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Understanding how genotypes map to fitness is fundamental to the description and prediction 

of adaptive evolution. Through differential reproductive fitness of heritable variation, 

populations enhance survival and reproduction within the selective environment. In this 

dissertation, I employ experimental evolution of cefotaxime resistance in the plasmid-

encoded blaTEM with selection occurring in two bacterial species that host this gene. I 

measure resistance phenotype during the evolution experiment and utilize monoculture 

barcoded fitness assays to evaluate the competitive ability of numerous plasmid genotypes 

hosted by the same species in a range of antibiotic environments. I introduce the concept of 

an adaptive window to delineate the region of concentration space where each sampled 

mutation would be selectively accessible in each species. We observe that resistance effects 



 

 

of mutations often correlate between species, but the window of selective accessibility is 

shifted between species due to differences in intrinsic resistance level. In Chapter 2, I 

perform side-by-side monoculture and coculture barcoded fitness assays to evaluate the 

competitive ability of plasmid-host pairings across distinct host communities. We observe 

that both plasmid genotypic fitness and the fitness effect of mutations can depend strongly on 

host community structure. Together, these chapters demonstrate that the ecology and 

evolution of mobile genetic elements can be shaped by host genomic and host community 

contexts. More generally, this dissertation highlights the dynamic nature of the genotype-to-

fitness mapping which is modulated by contextual factors ranging from within the gene, cell, 

or ecosystem.  

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 



 

 

 

Introduction 

The evolution of mobile antibiotic resistance genes is shaped not only by selection for resistance, 

but also by the ecological contexts in which that selection occurs. My dissertation examines how 

ecological and evolutionary context determine the adaptive trajectory of the blaTEM gene, which 

encodes a beta lactamase protein that hydrolytically inactivates beta lactam antibiotics. Building 

on prior work examining plasmid-mediated resistance across bacterial hosts, I apply a directed 

evolution framework to interrogate how resistance-enhancing mutations arise and persist in 

Escherichia coli and Klebsiella pneumoniae. By selecting for increased cefotaxime resistance in 

both species, I evaluate whether the selective consequences of individual mutational steps are 

conserved across hosts and antibiotic environments. 

This work is novel in that selection during directed evolution is applied in multiple host species. 

Furthermore, we evaluate mutational effect in bulk fitness competitions of genetically 

reconstructed genotypes within each host species across numerous antibiotic environments. I 

introduce the concept of an “adaptive window” to describe the specific environments in which a 

resistance mutation confers a fitness advantage. While overall resistance phenotypes are often 

similar between species, the adaptive windows of mutations vary, revealing context-dependent 

constraints on mutational accessibility. These results suggest that although the identity of many 

resistance mutations are shared between species, their evolutionary accessibility is shaped by 

host-specific ecological factors. 

In the second part of my dissertation, I quantify how plasmid evolution changes in the presence 

of multiple hosts. Appending a coculture treatment to the barcoded fitness assay employed in 

Chapter 1, I measure plasmid genotype fitness and mutation effects in single and multispecies 

bacterial communities. We find that E. coli-harbored plasmids grow much slower in coculture 

relative to monoculture, while the impact K. pneumoniae genotypes is much less severe. 

Importantly, we observe shifts in the fitness effects of mutations across conditions, indicating 

that interspecies interactions reshape the selective landscape. These findings demonstrate that the 

ecology and evolution of mobile genetic elements are shaped by the interaction between host 

genotype and community structure. 

 

 

 

 

 

 

 

 

 
 



 

 

Chapter 1 

Through the Adaptive Window and What Contexts Modulate the Fitness Landscape  

Nathan Grassi, Fischer Tsai, Benjamin Kerr 

Abstract 

The fitness effect of mutations can vary across genetic or environmental contexts, potentially 

yielding divergent evolutionary outcomes. We combine directed evolution of a mobile antibiotic 

resistance gene with high-throughput barcoded plasmid fitness competitions to generate reaction 

norms depicting the fitness effect selected mutations across antibiotic and host backgrounds. We 

find that while resistance effects tend to correlate between species, the region of concentration 

space where this benefit was realized (i.e., the adaptive window) often varied between our two 

host species. Moreover, we identify mutational steps that exhibit idiosyncratic species-specific 

fitness effects, wherein the same mutation on the same genetic background confers a benefit in 

one species but not another.  Our results suggest that multidimensional selective forces shape the 

accessibility of evolutionary trajectories in mobile genes and highlight the importance of direct 

fitness measures across interacting layers of context to improve prediction of eco-evolutionary 

phenomena in complex adaptive systems.  

Introduction 

In Lewis Carroll’s imagined worlds, stepping across a threshold does more than reveal a 

new view — it rearranges the rules of space itself. In evolution, a similar shifting of rules occurs 

as the effect of mutations is reframed by changes in ecological or genetic context. Adaptive 

landscapes, mappings of genotype-to-fitness within a selective context, are not static terrains but 

shifting spaces wherein the same genetic change that is advantageous under certain selective 

conditions might be neutral or even harmful to fitness elsewhere.(1–16) The fitness effect of 

mutations can be influenced by multiple layers of context: interactions with other genetic 

loci,(13,17–27) the host background,(24,28–35) and the environment.(1,36–41) Predicting the course of 

adaptive evolution requires a framework that accounts for modulation of mutational effect across 

relevant contextual dimensions.(4,9,10,42–45) Mutation reaction norms provide a useful framework 

for examining the phenotypic effect of a mutation across selective contexts.(16,46) Furthermore, 

when the measured phenotype is competitive fitness, these reaction norms can demonstrate the 

contexts where mutant types have a competitive advantage relative to their ancestor.  

Antibiotic resistance, as a rule, does not come for free.(40,47–55) Frequently, the fitness 

advantage of a resistance mutation is contingent on the presence and concentration of the 

relevant antibiotic.(49,53,54,56,57) Resistance mutations in plasmid-encoded beta lactamase, blaTEM, 

often carry collateral fitness costs that reduce bacterial fitness in the absence of beta lactam 

drugs.(39,46,48,49,55,58) At low drug levels, wildtype or low-resistance genotypes may outcompete 

resistant mutants.(39,50,55,58,59) This results in an adaptive window: a specific range of factor space 

(e.g., antibiotic concentration) where a mutation confers a fitness benefit.(53,57,58) Below this 

window, the mutant’s fitness cost outweighs the resistance advantage. Within the window, there 

is a net fitness advantage where the mutant survives while the ancestor is inhibited until 

eventually a concentration is reached that inhibits both types. Mapping these adaptive windows 

allows us to define the context within which mutations are accessible to natural selection. 

In this study, we applied this framework to investigate how mutations in the mobile 

blaTEM gene shape cefotaxime resistance across two bacterial host species, Escherichia coli and 

Klebsiella pneumoniae. We conducted a directed evolution (DE) experiment to select for 

cefotaxime resistance mutations in E. coli and K. pneumoniae, allowing adaptive mutations to 

accumulate under increasing antibiotic pressure. To quantify the fitness effects of these 



 

 

mutations across species and selective conditions, we reconstructed single-step substitutions and 

evaluated their fitness in competition across a gradient of cefotaxime concentrations. Our results 

reveal that while resistance mutations in blaTEM generally confer a fitness benefit across species, 

the specific environments where they are selectively accessible vary. The primary resistance 

mutation G238S emerged as the dominant substitution in both species, consistent with its well-

documented role in cefotaxime resistance.(25,60–62) However, certain mutational combinations 

demonstrated species-specific fitness effects, suggesting that host-intrinsic factors can influence 

the accessibility of mutational trajectories. Our findings corroborate our previous work(24) that 

the global structure of the resistance landscape is largely conserved but show that species-

specific selection pressures shape the precise evolutionary paths and environments comprising 

the adaptive window for resistance mutations. 

Experimental Approach 

 
Figure 1. a) Workflow for the directed 

evolution (DE) experiment. 

