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Abstract 

An essential property of microbial communities is the ability to survive a 

disturbance. This is readily observed in bacteria, which have developed the ability to 

survive every antibiotic treatment at an alarming rate, considering the timescale at which 

new antibiotics are developed. Thus, there is a critical need to use antibiotics more 

effectively, extend the shelf life of existing antibiotics and minimize their side effects. 

This requires understanding the mechanisms underlying bacterial drug responses. Past 

studies have focused on survival in the presence of antibiotics by individual cells, such as 

genetic mutants. Also important, however, is the fact that a population of bacterial cells 

can collectively survive antibiotic treatments lethal to individual cells. This tolerance can 

arise by diverse mechanisms, including resistance-conferring enzyme production, 

titration-mediated bistable growth inhibition, swarming and interpopulation interactions. 

These strategies can enable rapid population recovery after antibiotic treatment and 

provide a time window during which otherwise susceptible bacteria can acquire 

inheritable genetic resistance. 

To further explore bacterial antibiotic responses, I focused on bacteria producing 

β-lactamase, an enzyme that has drastically limited the use of our most commonly 

prescribed antibiotics: β-lactams. Through the characterization of clinical isolates and a 

computational model, my Ph.D. thesis has three implications: 
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First, survival can be achieved through resistance, the ability to absorb effects of 

a disturbance without a significant change, or resilience, the ability to recover after being 

perturbed by a disturbance. Current practices for determining the antibiotic sensitivity of 

bacteria do not characterize a population as resistant and/or resilient, they only report 

whether the bacteria can survive the antibiotic exposure. As resistance and resilience 

often depend on different attributes, distinguishing between these two modes of survival 

could inform treatment strategies. These concepts have long been applied to the analysis 

of ecological systems, though their interpretations are often subject to debate. This 

framework readily lends itself to the dissection of the bacterial response to antibiotic 

treatment, where both terms can be unambiguously defined.  

Second, the ability to tolerate the antibiotic treatment in the short term 

corresponds to resistance, which primarily depends on traits associated with individual 

cells. In contrast, the ability to recover after being perturbed by an antibiotic corresponds 

to resilience, which primarily depends on traits associated with the population.  

And finally, understanding the temporal dynamics of an antibiotic response could 

guide the design of a dosing protocol to optimize treatment efficiency for any antibiotic-

pathogen combination. Ultimately, optimized dosing protocols could allow reintroduction 

of a repertoire of first-line antibiotics with improved treatment outcomes and preserve 

last-resort antibiotics. 
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1. Introduction 

Currently, bacterial antibiotic responses are categorized as sensitive, intermediate, 

or resistant based on the absence or presence of growth after a set exposure time to a set 

antibiotic dose. However, temporal dynamics reveal that antibiotic responses are more 

complex, involving varying degrees of resistance and resilience. The ability to quantify 

and identify the determinants for these differing responses is crucial for predicting how 

bacteria will respond to a treatment. Although resistance and resilience have been defined 

in the literature for decades, the resistance-resilience framework has not been widely 

applied. This is partially because it is often difficult to determine the pre-disturbance state 

of a population, the definitions vary, and there is a lack of quantitative studies 

demonstrating how to implement these terms.  

To quantify these responses, we developed and applied metrics using clinical 

isolates producing β-lactamase and a kinetic model. These metrics can be used to dissect 

the responses of other systems and guide the optimization of treatment strategies.  

1.1 Objectives  

 The objectives of my thesis are to (1) develop a resistance-resilience framework for 

dissecting bacterial antibiotic responses and (2) demonstrate how capturing the temporal 

dynamics of an antibiotic response can guide the optimization of multi-dose treatments. 

Specifically: 

Objective 1: Develop a resistance-resilience framework for antibiotic responses 
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 This includes: characterizing the antibiotic response of clinical isolates producing β-

lactamase; developing a kinetic model to further explore the effectors of resistance and resilience; 

apply resistance-resilience framework in dissecting antibiotic responses to identify optimal 

treatment strategies.  

Objective 2: Use temporal dynamics of the antibiotic response to optimize multi-dosing protocols 

 This includes: developing a kinetic model that captures the characteristic response of 

isolates producing β-lactamase (Bla) exposed to a β-lactam; formulating a metric that captures the 

temporal dynamics of an antibiotic response; using the metric to predict the outcome of a multi-

dose treatment.  

1.2 Organization of the objectives 

This dissertation is divided into three chapters: 

Chapter 2 discusses the different mechanisms bacteria use to survive antibiotic exposure. 

In particular, this chapter focuses on collective antibiotic tolerance, its underlying mechanisms, 

and how this knowledge can be used to inform bacterial treatment strategies.   

Chapter 3 develops a resistance-resilience framework for dissecting bacterial antibiotic 

responses. Our analysis reveals that the antibiotic response is not absolute, but rather a dynamic 

response that shifts from depending on resistance and resilience to different degrees, depending 

on the concentration of antibiotic applied and the underlying mechanisms of the population. To 

this end, resistance is reflective of the short-term antibiotic response and primarily 

dependent on single cell traits, whereas resilience reflects a long-term response and 

primarily depends on population-level traits. Ultimately, this chapter provides a 
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quantitative framework that can be used to dissect other systems’ responses and guide the 

formulation of improved treatment strategies. 

 Chapter 4 demonstrates how the antibiotic response to a single dose can predict the 

outcome of a multi-dose regimen. The analysis of this chapter revealed how the temporal 

dynamics of antibiotic responses could be used to identify a window of increased antibiotic 

susceptibility. To capture this window of susceptibility, we used the metric recovery time, or the 

amount of time a population needs to recover to its initial density prior to the addition of an 

antibiotic. Using a kinetic model, we demonstrated how a population of bacteria producing low-

to-intermediate amounts of β-lactamase could be effectively eradicated if antibiotic doses were 

applied at time intervals shorter than 1 recovery time. If the time between doses was greater than 

1 recovery time or the population was made up of highly resistant bacteria, then the treatment 

would fail.  
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2. Collective antibiotic tolerance: mechanisms, dynamics and 

intervention1 

Bacteria have developed resistance against every antibiotic at an alarming rate, 

considering the timescale at which new antibiotics are developed. Thus, there is a critical 

need to use antibiotics more effectively, extend the shelf life of existing antibiotics and 

minimize their side effects. This requires understanding the mechanisms underlying 

bacterial drug responses. Past studies have focused on survival in the presence of 

antibiotics by individual cells, as genetic mutants or persisters. Also important, however, 

is the fact that a population of bacterial cells can collectively survive antibiotic treatments 

lethal to individual cells. This tolerance can arise by diverse mechanisms, including 

resistance-conferring enzyme production, titration-mediated bistable growth inhibition, 

swarming and interpopulation interactions. These strategies can enable rapid population 

recovery after antibiotic treatment and provide a time window during which otherwise 

susceptible bacteria can acquire inheritable genetic resistance. Here, we emphasize the 

potential for targeting collective antibiotic tolerance behaviors as an antibacterial 

treatment strategy. 

  

                                                      
1 The content of this chapter has been published. Meredith H.R.*, Srimani J.K.*, Lee A.J., Lopatkin A.J., & 

You L. Collective antibiotic tolerance: mechanisms, dynamics and intervention. Nature Chemical Biology. 

2015 Feb 17; 11:182-8. (* Equal contributions).  

Author contributions: HRM, JKS, AJL, AJL, and LY wrote the manuscript.   
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2.1 Introduction 

Antibiotic-resistant bacteria have emerged as a global crisis, resulting in increased 

morbidity rates, mortality rates, and healthcare costs. The time interval between the 

introduction of a new antibiotic and the emergence of resistance has rapidly decreased 

since the 1930s, largely due to antibiotic overuse and misuse1. Concurrently, a lack of 

financial incentive has led pharmaceutical companies to decrease antibiotic research and 

development2. Given the drying antibiotic pipeline, it is critical to develop a detailed 

understanding of how bacteria survive antibiotic treatment. Doing so can uncover new 

treatment strategies and enable us to use existing antibiotics more effectively3. 

Bacteria can survive antibiotics via many different mechanisms (Figure 1a). 

Genetic resistance can arise from de novo mutations or horizontal gene transfer4. 

Expression of resistance proteins can allow individual bacteria to survive antibiotic 

treatment by deactivating the antibiotic, altering the antibiotic’s target, or preventing its 

intracellular accumulation1,4.  

Bacteria can also exhibit phenotypic tolerance, whereby they survive antibiotic 

treatment without acquiring new mutations5. For example, a predominantly sensitive 

population often has a very small fraction of non- or slow-growing bacteria (persisters). 

These persisters may emerge stochastically, in response to stress, or due to errors in 

replication and cell metabolism6,7. They are genetically identical to susceptible cells, but 

are tolerant to antibiotics7,8. In the absence of antibiotics, persisters can switch back to the 

growing state, leading to population recovery. As a result, persisters can cause post-
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treatment relapses and enable development of genetic resistance8. Unlike genetic 

resistance, persistence is non-inheritable, though the frequency of persisters in a 

population can be genetically determined8,9.  

 

Figure 1: Bacterial survival modes. (a) Bacterial survival modes can be at the individual or population 

level. Populations can use different mechanisms to survive antibiotics collectively. (b) Collective 

antibiotic tolerance emerges when a population at a sufficiently high density can survive an antibiotic 

dose that would be lethal to a low density population. (c) Initial cell density determines the outcome of a 

population treated by an antibiotic. For each antibiotic concentration, there is a critical initial density above 

which the population will recover; below this, the population will die. 

In contrast, a population at a sufficiently high density can survive an antibiotic 

dose that is lethal to a low-density population (Figure 1b&c). This collective antibiotic 

tolerance (CAT) can arise from diverse mechanisms, including collective synthesis of 

resistance-conferring enzymes, antibiotic titration, and social interactions within and 
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between populations10-12. CAT enables a population to recover faster than persisters, and 

provides a time window for otherwise susceptible bacteria to acquire genetic resistance12 

(Figure 2). Here, we review mechanisms underlying CAT, their characteristic dynamics, 

and potential strategies to inhibit or exploit these mechanisms for antibacterial treatment. 

 

Figure 2: Comparison of population level responses due to different forms of CAT or persistence. 

The mechanism by which bacteria survive antibiotic treatment can significantly influence the speed of their 

recovery. Here, we use previously published models to compare the recoveries of populations dependent on 

different forms of CAT or persistence 9 ,10,13,14.  (a) Time course simulations. After being treated with an 

antibiotic, the bacteria actively tolerating antibiotics through bistable ribosome inhibition, programmed cell 

death (PCD), or quorum sensing (QS) recover much faster than persisters. (b) Recovery times. For 

persisters and CAT bacteria alike, increasing the initial cell density decreases the time it takes for a 

population to recover from antibiotic treatment.  

2.2 Mechanisms underlying CAT 

2.2.1 Antibiotic-mediated altruistic death 

Genetic antibiotic resistance arises from the expression of resistance-conferring 

proteins, which often degrade or modify the antibiotic4. However, expression levels of 

the resistance protein may be insufficient to provide single-cell level protection, 
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depending on the antibiotic concentration. If so, the fate of a bacterial population will 

depend on its density (Figure 3a): population survival is determined by the relative rates 

of antibiotic-mediated killing and population-mediated antibiotic degradation. The 

population will initially decline due to antibiotic-mediated killing of some bacteria. This 

death is altruistic because the subsequent release of resistance proteins will benefit the 

surviving cells by contributing to antibiotic degradation15,16. If the initial population 

density is too low, the population will be eradicated before the antibiotic is degraded to a 

sub-lethal level. Conversely, if the initial population density is sufficiently high, the total 

resistance protein can clear the antibiotic before complete eradication of the population, 

allowing the survivors to repopulate. The interplay between cell growth, antibiotic-

mediated killing, and antibiotic degradation by the resistance protein from cells (live or 

dead) will result in CAT.  Indeed, smaller inocula of pathogens expressing β-lactamases 

(Bla) are more susceptible to β-lactams than larger inocula17.  Such CAT often arises 

from constitutive expression of Bla and other resistance proteins18. Alternatively, many 

pathogens’ Bla expression is up-regulated through the induction of ampC in the presence 

of β-lactam antibiotics18. 
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Figure 3: Underlying mechanisms of CAT. (a) Antibiotic mediated altruistic death involves a 

subpopulation lysing to release effector proteins that benefit the remainder of the population.  CAT can 

only emerge if the population is large enough to generate a collective effector protein concentration 

sufficient to inhibit the antibiotic before the antibiotic kills all of the population. (b) Quorum sensing is 

often involved in regulating the expression of effector proteins or the maturation of biofilm formation, both 

of which can lead to CAT. (c) Bistable inhibition of bacterial growth arises as a function of intracellular 

antibiotic concentration and bistable ribosome inhibition. Sufficiently dense populations can titrate the 

antibiotic such that the intracellular concentration does not inhibit ribosome synthesis. However, low 

density populations cannot titrate the antibiotic to a sublethal level, thus, ribosome synthesis will be 

inhibited. (d) Multiple mechanisms can be used by a clonal population to survive antibiotic treatment. For 

example, swarming is a function of phenotype, QS, and PCD that confers antibiotic tolerance. (e) Social 

interactions can facilitate the survival of multiple subpopulations (denoted by different colored cell 

outlines). For instance, one subpopulation can produce a signaling molecule necessary to upregulate a 

second subpopulation’s resistance mechanism and vice versa. There are also situations where one 

subpopulation donates a signaling molecule that protects a second population, without deriving any benefit 

in return. 

 

Partial population death is a natural consequence of bactericidal antibiotic action. 

In other contexts, antibiotic-mediated death is genetically programmed15. For example, 

some antibiotics affect bacterial death by interfering with toxin-antitoxin systems19. The 

mazEF system can result in programmed cell death (PCD) when an antibiotic, such as 

chloramphenicol, inhibits the transcription/translation of the MazE antitoxin20. Without 

the labile MazE antitoxin, the stable MazF toxin accumulates and triggers PCD. Other 

antibiotics, such as fluoroquinolones, trigger PCD by inducing an SOS response21. 
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During a stress response, PCD can benefit survivors by directly or indirectly relieving 

stress15,16. When this occurs, the use of antibiotic can promote the survival of a pathogen 

and aggravate its virulence. For instance, antibiotics induce PCD in Shiga toxin (Stx)-

producing Escherichia coli (STEC) O157:H7. Encoded in a bacteriophage22, Stx is 

assembled and released upon cell lysis. Stx kills nearby eukaryotic predators, thereby 

enabling STEC growth and survival23. Death here is altruistic and required for the release 

of Stx. The population must be large enough to afford the cost of lysing the bacteria 

necessary to release sufficient Stx for survival. 

2.2.2 Quorum Sensing and Biofilm Formation 

If a resistance protein’s production is costly, it may be advantageous to delay 

synthesis until the cell density is high enough so the overall benefit of the protein 

outweighs its production cost. This delay can be realized by quorum sensing (QS), which 

enables bacteria to coordinate gene expression in a density-dependent manner24,25. In QS, 

individual cells produce a signaling molecule that increases in extracellular concentration 

with cell density. By sensing the signal concentration, bacteria can coordinate gene 

expression according to their density24. Using a synthetic gene circuit, QS has been 

demonstrated to represent an optimal strategy for controlling the expression of a costly 

protein that benefits the entire population13.  

QS could control the expression of resistance-conferring enzymes (Figure 3b). In 

Providencia stuartii, a Gram-negative pathogen that causes urinary catheter infections, 

QS controls the expression of an acetyltransferase, which inactivates aminoglycoside 
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antibiotics26,27. Low-density populations express minimal levels of acetyltransferase, 

rendering them sensitive to aminoglycosides; high cell density triggers acetyltransferase 

expression, yielding CAT.  

QS can also contribute to CAT by modulating biofilm formation, which enhances 

antibiotic tolerance28. Although the specifics of biofilm formation vary by species, the 

general steps are similar25,29. Planktonic bacteria first attach to a surface at a low density 

and begin to form microcolonies, while producing basal levels of QS signals. Once the 

population reaches a sufficiently high density, the accumulated QS signals activate genes 

involved in biofilm formation24. Depending on the antibiotic and bacterial specie, the 

surface layer of biofilms may serve as a protective barrier for resident bacteria by 

reducing the penetration rate of some antibiotics30,31. Moreover, some antibiotics, such as 

piperacillin or ampicillin, can induce antibiotic-deactivating enzymes in biofilms, which 

can further reduce antibiotic penetration and the killing of biofilm-residing bacteria32,33. 

Biofilms also have limited nutrients at their core, which diminishes internal cell growth. 

These slow growing cells tend to be less sensitive to certain antibiotics34. 

2.2.3 Bistable inhibition of the replication machinery 

When bacterial populations produce a resistance-conferring protein, density-

dependence may be intuitive: increasing cell density increases total protein production, 

thus increasing the likelihood that a population will survive treatment35. However, CAT 

has also been observed in response to antibiotics that inhibit ribosome activity and 

protein synthesis (e.g. gentamicin) without requiring production of degrading enzymes36.  
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A previous study has established a mechanism for CAT in the absence of active 

antibiotic degradation: intra-population antibiotic titration coupled with bistable ribosome 

inhibition10 (Figure 3c). In each cell, ribosome synthesis is controlled by positive 

feedback: ribosomes translate mRNA into proteins, including ribosome components, 

resulting in ribosome synthesis37. This feedback can be inhibited by intracellular 

antibiotic, resulting in a bistable response38.  

Within a population, the extracellular antibiotic is allocated to individual cells 

according to the import and export rates across the cell membrane. When import is faster 

than export, the intracellular antibiotic will be higher than the extracellular concentration, 

and will decrease slightly with increasing cell density. This decrease is amplified by 

ribosomal positive feedback, leading to bistable growth inhibition: at high cell densities, 

the average intracellular antibiotic concentration is relatively low (below minimum 

inhibitory concentrations), positive feedback overcomes antibiotic inhibition and enables 

population survival. Modeling suggests that density dependence can be modulated by 

altering various processes, such as drug uptake and binding. However, the critical 

condition required for CAT in this scenario is the rapid degradation of ribosomes, which 

can be triggered by antibiotics that target ribosomal components. These antibiotics induce 

heat-shock response39, which leads to upregulation of proteases and faster degradation of 

ribosomal components40. If the ribosome degradation rate remains slow, as with 

chloramphenicol treatment, the population fate is density-independent: populations either 

grow (low antibiotic concentrations) or die (high antibiotic concentrations). When 
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coupled with direct induction of heat shock, however, these antibiotics can also cause 

bistable inhibition of population growth, leading to CAT.  

2.2.4 Mixed strategies  

In nature, CAT often arises from traits that are controlled by combinations of the 

mechanisms discussed above. For example, when PCD is coupled with density-dependent 

gene expression in Staphylococcus aureus, lysis is tightly controlled and can result in 

CAT through biofilm formation. CidA and LrgA expressions turn lysis ON and OFF at 

specified stages of cell growth, respectively41. Lysis releases genomic DNA, resulting in 

enhanced biofilm formation42,43. These genes have been linked to regulation of antibiotic 

tolerance: mutations disrupting CidA or LrgA enhance or reduce population survival, 

respectively41,44.  

Another strategy to survive antibiotic treatment involves a combination of 

phenotypically shifting from a "swimming" state (planktonic growth) to a “swarming” 

state (surface growth), QS, and altruistic death (Figure 3d). Swarming is flagella-driven 

group-migration of bacteria over a semi-solid surface and happens exclusively at the 

leading edge of a population45,46. Although the underlying mechanisms are species 

dependent and not fully elucidated, some swarming species have been observed to rely on 

QS to upregulate the production of biosurfactants, such as rhamnolipids, which are 

necessary for reducing surface tension45. Swarmers exhibit increased tolerance to a 

variety of antibiotics, including aminoglycosides and fluoroquinolones46,47. Altruistic 

death may contribute to this survival advantage. It is speculated that cells dying from 
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prolonged direct contact with the antibiotic form a protective platform that prevents other 

swarmers from coming into direct contact46. Thus, the population has to have a high 

enough density to upregulate QS-mediated swarming genes46 and afford the cost of 

individuals that are directly exposed to the antibiotic.  While swarming and biofilm 

formation involve similar mechanisms, such as altruistic death and QS, the two states are 

inversely regulated48,49. As a result, biofilms contain a population of sessile cells while 

swarms disperse a population of active cells49. 

The mechanisms underlying swarming-mediated motility and density-dependent 

survival appear to vary between species; QS has been implicated in Pseudomonas 

aeruginosa45, but not in Salmonella46. Other studies have examined the impact of biofilm 

creation46 and increased efflux pump expression50.  Swarming motility has been observed 

to strongly correlate with the expression of the pmrHFIJKLM operon47. This operon 

encodes the lipid A portion of LPS, which reduces the binding strength of various 

antimicrobial peptides51. A previous study shows pmrK expression is upregulated in 

conditions that promote swarming. Expression decreases as cells de-differentiate from the 

swarming phenotype, and knockout results in the loss of swarming ability47.  

