 emphasise	 the	 importance	 of	 targeting	 bacterial	

metabolism	in	the	fight	against	AMR.	Future	work	should	focus	on	validating	key	pathways,	

refining	 analytical	 tools	 for	 a	 bacterial-specific	 applications,	 and	 expanding	 therapeutic	

strategies	 to	 include	 metabolic	 modulators	 as	 part	 of	 a	 broader,	 multi-faced	 approach	 to	

combat	resistance.	

7.5 Concluding	remarks	

This	 thesis	 advances	 our	 understanding	 of	 the	 metabolic	 basis	 of	 AMR	 in,	 providing	 new	

knowledge	on	how	resistant	E.	coli	strains	adapt	and	survive	under	antibiotic	pressure.	 	By	

uncovering	 metabolic	 vulnerabilities	 and	 exploring	 co-therapy	 strategies,	 this	 work	

contributes	to	the	development	of	innovative	approaches	to	combat	resistance.	The	findings	

underscore	 the	 importance	 of	 integrating	metabolic	 insights	 into	 AMR	 research,	 offering	 a	

pathway	 toward	 novel	 therapeutic	 solutions	 that	 align	 with	 global	 efforts	 to	 address	 the	

growing	threat	of	antimicrobial	resistance.	 	
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Appendix	
Appendix	I 	
This	appendix	includes	the	metabolite	database	used	for	AEC-MS	analyses	and	CFU	data.	These	
resources	were	used	throughout	the	thesis	to	support	metabolomic	and	bacterial	studies.	

Table	Appendix	I.I	Metabolite	database	for	AEC-MS	analysis.	The	database	contained	compound	ID,	description,	
neutral	 mass,	 retention	 time	 (min),	 and	 formula.	 The	 database	 was	 used	 within	 Progenesis	 QI	 to	 aid	 metabolic	
identification.	The	databases	were	established	by	members	of	the	McCullagh	group.	

Compound ID Description Neutral Mass 
Retention 
time (min) Formula 

HMDB0012141 
(R)-2,3-Dihydroxy-3-methylbutanoate 
(new) 134.0579 5.23 C5H10O4 

HMDB0060320 (Z)-But-1-ene-1,2,4-tricarboxylate (new) 188.0321 16.88 C7H8O6 
HMDB0013674 1,2,3-Trihydroxybenzene/Pyrogallol 126.03224 23.21 C6H6O3 
HMDB0000957 1,2-Dihydroxybenzene 110.03678 25.92 C6H6O2 
HMDB0013593 1,4 dihydrotheritol 154.01222 14.86 C4H10O2S2 
HMDB0001213 1-Deoxy-D-xylulose 5-phosphate 214.02424 10.32 C5H11O7P 
1-Hydroxy-2-methyl-2-butenyl 4-
pyrophosphate 

1-Hydroxy-2-methyl-2-butenyl 4-
pyrophosphate 262.00074 16.68 C5H12O8P2  

HMDB0243941 1-Methyl indole  131.07405 28.33 C9H9N 
1-Methyl-1H-indole-3-
carboxamide 1-Methyl-1H-indole-3-carboxamide 174.07986 33.86 C10H10N2O 
HMDB0000001 1-Methylhistidine 169.08513 12.89 C7H11N3O2 
HMDB0001369 1-Pyrroline hydroxycarboxylic acid 129.04259 4.48 C5H7NO3 
HMDB0001301 1-Pyrroline-5-carboxylic acid 113.04768 9.37 C5H7NO2 
HMDB0002006 2,3-Diaminopropionic acid 104.05913 11.75 C3H8N2O2 
HMDB0001294 2,3-Diphosphoglyceric acid 265.95927 22.21 C3H8O10P2 
HMDB0000152 2,5-Dihydroxybenzoic acid 154.02661 32.16 C7H6O4 
2-amino-5-hydroxybenzoic acid 2-amino-5-hydroxybenzoic acid 153.04314 33.19 C7H7NO3 
HMDB0001123 2-Aminobenzoic acid/Anthranilic acid 137.04768 25.09 C7H7NO2 
HMDB0001906 2-Aminoisobutyric acid 103.06333 9.92 C4H9NO2 
HMDB0032059 2-Bromophenol 171.95293 9.03 C6H5BrO 
2-butyl-3-ureido-succinate 2-butyl-3-ureido-succinate 232.10592 11.98 C9H16N2O5 

HMDB0304060 
2-C-Methyl-D-erythritol-2,4-
cyclopyrophosphate  277.9962 15.28 C5H12O9P2 

HMDB0304061 2-C-Methylerythritol 4-phosphate  214.02424 9.88 C5H13O7P 
HMDB0000617 2-Furoate (new) 112.016 9.48 C5H4O3 
HMDB0000317 2-hydroxy-3-methylvaleric acid (new) 132.0786 7.22 C6H12O3 
2-Hydroxy-4-phenylbutanoic acid 2-Hydroxy-4-phenylbutanoic acid 180.07919 14.39 C10H12O3 
HMDB0000008 2-Hydroxybutyric acid 104.04734 5.41 C4H8O3 
HMDB0059655 2-Hydroxyglutarate 148.03717 10.9 C5H8O5 
HMDB0001624 2-hydroxyhexanoic acid (new) 132.0786 11.55 C6H12O3 
HMDB0000402 2-Isopropylmalic acid 176.06847 12.32 C7H12O5 
HMDB0000005 2-Ketobutyric acid 102.03169 7.86 C4H6O3 
HMDB0000379 2-Methylcitric acid 206.0432 16.09 C7H10O7 
HMDB0000208 2-Oxoglutaric acid 146.02152 12.85 C5H6O5     
HMDB0000362 2-Phosphoglyceric acid 185.99294 16.34 C3H7O7P 
HMDB0000397 2-Pyrocatechuic acid  154.02661 33.01 C7H6O4 
HMDB0002039 2-Pyrrolidinone 85.05331 13.37 C4H7NO 
HMDB0002441 3,3 Dimethyl glutarate 160.07356 11.41 C7H12O4 
HMDB0012153 3,4,Dihydroxybenzylamine 139.06388 13.52 C7H9NO2 
HMDB0001336 3,4-dihydroxyphenyl acetic acid 168.04226 22.6 C8H8O4 
HMDB0003911 3-Aminoisobutanoic acid 103.06333 10.32 C4H9NO2 
HMDB0003540 3'-AMP 347.06254 13.43 C10H14N5O7P 
HMDB0012710 3-Dehydroquinate 190.04774 5.51 C7H10O6 
HMDB0001376 3-deoxy-2-keto-6-phosphogluconic acid 258.01407 15.93 C6H11O9P 
3-Ethylmalate 3-Ethylmalate (new) 162.0528 10.85 C6H10O5 
HMDB0001476 3-Hydroxyanthranilic acid 153.04314 26.46 C7H7NO3 
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HMDB0002466 3-Hydroxybenzoic acid 138.03224 22.66 C7H6O3 
HMDB0000357 3-Hydroxybutyric acid 104.04734 5.36 C4H8O3 
HMDB0000023 3-Hydroxyisobutyric acid 104.04734 5.04 C4H8O3 
HMDB0000754 3-Hydroxyisovaleric acid 118.06354 5.34 C5H10O3 
HMDB0000355 3-Hydroxymethylglutarate 162.05282 10.76 C6H10O5 
HMDB0013188 3-Hydroxypicolinic acid 139.02694 18.07 C6H5NO3 
HMDB0005784 3-Hydroxytyrosol 154.06299 15.76 C8H10O3 
HMDB0012156 3-isopropylmalic acid (new) 176.0685 11.52 C7H12O5 
HMDB0059969 3-methoxyphenylacetic acid 166.06299 10.04 C9H10O3 
HMDB0000491 3-Methyl-2-oxovaleric acid 130.06299 10.67 C6H10O3 
HMDB0001904 3-Nitrotyrosine 226.05897 8.77 C9H10N2O5 
HMDB0013701 3-Oxoglutarate (new) 174.0528 11.48 C7H10O5 
HMDB0000807 3-Phosphoglyceric acid 185.99294 15.84 C3H7O7P 
HMDB0061881 4-Acetylbutyrate 130.06354 5.09 C6H10O3 
HMDB0060466 4-Hydroxy-2-oxoglutarate 162.01644  C5H6O6 
HMDB0000291 4-Hydroxy-3-methoxymandelic acid 198.05282 15.77 C9H10O5 
HMDB0000500 4-Hydroxybenzoic acid 138.03169 18.86 C7H6O3 
HMDB0000710 4-Hydroxybutyric acid 104.04734 10.65 C4H8O3 
HMDB0244973 4-hydroxyphenyl glycine/Oxfenicine  167.05824 18.59 C8H9NO3 
4-Hydroxyphenylbutyric acid 4-Hydroxyphenylbutyric acid 179.07137 17.51 C10H12O3 
HMDB0000707 4-Hydroxyphenylpyruvic acid 180.04226 27.88 C9H8O4 
HMDB0000725 4-Hydroxyproline 131.05824 9.68 C5H9NO3 
4-Hydroxypyrrolidinone 4-Hydroxypyrrolidinone 101.04768 2.94 C4H7NO2 
HMDB0001101 4-Methoxybenzoic acid (new) 152.0473 16.4 C8H8O3 

HMDB0000695 
4-methyl-2-oxovaleric acid (ketoleucine) 
(new) 130.06299 9.99 C6H10O3 

4-Methyl-2-ureido-pentanoic 
acid/Carbamoyl isoleucine 

4-Methyl-2-ureido-pentanoic 
acid/Carbamoyl isoleucine 174.10099 6.36 C7H14N2O3 

HMDB0000873 4-Methylcatechol 124.05298 29.91 C7H8O2 
HMDB0036619 5,7-Dihydroxyflavone (Chrysin) 254.05846 4.33 C15H10O4 
HMDB0001149 5-Aminolevulinic acid 131.05879 3.89 C5H9NO3 

5-Formyl-dCTP 5-Formyl-dCTP 494.98505 20.45 
C10H16N3O14
P3  

HMDB0000525 5-Hydroxyhexanoic acid 132.07919 6.83 C6H12O3 
HMDB0000763 5-Hydroxyindoleacetic acid 191.05824 26.83 C10H9NO3 
HMDB0246808 5-Hydroxymethyl-2'-deoxyuridine  258.085 6.48 C10H14N2O6 

5-Hydroxy-methyl-dCTP 5-Hydroxy-methyl-dCTP 497.00016 19.4 
C10H18N3O14
P3 

HMDB0004096 5-Methoxyindoleacetate 205.07389 29.66 C11H11NO3 

5-Methyl-dCTP 5-Methyl-dCTP 481.00525 18.96 
C10H18N3O13
P3 

HMDB0038804 
6-hydroxy-2,5,7,8-tetramethylchromane-2-
carboxylic acid (Trolox) 250.12051 29.39 C14H18O4 

HMDB0001316 6-Phosphogluconic acid 276.02463 15.18 C6H13O10P 
HMDB0001127 6-phosphonoglucono-lactone  258.01462 11.52 C6H11O9P 
HMDB0003333 8-Hydroxy-deoxyguanosine 283.09167 19.83 C10H13N5O5 

HMDB0011615 8-Oxo-dGTP 522.99011 19.78 
C10H16N5O14
P3 

HMDB0036093 Abscisic acid (new) 264.1362 11.85 C15H20O4 
HMDB0000042 Acetic acid 60.02113 3.85 C2H4O2 
HMDB0000060 Acetoacetate 102.03169 5.14 C4H6O3 

