
 

 

 

Quantifying and Inhibiting Horizontal Gene Transfer-Mediated Antibiotic Resistance 

by 

Allison J. Lopatkin 

Department of Biomedical Engineering 

Duke University 

 

Date:_______________________ 

Approved: 

 

___________________________ 

Lingchong You, PhD, Supervisor 

 

___________________________ 

Lawrence David, PhD 

 

___________________________ 

Charles Gersbach, PhD 

 

___________________________ 

Katia Koelle, PhD 

 

___________________________ 

Michael Lynch, PhD 

 

Dissertation submitted in partial fulfillment of 

the requirements for the degree of Doctor 

of Philosophy in the Department of 

Biomedical Engineering in the Graduate School 

of Duke University 

 

2017 

 

 



 

 

ABSTRACT 

Quantifying and Inhibiting Horizontal Gene Transfer-Mediated Antibiotic Resistance 

by 

Allison J. Lopatkin 

Department of Biomedical Engineering 

Duke University 

 

Date:_______________________ 

Approved: 

 

___________________________ 

Lingchong You, PhD, Supervisor 

 

___________________________ 

Lawrence David, PhD 

 

___________________________ 

Charles Gersbach, PhD 

 

___________________________ 

Katia Koelle, PhD 

 

___________________________ 

Michael Lynch, PhD 

 

An abstract of a dissertation submitted in partial 

fulfillment of the requirements for the degree 

of Doctor of Philosophy in the Department of 

Biomedical Engineering in the Graduate School of 

Duke University 

 

2017 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright by 

Allison J. Lopatkin 

2017 

 



 iv

Abstract 

Antibiotic discovery and widespread usage has revolutionized the treatment of 

infectious diseases. However, this golden age of modern-day medicine is threatened by 

the increasing prevalence of antibiotic-resistant pathogens. As the antibiotic 

development pipeline increasingly slows, we find ourselves falling behind in the race 

between innovation and evolution.  

Among the various means of bacterial evolution, horizontal gene transfer (HGT) 

– or the non-genealogical transmission of DNA between organisms – is the dominant 

mode responsible for the acquisition of antibiotic resistance genes. Combined with 

antibiotic overuse and misuse, HGT primarily via conjugation, has compromised the 

efficacy of nearly every single antimicrobial available. Tight coupling between HGT and 

antibiotic-mediated selection, along with a lack of quantitative experiments, has led to 

the general belief that antibiotics themselves promote gene transfer; however, antibiotic 

action could modulate the rate of gene transfer (as is assumed), the resulting population 

dynamics, or both. Therefore, it is critical to decouple these two processes to definitively 

determine the influence of antibiotics on conjugation.  

In my dissertation, I quantified the extent to which antibiotics influence 

conjugation in the presence and absence of antibiotic-mediated selection dynamics. To 

do so, I implemented a synthetically engineered conjugation system, which facilitates 

precise quantification of conjugation dynamics.  Using this platform, I quantified the 

rate of gene transfer, or the conjugation efficiency, in the absence of confounding 
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selection dynamics.  I discovered that, in contrast to conventional wisdom, antibiotics 

did not significantly increase the conjugation efficiency. This finding was general to 10 

antibiotics, as well as nine native and clinically relevant plasmids. Instead, antibiotic 

selection dynamics alone could account for conjugation dynamics. 

I next investigated the potential strategies to minimize, or ideally reverse, 

plasmid-mediated resistance. Traditionally, reducing overall antibiotic use has been the 

primary approach to reversing resistance; minimizing selection takes advantage of 

costly resistance genes to competitively displace resistant bacteria with their sensitive 

counterparts. However, despite widespread antibiotic stewardship initiatives, even 

costly resistance persists for long periods of time. One potential explanation is that 

sufficiently fast conjugation enables plasmid persistence in the absence of selection. 

Similar challenges in quantifying conjugation have prevented general conclusions, and 

overall, the extent to which conjugation enables persistence is unknown. 

Using the same platform, I showed that conjugation enables the persistence of 

costly plasmids, even in the absence of selection. Conjugation-assisted persistence was 

true for nine common conjugal plasmids, and in microbial populations consisting of 

varying degrees of complexity. Finally, I showed that by reducing the conjugation 

efficiency and promoting plasmid loss, it is possible to reverse resistance. Together, 

these findings contribute to basic understanding of the propagation and persistence 

plasmids, and elucidate a novel therapeutic strategy by taking advantage of 

ecological/evolutionary dynamics to to reduce or even reverse the spread of resistance.
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1. Introduction 

Antibiotics are considered one of the most successful breakthroughs in modern 

day medicine1. However, the rapid rise of antibiotic-resistant pathogens is a growing 

threat to the global population2. Indeed, constant antibiotic overuse and misuse has 

greatly compromised their treatment efficacy3. Resistance has emerged to almost every 

single antibiotic currently available4, far exceeding the rate of new antibiotics coming to 

market5,6. Addressing this requires two complimentary approaches: the first is to 

develop novel therapeutic methods, and the second is to devise better antibiotic 

protocols and treatment strategies to prolong the shelf life of existing antibiotics7. To do 

so requires fundamental insight into how antibiotics modulate and propagate resistance. 

 

1.1 Overview of horizontal gene transfer (HGT) 

Lateral or horizontal gene transfer (HGT) refers to the non-genealogical 

transmission of genes between organisms, and is believed to be the primary means by 

which antibiotic resistance has been able to spread globally8. Since its initial discovery in 

19289, HGT has increasingly been appreciated as a driving force in microbial 

evolution10,11. It is estimated that up to 17% of the Escherichia coli genome is derived from 

previous HGT events, and up to 25% of genomes of other bacterial species12.  



 

2 

1.1.1 Modes of HGT 

Transformation 

Transduction 

Conjugation 

 

Figure 1: Three modes of HGT.  In transduction, bacteria-infecting viruses mediate 

DNA transfer. In conjugation, DNA is transferred from donor to recipient via direct 

cell-cell contact. In transformation, naked DNA is taken up into the cell from the 

environment.  

In bacteria, HGT occurs through one of three major mechanisms: conjugation, 

transformation and transduction (Figure 1)13. In conjugation, DNA is transferred from 

donor to recipient through direct cell-to-cell contact 13-15. Conjugation occurs either 

through plasmid transfer or transmission of chromosomally integrated conjugation 

elements (ICEs)16, including conjugative transposons (CTns)17. Conjugative plasmids can 

replicate autonomously. They are self-transmissible when carrying both the genes 

required for transfer machinery, and the replication origin recognized by the transfer 
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machinery. Conjugative plasmids that are not transmissible are called mobilizable; these 

plasmids do not encode the conjugation machinery, but they are transferrable by the 

machinery encoded elsewhere18. Collectively, conjugative plasmids are estimated to 

account for about half of all plasmids19. Unlike plasmids, integrated conjugative 

elements (ICEs) reside in the host chromosome but can be excised and transferred by 

conjugation 20. It is thought that conjugation is responsible for the majority of antibiotic 

resistance spread, since there is a high prevalence of plasmids, plasmids can have broad 

host ranges21, and many plasmids carry an abundance of antibiotic resistance genes4,22,23. 

In transformation, naked DNA is taken up by bacteria from the environment and 

incorporated into the genome24,25 while in transduction, gene transfer is mediated by 

bacteriophages26. Transduction and transformation can transfer a wide range of 

sequences including antibiotic resistance cassettes27-31. Transduction occurs following 

specific recognition between the phage and its cognate receptor on the bacterial surface. 

This specificity results in a limited host range for many phages and is therefore believed 

to have contributed less to the spread of antibiotic resistance compared to conjugation19. 

Natural transformation often occurs in a transient physiological state of competence 

induced by environmental cues such as nutrient access or cell density32. Although 

bioinformatic analyses reveal that the majority of bacteria possess genes homologous to 

known competence genes33, it is unclear whether these bacteria undergo 

transformation34,35. Thus, studies that suggest few naturally transformable organisms 
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exist (i.e.36) typically assume that transformation does not play a significant role in 

spreading of antibiotic resistance genes, though further investigation is warranted.   

Horizontally transferred genes can encode diverse functions, including metabolic 

traits17,37, virulence factors38,39, and antibiotic resistance40-42. Mobile genetic elements 

(MGEs) carrying resistance are members of the communal gene pool accessible to 

diverse microbes18. Since HGT can cross phylogenetic boundaries, it can greatly 

accelerate the spread of resistance genes43. Indeed, it has been suggested that HGT has 

enabled the spread of resistance to most antibiotics commercially available8,44,45. 

Conversely, the use of antibiotics can potentially influence dynamics of HGT, and thus 

the spread of antibiotic resistance. However, an antibiotic can affect the efficiency of 

HGT at the single-cell level, modulate the overall HGT dynamics through selection, or 

both. Elucidation of these effects requires rigorous design of experiments to tease apart 

these different effects.  

 

1.1.2 Conjugative spread of antibiotic resistance 

HGT and antibiotic selection both play critical roles in shaping the global 

resistance landscape1,46. HGT specifically enables the local dispersal of resistance genes 

from a source species to other strains or species within a local context such as the gut of 

a patient47,48. Carriers of newly resistant bacteria (such as people, animals, or products) 

continuously move and interact. This facilitated dispersal enables dissemination of the 
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newly resistant bacteria on a geographic scale (Figure 2). In new environments, resistant 

bacteria further propagate the resistance determinants through HGT. Antibiotic use can 

magnify the overall effect of HGT by enriching for the resistant progeny. Selection can 

increase the abundance of cells capable of HGT, making further HGT events more 

likely49. Together, this has likely enabled the global spread of resistance 50,51. 

This is best exemplified by the spread of β-lactamase (Bla) variants. Bla enzymes 

confer resistance to β-lactams, which are one of the oldest and most widely prescribed 

antibiotic classes8. Bla variants, including extended-spectrum β-lactamases (ESBLs)52, are 

often encoded on plasmids53,54, and many bla genes likely spread via conjugation55,56. For 

example, MGE-associated CTX-M (a common bla variant) in Enterobacteriaecae species 

shares adjacent gene sequences to those from Kluyvera species57, suggesting lateral 

acquisition. Similarly, the diversity of species carrying sequence-identical blaNDM-1 (a 

metallo- β–lactamase conferring resistance to carbapenem drugs) on conjugative 

plasmids implicates the role of conjugation. Indeed, from analyses of sewage and tap 

water in New Delhi, one study found the presence of blaNDM-1 in over 20 diverse strains, 

many of which were never before associated with ESBL resistance; every isolate could 

transfer its plasmid via conjugation under certain experimental conditions58. The intense 

β-lactam selection pressure over the past several decades has likely facilitated the 

prevalence of such examples. 
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Figure 2: Population-level dissemination of resistance. Once HGT occurs, movement 

at the population level physically transfers bacteria with newly acquired resistance 

genes across geographical boundaries. In this way, bacteria from diverse 

environments interact with one another, further propagating resistance to distantly 

related species. Together, this rapidly accelerates the speed at which resistance 

spreads at the global scale (Adapted from Pan European Networks)59. 

Other common horizontally transferred resistance genes are similarly linked to 

antibiotic exposure. For example, vancomycin is typically considered a last-resort drug 

for methicillin-resistant Staphylococcus aureus (MRSA) infections. Although VanA 

vancomycin resistance is typically associated with the transposable element Tn1546 

common to vancomycin-resistant Enterococcus (VRE)60, VanA-expressing vancomycin-

resistant Staphylococcus aureus (VRSA) has begun to emerge. Analysis of clinical samples 

shows that VRE indeed can transfer VanA-encoding Tn1546 to MRSA by conjugation. 

Similarly, despite fluoroquinolone (FQ) resistance initially driven by mutations that 

cause target modification61 or increased efflux activity62, researchers have recently 

identified a new form of FQ resistance mediated by plasmid-encoded Qnr protein. Qnr 
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binds to DNA gyrase and topoisomerase IV63,64, conferring moderate protection of these 

components against FQ65. Studies have since reported increasing prevalence of qnr and 

its variants on conjugative plasmids isolated from the clinic66,67, often associated with 

multi-resistant phenotypes such as ESBL producers.  

Our gut microbiota harbors an abundance of resistance genes68,69, and can act as a 

reservoir by which other commensal or pathogenic bacteria can acquire resistance 

through HGT70-72. Antibiotics can provide a favorable environment for transfer by 

enriching for resistance already present at low levels47,49. Such selection can also 

influence the abundance of resistance to other antibiotics if the two (or more) genes are 

physically linked on the same MGE. For example, one study detected high levels of qnr-

mediated FQ resistance in the gut flora of children that were treated with non-FQ 

antibiotics73.  Different factors may drive resistance landscapes depending on the 

environment, however. One study concluded that bacterial community composition, not 

HGT, is the major determinant in shaping the resistance landscape in natural soil 

environments74.    

Given the prevalence of resistance spread through conjugation, it is tempting to 

assume that use of antibiotics promotes HGT rates. Undoubtedly, application of 

antibiotics in human medicine and animal husbandry has changed the ecological 

landscape of resistance75, and has likely influenced HGT through modulating the 

abundance of species carrying resistance located on MGEs76. It is even speculated that 
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antibiotics may modulate the tempo of HGT by selecting for cells with higher transfer 

efficiencies50. However, the spread of antibiotic resistance is not always correlated with 

antibiotic use. For example, ESBL genes had evolved and spread through conjugation 

millions of years before the modern practices of antibiotics77,78. In general, the extent to 

which antibiotics modulate the HGT rate is a nuanced question that depends on several 

factors. To elucidate this question, it is critical to clarify the definition of the HGT rate, 

and to properly design experiments to generate conclusive results.  

 

1.1.3 Reaction kinetics of conjugation 

At the population level, conjugation can be approximated as a bimolecular 

reaction between the donor (D) and the recipient (R), resulting in the transconjugant (T), 

where D, R, and T each represents the respective cell densities79 (Figure 3A). The rate of 

generation for T by the two parents can be written as: 

	

dT

dt
= ηRD    (1) 

where η is the rate constant for the interaction, which I term as conjugation efficiency.  
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Figure 3: HGT and antibiotic selection. A. Overview of conjugation. Conjugation 

occurs between a donor (D) and recipient (R) cell, generating a transconjugant (T). 

This can be approximated at the population level as a bimolecular reaction, occurring 

at a rate constant η . B. Antibiotic selection enriches for transconjugants. Since T 

comes from either the conjugation event, or cell division, decoupling HGT from 

growth dynamics is critical for accurate conjugation measurements. 

During a short time window of conjugation (Δt), if both R and D are roughly 

constant and if T is primarily generated by the two parents (i.e., secondary conjugation 

by T is negligible), the conjugation efficiency can be calculated as: 
	
η = T

RD∆t
. In past 

studies, the conjugation readout is often described as the relative frequency, defined as T 

per either parent (T/D or T/R), the relative increase, defined by T per either initial parent 

density (T/Di or T/Ri), or the ratio of T between two experimental conditions (e.g. with 

and without antibiotics)80. Regardless of the terminology, comparisons between the 
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conjugation readouts under different conditions are used to determine whether specific 

factors promote the observed increase in T. 

As evident from Eq. (1) however, these alternative metrics can confound 

different factors that affect T. In particular, T is generated either through conjugation, or 

cell division. Thus, a change in T can also result from different experimental conditions 

(i.e., varying D or R initial values, Δt) or antibiotic-mediated selection (growth/death of 

D, R, or T). These effects should be excluded or minimized when determining if a factor 

(e.g. antibiotic) indeed affects the conjugation efficiency η (Figure 3B).  

Simple simulations illustrate that 
	
η = T

RD∆t
, as the estimate of η is the most 

robust for quantifying efficiency compared with the other metrics (Figure 4). I assume 

for this example that one parent is sensitive to an antibiotic A, and the other parent and 

transconjugant are resistant to the antibiotic tested (Figure 4A). Upon conjugation, the 

sensitive parent becomes resistant to the antibiotic.  When the true conjugation efficiency 

(η) is independent of antibiotic concentration (Figure 4B), the alternative metrics can 

either over- or under-estimate , depending on whether the donor, recipient, or initial 

density is used for the rate calculation. This bias is magnified with greater mating times 

(Δt). Instead, 
	
η = T

RD∆t
closely reflects the true conjugation efficiency (η) even in the 

presence of growth (Figure 4B, iv), though it is most accurate with small Δt. When the 
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true conjugation efficiency increases 100-fold with antibiotic (Figure 4C) other metrics 

may falsely represent the effect of antibiotic depending on how the efficiency is defined 

and the sensitivities of each strain to the antibiotic.  

 

Figure 4: Challenges in quantifying conjugation efficiency. A. Generic selection 

environment. Growth rates of three populations, the donors (D, blue), recipients (R, 

red), and transconjugants (T, green). The x-axis represents the concentration of a 

generic antibiotic (R is sensitive and D,T resistant), normalized with respect to the IC50 

value. The y-axis is growth rate of the three populations. This arbitrary selection 

regime was chosen as a representative sample of the potential limitations in 

quantification. B. The true conjugation efficiency  does not depend on sub-inhibitory 

antibiotic (dotted black line).  The x-axis is time, and the y-axis is the conjugation 

metric for four different scenarios, corresponding to the title of each panel: (i) relative 

frequency as defined by 

	

T

D
 , (ii) relative frequency as defined by  ,  (iii) relative 

increase as defined by 

	

T

P
i

 , where P is either parent since the initial density is equal, 

and (iv) the conjugation efficiency
	
η = T

RD∆t
.  Red and blue lines indicate in the 

absence and presence of antibiotic, respectively. C. The true conjugation efficiency η 

increases 100-fold with the antibiotic (dotted line, red without and blue with 

antibiotic).  The x-axis is time, and the y-axis is the conjugation metric for four 

different scenarios described in B.  
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1.1.4 Quantifying effects of antibiotics on conjugation 

When interpreting effects of antibiotics on conjugation, it is critical to distinguish 

a change in η and that in R, D, and T. The latter can result from a combination of a 

potential effect of antibiotics on η and the subsequent selection dynamics81-84. Antibiotics 

may promote η directly or indirectly (Figure 5A-B). When transfer machinery expression 

itself is independent of antibiotic exposure, antibiotics have been speculated to elicit a 

global cellular level response that indirectly stimulates or suppresses conjugation. In 

direct induction, antibiotics can stimulate a cascade of molecular events that result in the 

expression of transfer machinery85,86. 

A B
Indirect induction Direct induction 

 

Figure 5: Potential ways in which antibiotics promote conjugation. Conjugation 

occurs by the exchange of plasmid (gray). Yellow triangles indicate antibiotic, and the 

black arrow indicates the change induced by the antibiotic. A. Antibiotics directly 

promote conjugation by directly inducing the expression of conjugation machinery 

(illustrated here by excision of the resistance gene from the chromosome into a 

circularized plasmid). This scenario is a common mechanism for conjugative 

transposons and integrative conjugated elements (ICE). B. Antibiotics indirectly 

promote conjugation by eliciting an overall global cellular-level response (illustrated 

here by a change in general cell morphology). For both A. and B., the conjugation 

efficiency increases even before selection has occurred. 
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Past studies on these issues have resulted in apparently contradictory 

conclusions (i.e. see87), such as the same or similar antibiotics having opposing effects 

depending on the experimental context. Typically, donors and recipients are mixed in 

the presence of an antibiotic (or other stressors), and transconjugants are measured after 

a period of time Δt to determine effects of the antibiotic. By measuring T/Ri, one study 

showed that combinatory treatment of sub-inhibitory kanamycin (Kan) and 

streptomycin (Strep) concentrations promoted conjugation for three different 

conjugative plasmids in E. coli88. However, critical evaluation of the results suggest that 

conjugation efficiency may not have likewise increased, but rather the measure T/Ri 

reported on the time-dependent expansion of the transconjugant population. In 

particular, the antibiotics could have caused significant impact on the growth rates. 

These differences are magnified as cells proliferate over time. Indeed, when the effects of 

antibiotic-mediated selection were likely minimal (during the first four hours of 

conjugation), there were negligible differences in the readout with and without 

treatment. Other studies have similarly attributed an increase in frequency to indirect 

induction of conjugation by the antibiotic88-90. Whether the conjugation efficiency also 

increased is less clear.  

Similarly, reported suppression of conjugation may not reflect a decrease in the 

conjugation efficiency either. One study reported that increasing antibiotic 
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concentrations did not increase the total number of transconjugants (T) of an ESBL 

plasmid after 24 hours, and sufficiently high concentrations reduced T91. In these 

experiments, a slow transconjugant growth rate could mask an increase in conjugation 

efficiency, appearing as an overall decrease in HGT rate.  

Given these caveats, the importance of accounting for time to reduce selection 

effects has been recognized, although it does not completely eliminate bias in data 

interpretation without also accounting for growth effects. For example, one study tested 

tetracycline (Tc) effect on the transfer of drug resistant determinants from a complex 

bacterial mixture of treated sewage effluent to an E. coli strain92. The results showed that 

the shortest time for reliable detection of the transfer effects is three hours. These 

experiments demonstrated modest increase in transconjugant number in the presence of 

Tc concentrations over 100-fold lower than the MIC for recipient E. coli cells. 

Nevertheless, the study did not assess the effects of Tc on growth of donors given that it 

is hardly possible in the complex and uncharacterized microbial community from the 

effluent, and therefore the source of the four-fold increase in HGT events remains 

unknown. Consistent with prior discussion in this work, authors show that higher Tc 

concentrations and longer experimental times result in antibiotic selection rather of 

transconjugants and sometimes decrease HGT frequencies. 

Nevertheless, the importance of accounting for growth kinetics in quantifying 

the transfer rate has been previously recognized79,83,93-95. In doing so, the effect of various 
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factors on the conjugation process can be fairly compared. For example, Johnsen et al 

decoupled selection from growth by inhibiting growth during conjugation in micro titer 

wells (using auxotrophic strains and minimal media), and then eliminated the parents to 

selectively grow transconjugants82. Using a sufficiently large number of well replicates, 

the number of discrete transfer events (x, denoted t in the original publication) could be 

statistically inferred. Specifically, the distribution of transconjugant cells in individual 

wells after the mating period follows the Poisson distribution, and therefore x can be 

quantified based on the combined probability of positive (growth) and negative (no 

growth) wells. As x represents transfer events only, it is not indicative of the kinetic 

interpretation η. However, in the absence of selection, changes in x can be conclusively 

attributed to the experimental factor being tested. Indeed, mercury did not affect x at 

low concentrations, but suppressed transfer at higher concentrations.  

Another study limited bacterial growth to decouple selection dynamics from 

conjugation and address prior limitations. Using an engineered conjugation system 

based on the derepressed F plasmid, Lopatkin et al. showed that 10 different antibiotics 

covering major classes in terms of mode of action did not increase the conjugation 

efficiency (determined as
	
η ≈ T

RD∆t
) when measured in the absence of growth83. At high 

concentrations, some antibiotics even slightly reduced the conjugation efficiency. The 

same conclusion held for other conjugation plasmids tested. In particular, antibiotics did 
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not promote the conjugation efficiency for nine native conjugative systems, including 

those of ESBL pathogens. The study further showed that the selection dynamics alone 

could explain the increase or decrease in the fraction of transconjugants during 

prolonged experiments (up to 12 hours). As such, even if antibiotics did change the 

conjugation efficiency, contribution of the change was negligible in comparison with the 

influence of selection. Both this study and that by Johnsen et al found that other factors, 

such as energy availability and physiological state, more strongly affect the conjugation 

efficiency. 

 

1.1.5 Experimental platforms to measure conjugation 

Choosing an appropriate experimental platform may facilitate quantification by 

reducing bias inherent in some experimental methodology. Conjugation can be 

quantified using selection, by choosing markers (such antibiotic or heavy metal 

resistance that typically reside on plasmids) that can distinguish transconjugants from 

parental strains82,96-98; colony-forming units (CFU) are used for quantification. If the 

antibiotic being tested is similar to the one used for plating, its effects on the conjugation 

process should be readily distinguishable by ensuring complete separation between 

conjugation and selection, as described previously. In comparison, phenotypic readouts 

are advantageous because higher throughput platforms can be used, such as plate 

readers and flow cytometry for fluorescence99.  With proper reporters, quantification 
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using microscopy opens doors for single-cell and microfluidics analysis 100. Indeed, a 

microfluidics platform was recently used to quantify conjugation dynamics by using 

fluorescently labeled donors, recipients, and transconjugants83. However, the detection 

must be sensitive enough to capture events occurring at low frequencies. Nucleic acid 

measurements, such as qPCR, can also be used in measuring the conjugation efficiency 

in certain systems101; this type of quantification does not require transconjugant 

enrichment (e.g. by selection), and could circumvent biases introduced by growth. 

Regardless of the platform, experiments should be designed to ensure 

comparable results. For example, the effects of antibiotics among different systems 

introduce additional compounding factors, such as different sensitivities of donors and 

recipients to antibiotics. It is critical to understand what concentrations were used in 

each particular study with respect to minimal inhibitory concentration of a drug (MIC) 

or its IC50 value, and whether the antibiotic tested corresponds to the resistance 

transferred. If different time-scales are required for different systems, this should be 

adjusted for when comparing efficiencies. 

 

1.1.6 Effects of antibiotics on other modes of HGT 

Quantification of transformation and transduction often face similar challenges 

as quantification of conjugation, including a lack of generally accepted metric and the 

confounding effects of antibiotic-mediated selection. 
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1.1.6.1 Transformation 

Often the transformation efficiency is defined as the number of transformants, 

which is then normalized to the DNA amount or to total viable cell counts 

(transformation frequency). However, a quantification framework, similar to that for 

conjugation, may be applicable here, as it was done for analyses of transformation in 

Azotobacter vinelandii102.  Transformation can be approximated by mass-action kinetics 

between the recipient (R) and DNA concentration (N), generating a transformant (T):  

	

dT

dt
= η

R
NR            (2) 

where ηR is the rate constant of the transformation reaction. The transformation 

efficiency can be approximated as 
	
η

R
= T

NR∆t
 under appropriate conditions, and should 

be evaluated case by case (for examples see103-105). For example, the majority of known 

naturally transformable organisms have inducible competence machinery with rare 

exceptions (Neisseria spp and to a certain extend Helicobacter pylori)35,106,107. The induction 

of competence is strictly regulated, often involving cell density-dependent quorum 

sensing regulation108,109, and only a fraction (fC) of the bacterial population (R) becomes 

proficient in DNA acquisition. Therefore, the transformation efficiency can be estimated 

as ηR when competent cell density, RC = fCR, is taken into account. Also, the DNA used in 

transformation assays will not always contain the sequences necessary for 

transformation or transformant’s survival, such as for transformation with chromosomal 
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DNA and quantification by selective plating. In this case, only a small portion of DNA is 

encoding the selective marker, dramatically reducing effective DNA concentration; 

quantification should be adjusted accordingly. This is further complicated by various 

DNA properties (source, topology (circular, linear, strandedness), size and sequence 

distributions) and in bacteria that have sequence-specific DNA uptake machinery (i.e. 

see110).  

Despite the difficulties in direct comparison of transformation efficiency, 

antibiotics were shown to elicit a stress response that induces or enhances expression of 

competence genes in specific organisms108,111,112.  Effects of antibiotics on transformable 

bacteria are often measured as changed expression level of competence proteins, 

assayed by reporter-fusions, estimating RC, ηR, or their combination112-114. Several studies 

revealed that certain antibiotics, in particular those affecting DNA replication or causing 

DNA damage, enhance transformation by increasing the fraction of competent cells, 

while other antibiotics have no effect on transformation efficiency112-114. More detailed 

analyses of competence induction in S. pneumoniae revealed that stress-induced 

replication stalling was responsible for increased transcription of competence genes 

clustered in vicinity of the replication origin112. From the reported transformation 

frequencies alone, however, it is unclear whether such antibiotic-induced stress affects 

capacity of individual competent cells to take up DNA. DNA damaging compound 
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mitomycin C did not appear to affect competence development in other species such as 

Bacillus subtilis and Haemophilus influenza115.  

1.1.6.2 Transduction 

In transduction, antibiotic presence can affect two types of bacterial populations 

– phage producers and phage recipients. These two populations can be separated both 

temporally and spatially, and therefore the two effects are usually measured 

individually.  

Antibiotics may affect HGT dynamics by promoting prophage excision and host 

cell lysis86. This effect can be measured by quantifying the increased titers of phage in 

culture or increased transcription of phage genes in the host cells. For example, one 

study showed that β-lactam-mediated induction of S. aureus prophage results in high-

frequency transfer of staphylococcal pathogenicity islands116. FQs and agriculture 

antibiotic carbadox induced prophage activity in Salmonella117,118. Another study 

demonstrated that certain antibiotics significantly increased prophage induction, 

transcription, and production of Shiga toxin 2 (Stx2)-carrying phage in 

enterohemorrhagic E. coli O104:H4 strain while other drugs strongly inhibited its 

production or did not have an effect119.   

In these examples, differences in growth rates due to antibiotic exposure may 

confound data interpretation. In the last case, supernatant was collected from cultures 

grown for 15 hours and population density was not accounted for119. Even with sub-
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inhibitory concentrations, comparing the fold-change between treatment conditions may 

unfairly bias a faster growing culture. Conversely, the effects of antibiotics that 

significantly increased the transduction efficiency may have been under-estimated due 

to this difference as well.  

Antibiotics may also influence transduction by affecting the recipient strain. This 

process can be approximated by mass-action kinetics of the interaction between a free 

phage particle (P) and a recipient cell (R), generating a transductant (T)120,121:  

	

dT

dt
= η

T
PR            (3) 

where ηT describes the rate constant of the transduction reaction. Similar to the 

metrics above, the transduction efficiency can be quantified as 
	
η

T
= T

PR∆t
. In most 

previous studies, the transduction efficiency is defined as the number of transductants 

that acquired a phage-associated selective marker per volume of phage lysate122, or by 

the multiplicity of infection (MOI), defined by the ratio of infectious agents to the target 

host cells123.  As with the previous two mechanisms, both metrics are subject to bias, as 

they do not account for effects of time, nor the selection environment. For example, one 

study showed that different biocides can either promote or reduce the transduction 

efficiency by including the biocide in the recovery media, affecting the recipient state124. 
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1.1.7 Strategies to mitigate the spread of resistance via conjugation 

Historically, it has been believed that antibiotics play a critical role in promoting 

the transfer of resistance genes85. However, critical examination of the literature suggests 

that this phenomenon might not be as common as previously thought. To improve our 

understanding, there is a need for standardization of HGT efficiency definitions and 

carefully designed studies aimed at quantifying the impact of antibiotic use on HGT, 

especially in complex, multiple-population, and spatially constrained scenarios. In 

particular, an understanding of how various selection regimens influence the 

populations engaging in HGT is necessary for proper quantification; even more so, a 

deep understanding of the drivers of HGT is paramount for designing effective 

antibiotic treatment strategies that can minimize the spread of resistance using both 

newly emerging and currently available drugs. 

The gut microbiota is especially susceptible to HGT-enabled resistance 

dissemination, as it harbors hundreds or even thousands of resistance genes, and serves 

as a hot spot for gene exchange125-127. Antibiotic usage can exacerbate this effect; as one 

study showed, a multi-antibiotic-resistant strain of Serratia capable of transferring 

resistance to E. coli failed to colonize gnotobiotic mice inoculated with human fecal flora, 

but antibiotic treatment resulted in the emergence of resistant E. coli strains 128. On a 

more macro scale, a recent World Health Organization (WHO) report states that 

common antibiotic resistant gut pathogens including E. coli, Salmonella, and Shigella 
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species have been steadily increasing in number and are a critical threat129. 

Underdeveloped nations, particularly children, are at increased risk; patients under 5 

years old make up 61% of the approximately 1 million Shigella-related deaths annually, 

where the primary cause of resistance acquisition has been found to be due to HGT, 

specifically conjugation. 

Global efforts are underway to overall reduce antibiotic resistance; realizing this, 

however, is significantly challenging. Currently, focus is placed on strategies to prolong 

the life-span of existing drugs, primarily by antibiotic stewardship initiatives that 

promote more prudent antibiotic prescribing practices130,131. Unfortunately, simply 

reducing antibiotic use alone has proven to be ineffective at reducing resistance132,133. For 

example, studies show that even in the absence of antibiotics, costly plasmids persist for 

many generations134. In the most extreme cases, areas in which antibiotic use is scare or 

deemed nonexistent have high and prolonged prevalence of resistance on plasmids135. 

For this reason, it is becoming increasingly accepted that simply reducing antibiotic 

usage will not be a sufficient strategy; rather, alternative approaches must be 

considered136-138. 

Given the facility by which microbes evade traditional inhibitory antimicrobials, 

there is growing interest in identifying alternative classes of therapeutic targets. In this 

context, strategies targeting HGT hold exciting promise in reversing the tide of antibiotic 

resistance. In particular, by leveraging population-level dynamics, it may be possible to 
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eliminate plasmids (and therefore resistance) from a population by controlling their 

evolutionary trajectory, but without imposing selection pressure. This can be achieved 

by minimizing the occurrence of HGT, reversing previous HGT events to re-sensitize 

bacterial pathogens to antibiotics, or both. 

Ecology: 
Population-dynamics/

community 
interactions 

Evolution: 
Emergence/changes in 

genotype frequency, 
HGT 

Affects population 
phenotypes 

Affects which 
genotype is favored 

 

Figure 6: Ecological and evolutionary (eco/evo) feedback plays a key role in 

driving bacterial population dynamics. Traditionally, eco/evo processes are viewed 

over significantly long timescales. Since evolutionary time operates far slower than 

that of ecological interactions, emergent ecological dynamics are traditionally 

considered to function largely independently from immediate evolutionary 

consequences. More recently, however, there is a growing appreciation for the role of 

rapid evolution that occurs on ecological timescales, such as HGT139. Evolution, in this 

context, can therefore play a prominent role in shaping the resulting ecological 

landscape. Studying this dynamic feedback is therefore critical to elucidate novel 

therapeutic avenues that preemptively target ecological outcomes in response to 

predicted evolution. 

This type of ecological/evolutionary (eco/evo) framework is recently gaining 

traction as one such approach to next-generation bacterial therapeutics (Figure 6)51,140. 

Unlike antibiotics, drug efficacy within this framework defines a fundamental shift 

away from traditional growth inhibition metrics (e.g. the minimum inhibitory 
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concentration (MIC) or time-kill kinetics). Instead, efficacy can be measured by the 

ability to disrupt emergent collective dynamics that result from eco/evo processes, such 

as community interactions or evolutionary dynamics. For example, a successful HGT 

therapeutic could prevent the fixation of resistance acquired from a transiently present 

species within susceptible communities140. Unlike antibiotic stewardship, or even the 

development/discovery of novel antibiotics, this framework presents an opportunity to 

bypass the traditional mechanisms of bacterial survival altogether. 

 

1.2 Synthetic biology approach 

The shift of antimicrobial development towards an eco/evo framework requires 

comprehensive understanding of the underlying bacterial dynamics. With respect to 

HGT, this includes determining the population-level parameters that are critical in 

driving and modulating conjugation dynamics in the context of eco/evo feedback 

(Figure 6). Natural networks of HGT are increasingly complex, consisting of multiple 

interacting and uncharacterized plasmids, species, and environmental factors, which 

makes distilling the underlying principles incredibly challenging50,76. Synthetic biology 

offers the advantages of a controllable experimental framework, while operating within 

a biologically constrained environment (Figure 7). Thus, using synthetic biology to study 

HGT is particularly advantageous, as it provides a biologically tractable platform to 

develop and implement well-defined and testable hypotheses.   
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Figure 7: Advantages of synthetic biology. Principles of bacterial evolution can be 

studied using one of many different scientific approaches, ranging from 

computational simulations to using naturally existing systems. This spectrum trades 

controllability for relevance; increased relevance, in the form of biological accuracy, 

introduces increasing complexity in the form of unknown and uncontrollable 

confounding factors. Likewise, the (potential) simplicity of mathematical models 

comes at the cost of applicability to realistic systems, precisely because of such 

unknown factors. Synthetic biology strikes a balance in this continuum by providing 

a platform to study natural phenomena in a controlled and well-defined environment, 

without sacrificing realistic dynamics that are constrained by biological processes. 

 

1.2.1 Overview 

To understand the allure of using synthetic biology to study HGT, it is important 

to understand that the primary objective of synthetic biology is to design and build 

biological systems from the bottom up141,142. Indeed, while synthetic biology operates 

within the framework of biology, de novo construction of living machines represents an 
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entirely novel frontier of computationally driven and biologically-inspired, engineering. 

For this reason, synthetic biology enables the construction of platforms uniquely suited 

to investigate the inherently complex nature of HGT, ideally, with the intention of 

utilizing this framework for functionality down the line. 

Principles of synthetic biology are built upon modular DNA building blocks that 

are easily controllable, and predictably tunable. This makes synthetic biology highly 

multi-disciplinary, encompassing diverse fields, including both applied (e.g. electrical, 

chemical engineering) and basic (e.g. physics, mathematics, biology) scientific 

disciplines. Indeed, gene circuits are built upon rigorous mechanistic understanding of 

chemical, physical, and mathematical principles governing biological functionality.  

 

1.2.2 A beginner’s guide to programming living computers 

To build a circuit with analog or digital logic, an electrical engineer can use any 

number of established circuit components (e.g. resistors, transistors, capacitors, etc.), and 

connect them such that the system exhibits the desired output based on a particular 

input signal. Integrated circuits comprised of basic logical components realize 

increasingly complex functionalities, and depending on the design, can realize either 

binary or graded response. 
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Figure 8: Synthetic biology building blocks for constructing logic gates. The table 

shows a sample of potentially usable components, including a promoter (blue), 

ribosome binding sites (RBS, red), activator (A, green), repressor (R, red), and reporter 

(yellow). These parts are used to build logic gates by connecting interchangeable and 

modular building blocks. AND gate: If both promoters are activated, the reporter is 

turned ON. OR: Activation of either one or the other (or both) RBS activates YFP 

expression. NOR: If either one of the two RBS is activated, YFP will be repressed.  

 

1.2.2.1 Approach for biologically-inspired design 

Gene circuit engineering uses a similar ‘plug-n-play’ approach143 of biological 

building blocks (Figure 8). In this case, instead of electronic parts, biological building 

blocks are made of genetic components that are constructed to easily fit together 

according to a basic set of rules; instead of electricity, chemical concentrations serve as 

the input signal to induce specific cellular states.  The synthetic biologists’ toolbox 

typically consists of an array of parts such as inducers, promoters, regulatory genes and 

sequences, and reporters144.  Tunability is introduced by changing chemical 
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concentrations, or exchanging components with different binding affinities145. With 

enough compatible parts, different combinations of these components can be assembled 

for processing signals with either digital or analog outputs.  

Such logic gates have been implemented for decades and are capable of 

achieving highly complex signal processing ranging from band pass filters146, cellular 

oscillations147, and switches (reviewed143), to cell counters148 and memory149. Population-

level dynamics can also be engineered by coupling individual gene circuits to cell-cell 

signaling, which is the foundation for constructing single or multi-species communities 

capable of population control150,151, pattern formation152, and ecological interactions (i.e. 

predator-prey dynamics153, mutualism, etc., discussed in greater depth in section 1.2.4). 