2.2.5 Social interactions  

In a mixed population, CAT can be facilitated by “charitable” actions, wherein 

one subpopulation produces a product that helps another subpopulation, without 

receiving any benefit from the latter (Figure 3e). For example, a recent study 

demonstrated how a population of drug sensitive E. coli can tolerate antibiotic with the 
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aid of a few highly resistant population members52. In the absence of antibiotic, the entire 

population produces indole, a signaling molecule generated by growing bacteria. In the 

presence of an antibiotic, however, only a subpopulation with mutated efflux pumps has 

the resistance necessary to continue producing large amounts of indole. The released 

indole upregulates efflux pump expression and oxidative-stress mechanisms, thus 

enabling the entire population to tolerate the antibiotic. This survival tactic will fail if the 

fraction of mutant indole producers is too small to support a large population of sensitive 

cells or if the metabolic cost of production is too high.  

CAT can also arise from mutualistic interactions, where two or more bacterial 

populations depend on one another to survive. For instance,  an engineered system can 

demonstrate how two populations can collaborate to survive different antibiotics12. Each 

engineered population produced the QS signal molecule needed by the other to 

upregulate the production of a resistance protein. Increasing either population’s initial 

density increased QS signal accumulation, resulting in higher final densities following 

antibiotic treatment. 

Similarly, multispecies swarms can arise due to the communal nature of QS 

signals. For example, Serratia ficaria do not produce biosurfactants, but they do produce 

QS signals necessary for S. liquefaciens QS-deficient mutants to upregulate their own 

biosurfactant production. Once sufficient signaling molecules accumulate, S. 

liquefaciens’ biosurfactant production facilitates the swarming53 and, presumably, the 

CAT of both populations. 
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Another example of mutualism-mediated CAT can be found in multi-species 

biofilms54. For example, species can work together to decrease antibiotic penetration of 

biofilms. Burkhodia cepacia and P. aeruginosa, both associated with cystic fibrosis, 

produce polysaccharides that interact to increase biofilm viscosity and decrease antibiotic 

activity55.  

2.3 Implications for antimicrobial treatment strategies 

The diverse mechanisms underlying CAT have implications for developing new 

treatment strategies. In particular, different mechanisms can lead to unique population 

and evolutionary dynamics that can be exploited for better treatment efficacy or serve as 

a cautionary tale against simplistic treatment strategies.  

2.3.1 Timing in antibiotic dosing 

A common property of CAT mechanisms is that a bacterial population is most 

vulnerable at low densities. This suggests the potential to inhibit bacterial growth by 

controlling the timing of antibiotic doses56. One method would be to detect and treat 

infections at earlier stages of development, when insufficient bacteria are present to 

realize CAT (Figure 4a). A mouse study on treating STEC infections showed early 

treatment (1-3 days after infection) with a lysis-inducing antibiotic resulted in zero 

mortality, while late treatment (3-5 days) resulted in 95% mortality57. The improved 

outcome by early treatment may have resulted from suppression of bacterial growth or 

virulence factor production. Targeting early stage infections is also effective in treating 
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biofilms; studies have demonstrated that immature biofilms are more susceptible to 

antibiotic treatment58,59.  

Timing control is intrinsic in the design of periodic antibiotic dosing protocols, 

which can be determined by the dynamic response of a population exhibiting CAT. A 

previous study demonstrated that different periodic dosing frequencies have drastically 

different outcomes when treating a population capable of generating CAT due to bistable 

ribosome inhibition10. When antibiotic doses were delivered at high frequency, 

populations had insufficient time to recover. Conversely, when doses were delivered at 

low frequency, the antibiotic eradicated the population to such an extent that it could not 

recover. For intermediate frequencies, however, treatment was ineffective; populations 

recovered between doses. Furthermore, the frequency range over which populations were 

able to survive can be modulated by changing the fraction of each period spent at a high 

antibiotic concentration. In general, the optimal dosing protocol will likely depend on the 

specific types of mechanisms by which CAT arises, representing a significant direction 

for quantitative biology research. 
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Figure 4: Inhibition strategies. (a) Timing control of antibiotic dosing is critical for optimizing efficacy 

of periodic antibiotic treatments. By timing the application of antibiotic doses with when the population is 

at a low density, the amount of public good and/or toxin released would be insufficient to allow the 

population to recover or harm the host. (b) Molecular-level interventions of CAT could be used to trigger 

PCD and inhibit the production and/or the function of an effector protein.  

2.3.2 Molecular interventions to Disrupt CAT 

Different mechanisms underlying CAT also suggest potential targets for 

molecular-level intervention (Figure 4b). CAT facilitated by enzyme expression can be 

reduced by inhibiting either the production or the action of the enzyme. These strategies 

are often adopted for treating bacteria that produce Bla. Weak inducers of AmpC Bla 

production, e.g. cefepimes and piperacillin, have been shown to have lower MICs when 

treating inducible pathogens60. Alternatively, a Bla-inhibitor, such as clavulanic acid, 

sulbactam, and tazobactam, is frequently used in conjuction with a β-lactam antibiotic to 

treat Bla-producing bacteria61. It should be noted that some bacteria have already evolved 

resistant mechanisms to  Bla inhibitors62.  
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This strategy can also be applied to target CAT resulting from PCD. Studies have 

begun to screen antimicrobial peptides that have increased efficacy in activating killing 

by triggering bacterial toxin-antitoxin systems63,64. For some pathogens, however, 

activation of PCD alone may be undesirable as it can enhance bacterial survival and 

virulence. Instead, PCD inhibition can reduce virulence by suppressing the release of 

effectors that promote bacterial survival or virulence. For example, in Streptococcus 

pneumoniae, release of a virulence factor to extracellular space is mediated by autolysis 

of a subpopulation of cells65, which in turn can benefit survivors. Serum from mice 

immunized with autolysin inhibited autolysis and reduced bacterial virulence65. It will be 

interesting to examine how such strategies will impact overall bacterial survival. As 

demonstrated using synthetic gene circuits14, reduced lysis can paradoxically lead to 

overall worse bacterial survival. 

Similar strategies that inhibit either the production or the action of an enzyme 

have been applied to target QS pathogens. Targeting QS is appealing as it can reduce 

virulence without directly targeting the immediate survival of cells. For example, 

azithromycin has been shown to inhibit QS signaling, leading to inhibition of biofilm 

formation and virulence in P. aeruginosa66,67. Likewise, enzymes, such as AiiA that 

hydrolyze QS signal molecules68 and synthetic molecules that prevent AHL receptor 

activation69, can also block QS signaling and lead to decreased virulence and increased 

susceptibility to antibiotic treatment in QS pathogens70. Drugs that target the function of 

QS-mediated proteins have also been studied. Oseltamivir is a drug originally developed 



 

20 

 

to inhibit viral production of neuraminidase. As neuraminidase is also a QS-mediated 

enzyme essential for P. aeruginosa’s initial colonization process and subsequent biofilm 

formation, oseltamivir has been tested for its ability to inhibit biofilm formation. Indeed, 

a dose-dependent decrease in biofilm formation was observed when oseltamivir was 

applied 71.  

Rapid ribosome turnover is a prerequisite to generate CAT against antibiotics that 

target ribosomes10. As the rate of ribosome turnover increases, the range of antibiotic 

concentrations over which CAT occurs shrinks and shifts towards lower values. To 

reduce or eliminate CAT, future drug development could focus on alternative avenues to 

disrupt ribosome efficacy, such as interfering with subunit assembly72. Targeting 

pathways involved in the stringent response could also eliminate CAT. In response to 

various stresses, many bacterial species reduce rRNA transcription and ribosome 

synthesis while up-regulating amino acid synthesis73. These metabolic shifts can promote 

bacterial survival and virulence74. Inhibition of such metabolic shifts could prevent CAT 

at high population densities. These pathways may thus represent potential targets for new 

drugs75.  

 A prior study observed that a fundamental requirement for swarming is the 

production of extracellular surfactants, particularly lipopolysaccharides (LPS), which 

lubricate cells’ local environment so they can “slide” past each other47. Therefore, the 

increased antibiotic tolerance exhibited by swarmers could be avoided by inhibiting LPS 

production76. Previous studies have shown that LPS inhibition by antimicrobial peptides 
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results in the loss of swarming motility51.  A caveat is that inhibiting swarming motility 

could lead to increased biofilm formation77, as these phenotypes are often linked.  

Finally, mixed populations can be inhibited by targeting the keystone members. In 

the case of charitable interactions, treatments should target the subpopulation producing 

the resistant protein that protects producers and non-producers alike. For instance, 

penicillin treatment of tonsillitis is often ineffective due to mixed populations of Bla 

producing pathogens that protect Streptococci. However, the infections were effectively 

treated upon the introduction of a Bla inhibitor, clavulanic acid78. In a mutual 

relationship, such as in the aforementioned synthetic system12, survival depends on both 

subpopulations being present. For such systems, a viable treatment strategy could be to 

disable one subpopulation such that all participating subpopulations are more susceptible 

to treatment. To this end, Clustered Regulatory Interspaced short palindromic repeats 

(CRISPR)-Cas systems could represent an ideal antimicrobial strategy to directly target 

the specific sub-populations that promote CAT. This genome-editing tool utilizes 

targeted guide RNA sequences that can be designed to recognize desired bacterial DNA 

and induce nucleic acid breaks, which can disrupt gene function in the target. Indeed, 

recent studies demonstrate the ability to customize antimicrobial treatments by the 

targeted inactivation or killing of specific bacteria within a population through CRISPR 

delivery79,80. 
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2.3.3 Treatment Considerations  

Depending on the underlying mechanisms, complex treatment responses could 

arise from populations capable of CAT. One counterintuitive response is the Eagle effect, 

a phenomenon wherein increasing antibiotic concentration promotes bacterial recovery81. 

Whether and to what extent the Eagle effect happens in the clinical setting remains to be 

tested; however, the Eagle effect has been observed to result from PCD-mediated 

tolerance in vitro14.  

Another example is the counterintuitive effect of inhibiting different aspects of 

QS. Inhibiting QS signal synthesis effectively increases the cell density threshold 

required to trigger downstream gene expression, such as virulence factor production82. 

However, QS inhibition also alleviates the metabolic burden placed on each cell, 

resulting in faster growth13. Despite this caveat, the overall outcome of QS signaling 

inhibition ultimately depends on bacterial survival and virulence development. The 

treatment would likely be considered successful if the target bacteria are rendered non-

pathogenic83.  

While QS inhibition can attenuate virulence in the short term, it can promote the 

selection of more virulent pathogens in the long term84.  For example, long-term 

inhibition of QS signaling in P. aeruginosa by azithromycin can select for more 

cooperative and virulent individuals67,84. Azithromycin inhibits general protein synthesis; 

however, it has been shown that QS-regulated genes are among the most severely 

inhibited by this drug85. Over an 11 day course of azithromycin in patients, a slight 
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decrease in the frequency of QS-deficient mutants was observed; the QS-deficient mutant 

frequency in the placebo group increased approximately 2-fold84. One possible 

explanation for this counterintuitive response is, when uninhibited, the cooperative nature 

of QS is prone to cheaters: cells that do not produce virulence factors exploit the benefit 

while avoiding the cost of public good production86. Cheaters, therefore, are less virulent, 

but have a fitness advantage. For instance, P. aeruginosa cheaters that are QS-deficient 

due to LasR mutations have a growth advantage over the wildtype67,87. When the QS 

signal is inhibited and no public goods are synthesized, the fitness advantage by the 

cheaters will be reduced, making it more difficult for them to outcompete cooperators. 

The negative consequences of direct inhibition of enzyme production may be avoided by 

inhibiting the enzyme after it is produced88. This strategy aims to maintain the cost of 

enzyme production while eliminating the benefits, leaving virulent bacteria at a metabolic 

disadvantage and more vulnerable to treatment. This method may also reduce the 

selective pressure induced by antibiotic treatment, slowing pathogens’ adaptive response.  

Although resistance has been well studied, predicting long term consequences on 

bacterial dynamics has proved elusive. Bacteria have already developed strategies to 

survive QS inhibition84 and combination treatments involving Bla inhibitors62 and will 

likely develop strategies to survive other inhibition methods. A better understanding of 

bacterial population and evolutionary dynamics under different treatment strategies can 

help us optimize treatment strategy. More quantitative studies are needed to better 

establish the evolutionary dynamics involved in QS-mediated cooperation and the impact 
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of inhibition on different aspects of QS. For instance, the discussion above only considers 

QS effectors that are public goods. The evolutionary outcomes can be significantly 

different if the effectors are private goods, which only benefit the cell that produces 

them,89 or species-specific goods, which only benefit a particular population of cells90. 

The same challenge is applicable for the population and evolutionary dynamics of other 

mechanisms leading to CAT. To this end, the use of well-defined model systems91, both 

natural10,89,92,93 and engineered13,14,90, will be valuable for the development of better 

quantitative understanding of a population’s response to antibiotics. This understanding 

can serve as the critical foundation to design ‘evolution proof’ treatment strategies that 

select against resistance94.   
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3.  A resistance-resilience framework to dissect bacterial 

antibiotic responses2 

An essential property of microbial communities is the ability to survive a 

disturbance. Survival can be achieved through resistance, the ability to absorb effects of a 

disturbance without a significant change, or resilience, the ability to recover after being 

perturbed by a disturbance. These concepts have long been applied to the analysis of 

ecological systems, though their interpretations are often subject to debate. Here we show 

that this framework readily lends itself to the dissection of the bacterial response to 

antibiotic treatment, where both terms can be unambiguously defined. The ability to 

tolerate the antibiotic treatment in the short term corresponds to resistance, which primarily 

depends on traits associated with individual cells. In contrast, the ability to recover after 

being perturbed by an antibiotic corresponds to resilience, which primarily depends on 

traits associated with the population. This framework effectively reveals the phenotypic 

signatures of bacterial pathogens expressing extended spectrum β-lactamases (ESBLs), 

when treated by a β-lactam antibiotic. Our analysis has implications for optimizing 

                                                      
2 The content of this chapter has not yet been published. Meredith H.R., Andreani, V., Lopatkin A.J., Lee, 

A.J., Anderson D.J., Batt, G. & You L A resistance-resilience framework to dissect bacterial antibiotic 

responses. Currently submitted for review.  
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treatment of these pathogens using a combination of a β-lactam and a β-lactamase (Bla) 

inhibitor. In particular, our results underscore the need to dynamically optimize 

combination treatments based on the quantitative features of the bacterial response to the 

antibiotic or the Bla inhibitor. 

3.1 Introduction 

A disturbance is a biological, chemical, or physical event that affects a 

community95. Given that the environment is constantly changing, an essential property of 

a community is its ability to recover after being disturbed. Responses to a disturbance 

include resistance, the ability to withstand perturbation in the presence of a disturbance; 

resilience, the ability to recover after being perturbed by a disturbance; or sensitivity, the 

inability to withstand or recover from a disturbance96-99. Resistance and resilience have 

been documented in a range of systems and are often determined by different processes 

95,96,99,100. Specifically, resistance is associated with processes that enable the tolerance of, 

or adaptation to, a disturbance, whereas resilience is associated with recolonization, 

reproduction, or rapid regrowth96. The ability to identify the determinants for resistance 

versus resilience is crucial for predicting how a given community will respond to a 

disturbance as well as for designing strategies that will either preserve, change, or eliminate 

it 97,98,101. Although resistance and resilience have been defined in the literature for 

decades102, the resistance-resilience framework has not been widely applied. This is 

partially because it is often difficult to determine the pre-disturbance state of a population, 
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the definitions vary, and there is a lack of quantitative studies demonstrating how to 

implement these terms96,98,103-106.  

Yet, this resistance-resilience framework naturally lends itself to the analysis of 

bacterial responses to antibiotic treatment. When running susceptibility tests, it is possible 

to characterize a pre-disturbance state (i.e. no exposure to antibiotic) and there are many 

ways to quantify the bacterial antibiotic responses (i.e. agar plates, E-test, plate reader, 

microscopy)9,13,107. Until now, resistance and resilience have not been distinguished in the 

context of antibiotic responses. Instead, bacteria are classified as resistant if they survive 

exposure to a set concentration of antibiotic after a set amount of time108,109 (Figure 5). 

However, the apparently similar survival can result from diverse underlying 

mechanisms1,8,110-112 that can lead to the ability of individual cells to withstand the 

treatment or the ability of the population to recover from the initial disturbance. We term 

the former resistance and the latter resilience.  

Here, we apply these concepts to the analysis of bacterial pathogens producing 

extended spectrum β-lactamases (ESBLs), which are becoming increasingly prevalent and 

can degrade most β-lactam antibiotics – the most widely used class of antibiotics in the 

clinics113-117.  We show that the resistance-resilience framework effectively reveals the 

phenotypic signatures of different ESBL-producing bacteria, and underscores the critical 

need to implement adjustable formulations of combination treatments to combat these 

pathogens.  
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Figure 5. Defining antibiotic responses. Each panel represents a different response to an antibiotic 

delivered at time = 0. In the first row, the population grows up to carrying capacity, unperturbed. In the 

second row, the population is perturbed, but eventually recovers in the allotted time. A third population is 

perturbed and only partially recovers during the allotted time. In the final row, the population is perturbed 

and does not recover. Currently, antibiotic sensitivity analyses only consider whether bacteria can recover 

from a set dose of antibiotic in a standard period (red dot). Bacteria that display full recovery are 

considered resistant, partial recovery are intermediate, and no recovery are sensitive. However, temporal 

dynamics (blue curve) reveal differences in how a population recovers. 

 

3.2 Results  

3.2.1 Temporal dynamics of ESBL-producing bacteria in response to β-

lactam treatment 

The population grows at a rate dependent on the amount of nutrients available 

(Figure 6a). While the nutrients are mostly depleted by cell growth, they can be 

replenished to a degree by the nutrients released during cell lysis118. Gram-negative 

bacteria expressing a β-lactamase (Bla) harbor the enzyme in their periplasm, where it can 

degrade antibiotic that diffuses across the outer membrane 119. Bla is released into the 
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environment due to membrane leakage or cell lysis120. Cell lysis occurs with the 

introduction of the β-lactam antibiotic, which interrupts the cell wall synthesis process and 

causes lysis121. When a high enough antibiotic concentration is added, there is a race 

between cell lysis and antibiotic degradation. When the population’s lysis rate is greater 

than its growth rate, the population density crashes (Figure 6b). If sufficient Bla 

(periplasmic or extracellular) is present, then the antibiotic is degraded in time for the 

population to recover before it is completely lysed. A population’s recovery depends on 

collective antibiotic tolerance (Figure 11): it must have a sufficiently high density when 

treated so enough Bla is collectively produced to remove the antibiotic before all bacteria 

are lysed. If the initial density is too low, then insufficient Bla will be produced to protect 

the population from antibiotic exposure.   

Here, the population recovery was due to the Bla rapidly degrading the antibiotic, 

indicated by the level of antibiotic activity in the supernatant after 6 hours of exposure 

(Figure 6c). Sensitive bacteria do not produce Bla and cannot break down the antibiotic, 

thus the antibiotic remaining in the supernatant could inhibit the growth of sensitive 

bacteria. At a higher initial antibiotic concentration, the same amount of supernatant 

generated a larger zone of inhibition. In contrast, the bacteria producing ESBLs sufficiently 

degraded both antibiotic doses during the incubation period, as evidenced by the inability 

of the resulting supernatants to inhibit growth of sensitive cells.  

To test if the population recovery was due to the selection of a more resistant or 

resilient subpopulation, we collected ESBL producing bacteria that had recovered from an 
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antibiotic treatment and re-exposed them to a range of antibiotic concentrations. The 

resulting antibiotic responses were similar, regardless of previous exposure concentrations 

(Figure 6d). This shows that the recovery was not due to the selection of a sub-population 

with enhanced tolerance, which is consistent with the notion of antibiotic degradation due 

to the Bla released from cell lysis.  