HMDB0001484 Acetoacetyl-CoA 851.13634 33.1 
C25H40N7O18
P3S 

HMDB0001206 Acetyl-CoA 809.12577 7.59 
C23H38N7O17
P3S 

HMDB0001890 Acetylcysteine 163.03031 11.56 C5H9NO3S 
HMDB0247933 Acetylenedicarboxylic acid (new) 113.9953 17.1 C4H2O4 
HMDB0000532 Acetylglycine 117.04259 4.07 C4H7NO3 
HMDB0001494 Acetylphosphate 139.98801 12.66 C2H5O5P 
HMDB0000034 Adenine 135.0545 15.32 C5H5N5 
HMDB0011616 Adenosine 2',3'-cyclic phosphate 329.05197 9.41 C10H12N5O6P 
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HMDB0001341 Adenosine diphosphate 427.02941 19.79 
C10H15N5O10
P2 

HMDB0000045 Adenosine monophosphate (AMP) 347.06308 13.84 C10H14N5O7P 

HMDB0000538 Adenosine triphosphate (ATP) 506.99575 24.53 
C10H16N5O13
P3 

HMDB0001332 Adenylsuccinate 463.07404 23.15 
C14H18N5O11
P 

HMDB0012882 Adipate semialdehyde 130.06299 11.34 C6H10O3 
HMDB0000508 Adonitol (ribitol) 152.06847 2.86 C5H12O5 

HMDB0006557 ADP Glucose 589.08224 14.3 
C16H25N5O15
P2 

HMDB0001517 AICAR (new) 338.06275 12.55 C9H15N4O8P 
HMDB0000462 Allantoin 158.04454 5.95 C4H6N4O3 
HMDB0001151 Allose 180.06339 3.04 C6H12O6 
HMDB0000650 Alpha-aminobutyrate 103.06333 10.32 C4H9NO2 
HMDB0002166 Alpha-aminoisobutyrate 103.06333 10.06 C4H9NO2 
HMDB0000019 alpha-Ketoisovaleric acid (new) 116.04734 7.7 C5H8O3 
HMDB0035030 Amygdalin (new) 457.1584 4.92 C20H27NO11 
HMDB0000539 Arabinonic acid 166.04774 4.9 C5H10O6 
HMDB0000646 Arabinose 150.05282 3.06 C5H10O5 
HMDB0029942 Arabinose 150.05282 3.06 C5H10O5 
HMDB0000568 Arabitol 152.06847 2.71 C5H12O5 
HMDB0000044 Ascorbate 176.03209 12.36 C6H8O6 
HMDB0000191 Aspartate 133.03751 11.78 C4H7NO4 
Benzoyl-L-citrulline methyl ester Benzoyl-L-citrulline methyl ester 293.1381 11.17 C14H19N3O4 
HMDB0000056 Beta-Alanine 89.04768 4.73 C3H7NO2 
HMDB0013220 Beta-Citryl-L-glutamic acid 321.0696 20.62 C11H15NO10 
Butyl ureidosuccinic acid Butyl ureidosuccinic acid 232.10647 10.61 C9H16N2O5  
HMDB0000039 Butyric acid 88.05243 6.32 C4H8O2 
HMDB0001964 Caffeic acid (new) 180.0423 29.38 C9H8O4 
HMDB0001847 Caffeine 194.08092  C8H10N4O2 
HMDB0000535 Caproic acid/Hexanoic acid 116.08428 8.58 C6H12O2 
HMDB0001096 Carbamoyl phosphate 140.98271 15.06 CH4NO5P 
HMDB0000033 Carnosine 225.09931 3.93 C9H14N4O3 

HMDB0001564 CDP-ethanolamine (new) 446.06038 9.6 
C11H20N4O11
P2 

HMDB0003164 Chlorogenic acid 354.09563  C16H18O9 
HMDB0011621 Cinnamoylglycine 205.07334 20.81 C11H11NO3 
HMDB0000393 cis,cis-Muconate (new) 142.0266 12.83 C6H6O4 
HMDB0000072 cis-Aconitic acid 174.01644 18.12 C6H6O6 

HMDB0001413 Citicoline (new) 488.10787 3.71 
C14H26N4O11
P2 

HMDB0000634 Citraconic acid 130.02661 11.96 C5H6O4 
HMDB0000426 Citramalic acid 148.03717 10.75 C5H8O5 
HMDB0000094 Citric acid  192.027 16.91 C6H8O7 
HMDB0000904 Citrulline 175.09569 4.12 C6H13N3O3 
HMDB0015020 Clomifene 405.18594 16.22 C26H28ClNO 

HMDB0001423 Coenzyme A 767.11521 25.32 
C21H36N7O16
P3S 

HMDB0000058 Cyclic AMP 329.05252 15.1 C10H12N5O6P 
HMDB0001314 Cyclic GMP 345.04743 24.09 C10H12N5O7P 
HMDB0060150 Cysteamine 77.02992 9.87 C2H7NS 
HMDB0002757 Cysteic acid 169.00449 12.19 C3H7NO5S 
HMDB0000574 Cysteine 121.01975 15.66 C3H7NO2S 
HMDB0000089 Cytidine 243.08607 8.48 C9H13N3O5 

HMDB0001546 Cytidine diphosphate 403.01763 16.34 
C9H15N3O11P
2 

HMDB0000095 Cytidine monophosphate 323.05185 11.78 C9H14N3O8P 

HMDB0001176 
Cytidine monophosphate N-
acetylneuraminic acid 614.14727 9.79 

C20H31N4O16
P 

HMDB0000082 Cytidine triphosphate 482.98451 21.06 
C9H16N3O14P
3 
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HMDB0000630 Cytosine 111.04326 5.52 C4H5N3O 

HMDB0001508 dADP 411.0345 18.27 
C10H15N5O9P
2 

HMDB0000905 dAMP 331.06817 12.88 C10H14N5O6P 

HMDB0001245 dCDP 387.02327 30.12 
C9H15N3O10P
2 

HMDB0001202 dCMP 307.05694 10.06 C9H14N3O7P 

HMDB0000998 dCTP 466.9896 19.55 
C9H16N3O13P
3 

Dehydrocholic acid Dehydrocholic acid 401.23335  C24H34O5 
HMDB0000101 Deoxyadenosine 251.10184 12.14 C10H13N5O3 

HMDB0001532 Deoxyadenosine triphosphate 491.00083 24.33 
C10H16N5O12
P3 

HMDB0000014 Deoxycytidine 227.09115 4.69 C9H13N3O4 
HMDB0000085 deoxyguanosine 283.09222 4.08 C10H13N5O4 
HMDB0001031 Deoxyribose 5-phosphate 214.02424 11.06 C5H11O7P  
HMDB0246094 Deoxythymidine  225.08808 7.67 C10H14N2O4 
HMDB0000012 Deoxyuridine 228.07462 7.62 C9H12N2O5 
HMDB0062739 D-erythro-3-Methylmalate (new) 148.0372 10.68 C5H8O5 

HMDB0000960 dGDP 427.02941 24.67 
C10H15N5O10
P2 

HMDB0001044 dGMP 347.06308 20.57 C10H14N5O7P 

HMDB0001440 dGTP 506.9952 29.43 
C10H16N5O13
P3 

Diaminocyclohexane-N,N,Nʹ,Nʹ-
tetraacetic acid (DCTA) 

Diaminocyclohexane-N,N,Nʹ,Nʹ-tetraacetic 
acid (DCTA) 345.13034 8.92 C14H22N2O8 

HMDB0014724 Diclofenac 295.01614 1.22 
C14H11Cl2NO
2 

HMDB0003349 Dihydroorotic acid 158.03276 11.63 C5H6N2O4 
HMDB0000076 Dihydrouracil 114.04238 13.43 C4H6N2O2 
HMDB0001882 Dihydroxyacetone 90.03169 4.74 C3H6O3 
HMDB0001473 Dihydroxyacetone phosphate (new) 169.998 11.36 C3H7O6P 
HMDB0000181 Dihydroxyphenylalanine (L-DOPA) 197.06881 32.44 C9H11NO4 
HMDB0031257 Dimethyl fumarate 144.04226 13.16 C6H8O4 
HMDB0001120 Dimethylallyl pyrophosphate 246.00583 18.73 C5H12O7P2 
HMDB0000092 Dimethylglycine 103.06333 10.15 C4H9NO2 
HMDB0006555 dIMP 332.05219 18.99 C10H13N4O7P 
DL-Threo-beta-Hydroxyaspartic 
acid DL-Threo-beta-Hydroxyaspartic acid  148.02515 10.43 C4H7NO5 
HMDB0000073 Dopamine 153.07898 19.68 C8H11NO2 

HMDB0001328 dTDP-D-glucose 564.07576 17.06 
C16H26N2O16
P2 

HMDB0001000 dUDP 388.00728 19.6 
C9H14N2O11P
2 

HMDB0001409 dUMP 308.04095 17.1 C9H13N2O8P 

HMDB0001191 dUTP 467.97361 25.45 
C9H15N2O14P
3 

HMDB0015109 EDTA 292.09067 10.83 C10H16N2O8 
HMDB0000900 Ergocalciferol 396.33867 4.21 C28H44O 
HMDB0000878 Ergosterol 396.33867 1.13 C28H44O 
HMDB0001321 Erythrose 4-phosphate 200.00859 12.91 C4H9O7P 
Ethionine Ethionine  163.06725 33.54 C6H13NO2S 
HMDB0000622 Ethylmalonic acid 132.04226 11.62 C5H8O4 

HMDB0001248 FAD 785.15713 28.12 
C27H33N9O15
P2 

HMDB0000954 Ferulic acid 194.05791 27.02 C10H10O4 
HMDB0001520 Flavin Mononucleotide (unconfirmed) 456.10461  C17H21N4O9P 
HMDB0014684 Fluorouracil 130.01786 13.57 C4H3FN2O2 
HMDB0014615 Fluoxetine 309.1346 21.52 C17H18F3NO 
HMDB0000660 Fructose 180.06339 3.06 C6H12O6 
HMDB0001058 Fructose 1,6-bisphosphate 339.99605 20.44 C6H14O12P2  
HMDB0001047 Fructose 2,6 diphosphate 339.99605 17.52 C6H14O12P2 
HMDB0000124 Fructose 6-phosphate 260.02972 11.88 C6H13O9P 
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HMDB0000134 Fumarate 116.01096 13.63 C4H4O4 
HMDB0000639 Galactaric acid (mucic acid) 210.03757 10.94 C6H10O8 
HMDB0000143 Galactose 180.06339 3.02 C6H12O6 
HMDB0000645 Galactose 1-phosphate 260.02972 9.39 C6H13O9P 
Galactose-6-phosphate Galactose-6-phosphate  260.02917 11.77 C6H13O9P 
HMDB0002545 Galacturonic acid (new) 194.0427 6.51 C6H10O7 
HMDB0005807 Gallic acid (new) 170.0215 29.59 C7H6O5 
HMDB0013233 Gamma-delta-Dioxovaleric acid 130.02661 10.65 C5H6O4 
HMDB0003559 Gibberellin A3 346.14164 12.68 C19H22O6 
HMDB0000625 Gluconate 196.0583 4.67 C6H12O7  
HMDB0000150 Gluconolactone 178.04774 4.71 C6H10O6 
HMDB0001514 Glucosamine 179.07937 11.58 C6H13NO5 
HMDB0001254 Glucosamine 6-phosphate 259.0457 13.18 C6H14NO8P 
HMDB0000122 Glucose 180.06339 3.43 C6H12O6 
HMDB0001586 Glucose 1-phosphate 260.02972 9.66 C6H13O9P 
HMDB0001401 Glucose 6-phosphate 260.02972 12.38 C6H13O9P  
HMDB0000127 Glucuronic acid 194.04265 8.27 C6H10O7 
HMDB0000620 Glutaconic acid 130.02661 12.69 C5H6O4 
HMDB0000148 Glutamic acid 147.05316 14.79 C5H9NO4 
HMDB0000641 Glutamine 146.06914 11.67 C5H10N2O3 
HMDB0001049 Glutamylcysteine 250.06289 16.61 C8H14N2O5S 
HMDB0000661 Glutaric acid 132.04226 10.87 C5H8O4 