Beginning with TEM-1 plasmid 

template, the gene is mutagenized in 

12 independent error-prone 

polymerase chain reactions. Each 

mutant library is transformed into a 

pair/dyad of bacterial populations 

with four dyads consisting of two 

populations of E. coli, four dyads of 
two populations of K. pneumoniae, 

and four dyads with a single 

population of each species. Dyad 

populations are inoculated along 

cefotaxime gradients and incubated 

for 20 hours. The plasmid is then 

isolated from a random clone from the 

culture at the highest concentration to 

exhibit turbidity (referred to as the 

maximum growth concentration, 

MGC). Conventional PCR is used to 

amplify the gene for Sanger 

sequencing then PCR products from 

the two dyad members belonging to 

the same evolution line are mixed 

equally to serve as template for the 

next round of error-prone PCR. b) 

Genotypes from the DE experiment 

are reported at the MGC they were 

selected each round. Bars are colored 

according to the species that the 

genotype was selected in (E. coli in 

red; K. pneumoniae in blue) and 

labeled with the round selected. 

Genotypes that were subsequently 

replaced by mutational steps on the 

genotypic background fixed in the 

other dyad member are shown with 

X’s.  

 



 

 

 

Selection for de novo resistance mutations occurred in 12 populations of each species 

through 3 rounds of DE (Fig. 1a). All 12 populations within each species began as the wildtype, 

TEM-1 with no designated resistance mutations. Due to intrinsic resistance differences between 

species, this same plasmid genotype can survive at a higher concentration when hosted by E. coli 

relative to K. pneumoniae. In the first round, both species frequently substituted G238S, which 

eventually appeared in every evolutionary endpoint (Fig. 1b). Although other mutations were 

selected in the first round (R164S in K. pneumoniae; and I208M/E240G in E. coli), both dyad 

members the next round fixed a mutational step on the G238S background that was fixed in the 

other dyad member belonging to the same evolution line (Extended Data Fig. 1). R164S is a 

well-documented resistance mutation, but this substitution is known to interact negatively with 

G238S(25,58,60,63), which precluded the selection the R164S/G238S double mutant. Both the 

I208M and E240G substitutions have been isolated in previous directed evolution studies and are 

associated with effects on enzyme stability and hydrolysis; respectively,(60,63) but their combined 

resistance effect was outpaced by G238S alone. The most resistant K. pneumoniae dyad 

members of the first round fixed the double mutant, G238S/D273E, which we confirmed 

increased resistance in K. pneumoniae over G238S alone but does not detectably affect resistance 

in E. coli (Extended Data Fig. 2).  

In the second round, many populations acquired mutations that appeared to mitigate the 

collateral fitness effects of the destabilized, albeit more resistant, mutant enzyme. The M182T 

substitution, known to be a global suppressor of destabilizing mutational effects associated with 

other loci, was utilized by both species but at a higher frequency by E. coli whereas K. 

pneumoniae more often selected stabilizing mutations H153R and T265M alongside 

M182T.(60,63) In combination with M182T, E. coli dyad members sampled a nucleotide change in 

the upstream ribosome binding site (RBS)(64) and the P22T amino acid substitution in the 

periplasmic signal, both of which putatively affect expression and localization of the mature 

protein.(48) The A42G substitution appeared in both species and is known to interact positively 

with G238S, while the L49M and P62S substitutions also appeared in K. pneumoniae and E. 

coli; respectively, and both are associated with a stabilizing effect.(60,63) 

In the third round, highly resistant genotypes incorporated additional resistance mutations 

at residues E104 and E240, both known to affect substrate specificity. (60,63) In E. coli, E104K 

and E104V were acquired to genetics background containing M182T while E104A and E240K 

were acquired on backgrounds stabilized by H153R (in combination with additional stabilizing 

substitution, P62S). In K. pneumoniae, E104K occurred with M182T and E104V occurred with 

H153R (in combination with an additional compensatory mutation, T265M). More moderate 

increases in resistance were observed for genotypes that further combined compensatory 

mutations including V31A, R120G, V216I. (60,63) To better understand how each mutation 

contributed to resistance and fitness in different host backgrounds, we reconstructed each single-

step intermediate genotype from the DE experiment using site-directed mutagenesis. Each 

genotype was barcoded in triplicate to allow for precise tracking of fitness in bulk 

competitions across a gradient of cefotaxime concentrations independently in E. coli and K. 

pneumoniae (Figure 2a).  



 

 

 
Figure 2. a) Workflow for the barcoded fitness assay. Each plasmid genotype has replicate barcode sequences 

transformed into naive cells of E. coli and K. pneumoniae. Amplicon sequencing of the barcode region and selective 

plating are used to estimate initial genotype frequencies and culture density in separate species monocultures. These 

species cultures are inoculated across separate antibiotic gradients and genotypes are competed for 3.5 hours. Final 

barcode frequencies and cell densities are estimated from each tube. b-c) Genotypic fitness with 95% confidence 

intervals as a function of antibiotic concentration for mutationally-adjacent ancestor (open circles) and mutant 

neighbor genotypes (filled triangles) in E. coli (red) and K. pneumoniae (blue). d-e) Mutational effect is calculated 

through an evaluation of the relative fitness difference of mutant neighbors [(Mutant Fitness – Original Fitness) / 

Mutant Fitness] in each tested antibiotic environment in both species. Error bars represent the 95% confidence 

interval of this relative fitness effect. e-f) Genotypic networks of mutational steps selected in E. coli and K. 

pneumoniae; respectively, during the DE experiment. 

 



 

 

From the fitness competitions we observe the existence of a resistance-competitive ability 

trade-off between the two species with E. coli possessing a higher resistance but slower baseline 

growth rate (Fig. 2b-c). Consequently, the fitness of the same genotype is higher in K. 

pneumoniae than it is in E. coli (compare blue to red open circles, or blue to red filled triangles), 

suggesting that this species possesses a higher maximal growth rate over 3.5 h. However, these 

genotypes in E. coli exhibit a positive fitness at higher concentrations as compared to K. 

pneumoniae, consistent with the higher intrinsic resistance level of this species. When comparing 

fitness of different genotypes within the same species (compare blue or red open circle to blue or 

red filled triangles) we observe a similar resistance-competitive ability trade-off where the cost 

of resistance mutations prevents the selective advantage over the immediate ancestor in low-drug 

environments. However, this cost is offset by the benefit of enhanced drug resistance, which at 

some point sufficiently inhibits the ancestral type to render the mutation selectively accessible.  

 To determine which antibiotic concentrations resistance mutations are advantageous to 

each species, we evaluate the relative fitness effect of selected mutation in each species across 

the antibiotic gradient (Fig. 2d-e). These mutation effect reaction norms enable us to define 

adaptive window as the range of antibiotic environments where the fitness effect of a mutation is 

significantly positive (i.e., 95% CI of mutational effect is positive and does not contain 0). The 

mutation reaction norms for the G238S and M182T substitutions in the TEM-1 and G238S 

backgrounds; respectively, show an adaptive window where the mutation is associated with a 

positive fitness difference. Notably, the concentrations where each mutant genotype appeared 

during the DE experiment were situated within the adaptive window detected in our barcoded 

fitness assay, showing correspondence across experiments.  

In the DE experiment, identical mutational steps were selected in each species but 

appeared in lower drug concentrations in K. pneumoniae compared to E. coli. Likewise, in the 

barcoded fitness assay, we observe that the same plasmid mutation confers a significant 

beneficial effect in lower drug concentrations for K. pneumoniae as compared to E. coli. The 

lower intrinsic resistance level of the K. pneumoniae host necessitates the acquisition of 

resistance mutations in the mobile gene earlier in concentration space as compared to the E. coli 

host background. Despite the substitution of similar resistance mutations in DE populations of E. 

coli and K. pneumoniae, we find that within the selected antibiotic environment that these 

mutations appear they often do not confer significant benefit to the other host background 

(Figure 3). 

 

 

 



 

 

 
Figure 3.  a) Genotypic network of mutational steps selected in E. coli dyad members during the DE experiment. 

Edges represent the scaled mutational effect in E. coli and K. pneumoniae hosts evaluated within antibiotic 

concentration that the mutant genotype was sampled in E. coli during the DE experiment. Edges between genotypes 

represent the relative fitness difference between mutant neighbor genotypes in the concentration that the mutation 

was selected in during the DE experiment. Edge color represents significant effect in E. coli (red) or K. pneumoniae 

(blue) and edge type represents mutational effect (positive, solid; negative, dashed). b) Genotypic network of 

mutational steps selected in K. pneumoniae dyad members during the DE experiment. Edges represent the scaled 

mutational effect in E. coli and K. pneumoniae hosts evaluated within antibiotic concentration that the mutant 

genotype was sampled in K. pneumoniae during the DE experiment. Same edge labeling as in panel a. c-e) Mutation 

effect reaction norms derived from the barcoded fitness assay are depicted with triangles denoting the concentration 

where the mutant genotypes were selected during the DE experiment in E. coli (red) and/or K. pneumoniae (blue).  