We also tested if the antibiotic induced the production of Bla by using Fluorocillin, 

a substrate that fluoresces green when degraded by Bla, allowing for the real-time 

visualization of Bla activity. After incubating the isolate with different concentrations of 

cefotaxime for 3 hours, we added Fluorocillin to the sonicated culture to quantify the total 

Bla present. There was no significant increase in fluorescence as a function of antibiotic 

concentration (Figure 6e) at the p < 0.05 level [F(1, 6) = 2.44, p = 0.17] and [F(1, 6) = 

3.31, p = 0.12] for A = 10 and 100 µg/mL, respectively. There was a slight, but significant, 

decrease in fluorescence for A= 1 µg/mL [F(1, 6) = 6.68, p = 0.04]. Overall, Bla production 

is not induced by exposure to this range of antibiotic concentrations.  
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Figure 6. Response of an ESBL-producing population to cefotaxime, a β-lactam. (a) Schematic of 

antibiotic response of an ESBL-producing population.  In the absence of antibiotic, bacteria reproduce 

and consume nutrients. Upon the introduction of an antibiotic, some of the bacteria undergo lysis and 

release β-lactamase and a small amount of recyclable nutrients into the environment. The released Bla 

degrades the antibiotic (blue inhibition arm). (b) Time course of antibiotic response. In the absence of an 

antibiotic (black curve), the bacteria grow to carrying capacity without any delay. In the presence of 

sufficient antibiotic (grey curve; A=100 μg/mL cefotaxime), the population displays the characteristic 

crash, as the cells lyse, and recovery after the Bla released from lysed cells degrades the antibiotic. (c) 

ESBL significantly degraded cefotaxime in a short time window. The supernatant from a culture of 

sensitive cells still contained significant concentrations of cefotaxime, as depicted by the zones of 

inhibition in the lawn of sensitive cells (strain MC4100, left column). The supernatant from the culture 

containing ESBL producing bacteria did not contain significant concentrations of cefotaxime, as depicted 

by the full lawns (right column). Arrowheads indicate where supernatant was placed on the agar plate. (d) 

Populations previously exposed to cefotaxime exhibited the same temporal dynamics. Culture was 

treated with a range of antibiotic concentrations. After 24 hours, bacteria from the recovered population 

were used to re-inoculate fresh media with or without 25μg/mL cefotaxime. During the 2nd round of 

treatment, the time courses from the populations previously exposed to 0, 2, or 200 μg/mL cefotaxime were 

identical, suggesting that the population recovery was unlikely due to mutants or phenotypic variants with 

increased tolerance.   (e) Bla production is not induced by cefotaxime. We used Fluorocillin to determine 

that the isolate’s Bla production is not significantly increased by the addition of antibiotic. Here, the Bla 

activity present in a population after 3 hours of exposure to a range of antibiotic concentrations was 

quantified by the rate at which Fluorocillin was hydrolyzed and produced green fluorescence. One way 

ANOVAs indicate that the increase in fluorescence recorded was insignificant when compared to the 

control. 
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3.2.2 Defining resistance and resilience 

Borrowing concepts from ecology and the study of other microbial communities, a 

population can recover from a disturbance due to its resistance or resilience 95,96,103. Here, 

we define resistance as the bacterial population’s ability to withstand perturbation in the 

presence of antibiotic and resilience as the population’s ability to recover following a 

perturbation once the antibiotic has been sufficiently degraded. Resistance is reflective of 

the short-term antibiotic response and primarily dependent on single cell traits: the ability 

for a single bacterium to withstand the effect of antibiotic determines the degree of 

perturbation displayed at the population level. Resilience reflects a long-term response and 

primarily depends on population-level traits: when a single bacterium can no longer survive 

the effects of antibiotic, the population is initially impacted; however, collective antibiotic 

tolerance allows for the population to outlast the disturbance and recover after being 

perturbed.  

Here, we use the net growth rate to characterize a population’s resistance. As the 

antibiotic concentration increases, more lysis will occur and the net growth rate decreases. 

Once the lysis rate is higher than the growth rate, the population will crash and the net 

growth rate will become negative. The more resistant a population is, the more antibiotic 

is needed to elicit a significant change in net growth rate, as compared to an untreated 

population. Mathematically, we define resistance at the time of maximum change in a 

treated population’s net growth rate (ρA) normalized by the untreated population’s net 

growth rate at the same point in time (ρ0).   
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𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 =
𝜌𝐴

𝜌0
                 1 

The time needed for a population to reach 50% of its carrying capacity (T50%) was 

used to characterize a population’s resilience. With increasing antibiotic concentration, 

more cells will lyse in the process of degrading the antibiotic, thus increasing the resulting 

recovery time. The more resilient a population is, the faster it can return to a normal state 

after being perturbed by an antibiotic. We define resilience as the inverse of the treated 

population’s T50% (𝑇𝐴
50%), normalized by the untreated population’s T50% (𝑇0

50%) (Figure 

7a-b, Figure 12)95. The inverse is taken to reflect the fact that increasing the recovery time 

corresponds to a decrease in resilience. 

 𝑅𝑒𝑠𝑖𝑙𝑖𝑒𝑛𝑐𝑒 =
𝑇0
50%,

𝑇𝐴
50%,

                             2 

Note that resistance and resilience are not absolute properties. Instead, for each 

bacterial strain, the degree of resistance or resilience depends on the type and dose of 

antibiotic used. At low antibiotic concentrations, the population experiences little or no 

disturbance and thus is characterized with relatively high resistance and resilience (Figure 

7c). At intermediate concentrations (A=1.5 μg/mL), the population’s recovery displays a 

decline in both resistance and resilience because the antibiotic concentration is high enough 

to induce some lysis and slow the net growth rate and delay the recovery time. Once the 

antibiotic concentration is high enough to induce a population crash (A>5 μg/mL), the 

recovery of the population shifts to being dominated by resilience. If the antibiotic 

concentration exceeds the threshold for population recovery, the resulting resilience and 
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resistance will be minimal. This resistance-resilience framework effectively reveals the 

phenotypic signature of each strain (Figure 7d) when treated by a β-lactam.  

 

Figure 7: Quantifying resistance and resilience (a) Time courses are used to quantify a population’s 

resilience. When no antibiotic was added (black curve), the population grew up unperturbed and reached a 

target threshold density (here 50% of the carrying capacity) in time = 𝑻𝟓𝟎%. If the antibiotic concentration 

added was very low (blue curve, A=0.5 μg/mL cefotaxime), then the population reached the threshold 

density in a similar time to the untreated population. As the antibiotic concentration increased, the degree 

of lysis increased and affected the time necessary for the treated population to reach the threshold (𝑻𝑨
𝟓𝟎%). 

We characterized the population’s resilience for a range of antibiotic concentrations as the inverse ratio of 

the times to the half maximal carrying capacity (𝑻𝟎
𝟓𝟎%/𝑻𝑨

𝟓𝟎%). (b) Net growth rate quantifies 

population’s resistance. When no antibiotic was added, the population’s net growth rate decreased over 

time as it consumed the available nutrients and approached stationary phase. When a low dose of antibiotic 

was added, the net growth was not significantly altered (blue curve). In this instance, the treated 

population’s maximum net growth rate is recorded as ρA and compared to the untreated population’s net 

growth rate at the same time (ρ0). As the antibiotic concentration increased, the net growth rate curve of the 

treated population deviated more from the untreated curve. For each antibiotic concentration, ρA was 

recorded as the net growth rate at the point of maximum negative deviation from the untreated population 

and normalized by ρ0. We characterized a population’s resistance as the ratio of recovery times (ρA/ρ0). (c) 

Resistance and resilience as functions of the cefotaxime concentration. At low doses of cefotaxime, 

the population was resistant and resilient, showing little disturbance after exposure (see Figure 7A-B). 

As the antibiotic concentration was increased, resistance and resilience decreased due to the increase in cell 

lysis causing the net growth to decrease and the time to the half max density increased. Once the population 
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underwent a crash, the resistance was minimized and resilience became the dominating factor for survival. 

(d) The resistance-resilience map defines a phenotypic signature. Using the same data as in Figure 7A-

C, the resistance-resilience framework can visualize the shift in a population’s antibiotic response. When 

the antibiotic concentration was 0 or very low, the population’s response displayed high resistance and 

resilience. Once the antibiotic concentration increased to 5 μg/mL, the population’s response shifted to a 

position where resistance was minimized and resilience dominated the antibiotic response. With further 

increase in antibiotic concentration, the resistance level continued to decrease. An effective treatment 

should minimize both resistance and resilience. Dot color references the antibiotic concentration used at 

that point, arrows indicate direction of increasing antibiotic concentration. 

3.2.3 Determinants of resistance and resilience 

To help further our investigation, we developed a kinetic model to describe the 

temporal response of a bacterial population constitutively expressing Bla to a β-lactam 

antibiotic. When no antibiotic is present, the population grows to carrying capacity without 

delay; however, once the antibiotic concentration is high enough, the population density 

undergoes a crash as a significant portion of the population is lysed by the antibiotic, and 

a recovery, as the released Bla degrades the antibiotic (Figure 8a, Figure 13).  

Global sensitivity analysis was used to determine which parameters influenced 

resistance and resilience under a range of antibiotic concentrations. Briefly, the Sobol 

method calculates resilience and resistance for a range of parameter values and breaks 

down the variation for each  into fractions that can be attributed to one or more 

parameters122. Here, we reported the total effect index, ST, which reflects how much a 

parameter and all its interactions with any other parameters contributes to the variation in 

resistance and resilience at a particular antibiotic concentration (Figure 8b, Figure 10). 

Comparing the ST for each parameter when A=100 μg/mL reveals that resistance is only 

sensitive to the maximum lysis rate (S𝑇𝛾 = 1±0.02). The sensitivity analysis revealed that 

all parameters affect resilience to varying degrees, depending on the antibiotic 
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concentration. Resilience is sensitive to the maximum lysis rate (S𝑇𝛾= 0.9 ± 0.02), Bla 

activity (S𝑇𝜅𝑏= 0.13 ± 0.01), the turnover rate of Bla (S𝑇𝑑𝑏= 0.05 ± 0.003), and the 

amount of nutrients recycled from cell lysis (S𝑇𝜉 =  0.03 ± 0.01). These parameters 

determine the collective ability of the population to remove the antibiotic, underscoring 

the notion that resilience is a population-level trait. 

We tested the influence of Bla activity computationally by varying 𝜅𝑏 , and 

experimentally by using clavulanic acid, a well-characterized Bla inhibitor (Figure 8c, 

Figure 14). With increased Bla inhibition, the population became more sensitive to the 

antibiotic, thus resulting in the antibiotic response shifting from relying on both 

resistance and resilience to just resilience at a lower concentration of antibiotic. 

Furthermore, the population with significantly reduced Bla activity did not survive 

exposure to the higher concentrations of antibiotic (resistance and resilience were both 

reduced). 



 

37 

 

 

Figure 8. Modeling reveals key determinants of resistance and resilience.  (a) Simulated time courses 

of an ESBL-producing isolate with and without an antibiotic. The characteristic “crash and recovery” is 

generated once the antibiotic concentration is high enough. (b) Sensitivity analysis reveals determinants 

of resistance and resilience. Total effect indices (ST) for resistance and resilience are reported for each 

parameter (A = 100 μg/mL). Resistance is most affected by the lysis rate (γ). The remaining parameters did 

not significantly affect the system’s resistance, but did affect resilience. The most influential parameters 

included the maximum lysis rate (𝜸), Bla activity (𝜿𝒃), the turnover rate of Bla (𝒅𝒃), and the amount of 

nutrients released during lysis (𝝃). (c) Modulating resistance and resilience by tuning Bla activity. We 

altered Bla activity in the model (left column) or experimentally added clavulanic acid (right column) in 

combination with a range of antibiotic concentrations. Here, a low Bla activity corresponds to 𝜿𝒃 = 𝟎 in 

the model or 0.005μg/mL clavulanic acid in the experiment. A high Bla activity corresponds to 𝜿𝒃 = 𝟎. 𝟑𝟓 

in the model or no clavulanic acid in the experiment. Reducing Bla activity increased the population’s 

sensitivity, causing both resistance and resilience to decrease at lower concentrations of antibiotic. 
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3.2.4 Phenotypic signatures of bacterial responses in the resistance-resilience 

framework  

Given that Bla inhibitors are commonly used to restore sensitivity to some β-lactam 

antibiotics119, we explored the implications of using the resistance-resilience framework to 

optimize combination treatments by analyzing the response of four different ESBL-

producing isolates (Table 1).  

Table 1: ESBL-producing isolates screened 

  Label Isolate I Isolate II Isolate III Isolate IV 

Isolate ID DICON-005 DICON-029 DICON-047 DICON-049 

MicroScan ID K. pneumoniae E. coli K. oxytoca E. coli 

CTX (mm) 21 21 24 28 

CTX + CLA (mm) 31 33 26 32 

CAZ (mm) 30 28 24 28 

CAZ + CLA (mm) 32 31 24 38 

MicroScan ESBL POSITIVE POSITIVE POSITIVE POSITIVE 

Disk Diffusion ESBL POSITIVE POSITIVE NEGATIVE POSITIVE 

 

We exposed each isolate to different combinations of antibiotic and Bla inhibitor 

concentrations and recorded their antibiotic responses. The resistance and resilience for 

each scenario were calculated and plotted against each other (Figure 9a). The framework 

revealed how a small dose of antibiotic (5 µg/mL cefotaxime) could minimize resistance 

for Isolate I, but larger doses were needed to minimize resilience. However, resilience 

could be minimized with a small dose of Bla inhibitor (0.05 µg/mL clavulanic acid), when 

in combination with the antibiotic. A similar trend was observed in Isolates II and IV, with 

treatments using higher concentrations of Bla inhibitor requiring less antibiotic to minimize 

resistance and resilience. Isolate III, however, was not affected by increasing 
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concentrations of Bla inhibitor, as seen by the overlapping resistance-resilience curves. 

Only the highest concentration of Bla inhibitor (0.5 µg/mL) in combination with a high 

concentration of antibiotic (150 µg/mL) prevented the population from recovering.   

Using the resistance-resilience framework, we determined that the minimum 

inhibitory concentration (MIC) of antibiotic for each level of Bla inhibitor was unique for 

each isolate (Figure 9b). Here, the MIC is defined as the concentration necessary to 

prevent the population from recovering within 48 hours of being exposed to treatment. For 

example, when 0.05 µg/mL clavulanic acid was used, the MIC was 5, 1.5, 1 and > 300 

µg/mL cefotaxime for Isolates I, II, III, and IV, respectively. This diversity in the treatment 

responses can be explained by the expression of different or additional types of Bla that 

exhibit different sensitivity to inhibition by clavulanic acid. For instance, isolates 

producing cephalosporinases or chromosomally mediated Bla have been shown to be 

poorly inhibited by clavulanic acid119,123,124. These results underscore a critical caveat in 

using predetermined formulations of β-lactam/Bla inhibitor combinations to combat 

ESBL-producing pathogens, which is currently a standard practice119,125,126.  Given the 

diversity of the phenotypic responses by the different isolates, quantitative measurements 

on how a strain responds to an antibiotic and a Bla inhibitor are necessary to predict the 

outcome of a particular combination treatment.  
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Figure 9. Diverse phenotypic responses by different ESBL-producing isolates. (a) Responses to 

combinations of Bla inhibitor and antibiotic concentrations. In general, with increasing antibiotic 

concentrations, the population responses start out as both resistant and resilient (top right of each subplot). 

The resistance is minimized with low doses of antibiotic, giving way to a response driven by resilience. As 

antibiotic concentration increased, the corresponding resilience decreased. With the addition of clavulanic 

acid, the concentration at which the response lost its resistance and then resilience is lowered.  For Isolates 

I, II and IV, the highest clavulanic acid concentration (0.5 µg/mL, green curve) causes the antibiotic 

response to shift directly from resistant and resilient to sensitive with the lowest dose of cefotaxime (0.5 

µg/mL). Isolate III was not as affected by clavulanic acid. Color of the curves indicates concentration of 

clavulanic acid. Color of the dots indicates concentration of cefotaxime and arrowheads indicate direction 

of increasing antibiotic concentration. (b) Dependence of MIC on Bla inhibition. For each ESBL-

producing isolate, the MIC corresponds to the lowest concentration of cefotaxime needed to prevent 

recovery in 48 hours. One isolate, Isolate III, was not very susceptible to clavulanic acid, suggesting this 

intervention method would not be optimal in this case. Here, different line patterns represent the isolate and 

the symbol color represents the concentration of clavulanic acid, as defined in (Figure 9Error! Not a valid 

bookmark self-reference.a). The greyed lines indicate that the population recovered under all tested 

concentrations of cefotaxime tested at that concentration of clavulanic acid, therefore the MIC could not be 

calculated (Isolate I: clavulanic acid < 0.005 µg/mL; Isolate IV: clavulanic acid < 0.5 µg/mL). 

3.3 Discussion 

Resistance and resilience provide a powerful framework to dissect the contributions 

of different factors underlying a population’s response to a disturbance. Despite their 

appeal, resistance and resilience have had limited applications due to differing 

definitions95,96 and a lack of quantitative studies. Our analysis of an ESBL-producing 
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clinical isolate’s response to a β-lactam antibiotic serves as a concrete example that 

illustrates the dichotomy between resistance associated with single cells and resilience 

associated with populations. That is, resilience can be considered a cooperative trait by a 

group of bacteria (clonal or mixed). 

This dichotomy is applicable to other systems. Some bacteria are resistant to xeric 

stress due to the disturbance triggering their adaptive mechanisms127. Specifically, a 

xerotolerant cell survives a dry spell by decreasing its energy consumption, protecting its 

DNA from damaging reactive oxygen species, stabilizing its membrane, and preventing 

intracellular water loss. Another example of resistance being a single cell level response is 

the production of heat-shock proteins to enable the cell’s survival of stressful conditions, 

such as extreme temperatures128,129. As for resilience, a population of cyanobacteria has 

been shown to depend on its density to survive high levels of light that are damaging to 

single cells. Mutual shading is a density dependent phenomenon achieved when the 

damaged cyanobacteria that are closer to the light source provide shade to their lower 

neighbors, thus allowing the population to regrow in lower, less damaging levels of 

light130,131. Additionally, the microbiome is resilient to diet changes, antibiotic exposure 

and invasion by new species due to population level attributes such as species richness and 

function response diversity132.  

In our analysis, the framework is applied to the dynamics of a homogenous 

population, where the resistance and resilience both depend on the average properties of 

cells. However, this framework is applicable for dissecting bacterial responses to 



 

42 

 

antibiotics for more complex (heterogeneous) populations. For example, some 

population’s antibiotic response is driven by a small subpopulation of persisters, or slow-

growing or dormant bacteria that are not sensitive to antibiotics9,133. Upon antibiotic 

exposure, most of the population is killed, leaving the persisters behind. Once the antibiotic 

has been removed, the persisters, which are genetically identical to their sensitive 

counterparts, spontaneously switch back into the normal, growing state and reestablish the 

colony. Therefore, this antibiotic response would be characterized with low resistance and 

high resilience due to the presence of persisters.  

Alternatively, bacteria that have mutated forms of a given antibiotic’s target are 

resistant to that antibiotic134. For instance, vancomycin-resistant Enterococcus faecalis 

(VRE) has mutated the end of a peptidoglycan strand, a component necessary for cell wall 

synthesis and the target for vancomycin135. This mutation reduces the peptidoglycan’s 

binding affinity for vancomycin by 1000fold. Because a single bacterium of VRE has this 

mutation and ability to withstand much higher antibiotic concentrations, an entire 

population’s antibiotic response would be characterized as high resistance.     

In addition to dissecting an antibiotic response into its components and 

corresponding attributes, the resistance-resilience framework has demonstrated the need to 

modulate combination treatments. Comparing the resistance-resilience fingerprint of 

different isolates under varied concentrations of cefotaxime and clavulanic acid revealed 

how varied their responses are to Bla inhibition. As one way to extend the efficacy of a β-

lactam is by pairing it with a Bla inhibitor 61,136,137, this observation is relevant for guiding 
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the optimization of combination treatments. Currently, there are a few versions of the 

treatment combining clavulanic acid and amoxicillin for clinical use; however, the 

concentration of clavulanic acid is kept constant between the versions while the amoxicillin 

concentration is changed138-140. Early studies suggest this clavulanic acid concentration was 

selected to minimize patient side effects and maintain a sufficiently high serum 

concentration of clavulanic acid 119,125,126.  Nevertheless, our finding suggests that the 

clavulanic acid concentration can be optimized within a safe range to reduce the amount of 

antibiotic necessary and minimize the resistance and resilience of a given isolate. This 

would allow for treatments to be customized to the situation and reduce over-prescribing.   