HMDB0001339 Glutaryl CoA 881.1469 19.81 
C26H42N7O19
P3S 

HMDB0000125 Glutathione (GSH) 307.08381 15.16 C10H17N3O6S 
HMDB0001112 Glyceraldehyde 3-phosphate 169.99802 11.73 C3H7O6P 
HMDB0000139 Glyceric acid 106.02661 5.23 C3H6O4  
HMDB0000131 Glycerol 92.04734 2.86 C3H8O3 
HMDB0000126 Glycerol 3-phosphate 172.01367 9.79 C3H9O6P  
HMDB0003344 Glycoaldehyde 60.02113 7.52 C2H4O2 
HMDB0000115 Glycolic acid (new) 76.016 4.74 C2H4O3 
HMDB0000119 Glyoxylic acid 74.00039 8.05 C2H2O3 

HMDB0000370 
Glyphosate/2-Amino-3-
phosphonopropionic acid 169.01456 14.56 C3H8NO5P 

HMDB0000133 Guanosine 283.09167 22.22 C10H13N5O5 

HMDB0001201 Guanosine diphosphate (GDP) 443.02378 27.56 
C10H15N5O11
P2 

HMDB0001397 Guanosine monophosphate 363.058 22.22 C10H14N5O8P 

HMDB0001273 Guanosine triphosphate 522.99066 30.62 
C10H16N5O14
P3  

HMDB0003466 Gulono-1,4-lactone (new) 178.0477 4.37 C6H10O6 
HMDB0012326 Gulose 180.06339 3.05 C6H12O6 
HMDB0030311 Harmine 212.09551  C13H12N2O 
HMDB0005782 Hesperitin 302.07849 28.5 C16H14O6 
HMDB0000714 Hippuric acid 179.05824 11.63 C9H9NO3 
HMDB0000870 Histamine 111.0802 7.08 C5H9N3 
Homarine Homarine  137.04768 11.66 C7H7NO2 
HMDB0000130 Homogentisic acid 168.04226 17.49 C8H8O4 
HMDB0000118 Homovanillic acid 182.05791 17.21 C9H10O4 
HMDB0001212 Hydantoin-5-propionic acid 172.04786 11.4 C6H8N2O4 
HMDB0000764 Hydrocinnamic acid 150.06863 15.63 C9H10O2 
HMDB0000528 Hydroorotic acid 158.03276 10.36 C5H6N2O4 
HMDB0001855 Hydroxy-indole acetic acid 177.07898 26.62 C10H11NO2 
HMDB0062640 Hydroxy-isobutyric acid 103.04007 4.46 C4H7O3 
HMDB0126088 Hydroxy-isobutyric acid 104.04734 4.46 C4H8O3 
HMDB0002207 Hydroxyisoheptanoic acid  146.09484 9.74 C7H14O3 
HMDB0000732 Hydroxykynurenine 224.08026 13.91 C10H12N2O4 

Hydroxy-methyl-dUTP Hydroxy-methyl-dUTP 497.98418 20.48 
C10H17N2O15
P3  

HMDB0000711 Hydroxyoctanoic acid 160.11049 7.52 C8H16O3 
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HMDB0000700 Hydroxypropionic acid 90.03224 4.88 C3H6O3 
HMDB0001352 Hydroxypyruvic acid 104.01096 11.64 C3H4O4 
HMDB0000965 Hypotaurine 109.01975 14.89 C2H7NO2S 
HMDB0000157 Hypoxanthine 136.03851 21.34 C5H4N4O 
HMDB0011140 Hypusine 233.17449 9.42 C10H23N3O3 

HMDB0003335 IDP 428.01343 26.55 
C10H14N4O11
P2 

HMDB0001190 Indole-3-acetaldehyde 159.06841 27.44 C10H9NO 
HMDB0000671 Indole-3-lactic acid 205.07389 27.23 C11H11NO3 
HMDB0000197 Indoleacetic acid 175.06333 28.43 C10H9NO2 
HMDB0000195 Inosine 268.08077 5.6 C10H12N4O5 
HMDB0000175 Inosine monophosphate 348.0471 21.97 C10H13N4O8P 

HMDB0000189 Inosine triphosphate 507.97976 30.13 
C10H15N4O14
P3 

HMDB0001143 Inositol 1,3,4-trisphosphate 419.96238 25.85 C6H15O15P3 
HMDB0000193 Isocitrate  192.027 17.55 C6H8O7 
HMDB0001347 Isopentenyl pyrophosphate 246.00583 18.45 C5H12O7P2 
HMDB0000718 Isovaleric Acid 102.06863 9.43 C5H10O2 
HMDB0000678 Isovalerylglycine 159.08954 6.07 C7H13NO3 
HMDB0002092 Itaconic acid 130.02661 12.13 C5H6O4 
HMDB0032797 Jasmonic acid 210.12559 12.22 C12H18O3 
HMDB0032923 Kojic acid 142.02661 8.81 C6H6O4 
HMDB0000715 Kynurenic acid 189.04259 27.57 C10H7NO3 
HMDB0000684 Kynurenine 208.08479 8.81 C10H12N2O3 
HMDB0000190 Lactic acid 90.03169 5.05 C3H6O3 
HMDB0000186 Lactose 342.11676 3.04 C12H22O11 
HMDB0062180 Lactoyl-isoleucine  203.11631 7.02 C9H17NO4 
HMDB0240656 Lanthionine   208.05233 33 C6H12N2O4S 
HMDB0004823 Lanthionine ketimine 189.01013 30.82 C6H7NO4S 
HMDB0000624 Leucic acid 132.07919 7.51 C6H12O3 
HMDB0254310 Maleamate (new) 115.0269 5.61 C4H5NO3 
HMDB0000176 Maleic acid 116.01096 12.43 C4H4O4 
HMDB0000744 Malic acid (new) 134.0215 10 C4H6O5 
HMDB0002928 Malitol 344.13186 3.08 C12H24O11 
HMDB0006112 Malondialdehyde 72.02113 8.86 C3H4O2 
HMDB0000691 Malonic acid (new) 104.011 11.08 C3H4O4 
HMDB0060486 Manelonitrile 133.05276 29.49 C8H7NO 
HMDB0000765 Mannitol 182.07904 2.76 C6H14O6 
HMDB0000169 Mannose 180.06339 3.14 C6H12O6 
HMDB0001078 Mannose 6-phosphate 260.02972 12.73 C6H13O9P 
HMDB0001892 Menadione 172.05298 11.43 C11H8O2 
HMDB0000749 Mesaconic acid 130.02661 12.51 C5H6O4 
HMDB0002005 Methionine sulfoxide 165.04596  C5H11NO3S 
HMDB0029965 Methyl beta-D-glucopyranoside 194.07904 2.74 C7H14O6 
HMDB0001167 Methyl glyoxal/Pyruvaldehyde 72.02168 4.89 C3H4O2 
HMDB0032617 Methyl phenylacetate 150.06863 14.11 C9H10O2 
Methyl-3-hydroxybenzoic acid Methyl-3-hydroxybenzoic acid  152.04789 28.57 C8H8O3 
HMDB0004815 Methyl-4-hydroxybenzoic acid 152.04789 32.63 C8H8O3 
HMDB0000752 Methylglutaric acid 146.05791 10.73 C6H10O4 
HMDB0006471 Methylisocitric acid 206.04265 15.82 C7H10O7 
HMDB0032572 Methylparaben 152.04734 17.77 C8H8O3 
HMDB0000227 Mevalonic acid 148.07356 15.14 C6H12O4 
HMDB0001343 Mevalonic acid-5P 228.03989 14.84 C6H13O7P 
Mildronate Mildronate 146.10498 1.2 C6H4N2O2 
HMDB0000211 Myoinositol 180.06339 2.81 C6H12O6 
HMDB0003502 Myo-inositol hexakisphosphate/Phytic Acid 659.86192 24.31 C6H18O24P6 
HMDB0039002 Mytilin A 332.12251 3.67 C13H20N2O8 
HMDB0033442 Mytilin B 346.13816 3.5 C14H22N2O8 
HMDB0033816 Mytilitol 194.07959 2.58 C7H14O6 
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N-Acetyl cytosine N-Acetyl cytosine  153.05437 8.13 C6H7N3O2 
HMDB0003357 N-Acetyl ornithine 174.10044 8.73 C7H14N2O3 
HMDB0094701 N-Acetyl proline 157.07444 4.42 C7H11NO3 
HMDB0000812 N-Acetyl-aspartate 175.04807 10.03 C6H9NO5 
HMDB0001067 N-Acetylaspartylglutamic acid 304.09067 14.4 C11H16N2O8 
HMDB0000215 N-Acetyl-D-glucosamine 221.08994 3.02 C8H15NO6 
HMDB0001062 N-Acetyl-D-Glucosamine 6-Phosphate 301.05627 12.41 C8H16NO9P 

HMDB0001121 
N-Acetyl-D-mannosamine 6-phosphate 
(ManNac-6-P) 301.05627 12.11 C8H16NO9P 

HMDB0001367 N-acetyl-glucosamine-1-phosphate 301.05627 11.66 C8H16NO9P 
HMDB0001138 N-Acetylglutamate 189.06427 9.84 C7H11NO5 
HMDB0000766 N-Acetyl-L-alanine 131.05824 4.23 C5H9NO3 
HMDB0006488 N-Acetyl-L-glutamate 5-semialdehyde 173.06881 13.97 C7H11NO4 
HMDB0006456 N-Acetyl-L-glutamyl 5-phosphate 269.03005  C7H12NO8P 
HMDB0011745 N-Acetyl-L-methionine 191.06161 5.91 C7H13NO3S 
HMDB0000512 N-Acetyl-L-phenylalanine 207.08954 8.89 C11H13NO3 
HMDB0001129 N-Acetylmannosamine (ManNac) 221.08994 5.39 C8H15NO6 
HMDB0006268 N-Acetylneuraminate 9-phosphate 389.07231 13.98 C11H20NO12P 
HMDB0000230 N-acetylneuraminic acid (new) 309.106 4.63 C11H19NO9 
HMDB0013713 N-Acetyltryptophan 246.10044 18.41 C13H14N2O3 
HMDB0011757 N-Acetylvaline 159.08954 4.83 C7H13NO3 