 

Most mutations are associated with a significant positive effect in E. coli in the antibiotic 

concentration it appeared during the DE experiment, yet the same mutation in the same antibiotic 

environment often did not confer a significant increase in fitness to the K. pneumoniae (Fig. 

3a). Likewise, for the mutational steps selected in K. pneumoniae we see that they confer a 

significant fitness advantage to the mutant genotype over its immediate ancestor in the drug 

concentration where it was selected in the DE experiment (Fig. 3b). These mutations did not 

confer significant positive effects to E. coli in the same antibiotic concentrations, where the cost 

of the same resistance mutations did not sufficiently outweigh the level of drug inhibition for this 

more resistant species. This suggests the accessibility of plasmid mutations is determined both by 

the antibiotic environment but also the host genomic context. 

Figure 3c-e show the relative fitness effect of plasmid mutations in E. coli (red) and K. 

pneumoniae (blue) that were selected in E. coli populations at concentrations marked by red 

triangles during the DE experiment. In panel c, we see the addition of a nucleotide substitution in 

the ribosome binding site (RBS) upstream of the gene is associated with a positive fitness effect 



 

 

in staggered regions of concentration space between species. This RBS mutation likely affects 

protein expression and (along with substitution P22T in the periplasmic signal sequence)48 

requires the presence of M182T to significantly benefit either species. Figure 3d,e shows the 

mutation effect reaction norm for the E104A and E240K substitutions on the same triple mutant 

background. These mutations were selected in E. coli populations at 8 µg/mL where they both 

confer a large positive effect. In K. pneumoniae, the benefit of E104A is no longer realized while 

E240K remains slightly beneficial at this concentration.  

We observe the converse shift in the analysis of selective accessibility for mutations 

selected in K. pneumoniae populations. The addition of A42G to the G238S background (Fig 3f) 

was sampled in both species during the DE experiment but with selection occurring in different 

antibiotic environments. In the barcoded fitness assay, we observe that this mutation is 

significantly beneficial to K. pneumoniae in lower concentrations compared to E. coli. Notably, 

we did observe a case of species-specific mutational effect with the addition of E104V to the 

H153R/G238S/T265M background, which conferred a significant positive effect to K. 

pneumoniae in 4 µg/mL where it was selected in the DE experiment (Fig 3g). This same step 

exhibited a substantial fitness cost to E. coli throughout most of the gradient, much larger than 

the typical fitness deficit of resistance mutations. Interestingly, E. coli could benefit from the 

addition of E104V to backgrounds if M182T (Fig 3h) is present instead of H153R. Incidentally, 

both species also benefit from the addition of E104K to either triple mutant background 

(Extended Data Fig. 3).  

 

Discussion 

This study combines directed evolution and bulk fitness assays to investigate how 

mutations in the plasmid-encoded blaTEM shape cefotaxime resistance across two bacterial host 

species, E. coli and K. pneumoniae. To our knowledge, this is the first DE experiment of TEM-1 

with selection occurring in the K. pneumoniae host, which resulted in the selection of the D273E 

substitution alongside G238S in the first round. We note that this substitution has been observed 

in clinical surveillance of blaTEM,(65) but not in previous directed evolution studies with this gene 

screening for resistance mutations in the E. coli host.(63) This highlights the importance of 

considering host background when searching for a comprehensive set of adaptive mutations in 

mobile genes.  

Consistent with prior studies, we found that the identity of resistance-enhancing 

mutations often correlated between species.(24,35) However, we observed several cases of 

idiosyncratic fitness effects of the same mutation on the same genetic background in different 

host contexts. The most substantial species-specific effect was associated with the E104V 

substitution, which ironically was selected in both E. coli and K. pneumoniae during the DE 

experiment. In the barcoded fitness assay, we observed that E104V had an adaptive window in 

both species on the M182T/G238S/T265M background; however, the addition of E104V to 

H153R/G238S/T265M was beneficial in K. pneumoniae but highly costly in E. coli. Notably, 

H153R and T265M were more frequently selected in K. pneumoniae dyad members during the 

DE experiment while M182T was predominantly utilized in E. coli. All three substitutions 

conferred a fitness benefit when added to G238S in both species, but it is possible that subtle 

differences in compensatory effect size may have led to species-specific preferences in second-

step mutations that later manifested as higher-order interactions with additional substitutions. 



 

 

Through the adaptive window framework, our results demonstrate that mobile genes can 

follow divergent evolutionary paths within identical antibiotic environments depending on their 

host background. In this way, the landscape of accessible mutations is not only defined by 

selective pressures but also by the biological substrate on which those pressures act. While 

selective windows have often served as descriptive tools to explain resistance trajectories, we 

propose that they also represent structural features of a shifting evolutionary space, sensitive to 

deformations imposed by species-specific trade-offs in resistance and growth. This work lays the 

foundation for more general treatments of context-dependence in mobile gene evolution. In 

Chapter 2, we extend this framework by introducing a second host species to create mixed-

species communities, enabling explicit tests of how ecological interactions reshape plasmid 

fitness and mutation accessibility across community contexts. As selection moves across 

increasingly complex landscapes, the rules of mutation, adaptation, and accessibility may 

themselves be rearranged — as if stepping through a looking-glass into a world where the same 

path leads to a different destination. 
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Extended Data 

 
Extended Data Figure 1. Evolutionary trajectories taken throughout three rounds of directed 

evolution toward increased cefotaxime resistance. The four dyads comprising each treatment are 

indicated by shading and dyad members are colored by species (E. coli in red, K. pneumoniae in 

blue). Amino acid substitutions are reported as the residue that has been substituted, followed by 

the single letter designation for the mutant amino acid. RBS signifies a non-coding mutation in 

the ribosome binding site. 

 

 

 

 
 

 

 

 

 

 

 

 

Extended Data Figure 2. Resistance landscapes of select genotypes as gauged by a traditional 

minimum inhibitory assay in both hosts. Note: Assay was conducted and gave identical results 

for 3 replicates of the plasmid selected in DE experiment and the reconstructed genotypes. 

 



 

 

 
Extended Data Figure 3. Mutation effect reaction norm as a function of concentration for E104K 

substitution on the H153R/G238S/T265M background in both species. 

 

Extended Methods 

Directed Evolution Experiment 

A culture of Escherichia coli grown overnight at 37 ˚C in LB + 15 µg/mL tetracycline to 

select for the presence of a modified pBR322 plasmid encoding blaTEM-1. Following ~20 h of 

growth, a plasmid miniprep (Qiagen) was performed. This miniprep was divided among 12 

independent error-prone polymerase chain reactions with Hot Start Taq Polymerase, a 

homemade mix of unbalanced deoxynucleotide triphosphates (200 µM ATP, GTP; 1 mM CTP, 

TTP) to combat mutational bias, primers compatible with Gibson Assembly that lie outside the 

bla coding DNA sequence, a 7 mM concentration of magnesium chloride cofactor, and ~0.5 µg 

of template plasmid. Amplification occurred in a BioRad thermocycler with a protocol of 95 ˚C 

for 3 minutes, followed by 30 cycles of 95 ˚C for 30 seconds, 50 ˚C for 30 seconds, 68 ˚C for 75 

seconds, with a final extension at 68 ˚C for 5 minutes. PCR products were treated with DpnI at 

37 ˚C for 30 minutes (followed by a heat inactivation step at 80 ˚C for 20 minutes) to selectively 

destroy methylated template plasmid and increase representation of mutant amplicons. Products 

were clean and concentrated using the Zymo Clean and Concentrator kit and eluted in 20 µL 

MilliQ water.  