3.4 Methods 

3.4.1 Bacterial strains, growth media, and culturing conditions:  

We characterized bacterial isolates from a library assembled by the Duke Hospital 

Infectious Disease department. This library consists of approximately 80 isolates that 

have been identified as ESBL producers. Unless otherwise noted, K. pneumoniae 

isolate DICON 005 was used. As a sensitive bacteria control, E. coli MC4100 cells 

were used. Unless otherwise indicated, experiments were conducted in M9 medium [1× 

M9 salts (48 mM Na2HPO4, 22 mM KH2PO4, 862 mM NaCl, 19 mM NH4Cl), 0.4% 

glucose, 0.2% casamino acids (Teknova), 0.5% thiamine (Sigma), 2 mM MgSO4, 0.1 

mM CaCl2]. For overnight cultures, we inoculated single colonies from an agar plate 

into 2 mL M9 and incubated them for 12 hours at 30°C. 
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3.4.2 Measuring time courses:  

 

1 mL overnight culture was washed (centrifuged for 5 minutes at 13000rpm, 

discarded supernatant, and resuspended in 1 mL fresh M9) and the optical density 

(OD) was adjusted to 0.5 OD600 by adding the appropriate volume of M9.  The 

culture was then diluted 1000fold in fresh M9 and the appropriate amount of 

cefotaxime (Sigma) was added to achieve a range of concentrations from 0-300 

µg/mL. A 96-well plate (Costar) was loaded with 200 µL of culture per well and 

topped with 50 µL mineral oil (Sigma) to prevent evaporation. The plate was 

loaded into a Tecan Infinite M200 PRO microplate reader (chamber temperature 

maintained at 30°C) and OD600 readings were measured every 10 minutes for 48 

hours with intermittent plate shaking. Unless otherwise noted, n=4 for each 

condition tested.  
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3.4.3 Cefotaxime activity level: 

 

ESBL-producing Isolate I and sensitive strain MC4100 were cultured in M9 for 12 

hours at 30°C. One mL of each overnight culture was washed (centrifuged for 5 

minutes at 13000rpm, discarded supernatant, and resuspended in 1 mL fresh M9) 

and the OD was adjusted to 0.5 OD600 by adding the appropriate volume of M9.  

The culture was then diluted 1000fold in 4 mL of fresh M9 and the appropriate 

amount of cefotaxime was added to achieve final concentrations of 0, 10 or 100 

µg/mL. The cultures were incubated at 37°C for 6 hours. At this time, lawns of 

sensitive cells were prepared by spreading 5 µL of the 1000fold diluted MC4100 

culture onto agar plates. Supernatant from the cultures incubated with cefotaxime 

were prepared by spinning down 0.5 mL culture with 5 µg/mL clavulanic acid (to 

prevent further Bla activity). 4 µL of the supernatant were dropped into the center 

of the agar plates, which were then incubated for 16 hours at 37°C. The zones of 

inhibition were recorded by camera.  
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3.4.4 Selective pressure:  

 

After conducting a 24-hour time course, as described in (Methods 2.4.2), culture 

that had been exposed to 0, 2 µg/mL, and 200 µg/mL of cefotaxime were diluted 

10fold in fresh M9 (antibiotic free) and incubated at 37°C for 3 hours. The 

recovered cultures were then used to run another time course using the same 

antibiotic concentrations used in the previous round of treatment.  

3.4.5 Quantifying Bla activity:  

1 mL overnight culture was washed (centrifuged for 5 minutes at 13000rpm, 

discarded supernatant, and resuspended in 1 mL fresh M9) and diluted 1000x in 

fresh M9. The appropriate amount of cefotaxime (Sigma) was added to achieve 0, 

1, 10, and 100 µg/mL. The cultures were incubated for 3 hours at 30°C. For each 

culture, 1 mL was kept on ice to preserve the population density at the 3 hour time 

point. 2 mL were spun down (5 minutes, 13000rpm) and resuspended in 2 mL 
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water before being sonicated (20 amp, duration 1 minute in 4°C room) to release 

periplasmic Bla. The sonicated culture was diluted 10fold in water and then treated 

with 0 or 1 uM of Fluorocillin. A 96-well plate was loaded with 200 µL of each 

culture (whole cells), sonicate with and without Fluorocillin, and topped with 50 

µL mineral oil. The plate was loaded into a Tecan Infinite M200 PRO microplate 

reader (chamber temperature maintained at 25°C) and OD600 and GFP readings 

were measured every 10 minutes for 1.5 hours. The GFP measurements of the 

sonicated samples were plotted over time and the slope was calculated. The slope 

was normalized by the relevant culture’s OD measurement. A one-way ANOVA 

was used to determine any significant differences between the conditions. 

3.4.6 Varying Bla inhibition:  

The preparation of cells, antibiotic, and 96-well plate were prepared as in (Methods 

2.4.2). When the cefotaxime was added, clavulanic acid potassium salt (Sigma) 

was also added to achieve final concentrations ranging from 0-5 µg/mL.  

3.4.7 Varying initial cell density:  

Culture was prepared as in (Methods 2.4.2) except culture dilution ranged from 

100 to 100,000fold. Cultures were exposed to 0 or 100 µg/mL cefotaxime and time 

courses were measured by plate reader and the final cell density after 30 hours was 

recorded.  
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3.4.8 Plate reader data analysis:  

MATLAB (Version 9.2.0.556344, R2017a) was used to plot and characterize the 

time courses obtained from the plate reader (i.e. recovery time, growth rate, and 

change in GFP over time).  

3.4.9 Modeling:  

The interaction between a β-lactam and a bacterial population expressing a β-

lactamase (Bla) can be simplified to the interactions between four main components: 

population density, antibiotic concentration, nutrient level, and Bla concentration. 

To model bacteria that constitutively produce Bla and lyse due to antibiotics 

degrading the cell wall, we modified Tanouchi et al.’s ordinary-differential-equation 

model 14 for the nondimensional dynamics of bacterial density (n), extracellular Bla 

concentration (B), nutrient level (S), and β-lactam concentration (A).  

𝑑𝑛

𝑑𝜏
= (𝑔 − 𝑙)𝑛,                    3                                                                                        

𝑑𝑏

𝑑𝜏
= 𝑙𝑛 − 𝑑𝐵𝑏 ,                          4                                                    

𝑑𝑎

𝑑𝜏
= −𝜅𝑏𝑏𝑎 − 𝑑𝑎𝑎,                         5 

𝑑𝑠

𝑑𝜏
= (𝜉𝑙 − 𝑔)𝑛 ,                          6 

𝑔 =
𝑆

1+𝑆
  ,                                      7 

𝑙 = 𝛾
𝑎ℎ

1+𝑎ℎ
𝑔.                                  8  
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Initial conditions of n(0) = 0.4, b(0) =0, a(0) = 0:300, and s(0) = 4 were used for all 

the simulations. We assume that the growth rate of cells (g) is limited by s, following the 

Monod kinetics. We assume the lysis rate (l) can reach a maximum of 𝛾, depends on a 

following the Hill kinetics, and g. 𝑑𝐵 and 𝑑𝐴 are the natural decay rates of extracellular Bla 

and antibiotic, respectively. 𝜅𝑏 is the rate at which Bla degrades the antibiotic. 𝜉 is a 

weighting factor for how much nutrients is recycled upon cell lysis, and h is the Hill 

coefficient. See 3.5 Model development for parameter values and full model development. 

3.5 Model development 

We model the dynamics of a system of 4 variables: cell density (N),  nutrient 

concentration (S), antibiotic concentration (A) and external Bla concentration (B). 

Reactions 

𝑁 + 𝑆 
𝑀𝑜𝑛𝑜𝑑
→    2 𝑁                          𝑁

𝐿(𝐴,𝑆)
→   𝐵𝑖𝑛𝐵 + 𝜉𝑆   (1) 

𝐴
𝑑𝐴
→  ∅                                           𝐵

𝑑𝐵
→ ∅    (2)  

𝐵 + 𝐴 
𝑘1
⇌
𝑘2

 𝐵𝐴             𝐵𝐴 
𝑘3
→𝐵                                        (3) 

1. Left: A cell, plus an equal mass of nutrients, produces another cell with a Monod 

dynamics. Right: Cells lyse at a rate L (which depends on A and S), releasing a 

quantity Bin of Bla and a proportion of nutrients ξ. 

2. The antibiotic and Bla decay respectively at rates dA and dB. 

3. Enzymatic degradation of the antibiotic by Bla (outside the cells). 
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Units: To derive differential equations from this reaction network, adequate units need to 

be chosen for the state variables and parameters. We will count N and S in the same unit, 

number of (equivalent) bacteria per liter, and A and B in moles per liter. In the following, 

as a visual aid, we will note |X| all quantities in the unit of N, and [X] all quantities in the 

unit of A. 

𝑑|𝑁|

𝑑𝑡
= 𝐺|𝑁| − 𝐿|𝑁|           𝐺 = 𝜇

|𝑆|

|𝐾𝑆|+|𝑆|
 

𝑑|𝑆|

𝑑𝑡
= −𝐺|𝑁| + 𝜉𝐿|𝑁|    𝐿 = 𝛾

[𝐴]ℎ

[𝐾𝐴]ℎ+[𝐴]^ℎ
𝐺 

𝑑[𝐴]

𝑑𝑡
= −𝑘1[𝐵][𝐴] + 𝑘2[𝐵𝐴] − 𝑑𝐴[𝐴]  

𝑑[𝐵]

𝑑𝑡
= 𝐵𝑖𝑛𝐿[𝑁] − 𝑑𝐵[𝐵] − 𝑘1[𝐵][𝐴] + 𝑘2[𝐵𝐴] + 𝑘3[𝐵𝐴]  

𝑑[𝐵𝐴]

𝑑𝑡
= 𝑘1[𝐵][𝐴] − 𝑘2[𝐵𝐴] − 𝑘3[𝐵𝐴]  

 

A quasi-steady-state approximation on the transitory complex BA yields  

[𝐵𝐴] =
𝑘1

𝑘2+𝑘3
[𝐵][𝐴]. Replacing this expression into the system gives 

𝑑|𝑁|

𝑑𝑡
= (𝐺 − 𝐿)|𝑁|           𝐺 = 𝜇

|𝑆|

|𝐾𝑆|+|𝑆|
 

𝑑|𝑆|

𝑑𝑡
= (𝜉𝐿 − 𝐺)|𝑁|     𝐿 = 𝛾

[𝐴]ℎ

[𝐾𝐴]ℎ+[𝐴]^ℎ
𝐺 

𝑑[𝐴]

𝑑𝑡
= −𝑘𝑏[𝐵][𝐴] − 𝑑𝐴[𝐴]     𝑘𝑏 =

𝑘1𝑘3

𝑘2+𝑘3
 

𝑑[𝐵]

𝑑𝑡
= 𝐵𝑖𝑛𝐿[𝑁] − 𝑑𝐵[𝐵]  
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Dimensionless model: In order to make the model more suitable for simulations, and 

factor out some unidentifiable parameters, we made it dimensionless by the following 

change of variables: 

𝑛 =
|𝑁|

|𝐾𝑆|
      𝑠 =

|𝑆|

|𝐾𝑆|
 

𝑎 =
[𝐴]

[𝐾𝐴]
     𝑏 =

[𝐵]

𝐵𝑖𝑛|𝐾𝑆|
  

𝜅𝑏 =
𝑘𝑏𝐵𝑖𝑛|𝐾𝑆|

𝜇
     𝜏 = 𝑡𝜇 

𝑑𝑎 =
𝑑𝐴

𝜇
     𝑑𝑏 =

𝑑𝐵

𝜇
 

Resulting in this dimensionless model: 

𝑑𝑛

𝑑𝜏
= (𝑔 − 𝑙)𝑛    𝑔 =

𝑠

1+𝑠
 

𝑑𝑠

𝑑𝜏
= (𝜉𝑙 − 𝑔)𝑛   𝑙 = 𝛾

𝑎ℎ

1+𝑎ℎ
𝑔 

𝑑𝑎

𝑑𝜏
= −𝜅𝑏𝑏𝑎 − 𝑑𝑎𝑎  

𝑑𝑏

𝑑𝜏
= 𝑙𝑛 − 𝑑𝑏𝑏  
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Parameter values and typical ranges 

Initial values. In all the experiments, a 3-hour delay is observed before the crash 

becomes visible (see Figure 13 for example). We didn't model this delay, but assumed that 

the growth was nominal during this initial phase, and started all the simulations from the 

state reached after 3 hours of normal exponential growth. Because of collective antibiotic 

tolerance, to conserve a potent antibiotic on a higher cell density, we had to 

underestimate the efficiency of the antibiotic hydrolysis by Bla (𝜅𝑏). This is indeed the 

parameter that deviates the most from the literature values. 

 

Table 2. Values for dimensioned and dimensionless variables  

Dimensioned model Dimensionless model 

Variable Typical 

range 

Initial 

value 

Unit Variable Typical 

range 

Initial 

value 

|N| 103 to 1012 7͘⸱1010 cell/L 
𝑛 =

|𝑁|

|𝐾𝑆|
 

10-8 to 10 0.4 

|S| 103 to 1012 ͘4⸱1010 cell/L 
𝑠 =

|𝑆|

|𝐾𝑆|
 

10-8 to 10 4 

[A] 0 to 10-3 0 to 10-

3 

mol/L 
𝑎 =

[𝐴]

[𝐾𝐴]
 

0 to 500 0 to 500 

[B] 0 to 10-7 0 mol/L 
𝑏 =

[𝐵]

𝐵𝑖𝑛[𝐾𝑆]
 

0 to 3 0 
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              Table 3: Values and units for dimensioned and dimensionless parameters 

Dimensioned model Dimensionless model 

Param. Literature 

value 

Unit Ref. Parameter Fitted 

value 

𝜇 0.8 1/h 14 - - 

|𝐾𝑆| 4⸱109 to 1011 ͘cell/L 141 - - 

𝜉  1 142 𝜉 0.8 

𝛾 1.8 to 4 1 143 𝛾 1.35 

[𝐾𝐴] 2⸱10-6 mol/L 144 - - 

H 3 1 145 h 3 

𝑘𝑏 1010 L/(mol⸱h) 146 
𝜅𝑏 = 𝑘𝑏

𝐵𝑖𝑛|𝐾𝑆|

𝜇
 

0.35 

𝑑𝐴 0.015 1/h 147 
𝑑𝑎 =

𝑑𝐴
𝜇

 
0.02 

𝑑𝐵 0.02 to 0.5 1/h 148 
𝑑𝑏 =

𝑑𝐵
𝜇

 
0.1 

𝐵𝑖𝑛 3⸱10-19 mol/cell 149 - - 

D 1⸱10-12 OD/(cell/L) 150 - - 
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Analytical expression of resistance. It is possible to derive from this model an 

analytical expression for the resistance. Indeed, the resistance is defined as  
𝜌𝐴

𝜌0
 , where 𝜌𝐴 

is the net lysis rate observed at the point of greatest deviation from the untreated 

population, and 𝜌0 is the net growth rate observed without antibiotic. The maximum lysis 

rate is always observed at the introduction of the antibiotic (after the 3-hour delay), when 

the antibiotic concentration in the medium is still unaltered. The net lysis rate is then 

𝜌𝐴 = 𝐺 − 𝐿 = 𝐺 − 𝛾
[𝐴]ℎ

[𝐾𝐴]ℎ+[𝐴]ℎ
𝐺, and taking 𝜌0 = 𝐺 we finally obtain 

Resistance = 1 − 𝛾
[𝐴]ℎ

[𝐾𝐴]ℎ+[𝐴]ℎ
= 1 − 𝛾

𝑎ℎ

1+𝑎ℎ
 

A simple analytical expression does not seem to exist for resilience. 

3.6 Sensitivity analysis 

Sobol sensitivity analysis was used to determine which parameters influenced 

resistance and resilience under a range of antibiotic concentrations (see the tutorial by 

Zhang122 for a good explanation). Briefly, the total-order sensitivity index, ST, reflects 

how much a parameter contributes to the variation of resistance or resilience, alone or in 

coordination with any number of others (Figure 10). The sensitivity analysis was 

performed on the dimensionless model, on a parameter space spanning a factor of 4 

centered around each parameter's default value (𝑥 ∈ [
𝑥0

2
, 2𝑥0]). The sampling of the 

parameter space and analysis of the results was done with the open-source Python library 

SALib151. 
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Figure 10. Sensitivity analysis reveals parameters affecting resistance and resilience. (a) Resistance is 

most sensitive to the maximum lysis rate (γ) for all antibiotic concentrations tested. (b) Resilience is 

affected by numerous parameters. Regardless of antibiotic concentration, lysis rate has the greatest 

impact followed by Bla activity level (κb). As antibiotic concentration increases, the turnover rate of Bla 

(db) and nutrient recycling (ξ) become more influential and the Hill coefficient (h) becomes less influential. 

Of interest are the parameters affecting Bla activity, κb and db, because they can be targeted clinically by a 

Bla inhibitor. 

 

3.6.1 Resistance 

The main effector of resistance is the maximum lysis rate 𝛾, which is given a total-effect 

index of 1 at 1, 10 and 100 μg/mL (Figure 10a). From the expression derived earlier, 

                  Resistance = 1 − 𝛾
𝑎ℎ

1+𝑎ℎ
 

When a << 1, resistance will be 1, regardless of parameter variation. When a >> 1, 

resistance becomes dependent on 𝛾 as resistance approaches1 − 𝛾. When a ≈ 1, h should 

have a minor influence, which is shadowed by 𝛾's. These parameters are characteristic of 

single cell level behavior, suggesting that resistance is a single cell level trait. 
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3.6.2 Resilience 

Results from the sensitivity analysis for resilience revealed that all parameters 

contributed to varying degrees, depending on the antibiotic concentration (Figure 10b). 

At low concentrations of antibiotic, the most influential parameters are the maximum 

lysis rate (𝑆𝑇𝛾= 0.81 ± 0.02) and the catalytic activity of Bla ( 𝑆𝑇𝜅𝑏= 0.145±0.005). At 

higher concentrations, 𝛾 and 𝜅𝑏 's total-effect indexes persist as the two mainly influential 

parameters, with the addition of the decay rate of Bla which appears at 𝑆𝑇𝑑𝑏  = 0.040 

± 0.002 at A = 10 μg/mL and at 𝑆𝑇𝑑𝑏  = 0.053 ± 0.003 at A = 100 μg/mL. Although 𝛾 is 

the main effector, 𝜅𝑏 and 𝑑𝑏 are related to population-level behaviors, suggesting that 

resilience could be a population-level trait. 

3.7 Supplementary figures 

 

 

Figure 11. Collective antibiotic tolerance. The population survival to antibiotic exposure depends on the 

initial cell density. The starting density was diluted from 500 to 10000 times and then exposed to a range of 

cefotaxime doses. The time courses show that increasing the antibiotic concentration resulted in a longer 

recovery time because more cells were lysed. If the cell density is too low, then there will be too few cells 

to produce the amount of Bla needed to degrade the antibiotic and allow the population to recover. 
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Figure 12: Time course and rate of change curves of Isolate I. (a) Resilience was calculated from the 
time courses (antibiotic added at time = 0). At low concentrations (A < 1:5 μg/mL), the growth curves looked 

very similar to the control (A = 0) and are considered to be "resistant" to these conditions. At A = 1:5 μg/mL, 

the growth curve starts to deviate from the control due to an increase in cell lysis, showing a decrease in 

resistance. Once the concentration was high enough (A = 5 μg/mL), the population started displaying the 

crash and recovery dynamics. The time to half maximum density (T50%, blue circle) was determined for each 

concentration and used to calculate resilience. (b) Resistance was calculated from the net growth rate. 𝝆𝑨 

is calculated as the point of maximum deviation from the untreated population, as indicated by the black 

crosses. The initial 3 hours were not included because the ratio of noise to actual measurement was too high. 

 

 

Figure 13. Time courses and rate of change curves generated by the model. (a) Simulated time 

courses. Similar to the experimental data, the cell density undergoes a crash and recovery once the 

antibiotic concentration is high enough. With increasing antibiotic concentration, the amount of time 

necessary for the population to recover increases. T50% was calculated as in Figure 12a. (b) Simulated net 

growth rate. The net growth rate was used to determine ρA, calculated similarly to Figure 12b. 
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Figure 14: Time courses showing the effects of Bla inhibition. Isolate I was exposed to the same range 

of cefotaxime (0 : 300 μg/mL) in combination with clavulanic acid ranging from 0 : 0.5 μg/mL. With 

increasing clavulanic acid concentrations, the isolate became increasingly sensitive to the cefotaxime as 

more Bla activity was inhibited. 
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4. Bacterial temporal dynamics enable optimal design of 

antibiotic treatment3 

There is a critical need to better use existing antibiotics due to the urgent threat of 

antibiotic resistant bacteria coupled with the reduced effort in developing new antibiotics. 

β-lactam antibiotics represent one of the most commonly used classes of antibiotics to 

treat a broad spectrum of Gram-positive and -negative bacterial pathogens. However, the 

rise of extended spectrum β-lactamase (ESBL) producing bacteria has limited the use of 

β-lactams. Due to the concern of complex drug responses, many β-lactams are typically 

ruled out if ESBL-producing pathogens are detected, even if these pathogens test as 

susceptible to some β-lactams. Using quantitative modeling, we show that β-lactams 

could still effectively treat pathogens producing low or moderate levels of ESBLs when 

administered properly. We further develop a metric to guide the design of a dosing 

protocol to optimize treatment efficiency for any antibiotic-pathogen combination. 