Mathematical modeling of overall circuit dynamics is typically implemented to 

help guide circuit design154,155. Modeling helps rationally choose a particular topology by 

identifying parameters of greatest sensitivity, and predicting overall dynamics. Once the 

appropriate design is selected, circuits are constructed and tested experimentally. 

Iterative cycles of mathematical refinement and experimental testing are typically 

employed to optimize the design and functionality. 

Cell-free transcription translation (TX-TL) systems can rapidly accelerate this 

iterative process156. These platforms consist of either purified gene expression machinery 

or cell extracts, an energy source157, and the desired DNA constructs of interest. 

Bypassing the need to deal with complex cellular dynamics allows cell-free systems to 
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be used for rapid iterative prototyping of gene circuits. Also, cell-free systems provide a 

more controlled environment, which can act as a powerful foundation for increasingly 

complex synthetic biology applications, such as biosensors158. 

1.2.2.2 Deducing elements of design: the example of oscillators 

Effective forward engineering first requires identifying the available design 

elements, and then choosing the best combination for a particular application. Indeed, 

the former is realized by establishing an arsenal of interchangeable parts that are capable 

of achieving diverse network architectures. In doing this exercise, it becomes quickly 

apparent that diverse architectures can realize superficially similar emergent dynamics 

for a system (e.g. positive feedback can be realized with one or several intermediate 

steps, with any number of genetic regulatory elements).  

To facilitate choosing which is the optimal strategy for implementation (e.g. 

guided rational design), it is critical to understand the role of each network component 

within the context of a specific output of interest. This is best exemplified by 

characterizing design motifs of oscillators from synthetic gene circuits. Indeed, 

oscillatory dynamics are prevalent in all facets of life; they play critical roles in 

fundamental processes such as controlling gene expression159, providing temporal cues 

in dynamic environments (e.g. the circadian clock)160, and determining cell fate 

decisions161,162. Depending on the contexts, the mechanisms and the associated molecular 

components underlying oscillatory dynamics are extremely diverse in network 
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complexity, temporal and spatial scales, and biological functions.  For example, 

metabolic oscillations can operate with a time scale of minutes163, whereas ecological 

oscillations operate with a period of multiple years164.  
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Figure 9: Generation of temporal oscillations. A. Negative feedback can generate 

oscillation when it is coupled with a sufficiently long time delay. B. An example of 

negative feedback. A negative feedback motif consisting of two proteins: p53 activates 

mdm2, which in turn represses p53. With appropriate parameters, the motif can 

generate oscillations. C. Coupling positive feedback with negative feedback. This motif 

can enhance the robustness of oscillations with respect to noise, in comparison with 

negative feedback alone. D.  Nonlinearity in regulation enables greater tunability of 

oscillatory dynamics. E. Noise in oscillations. Noise can enhance the generation of 

oscillations under certain conditions. Levels are indicated on y-axes.  

Synthetic system design and testing has been integral in deducing the roles of 

negative feedback, time delay, positive feedback, nonlinearity in regulation, and noise 

(Figure 9). These elements contribute to one or multiple aspects of oscillatory dynamics, 

and depending on the overall network architecture, each element can either enhance or 

attenuate the generation of oscillations. This type of comprehensive understanding has 
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facilitated building diverse, uniquely implemented, synthetic oscillators, where each is 

optimally suited for its own unique application. 

For example, a common design principle for implementing oscillations is to 

couple negative feedback with a sufficiently long time-delay. Time delay emerges 

spontaneously from many biological processes. During transcription, a finite time is 

required from the moment an RNA polymerase binds to DNA, to when a transcript is 

generated. Together these processes lead to a time delay in gene expression165, which can 

act as a source of oscillations. Indeed, Swinburne et al used auto-regulated tet repressor 

fused to introns of varying lengths to investigate the impact of transcriptional delay on 

oscillations in negative feedback. Results demonstrated that longer introns increased the 

transcriptional time delay, generating oscillations with increasing periods166. A similar 

time delay, and resulting oscillations, may emerge during translation167. 

Time delay can be extended when an action (e.g. transcription activation or 

repression) involves a cascade of multiple intermediate regulators168. However, a 

potential limitation of an oscillator consisting solely of delayed negative feedback is that 

it can be prone to noise, which becomes particularly important with regulatory 

components present in low amounts (e.g. in single cells)169, which is particularly 

important when designing synthetic systems for natural applications. For example, 

oscillations generated by the classic synthetic biology repressilator occurred in ~40% of 

cell lineages and they were un-synchronized between lineages.  



 

33 

Indeed, work has shown that engineered interlinked negative-positive feedback 

increases robustness by enabling amplitude-invariant oscillations over a wide range of 

frequencies, in comparison with circuits consisting of only negative feedback170. 

Consistent with this notion, other work has demonstrated that increasing the number of 

positive feedback loops can enhance robustness with respect to molecular noise 

compared to a single loop. These findings provide insight into seemingly redundant 

positive feedback in cell cycle regulation171, and may apply to other systems, although 

further studies are needed for individual cases. 

This strategy has been adopted to engineer oscillators in both cell-free systems172 

and living cells173-175. One of the best examples is the relaxation-type oscillator by Stricker 

et al176 in E. coli, which consists of a synthetic circuit with integrated positive and 

negative feedback loops, each controlled by distinct inducible promoters. When both 

promoters were induced, almost all cells (>99%) oscillated. Oscillations were robust to 

various environmental conditions, such temperature and media, and the period was 

tunable over a wide range by modulating feedback strength (inducer concentrations). 

However, positive feedback is not essential for generating the oscillations.  Indeed, when 

the authors removed the positive feedback, cells still oscillated, although cycles were 

neither as distinct nor tunable. These results emphasize that, even when positive 

feedback is not critical, it plays a key role in enhancing robustness of oscillatory 

dynamics (Figure 9).  
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Another design strategy to counteract the effects of noise is to generate 

population-level oscillations by chemical-mediated communication between cells. One 

way to do this is to use cell-cell communication to couple the oscillators in different cells, 

to achieve synchronized oscillations. A common molecular mechanism to implement 

this coupling is bacterial quorum sensing (QS)177. Using this strategy, Danino et al 

demonstrated the synchronization of relaxation oscillators in a population of bacterial 

cells178. Depending on the length scale of the transport of coupling molecule, 

synchronization of oscillations can be extended to longer distances. For example, Prindle 

et al demonstrated inter-colony synchronization of oscillations through gas-phase 

signaling, while the oscillation in each colony is controlled by QS-mediated 

synchronization179. Such long-distance synchronization could also underlie 

synchronization of natural biological clocks.  

Why is this important? Comprehensive understanding has enabled remarkable, 

and practical, implementations of synthetic oscillators. Indeed, robust, naturally inspired 

engineered oscillations are currently being investigated for therapeutic means. 

Synchronized population-level oscillations of cell lysis results in the continuous 

production and release for in vivo drug delivery. To this end, Din et al demonstrated in 

vivo efficacy of tumor-targeting Salmonella programmed to release cycles of anti-tumor 

toxin Haemolysin E180. This, in combination with traditional chemotherapy drug 5-FU 
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showed significantly enhanced survival in a colorectal mouse model than either therapy 

alone. 

 

1.2.3 Synthetic biology: translational applications 

The efforts towards understanding principles of design are certainly paying off 

for developing useful and viable biotechnology. Beyond synthetic oscillators, the field 

has seen several applications come (or are close) to fruition181. These can be broadly 

grouped into three main areas, namely metabolic pathway engineering, biosensors, and 

genome editing.  

1.2.3.1 Metabolic pathway engineering 

Pathway engineering leverages metabolic enzymes or pathways within 

genetically tractable organisms to synthesize useful chemical products or precursors182.  

This has resulted in production of useful products including pharmaceuticals183,184, 

biomaterials185, and biofuels186-188. This approach is particularly advantageous, as it 

provides a platform to synthesize complex, and potentially limited products, from cheap 

and readily available starting materials189. More so, chemical production can be 

optimized by integrating pathway-engineered microbes with additional modules to 

dynamically regulate gene expression in real-time190,191. Similar advances have been seen 

in areas such as bioremediation and biomining192. 
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1.2.3.2 Biosensors 

Synthetic biosensors have also attracted a great deal of focus. The ability to 

construct biosensors with encoded sensitivity and specificity begins at the circuit level. 

Characterization of environmentally responsive promoters, such as small molecule-

sensing193, light-inducible194,  temperature-sensitive195, and various other biological 

cues196, is critical for building biosensors with increasing complexity. Even in the context 

of metabolic engineering, microbes can be programmed with sensory components to 

respond to dynamic environmental cues, such as temperature or density sensing197,198. 

Therapeutic applications of whole-cell biosensing are continuously advancing. 

Studies have shown the feasibility in programming ‘good’ bacteria to fight pathogens, 

for example, by engineering E. coli biosensors to sense and kill Pseudomonas 

auregenosa199,200. The E. coli can be programmed to carry an effector module that 

specifically inhibits Pseudomonas, resulting in pathogen-specific sensing and killing199. 

Similarly, smart probiotics are on the horizon, as native commensal microbes become 

increasingly genetically tractable, and functions can be programmed to respond to 

externally introduced stimuli while already in the gut201. Importantly, engineered 

probiotics as whole-cell biosensors likely require significantly greater understanding of 

complex microbial community dynamics. Engineering bacterial communities is an entire 

discipline on its own, since complex microbial consortia are more compositionally and 

functionally stable, and proof-of-concept designs demonstrate potential long-term 
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feasibility202.  However, despite novel advances, the use of engineered living cells for 

therapeutic applications faces substantial challenges in overcoming public safety 

concerns and regulatory hurdles.  

Diagnostics using synthetic biosensors represents an exciting possibility, since 

cell-free systems can be easily embedded on inexpensive biomaterials for processing 

biological samples. This overcomes several challenges associated with the use of 

engineered living cells for therapeutic applications. Indeed, Pardee and colleagues 

demonstrate how paper can be used as a vehicle to embed, store, distribute, and operate 

diverse gene circuits in a robust manner, which lays the foundation for low-cost yet 

accurate diagnostics (Figure 10)203. Using this platform, the authors demonstrate the 

storage and operation of a wide variety of gene circuits. These span constitutive and 

inducible gene expression, a set of sophisticated RNA-based circuits (toe- hold switches), 

and gene expression cascades (Figure 10A), the latter of which represents a major 

innovation in its own right204.  

Most cell-free systems focus on generation of input/output functions, which are 

suited for direct biosensing applications. To achieve more complex functions, these 

systems can benefit from integration with other platforms or techniques. In comparison, 

cell-based platforms can allow implementation of more complex sensing and processing 

functions, sometimes in a manner that is also compatible with the paper format. To this 

end, a recent study demonstrated the use of paper-embedded engineered bacteria to 
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detect quorum-sensing signals produced by bacteria in saliva205. Furthermore, cell-free 

systems can be engineered to interface with cell-based systems. Indeed, Lentini and 

colleagues engineered artificial cells containing cell-free circuits to sense and interpret 

environmental signals and then “translate” these signals to ones that can be interpreted 

by living cells206.  
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Figure 10: Integration of Synthetic Gene Circuits with Paper Microfluidics. A. Cell-

free systems with paper microfluidics. Cell extracts containing gene circuits are freeze-

dried, embedded on filter paper, and later reconstituted to realize diverse functions. 

These functions range from inducible gene expression to sophisticated input/output 

functions. Panel shows a typical RNA-based toehold switch, which is used as the core 

module for an array of biosensors to detect diverse targets, including antibiotic 

resistance genes and Ebola viruses. B. Multiscale, hybrid systems can be built by 

integrating cell-free and cell-based systems, as well as microencapsulation and paper-

fluidics. Such systems can enable division of labor between different components in 

carrying out sophisticated sensing, processing, and actuating tasks.  

 

1.2.3.3 Genome editing 

The advancement of genome editing tools has revolutionized molecular biology 

techniques. In the context of bacterial engineering, such tools have been used to 
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developed next-generation methods for rapid genetic alterations. For example, 

multiplexed automatic genetic engineering (MAGE)207 can be used to alter multiple loci 

in bacterial genes, gene networks, or full genome208; full genome editing facilitates 

directed evolution to optimize metabolic pathways of interest for desired 

functionalities181.  

Bacterial CRISPR/cas systems have been leveraged both to facilitate the 

construction of genetic circuits, and as an integrated circuit component itself, with 

controllable functionality209. Most relevant here is the repurposing of CRISPR/cas9 as 

novel genetic antimicrobials for targeted pathogen detection and elimination210,211. 

CRISPR/cas9 guide RNA’s can be designed for specific pathogen gene recognition, 

reducing collateral damage associated with traditional antibiotic use. CRISPR/cas9 with 

specific guide RNA sequences is delivered to pathogens via HGT such as by phage 

transmission, upon which recognition of resistance or virulence genes results in targeted 

double-stranded chromosomal breaks and cell death212,213.  

1.2.3.4 Building complex communities for eco/evo therapeutics  

Natural bacterial communities across geographical, ecological, and physiological 

boundaries are readily adaptive, resilient to perturbation, compositionally diverse, and 

(yet) largely functionally stable202,214. Thus, inspired by native microbiomes, designing 

and building controllable microbial consortia represents an exciting frontier in the field 

of synthetic biology, whereby a wide range of complex and therapeutically relevant 
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behaviors can be realized. Indeed, advantages of community-based therapeutics are 

widely recognized, and therapeutic applications have already begun to emerge, such as 

to restore microbiome function in patients with recurrent C. difficile infections 

(reviewed215).  

Constructing such communities relies almost exclusively on the ability to control 

eco/evo dynamics. However, the underlying mechanisms governing both ecological and 

evolutionary processes in natural consortia are often poorly understood216. Thus, in the 

context of synthetic biology, the same set of principles used to understand and 

implement useful synthetic oscillators, are easily scalable to multi-population-level 

interactions as well. Indeed, despite the increased complexity, such dynamics are often 

governed by a set of fundamental motifs that are easily represented in well-designed 

topologies217. This means that currently, the primary approach for elucidating control 

elements of eco/evo processes utilizes de novo construction of tunable circuits with 

familiar networks interactions, as previously described218. 

For ecological interactions, implementation of simple motifs can capture 

complex, emergent relationships, such as that of predator-prey153 and mutualism219 

dynamics. This can be used to better understand critical regulatory components 

enabling desired community-level outcomes, for example, species coexistence. Indeed, 

recent work has illustrated that outcomes of various three-species communities 

consisting of heterotrophic soil bacteria could be accurately predicted (~90%) from their 
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individual pair-wise interactions220. The predictive accuracy decreased for larger 

communities, underscoring that even for simple and well-defined consortia, much 

remains unknown. Such well-defined consortia can also be used to deduce the effects of 

various exogenous modulating factors. For example, one study showed that defined 

spatial structure stabilized a synthetic multispecies community221, which served as the 

basis for follow-up studies investigating emergence of cooperation when confined by 

spatial structure222, and the origins of beneficial interactions223. Conceptually, spatial 

structure is one potentially useful controllable eco/evo factor224. 

In the context of evolutionary dynamics, one exciting aspect is in engineering 

predictable and controllable evolution. In principle, communities can be programmed to 

dynamically evaluate and rapidly respond to a new environment by taking advantage of 

eco/evo feedback. Thus, self-optimized configurations can be realized that are entirely 

dependent on inputs from the surrounding environment225,226. Much like living neural 

nets, such communities could realize diverse functionalities, by spanning diverse 

environments, and distributing complex sets of tasks amongst themselves226. The ability 

to realize rapid and predictable evolution based on local ecological interactions will be 

largely dictated by the control elements implemented. The independence of the 

evolutionary response from the ecological environment is especially important in the 

design of such systems, which should be true as long as the objective function is well 

defined.   
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Within this framework, the study of HGT dynamics holds much promise, but 

due to the lack of fundamental understanding, remains a work in progress. In the 

overall context of synthetic biology, studies have evaluated both intrinsic mechanistic 

control of HGT regulation, as well as external factors that may modulate the resulting 

population dynamics83,227. Ultimately, further work aimed at elucidating underlying 

HGT principles will lead to adoption of HGT as a “pluggable” component or module 

within the synthetic biology toolbox, with countless applications including driving the 

eco/evo fight against antibiotic resistance. 

 

1.3 Conclusion 

HGT is primarily responsible for the worldwide spread of antibiotic resistance. 

Without effective intervention strategies, we will soon face the global reemergence of 

common infections that are potentially untreatable. Development of such strategies 

requires fundamental understanding of HGT dynamics. This requires comprehensive 

characterization of gene exchange both in the presence and the absence of antibiotic 

selection. Indeed, equally as important as quantifying the effects of antibiotics on HGT 

using the appropriate quantitative framework, is quantifying HGT in the absence of 

selection dynamics entirely.  

While antibiotic stewardship programs have been primarily depended upon to 

reverse resistance132, the need for alternative, more effective options, is becoming 
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increasingly apparent. To this end, therapeutics focused on preventing the spread of 

resistance by targeting eco/evo dynamics, is one emerging area of focus. In this context 

understanding the role of HGT as a driver in propagating resistance is a high priority. 

Indeed, HGT in theory could perpetuate resistance genes even in the absence of 

selection, simply by maintaining transfer efficiencies that are sufficiently high228. If true, 

this even further reduces the likelihood of antibiotic stewardship success. 

While there are various challenges in studying the role of antibiotics on HGT 

dynamics, emphasized by the lack of quantitative understanding of the phenomenon, 

synthetic biology provides the ideal framework to begin probing HGT networks: using 

the controllability and tunability afforded by this platform, primary issues such as 

confounding factors that complicate precise measurements of HGT parameters can be 

directly addressed. This facilitates rigorous experimental design that can effectively 

decouple otherwise confounding measurements, which is critical for drawing definitive 

conclusions. Overall, this will provide critical insights into the ecological drivers of HGT 

dynamics. Ideally, such systematic investigation will enable sufficient understanding to 

facilitate progression towards the next stage of eco/evo research, where HGT can be 

repurposed for use as a powerful tool in engineering dynamic synthetic communities. 
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2. Antibiotics as a selective driver for conjugation 
dynamics 

2.1 Introduction 

As emphasized in chapter 1, HGT is a main contributor to the spread of antibiotic 

resistance genes4,23,229. Conversely, it has been generally assumed that antibiotics 

promote HGT85,230. One of the most common mechanisms for HGT, particularly for the 

transfer of plasmids such as those carrying antibiotic resistance, is conjugation18,23,231. 

Thus, for my work, I specifically focus on this mode of HGT, although quantification of 

how antibiotics influence transformation and transduction are similarly needed. 

 There are two broad ways in which antibiotics can promote HGT via 

conjugation (described in chapter 1 and reference232).  First, when dosed at sub-lethal 

concentrations, antibiotics can increase the conjugation rate by either activating the 

excision of transferrable genes from the host chromosome, inducing expression of 

conjugation machinery, or both233-237. Second, it has been speculated, but not proven, that 

antibiotics can elicit global cellular responses, such as changes in cell wall composition 

or up-regulation in key survival genes238,239, which can indirectly increase the 

conjugation rate240-242.  

Overall conjugation dynamics are determined by two components (Figure 11A): 

the rate at which conjugation occurs (the conjugation efficiency), and the subsequent 

growth of transconjugants. An antibiotic can affect the overall conjugation dynamics by 
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modulating the conjugation efficiency, serving as a selection force that acts on the 

population dynamics after conjugation, or both (Figure 11B and C). In past studies, 

quantification of the effects of antibiotics on conjugation efficiency has been confounded 

by a lack of decoupling between these two components80-82. As a result, there are 

conflicting reports on whether or not antibiotics promote conjugation87.  
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Figure 11: The potential influence of antibiotics on conjugation. A. Overall 

conjugation dynamics. Overall conjugation dynamics result from two steps:  

conjugation and the ensuing population dynamics of the donor (green), the recipient 

(red), and the transconjugant (yellow). Antibiotics can influence the conjugation 

dynamics by B. modulating the conjugation efficiency or by C. altering the population 

dynamics by changing the growth rates of one or more populations. Here I assume 

antibiotics overall promote conjugation as an illustration (B and C), compared to 

without any treatment (A). 
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Although reviewed in chapter 1, I will briefly summarize the main controversy 

again for clarity. Typically, in vitro conjugation experiments have been performed in the 

presence of an antibiotic, followed by a period of growth, before quantification of 

transconjugants241,243. The conclusion that antibiotics promote conjugation is based on the 

observed increase in transconjugants in the presence of an antibiotic as compared to the 

control without treatment90. This experimental design cannot distinguish between 

antibiotic effects on conjugation efficiency versus selection dynamics, nor does it show 

how these effects might depend on the antibiotic concentration.  

In vivo and case studies have also suggested a link between conjugation-

mediated transfer of resistance and antibiotic treatment, possibly as a result of antibiotic 

selection providing a favorable environment to enable transfer47,244,245. As with in vitro 

experiments, however, this speculation remains to be definitively proved due to 

experimental complexities. 

 

2.2 Results  

2.2.1 Engineered conjugation platform  

To determine how antibiotics affect various aspects of conjugation dynamics, it is 

critical to (1) decouple antibiotic-mediated induction of conjugation machinery from the 
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global effect an antibiotic might have on the conjugation efficiency, and to (2) decouple 

the conjugation event from the ensuing growth dynamics.  

To this end, I decided to use an engineered conjugation system227 derived from 

the F plasmid (Figure 12A), in which the conjugation machinery is constitutively 

expressed246,247. Generally speaking, each donor carries an F helper plasmid (FHR) and a 

mobilization plasmid. FHR expresses the conjugation machinery and can mobilize any 

plasmid containing the oriT sequence, but is not self-transmissible. Thus, while the 

system is synthetic, the conjugation machinery on the F plasmid is non-engineered. The 

only requirement for the mobilization plasmid is that is carries the oriT sequence, 

enabling its transfer in trans via FHR mobilization.  

Specifically for the system in this chapter (Figure 12B), each donor cell (G+) 

carries two plasmids: FHR, and the mobilization plasmid containing the oriT sequence, a 

gfp gene under control of a PLacZ promoter, and a kanamycin (Kan) resistance gene 

(KanR)248,249. Each recipient cell (R-) carries the FHR plasmid and a non-mobilizable 

plasmid; the non-mobilizable plasmid contains an mCherry gene under control of a PTet 

promoter250,251 and a chloramphenicol (Cm) resistance gene (CmR).  When mixed, G+ can 

transfer a copy of its mobilization plasmid to R-, generating a transconjugant (Y), which 

expresses both GFP and mCherry. For a complete list of plasmids and strains see Table 

1. This system enables us to quantify conjugation dynamics by selective plating or 

fluorescence microscopy.  
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Figure 12: A synthetic conjugation system. A. Engineered conjugation is based on the F 

plasmid machinery. Unlike the wild-type F plasmid, which is self-transmissible, the 

helper F plasmid (FHR) has been modified so that it cannot transfer itself. However, 

since the conjugation machinery is not modified, FHR can mobilize and transfer 

another plasmid in trans as long as it contains the recognition sequence oriT. B. Three-

population engineered system. The recipient (R-) carries an immobile plasmid 

expressing CmR and an mCherry reporter. The donor (G+) carries a mobilizable 

plasmid expressing KanR and a GFP reporter. When mixed, G+ transfers a copy of the 

plasmid to R-, generating transconjugant Y. Transconjugants can be quantified by 

selective plating or by fluorescence imaging. Strain labels are shown without sign 

designation for generality. 

 

2.2.2 Quantifying conjugation efficiency in the absence of antibiotic-
mediated selection dynamics 

I first quantified the conjugation efficiency in the absence of antibiotic-mediated 

selection. In brief, I mixed high densities of R- and G+ in an equal ratio (~5x108 cells/mL 
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of each) with varying concentrations of an antibiotic. I then incubated the mixture at 

room temperature (25°C) for 1 hour in M9 minimal medium before measuring the 

densities of R-, G+, and Y cells by selective plating. 25°C was used to ensure negligible 

growth over the incubation period (Figure 13A).  

The R- and G+ densities did not change significantly after mixing and incubation 

in the absence of an antibiotic (Figure 13B, P>0.8, two-tailed t-test), indicating lack of 

growth by either population. These densities also did not change when cells were 

incubated with high concentrations of a range of different antibiotics (Figure 13B, P>0.2, 

two-tailed t-test), indicating negligible cell death.  

Taken together, these measurements indicate that there was negligible antibiotic-

mediated selection under these experimental conditions. For all conditions, a small 

population of transconjugants emerged, which had a negligible effect on either parental 

population density, as indicated by their approximately constant population sizes 

(Figure 13A-B). This population was taken to be the number of transconjugants 

produced directly via conjugation (i.e., in the absence of selection dynamics). 
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Figure 13: Experimental protocol for quantifying conjugation efficiency in the 

absence of selection. A. Experimental protocol for quantifying conjugation efficiency. G 

and R overnight cultures are mixed in equal fraction, and incubated at 25°C for 1 hour 

in M9 minimal medium. During the incubation period, the cell mixture can be 

exposed to various factors of a particular condition. After incubation, cells are diluted 

and spread onto agar containing one or both antibiotics to quantify G, R, or Y. B. 

Parental densities insignificantly change during the incubation period. The protocol 

from A. was used to quantify colony forming units (CFU) at time = 0 (light blue) and 

time = 1 (dark blue) to ensure growth (top) and death (bottom) is negligible (P>0.8 and 

P>0.2, respectively) over this time period for each antibiotic. Error bars are for 

standard deviations of the replicates, which consist of four to six per experiment. 

Antibiotic [A] concentration used was 4×IC50 value (see C. and Table 3). C. 

Quantifying IC50. IC50 values (lower left inset) were determined using high-resolution 

growth curves obtained from plate-reader measurements. Black slashes on the x-axes 

indicate a change from linear to logarithmic scale. Concentrations of 0, 0.95, 0.399, 

1.66, 6.9, 28.8, 120, and 500 μg/mL were used for antibiotics Kan, Cm, Carb, Str, Spc, 

Ctx, and PC-G. Concentrations of 0, 0.019, 0.08, 0.33, 1.38, 5.77, 24.01 and 100 μg/mL 

were used for Nor and Eryc. Lastly, concentrations 0, 0.047, 0.20, 0.83, 3.46, 14.4, 60.03, 

and 250 μg/mL were used for Gen. The exponential growth phase was log-

transformed and fit to a linear line. Slopes of log-fitted lines are used as growth rates 

(μ)). Error bars represent standard deviations from three replicates. Black lines 

indicate fitted curves based on Eq. (7). Antibiotics used are (i) Cm, (ii) Str, (iii) Spc, 
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(iv) Eryc, (v) Ctx, (vi) Nor, (vii) Kan, (viii) PC-G, (ix) Carb, and (x) Gen. Cell strain G+ 

was used for all growth curve quantifications except for (vii), where R- is used since 

G+ is resistant to Kan. 

Using the protocol above, I measured the effects of 10 different antibiotics, 

namely Kan, Cm, gentamicin (Gen), streptomycin (Str), spectinomycin (Spc), penicillin-

G (PC-G), carbenicillin (Carb), ceftriaxone (Ctx), erythromycin (Eryc), and norfloxacin 

(Nor). These cover six major classes, including aminoglycosides, β-lactams, 

cephalosporins, macrolides, amphenicols, and quinolones (Table 2). For each antibiotic, 

the conjugation efficiency as 
	
η

C
= Y

RG∆t
was defined (the rate constant of the reaction, as 

described in chapter 1); here, R, G, and Y are the colony forming units (CFU) counts of 

recipients, donors, and transconjugants, respectively (transfer signs ± are removed for 

generality in the equation), and ∆t is the time of incubation (1 hour). This metric avoids 

the potential bias in quantification that arises when only one parent is considered (i.e., 

Y/R or Y/G, see Figure 4 from chapter 1)20,34. When dosed up to 2×IC50 values (Figure 

13C), none of the antibiotic statistically increased the conjugation efficiency (Figure 14A, 

Table 3A, P>0.15, one-tailed t-test). If an antibiotic did increase the efficiency, the effect 

was smaller than the error associated with my experimental measurements (mean < 

27%).   
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Figure 14: Antibiotics did not significantly increase conjugation efficiency. A. 

Quantifying conjugation efficiency (ηC) for R- and G+ with 10 antibiotics (Table 2). The 

y-axis is the conjugation efficiency normalized with the efficiency in the absence of 

antibiotics, ηC0. The x-axis is antibiotic concentration [A] normalized with each IC50 

measured in plate readers (Figure 13C). There was no significant increase in ηC 

amongst all antibiotics and concentrations tested (P >0.15, one-tailed t-test, Table 3A). 

G- was mated with R- as control; no transconjugants were detected (CFU data not 

shown). B. Other factors modulate conjugation efficiency. Left: Physiological state of 

the cells significantly influenced the conjugation efficiency. G+ and R-F cells were 

grown into exponential phase for 2 hours (See Materials and Methods section 2.4.2, 

Conjugation in the absence of antibiotic-mediated selection). All four combinations 

of R-F and G+ from either stationary (s) or exponential (e) phase were tested, from top 

to bottom, Ge and Rs (crosses), Ge and Re (pluses), Gs and Rs (circles), and Gs and Re 

(squares). Str was used for these experiments, at concentrations of 0, 2, and 4 μg/mL. 

Differences in ηC between combinations are statistically significant (P<5×10-4, two-

tailed t-test, Table 3A). Right: Glucose significantly increases ηC. Crosses indicate 

without and boxes indicate with 2μg/mL Kan. ηC0 is for the standard M9 conditions 

(glucose = 0.4%, A), since ηC under these conditions insignificantly changes between 0 

and 2 μg/mL Kan (P>0.71, one-tailed t-test, Table 3A). C. Generality of antibiotic 

influence on conjugation efficiency. Antibiotics did not significantly increase the 

conjugation efficiency for five native self-transmissible conjugation systems, 

including F(i), RP4(ii), R388(iii), R6K(iv), and pESBL-283(v) from five incompatibility 

groups (IncF, IncP, IncW, IncX, and IncI), or for four ESBL-producing clinical E. coli 

isolates donors with unknown conjugation machinery (vi-ix, see Appendix A) (P>0.15, 

one-tailed t-test, Table 3A). Donors and recipients are labeled in each panel (Table 1).  
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Although there was no increase of antibiotic on conjugation efficiency, basal 

conjugation efficiency did exhibit substantial day-to-day variations (up to 13-fold, Figure 

15A). Past studies have also noted such variability when reporting conjugation 

efficiencies79,241. This variability was likely due to differences in the physiological states 

of the two parental populations. These variations could result in differences in the 

expression of conjugation machinery252, which is greater in exponential phase than in 

stationary phase (Figure 15B).  

Indeed, the conjugation efficiency increased drastically (~300-fold) when donor 

cells were harvested from exponential phase (Figure 14B, left panel). However, the 

conjugation efficiency decreased (~8-fold) when recipients were harvested during 

exponential phase (Figure 14B, left panel), suggesting a state-specific role for parental 

populations during conjugation253,254. Since the conjugation efficiency was also 

significantly increased when both parents were harvested from exponential phase (~280-

fold), this suggests the increased metabolic activity of donors can compensate for the 

decreased receptivity of recipients. 
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Figure 15: Modulation of conjugation efficiency. A. Measured conjugation efficiency 

values without normalization (same data as Figure 14A).  Day-to-day variations 

exceed those within a given experiment. Antibiotics used are described in Table 2. 

Concentrations and IC50 values used can be found in Table 3A. Standard deviations 

are from four-six replicates.  B. qRT-PCR for physiological cell state. qRT-PCT data for 

cells harvested from stationary (Sta) and exponential (Exp) phase cultures. The same 

clone was used for both. RNA was isolated and immediately reverse-transcribed into 

cDNA. traD encodes for coupling protein, and traI for relaxase. ffh is used as a 

housekeeping gene; transfer genes are first normalized with respect to ffh to account 

for differences in quantity from Sta and Exp cultures, and then normalized with 

respect to Sta gene expression to quantify the fold change. C. Effect of glucose on 

conjugation efficiency. Increasing glucose concentration on conjugation efficiency in 

the presence of low (2 μg/mL Kan, same as Figure 14B right panel) or high (right, 4 

μg/mL Kan) antibiotic concentration, without normalization of ηC. Boxes and crosses 

indicate with and without antibiotic, respectively. Glucose significantly increases 

(P<0.01, left-sided one-tailed t-test) the efficiency (7-fold for low and 5-fold for high) 

regardless of the antibiotic concentration present. D. Non-normalized conjugation 

efficiencies of five native self-transmissible conjugative systems F, RP4, R388, R6K, and 

pESBL-283 for five antibiotics tested (same as Figure 14C i-v). Colors represent 

different antibiotics, corresponding to the same colors in (a), namely Eryc (green), Str 

(gold), Cm (purple), Carb (maroon), and Nor (blue). The plasmid, donor, and recipient 

used are labeled in each figure. See Table 1 for the complete list of strain and plasmid 

details. Antibiotic concentrations and statistical testing for each pair are listed in 
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Table 3B. E. Non-normalized conjugation efficiency of clinical ESBL-producing donors 

with unknown conjugation machinery and R-F recipient, for five antibiotics. Colors 

represent different antibiotics, corresponding to the same colors in A., namely Eryc 

(green), Str, (gold), Cm (purple), Carb (maroon), and Nor (blue). Antibiotic 

concentrations and statistical testing for each pair are listed in Table 3B. F. Non-

normalized conjugation efficiency for inter-species conjugation between K. pneumoniae 

ESBL-producing clinical isolates and R+ donor. Crosses indicate isolate #135, and 

squares indicate isolate #109. Here, 0, 2, and 4 μg/mL Str are used. Statistical testing 

for each pair are listed in Table 3B. 

I reasoned that donor recognition of the recipient, which requires an efficient 

searching mechanism of the pilus tip in liquid culture, is more effective when the 

recipient is in stationary phase, either due to decreased motility or modifications in cell 

wall composition255,256. As both F-tip searching and DNA transfer require energy257,258, I 

hypothesized that energy availability would also impact conjugation efficiency. 

Consistent with this notion, I found that increasing the glucose concentration in the 

medium significantly increased conjugation efficiency (~7-fold, Figure 14B, right panel, 

P<0.01, left-sided one-tailed t-test). Importantly, regardless of the starting condition, the 

effects of antibiotics on the conjugation efficiency in the absence of growth remained 

negligible (low and high antibiotic concentration, Figure 15C).  

To test the generality of the result in Figure 14A, I measured the conjugation 

efficiency for five additional native self-transmissible conjugative systems, including the 

native F plasmid, RP4, R388, R6K, and pESBL28391 (Figure 14C i-v, Figure 15D) with five 

antibiotics: Eryc, Carb, Cm, Str, and Nor. These systems cover five different 

incompatibility groups, namely, IncF, IncP, IncW, IncX, and IncI. I also measured the 
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conjugation efficiency for four clinical isolate donors expressing extended spectrum β-

lactamases (ESBL, see Appendix A for details); genes encoding ESBLs are often spread 

by conjugation259 (Figure 14C vi-ix, Figure 15E). Finally, I tested inter-species conjugation 

using FHR-bearing E. coli donor R+ cells with two ESBL clinical isolates of Klebsiella 

pneumoniae as recipients (Figure 15F). For all conditions tested, I found that antibiotics 

did not significantly increase the conjugation efficiency (P>0.15, one-tailed t-test, see 

Table 1 for list of donors and recipients). 

 

2.2.3 Modeling conjugation dynamics in the presence of antibiotic 

If antibiotics do not affect the conjugation efficiency, their effects on emergence 

of transconjugants can be manifested through selection dynamics on the donor (g), 

recipient (r), and transconjugant (y) populations (Figure 16A). To describe these 

dynamics, I constructed a kinetic model consisting of three nondimensionalized 

ordinary differential equations (ODE) (Eq. (4)-(6)).  Assuming that y << g: 

		

dg

dt
= µ

g
g 1− r − g− y( )    (4) 

		

dr

dt
= µ

r
r 1− r − g− y( )−η '

C
rg    (5) 

		

dy

dt
= µ

y
y 1− r − g− y( )+η '

C
rg   (6) 
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Figure 16: Antibiotics can both promote and suppress conjugation dynamics. A. Model 

schematic. Conjugation dynamics of r (recipient), g (donor), and y (transconjugant) in 

response to antibiotics, which can alter the growth rates of one or more of the three 

populations.  Curved arrows represent cell proliferation, and blunt ended arrows 

represent antibiotic inhibition. r and g conjugate to form y. B. Model (Eq. (4)-(6)) 

Predictions of conjugation dynamics dependence on antibiotic concentration (a) for all 

four trends. Top row:  Growth rates for the three populations. Middle row: Total 

density (n) of r, g, and y after 16 arbitrary time units (A.U.) Bottom row: fy normalized 

by fy0 at a = 0 (fy0). Dashed line indicates contribution through conjugation (rg). 

Shaded boxes outline regions of similar dynamics. (i) Antibiotic has no effect on 

either parent. (ii and iii) Antibiotic inhibits only one parent. (iv) Antibiotic inhibits 

both parents. C.  Microfluidic platform to quantify conjugation. The microfluidic chip 

contains cell-trapping chambers, which allow for monolayer bacterial growth (See 

Figure 17A and Methods for device details). 8-10 chambers are measured per growth 

condition per experiment. Each population is determined by obtaining the total pixel 

number of R (mCherry), G (GFP) and Y (colocalization algorithm)44, and normalized 

by the carrying capacity of the chamber (Nm=6×105 pixels/chamber), to obtain r, g, and 

y respectively. Representative images (from 10 replicates) show pure G+ and R- 
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populations, and mixed populations with or without oriT.  D. Experimental results 

confirmed model predictions in B. Panel numbers correspond to those in B. Standard 

deviation was from 8-10 chamber replicates, with those falling outside of two 

standard deviations or having lost focus removed. (i) Rk and G+ are both resistant to 

Kan, and x-axis is Kan. (ii) R- and G+ are resistant to Cm and Kan respectively, and x-

axis is Kan. (iii) Same as (ii), with 4 μg/mL Cm to reduce G+ growth rate. (iv) R- and G+ 

are resistant to Cm and Kan respectively, and x-axis is both Cm and Kan. Top row: 

growth rates for the three populations quantified using plate reader measurements 

(see Materials and Methods section 2.4.9). Middle row: the total density (n) of r, g, and 

y after 12 hours of growth. Bottom row: fy normalized by fy at [A] = 0, fy0 (see Table 5). 

Briefly, the model assumes logistic growth for all three populations, where  

and  are the dimensionless growth rates of r and g respectively, and  is the 

dimensionless conjugation efficiency. Depending on how the antibiotic concentration, a, 

affects the growth of the parental populations, the model reveals four qualitatively 

different dynamics for the fraction of transconjugants, 

	

f
y

= y

r + g+ y
 (Figure 16B). 

Modulation of transconjugants can be due to two factors: the contribution through the 

conjugation term ( ), and whether the transconjugants are at a selective advantage 

over the parental strains (i.e., if 
		
µ

r
+ µ

g
< µ

y
=1). 