Vector backbones were prepared with high-fidelity amplification by Q5 DNA polymerase 

followed by DpnI digestion to remove methylated template plasmid. Separate barcodes were 

used to track evolutionary lineages each round to detect line swaps. Mutagenized insert and 

faithfully amplified vector fragments were combined using Gibson Assembly with 50-100 ng of 

vector and insert at a 2- or 3-fold molecular excess. Ligated product was transformed into 

chemically competent E. coli and cultures were miniprepped following ~20 h growth. Next, 4 µL 

of plasmid miniprep was electroporated into homemade aliquots of electrocompetent E. coli and 

K. pneumoniae. Note: the additional growth phase in E. coli was implemented because of the low 

transformation efficiency of K. pneumoniae, which improved when using methylated miniprep 

plasmid as compared to Gibson product. Libraries sizes each round were at least 105 for K. 

pneumoniae and 106 for E. coli.  

The 12 error-prone polymerase chain reactions represent the 12 evolution lines each of 

which was transformed into two dyad members. Four pairs of these dyad members comprised 

three distinct treatments, with two replicates of the same species in the E. coli only and K. 

pneumoniae only treatments and one population of each species in the cross-species HGT 



 

 

treatment. Following separate transformations for the 24 dyad members, transformant library 

size was estimated via selective plating on LB + 15 µg/mL tetracycline and used to inoculate 

separate LB cultures with a final concentration of 15 µg/mL. After ~20 h of growth, each culture 

was pelleted at 4750 rpm for 10 min in a Beckman-Coulter tabletop centrifuge, the supernatant 

was decanted, and the pellet was resuspended in equal volumes of fresh Mueller-Hinton broth.  

This washed culture was then diluted 1:1000 to form a culture twice as dense as the initial 

inoculum. Plating was used to estimate density from this culture then 2.5 mL of culture was 

mixed with 2.5 mL of drug media. The gradient was prepared by dissolving 50 mg of cefotaxime 

powder (Sigma) in 10 mL MilliQ water to prepare a 5 mg/mL stock that was filter sterilized and 

distributed into 1 mL aliquots and stored at -20 ˚C. On the day of the assay, an aliquot was 

thawed and mixed with MH broth to form a gradient of 2x working concentrations, of which 2.5 

mL was transferred to test tubes to be diluted 1:2 by bacterial culture in 18 mm test tubes. The 

MIC tubes were incubated at 37 ˚C with shaking for ~20 h then the culture for each dyad 

member at the highest concentration to reach visible turbidity was diluted 1:106 and plated onto 

LB + 15 µg/mL tetracycline plates. The next day, a single colony was randomly selected to 

initiate a LB + 15 µg/mL tetracycline culture which was subjected to a plasmid miniprep 

(Qiagen) after ~20 h of growth. Plasmids from each dyad member were Sanger sequenced 

(Azenta) to identify the selected mutation(s).  

Prior to the second round, the insert region of the plasmid was first amplified using Q5 

DNA polymerase in a high-fidelity PCR. This enabled careful quantification of the gene 

fragment between species as to not overweight the contribution of one species due to copy 

number differences. These products were treated with DpnI to selectively remove template DNA 

as described then processed using the Zymo Clean and Concentrator kit and eluted in 20 µL of 

MilliQ water. To enable sharing of genotypes and immediate mutational neighbors, plasmids 

were mixed in equal amounts between dyad members belonging to the same evolution line. 

These 12 plasmid mixtures were added to the second round of error-prone PCR to acquire ~120 

ng of DNA template adjusting the volume of water but keeping the concentrations of Taq DNA 

polymerase, MgCl2, and dNTPs identical to the previous round. This mutagenized fragment was 

ligated into uniquely barcoded vectors using Gibson Assembly as before. Transformations and 

selection occurred as it did in the first round but with each dyad member inoculated across a 

gradient with beginning at the MIC of the previous round. The third round was performed in an 

identical fashion to the second. Sanger sequencing results at each round revealed synonymous 

and nonsynonymous changes in the coding DNA sequence. To restrict the number of genotypes 

to engineer, we chose to reconstruct only nonsynonymous changes for analysis. 

 

Genetic Engineering 

All directed evolution genotypes were constructed using the Q5 site-directed mutagenesis kit 

with homemade aliquots of E. coli K12 (DH10B). In short, polymerase chain reaction with a 

high-fidelity DNA polymerase (Q5) were performed with two "back-to-back" primers with the 

forward primer encoding the same nucleotide changes sampled during the DE experiment. PCR 

products were treated with the NEB Kinase, Ligase, and DpnI (KLD) kit. This kit facilitates the 

recircularization of the linear PCR product by phosphorylating (kinase) then fusing (ligase) the 

ends of the newly synthesized DNA molecule. KLD products will be transformed into 

homemade, chemically competent E. coli then Sanger sequenced (Azenta Biosciences) to ensure 

proper construction. Following confirmation, individual colonies with properly constructed 



 

 

alleles were used to initiate LB + 15 µg/mL cefotaxime cultures, grown overnight, then the 

plasmid was isolated using a Qiagen miniprep kit. 

These plasmid minipreps were double-digested with NcoI-HF and NsiI-HF restriction 

endonucleases and treated with recombinant shrimp alkaline phosphatase to prevent 

recircularization of the vector. Separately, a barcoded insert molecule was constructed using a 

~200 bp primer of which the interior contains a stretch of 18 unspecified (NNN) nucleotides. 

These single-stranded primers were filled in with the Klenow (exo-) fragment, then these insert 

oligonucleotides were digested with NcoI-HF and NsiI-HF and ligated into the linear vector 

using the T4 ligase enzyme. Ligated product was transformed into 100 µL aliquots of homemade 

chemically competent E. coli. Barcode sequences for all isolates were identified via Sanger 

sequencing and the full gene plus barcode region was sequenced for one replicate per genotype.  

 

Barcoded Monoculture MIC Experiment 

Library Preparation 

The mutational steps comprising the trajectories from TEM-1 to the 18 unique high 

resistance genotypes acquired as endpoints from three rounds of directed evolution toward 

increased CTX resistance were reconstructed. These genotypes were barcoded in triplicate and 

one barcoded replicate of these additional genotypes were added to three separate plasmid 

libraries: Lib I, II, III. Plasmid libraries were processed using the Zymo Clean and Concentrator 

Kit then individually transformed into three 100 µL aliquots of homemade electrocompetent 

cells of E. coli and K. pneumoniae using a Gene Pulser apparatus with a field strength of 2.5 kV 

and a time constant of ~6 ms. Competent cells were resuspended in 950 µL LB, transferred to 1.7 

mL microcentrifuge tubes (Eppendorf), and recovered at 37 ˚C with shaking for 1 hour. 

Transformant library size was estimated via plating on LB agar + 15 µg/mL tetracycline and 800 

µL of the library was used to inoculate six (Lib I, II, III in E. coli and K. pneumoniae) LB + 15 

µg/mL tetracycline (final concentration) cultures grown overnight.  

Following a growth phase of ~20 h, 4 mL of saturated transformant cultures were 

separately spun down in 15 mL centrifuge tubes at 4750 rpm for 10 min. The supernatant was 

decanted, and E. coli cell pellets were resuspended in 4 mL and K. pneumoniae cell pellets were 

resuspended in 6 mL to adjust for species-specific differences in yield. Equal volumes (2 mL) of 

Lib I, II, III were mixed between E. coli and K. pneumoniae to form monocultures containing 

three barcoded replicates for each genotype. These mixed cultures were diluted 1:1000 (200 µL 

culture in 200 mL MH broth) then 2.5 mL of diluted culture was mixed with 2.5 mL of drug 

media in 18 mm test tubes during the barcoded MIC experiment. The inoculum density for E. 

coli was 5.2 * 105 CFU/mL and K. pneumoniae was 7.9 * 105 CFU/mL based on plating from the 

1:1000 culture adjusted for the 1:2 dilution into the gradient. Densities of both species at all 

timepoints were collected from LB + 15 µg/mL tetracycline plates.  