Ultimately, optimized dosing protocols could allow reintroduction of a repertoire of first-

line antibiotics with improved treatment outcomes and preserve last-resort antibiotics. 

                                                      
3 The content of this chapter has been published. Meredith H.R, Lopatkin A.J., Anderson D.J., & You L. 

Bacterial temporal dynamics enable optimal design of antibiotic treatment. PLoS Computational Biology. 

2015 Apr 23; 11(4).  

Author contributions: HRM and LY wrote the manuscript.   
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4.1 Introduction 

Bacteria eventually develop resistance to all antibiotics they encounter 152-154. 

Unfortunately, the evolution of antibiotic resistant bacteria is accelerating due to the 

widespread use of antibiotics 155,156. As the antibiotic pipeline is drying up and the threat 

of antibiotic resistance is becoming more urgent 2,116, it is critical that we better utilize the 

antibiotics already on the market 3,15,157.  

One of the largest and most commonly used classes of antibiotics for treating both 

Gram-positive and Gram-negative bacteria is the β-lactams 117,158,159. Many β-lactams, such 

as penicillin V, amoxicillin, and first-generation cephalosporins, are first-line antibiotics; 

they are recommended for initial therapy because they are highly effective against non-

resistant pathogens, have a lower risk of side effects, and are less expensive, relative to 

second-line antibiotics 160-162. However, the rapid emergence of extended spectrum β-

lactamase (ESBL) producing pathogens has greatly limited the use of β-lactam antibiotics 

113,117. ESBL-producing pathogens have significant adverse effects on clinical outcomes 

due to their ability to hydrolyze penicillins, broad-spectrum cephalosporins, and 

monobactams 114-116. Patients infected with ESBL-producing pathogens have worse 

prognoses and, if given the incorrect treatment, mortality rates of 42-100% greater than 

patients receiving the correct treatment 114,163. Additionally, β-lactams could promote 

horizontal gene transfer of virulence factors 164 and could be responsible for the spread of 

ESBL genes.  As a precaution, most first-line β-lactams are ruled out if ESBL-producing 

pathogens are detected, even for ESBL-producing pathogens that appear to be sensitive to 
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a particular β-lactam 165-168. This is done largely out of concern for complicating drug 

responses that have been observed in vitro, such as the inoculum effect, a phenomenon in 

which the minimum inhibitory concentration (MIC) of an antibiotic increases as the 

bacterial density increases 10,167,169-172.  

With first-line β-lactams ruled out, second-line antibiotics, such as carbapenems, 

fluoroquinolones, β-lactam/β-lactamase inhibitor combinations, glycopeptides, and 

cephamycins, are typically administered 173. Although this practice is based on a valid 

concern, it has limitations. Specifically, second-line antibiotics are associated with higher 

costs and more adverse effects 174-179. Additionally, the more frequently bacteria are 

exposed to second-line antibiotics, the faster the pathogens are likely to develop resistance 

to our last resort antibiotics 153,156. Given the dearth of new antibiotics entering the market 

and the limited number of effective antibiotics already available, we cannot afford to 

disregard potentially effective antibiotics.  

First-line β-lactams could represent a missed opportunity for treating pathogens 

producing moderate levels of ESBLs.  Individual bacteria that produce moderate levels of 

ESBL can remain sensitive to the antibiotic due to insufficient production or activity of 

ESBL; however, if enough bacteria are present, then the population’s collective ESBL 

concentration will be sufficient to render the population resistant to the antibiotic 17,180. In 

other words, a low density population of moderate ESBL producers would lyse entirely 

because its collective ESBL concentration would be insufficient to inactivate the β-lactam, 

while a high density population would only experience partial lysis before its collective 
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ESBL concentration can inactivate the β-lactam and promote the recovery of the surviving 

bacteria. This collective population recovery is time dependent 14. Shortly after the 

antibiotic is first applied, the population will be reduced due to lysis and appear susceptible 

because it will not have yet benefited from the activity of ESBLs. Ideally, a treatment could 

pinpoint the time window when the most lysis has occurred and the least benefit has been 

experienced.  

Extensive studies have been carried out to devise methods to optimize treatment 

efficacy of antibiotics by changing the dosing period and amplitude. These studies typically 

examine which metric(s) can capture the pharmacokinetic/pharmacodynamics (PK/PD) of 

an antibiotic and be used to predict antibiotic efficacy 181-184. Current metrics adopted in 

the clinical setting, such as the MIC, do not account for the time course of antimicrobial 

activity and are not sufficiently predictive of treatment efficacy 165,185-187.  

Therefore, there is a need for a simple metric that characterizes this pathogen-

antibiotic interaction that can be easily measured and used to design dosing protocols that 

will effectively clear an infection. Here, we use quantitative modeling to demonstrate a 

strategy for customizing regimens for particular bacteria and antibiotic combination 

without needing to know the full mechanistic basis for the bacteria-antibiotic interaction. 

Specifically, we focus on optimizing a dosing protocol to enable β-lactams to effectively 

treat a moderate ESBL-producing pathogen. To help guide the design of effective 

protocols, we develop a metric, the recovery time, which is easy to measure and 

quantifies the pathogen-antibiotic interaction. Even though we assumed specific 
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molecular mechanisms underlying this collective antibiotic response, our model 

illustrates that the predictive power of the recovery time is maintained for different 

specific molecular mechanisms and for different initial conditions. Through optimized 

antibiotic regimens, our strategy could extend the use of first-line antibiotics, improve 

treatment outcome, and preserve last-resort antibiotics. 

4.2 Results 

4.2.1 Model development and characterization  

We developed a kinetic model comprising a set of ordinary differential equations 

(ODEs) to capture the population dynamics of collectively tolerant, ESBL-producing 

bacteria being treated by a β-lactam (4.5.1. Model development.) 14. We further 

nondimensionalized the model to facilitate analysis. In this model, introduction of the 

antibiotic inhibits bacterial growth and causes lysis. β-lactamase (Bla) is naturally found 

in the periplasm of Gram-negative bacteria, where it can benefit the host bacterium by 

hydrolyzing the β-lactams that diffuse into the periplasm 119. However, moderate amounts 

of periplasmic Bla are insufficient to protect a bacterium from high concentrations of 

antibiotic 17,188. Conversely, sufficient amounts of Bla can accumulate to protect a 

population if enough bacteria are initially present. With a dense enough population, the 

collective intracellular and extracellular Bla, due to lysis or leaky secretion 120, will be 

sufficient to degrade the antibiotic to a sublethal concentration before all cells are 

eliminated (Figure 15a). Thus, the survival of the population depends on establishing a 

collective antibiotic tolerance (CAT)172. In general, Bla expression can be constitutive or 
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inducible by the antibiotic 149,189-191. Here, we focus on constitutive Bla expression, which 

is most clinically relevant to the pathogens that express plasmid-mediated ESBLs 180,192. 

However, our conclusions also apply to the case where Bla expression is inducible. They 

will likely apply to bacterial responses to other antibiotics if the antibiotic causes an 

initial decline in the population density by killing a subpopulation of cells and the 

population can recover when the antibiotic is subsequently degraded by an enzyme 

produced by the cells (whether or not the enzyme is released into the culture).    

 

Figure 15: Mechanism and dynamics of antibiotic-mediated death. (a) Antibiotic-mediated death. 
Black represents bacterial actions, blue represents Bla actions, and red represents antibiotic actions. Arrows 

denote induction or activation; T-lines indicate inhibition; the dashed arrow represents the ability for the 

model to simulate inducible or constitutive Bla production. (b) Typical time courses of bacterial density, 

antibiotic, and Bla after one dose of antibiotic treatment. The antibiotic can cause cell lysis, which triggers 

the release of Bla into the environment. Sufficient degradation of the antibiotic by the Bla allows the 

surviving bacteria to recover. (c) Collective tolerance. A bacterial population can only recover from an 

antibiotic dose if enough bacteria are present for sufficient Bla to be produced. 

Using physiologically relevant parameters, our model generates PK/PD profiles 

that are characteristic of Bla-mediated CAT. Starting from a sufficiently high initial 

density, the population exhibits an initial decline upon antibiotic treatment, followed by 

eventual recovery due to intrinsic and Bla-mediated degradation of the antibiotic (Figure 

15b). Sufficient time is needed to observe this apparent drug tolerance. If examined 
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shortly after antibiotic treatment, the population will have just experienced significant 

lysis and will appear susceptible because the effects of Bla have not yet been fully 

recognized.  

For a fixed initial antibiotic concentration, the model predicts a switch-like 

dependence of population survival over the initial population density: the population can 

only survive if starting at a sufficiently high density (Figure 15c). If too few bacteria are 

present, the total expression of Bla from the entire population is insufficient to degrade 

the antibiotic fast enough to allow the population to recover. If enough bacteria are 

present, however, the population can endure the initial crash in density for a longer 

period. As such, some bacteria remain when the antibiotic concentration decreases 

sufficiently, due to Bla-mediated degradation, to allow the population to recover. The 

density-dependent survival of the population is the defining feature of the inoculum effect 

10,193.  

4.2.2 Recovery time as a metric to quantify bacterial response 

Our results illustrate the defining features of a CAT bacterial response involving 

antibiotic-triggered death. In particular, the population will appear resistant when its 

initial density is sufficiently high and it is given enough time to recover. These features 

form the basis for the preemptive practice of disregarding β-lactams when an ESBL-

pathogen is identified. However, our model also indicates that the population is sensitive 

when its initial density is sufficiently low or when it is examined in a short time window. 

Given these properties, we reason that optimal antibiotic dosing may remain effective in 
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eliminating bacteria. If so, an immediate next question is how to best design the treatment 

protocol.   

This task would be straightforward if we could determine the specific molecular 

mechanisms and defining parameters for each pathogen-antibiotic pair: under such a 

scenario, we could in theory use a model specific to the pair to examine efficacy of 

different dosing protocols. This is impractical, however, as many ESBL pathogens are 

poorly characterized at the molecular level and there are many different ESBL enzymes 

194. A more practical option would be to identify an easy-to-measure, lumped metric 

based on a bacterial population’s response to a single dose of antibiotic that will allow us 

to reliably predict its response to periodic antibiotic treatment without needing to know 

the underlying molecular-level parameters.   

A typical metric to quantify efficacy of an antibiotic is the minimum inhibitory 

concentration (MIC), which can be measured by disk diffusion and microbroth dilution 

methods after a certain duration of antibiotic treatment 195. However, the MIC measured 

at a particular time point does not capture the rich temporal dynamics of bacterial 

responses due to antibiotic-triggered death. Instead, we propose to use another lumped 

metric: the recovery time; specifically, this defines the time it takes a population to return 

to its initial density after being exposed to a dose of antibiotic (Figure 16). By definition, 

the recovery time captures the dominant dynamic features of bacterial temporal response. 

As such, it may be a more predictive metric for the long-term outcome of periodic 

antibiotic treatment.  
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Figure 16: Defining the recovery time. (a) Recovery time defined. The recovery time is the time it takes 

for a population to return to its starting density after being exposed to a dose of antibiotic. (b) Each 

antibiotic concentration has a recovery time. To capture both the time- and concentration-dependent 

relationship between an antibiotic and the bacterial population, the recovery time is measured for a range of 

an antibiotic’s concentrations. (Increasing numbers labeling the curves correspond to increasing 

concentrations of antibiotic: 1 = weakest, 4 = strongest). (c) The recovery time curve links pathogen to 

an antibiotic. The recovery times for a range of antibiotic concentrations produce an informative curve that 

represents the interaction between a pathogen and a particular antibiotic. 

4.2.3 Predictive power of the recovery time for injection-based protocols 

We first tested the predictive power of the recovery time in injection-based dosing 

protocols. With the base-parameter set, our model predicts a monotonic dependence of 

the recovery time on the antibiotic concentrations for single-dose treatment (Figure 17a). 

Once the initial antibiotic concentration is high enough to cause cell lysis (a0 > 0.5), the 

recovery time increases exponentially with the initial antibiotic concentration until the 

antibiotic concentration is too high (𝑎
0
> 10) and the recovery time becomes infinite. 

This dependence is an intrinsic property of antibiotic-mediated lysis. Under low 

concentrations of antibiotic (0.5 < 𝑎0 < 10), the recovery time is primarily determined 

by how fast the antibiotic is degraded by Bla. Under increasing concentrations of 

antibiotic (𝑎0 > 10), the rate of antibiotic degradation is essentially saturated (limited by 
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the population size and the constant production rate of Bla) and the recovery time is 

primarily determined by the lysis rate. β-lactams’ killing rate is time-, not dose-, 

dependent and is reflected in the model’s lysis rate’s non-linear dependence on the 

antibiotic concentration (Hill coefficient = 3) 196. Once the antibiotic concentration is 

high enough, further increasing the concentration does not increase the lysis rate. 

As noted above, the recovery time could represent a simple, yet reliable, metric in 

predicting outcomes from periodic treatment. To test this notion, we examined the 

consequence of periodic dosing of varying antibiotic concentrations. For each 

concentration, we varied the dosing periods from 0.1 to 2 times the corresponding 

recovery time, and obtained the final population density after 100 doses. Our modeling 

results confirmed the predictive power of the recovery time:  as long as the initial 

antibiotic concentration is sufficiently high to cause significant initial lysis, the 

population will reach a high final density if the period is greater than the recovery time; 

the population goes extinct otherwise (Figure 17b).     
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Figure 17: Recovery time guides design of effective injection based regimen. (a) Dependence of the 

recovery time on the initial antibiotic concentration. If the initial antibiotic concentration is too low, 

then the population will not be affected and its recovery time will be zero. However, after the initial 

antibiotic concentration is high enough, increasing the concentration results in an increase in the time it 

takes for a population to recover from a single dose. (b) Predictive power of recovery time for the 

outcome of long-term periodic antibiotic dosing. For each antibiotic concentration-period combination, 

we calculate the final population density after 100 antibiotic doses. Subplots demonstrate the outcomes for 

the first couple of doses of regimens using periods less than one recovery time (bacteria final density is 

below the defined threshold of 10-10) versus regimens using periods greater than one recovery time 

(bacteria final density returns to carrying capacity). (c) Dependence of treatment efficiency on the 

antibiotic concentration and the dosing period. Each combination using an antibiotic concentration with 

a recovery time > 0 (𝒂𝟎  >  𝟎. 𝟓) and any period less than 1 recovery time can eventually eliminate the 

population. Different combinations will reduce the population density to a pre-defined threshold (10-10) 

with varying efficiency: the combination is more efficient if fewer doses are needed to reach the threshold. 

𝒂𝟎  <  𝟎. 𝟓 could not clear the infection in 100 doses. (d) Dependence of total antibiotic usage on the 

antibiotic concentration and dosing period. The total usage is calculated as the antibiotic concentration 

multiplied by number of doses needed to reduce population density to a predefined threshold. 

Of the regimens leading to eventual population extinction (period < recovery 

time), different combinations of antibiotic concentrations and dosing periods eliminate a 

population with varying efficacy. To quantify this efficacy, we calculated the minimum 
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number of doses necessary to reduce the population density to below 10-10 (Figure 17c). 

The resulting landscape shows a strong dependence on antibiotic concentration and the 

corresponding recovery time. When the antibiotic concentration is too low and the 

recovery time is close to 0, the number of doses required to clear the infection is very 

large, regardless of the dosing frequency. When the antibiotic concentration is very high 

and the corresponding recovery times approach infinite, then the number of doses is very 

low. However, there is an intermediate range of antibiotics with intermediate recovery 

times that show variation in the number of doses necessary to clear the infection. 

Concentrations producing the longer recovery times require fewer doses because they can 

reduce the bacterial density more severely than concentrations with shorter recovery 

times.  

For intermediate antibiotic concentrations (1 <  𝑎0  <  10) to be most effective, 

the model suggests they should be delivered at low-to-intermediate period lengths (period 

= 20-50% recovery time) at which the population is most vulnerable. At the end of each 

period, the bacteria are still lysing, have almost reached minimum density, but have not 

yet experienced the benefits of Bla. At this point, the antibiotic has not been completely 

removed; thus the population will be subjected to a slightly higher concentration of 

antibiotic at each additional dose. If the antibiotic is delivered too frequently, the 

accumulated antibiotic increases the rate of lysis, thus causing higher amounts of Bla to 

be released, ultimately leading to the faster removal of the antibiotic. However, Bla 

cannot fully degrade the antibiotic before the next dose is added and the population 
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quickly dies off. Although the population is cleared, a higher number of doses is 

necessary because the degree of lysis per dose is not maximized. In other words, 

subsequent doses are applied before the full extent of lysis from the previous dose is 

observed. However, if the antibiotic is delivered too infrequently, then the population will 

have the chance to recover between doses. Once again, these conditions do not maximize 

the degree of lysis per dose and more doses are necessary to achieve the same amount of 

population decrease associated with doses applied more frequently. 

A final aspect to consider when designing a regimen is the total amount of 

antibiotic delivered (Figure 17d). Although some of the model’s regimens using higher 

concentrations of antibiotic (𝑎0  >  10) are associated with fewer doses, they have the 

highest net antibiotic concentration. These concentrations may not be optimal, due to 

potential adverse effects associated with using excessive amounts of antibiotic, such as 

the destruction of the normal microbial flora, interference with the immune response, 

increased nephrotoxicity, and selection for antibiotic resistant mutants 174,197-200. Also, 

efficient use of antibiotics can help reduce treatment cost 160,177. Using dose number and 

total antibiotic delivered, an effective and realistic regimen can be designed by 

minimizing the number of doses, the delivery frequency, and the total antibiotic 

delivered.   

We note that the predictive power of the recovery time is maintained for low or 

moderate inoculum sizes. In particular, our modeling demonstrates that a multi-dose 

regimen will clear a population if the time between doses is less than one recovery time, 
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regardless of effective antibiotic concentration and inoculum size (Figure 18). Similar to 

the base case, the regimen can be optimized to have the fewest doses and the lowest net 

antibiotic concentration delivered by selecting the lowest concentration of antibiotic 

associated with the longest recovery time.  

 

Figure 18. The effect of initial cell density on the predictive powers of recovery time. (a,f) Time 

courses for populations with initial densities that are 10x and 100x smaller than the base model. (b,g) 

Recovery time curves for populations with initial densities that are 10x and 100x smaller than the 

base model. (c,h) Final density depends on dosing frequency. Despite the lower initial densities, both 

models followed the trend where periods less than one recovery time eliminate the population as long as the 

initial antibiotic concentration is sufficiently high to cause significant initial decline. This indicates that the 

recovery time is a viable tool for predicting treatment outcomes for a range of population sizes. (d,i) Dose 

number necessary to reduce a population below critical threshold depends on antibiotic 

concentration and period length. The fewest number of doses corresponds to the antibiotic concentrations 

with the longest recovery times; however, intermediate concentrations can be effective when applied at low 

to intermediate period lengths. (e,j) Total antibiotic concentration delivered depends on single dose 

concentration. The regimens applying doses of lower concentrations of effective antibiotic will eliminate 

the population just as effectively as the regimens using high concentrations, but with less total antibiotic. 

Additionally, the predictive power of the recovery time is maintained for an 

antibiotic with dose-dependent killing (Hill coefficient = 1) or an antibiotic with time-

dependent killing (Hill coefficient = 10): a multi-dose regimen will clear a population if 

the time between doses is less than one recovery time, regardless of effective antibiotic 

concentration and degree of antibiotic-mediated killing (Figure 19). 
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Figure 19. The effect of the Hill coefficient on the predictive powers of recovery time. (a,c) Recovery 

time depends less on antibiotic concentration if the Hill coefficient (H) is high enough. When H=1, the 

recovery time is dose dependent, increasing as the antibiotic concentration increases. When H=10, the 

recovery time quickly transitions from being 0 to infinite (the population has been wiped out). Once past 

the threshold, increasing the antibiotic concentration will not continue to increase the recovery time.  (b,d) 

Final density depends on dosing frequency. Despite the different Hill coefficients, both models followed 

the trend where periods less than one recovery time eliminate the population as long as the initial antibiotic 

concentration is sufficiently high to cause significant initial decline. This indicates that the recovery time is 

a viable tool for predicting treatment outcomes for a range of antibiotics with different modes of killing 

(time vs. dose dependent).  