When the transconjugants are at a selective disadvantage, 
	
µ

r
+ µ

g
> µ

y
, (Figure 

16B, top row, gray region), the transconjugant population either remains constant 

(Figure 16B i, middle row), decreases (Figure 16B ii, middle row), or increases then 

decreases (Figure 16B iii-iv, middle row), depending on whether the corresponding 
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contribution through conjugation remains constant, increases, or decreases (Figure 16B, 

middle row; black lines show the contribution through conjugation).  

When transconjugants are at a selective advantage, i.e. 
	
µ

r
+ µ

g
< µ

y
(Figure 16B 

iii-iv, blue region), the transconjugant population either decreases (Figure 16B iii, middle 

row) or increases (Figure 16B iv, middle row), depending on whether there are sufficient 

resources for the transconjugant population to grow (e.g. whether the parents are near 

the carrying capacity). Because both parents are sensitive to antibiotic in panel iv, as 

soon as transconjugants gain a selective advantage over parent cells, they can overtake 

the entire population. In panel iii, although transconjugants are at a selective advantage, 

the high density of donor cells suppresses further increase in the transconjugant 

population at high antibiotic concentrations. In all four cases, the transconjugant 

fraction, fy, follows similar dynamics as the transconjugant population itself (Figure 16B 

i-iv, bottom row). Taken together, this model predicts that antibiotic-mediated selection 

often reduces the fraction of transconjugants, in contrast to conventional wisdom.  

 

2.2.4 Experimental validation of modeling predictions 

To test model predictions, I used microfluidic device (Figure 16C and Figure 

17A) to analyze population dynamics during conjugation. 
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Figure 17: Detailed microfluidic platform and image calibration. A. Microfluidic 

schematic. Each chip contains 6 channels with 24 trapping chambers. Cells and media 

were loaded through the main channel. The main channel is 100 μm in width and 

30μm in height. Trapping chambers are 100 μm in diameter, and ~1.3 μm in height. 

Each trapping chamber has a neck of the same height as the main channel to facilitate 

cell loading. 10 chamber positions were selected for monitoring. B. Density 

calibration for image analysis. R-, G+ and Y strains were calibrated by plating after an 

initial 2-hour sub-culture, typical for each microfluidic experiment. Analysis shows 

no significant difference in R-, G+, or Y densities (measured as CFU). C. Image analysis 

calibration. R-, G+ and Y were mixed in pre-defined ratios, shown at the top of each 

bar plot. Volume was used as a proxy for cell density since CFU counts showed no 

significant difference between the three populations (Figure 17B). Measured 

fluorescence values detected by colocalization and thresholding algorithms are shown 

as bar plots, and error bars are standard deviations of an average of 10 replicates.  

Each plot shows different mixed ratios to ensure computational accuracy. D. Technical 

reproducibility in the microfluidic chip. X-axis is time in hours, and y-axis ( ) is 

total Y pixels normalized by carrying capacity of pixels in the chamber (=6×105 

pixels/chamber). Error bars are shown for once every hour, up to the 12th hour. Each 

color represents an experiment done on a different day. y is statistically the same for 

all three days at the 12th hour. Top panel shows Kan and Cm = 0 μg/mL, and the 

bottom panel shows Kan = 2 μg/mL and Cm = 0 μg/mL. 
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Bacteria form a monolayer in each growth chamber, which allows quantification of 

transconjugants by colocalizing pixels containing both GFP and mCherry260 (designed 

by Dr. Shuqiang Huang, see Materials and Methods section 2.4.6, The microfluidic 

device, Figure 17). Furthermore, the platform enables precise control of antibiotic 

delivery by modulating the flow rate of media. By varying the combinations of Kan 

and Cm to obtain the desired selection environments (Figure 16D, top row), my 

experimental results validated overall model predictions in terms of total density (n) 

of each population (r, g, and y) normalized by the carrying capacity in the chamber 

(Figure 16D, middle row), and the fraction of transconjugants (fy) (Figure 16D, bottom 

row). In each scenario, the predicted trends for the fraction of transconjugants were 

maintained when the antibiotic or the direction of transfer was switched (Figure 18A-

B). These results confirmed that promotion of transconjugants by antibiotic-mediated 

selection occurred only in two conditions and over a particular antibiotic range 

(Figure 16D iii and iv, bottom row). For summary of microfluidic experiments, 

including strains and concentrations, see Table 5). 

In nature, conjugation typically occurs in the presence of additional buffer 

populations that may also participate in the gene transfer process. To this end, I tested 

the effect of a buffer population (denoted B in experiment and b in model), which can 

receive the mobile plasmid from donor cells and then pass it to recipient cells, 

generating transconjugants in the process. According to the simplified model (Figure 

18C, Eq. (21)-(24)), I predicted that the buffer population should maintain a 

monotonically decreasing transconjugant population. The full model predicts the same 

outcome, as long as the above conditions are met (e.g. the transconjugants never gain the 

selective advantage, and the contribute through conjugation monotonically decreases, 

Figure 18C). Using E. coli MG1655 carrying FHR as the buffer population, the 

experimental results again validated model predictions (Figure 18D). 
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Figure 18: Generality of antibiotic selection on conjugation dynamics. A. Using the 

full model (Eq. (11)-(13)), Cm is varied instead of Kan. In this scenario, r is resistant to 

the antibiotic while g is sensitive. This scenario is the reverse of that described in 

Figure 16 B, D ii. The full model predicts that transconjugant dynamics are 

maintained as long as the growth rate trends are maintained. Top row: growth rates of 

each population. Middle row: density (n) of each population. Bottom row: the fraction 

of y, fy, normalized to the fraction in the absence of antibiotic. B. Switching the 

transfer direction does not influence overall results. Left: Microfluidic data confirmed 

modeling predictions. Increasing Cm concentration did not influence fy dynamics as 

long as the growth trends were maintained (top row). Middle row: the density of each 

population normalized by the chamber carrying capacity (Nm = 6×105 pixels/chamber). 

Bottom row: fy normalized to the fraction in the absence of antibiotic, fy0. Right: fy  

dynamics are independent of the direction of transfer. I switched oriT sequence such 

that R transfers a copy of its plasmid to G, and used Cm to test how the dynamics 

change (R+ and G- in Table 1). Top row: same as that on the left, as the growth rates 

have not changed. Middle row: the density of each population normalized to Nm. 

Bottom row: fy normalized to the fraction in the absence of antibiotic, fy0. C. The full 

model predicts that the presence of a buffer population (b) has negligible influence on fy 

dynamics. Simulation conditions are the same as described in Figure 16B. Top row: 

the growth rates of each population, where the buffer population is in purple. Middle 

row: the density of all four populations. Bottom row: normalized fy, taking into 

account only the parents (i.e.

	

f
y

= y

r + g+ y
). Left column is the full model (Eq. (17)-

(20)), and right column is the simplified model (Eq. (21)-(24)). D. Experimental data 
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supports modeling predictions. The buffer population (b) has negligible influence on 

the conjugation dynamics. The growth rates of all four populations are shown in the 

top row. b carried no fluorescence, and so the total density could not be computed. As 

fy does not take into account the buffer population, this has no influence on 

quantification in the bottom row.  

As evident in Eq. (6) and Figure 16B middle row, both r and g contribute 

critically to y dynamics. Consistent with this notion, it has been shown that pathogen-

driven inflammation in mice generates blooms of both parents, resulting in high 

conjugation frequency49. Indeed, the modeling and experiments showed an approximate 

power law correlation between the transconjugant population (y) and the product of the 

donor and recipient populations (rg) (Figure 19A-B), regardless of the selection 

environment or the time at which the data was collected (Figure 19C). This intuitive 

correlation suggests a strategy to estimate the likelihood of conjugation, provided the 

two parental populations can be estimated in situ. 
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Figure 19: Population structure influences the likelihood for conjugation frequency. 

A. Model prediction of power law. Stochastic simulation with randomized parameters 

μr and μg, and collecting r g and y. Parameters are randomly generated from a normal 

distribution with mean of 1 and standard deviation of 0.3, and collected for 7 time 

points spanning 4 A.U. Results show approximate power law correlation between rg 

and y (R2 = 0.93), such that  where b1=0.90 and b0=-1.25, and 

P<1×10-4  (linear regression). Different markers indicate different time points (o, x, +, 

square, <, diamond, and *). B. Experimental data confirm model predictions in (A.) (R2 

= 0.71). Here,  where b1=0.63 and b0=-1.41, and P<1×10-4  

(linear regression).  Data used from seven experiments, and collected from 7 different 

time points (6th to 12th hour, every hour); colors indicate independent experiments, and 

shading indicates varied antibiotic concentration within each experiment (lightest [A] 

= 0 to darkest). Different markers for different time points, from 6th to 12th, are used (o, 

x, +, square, <, diamond, and *). Here, rg and y are quantified by normalizing the 

pixels for each population with respect to the carrying capacity (Nm=6×105 

pixels/chamber). C. Power law results by time point. Top: Modeling results from (A) 

separated into individual plots for each time point. Stochastic simulation with 

randomized parameters μr and μg, and collecting r, g and y. Parameters are randomly 

generated from a normal distribution with mean of 1 and standard deviation of 0.3, 

and collected for 7 time points spanning between 12 and 16 A.U., from left to right. X-

axis is rg and y-axis is y. Different markers indicate different time points, from 6th to 

12th, are used (o, x, +, square, <, diamond, and *). The power law was fit to a linear 

regression where , where b1= 0.83, 0.93, 0.90, 0.92, 0.93, 0.91, 

and 0.92, and b0= -1.67, -1.38, -1.32, -1.20, -1.09, -1.05, and -0.091 from left to right 

respectively. P<1×10-4 (linear regression) for all time points. Bottom Experimental 

results from (B) separated into individual plots for each time point. Here, r, g, and y 

are measured by normalizing the respective pixel number for each (mCherry, GFP, 

and the colocolization of the two colors), normalized by the carrying capacity of pixels 

in the chamber (=6x105 pixels/chamber). Data used from seven experiments. From left 

to right, each plot shows result from the 6th to the 12th hour; colors indicate 

independent experiments, and shading indicates varied antibiotic concentration 

within each experiment (lightest [A] = 0 to darkest, see Table 5A for color 

designation). Different markers indicate different time points, from 6th to 12th, are 

used (o, x, +, square, <, diamond, and *). The power law was fit to a linear regression 

where , where b1= 0.64, 0.67, 0.67, 0.68, 0.69, 0.65, and 0.60, 

and b0= -1.03, -0.88, -0.89, -0.90, -0.91, -1.11, and -1.34 from left to right respectively. 

P<1×10-4 (linear regression) for all time points.  

 



 

66 

2.3 Discussion 

It is well established that conjugation plays a major role in the worldwide spread 

of antibiotic resistance. However, the converse statement – that the use of antibiotics 

promotes conjugation – is not necessarily true. In general, conjugation must overcome 

mechanistic, physiological, and selective barriers to be successful32,84. Indeed, my results 

indicate that the contribution of antibiotic to the promotion of conjugation may be over-

estimated for two reasons. First, antibiotics do not significantly increase the efficiency of 

conjugation in systems where the conjugation machinery is constitutively expressed.  

Second, even considering selection dynamics, only a small subset of parameters 

promotes an increase in the fraction of the transconjugants. This counterintuitive 

outcome results from the opposing role of an antibiotic on conjugation. If an antibiotic 

does not affect either parent, there is no selection advantage for the transconjugant. If the 

antibiotic inhibits either or both parents, it does offer a selection advantage for the 

transconjugant. However, the antibiotic might still reduce the frequency of conjugation 

by reducing the population sizes of either or both parental populations, potentially 

negating the effect of positive selection for the transconjugant.  

While antibiotic presence does not significantly increase the efficiency of 

conjugation per se, my results show that other factors, particularly the physiological 

state of cells before conjugation and energy availability during conjugation, have a 

drastic impact on the conjugation efficiency (Figure 14B). When considering selection 
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dynamics, population structure plays a dominant role in predicting transconjugant 

emergence (Figure 19). These findings underscore the importance of quantifying the 

growth dynamics of microbial populations (with or without antibiotic treatment), both 

to gauge the physiological states of cells and to estimate the effects of antibiotic-

mediated selection. This information can also contribute to assessing the risk associated 

with the dissemination of resistance. For example, a recent study demonstrates the 

feasibility of quantifying both abundances and growth rates of different microbial 

populations using sequencing261. These measurements, when coupled with in vitro 

estimates of conjugation efficiency, can enable quantitative estimates of the extent of 

HGT in diverse natural environments.  

 

2.4 Materials and methods 

2.4.1 Strains, growth conditions, and plasmid construction 

Escherichia coli strain MG1655 carrying the FHR plasmid (F plasmid with mutated 

oriT sequence, oriTm) was used as the background strain for all engineered experiments 

in this study227. Donor cells (G+) contain mobilization plasmid pUA66T, which carries gfp 

gene under the control of PLacZ promoter, oriT for transfer, and Kanamycin (Kan) 

resistance (KanR), adapted from previous work249. Recipients (R-) carry pTetmCherry, an 

immobile plasmid containing Tetracycline (Tet) inducible mCherry gene, and 

Chloramphenicol (Cm) resistance (CmR) (Figure 12). Transconjugants (Y) are resistant to 
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both Kan and Cm. For a complete list of strains and plasmids used in this study, see 

Table 1. For all experiments, single clones were grown separately for 16 hours in 3 mL 

Luria-Bertani (LB) broth (Genessee Scientific, Catalog #11-120) containing appropriate 

antibiotics (either 50 μg/mL Kan or 100 μg/mL Cm), including 20 μg/mL Tet, with 

shaking at 250 revolutions per minute at 37°C. The 75 ESBL clinical isolates were 

isolated and characterized by the Durham VA Medical Center; Dr. Chris Wood at Duke 

University further screened them for CTX-M ESBL resistance. The library consists of 

Klebsiella pneumoniae, K. oxytoca, Citrobacter freundii, Enterobacter clocae, and E. coli strains 

that have been identified as ESBL producers. 

To create pUA66T, PCR was used to amplify oriT from F plasmid isolated from 

Top10F’, and cloned into pTetmCherry251 using AatII and XhoI sites (New England 

Biolabs (NEB), Ipswich, MA), generating  pTetmCherryT. The product was sequenced for 

verification. It was then excised from pTetmCherryT and introduced into pUA6631 using 

AatII and XhoI to make pUA66T, and transformed into MG1655 with FHR for the final 

strain G+. MG1655 with FHR and pUA66 without the transfer sequence was used for the 

reverse direction experiments, denoted G- (Figure 18B). To create strain R-, pTetmCherry 

with the ColE1 replication origin was used as backbone. The p15A replication origin 

from pLacGFPmut3b250,262 was exchanged for the ColE1 origin of replication in 

pTetmCherry, and transformed into MG1655 FHR to make the final R- strain using 

restriction enzyme cloning at the sites BamHI and SpeI. oriT was cloned into 
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pTetmCherry with p15A replication origin using AatII and XhoI sites (NEB) and 

transformed into MG1655 FHR to create R+. This was used for inter-species conjugation 

and reverse direction transfer experiments (Figure 15F and Figure 18B). Cloning was 

confirmed using gel electrophoresis. To create Rk, CmR from pTetmCherry was exchanged 

for KanR from pUA66T using the restriction sites AatII and SacI. All enzymes and buffers 

used were NEB products and standard cloning procedures followed. All ligation 

reactions were performed using T4 DNA Ligase (NEB). All variants of G and R were 

transformed into MG1655 carrying FHR, except for R-F, which was transformed into 

MG1655. See Table 1 for a complete list of strains, plasmids, and descriptions. 

 

2.4.2 Conjugation in the absence of antibiotic-mediated selection 

16 hour overnight cultures (3 mL LB media with appropriate selecting agents, 

density ~1x109 CFU/mL) were resuspended in M9 medium (M9CA medium broth 

powder from Amresco, lot # 2055C146, containing 2 mg/mL casamino acid, 

supplemented with 0.1 mg/mL thiamine, 2mM MgSO4, 0.1mM CaCl2, and either 0%w/v 

glucose for experiments testing glucose concentration or 0.4% for all others). R- and G+ 

were mixed in a 1:1 ratio to a final volume of 800 μL. Depending on the conditions being 

tested, the appropriate antibiotic and concentration was added to this mixture (Table 3). 

Mixtures were incubated at room temperature (25°C) for 1 hour without shaking. For 

the parents (R- and G+), serial dilutions of 107 were performed, and four to six replicate 
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measurements were spread onto plates containing 50 µg/mL Kan (for quantifying G+) 

and 100 µg/mL Cm (for quantifying R-) individually. To quantify transconjugants, cells 

were typically plated at a dilution of 50-fold onto plates containing both antibiotics (50 

and 100 µg/mL of Kan and Cm, respectively). This dilution gave us countable cells for 

conjugation efficiencies within the range of 10-14-10-15. For conjugation efficiencies that 

were either higher, or lower, the dilution factor was adjusted accordingly. For example, 

conjugation efficiencies as low as 10-16 were plated with 10-fold dilutions, while 

efficiencies approximately 10-12 were quantified with higher fold (e.g. 203). To provide 

intuition into the conjugation efficiency estimate, sample numbers are shown below, 

followed by the calculation for conjugation efficiency: 

 

Population Antibiotic on agar in 

μg/mL 

Dilution fold for 

spreading 

# of colonies 

Y Kan (50) and Cm (100) 50× 50 

R- Cm (100) 107× 70 

G+ Kan (50) 107× 70 

 

 

Plates were incubated overnight at 37°C and CFU were counted the following 

day. All CFU error bars represent four-six technical replicates due to the clone-to-clone 

variation (Figure 15A), and all experiments were repeated in triplicate to ensure 
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reproducibility. To measure the extent of growth and death during the mating period, I 

quantified CFU before and after the one hour incubation time both in the absence of 

antibiotic, and exposed to the highest concentration of each antibiotic used (Figure 13A-

B). The negligible change in CFU before and after the incubation period in the absence or 

presence of antibiotic demonstrates that both growth and death is negligible over this 

time period. Exponential phase parent populations were obtained by diluting overnight 

cultures 10-fold and grown shaking (37°C, 250rpm) for 2 hours prior to harvesting 

(Figure 14B). Statistical testing using one-sided left-tailed t-test to detect an increase is 

shown in Table 3 for all conjugation experiments. 

 

2.4.3 Determining the IC50 value 

IC50 values were determined using plate-reader measurements of bacterial 

growth in the presence of varying antibiotic concentrations (Perkin-Elmer Victor 3/X3). 

For experiments using the FHR conjugation system, G+ was used to quantify all dose 

responses, except for Kan, where R- was used instead. Seven logarithmically spaced 

antibiotic concentrations were used, and 0 µg/mL antibiotic was included as control. The 

highest concentration of each antibiotic was selected to capture the appropriate range of 

both growth and death.   Specifically, concentrations of 0, 0.95, 0.399, 1.66, 6.9, 28.8, 120, 

and 500 µg/mL were used for antibiotics Kan, Cm, Carb, Str, Spc, Ctx, and PC-G. 

Concentrations of 0, 0.019, 0.08, 0.33, 1.38, 5.77, 24.01 and 100 µg/mL were used for Nor 
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and Eryc. Lastly, concentrations 0, 0.047, 0.20, 0.83, 3.46, 14.4, 60.03, and 250 µg/mL were 

used for Gen. A full description of all antibiotics and corresponding vendors used in this 

study can be found in Table 2. Three technical replicates per concentration were used to 

quantify the growth rate. Growth rates were quantified by log transforming the growth 

curves, applying K-means clustering to non-arbitrarily locate the region of longest 

exponential growth, curve smoothing using MATLAB, and fitting the linear portion. 

Dose response curves were fit to a Hill function (Eq. (7)) to determine the growth rate µ, 

where A is the antibiotic concentration, µmax is the maximum rate, and n is the Hill 

coefficient. 

		

µ =
µ
max

IC
50

n

IC
50

n + An
   (7) 

For subsequent CFU experiments using G+ and R-, five antibiotic concentrations 

including 0 as control were selected to span a range from 2-fold below to 2-fold above 

the IC50 value (Figure 14A, Figure 14A, and Table 3A). Conjugation efficiency that is not 

normalized to the group in the absence of antibiotic is shown in Figure 15A.  

I tested various additional plasmids and strains to demonstrate the generality of 

these findings. For these experiments, only three concentrations of antibiotics were 

chosen, namely 0, the IC50 value, and 2×IC50 value. Since conjugation of the additional 

plasmids occurred between different strains, the IC50 of the recipient strain was used to 

choose the corresponding concentrations, unless the recipient was resistant to the tested 
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antibiotic or the IC50 was too high such that it caused a decrease in viability. In either of 

these cases the donor IC50 was used instead. The same five antibiotics were tested for 

each additional conjugation pair (Cm, Carb, Eryc, Str, and Nor). For all ESBL 

conjugation experiments, IC50 values of the recipient, R-F, were used for antibiotic 

scaling. All relevant IC50 values, and donor/recipient pairs, can be found in Table 1 and 

Figure 13C.  

 

2.4.4 Screening ESBL library for donor and recipient activity 

To screen the ESBL-producing library for conjugation activity, I screened each of 

the 75 ESBL isolates for Carb and Cm resistance by inoculating single clones in 2 mL LB. 

These cultures were grown overnight for 16 hours with shaking (250rpm) at 37°C. Note 

that the medium contained each antibiotic individually (100 µg/mL). Every pathogen 

was resistant to Carb, and of the 75 tested, 28 isolates carried resistance to Cm.  

To screen for donor activity, the remaining 47 Cm-sensitive isolates were mated 

individually with R-F (R- without FHR, Table 1) at 10X dilution of overnight culture for 5 

hours shaking (250rpm, 37°C) in 96-well plates. Following mating, 5 µL of the mixture 

was spread onto agar containing Cm and Carb at the same concentrations (100 µg/mL of 

each), and grown overnight at 37°C. Since R-F is incapable of acting as donor, any plate 

exhibiting colonies after 16 hours indicated a successful conjugation event between a 
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donor ESBL isolate and R-F recipient. Four of these identified donors were used for 

further experiments (Figure 14C vi-ix and Figure 15E). 

Having verified a subset of the Cm-sensitive ESBL-producing isolates that were 

incapable of acting as donors, I classified these as potential recipients. I mated each of 

the potential recipients (AmpR) with R+ (CmR) by inoculating 10X dilution of overnight 

culture of each parent into 96 well plates, and let the plate shake for 5 hours (250rpm, 

37°C). Following this, I spread 5 µL onto agar containing Cm and Carb at the same 

concentrations (100 µg/mL of each), and grown overnight at 37°C. The corresponding 

ESBL from any pair that resulted in cells the following day was marked as a recipient. I 

used two isolates, namely of the species Klebsiella pneumoniae, as recipients for inter-

species conjugation experiments (Figure 15F). 

 

2.4.5 rt-qPCR 

A single clone of G+ was grown overnight for 16 hours at 37°C. Exponential 

phase parent was obtained by diluting overnight G+ 10X and grown shaking (250rpm) 

for 2 hours at 37°C prior to harvesting. RNA was extracted using the QIAGEN RNAeasy 

Protect Bacteria mini kit (QIAGEN, Catalog #74524). On-column DNase digestion using 

the RNase-Free DNase set (QIAGEN, Catalog #79254) was performed to remove any 

DNA present. RNA was then reverse transcribed into cDNA using the Applied 

Biosystems high-capacity cDNA Reverse Transcription kit (ThermoFisher Scientific, 
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Catalog #4368814). qRT-PCR was performed using Power SYBR® Green Master Mix 

(ThermoFisher Scientific, Catalog #4367659), and ffh gene from E. coli chromosome was 

used as control gene. Data was collected from replicates of three, and quantified using 

the standard curve method. Genes targeted were traI (forward (FW) 5’-

CCGGAAGTGCCGGTAACTAT-3’ and reverse (RV) 5’ -

AGCCGGGACGATGCTTATTA-3’) and traD (FW 5’-GCCAGATCGCCAATATCATG-3’ 

and RV 5’- GCGTTCATGCGGAAGGTTTT-3’). Primers for ffh were FW 5’-

TGTGACGAATAGAGAGCGCC-3’ and RV 5’-GGCCAATACGGCAAAAGCAT-3’ (all 

primers obtained from IDT Dna). Results were normalized with respect to ffh first, and 

then compared for fold change between exponential (Exp) and stationary (Sta) phase 

cultures (Figure 15B). Error bars represent three technical replicates, and rt-qPCR was 

performed twice on separate biological samples to ensure reproducibility.  

 

2.4.6 The microfluidic device  

This device was designed by a previous member of the You lab Dr. Shuqiang 

Huang. The use of a microfluidic device is uniquely suited for antibiotic selection 

experiments, as the transconjugants are distinguishable from G+ and R- by expressing 

both GFP and mCherry. Trapping chambers from this device capture bacterial 

populations in a monolayer, which allows for highly accurate transconjugant 

quantification (Figure 15A).  
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The microfluidic device was fabricated with polydimethylsiloxane (PDMS, Dow 

Corning SYLGARD 184, lot #0007724118) based on soft lithography technology263. Each 

device consists of six identical replicate units for different experimental conditions; each 

unit consists of a main channel and 24 culturing chambers (Figure 16C and Figure 17A). 

The height of each chamber is ~1.3 µm, which ensures only a monolayer of bacteria will 

be captured and monitored, while the height of the main channel is ~30 µm. Two 

different types of SU8 photoresists were used to fabricate a reusable mold for the device. 

SU8 2002 (MicroChem Corporation, lot #07020133) was spun at 5000 rpm for 30 seconds 

to obtain the thin layer (1.3 µm) on a 3-inch silicone wafer. After being baked at 180˚C 

for 2 hours, the second layer of SU8 3025 (MicroChem Corporation, lot #11050370) was 

spun on top of the first layer at 2500 rpm for 30 seconds to get the thick layer (30 µm). 

Following the protocol from the photoresist data sheet, the mold was baked at 180˚C for 

2 hours. This mold was subsequently used to fabricate individual devices. Specifically, 

20 g 10:1 (weight ratio) of mixed PDMS (polymer and crosslinking agent) was poured on 

top of the mold, degased, and then baked at 80˚C for 30 minutes to ensure complete 

crosslinking. A biopsy punch with 0.75 mm diameter (World Precision Instruments, Inc.) 

was employed to drill both the inputs and outputs. After being cleaned with scotch tape 

(3M Corporation) to remove the PDMS residue, the PDMS slabs were bonded to 75 mm 

by 25 mm #1 cover slips with oxygen plasma treatment (30 Watts for 30 seconds).  To 

maintain nutrient and antibiotic concentrations during the experiments, I used 
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programmable syringe pumps (New Era model NE-1600) to control the media flow rate 

at 120 µL/hour with medium supplemented with varying antibiotic concentrations.  

 

2.4.7 Image calibration 

R- and G+ cells were grown overnight for 16 hours shaking (250rpm) at 37°C. 

Sub-cultures of R- and G+ were performed for two hours prior to the start of each 

microfluidic experiment by inoculating a 10X dilution of the overnight culture in 3 mL 

LB with appropriate antibiotic selection (100 μg/mL Cm for R-, 50 μg/mL Kan with 1mM 

IPTG for G+ (for GFP induction), and 20 μg/mL Tet for both), and grown shaking at 37°C. 

After 2 hours of sub-culture, each population was concentrated 60-fold for high-density 

loading. After the sub-culture, CFU counts of each population were also measured to 

determine relative cell density (Figure 17B). With this protocol, I found that CFU values 

for R-, G+, and Y to be within standard deviations of one another. Therefore, I used 

culture volume to determine pre-defined ratios of the three populations in mixtures. Pre-

defined mixtures of R-, G+, and Y were loaded into individual channels, and 10 chambers 

were imaged per channel as technical replicates, where each image contains 1024×1024 

pixels. I adapted the image analysis algorithm from Villalta et al260, which uses 

colocalization of red and green pixels to determine the presence of transconjugants.  

Each bar shows the average and the standard deviation of measurements from 10 

chamber replicates (Figure 17C), error bar indicates standard deviation). The detection 
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limit was quantified from the calibration data of a mixture of pure R- and G+ (Figure 

17C). In the absence of yellow, the colocalization algorithm will identify <3% of the 

pixels as containing both mCherry and GFP. The detection limit for transconjugants was 

thus set as anything greater than 500 pixels. All calibration and time-lapse images were 

obtained using a DeltaVision Elite imaging system; experiments used 60X magnification 

with 80ms exposure time and 5% transmission. The device was incubated at 37°C for the 

entirety of the experiment, and images were obtained using a Coolsnap HQ2 high-

resolution CCD camera.  

2.4.8 Requirement of oriT for transfer 

To demonstrate that conjugation relies on the presence of oriT, I first grew R- and 

G+ in the chip for four hours before introducing both Kan and Cm to select for the 

resulting transconjugants (Figure 16C, +oriT). R- and G- (which carries pUA66, without 

oriT) showed no generation of transconjugants under the same conditions, thereby 

demonstrating the specificity of oriT for this process (Figure 16C, -oriT). Specifically, R+ 

with G+, and R- with G- were mixed and loaded into the chamber. Selecting 

concentrations of Kan (50 µg/mL) and Cm (10 µg/mL) was used for selection.  Cells 

lacking oriT did not undergo conjugation, as evidenced by the lack of yellow pixels. This 

observation was also verified using CFU counts.  
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2.4.9 Antibiotic selection in the microfluidic chip and data processing 

Since the microfluidic experiments used several combinations of R and G 

variants depending on the experiment (e.g. Rk and G+ for Figure 16D i), I denote the 

parents as R and G without the transfer sign, to simplify the explanation.  

R and G were grown overnight for 16 hours shaking (250rpm) at 37°C in LB 

medium supplemented with the appropriate antibiotics. Sub-cultures of R and G were 

performed for two hours prior to the start of microfluidic experiment by inoculating a 

10× dilution of the overnight culture in 3 mL LB and grown shaking at 37°C; G was 

supplemented with Kan (50 μg/mL), IPTG (1mM), and Tet (20 μg/mL), and R was 

supplemented with Cm (100 μg/mL) and Tet (20 μg/mL). After the sub-culture, cells 

were immediately resuspended in M9 containing Tet (20 μg/mL) and IPTG (1 mM), 

condensed 40-fold, and mixed in equal ratio. Prior to loading, the chip was vacuumed 

for 20 minutes to facilitate chamber entry. Between 8 to 10 chamber positions were 

marked for each experiment from every channel, which corresponds to one antibiotic 

condition. I quantified the percent of transconjugants after 12 hours of growth in the 

microfluidic chambers as the average of all 10 chambers, with the appropriate antibiotic 

concentration administered at the start of each experiment, and maintained with 

continuous flow of media throughout the duration of the experiment; syringe pumps are 

used for continuous flow at a rate of 120 µL/hr. Those chambers outside of two standard 
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deviations, which lost focus, or had an air bubble, were removed prior to processing. All 

error bars represent standard deviation. 

Each video was imported into MATLAB and the time series was analyzed. The 

data from the 12th hour was collected and analyzed separately. The location of the 

chamber within the 1024×1024 image was detected using a Hough transform from the 

frame at the 12th hour. The total chamber size was estimated using this as 6×105 

pixels/chamber. This value is used as Nm for density normalization.  

Every experiment consisted of six independent antibiotic concentrations, each 

administered in one channel of the device. Either 8 or 10 replicates per concentration 

were collected. No more than 3 chambers were ever removed per experiment, and 

typically only one was removed from standard deviation outliers due to blurry focus. 

For processing, every channel was identified as ‘Date_KanXXCmYY’, where XX 

and YY correspond to the appropriate concentration. Each concentration pair was 

performed at least twice to ensure technical reproducibility (Figure 17D). Whenever 

possible, I used datasets collected on the same experimental day, i.e. on the same chip. 

However, because of technical reproducibility, concentrations can be combined from 

different experiments if one channel was not deemed useable, for example, had an air 

bubble. This was done for Figure 16D ii, iv, and Figure 18B right column. 
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2.4.10 Model development 

2.4.10.1 Full kinetic model 

The full kinetic model consisting of three ordinary differential equations (ODE) 

accounts for antibiotic-modulated growth dynamics of each population, as well as the 

conjugation between the donor (G) and recipient cells (R) to generate transconjugants 

(Y). The model has five parameters: the carrying capacity (Nm), the growth rates of each 

population (µR,µG, and µY), and the conjugation efficiency (ηC). I estimated each 

parameter experimentally. In particular, I based growth rates on R-, G+, and Y plate 

reader dose response quantification from high-temporal resolution growth curves 

(Figure 20A).  

For populations that were sensitive to the tested antibiotic (e.g. R- with Kan and 

G+ with Cm), growth rates were estimated by fitting to a Hill equation (Eq. (7), Table 

4A). For those that were resistant to the antibiotic (e.g. R- with Cm, Rk with Kan, G+ with 

Kan, G+ with Kan + 4 μg/mL Cm, Y with Cm, and Y with Kan), growth rates were fit to a 

linear line, μ=μmax-mA, where m is a constant and µmax is the growth rate in the absence of 

the antibiotic.  Since the term mA is always much smaller than µmax (Table 4A), I 

assumed a constant growth rate approximately equal to µmax for modeling analysis 

(Table 4B). Lastly, I estimated ηC as the maximum upper limit obtained experimentally 

(1×10-11). The qualitative trends from model predictions remain the same when ηC is 

varied, unless it is too large (Figure 20B).  
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Figure 20: Population growth quantification. A. Estimating growth rates for model 

parameters. Growth rates were analyzed similarly to quantifying the IC50 for all 

antibiotics (Figure 13B). Antibiotic concentrations were logarithmically varied over 

three orders of magnitude and the effects of seven concentrations were tested, 

including zero as control for the 8th data point. The same concentrations as in Figure 

13B were used. The exponential phase of each growth curve captured over the time 

span of 12 hours was log-transformed and fit to a linear line. The slope of the fitted 

line gives the growth rate. Error bars represent standard deviations from three 

replicates. Top row: G+ cells were used to determine growth rates for treatment with 

Kan and Cm. Middle row: R- cells were used to determine growth rates for treatment 

with Kan and Cm. Bottom row: Pre-conjugated Y cells were used to determine growth 

rates for treatment with Kan and Cm. B. Choosing ηC parameter as an average of all 

CFU experiments. Maximum estimated ηC value is used, 1×10-11. Example using 

growth dynamics from Figure 16B iii is shown. ηC is varied 6 orders of magnitude to 

determine its influence on the fraction of transconjugant dynamics. Top panel: Green 

line represents results from the base value. Any efficiency below this results in 

qualitatively similar trends, while increasing higher (light blue) can lose the biphasic 

dependence.  Middle panel: All curves collapse onto the same line when normalized 

to the fraction in the absence of antibiotics (fy0), unless the conjugation efficiency is 
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higher than the base value. Bottom: The same values of ηC are used, and the influence 

on the power law correlation is examined. C. Modeling results using the full, non-

simplified kinetic model (Eq. (11)-(13)). Left panel is the fraction of transconjugants 

(fy) and right panel shows the density of each of the three populations r, g, and y. 

Black dotted line indicates rg. Qualitative trends consistent with simplified version 

(Figure 16B, simplifications can be relaxed.  

In my experiments, µG and µR depend on the antibiotic doses; instead, µY is 

largely independent of the antibiotic dose (Table 4 and Table 4A), or µY = µYmax = constant, 

since transconjugants carry resistance from both donor and recipient. 
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I further non-dimensionalized the equations to facilitate modeling analysis, which gives 

the full, dimensionless model: 
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where g=G/Nm, r = R/Nm, y = Y/Nm, a = A/KR, τ = tµYmax, µg = µG/µYmax, µr=µR/µYmax, dµy = 

µY/µYmax = 1, and η’C = ηCNm/µYmax (See  Table 4C for a full list of dimensionless parameters 

and values). Assuming y<<g at an early enough time, the simplified model can be 

written as: 
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This assumption can be relaxed; the full model predicts similar outcomes (Figure 20C). 

2.4.10.2 Buffer population 

The model can be extended to account for a buffer population (b). Upon accepting a 

mobile plasmid from g or y, it turns into a donor, g, and further transfer the plasmid.  
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where μb = μB/μBmax. Similar to the full model, assuming y << g, b: 
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This simplification can be relaxed and does not influence predictions (Figure 18C left). 

2.4.10.3 Parameter values 

All growth rates are based on plate-reader measurements (Figure 20A) and are 

normalized with respect to µy. For experimental analysis done in the microfluidic device, 

I used these growth estimates as a guide to choose parameters that captured the four 

qualitative trends (Figure 16B top row, Table 4C). The simulations run for 16 arbitrary 

time units (A.U.) (τ). To capture the power law correlation (Figure 19A) at different time 

points, simulations were run from 12 to 16 A.U, with the initial values of r and g set at 

1×10-3 (see Table 4). For simulations including a buffer population, the initial density of 

each population was equal to 1×10-3/3. 
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2.4.10.4 Modulating population structure 

To investigate the extent to which antibiotic-mediated population structure 

changes influence the overall promotion of fy I implemented a stochastic simulation 

where µr and µg were drawn from a normal distribution with mean 1 and standard 

deviation 0.3 for 100 iterations, and quantified the percentage of each population for 

each combination of growth rates. In general, random growth rates represent the 

unknown influence of antibiotic use. Randomizing the growth rates also expands the 

possible selection space to include all potential dose responses of the two parents. The 

power law correlation was examined for a range of ηC values. In general, the power law 

holds over 6 orders of magnitude of ηC, but becomes more variable as ηC increases. 
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2.4.11 Supporting tables 

Table 1: Strains and plasmids used in this study 

Name Strain and Genotype 
Description of strain and 

experimental use 
Resistance 

R- 

E. coli MG1655 (K-12 F– λ– ilvG– 

rfb-50 rph-1 / pTetmCherry p15A 

CmR FHR  oriTm TetR) 

Strain containing Tet-inducible 

copy of mCherry and the FHR 

helper plasmid. This strain was 

used as a recipient (Figure 14A, 

Figure 16D ii-iv, and Figure 

18D). 

CmR, TetR 

Rk 

E. coli MG1655 (K-12 F– λ– ilvG– 

rfb-50 rph-1 / pTetmCherry p15A 

KanR FHR  oriTm  TetR) 

Strain containing Tet-inducible 

copy of mCherry with KanR 

instead of CmR and the FHR 

helper plasmid This strain was 

used as a recipient (Figure 16D 

i). 

KanR, TetR 

R+ 

E. coli MG1655 (K-12 F– λ– ilvG– 

rfb-50 rph-1 / pTetmCherry oriT 

p15A CmR FHR  oriTm TetR) 

Strain containing a transferable 

Tet-inducible copy of mCherry 

and the FHR helper plasmid. This 

strain was used as a donor strain 

(Figure 15A and those 

designated in Figure 18D). 