HMDB0000902 NAD+ 664.11695 9.94 
C21H28N7O14
P2 

HMDB0001487 NADH 665.12477 17 
C21H29N7O14
P2 

HMDB0000217 NADP+ 744.08328 16.43 
C21H29N7O17
P3 

HMDB0000221 NADPH 745.0911 21.37 
C21H30N7O17
P3 

HMDB0002670 Naringenin 272.06902  C15H12O5 
HMDB0013287 Ne,Ne dimethyllysine 174.13683 3.79 C8H18N2O2 
N-Formyl-DL-ethionine N-Formyl-DL-ethionine  191.06216 7.53 C7H13NO3S 
HMDB0001200 N-Formylkynurenine 236.08026 22.44 C11H12N2O4 
HMDB0001015 N-Formyl-methionine 177.04596 6.73 C6H11NO3S 
HMDB0001406 Nicotinamide 122.04801 24.05 C6H6N2O 
HMDB0341363 Nicotinic Acid N-Oxide 139.02694 5.94 C6H5NO3 
HMDB0002393 N-Methyl-D-aspartic acid 147.05316 10.06 C5H9NO4 
HMDB0011717 Nonate  188.10541 13.85 C9H16O4 
HMDB0013716 Norvaline 117.07953 33.46 C5H11NO2 
HMDB0255221 N-Oxalylglycine  147.0168 12.59 C4H5NO5 
HMDB0003011 O-Acetylserine 147.05316 4.36 C5H9NO4 
HMDB0000482 Octanoic acid 144.11503 19.95 C8H16O2 
HMDB0001721 O-Phosphoserine (new) 185.00892 13.7 C3H8NO6P 
HMDB0005765 Ophthalmic Acid 289.12793 8.51 C11H19N3O6 
HMDB0000226 Orotic acid 156.01711 16.58 C5H4N2O4 
HMDB0000788 Orotidine 288.05882 16.11 C10H12N2O8 

HMDB0000218 Orotidylic acid/OMP 368.02624 9.67 
C10H13N2O11
P 

HMDB0000223 Oxalacetic acid 132.00587 10.3 C4H4O5 
HMDB0002329 Oxalic acid 89.99531 13.4 C2H2O4 
HMDB0000225 Oxoadipic acid 160.03717 13.08 C6H8O5 
HMDB0001865 Oxovaleric Acid 116.04789 7.56 C5H8O3 
HMDB0014733 Oxytetracylcine 460.14818 29.58 C22H24N2O9 
HMDB0240389 Pantoic acid (new) 148.0736 5.56 C6H12O4 
HMDB0000210 Pantothenic acid 219.11067 5 C9H17NO5 
HMDB0062802 Parabanic Acid/Oxalylyurea 114.00599 8.17 C3H2N2O3 
HMDB0002035 p-Coumaric acid 164.04734 29.16 C9H8O3 
HMDB0015050 Phenformin 241.10997 14.07 C10H16ClN5 
HMDB0040733 Phenylacetic Acid 136.05298 13.28 C8H8O2 
HMDB0000821 Phenylacetylglycine/Phenaceturic acid 193.07444 9.23 C10H11NO3 
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HMDB0000205 Phenylpyruvic acid 164.04734 30.55 C9H8O3 
HMDB0001511 Phosphocreatine 211.03636 8.56 C4H10N3O5P 
HMDB0000263 Phosphoenolpyruvic acid 167.98237 17.96 C3H5O6P 
HMDB0000816 Phosphoglycolic acid 155.98237 16.32 C2H5O6P 
HMDB0000280 Phosphoribosyl pyrophosphate (PRPP) 389.95181 22.27 C5H13O14P3 
HMDB0002107 Phthalate (new) 166.0266 16.51 C8H6O4 
HMDB0000020 p-Hydroxyphenylacetic acid 152.04789 16.97 C8H8O3 
HMDB0000774 Pregnenolone sulfate 396.19759 21.87 C21H32O5S 
HMDB0012283 Prephenic Acid 226.04774 11.47 C10H10O6 
HMDB0015169 Procainamide 235.16846 21.97 C13H21N3O 
HMDB0000237 Propionic acid 74.03733 5.69 C3H6O2 

HMDB0001275 Propionyl-CoA 823.14197 10.52 
C24H40N7O17
P3S 

HMDB0000783 Propionyl-glycine 131.05824 4.27 C5H9NO3 
HMDB0001856 Protocatechuic acid 154.02661 25.29 C7H6O4 
HMDB0001491 Pyridoxal 5'-phosphate 247.02457 21.74 C8H10NO6P 
HMDB0001431 Pyridoxamine 168.08988 6.71 C8H12N2O2 
HMDB0000267 Pyroglutamic acid 129.04314 4.49 C5H7NO3 
HMDB0000243 Pyruvic acid 88.01604 6.8 C3H4O3 
HMDB0005794 Quercetin 302.0421 28.65 C15H10O7 
HMDB0003072 Quinic acid 192.06339 4.74 C7H12O6 
HMDB0000232 Quinolinic acid 167.02186 13.74 C7H5NO4 
Quisqualic acid Quisqualic acid 189.03912 14.33 C5H7N3O5 
HMDB0003213 Raffinose 504.16904 2.8 C18H32O16 
HMDB0001852 Retinoic acid 300.20948 8.39 C20H28O2 
HMDB0000244 Riboflavin 376.13828 24.51 C17H20N4O6 
HMDB0000283 Ribose 150.05282 3.17 C5H10O5 
HMDB0001548 Ribose 5-phosphate 230.01915 13.19 C5H11O8P 
HMDB0000621 Ribulose 150.05282 3.51 C5H10O5 
HMDB0011688 Ribulose 1,5,diphosphate 309.98603 19.79 C5H12O11P2 
HMDB0000618 Ribulose 5-phosphate 230.01915 9.67 C5H11O8P 
HMDB0000663 Saccharic acid 210.03757 12.05 C6H10O8 
HMDB0000279 Saccharopine 276.13214 13.56 C11H20N2O6 
HMDB0001185 S-adenosyl methionine 399.14506 8.71 C15H23N6O5S 
HMDB0001895 Salicylic acid 138.03224 32.17 C7H6O3 
HMDB0006088 Scyllitol 180.06339 2.67 C6H12O6 
HMDB0000792 Sebacic acid 202.12051 18.3 C10H18O4 
HMDB0060274 Sedoheptulose 1,7-bisphosphate 370.00661 19.08 C7H16O13P2 
HMDB0060509 Sedoheptulose 1-phosphate 290.04028 10.74 C7H15O10P 
HMDB0001068 Sedoheptulose 7-phosphate 290.04028 13.21 C7H15O10P  
HMDB0003070 Shikimic acid 174.05282 5.13 C7H10O5 
HMDB0032616 Sinapic acid 224.06847 25.12 C11H12O5 
HMDB0000247 Sorbitol 182.07904 2.77 C6H14O6 
HMDB0005831 Sorbitol-6-phosphate 262.04537 9.23 C6H15O9P 
HMDB0001266 Sorbose 180.06339 3.06 C6H12O6 
HMDB0006797 Sorbose 1-phosphate 260.02917 11.96 C6H13O9P 
HMDB0000254 Succinic acid 118.02661 11.11 C4H6O4 
HMDB0001259 Succinic semialdehyde (new) 102.03169 5.37 C4H6O3 
HMDB0255868 Succinyl-Homoserine  219.074 9.41 C8H13NO6 
HMDB0002085 Syringic acid 198.05282 17.5 C9H10O5 
HMDB0029416 Targinine 188.12787 33.55 C7H16N4O2 
HMDB0000956 Tartaric acid (new) 150.0164 11.04 C4H6O6 
HMDB0000251 Taurine 125.01466 5.14 C2H7NO3S 

HMDB0001274 TDP 402.02293 21.72 
C10H16N2O11
P2 

HMDB0000234 Testosterone 288.20948 27.34 C19H28O2 
HMDB0003193 Testosterone glucuronide 464.24047 8.06 C25H36O8 
HMDB0002833 Testosterone sulfate 368.16629 18.09 C19H28O5S 
HMDB0014897 Tetracycline 444.15272 20.98 C22H24N2O8 
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HMDB0002825 Theobromine  180.06418 17.74 C7H8N4O2 
HMDB0029178 Thialysine 164.0625 33.42 C5H12N2O2S 

HMDB0002666 Thiamine monophosphate 344.07026  
C12H17N4O4P
S 

HMDB0001372 Thiamine pyrophosphate 425.04497 25.64 
C12H19N4O7P
2S 

HMDB0004136 Threitol 122.05791 2.78 C4H10O4 
HMDB0001227 Thymidine 5'-phosphate (TMP) 322.0566 16.77 C10H15N2O8P 

HMDB0001342 Thymidine triphosphate 481.98926 25.42 
C10H17N2O14
P3 

HMDB0000262 Thymine 126.04293 9.9 C5H6N2O2 
HMDB0015256 Tolbutamide 270.10436 15.08 C12H18N2O3S 
HMDB0029635 Toluate (new) 136.0524 20.64 C8H8O2 
trans-2,3-epoxysuccinic acid trans-2,3-epoxysuccinic acid (new) 132.0059 12.02 C4H4O5 
HMDB0000930 trans-cinnamic acid (new) 148.05243 24.51 C9H8O2 
HMDB0062562 Trans-urocanate 137.03565 18.19 C6H5N2O2 
HMDB0062590 Tropic acid (new) 166.063 9.33 C9H10O3 
HMDB0000303 Tryptamine 160.1006  C10H12N2 
HMDB0004284 Tyrosol 138.06808 17.77 C8H10O2 

HMDB0000302 UDP-galactose 566.05502 18 
C15H24N2O17
P2 

HMDB0000935 UDP-glucoronate 580.03428 24.31 
C15H22N2O18
P2 

HMDB0000286 UDP-glucose 566.05502 18.4 
C15H24N2O17
P2 

HMDB0013112 
UDP-N-acetyl-D-mannosamine 
(unconfirmed) 607.08157  

C17H27N3O17
P2 

HMDB0000300 Uracil 112.02728 8.92 C4H4N2O2 
HMDB0000026 Ureidopropionic acid 132.05404 4.46 C4H8N2O3 

HMDB0000828 
Ureidosuccinic acid (N-carbamoyl-L-
aspartic acid) 176.04332 10.86 C5H8N2O5 

HMDB0000289 Uric acid 168.02834 19.45 C5H4N4O3 
HMDB0000296 Uridine 244.06954 9.04 C9H12N2O6 

HMDB0000295 Uridine 5'-diphosphate 404.0022 23.85 
C9H14N2O12P
2 

HMDB0000288 Uridine 5'-monophosphate 324.03587 18.6 C9H13N2O9P 

HMDB0000290 Uridine diphosphate-N-acetylglucosamine 607.08157 17.77 
C17H27N3O17
P2 

HMDB0000285 Uridine triphosphate 483.96853 27.32 
C9H15N2O15P
3 

HMDB0000892 Valeric Acid 102.06863 9.65 C5H10O2 
HMDB0012308 Vanillin 152.04789  C8H8O3 
HMDB0001554 Xanthylic acid 364.04256 20.7 C10H13N4O9P 
HMDB0002917 Xylitol 152.06847 2.79 C5H12O5 
HMDB0001644 Xylulose 150.05282 3.64 C5H10O5 
HMDB0000868 Xylulose 5-phosphate 230.01915 13.16 C5H11O8P 
HMDB0015464 Yohimbine 354.19489 26.07 C21H26N2O3 
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Table	Appendix	 I.II	Bacterial	 growth	data	over	 time	 showing	OD600,	 CFU/mL,	and	 log10(CFU/mL).	 OD600	
represents	the	optical	density,	reflecting	the	total	biomass	of	the	culture.	CFU/mL	indicates	the	number	of	viable	cells	
capable	of	forming	colonies,	while	log10(CFU/mL)	is	the	logarithmic	transformation	of	CFU/mL	values	to	illustrate	
changes	in	viability	on	a	logarithmic	scale.	Measurements	were	taken	at	specified	time	intervals	to	monitor	the	growth	
dynamics	of	the	bacterial	culture.	