The predictive power of the recovery time can be applied to bacteria with varying 

rates of Bla synthesis and accumulation as long as the antibiotic concentration applied 

has an effective recovery time (Figure 20 A-T). When the bacteria are producing and 

accumulating Bla at a very fast rate (Figure 20 P-T), most individual bacteria can 

sufficiently protect themselves (CAT is no longer necessary) and the population 

experiences little or no decline in density. Consequentially, the model predicts that 

effective treatment protocols would shift to higher antibiotic concentrations capable of 

inducing significant lysis in more resistant bacteria.   
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Figure 20. The effect of Bla production levels on the predictive powers of recovery time. 

(a-e) No Bla production. (a) Time course. The recovery of bacteria that do not produce Bla depends on 

the intrinsic removal of the antibiotic caused by natural degradation and turnover by the body’s fluid. (b) 

Recovery time curve. Because the bacteria still undergo the process of lysing before recovering, the 

dosing protocol based on recovery time is still applicable. Without the production of Bla to aid in the 

recovery of the population, the recovery time is longer and monotonically dependent on the antibiotic 

concentration. (c) Final density. Protocols using periods of less than one recovery time are effective at 

eliminating the population, regardless of antibiotic concentration. (d) Dose number. For each antibiotic 

concentration and period combination, the corresponding number of doses necessary to eliminate the 

population was calculated. The regimens using antibiotics associated with longer recovery times require the 

fewest doses; however, low concentrations of antibiotic (𝒂𝟎 ≈ 𝟏) can be effective if applied at period 

lengths of 0.10-0.50 period/RT. (e) Total antibiotic delivered. Despite many different regimens requiring 

the same number of doses to clear an infection, the regimens could be differentiated by the total amount of 

antibiotic delivered. When comparing regimens with the same number of doses, the amount of antibiotics 

delivered decreases as the dose concentration decreases. 

(f-j) Low inducible Bla production. (f) Time course. The population recovers faster than a population 

that does not produce Bla because it generates sufficient Bla to degrade the antibiotic; however, the 

recovery time is slower than a population that constitutively produces Bla because more bacteria lyse 

before sufficient Bla accumulates to effectively remove the antibiotic. (g) Recovery time. The recovery 

time increases as the initial antibiotic concentration increases. (h) Final density. Protocols using periods of 

less than one recovery time are effective at clearing an infection, regardless of antibiotic concentration. (i) 

Dose number. A larger range of antibiotic concentrations require the lowest number of doses because the 

population is more sensitive to lower antibiotic concentrations, relative to constitutive producers.(j) Total 
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antibiotic delivered. Despite the higher number of doses, the least amount of antibiotic is delivered for 

regimens using lower antibiotic concentrations. 

(k-p) High Inducible Bla Production. (k) Time course. Increased Bla production results in less lysis, 

faster antibiotic degradation, and, consequently, a faster population recovery. (l) Recovery time curve. The 

non-monotonic dependence reflects the generation of the Eagle effect: a higher antibiotic concentration can 

generate faster population response.(m) Final density. Protocols using periods of less than one recovery 

time are effective at clearing an infection, regardless of antibiotic concentration. (n) Dose number. The 

dose number is highly complex in terms of the dependence on the initial antibiotic concentration and period 

length. The dependence on the recovery time, however, appears simpler: the fewest number of doses is 

needed for antibiotic concentrations with the longest recovery times that are delivered at intermediate-to-

long dosing frequencies. Concentrations producing the longer recovery times require fewer doses because 

they can reduce the bacterial density more severely than concentrations with shorter recovery times. (o) 

Total antibiotic delivered. Despite the higher dose numbers, the least antibiotic is delivered for regimens 

applying low concentrations of antibiotics at intermediate-to-long periods. 

(p-t) High constitutive Bla production. (p) Time course. Here, bacteria constitutively produce Bla at a 

rate an order of magnitude greater than the bacteria that constitutively produce low amounts of Bla. As a 

result, the bacteria produce sufficient Bla such that the private Bla present in the periplasm can provide 

sufficient protection against the antibiotic. As such, the overall population growth rate is always greater 

than the lysis rate; thus the population will always increase in density. (q) Recovery time. Because the 

bacteria produce such high amounts of Bla, the population experiences no or little initial decrease in 

density. Thus, the recovery time is close to 0 until stronger antibiotic concentrations are applied. (r) Final 

density. Protocols using periods of less than one recovery time are effective at clearing an infection, as 

long as the antibiotic concentration induces a sufficiently long recovery time (see S5 Figure). (s) Dose 

number. The shorter periods are associated with increased number of doses because there would be less 

time between when cells lyse and the Bla will not have the chance to naturally degrade before the next 

round of lysis adds more Bla to the environment. Higher concentrations and longer period lengths result in 

lower dose numbers. (t) Total antibiotic delivered. The least amount of antibiotic delivered is associated 

with regimens using lower dose concentrations and intermediate-to-long periods. This supports the notion 

that longer periods allow for the large amounts of Bla to degrade before the next dose, 

thus allowing each dose to be as effective as possible. 

 

 

The predictive power is upheld as long as the recovery times associated with 

subsequent doses are sufficiently similar to the original recovery time measured from a 

single dose. Recovery times of subsequent doses depend on two main factors: the activity 

of Bla in the environment and the concentration of antibiotic. On one hand, if there is 

insufficient time for Bla to degrade between doses, then it will compound with each dose 

until the population is being protected by higher concentrations of Bla, relative to when 

the first dose was administered. As a result, the increasing pool of Bla will degrade the 
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antibiotic faster, the recovery time of subsequent doses will decrease, and the population 

can recover when dosed at period lengths less than the original recovery time (Figure 21 

A-B). This would happen in scenarios where the antibiotic concentration applied is 

insufficient to counterbalance the Bla that is either expressed at high levels or has an 

increased rate for hydrolyzing an antibiotic.  The loss of predictive power in this case can 

be avoided by using a sufficiently strong antibiotic concentration.  On the other hand, if 

there is insufficient Bla to degrade the antibiotic between doses, then the antibiotic will 

compound with each dose until the population is being exposed to higher concentrations 

of antibiotic, relative to when the first dose was administered. As a result, the increasing 

concentration of antibiotic will kill more cells, the recovery time of subsequent doses will 

increase, and the population will not be able to recover when dosed with period lengths 

equal to the original recovery time (Figure 21 C-D).   
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Figure 21. Predictive power is lost when single dose recovery time does not predict recovery time of 

subsequent doses. (a-b) Population recovers at periods < 1 recovery time (a) Final Density. 

Populations can recover from an antibiotic applied at periods less than one recovery time if the bacteria are 

producing extreme levels of Bla and the antibiotic concentration is too weak to induce sufficient lysis (i.e. 

has a short recovery time). If the recovery time is too short, then the time between doses is too short for the 

Bla to return to a baseline level. As a result, the net Bla compounds with each subsequent dose, allowing 

populations to survive an antibiotic applied at periods less than one recovery time. (b). Time curves for 

cell density, Bla, and antibiotic concentration. Because each subsequent dose of antibiotic causes more 

cells to lyse and release Bla before the Bla from the previous dose is degraded, there is an increase in the 

base amount of Bla always present. As a result, the cells can clear the antibiotic faster on subsequent doses 

compared to the first dose. Consequentially, the observed recovery time from the multi-dose regimen is 

actually shorter than the expected response time calculated from the single dose. Here, A = 1.4 and period = 

0.60 RT. (c-d) Population fails to recover at periods = 1 recovery time (c) Final Density. Populations 

fail to recover from a low antibiotic concentration applied at periods less than one recovery time if the 

bacteria are producing low levels of Bla. Because the antibiotic concentration is low, the recovery time and 

its derived dosing periods are short. The time between doses is insufficient for the Bla to degrade enough of 

the antibiotic to recover. As a result, the antibiotic concentration compounds with each subsequent dose, 

preventing populations from recovering at periods greater than one recovery time. (d) Time curves for cell 

density, Bla, and antibiotic concentration. With each subsequent dose of antibiotic, more cells lyse and 

release Bla; however, the cells produce insufficient Bla to degrade the current dose of antibiotic before the 

next dose is delivered. As a result, the antibiotic accumulates with each subsequent dose and the cells are 

killed. Here, A = 0.63 and period = 1.33 RT. 
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4.2.4 Predictive power of recovery time for intravenous-drip protocols 

Many antibiotics, such as β-lactams, are most effective when applied continuously 

for long periods of time 201,202. Thus, we also modeled the predictive power of the 

recovery time in intravenous (IV)-drip based protocols, where a set concentration of 

antibiotic is delivered over a set duration during each dosing period. Here, we delivered 

the antibiotic dose over three time units and measured the corresponding recovery time 

(Figure 22a). Similar to the injection recovery times, the IV-drip recovery times increase 

monotonically as the concentration of the dose increases, more Bla is required to remove 

the antibiotic, and more of the population lyses. In contrast, the IV-drip therapy has a 

narrower range of intermediate antibiotics with 0 < recovery time < 100. Some of the 

lower concentrations that are effective for injection treatment (0.5 <  𝑎0  <  1) are 

ineffective for IV drip treatment because the dose is too weak when delivered over a 

longer period of time. However, when the dose concentration is sufficiently high, the IV-

drip recovery time is longer than the injection recovery time because the IV-drip is 

exposing the bacteria to a higher concentration for a longer period of time (Figure 22b).  
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Figure 22: Recovery time guides design of effective intravenous drip based regimen. (a) Dependence 

of the recovery time on the antibiotic concentration during IV.  We maintain each concentration for a 

fixed duration (time = 3) and then calculate the corresponding recovery time. (b) Time course of an IV-

drip regimen. The antibiotic was delivered for a fixed duration until the bacteria density dropped below a 

pre-defined threshold (10-10). (c) Predictive power of recovery time for the outcome of long-term 

periodic antibiotic dosing. For each antibiotic concentration-period combination, we calculate the final 

population density after applying 100 antibiotic doses. (d) Dependence of treatment efficiency on the 

antibiotic concentration and the dosing period. The efficacy is determined in the same manner as in 

Figure 17. (e) Dependence of total antibiotic usage on the antibiotic concentration and the dosing 

period. The total usage is calculated as in Figure 17. 

 

Again, we use the recovery time from a single IV dose to establish the range of 

dosing frequencies able to eliminate the bacterial population. At each dosing 

concentration (for a fixed time duration of 3), we applied 100 doses of the antibiotic at 

periods ranging from the infusion duration (𝜏 = 3) to 2 times the corresponding recovery 

time and calculated the resulting final bacterial density. The model shows that the 

predictive power of the recovery time is maintained when the antibiotic dosing 
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concentration is sufficiently large with a long enough recovery time (𝑎0 > 1.5): a multi-

IV-dose regimen will eventually eliminate the population if the dosing period is less than 

one recovery time, regardless of effective antibiotic concentration (Figure 22c). There is 

slight deviation from this for 𝑎0 < 1.5 due to the corresponding recovery times being too 

short for the Bla to be reduced to a baseline concentration before the next round of lysis 

and Bla release occurs. As a result, periods less than one recovery time could fail to 

eradicate the infection because the Bla concentration compounds with each subsequent 

dose, the antibiotic is degraded more quickly, fewer cells lyse, and the population can 

recover (Figure 21).  

Similar to the injection based therapy, the IV-drip reduced a population 

constitutively producing high concentrations of Bla as long as the period was less than 

one recovery time and the initial antibiotic concentration was sufficiently high to cause 

significant initial decline (Figure 23). However, the IV-drip protocols retained a larger 

range of effective antibiotic concentrations than the injection based protocols. This 

robustness is due to the antibiotic concentration continuously being replenished from the 

IV-drip. If a high enough concentration is maintained for sufficient time, the population’s 

Bla concentration will not be able to remove the antibiotic fast enough to prevent lysis 

and the population will decrease with each subsequent round of IV-drip infusion. Thus, 

these results suggest that IV-drip based regimens could serve as a platform for effectively 

applying first-class β-lactams to clear constitutive producers of high levels of ESBLs. 
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Figure 23. High constitutive Bla production, IV-drip treatment (a) Time course. The antibiotic was 

infused into the system over 3 time units, resulting in a sustained high concentration that led to a sustained 

decline in the population density. The Bla produced was insufficient to effectively degrade the antibiotic 

while it was being infused, so the population could not start to recover until after the infusion had ended. 

(b) Recovery time. A higher concentration of antibiotic was necessary to elicit a recovery time. Relative to 

the population constitutively producing Bla that was treated with an injection regimen, the IV-drip 

treatment produced longer recovery times. (c) Final density. IV-drip therapy results support the predictive 

power of the recovery time for populations constitutively producing high levels of Bla. Doses delivered at 

periods less than 1 recovery time clear the infection whereas doses delivered at periods longer than 1 

recovery time fail. (d) Dose number. The fewest doses are required for regimens using high antibiotic 

concentrations delivered at intermediate-long periods. (e) Total antibiotic delivered. The least amount of 

antibiotic was delivered for regimens delivering the intermediate concentrations of antibiotic at 

intermediate-to-long periods. 

 

We next evaluated the efficacy of each effective concentration-period 

combination by calculating the minimum number of doses necessary to reduce the 

population density to below 10-10 (Figure 22d). Relative to the injection protocol, the IV-

drip therapy has a narrower region of intermediate dose numbers, reflecting the narrow 

region of intermediate recovery times. Similarly to the injection based regimens, the 

intermediate antibiotic concentrations (1 < 𝑎0 < 5) require the least doses when delivered 

at low-to-intermediate period lengths (period = 20-60% recovery time) because that is 

when the population is most vulnerable. Again, the initial antibiotic concentrations too 

low to have a recovery time (𝑎0 < 1) do not clear the infection, regardless of the dosing 

interval or number of doses applied. The concentrations with an infinite recovery time 

(𝑎0 > 5) require only a single dose and thus the dosing frequency does not matter. 
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Although the number of doses necessary to clear an infection might be the same 

for a range of antibiotic concentrations and periods, the least amount of total antibiotic is 

needed for intermediate antibiotic concentrations applied at 20-60% of the associated 

recovery time (Figure 22e).  

4.2.5 Predictive power of the recovery time in mixed populations 

A bacterial population often consists of phenotypically or genetically 

heterogeneous subpopulations203,204. For instance, different cells may express different 

levels of Bla, have different growth rates, or exhibit different sensitivities to the same 

antibiotic. This heterogeneity could compromise the predictive power of the recovery 

time. To examine this notion, we extended our injection-based model to account for two 

cases, each dealing with a mixture of two subpopulations (4.5 Supplementary 

materials). In one case, one subpopulation grows much more slowly and exhibits much 

greater tolerance to the antibiotic. In the other, two subpopulations display different 

degrees of collective antibiotic tolerance.  

4.2.5.1 Case I: A mixture consisting of normal cells and persister cells  

The first case accounts for the impact of persisters. Persisters are non- or slow-

growing bacteria that are genetically identical to susceptible cells, but are highly tolerant 

to antibiotics 5-9,133. Because persisters are generated at low frequencies and can only start 

to reestablish the population upon removal of the antibiotic 6,205,206, the overall dynamics 

of persisters will happen at a much slower time scale than for normal cells.  Here, we 
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assume persisters form a small fraction of the initial population (< 1%), transition to and 

from normal cell phenotypes when the antibiotic concentration is low enough, and grow 

and lyse at rates 100 to 1000 times slower than normal cells 7,9.  When antibiotic 

concentrations are low (𝑎0 <  0.3), the recovery time is 0, regardless of the presence of 

persisters. As antibiotic concentration starts to increase (0.3 < 𝑎0 <  26), the population 

of normal cells starts to undergo the population crash and recovery while the persisters 

grow and die very slowly (Figure 24 a,f). Once the antibiotic has been sufficiently 

degraded, then the persisters start being generated from and returning to the normal 

population. This ability to transition between phenotypes is what allows for a population 

containing persisters to recover under antibiotic concentrations (𝑎0  >  26) that would 

normally kill a population without persisters (Figure 24 b, g).  The predictive power of 

the recovery time is upheld for the population with persisters growing and dying 100fold 

more slowly, but not 1000fold more slowly (Figure 24 c, h). Although the normal 

population is reduced below the threshold after a few doses, the persisters’ net death rate 

determines the duration that the antibiotics need to be applied. The persisters growing and 

lysing 100fold more slowly than normal cells have a death rate high enough to reduce the 

persisters to 0 before the 100 doses of antibiotic have been applied at periods less than 1 

recovery time (Figure 24 d). The fewest doses are needed for regimens applying higher 

concentrations of antibiotic (𝑎0  >  26) at period lengths > 0.3 recovery time. The 

persisters growing and lysing 1000fold more slowly are still present at a low density at 

the end of most of the different regimens tested. Here, the successful regimens are those 
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delivering high concentrations of antibiotic (𝑎0  >  10) with long period lengths (period 

> 0.65 recovery time) (Figure 24 i). Similar to the previous models, the persister model 

shows that regimens applying higher dose concentrations deliver a higher overall 

concentration of antibiotic (Figure 24 e, j). These results suggest that, while the recovery 

time can help optimize regimens for relatively slow- growing and lysing persisters, the 

power is lost for extremely slow- or non- growing persisters. This further confirms that if 

our model’s central assumption, that the population is collectively antibiotic tolerant, is 

violated, then the predictive power of the recovery time will diminish. 
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Figure 24. The effect of persisters on the predictive powers of recovery time. Our model assumes that 

persisters form a small fraction of a population, grow and lyse at rates much slower than normal cells 

(𝑔𝑝 ≪ 𝑔𝑁 , 𝑙𝑃 ≪ 𝑙𝑁), and, when the antibiotic concentration is low enough (𝑎 < 𝜎1), they are generated 

from and revert to a normal cell phenotype at the slow rates of 𝜅𝑃 and 𝜅𝑁, respectively. (a-e) Population 

with persisters that grow and lyse at rates 100 times more slowly than normal cells (a) Time course. 

The bacteria lyse due to the antibiotic, release Bla to degrade the antibiotic, and then recover once the 

antibiotic concentration is low enough. At this point, persisters (dashed black line) are generated from and 

return to the normal cell population (solid black line). Here, the initial density of persisters and normal cells 

are 0.00001 and 0.1, respectively. (b) Recovery time. The recovery times are the same between the 

population containing persisters (black line) and the population containing no persisters (grey line) until 𝑎0 

> 0.3. From 0.3 < 𝑎0 < 26, both populations take longer to recover with increasing antibiotic concentration; 

however, the population containing persisters recovers slightly faster. When 𝑎0 > 26, then the population 

without persisters fails to recover, whereas the population with persisters is able to re-establish the 

population. (c) Final Density. After 100 doses of antibiotic, the final total density was measured. Periods 

greater than 1 recovery time resulted in the full recovery of the population; however, periods less than 1 

recovery time appeared to suppress the population’s recovery. (d) Dose number. For each antibiotic 

concentration and period combination, the corresponding number of doses necessary to reduce the total 

population density to a critical threshold was calculated. The regimens using antibiotics associated with 

longer recovery times and longer periods require the fewest doses. (e)Total antibiotic delivered. Despite 

many different regimens requiring the same number of doses, the regimens could be differentiated by the 

total amount of antibiotic delivered. When comparing regimens with the same number of doses, the amount 

of antibiotics delivered would decrease as the dose concentration decreased. (f-j) Population with 

persisters that grow and lyse at rates 1000 times more slowly than normal cells (f) Time course. 

Similar to (a). (g) Recovery time. Similar to (b). (h) Final Density. Similar to general trend of (c), where 
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final densities are high when using periods > 1 recovery time and are low otherwise. However, many of the 

low final densities achieved after 100 doses with periods < 1 recovery time are close to, but not exactly, 0. 

This means that once the regimen is completed and sufficient time has passed, the population will be able 

to regrow. (i) Dose number. For each antibiotic concentration and period combination, the corresponding 

number of doses necessary to reduce the total population density to a critical threshold was calculated. The 

regimens using antibiotics associated with longer recovery times and longest periods require the fewest 

doses. The regimens using lower concentrations of antibiotic (𝑎0 < 10) and/or shorter dosing periods 

(period < 0.65 recovery time) were not successful at reducing the population below the threshold after 100 

doses. This is due to the presence of persisters. (j) Total antibiotic delivered. The total amount of 

antibiotic delivered for each regimen was calculated and suggests that an injection based regimen would 

need very high concentrations of antibiotic to sufficiently reduce a population with persisters. (k) 

Schematic for how a population  with persisters responds to antibiotic. Black represents bacterial 

actions, blue represents Bla actions, and red represents antibiotic actions. Arrows denote induction or 

activation; T-lines indicate inhibition; the dashed arrow represents the ability for the model to simulate 

inducible or constitutive Bla production. 

 

4.2.5.2 Case II: A mixture consisting of two distinct subpopulations that are both sensitive 

to the antibiotic 

Here, the divergence between the two subpopulations is much less than that 

between normal and persister cells. The more resistant subpopulation has thresholds of 

growth inhibition and lysis five times greater than the moderately resistant subpopulation. 