 

Gradient Preparation 

To prepare the antibiotic gradient, 410 mg cefotaxime powder (Sigma) was added to 10 

mL molecular grade sterile distilled water (Invitrogen) to form a 41 mg/mL stock solution, which 

is ~40x the working concentration of the highest concentration tested (1024 µg/mL). The 41 

mg/mL stock solution underwent serial 1:2 dilutions (5 mL stock in 5 mL of water) to form a 40x 

working concentration gradient ranging from 1024 µg/mL to 0.015 µg/mL that was stored at -80 

˚C. A1 mL aliquot of each concentration in the 40x working concentration was removed from the 

freezer on the day of the assay and thawed. 900 µL of each CTX concentration was mixed with 



 

 

17.1 mL MH broth in separate 50 mL centrifuge tubes. This 1:20 dilution yielded a 2x gradient 

that is diluted to the appropriate test concentration when combined with 2.5 mL of diluted 

culture. Additionally, 8.49 mL of certain log2 concentrations were mixed with 3.51 mL MH 

broth to form the adjacent log SQRT (2) cefotaxime concentration for increased resolution in the 

middle of the gradient. Both species were inoculated across the following cefotaxime 

concentrations: 0, 0.03, 0.06, 0.125, 0.25, 0.35, 0.5, 0.7, 1, 1.4, 2, 2.8, 4, 5.7, 8, 11.3, 16, 22.6, 

32, 45.3, 64, 128, 256 µg/mL but only select samples were sequenced to obtain barcode 

information. 

 

Experimental Assay 

After inoculation of the two species gradients, test tubes were incubated at 37 ˚C with 

shaking. Cultures were removed from the incubator at 3.5 h, 1 mL was removed from every 

culture, transferred to a 1.7 mL microcentrifuge tube, and stored on ice to preclude growth. A 

portion of this aliquot was used in a dilution series to estimate culture density while the 

remaining volume was pelleted at 13,000 rpm for 10 min in a microcentrifuge (Eppendorf), the 

supernatant was decanted, and the wet cell pellet was stored at -20 ˚C for subsequent 

amplification of the barcode region. Cultures were similarly sampled at t = 5 and t = 20 but the 

analysis for this study will be restricted to the 3.5 h timepoint to describe the short-term 

competitive dynamics before drug degradation and social effects compound. 

Fitness Analysis  

Plasmid genotype frequencies were estimated by proxy through short-read amplicon 

sequencing of the associated barcode region. Cell pellets were thawed from -20 ˚C and 1 µL of 

this cell suspension was used as template in a culture PCR with Q5 DNA polymerase and 

primers bearing partial Illumina adapters. Each experimental sample was individually amplified, 

cleaned, normalized to 20 ng/µL, and submitted for EZ amplicon sequencing by Azenta 

Biosciences. Barcode-level growth rates were calculated as: 

 

 

𝑟𝑖,𝑐,𝑠 =
1

3.5
{ln

𝑓𝑖,𝑐,𝑠(3.5)𝐷𝑐,𝑠(3.5)

𝑓𝑖,𝑐,𝑠(0)𝐷𝑐,𝑠(0)
} 

 

where 𝑓𝑖,𝑐,𝑠(𝑡) denotes the frequency of the 𝑖th barcode in media with a drug concentration of 𝑐 in 

species 𝑠 at time 𝑡 and 𝐷𝑐,𝑠(𝑡) is the total culture density of species 𝑠 in media with a drug 

concentration of 𝑐 at time 𝑡 . Genotypic growth rates were computed as the mean of all barcoded 

replicates within the same antibiotic concentration and species (i.e., averaging 𝑟𝑖,𝑐,𝑠 over the 

relevant 𝑖 values while fixing 𝑐 and 𝑠). More technically, suppose the set of barcodes 

corresponding to genotype 𝑔 is given as 𝐁𝑔, then we have the mean growth rate of this genotype  

 

𝑟̅𝑔,𝑐,𝑠 =
1

|𝐁𝑔|
∑ 𝑟𝑖,𝑐,𝑠

𝑖∈𝐁𝑔

 

To represent statistical uncertainty around plasmid genotype fitness estimates, 95% confidence 

intervals (CIs) were computed for each genotype across antibiotic concentrations and species. 



 

 

For each genotype (g), drug concentration (c), and species (s), the standard error of the mean 

growth rate was calculated from the set of barcode replicates  

𝑆𝐸𝑔,𝑐,𝑠 =
𝑆𝐷([𝑟(𝑖, 𝑐, 𝑠): 𝑖 ∈ 𝐁𝑔

√|𝐁𝑔|

 

where SD denotes the standard deviation of barcode-level growth rates. The 95% confidence 

interval around the mean growth rate was then defined as: 

CI95% = 𝑟̅𝑔,𝑐,𝑠  ± 1.96 × 𝑆𝐸𝑔,𝑐,𝑠   

These intervals were used to determine the statistical significance of fitness effects within each 

species. A mutational step was considered statistically significant within a species if the 95% CI 

for the fitness difference between mutant neighbors did not overlap with zero. Two 

independently prepared and sequenced 𝑡 = 0 samples for each species were used to confirm 

consistency in the initial distribution of genotypes prior to selection across the cefotaxime 

gradient. Following a log10 transformation, initial barcode frequencies exhibited high 

concordance between replicates in both species (Pearson correlation coefficient 0.96 in E. coli 

and 0.91 in K. pneumoniae).  

Edges in Figure 3 represent the relative fitness effect of each mutation at a single 

antibiotic concentration: the Maximum Growth Concentration (MGC) where the mutant 

genotype was selected in the directed evolution experiment (Figure 1). If a mutant genotype 

appeared at multiple MGCs, the most frequently observed concentration was used; in the case of 

ties, the lowest MGC was selected. Double mutants selected in the DE experiment were 

reconstructed and evaluated as individual mutational steps at the MGC of the double mutant.  

Edges represent the scaled fitness effect of each mutation in the antibiotic concentration 

that it was selected in E. coli (Fig 3a) or K. pneumoniae (Fig 3b). To account for host-specific 

differences in baseline growth, we implement a mutant-weighted scaling factor that gives greater 

weight to mutations with higher absolute fitness. This approach is particularly relevant in our 

plasmid-based system, where differences in host growth rate (e.g., faster baseline growth in 

Klebsiella pneumoniae) can inflate raw fitness values without proportionally increasing the 

selective advantage of plasmid mutations. All network plots and growth rate analyses were 

implemented in R using the tidyverse, ggplot2, and igraph packages.  

 

 

 

 

 

 



 

 

 

Chapter 2 

Host and Habitat: Ecological Context Shapes Evolution of a Mobile Gene 

Nathan Grassi, Fischer Tsai, Benjamin Kerr 

Abstract 

Mobile genetic elements such as plasmids experience selection across diverse host species, 

rendering their evolutionary fate partially decoupled from that of any single genome. Here, we 

quantify how host community composition modulates the selective accessibility of resistance 

mutations in the mobile blaTEM gene. Using barcoded libraries of 39 plasmid genotypes in 

Escherichia coli and Klebsiella pneumoniae, we measure genotypic fitness and mutation effects 

across a cefotaxime gradient in both monoculture and coculture. We find that coculture deforms 

plasmid fitness landscapes in species-specific ways, structured by baseline trade-offs in 

resistance and growth. These deformations shift the relative accessibility of mutations, with some 

resistance-enhancing genotypes benefiting from interspecies interactions, specifically reduced 

environmental drug pressure due to enzymatic detoxification. Thus, we show that plasmid 

adaptation emerges from coupled eco-evolutionary dynamics, where selection within host 

species is entangled with community-level interactions. This finding highlights the need to 

account for host community structure when predicting the evolutionary trajectories of mobile 

genetic elements under antibiotic selection. 