CmR, TetR 

R-F 

E. coli MG1655 (K-12 F– λ– ilvG– 

rfb-50 rph-1 / pTetmCherry p15A 

CmR) 

Strain containing Tet-inducible 

copy of mCherry and no helper 

plasmid. This was used as 

recipient for generality 

experiments (Figure 14B and C) 

CmR 

G+ 

E. coli MG1655 (K-12 F– λ– ilvG– 

rfb-50 rph-1 / pUA66T oriT 

SC101 kanR    FHR  oriTm TetR) 

Strain containing a transferrable 

IPTG-inducible copy of GFP 

with oriT and the FHR helper 

plasmid. This strain was used as 

a donor (Figure 14A-B, Figure 

16D, and Figure 18D 

KanR, 

TetR 

G- 

E. coli MG1655 (K-12 F– λ– ilvG– 

rfb-50 rph-1 / pUA66 SC101 

KanR    FHR  oriTm TetR) 

Strain containing IPTG-inducible 

copy of GFP without oriT and 

the FHR helper plasmid. This 

strain was used as a recipient 

KanR, TetR 
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(Figure 18B). It was also used as 

control for oriT specificity. 

B 
E. coli MG1655 (K-12 F– λ– ilvG– 

rfb-50 rph-1 / FHR oriTm TetR) 

Strain containing only the FHR 

helper plasmid. This strain was 

used as the buffer (Figure 18D). 

TetR 

F 

donor 

E. coli TOP10F’ (F´lacIq, 

Tn10(TetR)mcrA Δ(mrr-hsdRMS-

mcrBC) Φ80lacZΔM15 ΔlacX74 

recA1 araD139 Δ(ara leu) 7697 

galU galK rpsL (StrR) endA1 

nupG) 

Strain containing native, self-

transferrable F plasmid (Figure 

14C i). 

StrR, TetR 

RP4 

donor 

E. coli MC4100z1 (F– 

araD139 Δ(argF-lac)U169 

rpsL150 (StrR)relA1 flbB5301 

deoC1 ptsF25 rbsR / RP4 IncPα 

Tra+AmpR KanR TetR) 

Strain containing the native RP4 

self-transmissible plasmid. This 

strain was used as a donor 

(Figure 14C ii). 

KanR, 

AmpR, StrR 

R388 

donor 

E. coli MC4100z1 (F– 

araD139 Δ(argF-lac)U169 

rpsL150 (StrR)relA1 flbB5301 

deoC1 ptsF25 rbsR / R388 IncW 

Tra+StrR SpcR SulR TmR) 

Strain containing the native R388 

self-transmissible plasmid. This 

strain was used as a donor 

(Figure 14C iii). 

StrR, SpcR 

SulR, TmR 

R388 

recipie

nt 

E. coli DH5αPro:GFP KanR (F– 

endA1 glnV44 thi-1 recA1 relA1 

gyrA96 deoR nupG purB20 

φ80dlacZΔM15 Δ(lacZYA-

argF)U169, hsdR17(rK–mK+), λ–) 

Strain with a gene conferring 

Kan resistance and GFP 

integrated into the chromosome. 

This strain was used as a 

recipient (Figure 14C iii). 

KanR, StrR 

R6K 

donor 

E. coli DH5αPro:GFP KanR (F– 

endA1 glnV44 thi-1 recA1 relA1 

gyrA96 deoR nupG purB20 

φ80dlacZΔM15 Δ(lacZYA-

argF::gfp (KanR))U169, 

hsdR17(rK–mK+), λ–/ R6K IncX 

KanR EryR AmpR) 

Strain containing the native R6K 

self-transmissible plasmid, with 

a gene conferring Kan resistance 

and GFP integrated into the 

chromosome. This strain was 

used as a donor (Figure 14C iv). 

ErycR, 

KanR, 

AmpR 

R6K 

recipie

nt 

E. coli DA28102 (K-12 F– λ– ilvG– 

rfb-50 rph-1 galK::cat-J23101-

mTagBFP2)8 

Strain created by Gullberg et al,8 

containing no plasmid, with a 

gene conferring Cm resistance 

integrated into the chromosome 

and BFP. This strain was used as 

CmR 



 

89 

a recipient (Figure 14C iv). 

ESBL2

42 

donor 

E. coli isolate carrying the IncI 

pESBL-283 plasmid isolated 

from chicken meat. 

Strain obtained from and 

characterized by Händel et al. 

originally isolated from chicken 

meat by B Wit of the 

Netherlands Food and 

Consumer Product Safety 

Authority9 (Figure 14C v). 

CTX-M1, 

AmpR 

ESBL 

donor 

Four E. coli Isolates: Numbers 

41, 146, 168 and 193 (pblaCTX 

CroR see Appendix A) 

Clinical E. coli isolate of 

unknown genotype containing a 

conjugative plasmid that confers 

resistance to ESBLs. Isolation 

occurred as described in 

Methods. Full plasmid sequence 

unknown (Figure 14C vi-ix). 

Extended 

spectrum 

β-lactams 

(including 

CtxR) 

ESBL 

recipie

nt 

Two ESBL Klebsiella pneumonia 

isolates: Numbers 109 and 135 

(pblaCTX CtxR) 

A clinical K. pneumonia isolate of 

unknown genotype containing 

resistance to ESBLs, but are 

incapable of acting as donors to 

E. coli recipients and are thus 

used as donors (Figure 15F). 

Extended 

spectrum 

β-lactams 

(including 

CtxR) 
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Table 2: Antibiotics used in this study. This table contains a comprehensive list of 

antibiotics used to test the effect on conjugation efficiency are described here, 

including their class, mode of action, and purchasing information. 

Antibiotic Class Description 

1. Kanamycin (Kan) Aminoglycoside 

Inhibits protein 

synthesis binding to 

30S ribosomal subunit 

2. Gentamicin (Gen) Aminoglycoside 

Inhibits protein 

synthesis binding to 

30S ribosomal subunit 

3. Streptomycin (Str) Aminoglycoside 

Inhibits protein 

synthesis binding to 

30S ribosomal subunit 

4. Spectinomycin 

(Spc) 
Aminoglycoside 

Inhibits protein 

synthesis binding to 

30S ribosomal subunit 

5. Penicillin G (PC-

G) 
β-lactam 

Inhibits peptidoglycan 

cross-links in the 

bacterial cell wall 

6. Carbenicillin  

(Carb) 
β-lactam 

Inhibits peptidoglycan 

cross-links in the 

bacterial cell wall 

7. Ceftriaxone (Ctx) 

β-lactam 

(Cephalosporin 

3rd generation) 

Inhibits peptidoglycan 

cross-links in the 

bacterial cell wall 

8. Erythromycin 

(Eryc) 
Macrolide 

Reversible binding on 

50S ribosomal subunit 

inhibiting protein 

synthesis 

9. Chloramphenicol 

(Cm) 
Amphenicol 

Prevents protein chain 

elongation by 

inhibiting peptidyl 

transferase activity of 

the ribosome 

10. Norfloxacin (Nor) Quinolone 

Inhibits enzymes 

necessary for bacterial 

DNA replication 
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Table 3: Effects of antibiotic on conjugation efficiency. One-sided left-tailed t-test was 

used to test whether any conjugation efficiency in the presence of antibiotics, ηC(Ai), 

was significantly greater than the conjugation efficiency in the absence of antibiotic, 

ηC0, where i is the index of antibiotic concentration tested. Each concentration was 

compared against ηC0, and the P-values are shown. There was no statistically 

significant increase (P>0.15) for all antibiotics and concentrations tested. All donor 

and recipient combinations are shown in individual sub-tables. IC50 values and 

concentrations used for each experiment are included. A. Data corresponding to 

Figure 14A for plasmid FHR. IC50 values here are for MG1655 

Antibiotic 

IC50 (μg/mL) 

and 

correspondi

ng strain 

Concentration 

used (μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) ηC0: ηC(A3) ηC0: ηC(A4) 

Kan 2.13 0, 1, 2, 3, 4 0.88 0.71 0.84 0.70 

Gen 
0.31 

 

0, 0.183, 0.367, 

0.55, 0.733 
0.68 0.29 0.16 0.50 

Str 
2.19 

 
0, 1, 2, 3, 4 0.72 0.29 0.48 0.34 

Spc 
16.14 

 
0, 5, 10, 15, 20 0.95 0.90 0.97 0.76 

PC-G 
38.79 

 

0, 10.4, 20.7, 

31.1, 41.5 
0.29 0.72 0.99 0.58 

Carb 
1.91 

 
0, 1, 2, 3, 4 0.79 0.81 0.92 0.67 

Ctx 
0.56 

 
0, 0.5, 1, 1.5, 2 0.64 0.60 0.76 0.73 

Eryth 
20.20 

 

0, 9.6, 19.2, 28, 

38.4 
0.69 0.53 0.45 0.82 

Cm 
1.92 

 
0, 1, 2, 3, 4 0.96 0.99 1.00 0.99 

Nor 
0.05 

 

0, 0.037, 0.07, 

0.1, 0.14 
0.94 0.55 0.88 0.96 
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B. Data corresponding to Figure 14C and Figure 15D-F. For each pair, IC50 values of the 

recipient was used to determine antibiotic concentrations, unless the recipient was 

resistant to the tested antibiotic or the concentrations were lethal to the other strain. 

In these cases, the donor IC50 was used.  MG1655 IC50 values for all ESBL conjugation 

experiments were used. 

Plasmid: F 

Antibiotic 
IC50 

(μg/mL) 

Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 
2.19 

(R-F) 
0, 2, 4 0.53 0.32 

Carb 
1.9 

(R-F) 
0, 2, 4 0.82 0.43 

Eryth 
20.20 

(R-F) 
0, 19.2, 38.4 1.00 1.00 

Cm 
0.7 

(F donor) 
0, 0.7, 1.4 0.97 1.00 

Nor 
0.05 

(R-F) 
0, 0.05, 0.1 0.83 0.91 

 

Plasmid: RP4 

Antibiotic 
IC50 

(μg/mL) 

Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 
2.19 

(R-F) 
0, 2, 4 0.16 0.78 

Carb 
1.9 

(R-F) 
0, 2, 4 0.06 0.72 

Eryth 
20.20 

(R-F) 
0, 19.2, 38.4 0.58 0.58 

Cm 
0.7 

(RP4 donor) 
0, 0.7, 1.4 0.82 0.18 

Nor 
0.05 

(R-F) 
0, 0.05, 0.1 0.83 0.91 
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Plasmid: R388 

Antibiotic 
IC50 

(μg/mL) 

Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 

11.9 

(R388 

recipient) 

0, 10, 20 0.41 0.79 

Carb 

2.7 

(R388 

donor) 

0, 2, 4 0.90 0.66 

Eryth 

11.7 

(R388 

recipient) 

0, 10, 20 0.87 0.98 

Cm 

2.2 

(R388 

recipient) 

0, 2, 4 0.90 0.64 

Nor 

0.07 

(R388 

donor) 

0, 0.05, 0.1 0.97 0.99 

 

Plasmid: R6K 

Antibiotic 
IC50 

(μg/mL) 

Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 

1.88 

(R6K 

recipient) 

0, 2, 4 0.82 0.90 

Carb 

14.8 

(R6K 

recipient) 

0, 10, 20 0.76 0.16 

Eryth 

34.4 

(R6K 

recipient) 

0, 30, 60 1.00 1.00 

Cm 
1.9 

(R6K donor) 
0, 2, 4 1.00 1.00 

Nor 

0.07 

(R6K 

recipient) 

0, 0.05, 0.1 0.97 0.81 
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Plasmid: pESBL-283 

Antibiotic 
IC50 

(μg/mL) 

Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 
1.88 

(R-F) 
0, 2, 4 0.80 0.44 

Carb 
14.8 

(R-F) 
0, 10, 20 0.91 0.95 

Eryth 
34.4 

(R-F) 
0, 30, 60 0.99 1.00 

Cm 
1.9 

(R-F) 
0, 2, 4 0.98 1.00 

Nor 
0.05 

(R-F ) 
0, 0.05, 0.1 0.99 0.99 

 

ESBL #41 

Antibiotic Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 0, 2, 4 0.76 0.95 

Carb 0, 2, 4 0.86 0.87 

Eryth 0, 19.2, 38.4 1.00 1.00 

Cm 0, 2, 4 0.96 1.00 

Nor 0, 0.05, 0.1 1.00 0.75 

 

ESBL #146 

Antibiotic 
Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 0, 2, 4 0.87 0.18 

Carb 0, 2, 4 0.90 0.97 

Eryth 0, 19.2, 38.4 0.96 1.00 

Cm 0, 2, 4 1.00 1.00 

Nor 0, 0.05, 0.1 0.97 1.00 
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ESBL #168 

Antibiotic 
Concentration used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

Str 0, 2, 4 0.28 0.64 

Carb 0, 2, 4 0.67 0.76 

Eryth 0, 19.2, 38.4 0.95 0.37 

Cm 0, 2, 4 0.40 0.57 

Nor 0, 0.05, 0.1 0.14 0.46 

 

ESBL #193 

Antibiotic 
Concentration used 

(μg/mL)   

Str 0, 2, 4 0.49 0.70 

Carb 0, 2, 4 0.31 0.66 

Eryth 0, 19.2, 38.4 0.92 1.00 

Cm 0, 2, 4 0.60 0.83 

Nor 0, 0.05, 0.1 0.38 0.48 

 

R+ donor with ESBL-producing Klebsiella pneumoniae recipients 

Isolate 
Strep used 

(μg/mL) 
ηC0: ηC(A1) ηC0: ηC(A2) 

#109 0,2,4 0.99 0.24 

#135 0,2,4 0.81 0.70 
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Table 4: Dimensional modeling growth equations and parameters. A. Experimental 

estimates of growth parameters using plate reader measurements. Each population 

was screened against Kan and Cm. Populations resistant and sensitive to the 

antibiotic were fitted with a linear line or Hill equation, respectively.  

Population Antibiotic/experiment Equation Experimental fit 

R Cm (Figure 18B and D) 
 

 

 

R Kan (Figure 16D ii-iv) 

 

=0.28 

=2.01 

=6.45 

RK Kan (Figure 16D i) 
 

 

 

G Kan (Figure 16D i-ii) 
 

 

 

G 
Kan + 4 μg/mL Cm 

(Figure 16D iii)  

 

 

G 
Cm (Figure 16D iv, Figure 

18b and d) 
 

=0.33 

=1.92 

=2.19 

Y Kan (Figure 16D i-iii) 
 

 

 

Y Cm (Figure 16D iv) 
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B Cm (Figure 18D) 

 

=0.25 

=1.66 

=1.56 

 

B.  Dimensional modeling parameters. 

Dimensional parameter Value 

(hr-1) 
0.25 

( g) 
1.6 

 
7 

(hr -1) 
0.32 

(hr -1) 
0.17 

( g) 
2.5 

 
2 

(hr-1) 
0.2 

( g) 
2 

 
4 

(hr-1) 
0.267 

 

1 10-11 

  1 109 

R0  1 106 
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G0  1 106 

A ( g) 
[0.5 5] 

t (hr-1) [0 60] 

 

C.  Nondimensional modeling parameters. 

Nondimensional parameters  Value 

 

g0=1 10-3 

 

r0=1 10-3 

 

y0=1 10-3 

 

[0.03, 3.1] 

 
16 

 

1.20 

 

0.64 

 

1.56 

 

1.25 

 

0.0375 
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Table 5: Summary of experimental conditions. A. A brief description of the strains 

and antibiotics used for each microfluidic experiment. All experiments here are 

included in Figure 19 power law correlation. 

Experiment 
1 

(Figure 

16D i) 

2 

(Figure 

16D ii) 

3 

(Figure 

16D iii) 

4 

(Figure 

16D iv) 

5 

(Figure 

18B left) 

6 

(Figure 

18B 

right) 

7 

(Figure 

18D) 

General 

description 

Both G 

and R 

resistant 

to [A] 

Only R is 

sensitive 

to [A], but 

growth 

rates 

never 

intersect 

Only R is 

sensitive 

to [A], but 

growth 

rates do 

intersect 

 

Both G and 

R sensitive 

to [A] 

Using Cm 

instead of 

Kan 

Same as 

5, but 

switching 

the 

direction 

of 

transfer 

Same as 5, 

with the 

addition 

of a buffer 

populatio

n 

Color Red Gray Blue Pink Purple Green Yellow 

Donor 

(resistance) 

G+, 

(KanR) 

G+, (KanR) G+, (KanR) G+, (KanR) G+, (KanR) R+, (CmR) G+, (KanR) 

Recipient  

(resistance) 

Rk, 

(KanR) 

R- (CmR) R- (CmR) R- (CmR) R- (CmR) G- (KanR) R- (CmR) 

Kan  

(μg/mL) 

0, 2, 4, 8, 

25 

0,1,2,4,6,1

0,50 

0,1,2,4,6,1

0 

0,1,2,4,6,10 0 0 0 

Cm (μg/mL) 0 0 4 0,1,2,4,6,10 0,1,2,4,10,

50 

0,2,4,8,10,

50 

0,1,2,4,8,5

0 
 

 

B. A summary of processing for experiments in Figure 3d i-iv, including the total 

number of chambers collected, the number of chambers removed through the outlier 

process, and the date the experiment was performed on. 

Figure 16D i. 

Concentration 

(Kan, Cm) 
(0,0) (2,0) (4,0) (8,0) (25,0) (50,0) 

Total number 

of chambers 

collected 

10 10 10 10 10 10 
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Chambers 

removed 
1 2 0 0 1 1 

Experiment 

date 
01282015 01282015 01282015 01282015 01282015 01282015 

 

Figure 16D ii. 

Concentration 

(Kan, Cm) 
(0,0) (1,0) (2,0) (4,0) (6,0) (10,0) (50,0) 

Total number 

of chambers 

collected 

10 8 8 8 8 8 10 

Chambers 

removed 
1 2 0 3 1 1 1 

Experiment 

date 

0106

2015 

0206201

5 

0206201

5 

0206201

5 

0206201

5 

0206201

5 
12152014 

 

Figure 16D iii. 

Concentration 

(Kan, Cm) 
(0,4) (1,4) (2,4) (4,4) (6,4) (10,4) 

Total number 

of chambers 

collected 

10 10 10 10 10 10 

Total number 

of chambers 

removed 

1 1 1 1 0 1 

Experiment 

date 
01242015 01242015 01242015 01242015 01242015 01242015 

 

Figure 16D iv. 

Concentration 

(Kan, Cm) 
(0,0) (1,1) (2,2) (4,4) (6,6) (10,10) 

Total number 10 10 10 10 10 10 
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of chambers 

collected 

Chambers 

removed 
3 0 1 1 1 1 

Experiment 

date 
09092015 09092015 09092015 01242015 05292015 05292015 

 

Figure 18B left panel 

Concentration 

(Kan, Cm) 
(0,0) (0,1) (0,2) (0,4) (0,10) (0,50) 

Total number 

of chambers 

collected 

10 10 10 10 10 10 

Chambers 

removed 
0 1 1 0 1 1 

Experiment 

date 
06182015 06182015 06182015 06182015 06182015 06182015 

 

Figure 18B right panel 

Concentration 

(Kan, Cm) 
(0,0) (0,2) (0,4) (0,8) (0,10) (0,50) 

Total number 

of chambers 

collected 

10 10 10 10 10 10 

Chambers 

removed 
1 1 2 1 0 1 

Experiment 

date 
05142015 05142015 05142015 05142015 05142015 05182015 
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Figure 18D 

Concentration 

(Kan, Cm) 
(0,0) (0,1) (0,2) (0,4) (0,8) (0,50) 

Total number 

of chambers 

collected 

10 10 10 10 10 10 

Chambers 

removed 
2 2 0 1 2 2 

Experiment 

date 
06112015 06112015 06112015 06112015 06112015 06112015 
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3. Persistence and reversal of plasmid-mediated 
antibiotic resistance 

3.1 Introduction 

Given the extent to which antibiotic selection accounts for conjugation dynamics, 

an important follow up question is whether the removal of antibiotics can prevent this 

from happening. As briefly discussed in chapter 1, reducing antibiotic use through 

initiatives such as antibiotic stewardship is an appealing strategy to promote resistance 

reversal, or the elimination of resistant bacteria by displacing them with their sensitive 

counterparts22,264,265 (Figure 21A). Resistance genes often carry a fitness cost, giving the 

sensitive strains a growth advantage133,266,267. In the absence of selection for antibiotic 

resistance, competition between the two populations would presumably eliminate the 

resistant strain over time131,133. However, despite its conceptual simplicity, this approach 

has been largely unsuccessful (see chapter 1 section 1.7 for specifics)228,268,269. Several 

factors can enable the persistence of resistance in the absence of selection. For instance, 

co-selection could propagate genetically linked resistance genes270-272. Also, 

compensatory evolution ameliorating fitness cost can reduce plasmid burden266,273,274.  

HGT of plasmids, primarily through conjugation, has also been proposed as a 

mechanism for plasmid persistence132,228,267. Theoretical analysis suggests that a 

sufficiently fast transfer rate can compensate for fitness cost and plasmid loss275-277, 

although the extent to which conjugation-mediated maintenance of costly plasmids 
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occurs in nature has been debated275,276,278-281. For example, it has been suggested that 

transfer efficiencies required to overcome reasonable estimates of fitness cost and 

plasmid loss are too high to be biologically realistic278-281. Also, the persistence of purely 

parasitic genetic elements is evolutionarily paradoxical. Overall, conjugation alone is not 

considered to be a dominant mechanism for maintaining plasmids19,282,283, although this 

is not always the case18,284. 

The fate of a plasmid is largely driven by the relative magnitude of its fitness cost 

and segregation error rate compared with that of its conjugation efficiency. Indeed, 

studies investigating conjugal plasmid dynamics in the absence of selection attribute 

plasmid persistence to fast conjugation rate, low/no fitness cost, or both134,281,285-287. 

Similarly, plasmid elimination is attributed to slow conjugation and/or high growth 

burden281,288,289. Different outcomes likely depend on underlying parameter differences 

between experimental systems due to different plasmids, conjugation machinery, and 

mating procedures among others.  

Accurate quantification of all three processes should provide a general 

framework to reconcile diverse outcomes and establish the role of conjugation in 

promoting plasmid persistence. However, confounding measurements of conjugation 

and growth dynamics have prevented general conclusions (exemplified by discussion in 

chapter 2)83,232. For instance, a high segregation error rate could be obscured by a fast 
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conjugation efficiency290. Also, parameters depend on a range of variables including the 

host strain291 and growth conditions288, which complicates data interpretation.  

Past studies did not provide precise estimates for all three processes. In some 

cases, this is because reasonable parameter estimates from available data appear 

sufficient281, which is appropriate so long as the estimates are obtained from a directly 

relevant experimental framework. In others, experimental complexities prevent accurate 

quantification within the relevant context (e.g. in vitro growth estimates to evaluate 

bacterial dynamics in the mouse gut)285,288. Even when all parameters are measured, 

confounding factors were not necessarily accounted for in the data interpretation. For 

example, in some cases quantification of the conjugation efficiency was carried out 

without eliminating the contribution from selection dynamics288,289. As a result, the extent 

to which conjugation contributes to plasmid maintenance remains 

inconclusive19,267,282,283,292,293.  

Lack of basic understanding is prohibitive when evaluating the generality of 

plasmid fate, such as in natural microbial communities. Typically, microbial consortia 

consist of multiple interacting species, connected through a complex network of 

HGT50,267,294. High transfer rates in relevant environments (e.g. the gut) have implications 

in forming shared gene pools where bacteria have access to a myriad of beneficial 

traits18.  Disrupting such networks has been recognized as a potential eco/evo 

intervention strategy to restore antibiotic susceptibility140.  
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3.2 Results  

3.2.1 Modeling plasmid persistence with one species and one 
plasmid  
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Figure 21: Conditions for plasmid persistence and elimination. A. The concept of 

resistance reversal. A population initially consists of a mixture of sensitive (blue) and 

resistant (orange with plasmid) cells. In the presence of antibiotics (  indicates 

presence or absence of [A] antibiotic concentration), resistant cells are selected for. In 

the absence of antibiotics, as long as the plasmid imposes a fitness cost, then over a 

sufficiently long time the resistant cells will be presumably outcompeted, effectively 

reversing resistance. B. Modeling plasmid dynamics in a single species (S). The 

plasmid-free population, S0, acquires the plasmid through conjugation at a rate 

constant ηC, becoming S1. S1 reverts to S0 through plasmid loss at a rate constant κ. S0 

grows at a rate proportional to S1 (μ1= μ, μ0=α μ). The plasmid is costly when α>1, and 

beneficial when α<1. Both populations turnover at a constant dilution rate D. C. 

Simulated fraction of S1 as a function of α and ηC after 5000 time units. Fast 

conjugation can compensate for plasmid loss even if the plasmid carries a cost (α >1). 

A greater ηC is required to maintain the plasmid population as α increases. D. 

Criterion for plasmid persistence. If ηC < ηCrit = α(κ+D)-D, the plasmid will be 

eliminated. The plasmid will persist otherwise.  
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I used a simple kinetic model to investigate the extent to which HGT contributes 

to plasmid maintenance. The model describes one species (S) that either carries the 

plasmid (S1) or is plasmid free (S0) (Figure 21B, Eq. (29)-(30)). For the limiting case where 

the rate of plasmid loss is relatively small (see Materials and Methods section 3.4.8.1, 

One-species one-plasmid model), there is a critical conjugation efficiency (ηCrit, Eq. (25)) 

that must be achieved for the plasmid to be maintained: 

	
η

Crit
= α κ +D( ) −D    (25) 

where α indicates the relative cost (α >1) or the benefit (α <1) of the plasmid, κ is the rate 

constant of plasmid loss, and D is the dilution rate of the two populations. 

According to Eq. (25), a plasmid will be maintained as long as the conjugation 

efficiency is sufficiently fast compared with the rate of plasmid loss and fitness burden 

(Figure 21C-D). The criterion that I derived is similar to that derived by Stewart and 

Levin276, but avoids experimental challenges associated with decoupling plasmid loss 

measurements from fitness cost295. Experimentally, the combined effect of κ and α can be 

determined by measuring the rate of loss for a non-transferrable plasmid over time296. 

Analysis shows that κ ≈ κobs for plasmids with sufficiently small α. Since these two 

parameters are challenging to decouple, my criterion lumps the effect of α and κ 

together. Therefore, using a low-cost plasmid can reduce the error associated with this 

measurement (see Materials and Methods section 3.4.5.3, Calculating plasmid loss). 
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Figure 22: Engineered conjugation schematic and flow cytometry calibration. A. An 

engineered conjugation system. The background strain, B, expresses BFP and AmpR 

constitutively297. B carries the helper plasmid FHR (B0), which is non-self-transmissible, 

but can mobilize plasmids in trans. The mobile plasmid K carries the transfer origin 

(oriT), a kanamycin resistant gene (KanR), and yfp under the control of strong 

constitutive promoter PR227. When B carries K, it is denoted BK. K without 

transferability (i.e. without oriT) is denoted K-, and when carried by B, BK-. B. Flow 

cytometry calibration. Flow cytometer calibration for red, yellow, and blue 

fluorescence. (i) R0, B0, RK-, and BK- were grown overnight to determine CFU for each 

population. Since the densities of all populations from the overnight cultures were 

statistically indistinguishable (P >0.5), volume ratios were used to perform flow 

calibration. (ii-xvi) Overnight cultures were diluted into autoclaved deionized water 

at various ratios. 10 μL of sample was flowed and the gates were chosen to result in 
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statistically insignificant differences in the mixtures by volume. Gating was chosen 

such that the flow measurements were accurate within 5% of the predicted 

fluorescence for each mixture. The orange bar represents the sum of all plasmid-

bearing cells, and the blue bar represents all plasmid-free cells. This procedure was 

done for both low (1000X) and high (400X) dilution factor from the overnight culture, 

and the results are averaged together. (The measured percentages are listed above 

each bar. The expected percentages were mixed in the following ratios, for R0 B0 RK 

and BK respectively: (1,0,0,0), (0,0,1,0), (0,1,0,0), (0,0,0,1), (.5,0,.5,0), (0,.5,0,.5), (.5,.5,0,0), 

(0,0,.5,.5), (.5,0,0,.5), (0,.5,.5,0), (.33,.33,.33,0), (.33,.0,.33,.33), (0,.33,.33,.33), (.33,0,.33,.33), 

(.33,.33,0,.33), and (.25,.25,.25,.25)  for ii : xvi.  

 

3.2.2 Experimental platform for quantifying plasmid persistence 

To test whether the conjugation efficiency for common conjugal plasmids is 

sufficiently fast to compensate for cost, I modified the same F-plasmid-based synthetic 

conjugation system as in chapter 2 slightly. Here, the conjugation machinery is still 

encoded on a helper plasmid FHR, which is not self-transmissible227. Also, a second 

plasmid can be mobilized through conjugation when it carries the F origin of transfer 

sequence oriT, as previously. To facilitate long-term plasmid quantification, I use a new 

mobilizable plasmid denoted K, which expresses YFP under the control of strong 

constitutive promoter PR, a kanamycin (Kan) resistance gene (KanR)227, and oriT. To 

quantify the effects of conjugation, I implemented a plasmid identical to K except that it 

does not carry oriT (K-), and therefore cannot be transferred by conjugation.  
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Figure 23: Parameter estimation of engineered conjugation system. A. Estimating 

plasmid burden α at various antibiotic concentrations. Growth curves of B0 and BK 

were obtained as described in Materials and Methods. α was obtained by normalizing 

the rates obtained from the species without the plasmid by the growth rate of the 

corresponding species with the plasmid. B. Estimating plasmid loss rate using BK-. 

100% BK- culture was propagated daily in the presence of 50 μg/mL Kan or nothing, 

using the same protocol as the main experiments (Figure 25A-B). This concentration 

of Kan was used as a control. Flow cytometry measurements taken every day to 

quantify the percentage of BK- cells as a fraction of all BFP expressing cells. Y-axis is 

the fraction of BK- normalized BK- with Kan. Black line indicates exponential decay fit 

		
y = x

1
e

x
2
t
, where the calculated plasmid loss rate constant for K is 

		
κ

K
=

x
2

24
  hr-1 and is 

printed in the bottom left of the graph, and rounded up from 5.7x10-4hr-1. C. Negligible 

effect of oriT on growth rate. Growth rates of BK and BK- were obtained by diluting 

cells 10,000X from overnight culture in M9 media (see Materials and Methods section 

3.4.2, Strains, growth conditions, and plasmid construction), and grown at 37°C for at 

least 14 hours. Growth curves were log-transformed and the linear portion was fit to a 

regression. The slope of the line was used as the growth rate estimate. Measurements 

were performed in quadruplicates. oriT did not significantly influence the growth 

rate of BK (P>0.5, two-tailed t-test), suggesting that the same values of  can be used to 

model both scenarios. D. Predicting plasmid persistence for K.  Plasmid K is predicted 

to persist since Δn = ηCrit - ηC > 0.  
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The synthetic system was introduced into engineered MG1655 Escherichia coli 

expressing a constitutive blue fluorescent protein (BFP) chromosomally and carbenicillin 

(Carb) resistance (AmpR)297, denoted B (Figure 22A). The plasmid-carrying populations 

(BK, BK-) can be distinguished from the plasmid-free population (B0) by selective plating 

(using Kan) or flow cytometry (using YFP) (Figure 22B). This notation will be used to 

describe all species (S) and plasmid (P) combinations throughout the text (see Materials 

and Methods section 3.4.5.1, Nomenclature). 

This system provides a clean experimental configuration to elucidate the 

contribution of conjugation to plasmid maintenance. K enables more precise parameter 

estimates compared to natural self-transmissible plasmids. Native plasmids often 

encode additional functions that complicate measurements, such as addiction modules 

that can result in post-segregational killing of daughter cells298. Importantly, without a 

non-transmissible control plasmid it is difficult to decouple the effects of HGT from the 

other processes. Instead, plasmid loss and fitness burden can be precisely quantified 

using K-, which eliminates the confounding influence of conjugation. In particular, K- 

has low cost (α = 1.02, Figure 23A), which minimize the confounding effects of cost in 

quantifying plasmid loss. Indeed, based on my parameter estimates, analysis shows the 

standard error associated with fitting the plasmid loss rate (≈ 0.0022) is greater than the 

difference between κobs and κ for this particular α (Figure 23B, see Materials and 

Methods section 3.4.5.3, Calculating plasmid loss for complete derivation). Finally, since 
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oriT did not significantly affect the burden of K compared to K- (Figure 23C, P>0.5), 

differences that arise in the overall dynamics can be attributed to conjugation.  

Day 1 

10,000X Dilu on 
Day 2, 3, … 

10,000X Dilu on per 24hr 

BK = 50.2% 
B0 = 49.8% 

BFPYFP

Day X 
Protocol End 

BK = 1.8% 
B0 = 98.2% 

YFP BFP

Mixture 
Day 0 

BK B0 

Length of Experiment 

 

Figure 24: Experimental protocol for long-term plasmid dynamics. B0 and BK are mixed 

together in equal fractions and cultured together for 14-20 days. Every 24 hours, a 

strong dilution (10,000X) is performed to maintain growth. Different concentrations of 

Kan are used to vary α, namely 0, 0.5, and 2 μg/mL for α = 1.02, 0.97, and 0.42, 

respectively. At least once every three days, I measured the fraction of cells expressing 

both YFP and BFP (e.g. fraction of plasmid-bearing cells) using flow cytometry. 

Replicates on the plate ranged from 12 to 48 wells depending on the experiment. 

From my measurements, I expect conjugation to be fast enough to enable 

maintenance (ηC - ηCrit = Δn > 0, Figure 23D). In particular, for κ = 0.001 hr-1 α = 1.02, and 

assuming D = 0.05 hr-1, I estimate the critical efficiency ηCrit = 0.002 hr-1 to be well below 

the estimate of conjugation efficiency from exponential phase growth ηC = 0.01 hr-1 83 (see 

Materials and Methods section 3.4.7, Estimating ηCrit). Indeed, cell physiology can 

drastically change the conjugation efficiency83, as this value is almost four orders of 
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magnitude greater than the efficiency measured from cells harvested during stationary 

phase  (Table 8), and I showed in chapter 2.  

 

3.2.3 Conjugation-assisted persistence of costly plasmids 

To test conjugation-mediated plasmid maintenance, I mixed BK and B0 in equal 

fractions and cultured them together (see Figure 24 for protocol schematic). A strong 

dilution (10,000X) was performed every 24 hours to maintain growth. Different 

concentrations of Kan (0, 0.5, and 2 μg/mL) were used to vary α (1.02, 0.97, 0.42, 

respectively) (Figure 23A). Every two-three days, I quantified the fractions of plasmid-

bearing (cells expressing both BFP and YFP) and plasmid-free (cells expressing BFP 

only) cells using flow cytometry (see Figure 22B for calibration).  

In the absence of conjugation, when the plasmid carries a cost (e.g. Kan = 0 and 

α>1) the plasmid-bearing population was eliminated after two weeks (Figure 25A i, left 

modeling and right experiment). Thus, for a non-transferrable costly plasmid, 

eliminating antibiotics results in resistance reversal. If the plasmid was sufficiently 

beneficial 

		

α < D

κ −1






, the plasmid-bearing population could coexist with the plasmid-

free population (Figure 25A ii-iii, left modeling and right experiment). The fraction of 

plasmid-bearing cells depends on the relative magnitude of growth advantage 

compared with plasmid loss. 
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Figure 25: Conjugation-assisted persistence of costly plasmids. A. Long-term dynamics 

in the absence of conjugation. Modeling (left column): The shaded lines are 20 

simulation replicates with varied initial cell densities randomly chosen from a 

uniform distribution such that the total initial density was maintained at 1x10-6 (blue 

for S0 and orange for S1). The dark blue line is the average of all time courses for 

plasmid-free cells, and the dark orange line is the average of all plasmid-carrying 

cells. From bottom (costly) to top (beneficial) α = 1.02, 0.97, and 0.42 respectively. 

These values were estimated from experimental measurements (Figure 23). 

Experiment (right column): For each condition, experiments were done in 16 replicate 

wells; each well was initiated with ~80 cells, giving rise to a distribution of starting 

cell densities. For the no-conjugation condition, the blue line indicates B0, and the 

orange line indicates BK- (See Table 6 for description of strains). Shaded lines indicate 

individual wells, and the bold line is the average across all wells. i-iii is Kan=0, 0.5, 

and 2 μg/mL. Quantification is performed using flow cytometry, where the orange 

line is cells expressing both BFP and YFP (BK-), and the blue line are cells expressing 

BFP only. B. Long-term dynamics in the presence of conjugation. Experiments were 

done in the same way as in B., but with BK instead of BK-. The population exhibiting 

conjugation-assisted persistence. All modeling parameters are identical except for ηC 

= 0.02 hr-1. X-axis is time in days and the y-axis is fraction of cells for everything. 

In contrast, if the plasmid is transferrable through conjugation, even when the 

plasmid carries a cost, plasmid-bearing cells dominate the population in a short period 
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of time (Figure 25B i, left modeling and right experiment). Intuitively, decreasing cost 

(e.g. increasing α) facilitates plasmid persistence, and therefore plasmid stability occurs 

on a faster timescale (Figure 25B ii).   Once the plasmid benefit is sufficiently high 

(Figure 25A-B iii), the plasmid persists regardless of whether or not it can conjugate, 

indicating that conjugation is no longer required to maintain resistance. 

Further analysis suggests compensatory mutations, even at a high mutation rate, 

did not contribute significantly to the overall dynamics (Figure 26A, Eq. (33)-(35)). I note 

that the model assumes a constant dilution rate constant (D), which represents an 

approximation of the discrete, periodic dilutions in the experiments. Simulations using a 

model implementing discrete dilutions generated qualitatively the same results (Figure 

26B). Finally, I introduced noise in the conjugation rate for each set of initial conditions 

such that ηC can vary within 10% of the basal value, consistent with my observations of 

clonal variability83. This variability does not change the qualitative results (Figure 26C). 
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Figure 26: Parameter sensitivity modeling analysis. A. Effects of compensatory 

mutations will negligibly influence the overall dynamics. I introduced a third 

population (mutant, M) that transitions from S1 at a rate β (Eq. (33)-(35)). M is assumed 

to either have neutral plasmid burden (α=1, i), or beneficial (α=0.9, ii). Dynamics were 

analyzed with and without conjugation (right and left columns, respectively). 

Regardless of α, even with a high mutation rate (10-5 hr-1)299,  the plasmid cannot 

persist without conjugation. With conjugation, the temporal dynamics are largely 

unchanged, and mutants are only present at low frequencies. Solid blue, orange, and 

gray lines represent the average fraction of S0, S1, and M respectively, and shaded lines 

represent randomized initial conditions analogous to main results (Figure 25). B. 

Conclusions hold regardless of modeling dilution continuously or periodically. 