Time (h) OD600 CFU/mL Log10(CFU/mL) 
0 0.057 21000000 7.322219 
1 0.065 57000000 7.755875 
2 0.145 203000000 8.307496 
3 0.257 250000000 8.39794 
4 0.531 318000000 8.502427 
5 0.64 427000000 8.630428 
6 0.877 544000000 8.735599 
8 1.128 544000000 8.735599 
10 1.242 174000000 8.240549 

 

 

 

  

Figure	I.I	Growth	curve	showing	the	relationship	between	OD600	and	log10(CFU/mL)	over	time.	The	orange	line	
represents	the	OD600,	reflecting	the	total	biomass	of	the	culture,	including	viable	and	non-viable	cells.	The	grey	line	
represents	 log10(CFU/mL),	 indicating	 the	 number	 of	 viable	 cells	 capable	 of	 forming	 colonies.	 Both	 metrics	 were	
measured	at	regular	intervals,	illustrating	the	growth	dynamics	of	the	bacterial	culture.	Differences	in	trends	between	
OD600	and	log10(CFU/mL)	highlight	potential	variations	in	viability	relative	to	biomass	over	time.	
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Appendix	II 	
This	appendix	provides	supplementary	data	supporting	the	metabolomics	analyses	presented	
in	Chapters	3	and	4.		

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure	II.I	Stability	of	NDM-1,	NDM-5,	and	NDM-7	in	E.	coli.	Plasmids	containing	NDM-1,	NDM-5,	and	NDM-7	
were	isolated	and	transformed	into	DH5α	cells.	The	transformed	cells	were	plated	on	meropenem-containing	agar	
plates	 to	 assess	 their	 ability	 to	 grow	 under	 meropenem	 exposure.	 Only	 cells	 harbouring	 the	 NDM-7	 plasmid	
consistently	grew,	indicating	that	NDM-1	and	NDM-5	were	unstable	under	these	conditions.	
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Median normalisation 
Log transformation 
Pareto scaling 

No normalisation 
No transformation 
No scaling A C 

B D 

Figure	II.II	Data	normalization	and	transformation	for	metabolic	profiling.	(A,	C)	Heatmaps	showing	the	raw	
(A)	 and	 normalized	 (C)	 intensities	 of	 metabolites	 across	 all	 samples,	 illustrating	 improved	 consistency	 after	
normalization.	(B,	D)	Kernel	density	plots	of	feature	intensities	distribution	before	(B)	and	after	(D)	normalization,	
normal	distribution	after	scaling	and	transformation,	making	it	suitable	for	multivariate	analysis.		
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Table	Appendix	II.I	List	of	metabolites	significantly	altered	in	abundance	between	the	wild-type,	meropenem-
susceptible,	and	meropenem-resistant	strains.	Statistical	significance	was	determined	using	one-way	ANOVA	
(p	<	0.05,	FDR	corrected).	The	table	includes	the	F-value,	raw	p-value,	-log10(p)	transformation,	and	FDR-adjusted	
p-value	for	each	metabolite.	Pairwise	comparisons	(Fisher’s	LSD	post-hoc	test)	indicate	the	specific	strain	comparisons	
(E_0,	S_0,	and	R_00	where	significant	differences	were	observed.	

Name	 f.value	 p.value	 -LOG10(p)	 FDR	 Fisher's	LSD	

3-isopropylmalic	acid	(new)	 146.53	 3.70E-09	 8.4313	 4.78E-07	 E_0	-	R_0;	E_0	-	S_0;	S_0	-	R_0	

Fructose	6-phosphate	 124.28	 9.54E-09	 8.0204	 6.15E-07	 R_0	-	E_0;	S_0	-	E_0;	S_0	-	R_0	

Guanosine	diphosphate	(GDP)	 98.386	 3.61E-08	 7.443	 1.22E-06	 R_0	-	E_0;	S_0	-	E_0	

Glucose	1-phosphate	 97.542	 3.79E-08	 7.4218	 1.22E-06	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

Galactaric	acid	(mucic	acid)	 69.475	 2.52E-07	 6.5979	 6.51E-06	 E_0	-	R_0;	E_0	-	S_0;	S_0	-	R_0	

dCTP	 66.479	 3.22E-07	 6.4924	 6.92E-06	 R_0	-	E_0;	S_0	-	E_0	

Hippuric	acid	 61.235	 5.05E-07	 6.2967	 9.18E-06	 E_0	-	R_0;	E_0	-	S_0;	S_0	-	R_0	

Uracil	 59.905	 5.69E-07	 6.2446	 9.18E-06	 E_0	-	R_0;	E_0	-	S_0	

Sorbitol-6-phosphate	 51.892	 1.24E-06	 5.9068	 1.73E-05	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

Cyclic	AMP	 51.161	 1.34E-06	 5.8737	 1.73E-05	 E_0	-	R_0;	S_0	-	E_0;	S_0	-	R_0	

Sedoheptulose	1-phosphate	 48.875	 1.71E-06	 5.7673	 2.00E-05	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

Cytidine	monophosphate	 45.707	 2.44E-06	 5.6124	 2.62E-05	 R_0	-	E_0;	S_0	-	E_0	

Cytidine	triphosphate	 44.743	 2.73E-06	 5.5633	 2.71E-05	 R_0	-	E_0;	S_0	-	E_0	

N-Acetyl-L-phenylalanine	 43.601	 3.13E-06	 5.5041	 2.79E-05	 E_0	-	R_0;	E_0	-	S_0;	S_0	-	R_0	

Thymine	 43.303	 3.25E-06	 5.4884	 2.79E-05	 E_0	-	R_0;	E_0	-	S_0	

N-Acetyltryptophan	 38.172	 6.28E-06	 5.202	 5.06E-05	 E_0	-	R_0;	E_0	-	S_0;	S_0	-	R_0	

Isocitrate		 36.336	 8.10E-06	 5.0913	 6.15E-05	 E_0	-	R_0;	E_0	-	S_0;	S_0	-	R_0	

Adenine	 34.949	 9.90E-06	 5.0045	 6.82E-05	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

Uridine	5'-diphosphate	 34.843	 1.01E-05	 4.9978	 6.82E-05	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

Salicylic	acid	 32.131	 1.52E-05	 4.8188	 9.79E-05	 E_0	-	R_0;	E_0	-	S_0;	S_0	-	R_0	

dGDP	 31.491	 1.68E-05	 4.7747	 0.000102	 R_0	-	E_0;	S_0	-	E_0	
N-acetylneuraminic	acid	
(new)	 31.273	 1.74E-05	 4.7594	 0.000102	 R_0	-	E_0;	S_0	-	E_0	

Glucuronic	acid	 30.85	 1.86E-05	 4.7297	 0.000105	 E_0	-	R_0;	E_0	-	S_0	

Succinyl-Homoserine		 28.928	 2.57E-05	 4.5901	 0.000136	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

Maleamate	(new)	 28.789	 2.63E-05	 4.5797	 0.000136	 R_0	-	E_0;	S_0	-	E_0	

AICAR	(new)	 27.934	 3.06E-05	 4.5149	 0.000152	 R_0	-	E_0;	S_0	-	E_0	

Thymidine	triphosphate	 27.455	 3.33E-05	 4.4778	 0.000159	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

N-Acetylvaline	 26.907	 3.67E-05	 4.4349	 0.000169	 E_0	-	R_0;	E_0	-	S_0	

N-Acetyl-L-methionine	 24.728	 5.54E-05	 4.2563	 0.000247	 E_0	-	R_0;	E_0	-	S_0	
4-methyl-2-oxovaleric	acid	
(ketoleucine)	(new)	 24.021	 6.37E-05	 4.1956	 0.000274	 E_0	-	R_0;	E_0	-	S_0	
Adenosine	2',3'-cyclic	
phosphate	 19.731	 0.000161	 3.7938	 0.00065	 E_0	-	R_0;	S_0	-	R_0	
Thymidine	5'-phosphate	
(TMP)	 19.718	 0.000161	 3.7925	 0.00065	 R_0	-	E_0;	S_0	-	E_0	

Aspartate	 18.896	 0.000196	 3.7078	 0.000766	 R_0	-	E_0;	S_0	-	E_0	

N-Acetylaspartylglutamic	acid	 18.691	 0.000206	 3.6863	 0.000767	 E_0	-	R_0;	S_0	-	R_0	

2-Isopropylmalic	acid	 18.649	 0.000208	 3.6819	 0.000767	 R_0	-	E_0;	S_0	-	E_0	

TDP	 18.512	 0.000215	 3.6674	 0.000771	 R_0	-	E_0;	S_0	-	E_0	

Glycolic	acid	(new)	 17.019	 0.000314	 3.5036	 0.001093	 R_0	-	E_0;	S_0	-	E_0;	R_0	-	S_0	

Glutathione	(GSH)	 16.795	 0.000333	 3.4781	 0.001129	 R_0	-	E_0;	S_0	-	E_0	

Gluconolactone	 16.142	 0.000396	 3.4024	 0.00131	 R_0	-	E_0;	R_0	-	S_0	
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Pyroglutamic	acid	 15.715	 0.000445	 3.3517	 0.001435	 R_0	-	E_0;	S_0	-	E_0	

UDP-galactose	 14.899	 0.00056	 3.2518	 0.001762	 R_0	-	E_0;	S_0	-	E_0	

Ribulose	5-phosphate	 14.667	 0.000599	 3.2227	 0.001797	 E_0	-	R_0;	E_0	-	S_0	

Oxoadipic	acid	 14.666	 0.000599	 3.2226	 0.001797	 E_0	-	R_0;	E_0	-	S_0	

Mannitol	 14.135	 0.0007	 3.1548	 0.002053	 R_0	-	E_0;	S_0	-	E_0	

3-Methyl-2-oxovaleric	acid	 13.538	 0.000839	 3.0763	 0.002405	 R_0	-	E_0;	S_0	-	E_0	

Fructose	2,6	diphosphate	 13.024	 0.000984	 3.0069	 0.00276	 S_0	-	E_0;	S_0	-	R_0	

2,3-Diphosphoglyceric	acid	 12.704	 0.00109	 2.9627	 0.002991	 S_0	-	E_0;	S_0	-	R_0	

Uridine	5'-monophosphate	 11.792	 0.001471	 2.8324	 0.003953	 R_0	-	E_0;	S_0	-	E_0	

Glutaconic	acid	 11.622	 0.001558	 2.8074	 0.004102	 R_0	-	E_0;	S_0	-	E_0	

Methylisocitric	acid	 10.644	 0.002194	 2.6587	 0.005661	 E_0	-	R_0;	S_0	-	R_0	

Glucose	 10.174	 0.002606	 2.584	 0.006592	 R_0	-	E_0;	S_0	-	E_0	

3-methoxyphenylacetic	acid	 10.076	 0.002703	 2.5682	 0.006706	 E_0	-	R_0;	E_0	-	S_0	

Acetoacetate	 9.8662	 0.002925	 2.5339	 0.007118	 R_0	-	E_0;	S_0	-	E_0	
(R)-2,3-Dihydroxy-3-
methylbutanoate	(new)	 9.2877	 0.003655	 2.4371	 0.008731	 R_0	-	E_0;	S_0	-	E_0	
Adenosine	monophosphate	
(AMP)	 8.7245	 0.004578	 2.3393	 0.010737	 S_0	-	E_0;	S_0	-	R_0	