Introduction 

Mutational effects are fundamentally contextual, and the fitness conferred by a genetic 

change depends not only on the physical environment but also on the genetic and ecological 

conditions in which it arises.(1–7) Recent work has emphasized the conceptual overlap between 

genetic epistasis and ecological interactions, suggesting that both can be described within a 

shared framework of context-dependent fitness effects.(8–22) Mapping the modulation of fitness 

effects between mutationally-adjacent genotypes through perturbations to multiple ecological 

factors can provide insight into general principles of context-driven adaptation.(9–13,15,18,19,21,23–40) 

Mobile genetic elements offer a unique perspective into this complexity due to their evolutionary 

fate not being necessarily tied to the fitness of a single genome.(41–47) 

Instead, plasmid-encoded genes experience selection across multiple host backgrounds, 

each with its own physiological constraints and ecological dynamics.(41,43,44,47–49) Thus, mobile 

elements are coupled evolving entities—linked to their hosts like mutualistic partners, yet subject 

to independent selective pressures.(48,49) Mutations in plasmid-encoded genes interact with the 

chromosomal background of the host, the physical environment (e.g., antibiotic concentration), 

and the broader microbial community.(44,46–51) In the case of enzyme-mediated resistance (e.g., 

beta-lactamases), the environment itself is dynamic as hydrolysis causes the antibiotic 

concentration to decline over time.(25,52–56) This means that genotypes interact not only with their 

surroundings but also with the consequences of their collective enzymatic activity.(53–56) This 

creates opportunities for social interactions in competitions between genotypes within a host 

species and between host–plasmid pairings in multispecies communities.(15,53,55,55–57) 

This work builds on our previous study to understand how the evolution of mobile genes 

is affected by host background and horizontal gene transfer.(58) Previously, we demonstrated 

mutations in plasmid-encoded blaTEM that increase cefotaxime resistance phenotype in one host 

often retain similar effects in others, enabling species to crowdsource resistance evolution. Next, 

we selected for mutational trajectories toward cefotaxime resistance in E. coli and K. 

pneumoniae host backgrounds in a directed evolution experiment then performed bulk fitness 



 

 

assays in monoculture (Grassi, et al Chapter 1). We found that acquisition of CTX resistance 

mutations elicits a classic trade-off in both species where mutations that confer higher resistance 

often reduce growth rate in low-drug environments. Moreover, due to differences in baseline 

resistance and physiological cost structures, the region of concentration space where these costly 

resistance mutations confer a benefit (i.e., the adaptive window) differed between species.  

In the present study, we compare genotypic fitness and mutational fitness effects across 

host community structures including species monocultures and coculture. We show that the 

introduction of a second host species reshapes the adaptive windows of plasmid mutations. These 

context-dependent deformations reflect the species-specific trade-offs in competitive ability and 

resistance observed in monocultures, which furthermore parallel the constraints observed 

between genotypes within a single species. The evolutionary accessibility of plasmid mutations 

thus hinges upon numerous factors within the potentially shifting ecological setting, 

underscoring the importance of incorporating host background and host community structure to 

predict the evolutionary potential of mobile genetic elements. 

Results 

 
Figure 1. a) Schematic of bulk fitness assays in monocultures of E. coli and K. pneumoniae. A library of 39 plasmid 

genotypes each with three replicate barcode sequences downstream of the blaTEM coding DNA sequence were 

introduced into each species and competed across a 2-fold gradient of cefotaxime. Barcode densities (the product of 

barcode frequency and total culture density) were tracked over 20 hours in each competition environment to 

calculate plasmid genotypic fitness. b) Schematic of coculture bulk fitness assay. The three barcoded replicates 



 

 

comprising each plasmid genotype were distributed between species so that one barcode sequence per genotype 

appeared in E. coli only, one in K. pneumoniae only, and one in both (hybrid). Plasmid fitness was estimated using 

barcode frequency multiplied by total culture density. Separately, selective plating for chromosomal resistance 

markers in each species was used to estimate host community composition of each population c) Average growth 

rate over 20 h is reported for the three tested host populations (E. coli monoculture, red; K. pneumoniae 

monoculture, blue; Coculture, purple) as a function of antibiotic concentration. d) Percentage of E. coli in coculture 

environments following 20 h of competition. The dashed line represents the initial proportion of E. coli (85% of 5.8 

x 105 CFU/mL) in the shared inoculum of each environment. E. coli percentage was calculated based on densities 

derived via selective plating [E. coli density / (E. coli density + K. pneumoniae density)]. 

 

Here, we measure plasmid genotypic fitness across a cefotaxime (CTX) gradient in 

monoculture and coculture competitions involving E. coli and K. pneumoniae (Fig. 1a-b). 

Competition of plasmid genotypes within these three host communities occurred on the same day 

with the same antibiotic gradient. Fitness was calculated for each barcode in all three 

communities as the log change in barcode density (barcode frequency * total culture density) 

over the 20 h competition. Total culture density was assessed by selective plating on 

tetracycline-laced plates for a plasmid-encoded resistance marker (tetA) expressed in both host 

species. In monoculture, each genotype is tracked by three unique barcode sequences in each 

species. These barcodes are distributed in coculture so that one barcode-genotype combination 

appeared in E. coli only, one in K. pneumoniae only, and one in both species.  

Over 20 hours of growth, K. pneumoniae monocultures consistently reached ~3-fold 

higher cell yields than E. coli, a trend reflected in elevated genotypic fitness values in most tested 

antibiotic environments (Fig. 1b). Since final barcode density is derived by multiplying barcode 

frequency by final culture density, the higher yield of K. pneumoniae contribute to an overall 

upward shift in fitness values. The pooled genotypic library in K. pneumoniae achieves a higher 

yield in 0-16 µg/mL CTX but does not form a turbid culture in 32 or 64 µg/mL CTX where E. 

coli does (Fig. 1c). In addition, our prior observations from short-term competitions (3.5 h) 

indicate that K. pneumoniae has a faster maximal growth rate, but reduced resistance compared 

to E. coli (Grassi et al., Chapter 1).  

The superior competitive ability of K. pneumoniae caused the final composition of 

populations in all but the highest drug pressure to heavily favor this species (Fig. 1d). Estimates 

of community composition from species-specific selective plating indicate that K. pneumoniae 

comprises >90% of cocultures in the low to intermediate drug environments (0-8 µg/mL). In 16 

µg/mL, which is the maximum concentration for which K. pneumoniae monoculture exhibits 

turbid growth over 20 h, E. coli comprises 48% of the coculture population. In 32 µg/mL, E. coli 

constitutes close to its initial proportion (79% final; 85% initial), while in 64 µg/mL, K. 

pneumoniae was not detectable by species-specific plating. The genotypes and species share 

antibiotic environments in the bulk fitness assays, which due to the nature of beta-lactamase 

mediated resistance is a dynamic environment where drug concentration decreases over time. 

Genotypes or species with more functional enzyme can detoxify the environment and permit 

survival of less resistant, but potentially more competitive, types. Although K. pneumoniae 

monoculture failed to yield a turbid culture at 32 µg/mL, K. pneumoniae in coculture benefitted 

from the presence of E. coli and achieved a high density (1.6 x 108 CFU/mL) in coculture, a case 

of interspecific social protection.   

 

 

 

 



 

 

 

 
Figure 2. The 20 h growth rate in coculture competitions of three replicate barcode plasmids encoding the same 

genotype (deleted blaTEM gene in a, G238S/T265M in b, A42G/E104K/G238S/T265M in c) hosted by E. coli (red), 

K. pneumoniae (blue), or both species (purple) plotted as a function of cefotaxime concentration. 



 

 

 

Due to differences in host fitness, plasmid genotypes harbored by K. pneumoniae 

consistently outcompete the same genotype hosted by E. coli or both species in most 

concentrations evaluated in the coculture assay (Fig. 2). However, plasmid genotypes repeatedly 

exhibit higher fitness in E. coli under increased drug pressure, but where this crossover occurs 

depends on the resistance capacity of the genotype. In Fig. 2a, we compare plasmid fitness of an 

empty vector control, which retains the plasmid-encoded tetracycline resistance marker but from 

which the blaTEM is deleted. This genotype possesses a high baseline growth rate but a low 

resistance capacity relative to other genotypes within the same species. The G238S/T265M 

genotype, contains two substitutions which in combination increase resistance in both species 

(Grassi et al, Chapter 1). This enhanced resistance allows this genotype to exhibit a higher net 

growth rate in intermediate drug concentrations over 20 h within both species as compared to the 

empty vector. Moreover, the enhanced resistance of the double mutant shifts the intersection 

where E. coli becomes the more fit host higher in concentration space compared to the less 

resistant genotype (Fig. 2b).  

The fitness of the high resistance genotype, A42G/E104K/G238S/T265M, within each 

species reaches its maximum value in higher drug concentrations where fewer variants survive 

over the course of 20 h. In other words, the most resistant types benefit from a reduction in the 

number of surviving competitors as antibiotic concentration increases. Again, we observe this 

pattern in comparisons of different plasmid genotypes competing within the same species or 

between the same plasmid genotype competing between different species. In coculture at 32 

µg/mL, E. coli is the more fit host of this plasmid genotype, but this genotype still possesses a 

large positive fitness in K. pneumoniae at this concentration. Importantly, the 32 µg/mL is the 

only antibiotic concentration where coculture exhibits a higher final density than either 

monoculture (Fig. 1c), suggesting that interspecies cooperation enables some high resistance 

genotypes in K. pneumoniae to be salvaged by E. coli in coculture. At 64 µg/mL, the coculture 

final density (Fig. 1c) and species proportions (Fig. 1d) resemble an E. coli monoculture where 

even the most resistant genotypes in K. pneumoniae are substantially inhibited by drug (Fig 2c).  