Modeling the data using continuous D (right column, 0.05 hr-1) and discrete transfer 

events (left column, once every 24 hours) appear qualitatively similar when compared 

to the experimental data (middle column). C. Noise in conjugation efficiency does not 

influence overall results. x-axis is time in days and the y-axis is fraction of cells. For all 

simulations, the shaded lines represent 20 simulation replicates with varied initial 

cell densities randomly chosen from a uniform distribution. The dark blue and dark 

orange lines is the average across all initial conditions for plasmid-free cells (S0), and 

plasmid-carrying cells (S1), respectively. i-iii is decreasing α from costly to beneficial, 

α = 1.02, 0.97, 0.42 respectively. 
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3.2.4 Generality of conjugation-assisted persistence 

To investigate the extent of conjugation-assisted persistence, I tested the 

generality using two main approaches. First, to investigate the findings amongst 

additional diverse plasmid groups, I quantified plasmid persistence for eight additional 

plasmids representing >70% of all large conjugal plasmids in GenBank (as defined by 

plasmid incompatibility groups). Secondly, I quantified plasmid persistence in microbial 

consortia consisting of increasing numbers of species and plasmids to determine the 

extent of these conclusions in more complex communities.  

3.2.4.1 Conjugation-assisted persistence for additional plasmids  

 

 

Figure 27: Estimating parameters for additional plasmids. A. Growth rates of plasmid-

bearing (yellow bars) and plasmid-free (blue bars) cells. Growth rates performed at 

either 37°C (K, C, and PCU1) or 30°C (RP4, R388, R6K, #41, #168, and #193), to remain 

consistent with the long-term experimental conditions, and repeated at least four 

times for reproducibility. Error bars represent the standard deviation of the growth 

rates averaged across all replicates. Growth curves are log-transformed and fit to a 
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linear regression to obtain growth rate estimates. B. Estimated plasmid cost α. Growth 

rates from A. are normalized to non-plasmid control. All measurements use 

background species R, except for plasmid C, which uses B instead due to resistance 

incompatibilities with R (both CmR). C. Estimated conjugation efficiencies. Native 

strains for all ESBL plasmids were used as the donors, and strains with compatible 

resistance to both the plasmid being tested, and R0 were used as donors for the 

remaining plasmids (See Table 6 for details and Materials and Methods for 

experimental details). All plasmids used Carb+Cm double selection for 

transconjugant quantification, except for R388 (Cm+Tm), RP4 and K (Cm+Kan). Y-axis 

is 
	
η = T

DR∆t
, where T, D, and R are the densities of the transconjugant, the donor, and 

the recipient, respectively. D. Estimated critical conjugation efficiency (ηCrit) suggests 

persistence for all 9 plasmids. Persistence is defined as conjugation-assisted 

persistence, which is quantified by examining Δn = ηC – ηCrit, and occurs when Δn > 0. 

ηCrit estimates are based on direct measurements of κ = 0.001, α, compared to ηC. 

Estimates can be found in Figure 23 and Figure 27. D is assumed to be 0.05 hr-1 for all 

plasmids. ηC = η×Nm. E. Dynamics in background R or B species does not change 

qualitative long-term plasmid dynamics. Long-term plasmid dynamics for plasmid K 

was performed with both B (B0/BK) and R (R0/RK) following the same protocol as all 

other long-term experiments (see Materials and Methods).  

In the previous chapter I demonstrated that the conjugation efficiency of the 

synthetic system is comparable to that of the natural F plasmid and several other native 

conjugation plasmids83. Therefore, I expect these plasmids to exhibit conjugation-

assisted persistence as well. To this end, I quantified the dynamics of eight additional 

conjugative plasmids, covering six incompatibility groups (incF, incN, incI, incX, incW, 

and incP) which encompass >70% of the most common large plasmids isolated from 

Enterobacteriaceae (335 plasmids, >20 kB, in GenBank)300, cover a wide range of 

conjugation efficiencies and costs (Figure 27A-C), and include three clinically isolated 

conjugative plasmids encoding extended-spectrum β-lactamases (ESBLs). ESBL-

producing pathogens are notorious for plasmid-mediated conjugation54,55,301 and are of 
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paramount global health concern302,303. I transferred all plasmids individually into a 

common background strain denoted R (MG1655, chromosomal dTomato, and 

chloramphenicol (Cm) resistance (CmR)), except for plasmid C which is also CmR and I 

therefore used strain B instead. I quantified the relevant parameters to estimate ηCrit for 

each plasmid (Figure 27D), noting that B and R behave qualitatively similarly (Figure 

27E). 

 

Figure 28: Eight additional conjugation plasmids exhibit persistence (nine total 

including K in the same R species). Since C expresses mCherry, the background of B0 
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is used instead; both B and R behave similarly under these conditions (Figure 27E). 

Plasmids cover six common incompatibility groups (incF, incI, incN, incP, incW, and 

incX), and impose a wide range of costs on the host (Figure 27B). The plasmid-free 

counterpart was mixed in equal fraction with the plasmid-carrying population, and 

daily dilutions of 10,000X were used to propagate the experiment. Every few days, the 

composition of each population was determined by selective plating (Table 6). The 

fraction of resistance is calculated as the total number of colonies averaged across all 

double-selection plates divided by the total number of colonies averaged across all 

Cm plates. Experiments are measured in replicates of four-six, and repeated at least 

once. Error bars represent the standard deviation of the four-six measurements.  The 

plasmids used are (i) #168, (ii) #193, (iii) R388, (iv) C, (v) #41, (vi) RP4, (vii) K, (viii) 

PCU1, and (ix) R6K. All plasmids exhibited persistence. 

Estimates suggest a high likelihood for persistence (Δn = ηC – ηCrit > 0) for each of 

the nine plasmids (Figure 27D). To test this, I implemented the same competition 

experiments as previously described, and quantified the fraction of plasmid-bearing 

cells using colony forming units (CFU) on double-antibiotic plates (see Materials and 

Methods for details). Daily dilutions were performed for 14-20 days. Indeed, each 

plasmid persisted throughout the duration of the experiment (Figure 28). 

3.2.4.2 Conjugation-assisted persistence of plasmids in microbial communities of 

greater complexity  

Natural environments are typically far more complex, consisting of diverse 

species interconnected through an intricate web of gene exchange14,267. Such networks 

can serve as reservoirs for antibiotic resistance in so-called HGT ‘hot spots’, enabling the 

dissemination of resistance to various pathogens or commensal microbes13,70,78. 

Therefore, I wondered whether conjugation-assisted persistence could occur in a multi-

species community. This question was never conclusively explored previously. 
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Modeling suggests that, as long as the stability criterion is met, a single plasmid 

can be maintained via conjugation regardless of the number of species present, where 

the term ‘species’ is used to differentiate between any two populations with a uniquely 

defined ηCrit (Figure 30A, section 3.4.8.3, Eq. (36)-(39)).  To test this, I introduced a second 

species R with or without oriT (RK or RK-) (Figure 29A). The total plasmid content is 

quantified as the sum of all plasmid-bearing species (S1=RK+BK). Consistent with 

predictions, results demonstrate persistence compared to the non-conjugating control 

(Figure 30A).  

 

 

Figure 29: Estimated α for communities consisting of one or two plasmids or species. 

A. α estimates for the two-species one-plasmid experiment (Figure 30A). Measurements 

were performed in at least four replicates, and error bars represent the standard 

deviation of the growth rates averaged across all well replicates. Circles and squares 

represent the R and B populations, respectively. B. α estimates for the one-species 

two-plasmid experiment (Figure 30B-C). Here, B carrying plasmid C, K, or isolated 

transconjugants carrying both are grown in the presence of 0, 0.5, or 0.2 μg/mL Kan 

(left) or Cm (right). For all estimates, protocols were followed according to Materials 

and Methods section 3.4.5, Quantifying modeling parameters α, η and κ. Estimates 

are listed in Table 7. 
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Moreover, modeling predicts conjugation-assisted persistence to occur for a 

single species carrying multiple conjugation plasmids. This is contingent on the 

plasmids’ ability to exist independently of each other (e.g. distinct incompatibility 

groups to ensure compatible replication machinery and the absence of surface exclusion 

that prevents entry of one of the plasmids), and the fact that other relevant plasmid 

parameters (i.e., ηC, α, or κ) for one plasmid do not drastically change in the presence of 

another plasmid (Figure 30B-C, section 3.4.8.3, Eq. (40)-(43)).  

To test this idea, I implemented a bi-directional conjugation population by 

mixing B carrying either K or another mobilizable plasmid C. C expresses mCherry, 

CmR, and is compatible with K (p15A and pSC101 replication origins, respectively). 

Independently, since C has a greater cost compared to K (Figure 29B), persistence 

required a longer time scale to overcome competition and stably persist (Figure 30B). 

Together, the persistence of each plasmid individually was consistent with that of the 

single-plasmid population outcome, regardless of how α was modulated (Figure 30C, i 

no antibiotic, ii-iii Kan, and iv-v Cm, Figure 29B left and right for α estimates).  
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Figure 30: Conjugation-assisted plasmid persistence is applicable to microbial 

communities consisting of multiple species and/or plasmids. For all panels, x-axis is 

time in days and the y-axis is fraction of cells. The shaded lines are 20 simulation 

replicates with varied initial cell densities randomly chosen from a uniform 

distribution such that the total density was maintained at 1x10-6 (blue for S0 and S1 is 

orange for K and red for C). The dark lines represent the average of all time courses 

for the corresponding shaded color. A. Long-tem plasmid dynamics for a two-species, 

one-plasmid community. Left two panels: no conjugation, right two panels: with 

conjugation. Modeling (first and third columns): From bottom (i) to top (iii) α1= α2= 

1.02, 0.97, and 0.42 respectively (see Eq. (36)-(39) same values for BK were used as in 

Figure 25), and α2 = 1.03, 1.02, and 0.9 (Figure 29A). Experiment (second and fourth 

columns) R0, B0, and R and B carrying either K- (RK-, BK-) for no conjugation, or K (RK, 

BK) for with conjugation, were mixed equally and propagated daily at a dilution of 

10,000X. For each condition, experiments were done in 12 replicate wells, each being 

initiated with ~80 cells.  Different Kan concentrations are used to modulate  (bottom 

row 0 μg/mL, middle row 0.5 μg/mL, and top row 2 μg/mL Kan). S0 is the sum of all 

plasmid-free cells (B0+R0) and S1 is the sum of all plasmid-carrying cells (BK+RK). B. 

Long-term plasmid dynamics for a second mobilizable plasmid C. Modeling (left 

column): From bottom (i) to top (iii) α = 1.13, 1.03, and 0.3 respectively (See Eq. (29)-

(30), Figure 29B). Experiment (right column): For each condition, experiments were 

done in 12 replicate wells, each being initiated with ~80 cells (See Table 6 for 
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description of strains). In order from bottom to top Cm=0, 0.5, and 2 μg/mL. 

Quantification is performed using flow cytometry analogous to Figure 25. C. Long-

term plasmid dynamics for a one-species two-plasmid community. Each row of panels 

represents a different pair of  combinations, modulated either with no antibiotic (i), 

Kan (ii-iii) or Cm (iv-v). Modeling (first and third columns): The species can carry two 

(S11), one (S10, S01), or no plasmids (S00) (see Materials and Methods section 3.4.8.3, Eq. 

(40)-(43)). Here, plasmid-free cells are S00, and plasmid-carrying cells are quantified 

individually such that S01+S11, or S10+S11. The cost and benefit of each plasmid is 

modulated separately from bottom (i) to top (v) such that α1 = 1.02, 0.97, 0.42, 1.02, and 

1.02, α2 = 1.13, 1.13, 1.2, 1.05, and 0.45, and α3 = 1.3, 1.2, 0.42, 1.01, 0.35 (See Eq. (40)-(43), 

Figure 29B). Experiment: BK and BC are mixed equally to initiate the experiment. Since 

FHR has surface exclusion removed and the plasmids are compatible, both plasmids 

can conjugate bi-directionally. K (second column) and C (fourth column) are shown 

individually within the two-plasmid system (e.g. to quantify K in the second column, 

S1 = BK+BCK, and to quantify C in the fourth column, S1 = BC+BCK). Results for two-

plasmid dynamics are the same as the plasmids individually (compare to Figure 25B 

for K and Figure 30B for C).  

These results suggest that, despite the apparent complexity, plasmid fate in a 

community consisting of multiple (n) species and (p) plasmids (leading to nx2p 

populations) can be inferred from the individual plasmid dynamics, if these plasmids do 

not interfere with each other. Indeed, plasmid fate is governed by the stability criterion 

for conjugation-assisted persistence (e.g. ηC > ηCrit) between each individual 

plasmid/plasmid-free population pair. If ηC  > ηCrit for at least one such pair, the plasmid 

will persist if the particular host(s) can coexist within the population long-term (which is 

largely driven by fitness). Importantly, the coexisting species must acquire the plasmid, 

either in the initial population structure, or via conjugation. This results in an initial 

barrier for the plasmid to establish itself due to competition, indicating initial 
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composition will play a minor role in determining plasmid fate (See Materials and 

Methods section 3.4.8.3, Three-species three-plasmids model, and Appendix B). 

To test this, I constructed a community consisting of three species (B0, R0, and Y0) 

transferring three mutually compatible plasmids (Figure 31, Appendix B). These three 

plasmids were chosen in particular since they belong to distinct incompatibility groups 

(X, P, and W), and distinguishable using antibiotic selection (Streptomycin (Strep), Kan, 

and Trimethoprim (Tm), respectively, Table 8). Since all species express chromosomal 

CmR, I used selective plating to determine the plasmid fraction and flow cytometry to 

determine the species composition.  In this scenario, although plasmids individually 

appear beneficial to their own host (α<1), they exhibit a cost compared to another 

species/plasmid combination (e.g. compare BRP4 to RR388, Figure 31B). Based on my 

previous estimates, all three plasmids in this population are predicted to persist. Each 

plasmid was initiated in a single species (RP4, R6K, and R388, denoted 1, 2, and 3 

respectively in Figure 31A-D). In the absence of conjugation (R0, B0, and Y0 only), 

competition favors the fittest population (Y0), suppressing the growth of both R0 and B0 

(Figure 31C). When all six populations were present each plasmid exhibited conjugation-

assisted persistence throughout the duration of the experiment (Figure 31D). 
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Figure 31: Conjugation-assisted persistence in a multi-species multi-plasmid 

consortia. Here I examined three species and three plasmids, where the species (R, Y, 

and B, all CmR) express dTomato, YFP, or BFP respectively.  A. Diagrammatic 

representation of three-population three-plasmid community. There are 24 total 

populations, where each species consists of 8 sub-populations of every unique 

plasmid combination. Each species is represented by their respective color, e.g. red 

blue and yellow. Lines connect each population to their potential donor or recipient. 

Plasmid loss is omitted for simplicity. B. Growth rates for populations used in the 

multi-species multi-plasmid experiment. To obtain a baseline assessment of cost, 

growth rates are estimated for each species carrying each plasmid (R6K, RP4, and 

R388). Bar color indicates the corresponding species. Grouped bars indicate different 

plasmid (labeled), where 0 indicates no plasmid. Growth rates are estimated 

according to Materials and Methods section 3.4.5, Quantifying modeling parameters 

α, η and κ. Values are listed in Table 7. C. Overall population dynamics of R0 B0 and Y0 

in the absence of any plasmid. Modeling (left) and experiment (right): R0, Y0, and B0 are 

mixed in equal fraction and propagated daily with a dilution of 10,000X. Y0 

outcompetes the other populations, which is consistent with growth rate 

measurements (Figure 31B). D. Long-term plasmid dynamics for three-species three-

plasmid community. R0, RR6K, Y0, YR388, B0, and BRP4 are arbitrary mixed and propagated. 

Modeling (left): Randomly assigned densities determined such that the total initial 

density of the plasmid-free = and plasmid-carrying cells is 1x10-4 and 5x10-5 
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respectively. Costs were estimated experimentally (see B., Table 7). Experiment 

(right): Error bars indicate averaging across four-six plate replicates, and repeated 5 

times. ). For C. and D., x-axis is time in days, left y-axis is the species fraction, and 

right y-axis, is plasmid fraction, where black lines marked by diamond, square, and 

circle correspond to R6K, RP4, and R388 respectively. 

 

3.2.5 Reversing or suppressing plasmid-mediated resistance  

These results conclusively demonstrate that diverse conjugal plasmids are 

indeed transferred fast enough to enable conjugation-assisted persistence. According to 

the existence criterion (Eq. (25)), resistance reversal can be achieved by inhibiting 

conjugation, promoting the rate of plasmid loss, or both   (Figure 32A). The efficacy of 

this strategy depends on how much ηC exceeds ηCrit. If ηC is only slightly greater than 

ηCrit, inhibiting conjugation alone might be sufficient to reverse resistance. If inhibition 

alone is incomplete, however, promoting κ may act in synergy to destabilize the 

plasmid.   

I first tested this inhibition strategy on the engineered conjugation system, by 

using linoleic acid304 (Lin) as a conjugation inhibitor (Figure 32B, left panel) and 

phenothiazine (Pheno) to enhance the plasmid segregation error305,306 (Figure 32B, right 

panel). Both compounds had been identified in literature for these specific properties. 

Importantly, at the concentrations used, neither compound affected the bacterial growth 

rate (Figure 34A).  
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Figure 32: Reversing resistance due to conjugation-assisted persistence. A. Combining 

conjugation inhibition and promoting plasmid loss to reverse resistance. This strategy 

is expected to increase ηCrit and decrease ηC simultaneously, destabilizing the plasmid 

(Eq. (25)). B. Evaluating conjugation inhibitor linoleic acid (Lin) and plasmid loss rate 

promoter phenothiazine (Pheno). Left: BK and R0 were grown overnight for 16 hours in 

LB at 37°C, with or without 3.25 mM Lin. Cells were resuspended in M9 

supplemented with the same overnight conditions (i.e., with or without 3.25 mM Lin) 

to quantify conjugation efficiency. The composition of each mixture was determined 

by selective plating (see Materials and Methods). Right: BK- was propagated daily in 

the presence of 50 μg/mL Kan, nothing, or 120 μM of Pheno. Kan was used as a 

control. Flow cytometry was used every day to quantify the percentage of BK- as a 

fraction of all BFP expressing cells. Y-axis is the fraction of BK- without antibiotic 

normalized by that treated with Kan to account for any error measurements associated 

with flow signal or YFP over time. The addition of Pheno significantly increased the 

rate of plasmid loss compared to no treatment by four-fold (see Figure 34B, right 

panel for rate constant fitting). C. Reversing resistance of RK. R0 and RK were mixed in 

equal fractions and diluted 10,000X daily for 11 days. Y-axis is fraction of RK as 

quantified by CFU on Cm and Cm+Kan plates. Measurements were done in replicates 

of four-six plates, and repeated at least twice for reproducibility. Error bars represent 

standard deviations of the averaged replicates. Green shading indicates the inhibitory 
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strategy, where from dark to light the treatments were control, Pheno, Lin, and 

combined. Since Lin was sufficient to inhibit persistence, the addition of Pheno had 

minimal effect.  D. Reversing resistance of R41. Same protocol, and color scheme as C. 

Quantification performed with Cm+Carb plates. For a plasmid exhibiting 

conjugation-assisted persistence, the combination of Pheno and Lin was synergistic if 

Lin alone was insufficient to destabilize the plasmid. 

Indeed, Lin alone was sufficient to destabilize a plasmid with low conjugation 

efficiency (Figure 32C, plasmid K). For a plasmid with greater ηC (e.g. for plasmid #41), 

Lin alone was insufficient, and the synergistic combination of Lin with Pheno was 

critical to reverse resistance (Figure 32D).  I note that pheno alone did not affect the 

conjugation efficiency (Figure 34B). 

Lin reduced the conjugation efficiency of most of the native plasmids by three-

fold (Figure 33A, top) and even by 50-fold in one (see Table 8 for all fold changes). 

Adjusting for this decrease in predicted ηCrit, maintaining the same cost (Figure 33B, 

middle), and assuming a four-fold increase in the Pheno-enhanced plasmid loss rate 

(Figure 32B, right), the criterion predicts that conjugation would be significantly reduced 

for most plasmids (Figure 33A, bottom, Table 8). Indeed, a combination of Lin and 

Pheno led to >99% elimination of plasmids where Δn < 0 (Figure 33B, plasmids K, #41, 

#168, PCU1). If Δn is close to 0, the plasmid still persisted but with a reduced infectivity 

(Figure 33B plasmids C, #193).  If Δn is sufficiently large (>>0), the plasmid would 

continue to dominate (Figure 33B, plasmids RP4, R6K, R388). That these three plasmids 
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were more difficult to reverse is not surprising, since their burden is either insignificant, 

or even beneficial, to R (Figure 31B). 

 

 

Figure 33: Generality of reversing resistance due to conjugation-assisted persistence. 

All estimates are performed the same as previously described and can be found in 

Materials and Methods. Measurements were performed in at least four replicates, and 

error bars represent the standard deviation of the growth rates averaged across all 

well replicates.  A. Predicting resistance reversal. (Top) Growth rates of each 

population in the presence of Lin and Pheno (light green bars) were not significantly 

different from the control (dark green bars) (P>0.2, two-sided t-test), and therefore this 

estimate did not change. (Middle) Measuring conjugation efficiency in the presence 

of Lin. Same donor and recipient setup was used as in Figure 27, and conjugation 

protocol is the same as described in Figure 32. (Bottom) Estimated critical conjugation 

efficiency ηCrit in the presence of Lin and Pheno. Lin and Pheno were predicted to 

reverse four out of nine plasmids (Δn < 0) and suppress the remaining five to varying 

degrees. Dark green bars indicate predictions in the absence of any intervention, and 

light green bars indicate estimates based on updated parameter estimates in the 

presence of both Lin and Pheno. Error bars represent standard deviations propagated 

from both efficiency and cost measurements. Bar legend is the same as middle panel.  

B. Combination treatment with Lin and Pheno suppressed resistance spread for most 
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native plasmids and species. Identical protocols as described in Materials and 

Methods, and Figure 28, are used here as well.  All four predicted plasmids indeed 

were successfully eliminated. The remaining five plasmids indeed exhibited varying 

degrees of suppression compared to no intervention (Figure 28). The plasmids used 

are (i) #168, (ii) #193, (iii) R388, (iv) C, (v) #41, (vi) RP4, (vii) K, (viii) PCU1, and (ix) 

R6K. Cost estimates for plasmids that did not entirely reverse appeared to either be 

neutral or beneficial, suggesting that conjugation is not the only factor promoting 

plasmid survival (such as competition). 

 

3.3 Discussion 

It is estimated that >50% of all plasmids can be transferred by conjugation19. The 

extent to which conjugation contributes to the difficulty of reversing antibiotic resistance 

has been debated for decades275,292,307.  Some have suggested that conjugation is not a 

major mechanism responsible for the persistence of plasmids132,278,282. The root of this 

apparent confusion is the lack of precise quantification of the plasmid dynamics as 

affected by conjugation, under environments with varying degrees of selection. 

Moreover, how conjugation contributes to plasmid persistence in a generic multi-species 

community has not been previously investigated. 

The results conclusively demonstrate that the transfer of various conjugal 

plasmids is sufficiently fast to exhibit persistence. This is consistent with recent work 

demonstrating the persistence of heavy metal resistance in the absence of positive 

selection when transferrable via conjugation, compared to inheritable solely through 

clonal expansion (the latter of which required positive selection to maintain)308.  
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The plasmids tested here cover six of the major incompatibility groups. Many 

plasmids encoding ESBL genes spread to diverse species through conjugation53,55. My 

findings may shed light on the apparent paradox regarding the high prevalence of ESBL 

resistance despite studies having determined ESBL plasmids are often costly to maintain 

289,309,310. Indeed, even in the absence of β-lactam treatment, my findings suggest that 

ESBL resistance is likely to persist for long periods of time. I further demonstrated that 

conjugation-assisted persistence is generally applicable to communities containing 

multiple plasmids and multiple species. This is particularly relevant, since HGT is 

pervasive, and extensively occurs in hot spots associated with highly dense and complex 

population structures, such as in the gut microbiome70.  That independent plasmid 

dynamics are additive greatly simplifies our understanding of plasmid dynamics in 

populations with greater complexity, as well as future work investigating intervention 

strategies. 

Several other factors may contribute to the long-term stability of such plasmids 

in the environment. Indeed, almost half of all plasmids are unable to transfer via 

conjugation. Co-evolution between the host and plasmid can compensate for fitness 

cost91,273,274,283,311, and recent work has shown that other factors such as positive selection 

coupled with compensatory adaptation can help explain long-term plasmid 

persistence283,312. Interestingly, compensatory mutations may also modulate other key 

processes involved with mobile genetic element (MGE) upkeep by directly or indirectly 
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effecting processes involved in conjugation, such as decreased expression of MGE 

replication311, down regulation of global gene expression313, or increased plasmid copy 

number312. Indeed, recent theoretical work emphasized the potentially paradoxical role 

of these interacting processes, where reducing fitness cost could mitigate the evolution 

for higher conjugation rates314. Future work investigating the extent to which 

compensatory mutations individually modulate κ, α, ηC, or some combination thereof, 

would provide critical insight into predicting evolutionary trajectories that enhance 

plasmid stability. 

Population dynamics are another potential contributing factor; one study 

showed that the presence of alternative hosts can promote the survival of a plasmid 

unable to persist in monoculture315. The physical environment may play an important 

role in plasmid persistence as well, since HGT dynamics change depending on the 

spatial structure of the community (reviewed in267). 

These findings demonstrate the necessity to inhibit the conjugation process for 

effective resistance reversal. In particular, in the absence of active intervention strategies, 

it is likely that judicious antibiotic use may only suspend the process of continued 

selection and enrichment, but would be unable to reverse resistance due to 

conjugation71,316. To this end, the synergy between plasmid-curing compounds and 

conjugation inhibitors represents a novel approach for antibiotic adjuvants aimed at 

targeting the ecological and evolutionary aspects of bacterial pathogenesis22,140. 
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3.4 Materials and methods 

3.4.1 Nomenclature  

To facilitate reading, naming convention of species (S) and plasmid (P) 

combinations are kept consistent throughout. Namely, SP denotes a background species 

S carrying plasmid P, S0 indicates S in the absence of P, and S without a superscript 

indicates the generic species either with or without the plasmid. In the case where the 

plasmid P is non-transferrable by conjugation, SP- is used, where "-" indicates the lack of 

transfer capabilities. 

 

3.4.2 Strains, growth conditions, and plasmid construction 

Derivatives of Escherichia coli strain MG1655 with chromosomal fluorescence and 

antibiotic resistance were obtained from the Gullberg lab317. Recipients B0 and R0 each 

carry helper F plasmid FHR, express blue fluorescent protein (BFP) and ampicillin (Amp, 

or Carb for carbenillin) resistance (AmpR), or dTomato and chloramphenicol (Cm) 

resistance (CmR), respectively. Note that for the multi-plasmid multi-species experiment, 

B0 expresses CmR instead of AmpR (see Table 6 for a complete list of strain details). 

Donor cells (B0 or R0 background) contain mobilization plasmid K from Dimitriu et al 

(denoted Y in referenced publication)227, which carries yfp gene under the control of 

strong constitutive PR promoter, oriT for transfer, and kanamycin (Kan) resistance (KanR) 

(denoted BK). For conjugation controls, non-transferrable plasmid K- is used, which is 
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identical to K but without oriT. Upon conjugation, transconjugants become 

indistinguishable from the donors. For experiments with a more costly plasmid (Figure 

30A-B), plasmid C is used. C expresses CmR, mCherry, and has p15A replication origin. 

For a complete list of strains and plasmids used in this study, see Table 6. For all 

experiments, single clones were grown separately overnight for 16 hours with shaking 

(250 rpm) in Luria-Bertani (LB) broth containing appropriate antibiotics (100 μg/mL Cm, 

100 μg/mL Carb, or 50 μg/mL Kan). All experiments were performed using M9 medium 

(M9CA medium broth powder from Amresco, lot # 2055C146, containing 2 mg/mL 

casamino acid, supplemented with 0.1 mg/mL thiamine, 2 mM MgSO4, 0.1 mM CaCl2, 

and 0.4% w/v glucose). 

 

3.4.3 Long-term plasmid dynamics for engineered conjugation 

16 hour overnight cultures (3 mL of LB media with appropriate selecting agents, 

density ~1x109 CFU/mL) were resuspended in M9 medium (0.4% w/v glucose) and 

diluted to an initial starting density of ~80 cells/mL. Strong initial dilutions were used to 

generate replicates with a range of initial conditions per well. Depending on the 

experiment, replicates ranged from 12 to 48 wells. For the one-species one-plasmid 

conjugation experiment (Figure 25A-B), B0 and BK cells were mixed in an equal ratio and 

strongly diluted to an initial density of ~80 cells/mL combined. The strongly diluted cell 

mixture was distributed amongst 24 well replicates in a 96-well plate to a final volume of 
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200 μL/well, supplemented with appropriate antibiotic (Kan = 0, 0.5, or 2 μg/mL). 96-

well plates were covered with an AeraSealTM film sealant (Sigma Aldrich, SKU A9224) 

followed by a Breath-Easy sealing membrane (Sigma Aldrich, SKU Z380059). Plates 

were shaken at 250 rpm for 23 hours and 37°C. This is denoted Day 0.  

To passage the plates, 198 μL of freshly mixed media was distributed into a new 

96-well plate, and an intermediate passaging plate containing 198 μL/well of autoclaved 

diH2O was prepared. 2 μL from the previous day’s plate was transferred to the 

intermediate passaging plate, mixed, and then 2 μL from the intermediate passaging 

plate was transferred into the new media-containing plate to achieve daily dilutions of 

10,000X. The new plate was sealed using both membranes, and placed back into the 

incubator to shake. This process takes approximately 1 hour. An additional 2 μL was 

added to the intermediate plate to be used for flow cytometry, and the experiments were 

carried out typically for 14-18 days.  

The same protocol is used for the one-plasmid two-species experiment (Figure 

30A, 48 well replicates), testing the additional plasmid C (Figure 30B, 12 well replicates), 

and the two-plasmid one-species experiment (Figure 30C, 12 well replicates). All 

experiments are initiated with equal volumes of all populations, except the latter, which 

initiates with only the two populations carrying each plasmid (BK and BC), at an initial 

density of ~80 cells/well. Non-conjugating experiments had an identical setup with the 

substitution of K- plasmid for K.  
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3.4.4 Flow cytometry calibration 

To calibrate flow cytometry for accurate quantification of plasmid-free and 

plasmid-carrying populations, I mixed various ratios of the cell populations B0, R0, BK-, 

and RK- in different combinations with one another (Figure 22B). Cell mixtures were 

diluted 1000X from overnight culture, resulting in a flow speed of around 5,000 cells/s. 

Fluorescent gating cutoffs were determined in such a way that were both obvious by 

eye, and resulted in <5% differences between the population mixtures (as determined by 

volume) when quantified. 5% was chosen as this is the detection limit for the machine. 

All data quantification was performed using MATLAB. The same threshold values were 

used to gate every experiment. Flow measurements were always performed on live cells, 

on the actual day of the experimental time point, within 1 hour of removing the plate 

from the incubator. 

 

3.4.5 Quantifying modeling parameters α, κ, and ηC 

3.4.5.1 Plasmid cost 

α was determined using plate-reader measurements of B and R bacterial growth 

in the presence of 0, 0.5, or 2 μg/mL Kan (Perkin-Elmer Victor 3/X3) at 37°C. Overnight 

cultures of cells (prepared as described previously) were resuspended into M9 media 

and diluted 10,000X prior to starting the experiment.  Four technical replicates per 
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concentration were used for quantification. Growth rates were quantified by log 

transforming the growth curves, using K-means clustering to non-arbitrarily locate the 

region of longest exponential growth, smoothing, and fitting the linear portion (all 

processing done using MATLAB). α is determined by normalizing the growth rate 

obtained from the plasmid-free population (R0 or B0) by the plasmid-carrying population 

(RK or BK, respectively).  These experiments were performed at three antibiotic 

concentrations used in the main experiments to model the individual dynamics (Figure 

23A, Figure 29A-C). The growth temperature used to quantify α corresponds to that 

which was used for long-term experiments (e.g. 37°C for R/RK, and 30°C for R/ RRP4, see 

Table 6 for each specific condition).  

3.4.5.2 Conjugation efficiency 

Conjugation efficiency was estimated using the protocol established by Lopatkin 

et al83. 16 hour overnight cultures of BP and R0 (3 mL LB media with appropriate 

selecting agents, density ~1x109 CFU/mL) were resuspended in M9 medium (0.4% w/v 

glucose) and mixed in a 1:1 ratio using 400 μL. Mixtures were incubated at room 

temperature (25°C) for 1 hour in the absence of shaking. R0 and BP were used pairwise in 

these experiments to take advantage of the different resistant markers: (e.g. for plasmid 

K, Kan (50 μg/mL) is used to quantify donors, Cm (100 μg/mL) for recipients, and the 

Kan+Cm combination can distinguish transconjugants). Parental densities were obtained 

by spreading serially diluted mixture (net 5x107-fold) onto selective plates. Four-six 
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replicate measurements onto respective antibiotic-containing plates were obtained per 

condition. To quantify transconjugants (RP, as a result of transfer from B to R), cells were 

plated at a dilution of 40-fold onto plates containing both antibiotics. Plates were 

incubated overnight at 37°C and colony forming units (CFU) were counted the following 

day. Depending on the efficiency of a particular plasmid, the transconjugant dilution 

factor may increase or decrease slightly to ensure countable colonies (~50-200 per plate). 

The conjugation efficiency is estimated as 
		
η = RP

BPR0∆t
, with units of cell/mL hr-1, 

and is dependent on the cell density. For all modeling and predictions, the cell density-

independent rate constant ηC was used, by normalizing η with respect to the carrying 

capacity, e.g. ηC = η x Nm, where Nm = 1 x 109 cell/mL is the carrying capacity. ηC has units 

of hr-1. 
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Figure 34: Quantifying parameters for inhibition strategies. A. Left: Lin did not 

inhibit growth of B0 strain. Growth rates are quantified using plate reader 

measurements, and fitting a linear regression to log-transformed exponential growth 

region. Concentrations of linoleic acid tested were 0, 0.01, 0.068, 0.46, 3.16, 21.54, 

146.78, 1000 mM. Right: Pheno did not inhibit growth of B0 strain. Growth rates are 

quantified using plate reader measurements, and fitting a linear regression to log-
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transformed exponential growth region. Concentrations of phenothiazine tested were 

0, 0.002, 0.14, 0.093, 0.63, 4.31, 29.36, 200.0 μM.  B. Measuring effects of pheno on 

conjugation efficiency and plasmid loss. Left: R0 was used as recipient and BC as 

donor. 120 μM of Pheno did not affect the conjugation efficiency (P > 0.7, two-sided t-

test). Right: As with Figure 22A, BK- culture was propagated daily in the presence of 50 

μg/mL Kan, nothing, or 1.2 μM Pheno using the same protocol as the main 

experiments (Figure 25). This concentration of Kan was used as a control for 100% 

plasmid population. Flow cytometry was used every few days to quantify the 

percentage of BK- cells as a fraction of all BFP expressing cells. Y-axis is the fraction of 

BK- normalized by the Kan control to account for any error measurements associated 

with flow signal or YFP over time. Black line indicates exponential decay fits 

		
y = x

1
e

−x
2
t
. The calculated plasmid loss rate constant for plasmid K without 

antibiotics is κK = x2/24 = 0.001 hr-1 (gray squares, identical to Figure 23B). In the 

presence of Pheno there is ~4-fold increase in the rate loss constant (κPh).  

 

3.4.5.3 Calculating plasmid loss 

To estimate the plasmid loss rate, experiments were initiated with 100% of BK-, 

the non-transferrable variant of K. Cells were diluted 10,000X daily and monitored for 

approximately one week, at which point sufficient plasmid loss was observed (Figure 

34A) such that exponential functions could be fit to the loss curves. The percentage BK- 

(BK- with no antibiotics normalized by BK- with 50 μg/mL Kan) is fit to an exponential 

decay curve such that 

		

%B
0

K

%B
Kan

K
= x

1
e

− x
2
t
, where the calculated plasmid loss rate constant 

for plasmid K is κK = x2/24 hr-1. Similarly, the same procedure is performed to determine 

the effect of Pheno on κK, where %BK- treated with Pheno is used instead of %BK- without 

any treatment. 



 

141 

Experimentally, I measure plasmid loss by propagating a population initiated 

with 100% plasmid-carrying cells that are non-transferrable, and quantifying the 

percentage of plasmid-carrying cells over time. The decay of the fraction of plasmid 

carrying cells (B1) is measured using the following equation:  

		

B1

B1 +B0
= x

1
e

−tx
1    (26) 

where the rate constant x2 represents the observed plasmid loss rate (κobs). Since the 

plasmid is non-transferrable, conjugation does not confound these measurements. 

However, since the plasmid is costly, κobs is a function of the cost as well, since 

competition cannot be excluded.  

To determine the extent to which cost confounds the plasmid loss rate constant, 

consistent with the experimental setup I assume the following: 

1. Cells grow approximately exponentially 

2. ηC = 0 

The differential equations can be written as follows: 

		

dB1

dt
= µ

1
B1 −B1κ −DB1   

		

dB0

dt
= αµ

1
B0 +B0κ −DB0  

This system of differential equations can be solved analytically, such that 		B
1 = e

t µ
1
−κ −D( )
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λ = µ
1

−κ −D

B0e
t D−αµ

1( )
dB0 = κ∫ e

t λ+D−αµ
1( )
dt

B0 = κ
D−αµ

1
+ λ

e
t λ+D−αµ

1( ) +C
1
e
t αµ

1
−D( )

C
1

= κ
D−αµ

1
+ λ

B0 = κ
D−αµ

1
+ λ

etλ −e
t αµ

1
−D( )( )

  

From the solution of B0, it is clear that if the plasmid has a low cost (e.g. α≈1 which is 

true for plasmid K (α=1.02), then 		B
0 ≈ e

t αµ
1
−D( ) −etλ  . Therefore, substituting B1 and B0 

with the explicit form: 

 

		

ln B1( )− ln B1 +B0( ) = ln x
1( )− x

2
t

t λ + x
2( ) = ln x

1( )+ ln e
t αµ

1
−D( )( )   

This gives us the final equation, where x2  = κobs: 

		
κ

obs
=κ + µ

1
α −1( )+

ln x
1( )

t
  

This shows that κobs is most accurate as α� 1 (low cost, e.g. κobs ≈ κ0. As the cost 

increases, κobs is increasingly confounded by the growth rate. In that case, 
	
κ =κ

obs
+ ∆

p
, 

where 
		
∆

p
= µ

1
α −1( )+

ln x
1( )

t
.  According to parameter estimates, for x1=0.96 (flow 

detection limit) and small time (e.g. t=10 for relevant ranges of measuring α) then 

		
∆

p
≈0.0019 , which is less than the error associated with estimating

		
κ

obs
≈0.0022( ). 
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3.4.6 Conjugation dynamics for native plasmids 

For all plasmids tested, those previously characterized were measured using 

known resistance markers from literature (e.g. R388, R6K, RP4, PCU1, K, and C). ESBL 

pathogen conjugation ability and resistance spectrum was established in a previous 

publication83. In particular, Carb resistance was transferred from conjugation-capable 

ESBL donors to R0 recipient for further characterization. R carrying one of the 9 tested 

plasmids is denoted RP for generality in this description (Table 6).  