Adenosine	diphosphate	 8.0977	 0.005943	 2.226	 0.01369	 S_0	-	E_0;	S_0	-	R_0	
2-hydroxy-3-methylvaleric	
acid	(new)	 7.525	 0.007622	 2.1179	 0.01725	 R_0	-	E_0;	S_0	-	E_0	

6-phosphonoglucono-lactone	 7.3532	 0.00823	 2.0846	 0.018012	 R_0	-	E_0;	S_0	-	E_0	

Ribulose	1,5,diphosphate	 7.351	 0.008238	 2.0842	 0.018012	 R_0	-	E_0;	S_0	-	E_0	

3-Hydroxyisovaleric	acid	 7.2401	 0.008661	 2.0624	 0.018451	 R_0	-	E_0;	S_0	-	E_0	

4-Acetylbutyrate	 7.2239	 0.008725	 2.0592	 0.018451	 R_0	-	E_0;	S_0	-	E_0	

Methylglutaric	acid	 7.0488	 0.009451	 2.0245	 0.019664	 R_0	-	E_0;	S_0	-	E_0	

2-Phosphoglyceric	acid	 7.0124	 0.009611	 2.0172	 0.01968	 R_0	-	E_0;	S_0	-	E_0	

Nonate	 6.9569	 0.009861	 2.0061	 0.019876	 R_0	-	E_0;	S_0	-	E_0	

Succinic	acid	 6.4857	 0.012315	 1.9096	 0.024441	 R_0	-	E_0	

N-Acetyl-L-alanine	 6.2628	 0.01372	 1.8626	 0.026817	 E_0	-	R_0	

Cytidine	diphosphate	 6.2184	 0.014022	 1.8532	 0.026998	 R_0	-	E_0;	S_0	-	E_0	

Dimethyl	fumarate	 6.1072	 0.014813	 1.8294	 0.028101	 S_0	-	E_0	

Glutaric	acid	 5.981	 0.015774	 1.8021	 0.029491	 R_0	-	E_0;	S_0	-	E_0	

Ureidopropionic	acid	 5.8732	 0.016653	 1.7785	 0.030275	 R_0	-	E_0;	S_0	-	E_0	

Butyric	acid	 5.872	 0.016663	 1.7782	 0.030275	 S_0	-	E_0	

3-Phosphoglyceric	acid	 5.817	 0.017134	 1.7661	 0.030699	 R_0	-	E_0;	S_0	-	E_0	

3,3	Dimethyl	glutarate	 5.7698	 0.017551	 1.7557	 0.031014	 R_0	-	E_0;	S_0	-	E_0	

Shikimic	acid	 5.6857	 0.018322	 1.737	 0.031934	 R_0	-	E_0;	S_0	-	E_0	
Methyl	beta-D-
glucopyranoside	 5.66	 0.018566	 1.7313	 0.031934	 R_0	-	E_0;	S_0	-	E_0	

Hydrocinnamic	acid	 5.5919	 0.01923	 1.716	 0.03264	 R_0	-	E_0;	S_0	-	E_0	

3-Hydroxymethylglutarate	 5.5319	 0.019838	 1.7025	 0.033235	 R_0	-	E_0;	S_0	-	E_0	

2-Ketobutyric	acid	 5.3071	 0.022325	 1.6512	 0.036923	 S_0	-	E_0	

N-Acetylglutamate	 5.2354	 0.023194	 1.6346	 0.037874	 E_0	-	R_0	

Kojic	acid	 5.0941	 0.025024	 1.6016	 0.040351	 R_0	-	E_0	

Pantoic	acid	(new)	 5.0005	 0.026329	 1.5796	 0.041932	 E_0	-	S_0;	R_0	-	S_0	
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Table	 Appendix	 II.II	 Attempt	 to	 identify	 compound	 features	 based	 on	 retention	 time	 and	m/z.	 Possible	
metabolites	were	suggested	using	database	searches	from	HMDB,	METLIN,	and	ECMDB.	The	table	includes	information	
on	whether	predicted	MS/MS	spectra	were	available	for	these	features	and	whether	experimental	MS/MS	data	matched	
the	predicted	spectra.	Many	features	either	lacked	predicted	MS/MS	spectra	or	showed	no	matches	to	experimental	
MS/MS	 data,	 highlighting	 challenges	 in	 definitive	 metabolite	 identification.	 Top	 10	 most	 significantly	 altered	
compound	features	between	E,	S,	and	R	strain.	

Compound-
feature	
(RT_m/z)	

Possible	metabolite	 Database	
source	

Predicted	
MS/MS	
available?	

MS/MS	
Match?	

9.48_729.6900	 Diglyceride	or	
diacylglycerol	(+364	other	
possibility)	

HMDB	 No	 No	

12.53_319.0960	 4-[(1,3-Dithian-2-
yl)methyl]-4-
(ethoxycarbonyl)hexanoate	

METLIN	 No	 No	

16.89_351.1274	 Amylose	 ECMDB	 Yes	 No	
20.99_319.0960	 320	possibilities	 HMDB	 	 	
4.46_305.0881	 Pirimiphos-methyl	 METLIN/HMDB	 No	 No	
13.81_223.7514	 Phosphorus	dibromide	

chloride	
METLIN	 No	 No	

3.39_569.2583	 Dipiperamide	E	(+218)	 HMDB	 Yes	 No	
3.30_240.1354	 N/A	 	 	 	
7.80_226.0622	 N/A	 	 	 	
22.20_371.5388	 N/A	 	 	 	

 

  

Figure	 II.III	 PCA	of	metabolic	 profiles	 from	 repeated	 experiments.	 PCA	 scores	 plots	 show	 the	 clustering	 of	
metabolic	 profiles	 for	 E.	 coli	 strains	 (E,	 S,	 and	 R)	 under	 identical	 experimental	 conditions	 in	 two	 separate	
experimental	repeats.	(A)	PCA	plot	of	experiment	from	300622	metabolites	showing	distinct	clustering	for	E	and	R	
strains,	with	S	positioned	in	between,	consistent	with	the	trends	observed	in	the	primary	dataset.	(B)	PCA	plot	of	
experiment	from	160922	demonstrating	similar	reproducibility	in	clustering	patterns	between	experimental	batches.	
These	results	confirm	the	reproducibility	of	observed	trends	under	the	same	experimental	conditions.	

300622 160922 
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Figure	 II.IV	 Performance	metrics	 for	 PLS-DA	model	 across	 wild-type	 (E),	 meropenem-susceptible	 (S),	
meropenem-resistant	(R)	strains.	The	plot	illustrates	accuracy	(blue),	R2	(pink),	and	Q2	(light	blue)	values	for	
each	 component.	 An	 asterisk	 (*)	 marks	 the	 optimal	 number	 of	 components	 (3),	 where	 the	 balance	 between	
explained	variance	(R2)	and	predictive	power	(Q2)	is	maximized.	The	results	highlight	potential	concerns	with	
overfitting,	as	the	Q2	values	are	consistently	lower	compared	to	R2,	suggesting	limited	predictive	power	despite	
high	accuracy	and	explained	variance.	

Figure	II.V	OPLS-DA	analysis	for	E	vs.	S	strains.	The	feature	importance	plot	(top-left)	displays	the	contribution	of	
each	compound	feature	to	the	model,	with	significant	metabolites	highlighted.	The	VIP	scores	plot	(top-right)	ranks	
the	most	important	metabolites	contributing	to	group	separation.	The	model	validation	metrics	(bottom-left)	show	
high	R2Y	(0.999)	and	Q2	(0.91)	values,	indicating	a	strong	model	fit	and	predictive	ability.	The	permutation	test	results	
(bottom-right)	confirm	that	the	observed	Q2	and	R2Y	values	are	significantly	higher	than	those	obtained	from	20	
permutations	(p	<	0.05,	0/20	permutations),	verifying	the	model's	statistical	significance.	These	results	demonstrate	
that	the	observed	separation	between	E	and	S	strains	is	robust	and	not	due	to	random	chance.	
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Figure	 II.VI	 OPLS-DA	 analysis	 for	 E	 vs.	 R	 strains.	 The	 feature	 importance	 plot	 (top-left)	 highlights	 the	
contribution	 of	 individual	metabolites	 to	 the	 separation	 between	 E	 and	 R	 strains,	with	 key	 compound	 feature	
labelled.	The	VIP	scores	plot	(top-right)	ranks	the	most	important	metabolites	contributing	to	group	separation.	
The	model	validation	metrics	(bottom-left)	show	R2Y	=	0.999	and	Q2	=	0.872,	indicating	a	strong	model	fit	and	
predictive	power.	The	permutation	test	results	(bottom-right)	confirm	the	statistical	significance	of	the	model,	with	
observed	 Q2	 and	 R2Y	 values	 significantly	 higher	 than	 those	 obtained	 from	 20	 permutations	 (p	 <	 0.05,	 0/20	
permutations).	These	results	validate	the	robustness	of	the	model	in	distinguishing	between	E	and	R	strains	while	
indicating	potential	concerns	regarding	overfitting.	
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Table	Appendix	 II.III	 Attempt	 to	 identify	 compound	 features	 significantly	 altered	between	 S	 and	R	 strains	
under	 4	 µg/ml	 meropenem.	 Features	 were	 identified	 based	 on	 retention	 time	 (RT)	 and	 m/z	 values.	 Possible	
metabolites	were	suggested	using	database	searches	from	HMDB.	The	table	includes	information	on	whether	predicted	
MS/MS	spectra	were	available	for	these	features	and	whether	experimental	MS/MS	data	matched	the	predicted	spectra.	
Many	features	lacked	predicted	MS/MS	spectra	or	showed	no	matches	to	experimental	MS/MS	data,	underscoring	the	
challenges	in	definitive	metabolite	identification.	

Compound-
feature	
(RT_m/z)	

Possible	metabolite	 Database	
source	

Predicted	
MS/MS	
available?	

MS/MS	
Match?	

7.96_162.9579	 N/A	 HMDB	 No	 No	
30.94_373.1328	 1,1’-Bis(2-hydroxy-3-

methylcarbazole)	
HMDB	 Yes	 No	

4.52_714.4621	 N/A	 HMDB	 Yes	 No	
4.46_269.0701	 N,N’-Bis(g-glutamyl)-3,3’-(1,2-

propylenedithio)dialanine	
HMDB	 Yes	 No	

4.46_305.0881	 Starch	acetate	 HMDB	 No	 No	
3.59_225.0518	 3-Nitrotyrosine	 HMDB	 No	 No	
10.75_602.2020	 N-[(1R)-1-[3-(4-Ethoxyphenyl)-4-

oxopyrido[2,3-d]pyrimidin-2-
yl]ethyl]-N-(pyridine-3-ylmethyl)-2-
[4-
(trifluoromethoxy)phenyl]acetamide	
(blood?)	