As a result, the more resistant subpopulation does not lyse as much and recovers faster 

than the moderately resistant subpopulation (Figure 25 a, f). If the subpopulations can 

switch between states207,208, the more resistant subpopulation can re-establish the 

moderately resistant subpopulation once the antibiotic concentration is sufficiently low. 

Otherwise, the moderately resistant subpopulation will not recover. Because both 

subpopulations still undergo the process of lysing before recovering, the dosing protocol 

based on recovery time is still applicable (Figure 25 b, g). For 0.3 <  𝑎0  <  2.3, both 

subpopulations recover at similar rates, thus the population as a whole recovers quickly. 

For 2.3 <  𝑎0  <  26, the more resistant subpopulation recovers faster and determines the 
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population level recovery time.  For 𝑎0  >  26, neither subpopulation can recover. The 

predictive power is upheld for this mixed population: a multi-dose regimen will clear a 

population if the time between doses is less than one recovery time, regardless of 

effective antibiotic concentration and degree of antibiotic-mediated killing (Figure 25 c, 

h). Similar to other scenarios, the dosing number and total antibiotic delivered can be 

determined and optimized, based on the antibiotic concentration and period length 

(Figure 25 d-e, i-j). These results suggest that the recovery time could be used to 

optimize treatments for heterogeneous populations with more than two subpopulations, as 

long as the phenotypic difference between these subpopulations is not drastic.  
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Figure 25. The effect of a mixed population on the predictive powers of recovery time. The model 

represents a mixed population with equal starting densities of two subpopulations (𝑛1 and 𝑛2) with 

different levels of antibiotic resistance. 𝑛1 has the same parameter values as the base case from the 

homogeneous model; however, 𝑛2 has increased thresholds for antibiotic effects. Particularly, 𝑛2 requires 

higher concentrations of antibiotic to inhibit growth (𝜎5 = 5𝜎1) and induce lysis (𝜎6 = 5𝜎2). Although this 

model accounts for two distinct subpopulations, it could be extended to multiple populations displaying 

some degree of collective antibiotic tolerance. Subpopulation can switch between states (a-e). (a) Time 

course. Both subpopulations start at the same starting density (0.05) and start to lyse due to antibiotic. One 

subpopulation (𝑛2) is more resistant than the other (𝑛1), with thresholds for growth inhibition (𝜎5) and lysis 

(𝜎6) 5 times higher. Both populations contribute Bla to degrade the antibiotic. Once the antibiotic 

concentration is sufficiently low, then the subpopulations can start to recover. Since 𝑛1 and 𝑛2 can switch 

between states, 𝑛2 can help 𝑛1 recover under concentrations that would otherwise be lethal. (b) Recovery 

time curve. Because both populations still undergo the process of lysing before recovering, the dosing 

protocol based on recovery time is still applicable. When 0.3 < 𝑎0 < 2.3, both 𝑛1 and 𝑛2 are recovering at 

similar rates, thus the population as a whole recovers quickly. Once 2.3 < 𝑎0 < 26, then 𝑛2 recovers faster 

and determines the population level recovery time.  When 𝑎0 < 26, then both subpopulations cannot 

recover. (c) Final density. Protocols using periods of less than one recovery time are effective at 

eliminating the population, regardless of antibiotic concentration. (d) Dose number. For each antibiotic 

concentration and period combination, the corresponding number of doses necessary to eliminate the 

population was calculated. The regimens using antibiotics associated with longer recovery times require the 

fewest doses; however, lower concentrations of antibiotic (10 < 𝑎0 < 26) can be effective if applied at 
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period lengths of 0.10-0.50 period/RT. (e) Total antibiotic delivered. Despite many different regimens 

requiring the same number of doses to clear an infection, the regimens could be differentiated by the total 

amount of antibiotic delivered. When comparing regimens with the same number of doses, the amount of 

antibiotics delivered would decrease as the dose concentration decreased. (f-j). Subpopulations cannot 

switch between states (f) Time course. Same as in (a) except 𝑛1 and 𝑛2 do not switch back and forth. 

Thus the more resistant subpopulation, 𝑛2, is selected to recover.  (g) Recovery time curve. Same as in 

(b). (h) Final density. Same as in (c).(i) Dose number. Same as in (d). (j) Total antibiotic delivered. 

Same as in (e). (k) Schematic for a mixed population’s response to antibiotic. Black represents bacterial 

actions, blue represents Bla actions, and red represents antibiotic actions. Arrows denote induction or 

activation; T-lines indicate inhibition; the dashed arrow represents the ability for the model to simulate 

inducible or constitutive Bla production. 

 

4.3 Discussion 

Most antibiotic regimens are based on empirical observations of how bacterial 

infections responded to an antibiotic 109,174,209. However, these regimens may be 

suboptimal both because they were not initially designed to handle resistant bacteria and 

because the current diagnostic assays cannot accurately predict how resistant pathogens 

will respond to them. It is critical that we develop a new strategy for using the existing 

antibiotics more effectively or our medical care will return to a state equivalent to that of 

a pre-antibiotic era. Ideally, the new strategies would be based on the molecular 

mechanisms underlying antibiotic resistance. However, this is impractical, given that 

many pathogens’ resistance mechanisms have not been characterized and they evolve 

rapidly. To this end, we propose using the recovery time as a lumped metric that can 

characterize a pathogen’s response to an antibiotic without requiring knowledge of the 

underlying mechanism.  

We used a kinetic model to test the ability of the recovery time to predict ESBL-

producing pathogens’ responses to periodic dosing of β-lactams. Our simulation results 
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suggest that the recovery time of a single dose can be used to design optimal multi-dose 

regimens for multiple delivery methods, including injections and continuous IV drip, 

various inoculum sizes, bacteria with a range of Bla production levels, and certain 

heterogeneous populations. Optimal dosing regimens for treating Bla-producing bacteria 

with a β-lactam would apply intermediate concentrations of antibiotic that have long 

recovery times at time intervals corresponding with when the bacterial density has been 

minimized. Furthermore, our modeling results suggest that regimens using lower, yet still 

lethal, concentrations of antibiotic can be as effective as regimens using higher 

concentrations. Reducing the amount of antibiotic the host is exposed to may be 

important to minimize the perturbation of the host’s microbiota and other defense 

mechanisms 174,197-199,210, which could have long-lasting detrimental effects. Also, under 

certain conditions, a higher concentration of antibiotic can lead to selection of more 

resistant subpopulation of bacterial pathogens 93.  

Although this model considers the population level response to an antibiotic, there 

is a significant amount of gene-expression noise at the single cell level 203,204. If an 

antibiotic were applied such that the population would have the chance to recover 

between doses, then the antibiotic would select for the bacteria expressing higher levels 

of resistance genes (as demonstrated in Figure 25 f). Ultimately, this would direct the 

evolution of the population towards an inherently more resistant infection than before the 

antibiotic treatment was applied. Our proposed method would minimize this problem by 
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delivering subsequent doses of antibiotic before a more resistant population grew to a 

significant density.   

The recovery time of a pathogen under a single dose of antibiotic is a metric that 

is easy to measure and could guide the choice of an appropriate multi-dose antibiotic 

regimen for a wide range of infections.  Measurements of the recovery time can be 

carried out in high resolution using commercially available microplate readers 211.  A 

critical step entails the construction of a comprehensive recovery time database for 

various pathogens under different antibiotics (Figure 26).  When a new bacterial 

pathogen is identified, its recovery times to a range of antibiotic concentrations will be 

recorded in vitro for different starting densities. Based on these measurements, regimens 

with varied concentrations and period lengths will be tested for different inoculum sizes. 

From these results, the period length, dose number, and antibiotic concentration can be 

optimized for a particular pathogen in vitro. Before entering this information into the 

database, the PK/PD of the particular antibiotic will be necessary to determine the 

concentration of antibiotic that should be delivered such that the concentration at the site 

of infection matches the concentration selected from the in vitro experiments. Given this 

database, a proper diagnosis of a pathogen, and an estimate of the severity of the 

infection (e.g. inoculum size), one can readily identify the scenarios in which first- and 

second-line antibiotics may still be applied and chose the most effective treatment 

protocol. Whenever a new pathogen arises, it can be evaluated and added to the library.  
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Figure 26: Potential use of recovery time to guide clinical practice. A critical step entails the 

construction of a comprehensive database of the recovery time curves of various pathogens under different 

antibiotics. Based on the recovery time curve, the optimal antibiotic concentration (X), dose number (Y), 

and period length (Z) can be calculated for each pathogen-antibiotic combination and entered into a 

database. Given this database and a proper diagnosis of a pathogen, one can readily identify the most 

effective treatment protocol. 

The ability to predict the outcome of a multi-dose treatment without knowing the 

underlying resistant mechanism would remove the uncertainty that prevents clinicians 

from using first-line β-lactams when an ESBL-producing pathogen is detected. Given 

ESBL-producing bacteria’s prevalence 115,212-214, our proposed strategy could help to 

minimize the rate at which these bacteria develop resistance to more extreme antibiotics 

by ensuring that we do not overlook effective first-line antibiotics before moving on to 

more extreme antibiotics. 
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4.4 Methods 

The interaction between a β-lactam and a bacterial population expressing Bla can 

be simplified to the interactions between three main components: population density (n), 

antibiotic concentration (a), and Bla concentration (b).  Our base model consists of the 

following ordinary differential equations: 

𝑑𝑛

𝑑𝜏
= (𝑔 − 𝑙)𝑛                               9 

𝒅𝒃𝒐𝒖𝒕

𝒅𝝉
= 𝒍𝒃𝒊𝒏

∗ − 𝜸𝟐𝒃𝒐𝒖𝒕 − 𝜿𝑰𝑽(𝝉)𝒃𝒐𝒖𝒕                           10 

𝒅𝒂 

𝒅𝝉
= 𝜿𝑰𝑽(𝝉)𝒂𝒊𝒏𝒋𝒆𝒄𝒕 − (𝒃𝒐𝒖𝒕 + 𝜶𝒃𝒊𝒏

∗ ) (
𝒂

𝟏+𝒂
) − 𝜸𝟑𝒂 − 𝜿𝑰𝑽(𝝉)𝒂                    11 

𝑔 = (1 − 𝑛) (
𝜎1

𝜎1+𝑎
)                              12 

𝒍 = 𝜸𝟏 (
𝒂𝑯

𝝈𝟐
𝑯+𝒂𝑯

) (
𝝈𝟒

𝝈𝟒+𝒃𝒊𝒏
)                             13  

𝒃𝒊𝒏 = 𝜿(
𝒓

𝒈+𝜸𝟒
)                              14 

𝒃𝒊𝒏
∗ = 𝜷𝒏𝒃𝒊𝒏                               15 

𝒓 =
𝒂

𝝈𝟑+𝒂
                               16 

where g and l represent bacteria growth and lysis, respectively. Initial conditions of 

n(0)=0.1, b(0)=0, and a(0)=0.01-100 were used for all simulation results, except for S2 

Figure where n(0)=0.01 or 0.001. The rest of the parameters are defined in a table in 

Table 4. See section 4.5 Supplementary materials for further details of the model 

development and for the extended models that account for heterogeneous populations.  
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Minor modifications are introduced to account for the IV drip protocol or dynamics of a 

mixture consisting of two subpopulations. 

4.5 Supplementary materials 

4.5.1. Model development.   

The interaction between a β-lactam and a bacterial population expressing a β-

lactamase (Bla) can be simplified to the interactions between three main components: 

population density, antibiotic concentration, and Bla concentration.  To model bacteria that 

inducibly or constitutively produce Bla and lyse due to antibiotics degrading the cell wall, 

we used an ordinary-differential-equation model for the dynamics of bacterial density (N), 

Bla concentration (B), and β-lactam concentration (A). 

Dimensional EQs: 

𝒅𝑵

𝒅𝒕
= (𝑮 − 𝑳)𝑵                                                                                              17 

𝒅𝑩𝒐𝒖𝒕

𝒅𝒕
= 𝑳𝑩𝒊𝒏

∗ − 𝒅𝑩𝒐𝒖𝒕𝑩𝒐𝒖𝒕 − 𝒌𝑰𝑽(𝒕)𝑩𝒐𝒖𝒕                                                      18 

𝒅𝑨

𝒅𝒕
= 𝒌𝑰𝑽(𝒕)𝑨𝒊𝒏𝒋𝒆𝒄𝒕 − 𝒌𝑩𝒐𝒖𝒕(𝑩𝒐𝒖𝒕 + 𝜶𝑩𝒊𝒏

∗ ) (
𝑨

𝑲𝑨+𝑨
) − 𝒅𝑨𝑨 − 𝒌𝑰𝑽(𝒕)𝑨         19 

𝑮 = (𝟏 −
𝑵

𝑵𝒎
) (

𝝁𝑲𝟏

𝑲𝟏+𝑨
)                   20 

𝑳 = (
𝒅𝑵𝑨

𝑯

𝑲𝟐
𝑯+𝑨𝑯

) (
𝑲𝟒

𝑲𝟒+𝑩𝒊𝒏
)                             21 

𝑩𝒊𝒏 =
𝒌𝑩𝒊𝒏𝑹

𝑮+𝒅𝑩𝒊𝒏
                        22 

𝑩𝒊𝒏
∗ = 𝑩𝒊𝒏𝑽𝒄𝒆𝒍𝒍𝑵                     23 

𝑹 =
𝑨

𝑲𝟑+𝑨
                     24 
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Our key modeling assumptions are: 

 The dynamics of cell density (N) depend on the growth rate (G) and the lysis rate 

(L).  

 G is a function of N, the bacterial carrying capacity (Nm), the specific growth rate 

of the cells (µ), the half-maximal constant for growth inhibition by the antibiotic 

(K1), and the antibiotic concentration (A).  

 L is a function of the maximum lysis rate constant (dN), the antibiotic concentration 

(A), the half maximal constant cell lysis by the antibiotic (K2), the Hill coefficient 

(H), the half-maximal constant for antibiotic degradation by the periplasmic Bla 

(K4), and the concentration of periplasmic Bla (Bin).  

 The dynamics of extracellular Bla present in the culture (Bout) depends on how 

much Bla is released, degraded (with a rate constant, dBout), and washed out of the 

system (with an IV flow rate, kIV
 (e.g. 

1

𝑝𝑢𝑙𝑠𝑒 𝑙𝑒𝑛𝑔𝑡ℎ
 ), when applicable). Bla release 

depends on L, the concentration of intracellular Bla (Bin), N, and the volume of a 

cell (Vcell).  

 The dynamics of the intracellular Bla (Bin) is a function of the maximum production 

rate of Bla per cell (kBin), the rate of Bla induction (P), G, and the intracellular 

degradation rate constant of Bla (dBin). P is a function of A and the half maximal 

constant for antibiotics inducing the production of Bla (K3). If K3 is set to 0, Bla 
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production is constitutive; if K3 is greater than 0, the Bla production is inducible by 

A.  

 The different methods of antibiotic delivery (injection versus IV drip) were 

differentiated by the time dependent flow rate, kIV(t). It would be 0 for injections 

(delivered instantaneously) and non-zero for IV drips (delivered over a set time). It 

was assumed that the rate of antibiotic being introduced by IV would be the same 

rate at which the antibiotic would be pushed out of the region. The IV drip duration 

was determined by a step function dependent on time.  

 The dynamics of antibiotic concentration in the environment is dependent on the 

amount of Bla present (both Bout and Bin), how quickly Bla degrades the β-lactam 

(kBout), A, the half-maximal constant for degradation of the antibiotic by Bla (KA), 

and the degradation rate constant of the antibiotic (dA).  

 To convert periplasmic Bla from a per cell basis (Bin) to a per population basis 

(Bin
*), Bin was multiplied by the number of cells present at a given time and the 

volume of a cell. The efficacy of periplasmic Bla is altered by a weighting variable 

(α).  

 In these models, the antibiotic has two main effects: inhibiting cell growth and 

promoting lysis. In the inducible model, antibiotics also serve to activate the 

production of a Bla. 
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Non-dimensionalizing the equations by 𝑛 =
𝑁

𝑁𝑚
, 𝑏𝑜𝑢𝑡 =

𝐵𝑜𝑢𝑡𝑘𝐵𝑜𝑢𝑡

𝜇𝐾𝐴
, 𝑎 =

𝐴

𝐾𝐴
, 𝑎𝑛𝑑  𝜏 = 𝑡𝜇 gives 

𝒅𝒏

𝒅𝝉
= (𝒈 − 𝒍)𝒏                    25 

 
𝒅𝒃𝒐𝒖𝒕

𝒅𝝉
= 𝒍𝒃𝒊𝒏

∗ − 𝜸𝟐𝒃𝒐𝒖𝒕 − 𝜿𝑰𝑽(𝝉)𝒃𝒐𝒖𝒕                                                             26  

 
𝒅𝒂 

𝒅𝝉
= 𝜿𝑰𝑽(𝝉)𝒂𝒊𝒏𝒋𝒆𝒄𝒕 − (𝒃𝒐𝒖𝒕 + 𝜶𝒃𝒊𝒏

∗ ) (
𝒂

𝟏+𝒂
) − 𝜸𝟑𝒂 − 𝜿𝑰𝑽(𝝉)𝒂                     27          

𝒈 = (𝟏 − 𝒏) (
𝝈𝟏

𝝈𝟏+𝒂
)                                                                                      28 

 𝒍 = 𝜸𝟏 (
𝒂𝑯

𝝈𝟐
𝑯+𝒂𝑯

) (
𝝈𝟒

𝝈𝟒+𝒃𝒊𝒏
)                                                                          29 

 𝒃𝒊𝒏 = 𝜿(
𝒓

𝒈+𝜸𝟒
)                                                                                      30 

 𝒃𝒊𝒏
∗ = 𝜷𝒏𝒃𝒊𝒏                                                                                   31 

 𝒓 =
𝒂

𝝈𝟑+𝒂
                                                                                       32  

where 𝝈𝟏 =
𝑲𝟏

𝑲𝑨
, 𝝈𝟐 =

𝑲𝟐

𝑲𝑨
, 𝝈𝟑 =

𝑲𝟑

𝑲𝑨
, 𝝈𝟒 = (

𝑲𝟒𝒌𝑩𝒐𝒖𝒕

𝑲𝑨𝝁
) , 𝜸𝟏 =

𝒅𝑵

𝝁
, 𝜸𝟐 =

𝒅𝑩𝒐𝒖𝒕

𝝁
, 𝜸𝟑 =

𝒅𝑨

𝝁
,  𝜸𝟒 =

𝒅𝑩𝒊𝒏

𝝁
, 𝜷 = 𝑵𝒎𝑽𝒄𝒆𝒍𝒍, 𝜿𝑰𝑽 =

𝒌𝑰𝑽

𝝁
, 𝐚𝐧𝐝  𝜿 = (

𝒌𝒃𝒊𝒏𝒌𝒃𝒐𝒖𝒕

𝝁𝟐𝑲_𝑨
). 