All additional plasmids were transferred to background strain R for all other 

measurements. Growth rates of the additional plasmids RP were obtained using the 

same methodology for the engineered system, namely, log-transforming growth curves 

from a plate reader fitting the linear portion to a regression. α was calculated in the same 

way as described previously, namely, by normalizing the growth rate of R0 by the 

growth rate of RP (Figure 27B).   Conjugation efficiency estimates for all native plasmids 

were performed using R0 as the recipient except for the plasmid C, which used B0 as 

recipient. For all ESBL conjugation efficiency estimates, the native strains were used as 

donors.  Donors with compatible resistance markers with the plasmid and R0 were used 

for the remaining plasmids (Table 6, Figure 27C). Equal volumes of R0 and RP were 

mixed and diluted 10,000X from the overnight culture density into a 96-well plate. Plates 

were sealed using both sealing membranes and grown for 23 hours at 30°C or 37°C (see 

Table 6) and 250 rpm. Every few days, the percentage of RP remaining in the mixture 
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was quantified using CFU. The percentage was obtained by spreading diluted culture to 

a range that resulted in 20-150 countable colonies, which was typically a net of 1x107-

fold onto Cm and Cm+Carb plates (but changed depending on the growth rate of the 

strain being tested). For all plasmid information, see Table 6. Identical protocols for the 

engineered system and native plasmids were used for all inhibition experiments, where 

the media was supplemented with 3.25 mM Lin or 120 μM Pheno, or both (Figure 33A). 

To initiate the three-species three-plasmid experiment, six populations (R0, Y0, B0, 

RR6K, YR388, and BRP4) were mixed together in arbitrary fractions. The mixture was 

propagated daily every 24 hours at a dilution of 10,000X. To quantify population 

fraction, flow cytometry is used to distinguish red, yellow and blue fluorescence, and 

measurements were taken daily. To quantify plasmid fraction every three-four days, 

selective plating was performed to determine the fraction of each individual plasmid 

(CFU from plates containing both Cm and either Strep, Kan, or Tm divided by CFU 

obtained from Cm plates). To determine competition between the three populations, R0, 

B0, and Y0 only were mixed and similarly propagated. No CFU measurements were 

taken as there were no plasmids present. Note that for this set of experiments, B0 is 

different from B0 used in the previous ones, as it expresses CmR chromosomally instead 

of AmpR. 
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3.4.7 Estimating ηCrit 

The cost of each plasmid was determined relative to R0, the plasmid-free 

counterpart (Figure 27B, Table 8). I assume the plasmid loss rate to be small for all 

plasmids (0.001hr-1, as with K Figure 22A). Indeed, large plasmids (like most conjugal 

(>20kb)19) are typically low copy number to minimize burden307,318,319, and therefore often 

employ one or more active partitioning mechanisms to promote stable inheritance320-322. 

To compare with ηCrit, the conjugation efficiency ηC was determined using R0 as the 

recipient harvested during stationing phase (Figure 27C, Table 8). Similar to K, the 

physiological influence on η was accounted for by using an upper estimate 2.5x103 

greater than the measured value for comparison with ηCrit.  

 

3.4.8 Model Development 

3.4.8.1 One-species one-plasmid model 

The general kinetic model for conjugation dynamics consists of n x 2P ordinary 

differential equations (ODE), where n is the number of species (S) (e.g. R or B), and P is 

the number of transferrable plasmids. For the simplest case, two ODE equations are 

used to represent 1 species divided into 2 sub-populations (n=1, p=1) that either does (s1) 

or does not (s0) carry the plasmid: 

		

ds0

dt
αµs0 1−

s0 + s1

N
m









 −ηs0s1 +κ s1 −Ds0   (27) 
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ds1

dt
µs1 1−

s0 + s1

N
m









 +ηs0s1 −κ s1 −Ds1    (28) 

In this model, s can gain the plasmid through conjugation at the conjugation 

efficiency rate η, s can lose the plasmid due to natural segregation error at a rate 

constant κ. The two populations grow to a shared carrying capacity (Nm) and the growth 

rate of s0 is proportional to the growth rate of s1 (μ) according to α such that s0 grows at a 

rate αμ. Thus, α represents the relative burden of the plasmid when α >1, and the 

relative benefit when α < 1. Experimental measurements for all parameters can be found 

in Table 7 or Figure 27. Letting S 1= s1/Nm, S0= s0/Nm and ηC = Nmη: 

		

dS0

dt
αµS0 1−

S0 + S1

N
m









 −ηS0S1 +κ S1 −DS0   (29) 

		

dS1

dt
µS1 1−

S0 + S1

N
m









 +ηS0S1 −κ S1 −DS1    (30) 

In the limiting case where α/S0 is small, we used the null-clines obtained from Eq. (29)-

(30) to solve for the steady state of S0:: 

		

S0 =
αµ +η

C( ) κ +D( )− µ D+η
C( )

αµ2 − αµ +η
C( ) µ +η

C( )                         (31) 

Stability analysis revealed there is only one solution where S0 (and thus S1) exists and is 

non-trivial. The denominator  always. Therefore, the 

numerator must also be negative for S0 to be physically meaningful:  
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αµ +η

C( ) κ +D( ) < µ D+η
C( )   

	

η
C

>
µ α κ +D( )−D( )

µ −κ −D
  

Assuming 	µ >>κ +D, we get: 

	
η

C
>η

Crit
= α κ −D( )−D    (32) 

All modeling parameters can be found in Table 7. To mimic experimental 

conditions, each simulation set consists of a set of 20 replicates that vary in their initial 

fraction. In MATLAB, this is realized by first initiating each simulation by generating a 

vector of randomly assigned initial cell densities for each population drawn from a 

uniform distribution. This is done such that the total density is maintained at 1x10-6. The 

same vector of randomly generated initial conditions is maintained for a single 

simulation set, i.e. for comparing different α. To account for error estimates and day-to-

day variability in conjugation efficiencies measurements, noise is introduced such that 

all efficiencies for each set of initial conditions can vary a small amount from the basal 

value, within 10% of the mean. This variability does not change the qualitative results 

(Figure 26C). All parameter values are based on experimental estimates (Table 7). This 

model was used for Figure 25, Figure 26B-C (with dilution), and Figure 30A. To model 

the plasmid with increased cost (C, Figure 30B), the only parameters that changed were 
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α (experimentally estimated) and κ (assumed a two-fold increase based on cost 

increase).  

To ensure continuous dilution rate (D) is an appropriate approximation of the 

discrete 24-hour dilution cycles that were utilized experimentally, I implemented a 

variant of this model without dilution (i.e. Eq.(29)-(30), where D = 0). Here, every 24 

hours the final fraction of S1 and S0 is collected, divided by 10,000, and used to initiate 

the next seasonal growth period. Results show qualitatively similar trends regardless of 

whether continuous or periodic D is used (Figure 26B).  

Since the continuous model approximates a continuous growth rate below the 

carrying capacity, I use a higher growth rate here (1 hr-1), but maintain consistent values 

for the comparison to the continuous model (e.g. also μ= 1hr-1), demonstrating this is not 

critical to capture the overall dynamics.  Given the consistency, Eq. (29)-(30) with 

continuous D are used to simplify analysis. Importantly, the continuous dilution format 

reduces the model sensitivity to growth rate as long as it is sufficiently greater than D (as 

demonstrated by Figure 26B). 
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To examine the potential influence of compensatory adaptation, I modified the model to 

include a third population of mutants, M: 

		

dS0

dt
= αS0 1− S1 + S0 +M

N
m









 −ηS0 S1 +M( )+κ S1 +M( )−DS0  (33) 

		

dS1

dt
= S1 1−

S1 + S0 +M

N
m









 +ηS0S1 −κ S1 −DS1 − βS1   (34) 

		

dM

dt
= α

M
M 1−

S1 + S0 +M

N
m









 +ηS0M −κM −DM + βM   (35) 

S1 transitions to M at a rate β such that M has reduced fitness burden; M grows at 

a rate equal to or slightly greater than S0 (α=1 or 0.9 for neutral or beneficial growth, 

respectively). Analysis demonstrates that regardless of whether the plasmid can 

conjugate, a rapid transition rate (β ≈ 0.001 and above) will result in a significant portion 

of the final plasmid population consisting of M compared to S1 after 14 days (Figure 

26A). This value is large compared to typical estimates of mutation rates. Particularly, it 

is estimated that spontaneous mutations arise at a frequency of around 10-8-10-10 per base 

pair per generation323, and only a fraction of these will confer increased resistance. In this 

work, the plasmid was readily eliminated in the absence of conjugation (Figure 25A). 

Thus, this analysis suggests that compensatory mutations of this low-cost plasmid likely 

did not contribute significantly to the overall dynamics.  
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3.4.8.2 Modeling populations with multiple species and/or plasmids 

3.4.8.2.1 Two-species one-plasmid model 

 

Modeling two species with one plasmid (n=2, p=1) required four ODEs, where 

the subscript 1 or 2 indicates species (S) number and αi represents the respective cost of 

the plasmid in each respective species (quantified experimentally in Figure 29A): 

		

dS
1

0

dt
= α

1
S
1

0µ
1
1−

S
1

0 + S
1

1 + S
2

0 + S
2

1

N
m









 −η

1
S
1

0S
1

1 −η
2
S
1

0S
1

2 +κ S
1

1 −DS
1

0   (36) 

		

dS
1

1

dt
= S

1

1µ
1
1−

S
1

0 + S
1

1 + S
2

0 + S
2

1

N
m









 +η

1
S
1

0S
1

1 +η
2
S
1

0S
1

2 −κ S
1

1 −DS
1

1  (37) 

		

dS
2

0

dt
= α

2
S
2

0µ
2
1−

S
1

0 + S
1

1 + S
2

0 + S
2

1

N
m









 −η

3
S
2

0S
2

1 −η
4
S
2

0S
2

2 +κ S
2

1 −DS
2

0   (38) 

		

dS
2

1

dt
= S

2

1µ
2
1−

S
1

0 + S
1

1 + S
2

0 + S
2

1

N
m









 +η

3
S
2

0S
2

1 +η
4
S
2

0S
2

2 −κ S
2

1 −DS
2

1   (39) 

Each simulation is initiated by generating a vector of randomly assigned initial 

cell densities for each population drawn from a uniform distribution such that the total 

density for all four populations is maintained at 1x10-6. 

 

3.4.8.2.2 One-species, two-plasmid model 
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To model one species with two plasmids (n=1, p=2), I use indexed superscripts to 

indicate which plasmid is being transferred and received. In particular, superscript 00 

indicates no plasmid, superscripts 01 and 10 indicate the species carries either one of the 

plasmids, and 11 indicates the species carries both plasmids. The cost for each plasmid 

individually was determined previously, where α1 and α2 are the same between this 

model and the previous ones. The cost for species carrying both plasmids was quantified 

similarly as with all other cost experiments (Figure 29B).  

		

p= S00 + S01 + S10 + S11

N
m

 

		

dS00

dt
= S00µ 1− p( )− S00 η

1
S01 +η

2
S10 +2η

3
S11( )+κ

01
S01 +κ

10
S10 −DS00       (40) 

		

dS01

dt
= S01µ

α
K

1− p( )+η
3
S00S11 +η

1
S01S00 −η

4
S10S01 −η

5
S11S01 +κ

01
S11 − S01( )−DS01   (41) 

		

dS10

dt
= S10µ

α
C

1− p( )+η
3
S00S11 +η

2
S10S00 −η

4
S10S01 −η

6
S11S10 +κ

10
S11 − S10( )−DS10   (42) 

		

dS11

dt
= S11µ

α
CK

1− p( )+2η
4
S01S10 +η

5
S11S01 +η

6
S11S10 − S11 κ

10
+κ

01( )−DS11       (43) 

Each simulation is initiated by generating a vector of randomly assigned initial 

cell densities for S01 and S10 only, drawn from a uniform distribution such that the total 

density is maintained at 1x10-6. 
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3.4.8.2.3 Three-species, three-plasmids model  

 

To model the multi species multi plasmid community (n=3, p=3), I use 

superscript indices to represent plasmid, where the index represents which plasmid the 

species carries, and subscripts indicate the species number (e.g. 
		
S
2

011  is species 2 carrying 

plasmids 2 and 3). This notation allowed us to create an algorithm for automatically 

generating the ordinary differential equations for any arbitrary number of species or 

plasmids (see the general equation form in Appendix B. 

For this case, n x 2P = 24 sub-populations that result from three species (S1, S2, S3) 

carrying up to three plasmids (S100,S010,S001), and these 6 populations only makeup the 

starting composition. Each species and plasmid pair has a unique α associated with it, 

estimated from Figure 31B. All plasmid loss rates are assumed to be equal such that κ = 

0.001 hr-1, and dilution is the same as all previous simulations (0.05 hr-1).  

A sample equation (Eq. (44)) is shown below for 
		
S
1

000 , and a general form for the 

conjugation process and any arbitrary number of species and plasmids can be found in 

Appendix B.  

		

dS
1

000

dt
= µS

1

000 1− S
i

abc

c=0

1

∑
b=0

1

∑
a=0

1

∑
i=1

3

∑






   

		
−S

1

000 η
1
S
1

001 +η
2
S
1

010 +2η
3
S
1

011 +η
4
S
1

100 +2η
5
S
1

101 +2η
6
S
1

110 +3η
7
S
1

111( )   

 
		
−S

1

000 η
9
S
2

001 +η
10
S
2

010 +2η
11
S
2

011 +η
12
S
2

100 +2η
13
S
2

101 +2η
14
S
2

110 +3η
15
S
2

111( )   
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−S

1

000 η
17
S
3

001 +η
18
S
3

010 +2η
19
S
3

011 +η
20
S
3

100 +2η
21
S
3

101 +2η
22
S
3

110 +3η
23
S
3

111( )   

		
+S

1

001κ 3 + S
1

010κ 2 + S
1

100κ 1 −DS
1

000   (44) 

To assign all 252 parameters of ηC, I randomly generate values that fall within 

10% of the basal value 0.02. To estimate α, I measured the cost for all three populations 

each carrying a single plasmid. Table 7 lists each of these values individually. Each α is 

numbered by subscripts indicating (species, plasmid combination), resulting in 21 α 

parameters. I assume for generality that α for carrying more than one plasmid is equal to 

the minimum cost value associated with each plasmid being carried, determined by my 

experimental estimations. I note that unlike the simplest model (n=1, p=1), this scenario 

has various alternative steady states determined largely by the combination of 

conjugation efficiencies and plasmid costs. Therefore, it is possible that randomly chosen 

initial conditions may result in plasmid loss through competition. 
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3.4.9 Supporting tables 

Table 6: A combined list of all strains and plasmids used in this study.  

Name Strain/Species Plasmid Description Resistance 

Experiment 

temperature 

and specifics 

B0 

 

DA26735 Eco 

lacIZYA::FRT, 

galK::mTagBFP2- AmpR 
297 

 

FHR 

1. Chromosomal BFP 

2. Chromosomal AmpR 

3. Helper F 

AmpR, TetR 37°C 

BK 

 

DA26735 Eco 

lacIZYA::FRT, 

galK::mTagBFP2- AmpR 
297 

 

1. FHR 

2. K (KanR, YFP, 

oriT) 

1. See B0 

2. Mobile plasmid via 

FHR 

 

AmpR, TetR, 

KanR 
37°C 

BK- 

 

DA26735 Eco 

lacIZYA::FRT, 

galK::mTagBFP2- AmpR 
297 

 

1. FHR 

2. K- (KanR, 

YFP) 

1. See B0 
AmpR, TetR, 

KanR 
37°C 

BC 

 

DA26735 Eco 

lacIZYA::FRT, 

galK::mTagBFP2-

AmpR297 

 

1. FHR 

2. C (CmR, 

mCherry, oriT) 

 

1. See B0 

2. Mobile plasmid via 

FHR 

 

AmpR, TetR , 

CmR 
37°C 

R0 

 

DA32838.Eco galK::cat-

J23101-dTomato297 

 

FHR 

1. Chromosomal 

dTomato 

2. Chromosomal AmpR 

3. Helper F 

CmR, TetR 37°C 

RK 

 

DA32838.Eco galK::cat-J23101-

dTomato297 

1. FHR 

2. K (KanR, YFP, 

oriT) 

 

1. See R0 

2. Mobilizable plasmid 

via FHR 

 

 

CmR, 

 TetR, KanR 

37°C 

RK- 

DA32838.Eco galK::cat-

J23101-dTomato297 

 

1. FHR 

2. K- (KanR, 

YFP) 

See B0 CmR, TetR, KanR 37°C 
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Y0 

DA28100 Eco galK::cat-

J23101-SYFP2297 

 

FHR 

 
See B0 CmR, TetR 30°C 

B0 (multi 

species 

multi 

plasmid) 

DA28102 Eco galK::cat-

J23101-mTagBFP2297 

 

FHR 

 
See B0 CmR, TetR 30°C 

ESBL 

donor 

Three E. coli Isolates: 

Numbers 41, 168 and 

193 

ESBL plasmid, 

respectively 

 

Clinical E. coli isolate of 

unknown genotype 

containing a conjugative 

plasmid that confers 

resistance to ESBLs. Isolation 

occurred as described in 

Materials and Methods. Full 

plasmid sequence unknown 

(Figure 28 vi-ix). 

 

Extended 

spectrum β-

lactams 

(including Ctx) 

30°C 

R6K donor 

 

E. coli strain k-12 J53, 

F− met pro Azir 

 

R6K 

Strain containing the native 

RP4 self-transmissible 

plasmid. 

AmpR, StrR 30°C 

RP4 donor 

 

E. coli MC4100z1 (F– 

araD139 Δ(argF-

lac)U169 rpsL150 

(StrR)relA1 flbB5301 

deoC1 ptsF25 rbsR / RP4 

IncPα Tra+AmpR KanR 

TetR) 

 

RP4 

Strain containing the native 

RP4 self-transmissible 

plasmid. 

KanR, AmpR, StrR 30°C 

R388 donor 

 

E. coli strain k-12 J53, 

F− met pro Azir 

 

R388 

Strain containing the native 

RP4 self-transmissible 

plasmid. 

TmR, SmR 30°C 

PCU1 

donor 

E. coli DH5αPro” (F– 

endA1 glnV44 thi-1 

recA1 relA1 gyrA96 deoR 

nupG purB20 

φ80dlacZΔM15 

Δ(lacZYA-argF)U169, 

hsdR17(rK–mK+), λ–) 

PCU1 

Strain containing the native 

PCU1 self-transmissible 

plasmid. Experiments 

performed at 37°C due to the 

high cost. 

AmpR 37°C 
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Table 7: Experimental estimates and modeling parameter values. 

Parameter and 

description 

Experimental value Experimental 

units 

Modeling 

value 

Modeling 

units 

Reference 

 

κ 

 

Plasmid loss rate 

 

0.001 

 

Hr-1 

 

0.001 

 

Hr-1 

This 

chapter 

(Figure 

23B) and 
276 

 

α 

 

Relative plasmid 

burden for S1 

(Eq.(29)-(30)) 

 

1. BK modulated with 

Kan (0, 0.5, 2 μg/mL, 

Figure 25): 

[1.02, 0.97, 0.42] 

 

2. BC modulated with 

Cm (0,0.5, 2 μg/mL, 

Figure 30B): 

[1.21, 0.89, 0.33] 

 

 

Unitless 

 

1. [1.02, 0.97, 

0.42] 

 

 

 

2. [1.13, 1.05, 

0.45] 

 

  

This 

chapter 

(Figure 

23A) 

 

This 

chapter 

(Figure 

29) 

 

α1 

 

Relative plasmid 

burden for S1 

(Eq. (36)-(39)) 

 

 

1. BK modulated with 

Kan (0, 0.5, 2 μg/mL, 

Figure 25): 

[1.02, 0.97, 0.42] 

 

Unitless 

 

1. [1.02, 0.97, 

0.42] 

 

 

 

Unitless 

 

This 

chapter 

(Figure 

29) 

 

α2 

 

 

Relative plasmid 

burden for S2 

(Eq. (36)-(39)) 

 

 

 

1. RK modulated with 

Kan (0, 0.5, 2 g/mL, 

Figure 30A): 

[1.07 0.99 0.86] 

 

 

 

Unitless 

 

 

1. [1.03, 1.02, 

0.9] 

 

 

 

Unitless 

 

This 

chapter 

(Figure 

29) 

 

αK 

 

 

Relative plasmid 

burden for S1 

(Eq. (40)-(43)) 

 

BK modulated with 

Kan (0, 0.5, 2 μg/mL, 

Figure 30C): 

[1.02, 0.97, 0.42] 

 

BK modulated with 

Unitless  

1. [1.02, 0.97, 

0.42] 

 

 

 

2. [1.02 1.02 

 

Unitless 

This 

chapter 

(Figure 

29) 
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Cm (0, 0.5 2 μg/mL, 

Figure 30C): 

[1.02, 1.035, 1.00] 

 

1.02] 

 

αC 

 

 

Relative plasmid 

burden for S1 

(Eq. (40)-(43) 

 

BC modulated with 

Kan (0, 0.5, 2 μg/mL, 

Figure 30C): 

[1.21, 1.5, 1.00] 

 

BC modulated with 

Cm (0, 0.5, 2 μg/mL, 

Figure 30C): 

[1.21, 0.89, 0.33] 

 

 

Unitless 

 

1. [1.13, 1.13, 

1.2] 

 

 

 

2. [1.13 1.05 

0.45] 

 

 

Unitless 

This 

chapter 

(Figure 

29) 

 

αCK 

 

 

Relative plasmid 

burden for S11 

(Eq. (40)-(43) 

 

BCK modulated with 

Kan (0, 0.5, 2 μg/mL, 

Figure 30C): 

[1.38 1.4 0.6] 

 

BCK modulated with 

Cm (0, 0.5, 2 μg/mL, 

Figure 30C): 

[1.38 1.13 0.4] 

 

 

Unitless 

 

1. [1.3, 1.2, 

0.42] 

 

 

 

2. [1.3, 1.02, 

0.35] 

 

 

Unitless 

 

This 

chapter 

(Figure 

29) 

 

μ1 

 

Growth rate of 

plasmid population 

for (BK) S1 

 

 

BK = 0.2-0.4 

depending on 

temperature 

 

Hr-1 

 

0.3 

 

 

Hr-1 

 

This 

chapter 

(Figure 

27A) 

 

μ2 

 

Growth rate of 

plasmid population 

for (RK) S2 

 

 

RK = 0.2-0.4 

depending on 

temperature 

 

 

Hr-1 

 

0.33 

 

Hr-1 

 

This 

chapter 

(Figure 

27A) 

 

Strain B: 

1. αR6K 

 

1. 0.87 

 

 

Unitless 

 

 

1. 0.87 

 

 

Unitless 

 

This 

chapter 
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2. αR388 

 

3. αRP4 

 

Relative plasmid 

burden for species 

B with each 

plasmid 

(Appendix B) 

 

2. 0.84 

 

3. 0.89 

 

(Used in Figure 31B-

E) 

2. 0.84 

 

3. 0.89 

 

(Figure 

31B) 

 

Strain R: 

1. αR6K 

 

2. αR388 

 

3. αRP4 

 

Relative plasmid 

burden for species R 

with each plasmid 

(Appendix B) 

 

 

1. 0.75 

 

2. 0.66 

 

3. 0.72 

 

(Used in Figure 31B-

E) 

 

 

Unitless 

 

1. 0.75 

 

2. 0.66 

 

3. 0.72 

 

 

Unitless 

 

This 

chapter 

(Figure 

31B) 

 

Strain Y: 

1. αR6K 

 

2. αR388 

 

3. αRP4 

 

Relative plasmid 

burden for species 

Y with each 

plasmid 

(Appendix B) 

 

 

1. 0.92 

 

2. 0.86 

 

3. 0.90 

 

(Used in Figure 31B-

E) 

 

Unitless 

 

1. 0.92 

 

2. 0.86 

 

3. 0.90 

 

 

Unitless 

 

This 

chapter 

(Figure 

31B) 
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1. μS1 

 

2. μS2 

 

3. μS3 

 

Growth rate of 

plasmid-free 

species in multi-

plasmid multi-

species 

experiment 

(R0,B0,Y0, 

Appendix B) 

 

1. 0.217 

 

2. 0.219 

 

3. 0.18 

 

Hr--1 

 

1. 0.217 

 

2. 0.219 

 

3. 0.18 

  

This 

chapter 

(Figure 

31B) 

 

Nm 

 

Carrying capacity 

 

 

~1x109 

 

Cells/mL 

 

 

1 

 

Unitless 

 

This 

chapter 

 

D 

 

Dilution rate 

 

 

0.05 

 

Hr-1 

 

0.05 

 

Hr-1 

 

This 

chapter 

 

η and ηC 

 

Conjugation 

efficiency 

 

 

η= 2.5x10-11 

 

Cells-1hr-1 

 

ηC= 2.5x10-2 

 

Hr-1 

 

This 

chapter 

(Figure 

27C) and 

ref 83 

 

Si 

 

Initial starting 

density 

 

 

~80 

 

Cells/mL 

 

1x10-6 

 

Unitless 

 

This 

chapter 
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Table 8: Plasmid parameter summary and predictions. A comprehensive summary of 

all plasmids, including a description of the resistance, incompatibility group if 

known, measured cost, conjugation efficiency with and without inhibition, and 

predicted stability with and without inhibition. 

 

3.5 Acknowledgments 

This chapter includes material from “Suppression and reversal of plasmid-

mediated antibiotic resistance,” Lopatkin, A.J., et al., under revisions at Nature 

Communications (2017). 

Plasmid Origin Cost ηCrit Efficiency 

(No 

inhibition) 

(cells-1hr-1) 

Predicted 

persistence 

(no 

inhibition) 

Fold-

decrease of 

efficiency 

with 

inhibition 

Predicted 

persistence 

(with 

inhibition) 

Criteria 

met (No 

inhibition) 

K oriT 

mobile 

F 

1.02 2.4x1

0-3 

2.5x10-15 Y 2.96 N Y 

C oriT 

mobile 

F 

1.21 9.1x1

0-3 

1.09x10-14 Y 1.54 Y Y 

41324 incN 1.36 0.02 1.80x10-14 Y 12.43 N Y 

168324 incF 0.95 -2x10-

4 

5.94x10-15 Y 53.42 N Y 

193324 incI 0.90 -4x10-

3 

2.38x10-15 Y 3.31 Y Y 

RP4 incP 0.81 -4x10-

3 

1.76x10-12 Y 13.06 Y Y 

R6K incX 1.03 -0.01 9.19x10-14 Y 2.46 Y Y 

PCU1 incN 1.21 0.94 1.45x10-13 Y 13.09 N Y 

R388 incW 0.66 -0.16 1.94x10-12 Y 2.49 Y Y 
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4. Non-HGT acquisition of antibiotic resistance: the 
reverse inoculum effect 

Bacteria have evolved a myriad of genetic mechanisms to protect against 

antibiotic treatment (Figure 35)325.  Although HGT is the primary contributor to the 

dissemination of these genes, chromosomal mutations also contribute to clinical 

antibiotic resistance, albeit to a lesser extent (~20% vs 80%)326. For example, single 

mutations in key essential genes can confer significant antibiotic tolerance to diverse 

antimicrobial classes, such as 23S rRNA mutations conferring macrolide resistance, or 

ribosomal subunit S12 (rpsL) resulting in high-level streptomycin resistance327. Infections 

with resistance associated with chromosomal mutations contribute to enhanced 

morbidity and mortality for patients (e.g. methicillin-resistant Staphylococcus aeurus)328. 

In many cases, these can occur in conjunction with plasmid-borne resistance, most likely 

acquired through HGT326. Chromosomal resistance typically arises via spontaneous 

mutation with a frequency of about one per 106-108 microbes329. Further, although these 

mutations confer a fitness advantage at sub-inhibitory concentrations, they are 

potentially costly in the absence of selection264,270.  

An advantageous mutation that confers even small levels of resistance may 

transiently benefit a subpopulation in the presence of an antibiotic. Considering the 

influence that population structure has on governing the emergence of transconjugants 

(chapter 2), this advantage may increase the likelihood for HGT acquisition of 
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additional, more substantial, resistance mechanisms. Indeed, in isolates with both 

chromosomal and plasmid resistance, it is impossible to determine which event occurred 

first, although speculations can be made based on other known/established phylogenetic 

or epidemiologic information. Understanding the mechanisms underlying this 

occurrence is therefore useful at predicting likely evolutionary trajectories of resistance, 

which is particularly relevant in the context of more accurately predicting the risk of 

resistance for certain known or concerning plasmids/clones301.  

3. Antibiotic  
inactivation/degradation 

1. Altered 
import/export 

2. Target 
modification 

Antibiotic 

Enzyme 

Bacteria 

Target 

 

Figure 35: Genetic mechanisms of resistance. Mechanisms of genetic resistance can be 

grouped broadly into three categories. First, bacteria can minimize intracellular 

antibiotic concentrations either by increasing the rate of efflux or reducing import. In 

the second category, bacteria modify the target structure, thereby preventing 

antibiotic recognition or bypassing the need for that target entirely. Lastly, bacteria 

can produce enzymes that deactivate the antibiotic either through chemical 

modification or degradation. Pink circles indicate antibiotic, pink triangles indicate 

modified (ineffective) antibiotic, blue square with rounded cut-out represents 

unmodified target, blue square with square cut-out represents modified target, and 

blue outline is the bacterial cell wall. 
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In this work, I investigate the novel underlying mechanisms driving the 

acquisition of chromosomal resistance for the most commonly used antibiotic class (e.g. 

β-lactams). The loss of such drugs would have devastating clinical consequences.  

 

4.1 Introduction 

As indicated above, β-lactams are the oldest and most widely used class of 

antibiotics330,331 due to their broad-spectrum activity and minimal toxicity332,333. However, 

the rise of β-lactam resistance, primarily due to spread of extended-spectrum β-

lactamases (ESBLs) has greatly limited its use as a potent first-line drug of choice325.  

To maximize the utility of β-lactams, the importance of incorporating 

population-level bacterial response for designing optimal dosing regimens has been 

recognized334-336. Indeed, failing to account for density-dependent killing in 

pharmacokinetic/pharmacodynamics (PK/PD) modeling can incorrectly guide 

appropriate antibiotic dosing concentrations337. Mechanistic understanding of such 

dynamics may inform more optimal dosing strategies by identifying population 

vulnerabilities or opportunities for enhanced efficacy338.  However, despite being a 

staple in the clinic, mechanistic understanding of β-lactam-mediated lysis is 

continuously evolving339,340, and surprisingly, still much remains unknown341,342. Thus, 

even the most precise PK/PD modeling would still result in sub-optimal guidelines. This 

can be improved with better fundamental understanding of drug mechanisms. 
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4.2 Results 

 

Figure 36: Non-trivial temporal dynamics of sensitive Escherichia coli cells (strain is 

top10f’) exposed to lethal carbenicillin (Carb) concentrations. Cells are grown in the 

presence of 0, 10, 30 or 60 μg/mL Carb, indicated by shading of green from dark to 

light, respectively. Curves represent plate reader measurements of optical density 

(OD) at 600 nm (y-axis, OD600) over two days (x-axis, hours). At all lethal 

concentrations, dynamics are characterized by an initial increase followed by rapid 

crash due to cell lysis, generating an apparent pulse-like response. Eventually, 

variable recovery is observed, often accompanied with transient oscillations. Insets 

show individual well replicates to demonstrate variability in recovery dynamics, 

where the color corresponds to the corresponding concentration in the main figure.  

I observed complex temporal dynamics of sensitive Escherichia coli exposed to 

lethal concentrations of carbenicillin (Carb), characterized by an initial pulse-crash 

response, followed by a recovery phase typically accompanied with transient 

oscillations (Figure 36). The recovery time was variable between technical replicates 

(Figure 36 insets), and the temporal dynamics were specific to liquid culture (Figure 

37A), and robust to various culture conditions (Figure 37B).  
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Figure 37: Generality of temporal dynamics. A. Carb is lethal when cells are grown in 

solid phase. Compared to the control (top left), MG1655, top10f’ and BL21 strains were 

unable to grow on agar plates containing 10 μg/mL Carb. B. Dynamics are robust to 

various experimental conditions. Pulsatile dynamics are robust to media, temperature, 

volume, and oxygen. Top: Cells grown in M9 (left) at 10 and 30 μg/mL Carb, and cells 

grown at 37°°°°C in LB at 10 μg/mL, exhibits similar pulsatile dynamics. Both 

experiments were performed in 200 μL volume and 96-well plates. All wells are 

covered with mineral oil, creating a semi-anaerobic environment. Bottom: The same 

conditions are used as above, except 5 mL culture tubes are used instead. Tubes were 

shaken without mineral oil. Green line indicates 0 and orange line indicates 30 μg/mL 

Carb. C. Temporal dynamics are general for various strains and species. Temporal 

dynamics are general to all E. coli strains tested (BW25113, DH5α, top10 expressing 

constitutive GFP, BL21, JM109, and MG1655) exposed to 10 μg/mL Carb. Dynamics 

are also general for all β-lactams tested (amoxicillin, piperacillin, penicillin G, 

cefotaxime, ceftriaxone, and cephalothin). Concentrations shown are 10, 10, 10, 10, 1, 

and 0.1 μg/mL, respectively. 

I further verified the generality of these dynamics with a particular emphasis on 

the initial pulse response, by testing six additional E. coli strains, six additional β-lactams 

(amoxicillin, piperacillin, penicillin G, cefotaxime, ceftriaxone, and cephalothin) covering 
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the most common classes of β-lactams, and two ESBL-producing clinical isolates 

sensitized with 5 μg/mL clavulanic acid (Figure 37C, Table 9). 

 

4.2.1 Reverse inoculum effect (RIE) 

 

Figure 38: Reverse inoculum effect (RIE). A. RIE schematic. Decreasing initial cell 

density (N0), represented by dark to lighter shades of green, exhibits increasing time 

to lysis (t(NP)), where NP is the maximal ‘peak’ density at the time lysis occurs, 

represented by the black circle on each time course. X-axis is time and y-axis is cell 

density, N. B. RIE for top10f’ cells. Overnight culture of Top10f’ is diluted 500, 1,000, 

5,000, 10,000, 50,000, 100,00, 500,000, 1,000,000, or 5,000,000-fold (x-axis) and grown at 

30°C in the presence of 10 (green) or 30 (orange) μg/mL Carb. At intermediate 

antibiotic concentration (green), the density appears to reach a critical threshold 

before lysis occurs. This RIE exhibits a characteristic signature of an inverse 

proportionality between initial density and time to lysis (bottom). This inverse linear 

relationship is lost at high antibiotic concentration (orange). This data can also be 

presented as biomass (OD600), NP, at the time of lysis (top).  See Figure 48A for 

temporal dynamics. 

For intermediate but lethal Carb (10 μg/mL), the biomass (determined by OD600) 

at the peak of the initial pulse (NP) appeared to reach a similar value for a range of initial 

inoculum densities (N0), spanning three orders of magnitude (Figure 38A for schematic, 
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raw data in Figure 48A). This can be represented by N0 as a function of either the time to 

which NP occurs (time to lysis, t(NP)) or NP itself. Indeed, t(NP) appears inversely 

proportional to N0 at intermediate Carb (Figure 38B bottom, green line), and this density 

appears constant within a certain range of N0 (Figure 38B, bottom). These dynamics are 

indicative of a reverse inoculum effect (RIE), where higher initial cell density cultures 

(greater N0) take a shorter time to lyse compared to lower density populations. RIE 

appeared to collapse at higher concentrations (30 μg/mL, Figure 38B orange lines, Figure 

48A raw data), which I verified using an second strain BW25113 (green, Figure 48B). 

To determine whether RIE (and subsequent oscillations) were a result of 

fluctuations in cell number, biomass or both, I quantified colony-forming units (CFU) 

from both the initial (0-5 hr), and recovery phase (16-22 hr). If RIE is due to cell division, 

then I would expect to see an increase in cell density over time for lower dilution factors 

until the time at which the OD600 indicates lysis occurs (Figure 39A). Although CFU from 

the initial pulse appeared to monotonically decrease (despite increasing OD600) at 10 

μg/mL (Figure 39B, top row), the increase in OD600 during recovery was also 

accompanied with increasing, and oscillating, CFU (Figure 39B, bottom row).  
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Figure 39: Cell elongation accounts for RIE. A. Schematic representing cell division as 

an explanation for RIE. Dark green cells are initiated at high cell density, and light 

green cells indicate a lower cell density. Comparable OD values (which takes a 

shorter time (t1) for higher compared to lower initial density (t2)) are due to cell 

division such that the number of cells at t(NP) is equal (N1=N2).  B. Cell division does 

not account for RIE. Top row: Cells are grown in the presence of 30 μg/mL Carb, and 

OD600 (left) measurements are collected simultaneously with CFU (right). CFU 

monotonically decreases, indicating that lysis is faster than growth for the initial 

pulse. Bottom row: Cells are grown in the presence of 30 μg/mL Carb, and OD600 (left) 

measurements are collected simultaneously with CFU (right) during the recovery 

phase. Measurements begin at 16 hours. Oscillations are at least partially a result of 

fluctuations in cell number, although elongation cannot be ruled out entirely. C. 

Schematic representing cell elongation as an explanation for RIE. Cell lengthening, and 

not cell division, results in equivalent biomass, despite the different number of cells.  

D. Cell elongation is greater for lower initial densities. Cells were diluted 102, 103, or 

104-fold from overnight culture (dark to light green time-course traces, respectively) 

and grown at 30°C. Images were taken for each condition when they reached 

comparable OD600 values (0.086), respectively, which occurred at increasing time for 

each of the conditions, and is indicated by the black marker on each trace (circle, 

square, and star respectively, from high to low initial cell density). Individual 

thresholds were applied over the images in imageJ and representative segmented 

single cells are shown here.  
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Likely, lysis during the initial phase occurs at a faster rate than cell division, and 

does not account for the observed peak in OD600 measurements. However, if the initial 

increase in OD600 cannot be explained by cell division, then the RIE must result from cell 

elongation (Figure 39C). That is, despite having comparable biomass, cell length should 

be significantly longer from populations with smaller compared to larger N0. To test this, 

I examined the cell size from three different initial conditions (N0 is diluted 102, 103, or 

104X from overnight culture) with comparable biomass. Indeed, cell length increased 

with decreasing N0 for each condition (Figure 39D). Notably, not all cells lyse in higher 

density cultures, and thus surviving cells here (e.g. 102X dilution) also elongate to a 

similar length when examined at a later time (e.g. at the same time as ones from lower 

density). 