HMDB	 Yes	 No	

18.24_338.5447	 UCP-N-acetylmuraminate	 HMDB	 No	 No	
8.02_204.9674	 Etidronic	acid	 HMDB	 Yes	 No	
8.02_202.9705	 Acetazolamide	 HMDB	 Yes	 No	

Figure	 II.VII	24-hour	growth	 curve	 of	E.	 coli	wild-type	 strain	 in	 the	presence	 of	 various	 concentration	 of	
meropenem.	The	OD600	was	measured	every	10	minutes	for	over	a	24-hour	period.	The	concentrations	of	meropenem	
tested	were	0,	0.25,	0.5,	1,	2,	4,	8,	16,	32,	64,	128,	256	μg/mL,	as	indicated	in	the	legend.		
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Figure	 II.VIII	 24-hour	 growth	 curve	 of	 E.	 coli	 meropenem-susceptible	 strain	 in	 the	 presence	 of	 various	
concentration	 of	 meropenem.	 The	 OD600	 was	 measured	 every	 10	 minutes	 for	 over	 a	 24-hour	 period.	 The	
concentrations	of	meropenem	tested	were	0,	0.25,	0.5,	1,	2,	4,	8,	16,	32,	64,	128,	256	μg/mL,	as	indicated	in	the	legend.	
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Figure	II.IX	Unclustered	heatmap	of	normalized	metabolite	abundances	across	E.	coli	strains	and	treatment	
conditions.	The	heatmap	displays	metabolite	abundance	profiles	across	wild-type	(E),	meropenem-susceptible	(S),	
and	 meropenem-resistant	 (R)	 strains	 under	 different	 treatment	 conditions	 (0	 µg/mL,	 1	 µg/mL,	 and	 4	 µg/mL	
meropenem	exposure).	Rows	represent	individual	metabolites,	while	columns	correspond	to	biological	replicates	for	
each	 condition.	 Metabolite	 abundances	 are	 scaled	 (z-scores)	 and	 visualized	 using	 a	 gradient	 from	 blue	 (low	
abundance)	 to	red	 (high	abundance).	The	 colour-coded	bar	at	the	 top	 indicates	different	 strains	and	 treatment	
groups.		
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Appendix	III 	
This	 appendix	 provides	 supplementary	 data	 supporting	 the	 Seahorse	 Analyser	 data	 for	
Chapter	5.	

Appendix	III.I Pilot	study	using	XF	Glycolysis	Stress	Test	to	investigate	glycolytic	
function	in	E.	coli		
To	explore	the	feasibility	of	live	bacterial	cell	analysis	using	the	Seahorse	XF	system,	the	XF	
Glycolysis	Stress	Test	was	chosen	as	a	pilot	assay	to	investigate	glycolytic	function	in	E.	coli	
strains	 with	 and	 without	 meropenem	 exposure.	 The	 assay	 aimed	 to	 determine	 glycolytic	
capacity	and	reserve	through	sequential	injections	of	glucose,	oligomycin,	and	2-DG,	providing	
a	dynamic	assessment	of	cellular	energy	metabolism.	The	study	employed	the	standard	assay	
designed	 for	 eukaryotic	 cells	 to	 evaluate	 its	 relevance	 for	 bacterial	 systems	 and	 the	
effectiveness	of	the	pharmacological	interventions	used	therein.	

Figure	II.X	PCA	scores	plot	of	metabolomic	profiles	across	E.	coli	strains	and	treatment	conditions.	The	PCA	
plot	visualizes	the	distribution	of	metabolite	profiles	in	wild-type	(E),	susceptible	(S),	and	resistant	(R)	strains	under	
different	treatment	conditions	(0	µg/mL,	1	µg/mL.	and	4	µg/mL	meropenem	exposure).	Each	point	represents	an	
individual	 biological	 replicate,	 with	 ellipses	 indicating	 95%	 confidence	 intervals	 for	 each	 group.	 Principal	
component	1	(PC1)	and	principal	component	2	(PC2)	explain	9.7%	and	5.0%	of	the	variance,	respectively.	
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III.I.I Experimental	Design	and	Workflow	
Cells	were	 grown	overnight	 and	 subcultures	 to	 an	optical	 density	 (OD)	of	0.3	before	being	
diluted	to	an	OD	of	0.02.434	A	volume	of	250	μl	was	spun	down	and	fresh	media	was	added	to	a	
final	volume	of	500	μl	for	the	assay.	The	Glycolysis	Stress	Test	medium	was	prepared	according	
to	 XF	 Glycolysis	 Stress	 Test	 Assay	 guidelines	 (2.6.3.1).	 The	 assay	 began	 with	 cells	 in	 the	
glycolysis	 stress	 test	 medium	 devoid	 of	 glucose	 or	 pyruvate,	 creating	 a	 substrate-limited	
environment.	This	condition	allowed	the	establishment	of	a	baseline	measurements	for	ECAR	
and	OCR,	representing	non-glycolytic	acidification	and	basal	oxygen	consumption.		

For	 each	 strain,	 cells	 were	 divided	 into	 two	 groups,	 one	 group	 had	 an	 extra	 meropenem	
injection	 before	 the	 injection	 of	 glucose,	 while	 the	 other	 group	 received	 only	 the	 assay	
compounds	 without	 additional	 meropenem.	 This	 setup	 allowed	 a	 direct	 comparison	 of	
metabolic	responses	with	and	without	antibiotic.	

All	samples	were	 injected	with	glucose	to	stimulate	glycolysis.	The	 increased	glycolytic	 flux	
was	intended	to	enhance	the	production	of	pyruvate,	ATP,	NADH,	water	and	protons.	Pyruvate,	
depending	on	cellular	conditions,	could	be	metabolised	via	two	primary	routes:		conversion	to	
acetyl-CoA	for	entry	 into	the	TCA	cycle,	supporting	OXPHOS	through	the	bacterial	ETC.	The	
increased	proton	export	associated	with	these	metabolic	processes	expected	to	elevate	ECAR,	
representing	glycolytic	activity.		

Subsequently,	oligomycin	was	injected	as	an	ATP	synthase	inhibitor,	blocking	proton	re-entry	
through	 ATP	 synthase	 and	 inhibiting	 oxidative	 phosphorylation.	 This	 forced	 cells	 to	 rely	
entirely	on	glycolysis	 for	ATP	production.	 In	E.	coli,	 this	 inhibition	 is	expected	to	 lead	to	an	
accumulation	of	acetyl-CoA	and	enhanced	proton	export	through	glycolytic	pathways,	further	
increasing	ECAR.	The	ECAR	during	this	phase	represented	the	maximal	glycolytic	capacity	of	
the	cells,	highlighting	their	ability	to	compensate	for	inhibited	oxidative	metabolism.	

The	 final	 step	 involved	 the	 injection	 of	 2-DG,	 a	 glucose	 analogue	 that	 inhibit	 glycolysis	 by	
competitively	 blocking	 glucose	 phosphorylation	 via	 glucokinase,	 preventing	 glucose-6-
phosphate	entry	into	glycolysis,	halting	glycolytic	acidification.	The	resulting	ECAR	reflected	
non-glycolytic	 acidification,	 arising	 from	 processes	 such	 as	 CO2	 hydration	 or	 basal	 proton	
export.	By	subtracting	this	value	from	earlier	measurements,	key	parameters	such	as	glycolytic	
activity	and	reserve	capacity	were	quantified.	

Two	basic	measurements	made	 in	 the	 Seahorse	 assay:	 1)	 extracellular	 acidification	 and	2)	
oxygen	 levels.	When	 combined	with	 the	 effect	 of	 the	 pharmacological	 interventions	which	
manipulated	 energy	metabolism	 in	 eukaryotic	 cells,	 and	 changes	 in	 these	 levels	 over	 time,	
these	data	are	used	to	interpret	non-glycolytic	acidification,	glycolysis	rate,	glycolytic	capacity,	
and	glycolytic	reserve.	Non-glycolytic	acidification	was	determined	as	the	lowest	ECAR	after	2-
DG	injection,	representing	acidification	not	attributed	to	glycolysis.	Glycolysis	was	calculated	
as	 the	 difference	 between	 maximal	 ECAR	 after	 glucose	 injection	 and	 the	 non-glycolytic	
acidification	 rate.	 Glycolytic	 capacity	was	 determined	 as	 the	maximal	 ECAR	 achieved	 after	
oligomycin	injection	minus	the	non-glycolytic	acidification	rate,	reflecting	the	ability	of	cells	to	
enhance	 glycolytic	 flux	 when	 oxidative	 pathways	 were	 inhibited.	 Glycolytic	 reserve	 was	
defined	as	the	difference	between	glycolytic	capacity	and	glycolysis,	 indicating	the	ability	of	
cells	to	meet	increased	energy	demands	through	glycolysis.	
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III.I.II Results	
 

Figure	III.I	Overview	of	XF	Glycolysis	Stress	Test	pilot	experiment.	The	top	left	panel	shows	the	oxygen	consumption	
rate	 (OCR)	 over	 time	 for	 meropenem-susceptible	 (blue)	 and	 meropenem-resistant	 (green)	 E.	 coli	 strains	 under	
sequential	 injections	 of	 glucose,	 oligomycin,	 and	 2-DG.	 Planned	 additions	 of	meropenem	 (purple	 -susceptible,	 and	
yellow-	resistant)	was	 incomplete	due	 to	 errors	 in	assay	protocol.	The	bottom	 left	 panel	displays	 the	 extracellular	
acidification	rate	(ECAR)	for	the	same	strains	over	the	course	of	the	assay.	The	right	panel	presents	an	energy	map	
derived	 from	 the	 OCR	 and	 ECAR	 data,	 categorising	 the	 metabolic	 profiles	 of	 the	 strains	 into	 aerobic,	 energetic,	
glycolytic,	or	quiescent	states.	Error	bars	represent	standard	deviations	from	three	technical	replicates.	

Figure	III.II	Detailed	OCR	Results	from	XF	Glycolysis	Stress	Test	for	E.	coli	Strains.	Oxygen	consumption	rate	(OCR)	
measurements	 for	 meropenem-susceptible	 (blue)	 and	 meropenem-resistant	 (green)	 E.	 coli	 strains	 under	 the	 XF	
Glycolysis	Stress	Test.	The	sequential	injections	of	glucose,	oligomycin,	and	2-deoxy-D-glucose	(2-DG)	are	marked	along	
the	timeline,	capturing	basal	respiration,	ATP-linked	respiration,	and	non-ETC-related	respiration.	The	plate	map	on	
the	right	shows	OCR	values	 for	 individual	wells	at	 the	end	of	 the	assay,	highlighting	variability	 in	respiration	rates	
across	the	experimental	groups.	The	bar	graph	presents	the	average	OCR	for	each	condition,	 indicating	differences	
between	the	strains.	High	variability	in	OCR	values	indicates	potential	issues	with	cell	adhesion	to	the	plate	and	assay	
conditions.	
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III.I.III Discussion	

The	pilot	study	underscored	significant	limitations	in	using	the	XF	Glycolysis	Stress	Test	for	
bacterial	 systems.	 The	 experimental	 outcomes	 deviated	 significantly	 from	 what	 would	 be	
expected	 in	 eukaryotic	 systems	 due	 to	 procedural	 errors,	 including	 incorrect	 injection	
sequences	and	incomplete	data	acquisition	in	certain	groups.	For	instance,	in	the	meropenem-
treated	susceptible	strain	(S_mero),	the	final	injection	delivered	oligomycin	instead	of	2-DG,	
compromising	ECAR	interpretation	and	obscuring	glycolytic	responses.	Substantial	variability	
in	OCR	values,	 including	abnormally	 low	or	negative	readings	 in	some	wells	were	 linked	to	
inadequate	cell	adhesion	and	uneven	cell	distribution.	Similar	variability	in	ECAR	data	further	
supported	these	findings.	For	non-adherent	E.	coli	cells,	the	absence	of	proper	plate	coating,	
such	as	poly-L-lysine,	contributed	to	cell	detachment	during	the	assay.	Detached	cells	reduced	
the	reliability	of	metabolic	measurements,	 leading	to	diminished	OCR	and	ECAR	values	and	
increased	variability	across	replicates.	Additionally,	the	rapid	oxygen	consumption	by	E.	coli	
created	hypoxic	conditions	within	the	assay	chamber,	further	complicating	OCR	measurements	
and	reducing	the	robustness	of	the	data.	