4.5.1.1 Heterogeneous population model: 

To model a heterogeneous population, we modified the model described above to 

account for a second population. By adjusting the maximum lysis (γ5) and growth (vν) 

rates of the second subpopulation, this model can account for the dynamics of persisters 

(P), a small fraction of persisters that grow and lyse significanlty more slowly than 
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normal cells and revert back to/generate from normal cells once the antibiotic 

concentration is sufficiently low 7,9. This same model can also be used to represent a 

population consisting of bacteria with different levels of antibiotic resistance by adjusting 

the thresholds for growth inhibition (𝜎5) and lysis (𝜎6). This model could ultimately be 

expanded to account for multiple subpopulations, given that they all displayed some level 

of collective antibiotic tolerance: 

𝒅𝑵

𝒅𝒕
= (𝑮 − 𝑳)𝑵 + 𝒌𝑵𝑷 − 𝒌𝒑𝑵                                                                      33 

𝒅𝑷

𝒅𝒕
= (𝑮𝑷 − 𝑳𝑷)𝑷 + 𝒌𝑷𝑵− 𝒌𝑵𝑷                                                                  34 

𝒅𝑩𝒐𝒖𝒕

𝒅𝒕
= (𝑳 + 𝑳𝑷)𝑩𝒊𝒏

∗ − 𝒅𝑩𝒐𝒖𝒕𝑩𝒐𝒖𝒕 − 𝒌𝑰𝑽(𝒕)𝑩𝒐𝒖𝒕                                          35 

𝒅𝑨

𝒅𝒕
= 𝒌𝑰𝑽(𝒕)𝑨𝒊𝒏𝒋𝒆𝒄𝒕 − 𝒌𝑩𝒐𝒖𝒕(𝑩𝒐𝒖𝒕 + 𝜶𝑩𝒊𝒏

∗ ) (
𝑨

𝑲𝑨+𝑨
) − 𝒅𝑨𝑨 − 𝒌𝑰𝑽(𝒕)𝑨         36 

𝑮 = (𝟏 −
𝑵𝑻

𝑵𝒎
) (

𝝁𝑲𝟏

𝑲𝟏+𝑨
)                                                                                    37 

𝑮𝑷 = (𝟏 −
𝑵𝑻

𝑵𝒎
) (

𝝁𝒑𝑲𝟓

𝑲𝟓+𝑨
)                                                                                  38 

𝑳 = (
𝒅𝑵𝑨

𝑯

𝑲𝟐
𝑯+𝑨𝑯

) (
𝑲𝟒

𝑲𝟒+𝑩𝒊𝒏
)                                                                                    39 

𝑳𝑷 = (
𝒅𝑷𝑨

𝑯

𝑲𝟔
𝑯+𝑨𝑯

) (
𝑲𝟒

𝑲𝟒+𝑩𝒊𝒏
)                                                                                 40 

𝑩𝒊𝒏 =
𝒌𝑩𝒊𝒏𝑹

𝑮+𝑮𝒑+𝒅𝑩𝒊𝒏
                                                                                             41 

𝑩𝒊𝒏
∗ = 𝑩𝒊𝒏𝑽𝒄𝒆𝒍𝒍𝑵𝑻                                                                                          42 

𝑹 =
𝑨

𝑲𝟑+𝑨
                                                                                                        43 

𝑵𝑻 = 𝑵+ 𝑷                                                                                                   44 
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Our key modeling assumptions for the persister model are: 

 The dynamics of cell density (N) depends on the growth rate (G), the lysis rate (L), 

the rate at which persisters (P) are generated from the normal cell population (𝑘𝑃), 

and the rate at which persisters return to the normal cell phenotype (𝑘𝑁). We 

assume that 𝑘𝑁 = 𝑘𝑃 = 0 until A is sufficiently low enough (𝑎 < 𝜎1), after which 

𝑘𝑁 ≫ 𝑘𝑃.  

 The dynamics of persister cell density (P) depend on the persisters’ growth rate 

(𝐺𝑃), lysis rate (𝐿𝑃), rate of generation (𝑘𝑃) from normal cells (𝑁), and rate of 

reversion back to N (𝑘𝑁). 

 The dynamics of extracellular Bla present in the culture (Bout) is now a function of 

both the normal cell lysis rate (L) and the persister cell lysis rate (LP), the 

concentration of intracellular Bla (Bin), the total number of cells (NT), and the 

volume of a cell (Vcell).  

 𝐺𝑃 is a function of 𝑁𝑇 , 𝑁𝑀, the specific growth rate of the cells (µ𝑃), the half-

maximal constant for growth inhibition by the antibiotic (K5), and the antibiotic 

concentration (A). For persisters, we assume that the threshold for growth inhibition 

is the same as the normal cell’s (𝐾1 = 𝐾5) and that the growth rate is the 

distinguishing factor. 

  𝐿𝑃 is a function of the maximum lysis rate constant of persisters (𝑑𝑝), the antibiotic 

concentration (A), the half maximal constant cell lysis by the antibiotic (K6), the 
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Hill coefficient (H), the half-maximal constant for antibiotic degradation by the 

periplasmic Bla (K4), and the concentration of periplasmic Bla (Bin).  For persisters, 

we assume that the threshold for lysis is the same as the normal cell’s (𝐾2 = 𝐾6) 

and that the lysis rate is the distinguishing factor. 

 𝐵𝑖𝑛and 𝐵𝑖𝑛
∗  have been updated to reflect both populations’ contributions. 

Our key modeling assumptions for a mixed population model are: 

 To model a mixed population with distinct subpopulations, set 𝑘𝑃 = 𝑘𝑁 = 0. 

 We assume that the distinguishing features between populations are the thresholds 

for growth inhibition (𝜎1, 𝜎5) and lysis (𝜎2, 𝜎6). By altering the relative values of 

these parameters (𝜎1 < 𝜎5, 𝜎2 < 𝜎6), the dynamics of populations with different 

resistance levels can be modeled.  

Non-dimensionalizing the equations by 𝑃 =
𝑃

𝑁𝑚
  gives 

𝒅𝒏

𝒅𝝉
 = (𝒈 − 𝒍)𝒏 + 𝜿𝑵𝒑 − 𝜿𝑷𝒏                                                   45 

 
𝒅𝒑

𝒅𝝉
= (𝒈𝑷 − 𝒍𝒑)𝒑 + 𝜿𝒑𝒏 − 𝜿𝑵𝒑                                  46  

𝒅𝒃𝒐𝒖𝒕

𝒅𝝉
= (𝒍 + 𝒍𝑷)𝒃𝒊𝒏

∗ − 𝜸𝟐𝒃𝒐𝒖𝒕 − 𝜿𝑰𝑽(𝝉)𝒃𝒐𝒖𝒕                 47  

𝒅𝒂 

𝒅𝝉
= 𝜿𝑰𝑽(𝝉)𝒂𝒊𝒏𝒋𝒆𝒄𝒕 − (𝒃𝒐𝒖𝒕 + 𝜶𝒃𝒊𝒏

∗ ) (
𝒂

𝟏+𝒂
) − 𝜸𝟑𝒂 − 𝜿𝑰𝑽(𝝉)𝒂                     48 

𝒈 = (𝟏 − 𝒏𝑻) (
𝝈𝟏

𝝈𝟏+𝒂
)                   49 
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𝒈𝒑 = (𝟏 − 𝒏𝑻) (
𝝈𝟓

𝝈𝟓+𝒂
)𝝊                                       50           

𝒍 = 𝜸𝟏 (
𝒂𝑯

𝝈𝟐
𝑯+𝒂𝑯

) (
𝝈𝟒

𝝈𝟒+𝒃𝒊𝒏
)                  51 

𝒍𝒑 = 𝜸𝟓 (
𝒂𝑯

𝝈𝟔
𝑯+𝒂𝑯

) (
𝝈𝟒

𝝈𝟒+𝒃𝒊𝒏
)                            52 

 𝒃𝒊𝒏 = 𝜿(
𝒓

𝒈+𝒈𝒑+𝜸𝟒
)                                          53 

 𝒃𝒊𝒏
∗ = 𝜷𝒃𝒊𝒏𝒏𝑻                                                              54 

 𝒓 =
𝒂

𝝈𝟑+𝒂
                                                                            55 

 𝒏𝑻 = 𝒏 + 𝒑                               56 

where 𝜎5 =
𝐾5

𝐾𝐴
, 𝜎6 =

𝐾6

𝐾𝐴
, 𝛾5 =

𝑑𝑃

𝜇
, 𝜅𝑁 =

𝑘𝑁

𝜇
, 𝜅𝑃 =

𝑘𝑃

𝜇
, 𝑎𝑛𝑑 𝜐 =

𝜇𝑝

𝜇
.   
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Table 4: Definition and the value of parameters used in the model 

Parameter Description and Source Value 

𝛼 Weighting factor for periplasmic β-lactamase, which 

provides less protection against antibiotic than 

extracellular β-lactamase.   

0.01 

𝐻 Hill coefficient for determining lysis rate.  A low Hill 

coefficient (𝐻=1) represents an antibiotic with a dose-

dependent lysis rate, whereas a higher Hill coefficient 

(𝐻=3) represents an antibiotic with a time-dependent 

lysis rate. 196 

3 (1) 

𝛽 = (𝑁𝑚𝑉𝑐𝑒𝑙𝑙) Parameter used to convert from single cell level to 

population level where 𝑁𝑚 = 109 cells/mL and 𝑉𝑐𝑒𝑙𝑙𝑠= 

10-12 mL/cell. 215  

0.001 

𝛾1 = (
𝑑𝑁
𝜇
) 

Maximum lysis rate by antibiotic given that 

𝜇=0.8/hour.14 Tuomanen et al. suggest that 50-90% of 

a population can lyse per hour (𝑑𝑁).143  

62 

𝛾2= (
𝑑𝐵𝑜𝑢𝑡

𝜇
) Maximum degradation rate of extracellular Bla given 

that 𝑑𝐵𝑜𝑢𝑡=0.46/hour. 148 

0.58 

𝛾3 = (
𝑑𝐴
𝜇
) 

Maximum degradation rate of β-lactam antibiotic, 

given that 𝑑𝐴=0.35/hour. 216,217 

0.51 

𝛾4 = (
𝑑𝑏𝑖𝑛
𝜇
) 

Maximum degradation rate of periplasmic Bla given 

that 𝑑𝐵𝑖𝑛=0.2/hour. 218 

0.25 

𝛾5 = (
𝑑𝑃
𝜇
) 

Maximum lysis rate of the second population by 

antibiotic given that 𝜇=0.8/hour. The persister model 

assumes that 𝑑𝑃 is 2-3 orders of magnitude smaller 

than 𝑑𝑁. The mixed population model assumes that 

𝑑𝑃 = 𝑑𝑁. 

0.062:62 

𝜈 = (
𝜇𝑃
𝜇
) 

Maximum growth rate of the second population, given 

that μ=0.8/hour. The persister model assumes that 𝜇𝑃 

is 2-3 orders of magnitude smaller than 𝜇 for the 

situations when persisters are practically not growing 

and 0.02 for the situations when persisters are slowly 

growing7,9. The mixed population model assumes that 

𝜇𝑃 = 𝜇. 

0.001:1 

𝜅𝐼𝑉 = (
𝑘𝐼𝑉
𝜇
) 

Rate of IV drip given that the dose is delivered over a 

set pulse length (here, pulse length was arbitrarily set 

to 2.4 hours).   

0.33 

𝜅 = (
𝑘𝑏𝑖𝑛𝑘𝐵𝑜𝑢𝑡
𝜇2𝐾𝐴

) 
Efficiency of Bla is determined by how quickly Bla is 

produced and how efficiently Bla can hydrolyze a β-

5.44E3 
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lactam antibiotic. The maximum rate Bla can be 

produced (kBin) is on the order of 0.1 μM/hour 149, the 

maximum rate of  (kBout) is on the order of 1E105-

1E106/hour (variable, depending on which antibiotic 

used) 144,149. 

𝜎1 = (
𝐾1
𝐾𝐴
) 

Half maximal constant for growth inhibition, given 

that K1= 0.2-16 μM 219and KA=33-150 μM 144 

(depending on the antibiotic). 

0.24 

𝜎2 = (
𝐾2
𝐾𝐴
) 

Half maximal constant for lysis by antibiotic, 

assuming that K2 is larger than K1 (there is a small 

range of concentrations under which cells have 

stopped growing, but are not lysing). 

1.29 

𝜎3 = (
𝐾3
𝐾𝐴
) 

Half maximal constant for inducing Bla production, 

assuming that it takes much higher concentrations for 

bacteria to produce Bla than it would for bacteria to 

stop growing or start lysing. 33 

5.17 or 0 

𝜎4 = (
𝐾4𝑘𝐵𝑜𝑢𝑡
𝐾𝐴𝜇

) 
Half maximal constant for periplasmic Bla protection, 

assuming that very little periplasmic Bla is necessary 

for a single cell to experience a small amount of 

protection from the antibiotic.  

2.08E3 

𝜎5 = (
𝐾5
𝐾𝐴
) 

Half maximal constant for growth inhibition of the 

second population. Persister cells are assumed to have 

a similar threshold as normal cells (𝐾5 = 𝐾1), whereas 

as more resistant population would have a higher 

threshold (𝐾5 = 5𝐾1). 

0.24:1.2 

𝜎6 = (
𝐾6
𝐾𝐴
) 

Half maximal constant for lysis by antibiotic of the 

second population Persister cells are assumed to have 

a similar threshold as normal cells (𝐾6 = 𝐾2), whereas 

as more resistant population would have a higher 

threshold (𝐾6 = 5𝐾2). 

1.29:6.45 
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5. Concluding remarks and future directions 

5.1 Concluding remarks 

The central theme to this thesis is understanding the antibiotic response of 

resistant bacteria to better guide the way antibiotics are applied.  

In Chapter 2, I discussed how collective antibiotic tolerance (CAT) is an 

important mechanism behind bacteria surviving antibiotic treatment. Unlike previous 

studies that focus on how bacteria resist antibiotic on a single-cell basis, we highlighted 

bacteria that are sensitive at the single-cell level but can survive treatment if the 

population density is sufficiently high. We reviewed several different CAT 

mechanisms, namely antibiotic mediated altruistic death, quorum sensing, and bistable 

inhibition of bacterial growth. Oftentimes, multiple CAT mechanisms work together 

within a single population or a mixed population of bacteria relies on social interactions 

to survive.  In addition to facilitating the recovery of a population to an antibiotic dose, 

CAT is of concern because it provides otherwise susceptible bacteria the 

opportunity to acquire single-cell level resistance. To avoid this, we proposed 

treatment strategies that could be used to negate CAT. For instance, CAT could be 

minimized by timing the dosing of antibiotic treatments to coincide with when the 

population is at a lower density and thus more susceptible or preventing the production 

and/or function of effector proteins responsible for CAT. This review differs from, yet 

compliments, the existing studies characterizing antibiotic responses and improves the 

understanding of different mechanisms bacteria use for survival.  
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In Chapter 3, I introduced the resistance-resilience framework as a tool for 

dissecting the bacterial antibiotic response of an ESBL-producing bacteria to a β-lactam 

antibiotic. Through dissecting the antibiotic response with this framework, we note that 

resilience and resistance are not absolute properties, but shift as a function of antibiotic 

concentration. With increasing concentrations of antibiotic, resistance is the first 

component to be minimized, followed by a gradual decrease in resilience.  Sensitivity 

analysis of the kinetic model revealed that the main effectors of resistance were single 

cell level traits, whereas the main effectors of resilience were population level traits. 

To validate this observation, we dissected the isolate’s antibiotic response to a combination 

treatment of antibiotic and a Bla inhibitor. We noted that the antibiotic alone was effective 

at minimizing resistance, but that the Bla inhibitor was necessary to sufficiently minimize 

the resilience.  We further applied this framework to other isolates and observed that each 

system was unique in its response to the combination treatment. These results underscore 

a critical caveat in using fixed formulations of β-lactam/Bla inhibitor combinations to 

combat ESBL-producing pathogens, which is currently a standard practice.  Given the 

diversity of the phenotypic responses by the different isolates, quantitative 

measurements on how a strain responds to an antibiotic and a Bla inhibitor are 

necessary to predict the outcome of a particular combination treatment. Generally, 

this framework can be applied to dissecting responses and designing treatment strategies 

for other systems. 
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While resistance and resilience have been defined in the literature for decades, this 

is the first time to our knowledge that the resistance-resilience approach has been applied 

to antibiotic responses. It differs significantly from the current methods used to characterize 

bacteria susceptibility, which analyze the outcome of a population at a single time point 

after being exposed to a single concentration of antibiotic. This study also offers a concrete, 

quantitative example of how to measure resistance and resilience that can be applied to 

numerous fields ranging from microbiology to ecology.   

In Chapter 4, I used a kinetic model to illustrate how the antibiotic response from 

a single dose of antibiotic could be used to predict the outcome of a multi-dose regimen. 

As long as the antibiotic concentration was sufficiently high to induce a crash in the 

population, a regimen would eliminate a bacterial population if it dosed at intervals 

shorter than a 1 recovery time. This conclusion was supported for a number of different 

simulations, including populations with homogeneous or heterogeneous growth rates, 

populations with inducible or constitutive Bla expression, populations containing 

persisters, and treatments using a bolus injection or continuous infusion of an antibiotic. 

This work highlights the importance of temporal dynamics, which are often 

overlooked when characterizing a population by its minimum inhibitory concentration 

(MIC). Specifically, populations that initially crash in population density before 

recovering to a high density have a “window” of increased susceptibility that is not 

observed when a population is characterized based on a single time point. The strategy of 

using the recovery time to determine the dosing frequency differs from current dosing 
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strategies that have been empirically decided. Additionally, as the recovery time is based 

on a phenotypic response, the underlying mechanism(s) do not need to be known to 

design an effective treatment. This new method would provide a way to use existing 

antibiotics more effectively and guide how and when to reintroduce antibiotics that are 

currently disregarded as ineffective treatment options. 

5.2 Future Directions 

5.2.1 Validating multi-dosing predictions in vitro 

To date, my work has focused on characterizing bacteria’s single-dose response in 

vitro and testing multi-dosing regimens in silico. In future work, my colleagues and I will 

validate the predictions of Chapter 4: the recovery time of a population to a single dose of 

antibiotic can predict the population outcome of a multi-dose treatment. Preliminary data 

suggests either the experimental set-up or the model need to be optimized. Currently, the 

concentrations of antibiotic that induced the characteristic crash and recovery did not 

adhere to the recovery-time based predictions (Figure 27).  
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Figure 27. Multi-dosing is effective once antibiotic concentration is high enough. Here, doses of 10, 20, 

40, or 80 μg/mL cefotaxime were added 0-5 times to the culture every 3 hours. Since the recover times of a 

single dose were 5.7, 6.1, 7.2, and 7.5 hours for A = 10, 20, 40 and 80 μg/ml cefotaxime, respectively, a 

dosing period of 3 hours should have successfully eradicated the populations in each of the scenarios. 

Instead, there were no observable differences in the recovery times for populations receiving 1 or 5 doses 

of 10 or 20 μg/ml cefotaxime. Once the antibiotic concentration was high enough (A> 40 μg/ml 

cefotaxime), then the recovery time started to be affected by subsequent doses.  

This is likely due to the accumulation of Bla in the micro-well, which would 

degrade subsequent doses of low concentrations of antibiotic before they had a chance to 

induce another population crash. The model assumes a significant turnover rate of Bla in 

the media, but preliminary data suggests the decrease in Bla activity over 48 hours is not 

significant at the p < 0.05 level [F(2, 9) = 2.23, p = 0.16] (Figure 28). One possible set-

up would be a microfluidic chip where the bacteria would be cultured in chambers that 

have a constant flow of media running through it that would prevent the accumulation of 

Bla over time. This device has been successfully implemented in our lab before, so I do 

not expect it would be difficult to optimize for this future work. Another option is to alter 

the model to reflect batch culture characteristics such that the criterion selected to capture 

the antibiotic response is a more accurate predictor of multi-dosing outcomes. 
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Figure 28. Turnover rate of Bla is not significant in the 96 well-plate. Using a similar protocol as in 

3.4.5 Quantifying Bla activity:, Bla was isolated from the culture and kept at 30°C for 48 hours in a 

rotating incubator. At 0, 24, and 48 hours after the Bla was harvested, a sample was removed, mixed with 

Fluorocillin (final concentration 1 μM), and the change in green fluorescence over time was captured with a 

plate reader. There was decrease in Bla activity over the 48 hour observation period was insignificant, 

suggesting that the turnover rate of Bla in this set up was not significant.    

 

5.2.2 Validating optimal combination treatments in vitro 

The resistance-resilience framework in Chapter 3 demonstrated that different isolates 

respond uniquely to combination treatments. The next logical step would be to use the framework 

to identify the optimal formulation of antibiotic and Bla inhibitor for a given isolate. First, this 

will involve updating the model to include the temporal dynamics of the Bla inhibitor. Second, 

the new model would be tuned to better fit data collected for single-dose responses to 

combination treatments. Then, the model will be used to determine the different combinations of 

antibiotic and Bla inhibitor concentrations that should be tested in vitro to verify the optimal 

formulation strategies. 
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5.2.3 Generalizing results 

These experiments and models were primarily focused on one isolate and one antibiotic. 

Once the experimental conditions have been established in 5.2.1 and 5.2.2, we plan to generalize 

our results by testing our predictions on a wider range of isolates that depend on different 

mechanisms to survive antibiotics and different antibiotics. We are currently collaborating with 

the Duke Hospital’s Antibiotic Stewardship Outreach Network, and will have access to a wide 

range of clinical isolates that we could test.  Our lab owns a robotic arm and liquid handling 

system that would be crucial for scaling up the methods. The system can be programmed to 

pipette different antibiotic antibiotics at pre-set intervals to 6 microwell plates running in parallel.  

5.2.4 Clinical translation  

Ultimately, these predictions would be tested in vivo. As the antibiotics being used have 

already been approved by the Food and Drug Administration, we would be able to move directly 

to testing in patients. Discussions with Dr. Deverick Anderson revealed that Duke Hospital has a 

history of implementing new dosing protocols. For instance, Duke Hospital has successfully 

implemented a new regimen for the dosing of piperacillin-tazobactam (a β-lactam/Bla-inhibitor 

combination treatment). This is a promising lead for a place to test our predictions once the 

methods have been optimized and generalized.  
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