 

4.2.2 Characterization of recovered population 

Due to the observed variability in the recovery dynamics, I speculated the 

recovered population might exhibit enhanced tolerance to Carb, whether transiently or 

due to genetic mutation. To determine the latter, we performed whole genome 

sequencing on 23 different clones isolated after 16 hours of growth (consistent with the 

timeframe of recovery dynamics) exposed to 0, 10, or 30 μg/mL Carb (Figure 40A). The 

clone from time = 0 (C(t0)) was also included and sequenced at 500X coverage to evaluate 
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the likelihood of de novo mutations compared to pre-existing mutants and subsequent 

enrichment (24 sequenced genomes total). For a detailed description of the experimental 

protocol and sequencing analysis, see Materials and Methods.  
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Figure 40: Recovery population consists of genetic mutants A. Schematic for collecting 

clones used for whole-genome sequencing (WGS). Top10f’ cells are grown from a single 

colony overnight and split into 5 individual flasks (A0, A1F1, A1F2, A2F1 and A2F2, 

corresponding to antibiotic 0, 10, or 30 μg/mL respectively for A0, A1 or A2, and flask 1 

and 2 respectively). At time = 0, the starter colony was saved and used for reference, 

denoted C(t0). After 16 hours of growth in the absence or presence of Carb, cells were 

spread onto agar plates labeled by flask number and concentration. Five individual 

colonies were picked from each plate corresponding to antibiotic treatment, and three 

colonies from that with no antibiotic (24 total clones including C(t0)). B. Whole-

genome sequencing of recovered isolates. C(t0) was sequenced with 500X coverage. 

Compared to the reference genome of E. coli K-12, no mutations in baeR or baeS were 

identified. Similarly, no mutations were identified from the non-antibiotic-treated 

condition (A0F1). At least one mutation appeared in every single recovered isolate in 

either the baeS or baeR coding sequence. Some isolates exhibited more than one 

mutation, and one isolate exhibited a mutation in mdtH efflux pump.  
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Using E. coli K12 as the reference genome, sequencing identified a point mutation 

in the coding region of either baeR or baeS for each of the 20 clones that had been 

exposed to Carb, regardless of the concentration (Figure 40B). Some mutations were 

found in multiple isolates, while others occurred only once, and all mutations identified 

were spread over a total distance of ~2000 nucleotides. There was no mutation in C(t0), 

or any of the untreated clones, when compared to the reference genome, suggesting the 

likelihood of de novo mutations for each of the flask conditions. Mutations in baeR or baeS 

were reproducible in an independent experiment (Figure 49). 

 Previous work has implicated up-regulated baeRS in β-lactam resistance via up-

regulated efflux activity343,344. Consistent with literature, rt-qPCR revealed that baeR and 

baeS were both up-regulated for all mutants, regardless of which gene contained the 

mutation (Figure 41A). Further, compared to the wild-type (WT) population, mutants 

indeed exhibited significantly up-regulated acrD and mdtB, which express components 

that are critical for the multidrug efflux pumps AcrAD-TolC and MdtABC-TolC 

respectively (between 7 and 20-fold, Figure 41A). spy expression, which is a gene 

controlling spheropblast formation and known to be under the control of the baeRS 

regulon, was also significantly up-regulated in the mutants compared to WT (Figure 

41A). I note that antibiotic induction of these genes is not likely the cause of the pulse-

crash response, since exposure to 30 μg/mL Carb for two hours had negligible effect on 

gene expression compared to no antibiotic (Figure 42A). 
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Figure 41: Characterizing mutant dynamics. A. rt-qPCR of baeRS other genes regulated 

by baeRS operon. Both baeR and baeS were up-regulated between 10 and 20-fold in all 

of the mutants (sample shown here) compared to WT strain (top10f’, P>0.9). This was 

independent of antibiotic exposure (up to 2 hours, Figure 42A). Genes involving 

efflux activity (acrD and mdtB) and spheroplast formation (spy) are also highly over-

expressed (~5, 20-fold, and 200-fold, respectively). B. Dynamics exhibit consistent 

phenotypes regardless of mutation. Growth curves from all five clones (condition 

A2F1). As indicated by Figure 40B, all five clones cover different SNPs in both baeR 

and baeS. Bottom and top panels are with 10 and 30 μg/mL Carb, respectively, and 

shading from dark to light indicate the clone number as listed in order from Figure 

40B. All mutants show identical phenotypes regardless of what the mutation is, or in 

which gene it is located. C. Vector construct of baeRS mutant and WT variants 

demonstrate phenotypic effect of mutation. WT or mutant genes were cloned into a 

plasmid backbone carrying a tetracycline-inducible promoted (denoted PTR here), 

TetR repressor, and chloramphenicol resistance (CmR). 10 ng/μL ATC used for all 

induction. Dynamics from mutant baeRS genes appear phenotypically similar to 

those from the WT sequence when over-expressed, as well as the mutant genes over-

expressed in the WT background. D. Mutants exhibit RIE. Overnight culture of baeR 

mutant from A2F1 was serially diluted (see Figure 38B for dilution factors) and grown 

in the presence 30 (green) or 60 (orange) μg/mL Carb. X-axis is initial cell density 

normalized to the carrying capacity (N0) and y-axis is time to peak (t(NP)) (left) or peak 

OD600 (right). 
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To determine whether the increased efflux activity was sufficient to confer 

increased resistance compared to the WT population, and whether the specific mutation 

influenced the observed phenotype (e.g. mutants exhibited different phenotypes 

compared to each other), I quantified the response of the five isolates from flask A2F1 to 

10 and 30 μg/mL Carb. Indeed, compared to the WT, all five clones exhibited increased 

resistance at 10 μg/mL, while retaining sensitivity at 30 (Figure 41B).  

To verify baeRS functionality, anhydro-tetracycline (ATC)-inducible vectors were 

constructed with either WT or mutant gene variants (pTRbaeRWT, pTRbaeSWT, pTRbaeRM or 

pTRbaeSM, respectively, see Table 12, 

Table 13), and each construct along with PTR was transformed into the control 

strain Top10f’ individually. Compared to top10f’, or top10f’ with PTR, all induced vectors 

demonstrated heightened resistance comparable to that from the chromosomally 

acquired baeR or baeS mutations, regardless of a WT or mutant variant on the plasmid 

(Figure 41C). This suggests over-expressed WT baeRS is sufficient to confer heightened 

resistance. To validate the role of baeRS in regulating efflux activity, I predicted that 

indole should similarly enhance resistance, since it is the only known inducer of the 

baeRS operon345,346. Indeed, top10f’ cells treated with 1mM indole exhibited similar 

dynamics compared to over-expressed baeRS (Figure 41C). Thus, baeRS-mediated efflux 

up-regulation confers heightened tolerance to Carb by increased baeRS expression. 
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None of the mutations identified conferred a growth cost or benefit in the 

absence of antibiotic (Figure 42B). Despite having increased resistance, mutants still 

exhibited pronounced oscillations at higher Carb concentrations (Figure 42C). 

Oscillations were even more pronounced and synchronized upon subsequent rounds of 

Carb exposure (Figure 42D). More so, mutants still displayed RIE at a shifted antibiotic 

range (RIE at 30, and collapses at 60 μg/mL, compared to 10 and 30 μg/mL, respectively 

for the WT, Figure 41D and Figure 48C).  
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Figure 42: Generality of mutant dynamics. A. Effect of antibiotics on gene expression of 

baeRS in mutant compared to WT strains. Cells were grown according to the protocol 

described in Materials and Methods section 4.4.1.6, rt-qPCR protocol. Yellow and 

green bars indicate growth of an arbitrarily chosen clone with either a baeS (A2F1C1) or 

baeR (A2F1C2) mutation, respectively (various clones appear qualitatively similar, not 

shown). Each clone, along with the WT, was grown in the presence (30) or absence (0) 

μg/mL of Carb (indicated by the number on each x-axis label) for two hours, at which 

point RNA extraction was performed. Antibiotic presence did not significantly 

change the WT gene expression. Some change did occur for the mutant populations. 

However, directionality of this change was inconsistent amongst all 12 clones I tested. 

Thus, I concluded this change is not a systematic effect of antibiotic, and therefore 

does not significantly influence my interpretation of the results.  B. Negligible cost of 

baeRS mutation. A single clone of WT top10f’ (dark green), and two mutants each 

carrying a mutation in baeS or baeR was grown overnight (decreasing lighter shades 
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of green, respectively).  There is negligible difference in the growth rates over 20 

hours. C. Mutant oscillations evident at higher antibiotic concentrations. Mutants still 

exhibit oscillations when exposed to antibiotic concentration of which they are 

sensitive to. Each green line represents a technical replicate. Carb is 60 μg/mL. D. 

Robust oscillations upon repeated exposure of Carb. Cells were exposed to 0, 10, 30, or 

60 μg/mL Carb and grown over time (denoted R1 for round 1). At 24 hours, cells that 

had recovered from 30 μg/mL treatment were isolated by spreading onto an agar plate, 

and a single colony was grown again (presumably with a mutation). For the 

subsequent rounds, the process is repeated. Data shown here is growth curves 

obtained from R3 (e.g. two rounds of selection) with continuous re-treatment with 30 

μg/mL (left) and 60 μg/mL (right) Carb. Cells exhibit robust, synchronized 

oscillations. 

 

4.2.3 Proposed mechanism: peptidoglycan recycling results in 
collective cell behavior  

Taken together, these results suggest a universal mechanism for RIE, where 

efflux rate serves as a tunable parameter that modulates the RIE concentration range, 

but does not constitute a critical node in the governing network architecture. To this 

end, β-lactams interfere in cell wall biosynthesis by inhibiting peptide cross-linking (e.g. 

the transpeptidase reaction) of peptidoglycan (PG), which occurs independent of efflux. 

The most likely candidates for density-dependent lysis across various background 

strains are therefore involved in cell wall synthesis or degradation339,347 (Figure 43).  

PG is dynamically remodeled throughout the bacterial life cycle, which requires 

constant, coordinated, insertion and release of PG fragments as the cell wall expands348.  

Indeed, ~60% of PG in E. coli is recycled per generation347,349,350, of which typically ~3-10% 



 

176 

is secreted into the extracellular environment351,352. The cell can also take up extracellular 

PG fragments to incorporate into the cell wall matrix353,354.  
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Figure 43: Schematic of proposed collective lysis mechanism. Black curved line at the 

bottom of the figure represents the outer cell membrane. In the absence of antibiotics, 

typical cell wall recycling occurs uninterrupted. Small fractions of PG fragments are 

secreted into the extracellular space, but can be taken back into the cell, and re-

entered into the recycling pathway (bi-directional arrows across membrane). β-lactam 

(purple) transpeptidase inhibition prevents cell wall cross-linking, and leaves the cell 

vulnerable to aberrantly added PG fragments (green-orange hexagons and branching 

peptide chains). This results in the generation of PG fragments that are identical to 

those that naturally arise through cell wall recycling. When the antibiotic is present, 

fragments accumulate in the supernatant due to diffusion. Thus, population-level 

lysis is delayed due to intracellular accumulation, which is critical for weakened cell 

wall lysis. 

β-lactam-induced cell wall disregulation generates free PG fragments identical to 

those released during typical cell-wall recycling355. Aberrantly incorporated PG 

continuously weakens the cell wall, and eventually results in autolysin-catalyzed lysis 

(where autolysins are enzymes that degrade PG) 342,356. Since fragments are agnostic to 

how they were generated, environmental leakage of a fraction of all PG fragments still 
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precedes their incorporation into the cell wall, even in the presence of a β-lactam. Based 

on this, it seems reasonable that extracellular PG can serve as the ‘communication’ 

signal, which coordinates collective behavior in the observed RIE: at sufficiently high 

cell density, PG transport occurs rapidly. However, the time it takes for sufficient 

accumulation of extracellular PG increases with decreasing density, delaying time to 

lysis. 

4.2.3.1 Mathematical model 

To test whether this motif can indeed account for my experimental observation, I 

built a mathematical model which accounts for biomass (N), nutrients (S), extracellular 

(YE) and intracellular mis-incorporated PG fragments (YI) (Figure 44A, Eq. (45)-(46), see 

Materials and Methods section 4.4.2, Modeling Development). In particular, I assume 

exponential growth of N is limited by both biomass and nutrient availability, and cells 

lyse at a rate dependent on YI. Antibiotics (not explicitly modeled) induce free 

intracellular Y, a portion of which transitions to YE via efflux and lysis, at a rate k0. I 

assume that Y and YI are proportional to one another. Thus, if Y production is too low 

(e.g. low/intermediate antibiotic), accumulation of YI depends on the population density 

to reach the critical amount necessary for lysis. When the antibiotic is sufficiently high, 

antibiotic induction of intracellular YI alone is sufficient for lysis. For all simulations, I 

define baseline initial conditions as high cell density (N0 = 1x10-2), fully supplemented 

nutrients (S0 = 1), and no PG fragments (Y10 = YE0 = 0), consistent with experiments. Using 
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these conditions, this motif indeed accounts for a pulsatile response with oscillations, 

decreased sensitivity with increased efflux activity, and RIE at intermediate antibiotic 

(Figure 44B-C).  
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Figure 44: Mathematical model for RIE. A. Network representation. Antibiotic (A) 

leads to cell (N) death (*), where N represents biomass. A (not explicitly modeled) 

induces the expression of PG fragments (Y), a subset of which are leaked into the 

environment through cell-wall recycling. The shaded green circle represents generic 

cell boundary entry. B. Model dynamics account for all experimental observations. 

Modeling accounts for the biomass temporal dynamics consisting of a pulsatile 

response and transient oscillations. Dark green line represents baseline parameter 

values, and lighter green shading indicates increasing efflux activity (keff).  

Modulating efflux up to 1000-fold decreases cell sensitivity, consistent with mutant 

dynamics. X-axis is time in arbitrary units (A.U.) and y-axis is biomass. C. RIE at 

intermediate antibiotic concentration. Increasing free PG fragments (k0) represents 

increasing A. k0 is increased 5-fold (orange) from the base value (green).  (Left): Time 

to peak density on the y-axis, and initial density on the x-axis. (Right): Peak density 

on the y-axis, and initial density on the x-axis. Modeling captures RIE at intermediate 

compared to higher A. 
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4.2.3.2 Modeling predictions and experimental validation 

Based on my proposed mechanism, antibiotic lethality results from a 

combination of both the intra and extracellular PG dynamics, differing from the classical 

view, which is dependent only on intracellular PG. Thus, I used my model to investigate 

how varying amounts of either intra (YI) or extra (YE) cellular PG individually influences 

the pulsatile response. I note that experimentally, intracellular PG is dynamically 

coupled to cell density, as extracellular PG is to nutrients. Thus, I define IPG (total 

intracellular PG) to consist of both N and YI, and EPG (total extracellular PG) for YE and S. 

To investigate the effects of IPG and EPG individually, I implemented a two-step 

simulation (sim1 and sim2); in sim1, I collected coupled intra (or extra)-cellular PG (IPG or 

EPG) of antibiotic treated cells over time (discrete sampling times, tS, Figure 45A shaded 

gray box). The initial conditions for sim2 were then updated using these values 

depending on which PG was being investigated. That is, the colored circles in Figure 

45A from sim1 (left panel) represent the initial conditions for that particular sampling 

time in sim2 (green and orange for IPG and EPG, respectively). As long as tS is collected 

before the crash, then later tS corresponds to greater initial PG. In sim2, the same 

antibiotic concentration is used as sim1. Thus, comparing growth dynamics from sim2 

across different initial conditions (e.g. sampling times) demonstrates the effects of 

increasing intra (or extra)-cellular PG in combination with antibiotic treatment.  
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Figure 45: Validating proposed mechanism. A. Model schematic for modulating 

extracellular and intracellular state.  Two simulations are run sequentially. Sim1 is 

initiated with baseline initial conditions, and values are collected at specified 

sampling times (tS), (e.g. one sampling time is indicated by the gray shaded box). For 

each tS, a second simulation (sim2) is initiated using initial conditions represented by 

either the green or orange dots, depending on whether the IPG or EPG is being 

investigated, respectively. B. Modeling predictions for modulating intra and 

extracellular Y. Modeling predicts that (Left) increasing EPG and right (IPG) increases 

the antibiotic efficacy and by reducing the peak density and time to lysis, 

respectively. Orange and green lines from dark to light indicate the sampling times of 

0, 5, and 15 A.U., respectively. C. Experimental schematic for modulating extracellular 

and intracellular PG. Flasks are inoculated with 100X top10f’ either without (0) or 

with (30) μg/mL Carb. Every hour, supernatant and cells from an extracted sample are 

separated by centrifugation to test extra or intracellular PG, respectively. For the 

former, new cells are added to the spent supernatant. For the latter, recovered cells are 

inoculated into fresh LB. For both, fresh antibiotic is added. This procedure is 

followed at time = 0 as well to control for total antibiotic accumulation. Freshly 

inoculated media is pipetted into a 96-well plate, and placed in a plate reader to 

obtain time-course data. D. Experimental validation of modeling predictions. 

Experiments performed as described in C. Left: Supernatant extracted from the batch 

culture at two hours of growth significantly reduces the pulse compared to 

supernatant extracted from the 0th or 1st hour (P< 0.05). Right: Cells pre-treated with 

Carb have a smaller time to lysis with increasing sampling time from 0th to 2nd hour 

(P< 0.05), consistent with modeling predictions. Dark to light color (orange and green) 

indicates the hourly sampling time (0, 1st, and 2nd hour, respectively). 
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Using this framework, modeling predicts antibiotic efficacy increases with 

increasing sampling time for both IPG and EPG (Figure 45B). In particular, the peak 

density and time to lysis are each reduced by increasing extracellular or intracellular PG, 

respectively. To test this, I initiated a batch culture experiment consisting of top10f’ 

exposed to 30 μg/mL Carb. Every hour, aliquots were extracted from the batch culture 

and the supernatant is separated from cells via centrifugation (Figure 45C). To 

investigate extracellular PG, extracted supernatant was inoculated with fresh cells, 

thereby maintaining YE and S (analogous to initial conditions for sim2). For the 

intracellular case, fresh media was inoculated with extracted cells. In both cases, 

antibiotic is added to eliminate the possibility of degradation. Using this protocol, 

experiments validate modeling predictions (Figure 45D), and indeed, increasing PG 

enhances antibiotic efficacy. 

Similarly, I reasoned that titrating YE should halt cell elongation by limiting 

available PG insertion fragments, which should therefore decrease the biomass 

accumulation. Indeed, the model predicts that decreasing the lysis threshold (Ky2) 

enhances β-lactam efficacy by reducing overall biomass (Figure 46A bottom). To test 

this, I identified vancomycin (Van) as a viable option for PG fragment titration; Van is 

typically reserved for gram positive infections, since it is unable to penetrate the outer 

membrane of gram negative species357,358. However, Van inhibits cell wall synthesis by 

binding the D-ala D-ala moiety of PG monomers conserved between gram positive and 



 

182 

negative species, so it should function primarily as a sink for extracellular Y. Notably, β-

lactam-facilitated Van entry into the cell due to unknown consequences of β-lactams on 

the outer membrane and influx channel integrity cannot be excluded entirely.  

 

Figure 46: Synergistic lethality of a β-lactam with Van. A. Temporal dynamics of E. coli 

treated with Van and Carb. Bottom: Modeling results predict that reducing the lysis 

threshold (Ky2), which represents the consequences of removing free Y, enhances the 

efficacy of Carb by preventing the cell’s ability to expand without lysis. Top: 

Experiments support modeling predictions. Van (70 μg/mL) has no effect on cell 

growth in the absence of β-lactam, but exhibits overall decreased biomass 

accumulation when treated with 10 μg/mL Carb. B. Van does not influence cell growth 

in the absence of Carb. Top10f’ treated with 0 and 70 μg/mL Van shows insignificant 

growth rate differences (dark and lighter green, respectively). Cells are grown under 

same condition as in A. Error bars represent the standard deviation across four well 

replicates. C. (modeling) and D. (experiments) demonstrate that Van and Carb 

synergistically inhibit RIE. For D., Van alone does not influence growth for different 

initial densities in the absence of Carb (left), but when Carb is present the two 

compounds synergistically inhibit RIE. Modeling and experimental conditions are 

analogous to other RIE simulations and top10f’ experiments (Figure 44C and Figure 

38B, respectively). 
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I tested the effects of Van in combination with Carb, and indeed, consistent with 

modeling, the experimental results validate predicted synergistic activity of the two 

drugs (Figure 46A top). At this concentration, Van alone is ineffective against E. coli, 

consistent with literature (Figure 46B). Similarly, modeling predicts Van-mediated 

disruption of RIE by reducing available PG fragments that can re-enter the cell (e.g. the 

extracellular environment acts as a continuous sink). Consistent with this notion, RIE is 

eliminated upon treatment with Van and Carb simultaneously (Figure 46C-D). 

 

Figure 47: Knockout strains deficient in cell wall recycling do not exhibit RIE. Keio 

knockout strains for enzymes that are essential for cell wall recycling do not exhibit 

RIE. Green lines indicate control strain BW25113 (parents strain of Keio collection) 

with 5 and 10 μg/mL Carb (dark and light color, respectively). Orange lines represent 

each knockout variant, from darkest to lightest being sltY, mltABC, and ampG. Y-

axis is time to peak density t(NP), and-axis is initial density N0. Growth rates for 

knockout strains without antibiotics were statistically indistinguishable from the WT 

strain. 
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Finally, removing key enzymes involved in the recycling pathway should 

prevent RIE, analogous to using a higher antibiotic. Enzymes such as PG hydrolases 

(SltY and MltA-C), which aid in autolytic degradation of PG cross-linking, are integral to 

cell wall turnover359. Similarly, AmpG acts as an essential permease in PG recycling348. 

Deletions of these genes will likely interfere in the negative feedback-enabled lysis 

delay, and thus re-sensitize cells to treatment. Consistent with these predictions all four 

knockouts do not exhibit RIE (Figure 47).  

 

4.3 Discussion and HGT implications 

Temporal population dynamics are critical to incorporate when designing 

antibiotic dosing, since PK/PD outcomes depend on time-kill efficacy360,361. Inaccurately 

accounting for killing dynamics may incorrectly guide sub-optimal regimens336. 

Although not widely incorporated, the importance of integrating bacterial temporal 

dynamics with other antibiotic efficacy metrics has been demonstrated previously. For 

example, studies have noted that strains with nearly identical β-lactam minimum 

inhibitory concentrations (MIC) exhibit significantly variable lysis rates when 

determined by time-kill kinetics 362.  

My results similarly emphasize the role of temporal dynamics in bacterial 

response to β-lactam treatment. Although RIE has been reported previously363, β-lactam 

efficacy is more commonly associated with the inoculum effect (IE, where the 
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population MIC decreases with decreasing cell density)146,364. IE is typically attributed to 

ESBL-mediated antibiotic degradation7,151, although other factors such as physiological 

state, biofilm production, or quorum sensing have also been implicated337,365.  In this 

case, resulting population dynamics elucidate a rather non-trivial aspect of β-lactam 

treatment, whereby population-level oscillations result in cycles of incomplete cell 

death. This prolongs the survival of a subpopulation, thus increasing the likelihood of 

acquiring a useful mutation.  

Avoiding RIE is therefore paramount to preventing mutation acquisition by 

minimizing this survival window. Indeed, as a result, I observed single baeRS mutations 

in only 16 hours and only one dose of antibiotic.  This is particularly concerning, since 

certain ESBL variants are known to be associated with, and even rely on, concurrent 

mutations providing increased resistance366. For example, loss of functional ompK36 

results in decreased porin activity, which augments TEM- and SHV-type ESBLs by 

decreasing β-lactam diffusivity367,368. Similarly, slow hydrolysis by the oxacillinase (OXA) 

family of β-lactamases rely on porin mutations or up-regulated efflux pumps for full 

carbapenem resistance369.  

These findings suggest a potential mechanism facilitating the spread of ESBLs 

during antibiotic exposure. Although the resistance I observed was not particularly 

strong (in comparison to clinically relevant resistance), its benefit depends on the 

particular environment. Since ESBLs typically spread via horizontal gene transfer, 
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strains exhibiting a fitness advantage during antibiotic treatment would be present in 

higher proportions, potentially increasing the likelihood of acquiring further resistance 

via conjugation83. The timeline of such events should be explored further. Indeed, these 

results suggest that mutations and HGT may in fact be more related than previously 

anticipated. Chromosomal sequencing amongst diverse strains/species with common 

HGT elements may prove useful in distilling general principles underlying this 

occurrence. 

The unique interplay between β-lactam-generated byproducts and RIE reveals 

various therapeutic opportunities, both in terms of novel antimicrobials and optimal 

dosing. That Van and β-lactams exhibit synergy may represent novel combinatorial 

treatment approaches. Such synergy has also been demonstrated for gram-positive 

microbes370,371, but is typically disregarded for gram-negative infections due to outer 

membrane impermeability. Novel non-lytic Van derivatives may represent optimal 

adjuvants for gram-negative therapy to both enhance β-lactam efficacy, and reduce 

collateral selection for Van resistance. Development of such adjuvants may even be able 

to revive the use of β-lactams for cases where it would be otherwise ineffective.  
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4.4 Materials & Methods 

4.4.1 Experimental procedures for growth dynamics  

4.4.1.1 Strains, media, and growth conditions 

Unless otherwise stated, all experiments were performed with top10f’ E. coli, and 

growth was performed in Luria Broth (LB) media. Carbencilin (Carb, Sigma Aldrich) 

was made in batch and frozen at -20 to a stock concentration of 100 mg/mL. Fresh 

dilutions were made for working concentrations per experiment. The six β-lactam 

antibiotics tested for generality were ordered from Sigma-Aldrich in standard powder 

form (See Table 9). A stock solution of each was prepared following solubility 

information found in the table. From the stock solutions, appropriate dilutions were 

made with water to have a 100 μL volume of each experimental concentration. 

4.4.1.2 General protocol for observing complex temporal dynamics 

Overnight cultures were diluted 100X into LB media, and triplicate wells plates 

for significance. Carb was diluted such that 1 μL was added per well. Cells were grown 

at 30°C under mineral oil for approximately 48 hours. 

4.4.1.3 CFU of initial pulse or recovered population 

 Three tubes containing 4 mL LB and 0, 10, or 30 μg/mL Carb were each 

inoculated with 100X dilution from overnight culture. Visual inspection was performed 

to ensure population underwent pulse dynamics. Between 0-5 or 16-21 hours, 100 μL 
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from each tube was extracted, and serial dilutions performed. Cells were plated on blank 

agar, and CFU counted the following day (Figure 39B). 

4.4.1.4 Determining reverse inoculum effect (RIE) 

 

Figure 48: Temporal dynamics of RIE. A. Top10f’: Overnight culture of Top10f’ is 

diluted 500, 1,000, 5,000, 10,000, 50,000, 100,00, 500,000, 1,000,000, or 5,000,000-fold and 

grown in the presence of 0 (left), 10 (middle) or 30 (right) μg/mL Carb under mineral 

oil at 30°C. This is the raw data for Figure 38B. B. BW25113: Overnight culture of 

BW25113 is diluted 500, 1,000, 5,000, 10,000, 50,000, 100,00, 500,000, 1,000,000, or 

5,000,000-fold and grown in the presence of 0 (left), 5 (middle) or 10 (right) μg/mL 

Carb at 30°C. This is the raw data for Figure 47, green lines. C. Mutants exhibit RIE at 

higher antibiotic concentration. Overnight culture of mutant clone A2F1C1 is diluted 

500, 1,000, 5,000, 10,000, 50,000, 100,00, 500,000, 1,000,000, or 5,000,000-fold and grown 

in the presence of 0 (left), 30 (middle) or 60 (right) μg/mL Carb at 30°C. This is the raw 

data for Figure 41D. 
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Carb is added to LB media to achieve the desired antibiotic concentration, and 

allocated to individual tubes for serial dilutions. Overnight culture of Top10f’ is 

resuspended in fresh LB, and 20 μL is inoculated into 2 mL of pre-mixed media. From 

there, dilutions are performed such that the fold change from overnight density is 500, 

1,000, 5,000, 10,000, 50,000, 100,00, 500,000, 1,000,000, or 5,000,000.  Tubes are vortexed 

and added to a 96-well plate in triplicate. All data is imported and analyzed in 

MATLAB. Time to peak and peak OD600 are calculated based on a minimum of three 

replicate time course series. Raw data for all RIE experiments can be found in Figure 48. 

4.4.1.5 Whole genome sequencing 

A single clone was picked and inoculated in 7 mL LB and grown overnight for 16 

hours. In the morning, 2 mL was extracted and saved for the experiment. The remaining 

5 mL was used for genomic extraction using the qiagen genomic extraction kit (Cat 

No./ID: 61304), and serves as the reference for the clone at time = 0 (C(t0)).  

To initiate growth, cells were resuspended in fresh LB, and 320 μL was added to 

five 300 mL Erlenmeyer flasks containing 32 mL LB to achieve an initial dilution of 100X. 

Appropriate antibiotics were added to each flask, labeled as follows (Figure 40): 

A0F1 = no antibiotic 

A1F1 = 32 LB 320 cells 10 μg/mL Carb (3.2 μL) 

A1F2 = 32 LB 320 cells 10 μg/mL Carb (3.2 μL) 
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A2F1 = 32 LB 320 cells 30 μg/mL Carb (9.6 μL) 

A2F2 = 32 LB 320 cells 30 μg/mL Carb (9.6 μL) 

The flasks were placed in a 37°C incubator and grown overnight shaking at 250 

rpm. At exactly 16 hours, the flasks were removed and diluted to a net-fold of 108 for no 

antibiotic, 103 for 30 μg/mL and 105 for 10 μg/mL Carb. Cells were spread onto blank 

agar, and grown overnight. The following day, three individual colonies were picked 

from plates corresponding to the condition that was not exposed to Carb, and five 

colonies each from the remaining 4 plates.  Colonies were grown in 4 mL LB, and 

genomic extraction performed the following day. At the same time, glycerol stocks were 

prepared for use in subsequent experiments.  

DNA-seq data was processed using the TrimGalore toolkit 

(http://www.bioinformatics.babraham.ac.uk/projects/trim_galore), which employs 

Cutadapt372 to trim low quality bases and Illumina sequencing adapters from the 3’ end 

of the reads.  Only pairs where both reads were 20nt or longer were kept for further 

analysis.  Reads were then aligned to the Escherichia coli strain K12 substrain DH10B 

(v24) using the BWA alignment suite373.  Variants were then called using the Genome 

Analysis Toolkit374, following their best practices guide375  for indel realignment.  The 

putative function of each variant was determined using the SnpEff algorithm376.  

To validate these findings, a second round of sequencing was performed and 13 

clones were isolated to sequence following the same protocol as in the main sequencing 
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set. Of the 13, one was from t=0, six were not treated and obtained from the same flask, 

and six were exposed to 30 μg/mL Carb and the same flask. Similar to the first 

sequencing results, all mutants exhibited a single mutation in either baeR or baeS (Figure 

49). DNA-seq data was processed identical to above. In this data set, variants were 

identified at different proportions in the non-treated samples than the antibiotic treated 

samples (normalized by the T0 sample) by comparing the ratio of normalized reads that 

mapped to the alternate allele in the antibiotic samples compared to the non-treated 

samples.  In addition to the ‘UnifiedGenotyper’ identified variants, we used the 

‘DepthOfCoverage’ component of GATK to identify the raw number of variants as 

suggested by the mapped reads.   

 

Figure 49: Secondary validation sequencing of six antibiotic-treated clones. baeRS 

mutations were identified for all six antibiotic-treated clones. This plot shows the 

location of all variants detected at a 5% level in at least 1 of the 13 samples.  The red 

dots show the value of the Ab (Variant Rate) – T0 (Variant Rate) and the blue dots 
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show the value of the NT(Variant Rate) – T0(Variant Rate).  Intuitively, it shows the 

average variant rate across either the Ab or NT samples.  The two red dots above the 

background are the two variants of interest (a specific mutation is found in five out of 

the six clones, and a second mutation is found in one of the six samples at 100%; thus, 

the y-axis represents the relative abundance at ~80% compared to 20% for each, 

respectively). The vertical black lines represent the 10 variants detected by GATK. 

 

4.4.1.6 rt-qPCR 

The fully sequenced C(t0) and each of the mutants were grown overnight and diluted 

100X in fresh LB with or without 30 μg/mL Carb. Cells were grown for two hours, at 

which point RNA extraction was performed using the RNeasy Protect Bacteria Mini Kit 

(Cat No./ID: 74524), and reverse transcribed using the high-capacity cDNA reverse 

transcription kit (ThermoFisher Scientific, cat#: 4368814).  qPCR was performed using 

PowerUp™ SYBR® Green Master Mix (ThermoFisher Scientific, cat# A25742). The 

primer sequences can be found in Table 11. 

4.4.1.7 Modulating antibiotic efficacy 

Two flasks prepared with 32 mL LB, 100X dilution overnight cultures, and either 

0 or 30 μg/mL Carb respectively, were grown shaking at 250 rpm and 37°C. Every hour, 

3.2 mL was extracted from each flask. Triplicated OD600 measurements were obtained. 

The remaining supernatant was extracted by centrifugation at 13,000 rpm for 2 minutes. 

Media coming from the untreated flask was inoculated with fresh cells at 100X dilution. 

Media from the flask containing 30 μg/mL Carb was inoculated with cells and additional 
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30 μg/mL antibiotic. Triplicates were measured in 96-well plates with 200 μL/well. If 

anaerobic conditions are specified, the wells were placed under 50 μL mineral oil. 

4.4.1.7 Construction and experimental methods of ATC-inducible baeRS constructs 

For all growth assays involving baeRS constructs, single clones were grown 

separately for 16 hours in 2 mL (LB) broth (Genessee Scientific, catalogue no. 11-120) 

containing 100 μg/mL chloramphenicol (Cm), with shaking at 250 RPM and 37°C. 

Top10f’ containing either pTRbaeRWT or pTRbaeSWT, which carry wild-type baeR or baeS 

(respectively), were used as controls throughout this study.  

 

4.4.1.7.1 Plasmid construction 

 

PTR denotes the backbone vector used for all main experiments, and cloning of 

baeR and baeS. PTR is a modified version of pProTet (Clontech Laboratories) that contains 

an anhydro-tetracycline (ATC)-inducible promoter (PLtetO-1), a high copy origin of 

replication (ColE1), a TetR repressor, and Cm resistance (CmR). The TetR repressor 

added downstream of the PLtetO-1 promoter minimized leaky expression and enabled 

linear tunability of baeR and baeS377; this was done to minimize toxicity.  This was 

achieved by excising and gel-purifying TetR from a previously-used TetR/CFP 

plasmid152, and digesting with Kpn1 and Xho1 (NEB) for subsequent ligation into 

pProTet. To assemble pTRbaeRWT and pTRbaeSWT, WT baeR and baeS genes were amplified 
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from the chromosome using PCR primers with restriction sites BamH1 and Kpn1 (New 

England Biolabs, NEB). These segments were digested with corresponding enzymes and 

subsequently ligated into PTR (downstream of TetR). Constructs were transformed into 

CaCl2-competent top10f’. baeR and baeS on these constructs (denoted pTRbaeRWT and 

pTRbaeSWT) were then sequence-verified. Here it was found that pTRbaeSWT contained an 

extraneous point mutation in the coding region of baeS; this mutation was fixed using 

site-directed mutagenesis (see Materials and Methods section 4.4.1.7.2) in a similar 

fashion as is described in the following section. 

 

4.4.1.7.2 Site-directed mutagenesis of baeR and baeS. 

 

Mutants for baeR and baeS were generated using the Agilent QuikChange II Site-

Directed Mutagenesis Kit (product no. 200522). A full list of target loci can be found in 

Table 12. To induce point mutations in pTRbaeRWT and pTRbaeSWT, two complementary 

oligonucleotide primers (containing the desired mutations) were synthesized for each 

mutation construct. The baeR or baeS gene (depending on the corresponding construct) 

was then PCR amplified using the mutation-encoding primers and ultra-high-fidelity 

polymerase. Template DNA was degraded using DpnI, and the resulting product was 

transformed into super-competent cells. After sequence verification, the constructs were 

extracted from super-competent cells and transformed into top10f’ for further use.  
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4.4.1.7.3 Quantification of growth in baeR and baeS mutants.  

 

For all mutant characterization assays, single clones were grown separately as 

described previously, using media supplemented with 100 μg/mL Cm for vector 

selection. These cultures were then diluted 100X into LB broth before being added to a 

96-well microtiter plate (Corning, product no. 3879) in volumes of 200 μl. Several ATC 

dilutions (0, 1, 10, and 100 ng/μL) were added in order to cover multiple levels of baeR or 

baeS expression, several Carb dilutions (0, 10, 30, and 60 ng/μL) were added in order to 

test for variable drug resistance among these different levels of induction, and mineral 

oil (50 μl) was added to reduce evaporation of the cultures. Three replicates per 

antibiotic concentration were used on each plate for technical replicates. The cultures 

were then grown in a plate reader set to 30°C, with OD600 values recorded every 15 

minutes for a total of 20 hours. Growth curves were then assembled using MATLAB. For 

a complete list of all vector constructs, see Table 13. 

 

4.4.2 Modeling development 

To model RIE upon β-lactam treatment, I assume biomass (N) grows 

exponentially at a rate μ dependent on both nutrient availability (S) and a carrying 

capacity of 1, and lyses at a rate dependent on Y. Upon growth, antibiotics promote the 

generation of mis-incorporated or ‘defective’ Y, a portion of which is lost to the 
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environment via efflux at a rate keff, becoming YE. If Y production is too low (e.g. 

low/intermediate antibiotic), accumulation of Y depends on the population density to 

reach the critical amount necessary for lysis. When the antibiotic is sufficiently high, 

antibiotic induction of intracellular Y is sufficient, and it does not depend on density for 

lysis. This motif accounts for all observations, including a pulse response with 

oscillations (Figure 44A), decreased sensitivity with increased efflux activity (Figure 

44B), and RIE at intermediate antibiotic (Figure 44C). 
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Here, ρ represents the intracellular scaling factor, βrepresents the scaling factor 

associated with usable PG following lysis, dN is the rate constant of lysis, kin is the rate of 
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PG influx, Y and YE degrade at the same rate dY, kS represents the rate of nutrient 

consumption and kN accounts for the contribution of nutrients following lysis. Instead of 

explicitly modeling the antibiotic, I assume the concentration remains relatively constant 

throughout the timescale of the experiments. Therefore, antibiotic action is realized by 

inducing the production rate of Y (increasing k0).  See  

 

Table 14 for a complete list of all parameters, values, and descriptions. 

To simulate experiments, baseline conditions are defined by Y and YE = 0, fully 

supplemented nutrients (S = 1), and 100X dilution for high cell density (N = 10-2). When 

ranging the initial densities, simulation values range N0 between 10-5 and 10-2. To 

modulate antibiotic efficacy, simulations are run for a designated time and terminated. 