Moreover,	 the	 design	 of	 the	 Glycolysis	 Stress	 Test	 assumes	 that	 glycolytic	 acidification	
primarily	reflects	lactate	production,	a	pathway	dominant	in	mammalian	cells.	However,	in	E.	
coli,	 extracellular	 acidification	 is	 primarily	 driven	 by	 proton	 export	 and	 the	 production	 of	
fermentation	 by-products	 such	 as	 acetate	 and	 formate,	 rather	 than	 lactate.	 This	metabolic	
distinction	rendered	the	assay	unsuitable	for	accurately	quantifying	glycolytic	activity	in	E.	coli,	
as	the	underlying	assumptions	did	not	align	with	the	bacterial	physiology.	

These	 findings	 revealed	 the	 need	 to	 transition	 from	 the	 Glycolysis	 Stress	 Test	 to	 the	 XF	
Glycolysis	Rate	Assay	for	future	studies.	The	Glycolysis	Rate	Assay	accounts	for	non-glycolytic	
contributions	to	acidification,	offering	a	more	accurate	and	nuanced	assessment	of	glycolytic	
activity	 in	 bacterial	 systems.	 By	 distinguishing	 glycolysis-specific	 acidification	 from	 other	
sources,	the	Glycolysis	Rate	Assay	addresses	the	limitations	observed	in	the	pilot	study	and	
provides	a	more	reliable	framework	for	investigating	glycolytic	dynamics	in	E.	coli.	
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Figure	III.III	Oxygen	levels	during	the	XF	Cell	Phenotype	Test	for	meropenem-susceptible	(E.	coli)	at	varying	
seeding	densities.	Oxygen	levels	(mmHg)	were	monitored	throughout	the	Seahorse	XF	Cell	Energy	Phenotype	Test	
for	cells	seeded	at	OD	0.01	(blue),	0.02	(green),	0.04	(purple),	and	0.08	(yellow).	The	periodic	dips	correspond	to	
measurement	and	mixing	cycles,	with	the	injection	of	oligomycin	indicated	in	green.	Oxygen	depletion	was	observed	
at	higher	densities,	 particularly	at	OD	0.08,	where	 levels	 consistently	dropped	below	 the	hypoxia	 threshold	 (35	
mmHg)	 during	 later	 time	 points.	 These	 data	 were	 used	 to	 assess	 oxygen	 availability	 across	 different	 seeding	
conditions	 and	 inform	 the	 selection	 of	 optimal	 densities	 for	 Seahorse	 assays.	 Error	 bars	 represent	 standard	
deviations	from	biological	replicates	(n=5).	
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Figure	 III.	 IV	Seahorse	XF	Cell	Energy	Phenotype	Test	Report	 for	 the	meropenem-susceptible	 (S)	E.	coli	
strain.	The	data	show	A)	XF	cell	energy	phenotype,	B)	metabolic	potential,	C)	oxygen	consumption	rate	(OCR),	and	
D)	extracellular	acidification	rate	(ECAR)	under	basal	and	stressed	conditions	across	seeding	densities	(OD	0.01,	
0.02,	0.04,	and	0.08).	Group	legend	colours	correspond	to	OD	densities:	blue	(0.01),	red	(0.02),	green	(0.04),	and	
purple	(0.08).	Error	bars	represent	standard	deviation	across	replicates	(n=5).	 	
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Figure	 III.V	Oxygen	 levels	during	 the	XF	Cell	Energy	Phenotype	Test	 for	meropenem-resistant	 (E.	 coli)	at	
varying	 seeding	 densities.	 Oxygen	 levels	 (mmHg)	 were	 monitored	 throughout	 the	 Seahorse	 XF	 Cell	 Energy	
Phenotype	Test	for	the	meropenem-resistant	(E.	coli)	strain	at	OD	0.01	(blue),	0.02	(green),	0.04	(purple),	and	0.08	
(yellow).	The	periodic	declines	correspond	to	measurement	and	mixing	cycles,	with	the	oligomycin	injection	indicated	
in	green.	Oxygen	depletion	was	most	pronounced	at	OD	0.08,	where	levels	consistently	dropped	below	the	hypoxia	
threshold	(35	mmHg)	as	the	assay	progressed.	These	data	highlight	the	impact	of	cell	density	on	oxygen	availability	
and	were	used	to	determine	optimal	seeding	conditions	for	Seahorse	assays.	Error	bars	represent	standard	deviation	
from	biological	replicates	(n=5).	
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Figure	III.VI	Seahorse	XF	Cell	Energy	Phenotype	Test	Report	for	the	meropenem-resistant	(R)	E.	coli	strain.	
The	data	display	A)	XF	cell	energy	phenotype,	B)	metabolic	potential,	C)	oxygen	consumption	rate	(OCR),	and	D)	
extracellular	acidification	rate	(ECAR)	under	basal	and	stressed	conditions	across	seeding	densities	(OD	0.01,	0.02,	
0.04,	and	0.08).	Group	legend	colours	correspond	to	OD	densities:	blue	(0.01),	red	(0.02),	green	(0.04),	and	purple	
(0.08).	Error	bars	represent	standard	deviations	across	replicates.	
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Figure	 III.VII	 Seahorse	 XF	 Cell	 Energy	Phenotype	 Test	Report	 for	 the	meropenem-susceptible	 (S)	E.	 coli	
strains	 at	 varying	 FCCP	 concentrations	 (0.25	 µM,	 0.5	 µM,	 1.0	 µM,	 2.0	 µM).	 The	 metabolic	 phenotype	 is	
categorized	into	aerobic,	energetic,	glycolytic,	and	quiescent	states	based	on	OCR	and	ECAR	measurements.	The	data	
display	A)	XF	cell	energy	phenotype,	B)	metabolic	potential,	C)	OCR,	and	D)	extracellular	acidification	rate	(ECAR)	
under	basal	and	stressed	conditions	across	FCCP	concentration	(0.25,	0.5,	1.0,	and	2.0	μM).	Group	legend	colours	
correspond	 to	 FCCP	 concentrations:	 blue	 (0.25),	 red	 (0.5),	 green	 (1.0),	 and	 purple	 (2.0).	 Error	 bars	 represent	
standard	deviations	across	replicates.	
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Appendix	

356	
 

	 	

A B 

C D 

Figure	III.VIII	Energy	map	of	meropenem-resistant	(R)	E.	coli	strains	at	varying	FCCP	concentrations	(0.25	
µM,	0.5	µM,	1.0	µM,	2.0	µM).	 The	metabolic	phenotype	 is	 categorized	 into	aerobic,	 energetic,	 glycolytic,	 and	
quiescent	states	based	on	OCR	and	ECAR	measurements.	The	data	display	A)	XF	cell	energy	phenotype,	B)	metabolic	
potential,	 C)	 oxygen	 consumption	 rate	 (OCR),	 and	D)	 extracellular	 acidification	 rate	 (ECAR)	 under	 basal	 and	
stressed	conditions	across	FCCP	concentration	(0.25,	0.5,	1.0,	and	2.0	μM).	Group	legend	colours	correspond	to	FCCP	
concentrations:	blue	(0.25),	red	(0.5),	green	(1.0),	and	purple	(2.0).	Error	bars	represent	standard	deviations	across	
replicates.	



Appendix	

357	
 

Appendix	III.II Buffer	factor	calculation	
The	BF	is	a	measure	of	the	medium’s	buffering	capacity,	defined	as	the	amount	of	acid	(or	base)	
required	to	induce	a	unit	change	in	pH.	It	is	calculated	using	the	formula:	

𝐵𝐹 =
∆𝐶
∆𝑝𝐻 

∆C	=	total	concentration	of	titrant	(HCl)	added	in	mM	

∆pH	=	change	in	pH	resulting	from	titration	

Linear	 regression	was	 performed	 on	 pH	 response	 data	 for	 HCl-treated	wells	where	media	
titrated	with	HCl	and	control	wells	where	an	equivalent	volume	of	2TY	medium	added	instead	
of	HCL,	providing	a	baseline	of	pH	variation	in	the	absence	of	acid	titration.	

Regression	equations:	

Control:	 	 	𝑝𝐻 = 0.0159𝑥 + 6.6536	

This	 equation	 confirms	 that	background	 fluctuations	 in	pH	are	minimal,	 validating	 that	pH	
shifts	in	the	experimental	wells	are	due	to	HCl	titration	rather	than	dilution	effects.	

HCl-treated	wells:	 	𝑝𝐻 =	−0.1828𝑥 + 6.6193	

The	slope	(-0.1828)	represents	the	rate	of	pH	change	per	unit	of	added	HCl	concentration.	

Since	BF	is	based	on	the	buffering	effect	of	the	medium,	only	the	HCl-treated	condition	is	used	
for	the	calculation.	

The	total	amount	of	HCl	added	per	well	was	determined	as	follows:	

Initial	well	volume	=	525	μL	

HCl	stock	concentration	=	mM	

Injection	volume	per	addition	=	75	μL		

Total	number	of	injections	=	3	

Total	volume	of	HCl	added	=	75	μL	×	3	=	225	μL		

Using	dilution	principles,	the	total	concentration	of	HCl	in	the	well	is:	

𝐶!"!#$ =	
(225	µL	 × 5	mM)
(525	µL + 225	µL) = 	

1125	𝑛𝑚𝑜𝑙
750	µL 	1.5	𝑚𝑀	

The	change	in	pH	(∆pH)	is	calculated	by	substituting	x	=	1.5	mM	into	the	HCl-treated	regression	
equation:	

Initial	pH	(before	HCl	addition):	 	𝑝𝐻'-'8'9& = 6.6193	

Final	pH	(after	1.5	mM	HCl	addition):	 𝑝𝐻:'-9& = (−0.1828	 × 1.5) + 6.6193 = 6.3451	

Change	in	pH:	 	 	 	 ∆𝑝𝐻 = 6.6193 − 6.3451 = 0.3324	

𝐵𝐹 = %.'	)*
+.,,-.

= 5.0339𝑚𝑀/𝑝𝐻	 	
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Figure	 III.IX	 The	 concentration	 curve	 illustrates	 the	 relationship	 between	 optical	 density	 (OD)	 and	
luminescence	as	measured	by	BacTiter-Glo™	for	E	(wild-type),	S	(susceptible),	and	R	(resistant)	strains.	
Luminescence	reflects	metabolic	activity	corresponding	to	bacterial	growth.	
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Appendix	IV 	
This	 appendix	 presents	 data	 from	 the	 exploration	 of	 alternative	 compounds	 for	 potential	
combination	therapy	with	meropenem.	

 

Figure	IV.I	Impact	of	compounds	on	OCR	and	ECAR	in	meropenem-resistant	E.	coli	strain.	OCR	(top	panel)	and	
ECAR	(bottom	panel)	were	measured	over	time	using	a	Seahorse	XFe24	Analyzer	after	the	addition	of	100	µM	of	
different	 compounds	 to	a	meropenem-resistant	E.	 coli	 strain.	The	 compounds	 tested	 included	heptelidic	acid,	 2-
ketobutyric	 acid,	 DHEA,	 resveratrol,	 taniborbactam,	 and	 piceatannol,	 alongside	 control	 conditions.	 Error	 bars	
represent	the	standard	error	of	the	mean	(SEM)	for	each	condition.	Significant	changes	in	OCR	or	ECAR	may	indicate	
metabolic	disruptions	caused	by	the	compounds.	