 

 
Figure 3. a-d) Individual data points represent fitness of barcoded plasmid genotypes from prior directed evolution 

experiment in coculture environment hosted exclusively by E. coli (Ec, red) or K. pneumoniae (Kp, blue); hybrid 

barcode data not shown. Connected points represents mean genotypic fitness in E. coli or K. pneumoniae 

monoculture (shading represents 95% CI). 



 

 

We next compare plasmid genotype fitness in each host species in coculture compared to 

each species monoculture. The genotypes included in Fig. 3 represent a mutational trajectory to a 

high resistance genotypic endpoint sampled by both species in a prior DE experiment (Grassi et 

al, Chapter 1). Moreover, this genotypic endpoint is frequently encountered in both clinical and 

laboratory evolution of TEM-1 to increased cefotaxime resistance.(62) Fitness of these genotypes 

hosted by E. coli in coculture were consistently lower than genotypic fitness in monoculture 

throughout low to intermediate drug concentrations (Figure 3). Fitness of K. pneumoniae 

genotypes were more similar between host communities throughout these concentrations, 

consistent with the competitive dominance of this species in these environments.  

 

 
Figure 4.  Population-level deformation of mutational effect across ecological contexts. Each plot shows the 

difference in relative fitness effect for a resistance-enhancing mutation across the antibiotic gradient. As in Chapter 

1, we calculate the relative fitness difference of mutant neighbor genotypes to estimate mutational effect. Fitness 

differences between genotypes are performed within barcode type, comparing fitness of mutationally adjacent 

alleles within the same species in coculture or within pseudo-replicates in monoculture. These differences are 

averaged to estimate a population-level fitness effect within each environment and host community. Next, we plot 

the difference in mutational effect between coculture “Mix” – E. coli monoculture in red and coculture “Mix” – K. 

pneumoniae monoculture in blue for resistance mutations in genetic backgrounds with no (a), one (b), or two (c) 

existing mutations. Positive values indicate that the mutation was associated with a more positive effect in coculture 

than in the respective monoculture; negative values indicate that the mutation was less beneficial in coculture.  

 



 

 

To interrogate the impact of community structure on plasmid evolution we calculate the 

difference in mutational effect in coculture compared to each monoculture (Figure 4). This 

difference reflects how the fitness effect of resistance mutations in identical antibiotic 

environments shifts between monoculture and coculture communities. Within the coculture 

“Mix” treatment, fitness differences between mutant neighbor genotypes in each drug 

environment are calculated within host barcode type so that plasmid mutational effect is inferred 

within each species background. These fitness differences are then averaged to summarize the 

population-level accessibility of plasmid mutations, which is then compared between the 

coculture and each monoculture (Mix – E. coli; Ec monoculture and Mix – K. pneumoniae; Kp 

monoculture). The positive Mix–Ec differences at low concentrations (0.03–0.125 µg/mL) 

reflect early collapse of low resistance genotypes (e.g., TEM-1) in K. pneumoniae subpopulation 

of the coculture, reducing Mix fitness of sensitive genotypes and enhancing the benefit of 

resistance mutations (E104K, R164S, G238S) compared to E. coli monoculture where resistance 

steps are not yet necessary (Fig. 4a).  

Likewise, in 1-4 µg/mL CTX environments, the double mutant genotypes are inhibited in 

K. pneumoniae host but capable of growth in E. coli (Fig. 4b). Consequently, this genotype 

performs worse in coculture than it does in E. coli monoculture, but better in coculture than it 

does in K. pneumoniae monoculture. This pattern is replicated in when adding resistance 

mutations to more resistant backgrounds (Fig. 4c) where Mix-Ec is positive, but Mix-Kp is 

negative over the same intervals of concentration space. This space is where double mutants are 

inhibited in K. pneumoniae but persist in E. coli causing the fitness effect of resistance mutations 

to be more beneficial throughout these concentrations in coculture than they are in E. coli 

monoculture and to be less positive than they are in K. pneumoniae monoculture (Fig. 4c). 

Together, these patterns reveal that the fitness consequences of plasmid mutations are 

dynamically reshaped by ecological context, with distinct deformation signatures structured by 

species-specific resistance thresholds and competitive dynamics.  

Discussion 

Our results demonstrate that host community structure, in addition to host genetic 

background, plays a central role in shaping the adaptive window of plasmid-borne resistance 

mutations. Across monoculture and coculture experiments, we observe that the presence of a 

second species alters both the absolute fitness of plasmid genotypes and the relative fitness 

effects of individual mutations. These changes are structured by interspecific trade-offs in 

resistance and growth rate, which modulate the ecological setting in which selection on plasmid 

mutations occurs. As such, we find that the evolutionary accessibility of resistance mutations is 

not a fixed property of the genotype–environment pair, but a dynamic outcome of ecological 

competition and cooperative interactions between host species. 

Chapters 1 and 2 reveal a fundamental ecological asymmetry between our focal hosts. In 

monoculture, K. pneumoniae exhibits a consistent growth and yield advantage, outcompeting E. 

coli across most of the cefotaxime gradient. Conversely, E. coli exhibits greater intrinsic 

resistance, persisting at high drug concentrations where K. pneumoniae is inhibited. These 

asymmetries carry over into coculture, where plasmid genotypes hosted by K. pneumoniae 

generally outperform those in E. coli—except at the highest drug concentrations, where 

ecological release of E. coli allows the more resistant species to dominate. Importantly, these 

competitive dynamics reshape not only which species carries the plasmid genotypes with highest 

fitness, but also which mutations are selectively favored at a given concentration. 



 

 

In some cases, these dynamics lead to emergent eco-evolutionary interactions in 

coculture settings. At 32 µg/mL CTX, a concentration where K. pneumoniae monocultures are 

inhibited, the presence of E. coli enables K. pneumoniae to reach high densities via enzymatic 

degradation of cefotaxime. This case of interspecific protection involves a resistant species 

detoxifying the environment, thus enabling a sensitive competitor to grow through an alteration 

of the selective environment experienced by the host-plasmid pair. Such a scenario suggests the 

possibility of mutualistic eco-evolutionary dynamics: K. pneumoniae benefits from the presence 

of E. coli, while E. coli may gain access to beneficial plasmid mutations that do not yet possess a 

selective advantage to this more resistant species, but which are necessary in the that salvaged K. 

pneumoniae subpopulation. 

To quantify the community-level reweighting of mutational effect, we calculated a 

deformation metric that measures the difference in fitness effect for a given mutation between 

monoculture and coculture settings (Figure 4). We find that coculture consistently shifts the 

accessibility of resistance mutations in opposite directions relative to each monoculture. For 

example, in low-drug environments, plasmid mutations are more beneficial in coculture than in 

E. coli monoculture (Mix–Ec > 0) due to early suppression of low-resistance genotypes in the K. 

pneumoniae subpopulation. However, the same mutations are less beneficial in coculture than in 

K. pneumoniae monoculture (Mix–Kp < 0), where growth rates are higher and resistance 

thresholds lower. This pattern reverses in high-drug environments, where E. coli survives alone 

but supports K. pneumoniae through detoxification. Here, K. pneumoniae experiences a relative 

increase in the benefit of resistance mutations, producing positive Mix–Kp deformation. 

These results have important implications for our broader understanding of plasmid 

evolution. First, they highlight that plasmid adaptation is not merely a function of mutational 

input and antibiotic pressure but is shaped by the competitive and cooperative dynamics between 

hosts. Even when resistance effects are conserved across hosts, the net trajectory of plasmid 

evolution depends on which hosts dominate and under what conditions. This finding extends 

prior observations of host-specific adaptive windows and offers a putative mechanism of 

evolutionary “crowdsourcing”(58) across species wherein plasmids are driven to sample from a 

similar set of beneficial mutations in the host constrained most by environmental pressure.  