The final values of N, Y, and YE are saved and used to initiate the next simulation. 0, 5, 

and 10 arbitrary time units are used as the sampling times to test the effect of intra and 

extracellular environments (Figure 45). 
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4.4.3 Supporting tables 

Table 9: β-lactam antibiotics description 

 Category MIC for E. 

coli 

(μg/mL) 

Experimental 

Concentrations 

Tested 

(μg/mL) 

Stock 

Solution 

Concentration 

(mg/mL) 

Solvent Sigma-

Aldrich 

Product 

Number 

Penicillin 
G 

(Benzylpen
icillin) 

Narrow 
Spectrum 
Penam 

31.25 10, 30, 60 100 Water P3032-
1MU 

Amoxicillin Moderate 
Spectrum 
Penam 

2-4 10, 30, 60 25 DMSO A8523-
1G 

Piperacillin Extended 
Spectrum 
Penam 

3.1 10, 30, 60 50 Water 93129-
100MG 

Cephalothi
n 

Moderate 
Spectrum 
Cephalospor
in 

4-8 10, 30, 60 50 Water C4520-
100MG 

Cefotaxime Broad 
Spectrum 
Cephalospor
in 

0.03-0.06 0.1, 1, 10 50 Water C7039-
100MG 

Ceftriaxone 

(light 
sensitive) 

Broad 
Spectrum 
Cephalospor
in 

0.03-0.06 0.1, 1, 10 50 Water PHR138
2-1G 
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Table 10: Sequencing data summary A. Data from primary WGS (Figure 40): 24 total 

clones were sequenced: T0 stands for time = 0, NT = not-treated), 10 clones from 10 

μg/mL Carb exposure such that five each came from two separate flasks, and 10 clones 

from 30 μg/mL Carb using the same setup. Clones are listed sequentially as described 

in the text. 

Sample Total Reads 
Reads that 

Passed QC 

Aligned 

Reads 

Read 

Duplication 

Rate 

Coverage 

(Average) 

T0_F1_C0 53865286 47285220 43836925 0.013941 874.6305915 

NT_F1_C1 14821698 13316448 12343576 0.008745 247.8994837 

NT_F1_C2 15183188 13990284 12878683 0.008597 258.8041111 

NT_F1_C3 12959076 11665912 10910279 0.008043 218.5203032 

A1_F1_C1 14712206 13521832 12546527 0.00834 253.1882477 

A1_F1_C2 15821990 14728452 13688536 0.009055 274.6275007 

A1_F1_C3 15147900 13998698 13023360 0.008304 262.7246351 

A1_F1_C4 16211154 14588176 13531021 0.008386 271.9203288 

A1_F1_C5 11469706 9496696 8663684 0.00722 174.1081416 

A1_F2_C1 15193566 14003324 12988503 0.008275 262.1138569 

A1_F2_C2 13665744 12712326 11800052 0.008408 240.7784048 

A1_F2_C3 14409800 13757806 12816988 0.008053 261.3524642 

A1_F2_C4 14265644 13703778 12799493 0.008428 260.5781908 

A1_F2_C5 12515512 11369022 10579448 0.007533 215.4782417 

A2_F1_C1 15262096 14688706 13760798 0.008438 280.359575 

A2_F1_C2 14922026 14240006 13258610 0.008118 270.2049433 

A2_F1_C3 15369632 14911328 13942467 0.008591 283.3812011 
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A2_F1_C4 13097740 12368824 11526209 0.007166 235.005929 

A2_F1_C5 13811018 13365476 10591791 0.008341 216.4644286 

A2_F2_C1 12699950 12130780 11385879 0.007176 231.8121981 

A2_F2_C2 14157196 13499594 12635388 0.008212 257.6481845 

A2_F2_C3 12026738 11627112 10623318 0.00794 217.2645933 

A2_F2_C4 12662752 12122254 11307970 0.00722 230.2441782 

A2_F2_C5 13755412 13281912 12379371 0.008501 252.6357576 

 

B. Data from validation WGS (Figure 49) 

Sample Total Reads 
Reads that 

Passed QC 

Aligned 

Reads 

Read 

Duplication 

Rate 

Coverage 

(Average) 

T0 13435342 13178209 12234042 0.011212 478.801 

NT1 17170057 16889270 11446548 0.011921 437.832 

NT2 14190287 13958573 9026192 0.010362 354.623 

NT3 13880343 13630757 12810179 0.011702 503.927 

NT4 13985294 13748896 12833494 0.012238 491.842 

NT5 13870903 13521901 12580942 0.010659 498.3 

NT6 13553655 13250722 12417530 0.01013 487.746 

Ab1 15847542 15512481 14501736 0.011665 562.779 

Ab2 14710907 14419234 13483619 0.011438 530.405 

Ab3 15239903 14910653 13911502 0.011888 541.956 

Ab4 13279754 13014645 12149823 0.012826 476.836 

Ab5 14858228 14566911 13635376 0.012323 544.479 

Ab6 13950252 13605645 12697106 0.010528 503.462 
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Table 11: Primer sequences for rt-qPCR 

Number Gene Sequence (5’-3’) 

1. baeR FW: CCGCGTATTTTGATCGTGGAAG 

RV: ATCGGTGCCAGGGAGCATC 

2. baeS FW: AGTTTTGAGCGTGGCTTTATTGA 

RV: CGTGTTCAAATGAACGCAGGA 

3. acrD FW: GACAGGTACCCTGGCGATTT 

RV: GGCCGGTCATATTTTGCTCG 

4. mdtB FW: GGTGTTACCCCCGAGCAG 

RV: GAATGGTCGGATAGTCCACTT 

5. spy FW: TTAACTGCACTGTTTGTTGCC 

RV: CGGTCAGGTTCAGGTCTTTGA 
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Table 12: baeRS mutations, location, codon change, and primer sequences for site-

directed mutagenesis 

A. baeS mutation and primer list for site-directed mutagenesis 

 Mutation 
Codon 

change 
oligos 

TMD1 

and 

proximity 

A15V Gcg>gtg 
oT29 gcaggtggcgaaaatcaccagaaacagtttgcc 

oT30 ggcaaactgtttctggtgattttcgccacctgc 

F35S Ttt>tct 
oT31 5'-aagccacgctcagaactgatacgcaccgcc-3' 

oT32 5'-ggcggtgcgtatcagttctgagcgtggctt-3' 

HAMP 

domain 

A205P Gcg>CCG 
oT33 5'-gtgaaatcgcccggcgccagtttgtgc-3' 

oT34 5'-gcacaaactggcgccgggcgatttcac-3' 

A205E Gcg>gag 
oT35 5'-gtagtgaaatcgccctccgccagtttgtgcg-3' 

oT36 5'-cgcacaaactggcggagggcgatttcactac-3' 

G206D Ggc>gac 
oT37 5'-gggtagtgaaatcgtccgccgccagtttg-3' 

oT38 5'-caaactggcggcggacgatttcactaccc-3' 

E219D Gaa>GAC 
oT39 5'-cgccagtttgcccaggtcatcttcactggtgg-3' 

oT40 5'-ccaccagtgaagatgacctgggcaaactggcg-3' 

L220M Ctg>atg 
oT415'-cagtttgcccatttcatcttcactggtgggcg-3' 

oT42 5'-cgcccaccagtgaagatgaaatgggcaaactg-3' 

L220Q Ctg>cag 
oT43 5'-tgcgccagtttgccctgttcatcttcactgg-3' 

oT44 5'-ccagtgaagatgaacagggcaaactggcgca-3' 

L220P Ctg>ccg 
oT45 5'-tgcgccagtttgcccggttcatcttcactgg-3' 

oT46 5'-ccagtgaagatgaaccgggcaaactggcgca-3' 

G221R Ggc>cgc 
oT47 5'-tcttgcgccagtttgcgcagttcatcttcactg-3' 

oT485'-cagtgaagatgaactgcgcaaactggcgcaaga-3' 

G221D Ggc>gac 
oT49  5'-agtcttgcgccagtttgtccagttcatcttcactg-3' 

oT50 5'-cagtgaagatgaactggacaaactggcgcaagact-3' 

L230H  
oT51 5'-ctccagtgtgctggcatgctggttgaagtcttg-3' 

oT52 5'-caagacttcaaccagcatgccagcacactggag-3' 

L230L  Not done 

A231A  Not done 

K236N  
oT53 5'-ttgccagcacactggagaacaaccagcaaatgcg-3' 

oT54 5'-cgcatttgctggttgttctccagtgtgctggcaa-3' 

His 

kinase 
S280P  

oT55 5'-tccgcctgtaaaggcgccaccgtctcc-3' 

oT56 5'-ggagacggtggcgcctttacaggcgga-3' 
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L291R  
oT57 5'-gatggagatcgtcaacccgtttggtcagtgtaccg-3' 

oT58 5'-cggtacactgaccaaacgggttgacgatctccatc-3' 

R416H  
oT59  5'-gctggcacggttgtgggaaccttcggt-3' 

oT60 5'-accgaaggttcccacaaccgtgccagc-3' 

G422A  
oT61 5'-ccagcccggaagcgccgctggca-3' 

oT62 5'-tgccagcggcgcttccgggctgg-3' 

 deletion  
oT69 5'-gggcaaactggcgcaagacttaaccagcaaatg-3' 

oT70 5'-catttgctggttaagtcttgcgccagtttgccc-3' 

 

B. baeR mutation and primer list for site-directed mutagenesis 

 Mutation 
Codon 

change 
oligos 

Response 

regulator 

domain 

(RD) 

D18N  
oT63 5'-ccccagcttcggttcattttccacgatcaaaatacgc-3' 

oT64 5'-gcgtattttgatcgtggaaaatgaaccgaagctgggg-3' 

Y29D  
oT65 5'-cagcacgcagatcatcaatgagcaactgccccagc-3' 

oT66 5'-gctggggcagttgctcattgatgatctgcgtgctg-3' 

DNA-

binding 

domain 

A164T  
oT67 5'-agacgaaattccgtaggcgtcaggtcaagcattt-3' 

oT68 5'-aaatgcttgacctgacgcctacggaatttcgtct-3' 
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Table 13: Vector constructs for mutant validation 

Strain Vector name Description Resistance 

Top10f’ NA 
Top10f’ cells without 

any plasmid 
None 

Top10f’ PTR 

Tetracycline-inducible 

promoter upstream of 

TetR repressor 

Chloramphenicol 

(CmR) 

Top10f’ pTRbaeRWT 

Wildtype baeR ligated 

into a pProTet backbone 

downstream of 

tetracycline-inducible 

promotor 

CmR 

Top10f’ pTRbaeSWT 

Wildtype baeS ligated 

into a pProTet backbone 

downstream of 

tetracycline-inducible 

promotor 

CmR 

Top10f’ pTRbaeRWT 

Wildtype baeR ligated 

into a PTR backbone 

downstream of the TetR 

repressor 

CmR 

Top10f’ pTRbaeSWT 

Wildtype baeS ligated 

into a PTR backbone 

downstream of the TetR 

repressor 

CmR 

Top10f’ pTRbaeRM 

Mutant baeR ligated into 

a PTR backbone 

downstream of the TetR 

repressor 

CmR 

Top10f’ pTRbaeSM 

Mutant baeS ligated into 

a PTR backbone 

downstream of the TetR 

repressor 

CmR 

 

 



 

205 

Table 14: Modeling parameters and description 

Parameter Value (unit) Description 

 
0.8 (hr-1) Growth rate 

KY 0.6 (μg/mL) Half-maximal constant for Y-dependent lysis 

KS 0.2 (μg/mL) 
Half-maximal constant for nutrient-dependent 

growth rate 

keff 1.05 (hr-1) Rate constant for efflux 

kin 1 Rate constant for influx 

k0 0.4 (hr-1) 
Rate constant for basal production of Y, and 

incorporates antibiotic effect 

kY 0.8 (hr-1) Rate constant for production of Y through lysis 

dN 1.5 (hr-1) Maximal rate for Y-dependent lysis 

dY 0.08 (hr-1) Rate constant for Y and YE degradation 

kS 0.8 (hr-1) Rate constant for nutrient consumption 

kN 0.5 (hr-1) Rate constant for nutrient re-contribution 

 
0.05 (NA) Scaling factor 

n 3 (NA) Hill coefficient 

 
5 (NA) Scaling factor 

N [1e-5:1e-2] Biomass variable 

Y 0 Y variable 

YE 0 Extracellular Y variable 

S 1 Nutrients 

4.5 Acknowledgments 

This chapter includes unpublished work. 
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5. Conclusions 

5.1 Introduction 

Antibiotics have been considered the greatest medical discovery of the 20th 

century378. However, microbes have developed a myriad of ways to survive drug 

treatment, and antibiotic resistance is emerging at a faster rate than new drugs can be 

developed. Without drastic action to minimize the spread of resistance, it is predicted 

that by the year 2050, 10 million people will die as a result of antibiotic resistant 

infections, becoming the leading global cause of death379. There is a global push for 

science research breakthroughs either on developing novel antimicrobials, or strategies 

to prolong the shelf life of existing drugs. Eco/evo strategies are particularly 

advantageous for targeting bacterial pathogenesis. Unlike traditional targets that are 

critical in bacterial viability, this approach interferes with emergent population-level 

dynamics to prevent pathogenesis. For example, collective virulence gene regulation can 

be inhibited by targeting the quorum sensing communication signals380.  Similarly, as a 

dominant mechanism responsible for widespread resistance8,44,45, research focused on 

understanding HGT regulation and emergent dynamics is of therapeutic value as well. 

In general, follow up work resulting from these studies falls into two main 

categories: firstly, and as is typical in the cycle of scientific research and discovery, 

results from both HGT studies raise significantly more open questions than they answer. 

These direct extensions of my work open several complementary lines of basic and 
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applied science research that can be immediately pursued. Secondly, results from these 

studies emphasize the need for proof-of-principle experiments, many of which would 

laterally expand upon my work with new techniques and disciplines. Indeed, this will 

serve as the foundation for my own research vision, which is to ultimately design 

community-based microbial intervention strategies against antibiotic resistant 

pathogens.  

 

5.2 Direct extensions from HGT results 

To curtail the drying antibiotic pipeline as resistance rapidly increases, a major 

research area is focused on developing novel strategies to prolong the shelf life of 

existing drugs. Such an approach is especially attractive given the monetary challenges 

and regulatory hurdles associated with bringing new antibiotics to market381,382. Towards 

this goal, two areas of work described in previous chapters can be expanded upon; both 

hold promise for revitalizing existing and established antibiotic classes.  

 

5.2.1 Tailored dosing regimens  

Results from chapter 2 suggest that HGT dynamics are primarily dictated by 

population structure resulting from selection dynamics. Therefore, modulating 

population structure is a potentially viable strategy to reduce the emergence of 

transconjugants. In the context of this work, such modulation can be readily achieved by 
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developing dosing regimens that are optimized to inhibit the simultaneous selection of 

both parental populations. Indeed, future research aimed at developing guided dosing 

protocols that specifically minimize transconjugant selection during the course of 

treatment is a direct implication that warrants further testing.   
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Figure 50: Different dosing protocols have drastically different outcomes in bacterial 

growth and HGT. A. Schematic for selection dynamics. Two populations undergoing 

conjugation are each resistant to one antibiotic but sensitive to the other. B. 

Percentage of transconjugants that are selected for after a period of antibiotic 

administration. Control indicates no antibiotic, alternating indicates each antibiotic is 

dosed sequentially, and combined indicates both antibiotics are dosed 

simultaneously. C. Temporal dynamics for antibiotic treatments. Individual 

population dynamics in the absence of antibiotic treatment (left), in the presence of 

alternating antibiotics (middle), or in the presence of combined antibiotic treatment 

(right). The x and y-axes are of the same scale. In the alternating protocol, the 

treatment suppressed the red population as well as the transconjugants. In the 

combined treatment, the antibiotic suppressed both parents, leading to strong 

selection favoring the transconjugants.  
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Preliminary modeling suggests that delivering antibiotics in alternating dosing, 

compared to no antibiotic, or both administered simultaneously, can exploit population 

dynamics to minimize the transconjugant selection (Figure 50). This results from taking 

advantage of the donor’s fitness, which shifts the population ratios, and ultimately 

reduces the parental contribution to conjugation. Compared to the alternating dosing 

regimen, combined antibiotic therapy gives neither parent a fitness advantage, enabling 

the transconjugant to dominate. If the green population represents the resident 

population, treatment by alternating two antibiotics would represent an ideal strategy.  

Here, the core model is the same as described for Chapter 2.  Notably, the donor density 

still remains high. Thus, one can imagine that optimized dosing can take advantage of 

resistance present in our own commensal microbiome that is known a priori. In that 

way, we can minimize the emergence of potentially opportunistic pathogens acquiring 

resistance by promoting the survival of native bacteria.  

This modeling analysis should be expanded upon with regard to parameter 

sensitivity and optimization, as well additional dosing strategies (beyond alternating 

pulses). Parameter sensitivity should focus on relative growth rates of all three 

populations, conjugation efficiency constraints, and even competitive vs. non-

competitive growth. Such sensitivity analyses should be performed for various types of 

dosing strategies, including non-square pulses, and varied dose length (and time 

between doses) for one or both of the antibiotics. Ideally, this will define a testable set of 
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predictions for realistic dosing strategies that can be easily implemented in the 

microfluidic platform.   

 

5.2.2 Commercial applications to prevent conjugation-assisted 
persistence  

In addition to re-designed antibiotic delivery methods, another immediate 

strategy to lessen the emergence of resistance is to reduce overall antibiotic use. This 

idea underlies antibiotic stewardship programs implemented in hospitals 

internationally, and aims for more prudent antibiotic use to prolong the shelf life of 

existing drugs. However, my findings from Chapter 3 show that common conjugal 

plasmids enable the maintenance of plasmids carrying resistance genes in the absence of 

antibiotic-mediated selection. Prevalence of this conjugation-assisted persistence 

suggests that reducing antibiotic use alone is unlikely to be effective in limiting the 

spread of antibiotic resistance genes.  

A main direction that emerged from this research focuses on reducing the spread 

of resistance genes through HGT by both minimizing HGT during antibiotic 

administration, and to reverse the resistance if the acquisition does occur, thus 

sensitizing the bacterial pathogens to antibiotics. Indeed, preliminary data suggests that 

conjugation inhibition combined with plasmid loss promotion results in synergistic 

elimination or suppression of resistance. My advisor, Dr. Lingchong You, and I have 
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filed a provisional patent on this novel combination, which will be referred to here as an 

HGT-blocker. An HGT-blocker is an ideal adjuvant for antibiotic therapy to increase the 

efficacy of currently available drugs. This would have immediate treatment benefits 

when combined with antibiotics that have a high prevalence of plasmid-based resistance 

(e.g. β-lactams), by suppressing the spread of resistance during treatment, and reducing 

the likelihood of a resistant infection emerging. While this holds great promise in 

reducing the spread of resistance, it is critical to develop technology for high-throughput 

HGT quantification, which will facilitate pharmaceutical development of an HGT-

inhibiting adjuvant; this in itself requires a deep understanding of the mechanisms of 

HGT.  

5.2.2.1 Overview of the technology and potential caveats 

The study of HGT has been greatly inhibited by a lack of quantification methods 

that are both scalable and precise. This is due to the nature of HGT experiments, 

wherein simultaneous HGT and subsequent cell division change dynamically and non-

trivially depending on the environmental context; since these two processes occur at 

significantly different time-scales, either can easily bias data interpretation depending 

on the experimental setup. Thus, beyond the immediate application, this line of research 

will fundamentally contribute to understanding HGT by developing technical 

advancements for unbiased HGT measurements. As an immediate extension of this 
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work, a high throughput assay will enable screening for additional compounds that 

more effectively inhibit conjugation efficiency (ηC), promote plasmid loss (κ), or both.  

Importantly, the HGT-blocker is aimed at preventing conjugation-assisted 

persistence, which by its very definition is a parasitic process. That is, the HGT-blocker 

is specifically designed such that it does not inhibit growth. Therefore, this strategy is 

advantageous since it introduces no additional selection dynamics (although the 

evolutionary dynamics imposed are not well understood). Instead, it promotes the loss 

of a costly plasmid that persists selfishly. In this way, cells are relieved of their extra 

burden. For these reasons, resistance to an HGT-blocker is unlikely to emerge. Notably, 

the effects of disabling HGT in large, native microbial consortia should be thoroughly 

investigated in future studies. For example, does promoting elimination of a certain 

subset of all plasmids favor the persistence of alternative plasmids? Are these plasmids 

likely to exhibit certain properties or features based on the traits we are interfering with, 

and what are the consequences of this? Modeling analysis should be used to investigate 

questions such as these to evaluate the unforeseen and potentially detrimental by-

product of blocking gene transfer. 

5.2.1.2 High-throughput Screening (HTS) assay to identify small molecule HGT-

blocker 

In the next steps of this project, work should be focused on developing high-

throughput screening to identify effective compounds. These compounds should be 
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screened to exhibit greater efficacy for both inhibiting conjugation and promoting 

plasmid loss. This could in theory identify single molecules that are capable of both 

inhibiting conjugation, and promoting plasmid loss, simultaneously. To perform such a 

screen, it is critical to have high accuracy in assessing the compound’s efficacy in 

modulating ηC, κ, or both.  

The current standard for quantifying conjugation efficiency uses cell counting on 

agar plates, which is both tedious, and challenging (if not impossible) to scale. However, 

long-term growth experiments with donors, recipients, and transconjugants typically 

result in confounding growth dynamics that may make it difficult to determine 

parameter changes acting on a differing time scale. Further, certain processes are 

measured over the course of days, which is an unrealistic timeframe for HTS. A major 

next step to this work is therefore to develop a conjugation assay that is scalable for 

high-throughput screening, and can definitively determine a small molecule’s effect on 

both ηC and κ, within a short time frame. Ideally, due to the size of libraries typically 

used for such screenings, the assay should be designed such that effects on ηC and κ can 

be determined simultaneously in a single assay. 

Preliminary modeling shows the feasibility of such an assay, enabling the 

detection of changes in ηC, κ, or both simultaneously, in only 24 hours (Figure 51). 

Specifically, single antibiotic-resistant donors (D) and recipients (R) generating a 

transconjugant (T) with unique double resistance (analogous to the setup in Chapter 2) 
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are mixed and distributed in a 96 (or larger)-well microtiter plate along with the library 

of testable compounds. The plate is placed in an incubated environment (e.g. plate 

reader) for an initial conjugation period (length of time = t1). At t1, two antibiotics are 

introduced to eliminate the parents, and time-course measurements are obtained for the 

outgrowth of T for an additional length of time t2 (Figure 51A).  
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Figure 51: HTS schematic to identify compounds that inhibit conjugation and 

promote plasmid loss simultaneously. A. Sample schematic for high-throughput assay. 

The compounds are introduced into a well containing a mixture of donors and 

recipients (a 96-well plate is used here for schematic only, and can readily be scaled). 

After a designated time t1 (~6 hours), double selection is introduced with two 

antibiotics, and optical density is recorded for the remainder t2 (~24 hours). 

Comparing the growth curves of each compound-treated culture to that of the control 

can explicitly distinguish compounds that modulate conjugation, plasmid loss, or 

both (see B.). Red triangles indicate sample small molecule, and orange and blue dots 

represent antibitoics to select against the parents.  B. Determining changes in one or 

both of ηC and κ. Dashed line indicates the control dynamics of transconjugants, and 

the black line indicates the dynamics when the transconjguants are treated with a 

compound that is inhibitory against conjugation (top) and plasmid loss (bottom). 

Modulating plasmid loss changes the slope of the line (Δm) whereas modulating the 

conjugation efficiency changes the intercept of the line (Δm). Together, this creates a 

signature growth curve for each transconjugant and molecule tested. 
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Modeling results suggest that dynamics during the exponential growth phase of 

the outgrowth period serves as a signature for T that is uniquely defined by ηC and κ. In 

particular, exponential outgrowth is log-transformed and fit to a linear regression such 

that 
		
log T( ) = mt +b , where T is the transconjugant population, t is the time, and m and b 

are the regression parameters for slope and intercept, respectively. Compared to a 

control without any added small molecule (
		
log T

C( ) = m
C
t +b

C
), inhibition of ηC results in 

a decreased intercept (e.g. Δb=b-bC<0), and increased κ results in a decreased slope (e.g. 

Δm=m-mC<0). Importantly, this process is additive, and therefore the parameterization of 

a line during the outgrowth phase can uniquely determine whether a single compound 

modulates ηC, κ, or both (Figure 51B).  

This strategy is unique in that a single measurement can effectively distinguish 

two critical parameters involved in conjugation-assisted persistence. As a next step, 

synthetic plasmids should be used to experimentally test the viability of this strategy, 

and further modeling utilized to optimize experimental conditions, including length of t1 

and t2, as well as initial population densities. Such optimization should focus on 

improving the accuracy and detection limit, such as maximizing the dynamic range of T. 

Importantly, this represents a potentially diverse and entirely new class of 

antibiotic adjuvants. Ideally, HTS will identify a subset of attractive molecule 

candidates. Using this narrowed group for a second round of screening, plasmid subsets 
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can be chosen to capitalize on certain properties of interest. For example, identifying 

compounds with efficacy against broad (e.g. on multiple plasmid incompatibility types) 

or narrow (e.g. specific species group) host range, plasmids associated with specific 

resistance genes, and even those associated with environmental mating preferences (e.g. 

surface/biofilm mating) are all exciting possibilities. 

 

5.3 Long-term research goals: Stable and evolvable engineered 
microbial communities for therapeutic applications 

A second emergent research direction (on which I wish to focus my academic 

career) is building microbial consortia that are engineered on stability principles 

afforded through HGT, and serve as therapeutics for promoting colonization resistance. 

Native bacterial communities across geographical, ecological, and physiological 

boundaries have proven to be compositionally diverse, yet largely functionally 

stable383,384. Moreover, they are able to collectively realize a wide range of behaviors, 

many of which are of potential therapeutic interest. Indeed, engineering compositionally 

stable, functionally diverse, and evolvable microbial consortia for bioprocessing and 

biomedical applications is a common goal in the field of synthetic biology (as well as 

other fields)226,383,385.  

I will combine my background in applied mathematics with cutting edge 

quantitative experimental techniques to develop an arsenal of ecological building blocks 
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that will enable me to construct entire microbial consortia from the ground up. These 

custom consortia will then be optimized for various desired, and importantly, 

controllable, naturally inspired processes.  

5.3.1 Research approach to building complex communities 

Broadly speaking, as described in chapter 1, synthetic biology has focused thus 

far on implementing logic in individual cells using an array of characterized parts (e.g. 

promoters, transcription factors, signaling molecules, etc.). Although many complex 

behaviors have been successfully implemented both at the single cell and population 

level, the intricacy of intracellular gene circuits is inherently limited by the metabolic 

burden they impose, which ultimately limits the computing power of a single cell. Also, 

building communities with predictable composition remains challenging due to the lack 

of available building blocks to engineer stable interactions.  

To overcome these limitations, my overall approach is to use populations as the 

basic unit of logic and interaction, as opposed to genetic components or even individual 

cells. Just as BioBricks is a repository of intracellular “building blocks”, I plan to build a 

library of fully characterized bacterial communities, from two to multi-species 

complexity, each with defined sensory and actuary functions. This represents a 

fundamental paradigm shift in the current implementation of synthetic biology, 

focusing on interaction-based modularity, as opposed to specific biochemical reactions. 

Interaction-based synthetic engineering will enable me to take advantage of consortia 



 

218 

stability and evolvability to develop complex microbial systems geared toward specific 

goals, e.g. maintenance of a beneficial behavior. Crucially, this logic could be extended 

to create hierarchical “multi-member consortia”, where each ‘member’ is itself a multi-

species consortia (Figure 52). By designing members such that they remain orthogonal 

(e.g. fill different ecological niches or rely on different substrates), this abstraction vastly 

facilitates the ability to predict and implement stable higher order interactions.  

 

Figure 52: Abstraction from genetic components to community members.  Engineering 

microbial communities is challenging, since it requires a priori compositional 

stability. To facilitate this, my goal is to establish population-level building blocks. 

Analogous to genetic components as cellular building blocks, pre-defined microbial 

populations can be engineered such that they have defined input and output 

functions, are modular, and orthogonal. In this way, whole communities can be 

thought of as an independent ‘member’ of an even larger community. This will 

facilitate constructing larger populations with increased stability.   

 

5.3.2 Applications in promoting colonization resistance 

This framework will be applied to further my work on novel antibiotic therapies 

within the context of promoting colonization resistance (CR). In particular, CR refers to 

the inability of most pathogenic bacteria to colonize the gut and cause infection under 

typical conditions386. However, colonization can occur when there are perturbations to 
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the microbiome, such as from the use of antibiotics387,388. The resulting infections tend to 

be increasingly pathogenic, drug resistant, and potentially lethal. 

5.3.2.1 Background 

The human intestinal tract contains a rich and diverse microbial environment. 

An individual gut can be colonized by up to 1000 distinct bacterial species1, and the 

large intestine harbors the highest density of bacteria in the entire body, reaching 

concentrations of 1013 to 1014 microorganisms389,390. Mixed within the commensal 

microbes are an abundance of antibiotic resistance gene and pathogenic bacteria in small 

quantifies. These pathogens can cause harmful, sometimes lethal, diseases via numerous 

different mechanisms72,125,386. More over, despite the fact that the guts of healthy 

immune-competent adults are regularly exposed to bacterial pathogens, disease is 

uncommon.  This is due to CR inhibition of pathogenic invasion and colonization391. 

CR is widely believed to stem from protection by resident microflora392,393, 

resulting from both interactions between the microbes and their host, and inter-microbe 

dynamics386.  Indeed, inter-microbe competition for specific niches and nutrients has 

long been accepted as one of the major mechanisms contributing to CR394; it has been 

shown that established strains are favored over invading ones since gut-specific niches 

can only hold a finite population395. Other proposed mechanisms include but are not 

limited to inhibition from narrow spectrum antimicrobials396-399, SCFA metabolic 

exclusion396,400, oxygen consumption401,402, stimulation of the host immunity, and 
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stabilization of the mucosal barrier through cross-talk between bacteria and epithelial 

cells391,401-404. As a result, it is generally assumed that the resident microflora has a 

significant fitness advantage under typical conditions. 

5.3.2.2 Antibiotic-mediated CR perturbation 

Although the microbiome is considered largely robust and resilient to 

disturbances long-term, perturbations can result in devastating consequences405,406. In 

particular, antimicrobial use can weaken CR and cause emergence and infection from 

antibiotic-resistant strains. These opportunistic strains tend to be increasingly 

pathogenic, drug resistant, and potentially lethal407-411. Antibiotics drastically reduce the 

diversity and abundance of endogenous species, liberating numerous niches and 

nutrients, and providing invading, resistant pathogens the opportunity to colonize411. A 

classic example is colonization and pathogenesis of Clostridium difficile, which almost 

always result from antibiotic-mediated disruption of CR412,413.  

Since CR is largely attributed to commensal flora protection, one idea is to use 

commensal microbes as a means to maintain CR following antibiotic perturbation414. In 

particular, bacterial communities that are optimally constructed to suppress invading 

pathogens could preserve the intestinal environment long enough for native 

commensals to regrow. My research demonstrated the potential for HGT as a 

mechanism to maintain function despite fluctuations in populations, environmental 

conditions, or both. Thus, I plan to construct microbial communities that can both sense 
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a disturbance, and adapt accordingly, by leveraging HGT to facilitate rapid consortia 

self-optimization depending on ecological context.  

In particular, key members of commensal bacteria colonize specific locations in 

the gastrointestinal tract415 due to intrinsic, niche-specific fitness advantages. Likewise, 

CR disruption depends on a host of variables, including the specific perturbation (e.g. 

antibiotic class), length of exposure, and pathogenic exposure. Therefore, the ideal 

probiotic changes case-by-case.  In that way, communities engineered to exhibit 

conjugation-assisted persistence will take advantage of rapid evolution and 

compositional diversity to facilitate self-optimized community assembly depending on 

the local fitness. Thus, compositional mixtures will be designed such that the optimal 

plasmid-microbe combination can emerge under the appropriate, environmentally 

specific context.  

This is advantageous from a therapeutic perspective, since efficacy of 

microbiome-based therapies can be tailored at the patient level, but remain general at 

the formulation level. Further, communities of microbes and plasmids can be 

continuously expanded upon and even further tailored for specific disease states and 

other areas of interest that might influence therapeutic efficacy.  
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5.4 Future perspectives 

The research directions outlined above are just some of the many unanswered 

questions raised from my findings that have yet to be explored. Other areas to expand 

upon include plasmid segregation control, as results suggest that incomplete segregation 

dynamics counter-intuitively promote plasmid stability. Ongoing work investigating a 

novel mechanism for β-lactam action has revealed potential therapeutic targets that 

should be investigated further as well.  

Overall, my long-term goals integrate general synthetic biology principles 

towards an entirely unique approach of microbial community engineering. My overall 

vision of hierarchal population-based engineering is complementary to the specific 

application of CR. Indeed, essential to my proposed therapeutic is first developing the 

engineering techniques to facilitate conjugation-enabled stable multi-population 

communities.  Together, the iterative cycling between engineering advances towards 

therapeutic gains will synergistically push each objective forward, and facilitate the 

development of next generation evolvable therapeutics. 
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Appendix A 

Table 15: Details for ESBL isolates from Chapters 2 and 3. 

Isolate Resistance 

Gene 

Plasmid group 

(pMLST) 

Species 

(MLST) 

Other 

relevant info 

DICON 41 Bla-CTX-M-15 

Bla-OXA-1 

IncN[St-

9],incF[F2:A6*:B1] 

E. Coli (ST-

131) 

Female, urine, 

ESBL 

DICON 146 Bla-CTX-M-27 IncF[F1:A2:B20], 

incN[St-9] 

E. Coli (ST-

131) 

Female, urine, 

ESBL 

DICON 168 Bla-CTX-M-14, 

bla-TEM-1c 

incF[F29:A-B6], 

incN[unknown] 

E. Coli (ST-

405) 

Urine, ESBL 

DICON 193 Bla-CTX-M-15 

Bla-TEM-1b 

IncI 1[ST-3], 

incF[F2:A1:B] 

E. Coli (ST-

131) 

Male, Blood, 

ESBL 
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Appendix B 

To derive a general structure, I define N to be the number of species, p be the 

number of plasmids, such that there are Nx2p total populations (all species/plasmid 

combinations). Note that conjugation can be algorithmically implemented by matrix 

operations between vectors of unique sets of plasmids. To facilitate writing the equation, 

I define the following set of definitions and well-defined linear algebra operations: 

 

Let 		z =2p −1  be the number of unique plasmid combinations indexed by 		0≤ j ≤ z =2p −1. 

Then I define  to be the row vector consisting of binary elements 

such that 

		

b
i
= 1

0

plasmid

plasmid − free






. Therefore, the set of all 

		
γ

j
, γ

j{ }( ), consists of the 

ordered set of all possible unique plasmid combinations represented as binary vectors. For 

example, 
	
γ
0

 is the first vector in 
	

γ
j{ } that consists of all zeros (no plasmids), and 

	
γ

z
 is the last 

vector in 
	

γ
j{ } and represents a vector of all ones. Thus, 

		
S
n

γ
0  represents the n-th species that 

carries no plasmids, and 
	
S
n

γ
z  represents the n-th species that carries all plasmids at once.  

Then I can define the following basic linear algebra operators: 

Let 
		
γ

j
=1−γ

j
 be the complement of 

	
γ

j
 . 

Let 

		

H γ
j
,γ

k( ) = γ
j
⋅γ

k
= γ

j
Φ 

Φ=1

p

∑ γ
k

Φ   be the dot product. 
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Several useful operations follow: 

1. 
		
H γ

j
,γ

j( )  is the identity operation, and will give the sum of all 1’s in 
	
γ

j
. Intuitively, 

this calculates the number of unique plasmids in a single population. For example, let 

		
γ

j
= 0 1 1





: 

		
H γ

j
,γ

j( ) = 0 1 1




⋅ 0 1 1





=2  

2. 
		
H γ

j
,γ

k( )  is the number of elements shared between two vectors. Intuitively, this 

represents the number of unique plasmids carried between two populations. For 

example, let 
		
γ

j
= 0 1 0




,γ

k
= 0 1 1





: 

		
H γ

j
,γ

k( ) = 0 1 0




⋅ 0 1 1





=1  

3. 
		
H γ

j
,γ

k( )  is the number of elements in 
	
γ

j
that are not in 

	
γ

k
. Intuitively, this 

represents the number of plasmids that are in one population, but not the other. Thus, 

this operation calculates the number of potential conjugation interactions between two 

sets of plasmids 
	
γ

j
and 

	
γ

k
. For example:   

		
H γ

j
,γ

k( ) = 1 0 1




⋅ 0 1 1





=1 . 
	
γ

k
 can therefore donate a single plasmid to 

	
γ

j
. Say instead 

		
γ

j
= 1 0 0





. Then 
		
H γ

j
,γ

k( ) = 0 1 1




⋅ 0 1 1





=2. This 

means a population carrying 
	
γ

k
 can donate one of two plasmids to recipient (

	
γ

j
).  
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Using these rules, the differential equation for a unique population 
	

dS
n

γ

dt
 can be 

generally represented in the following equation, and is broken down into five individual 

terms in the table below: 

 

		

dS
n

γ

dt
= µ

n

γ S
n

γ 1−
S
i

j

j=0

z

∑
i=1

N

∑

N
m



















+η
C

S
n

γ
k S

i

γ
p

∀p

∑
i=1

N

∑
∀k

∑ − S
n

γ S
i

γ
qH γ ,γ

q( )
∀q

∑
i=1

N

∑








 +κ S

n

γ
k

∀λ
∑ − S

n

γ H γ ,γ( )





−DS

n

γ
  (53) 

 

Table 16: Definitions for generic HGT equation. 

Term Representation Additional definitions and description 

Logistic growth 

 

		

µ
n

γ S
n

γ 1−
S
i

j

j=0

z

∑
i=1

N

∑

N
m



















 

 

There are a total of N x 2p populations 

Contribution from 

conjugation 
		

η
C

S
n

γ
k S

i

γ
p

∀p

∑
i=1

N

∑
∀k

∑










 

 

 

Recipients: Define  to be the indices corresponding to a subset of vectors in 
	

γ
j{ } , e.g. 

	
γ

k{ } ⊆ γ
j{ } , such that each vector has one unique plasmid difference to  γ , and has 

less total plasmids (number of plasmids carried by 
	
S
n

γ
k  is less than the number of 

plasmids carried by 
	
S
n

γ
for all 	k ). 

 

Donor: Define ρ  to be the indices corresponding to a subset of vectors in 

	
γ

j{ } consisting of every vector combination that carries the missing plasmid as defined 

by 
	
γ

k
. 
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Loss from 

conjugation 
		

−η
C

S
n

γ S
i

γ
qH γ ,γ

q( )
∀q

∑
i=1

N

∑










 

 

Recipients: The population 
	
S
n

γ
will gain a plasmid through conjugation 

 

Donor: Define q to be the indices corresponding to a subset of vectors in 
	

γ
j{ } that has at 

least one unique plasmid not contained by 
	
S
n

γ
. 

 

Contribution from 

plasmid 

segregation 

 	

κ S
n

γ
k

∀λ
∑






 

 

Define λ  to be the indices corresponding to a subset of vectors in 
	

γ
j{ } consisting of 

every vector combination that has every single plasmid in γ plus exactly one more 

plasmid 
	

γ +1{ }( ) . 

 

Loss from plasmid 

segregation 

 

		
−κ S

n

γ H γ ,γ( )( ) 

 

 

	
S
n

γ
loses each of the plasmids in γ with the rate constant κ . 

Dilution 
	
−DS

n

γ
 First order kinetics for dilution 
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