Second, our results suggest that ecological and evolutionary processes act as coupled 

optimization problems unfolding on different scales.(63–65) Competitive dynamics determine 

which host species prevail under a given antibiotic regime, while selection acts within the 

plasmid population of each host to balance fitness and resistance trade-offs across mutationally 

adjacent genotypes. These processes are partially decoupled—plasmids are mobile and 

experience selection across hosts—but are nonetheless entangled through ecological feedback. 

The fitness effect of a plasmid mutation depends on its host, and the composition of host species 

is itself shaped by the consequences of plasmid evolution. 

Finally, the framework we develop here may be applicable beyond antibiotic resistance. 

In microbial communities such as the gut microbiome, environmental microbiota, or engineered 

consortia, the evolution of mobile genes likely depends on both ecological context and genetic 

background. Shifts in species composition can open or close adaptive windows, alter selective 

gradients, and modulate the spread of resistance or other functional traits. Understanding these 

dynamics is crucial for both predictive microbiology and the rational design of multispecies 

systems.  Future studies may expand this approach by incorporating temporal shifts in 

community structure, broader spectra of mutations, or explicit models of mobile element 

transfer. Nonetheless, the Chapter 2 demonstrates a fundamental principle: in systems where 



 

 

fitness effects are context-dependent, the space of accessible evolutionary solutions is not fixed 

but reshaped by the interactions across levels of organization—from genes to genomes to 

communities. 

 

Methods 

Genetic Engineering 

All blaTEM genotypes were engineered from the wildtype TEM-1 allele housed on a 

nonconjugative pBR322 plasmid vector using the Q5 site-directed mutagenesis kit with 

homemade aliquots of E. coli K12 (DH10B). In short, polymerase chain reaction with a Q5 DNA 

polymerase were performed with two "back-to-back" primers with the forward primer encoding 

the desired nucleotide change. PCR products were treated with the NEB Kinase, Ligase, and 

DpnI (KLD) kit. This kit facilitates the recircularization of the linear PCR product by 

phosphorylating (kinase) then fusing (ligase) the ends of the newly synthesized DNA molecule. 

KLD products will be transformed into homemade, chemically competent E. coli then Sanger 

sequenced (Azenta Biosciences) to ensure proper construction. Following confirmation, 

individual colonies with properly constructed alleles were used to initiate LB + 15 µg/mL 

cefotaxime cultures, grown overnight, then the plasmid was isolated using a Qiagen miniprep kit. 

These plasmid minipreps were double-digested with NcoI-HF and NsiI-HF restriction 

endonucleases and treated with recombinant shrimp alkaline phosphatase to prevent 

recircularization of the vector. Separately, a barcoded insert molecule was constructed using a 

~200 bp primer of which the interior contains a stretch of 18 unspecified (NNN) nucleotides. 

These single-stranded primers were filled in with the Klenow (exo-) fragment, then these insert 

oligonucleotides were digested with NcoI-HF and NsiI-HF and ligated into the linear vector 

using the T4 ligase enzyme downstream of the blaTEM coding DNA sequence in the modified 

pBR322 vector backbone. Ligated product was transformed into 100 µL aliquots of homemade 

chemically competent E. coli. Barcode sequences for all isolates were identified via Sanger 

sequencing and the full gene plus barcode region was sequenced for one replicate per genotype.  

 

Barcoded Monoculture MIC Experiment 

Plasmid genotypes were barcoded in triplicate and one barcoded replicate of these 

additional genotypes were added to three separate plasmid libraries: Lib I, II, III. Plasmid 

libraries were processed using the Zymo Clean and Concentrator Kit then individually 

transformed into three 100 µL aliquots of homemade electrocompetent cells of E. coli and K. 

pneumoniae using a Gene Pulser apparatus with a field strength of 2.5 kV and a time constant of 

~6 ms. Competent cells were resuspended in 950 µL LB, transferred to 1.7 mL microcentrifuge 

tubes (Eppendorf), and recovered at 37 ˚C with shaking for 1 hour. Transformant library size was 

estimated via plating on LB agar + 15 µg/mL tetracycline and 800 µL of the library was used to 

inoculate six (Lib I, II, III in E. coli and K. pneumoniae) LB + 15 µg/mL tetracycline (final 

concentration) cultures grown overnight. 

Following overnight growth, cultures were pelleted and resuspended in 4 mL and 8 mL, 

respectively, to account for differences in yield between species. Monoculture and coculture 

libraries were prepared and diluted into Mueller-Hinton broth. Cultures were inoculated along a 

two-fold cefotaxime gradient prepared from serial dilutions of a 41 mg/mL stock solution, with 

starting densities targeting ~5×10⁵ CFU/mL. Cultures were incubated at 37 °C with shaking and 

sampled for density and barcode frequencies at 0, 5, and 20 hours. Bacterial densities were 

estimated via selective plating (LB + 15 µg/mL tetracycline for plasmid-contained cells, LB + 



 

 

100 µg/mL streptomycin for E. coli, and Koser Citrate for K. pneumoniae) and barcode 

frequencies were quantified using culture PCR followed by short-read amplicon sequencing of 

the barcode region (Azenta Biosciences).  

Fitness Analysis  

Plasmid genotype frequencies were estimated by proxy through short-read amplicon 

sequencing of the associated barcode region. Cell pellets were thawed from -20 ˚C and 1 µL of 

this cell suspension was used as template in a culture PCR with Q5 DNA polymerase and 

primers bearing partial Illumina adapters. Each experimental sample was individually amplified, 

cleaned, normalized to 20 ng/µL, and submitted for EZ amplicon sequencing by Azenta 

Biosciences. Barcode-level growth rates were calculated as: 
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where 𝑓𝑖,𝑐,𝑠(𝑡) denotes the frequency of the 𝑖th barcode in media with a drug concentration of 𝑐 in 

species 𝑠 at time 𝑡 and 𝐷𝑐,𝑠(𝑡) is the total culture density of species 𝑠 in media with a drug 

concentration of 𝑐 at time 𝑡 . Genotypic growth rates were computed as the mean of all barcoded 

replicates within the same antibiotic concentration and species (i.e., averaging 𝑟𝑖,𝑐,𝑠 over the 

relevant 𝑖 values while fixing 𝑐 and 𝑠). More technically, suppose the set of barcodes 

corresponding to genotype 𝑔 is given as 𝐁𝑔, then we have the mean growth rate of this genotype  
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To represent statistical uncertainty around plasmid genotype fitness estimates, 95% confidence 

intervals (CIs) were computed for each genotype across antibiotic concentrations and species, a 

representative set is shown in Figure 3. For each genotype (g), drug concentration (c), and 

species (s), the standard error of the mean growth rate was calculated from the set of barcode 

replicates  

𝑆𝐸𝑔,𝑐,𝑠 =
𝑆𝐷([𝑟(𝑖, 𝑐, 𝑠): 𝑖 ∈ 𝐁𝑔

√|𝐁𝑔|

 

where SD denotes the standard deviation of barcode-level growth rates. The 95% confidence 

interval around the mean growth rate was then defined as: 

CI95% = 𝑟̅𝑔,𝑐,𝑠  ± 1.96 × 𝑆𝐸𝑔,𝑐,𝑠   

Two independently prepared and sequenced 𝑡 = 0 samples for each species were used to confirm 

consistency in the initial distribution of genotypes prior to selection across the cefotaxime 

gradient. Following a log10 transformation, initial barcode frequencies exhibited high 



 

 

concordance between replicates in both species (Pearson correlation coefficient 0.99 in E. coli 

and 0.99 in K. pneumoniae in pairwise comparisons between replicates).  

 

Calculation of Plasmid Mutational Effect and Community Deformation Metric 

To quantify how plasmid mutation effects vary across ecological contexts, we calculated 

the relative fitness difference [(Mutant Fitness – Ancestor Fitness / Mutant Fitness)] as in 

Chapter 1 between mutant neighbor genotypes within the same barcode type in both monoculture 

and coculture treatments. Mutational neighbors were identified based on string comparison of 

genotype names (e.g., TEM-1 → E104K) and fitness difference was computed as the scaled 

relative difference in barcode-specific growth rate between the mutant and original genotypes 

within each host species barcode type (E. coli only, K. pneumoniae only, and hybrid) and 

antibiotic concentration. In monoculture, fitness effects were calculated between the mutant and 

original genotypes within each host species barcode type (i.e., pseudo-replicates within the 

monoculture communities) and antibiotic concentration.  

To assess ecological deformation of these mutational fitness effects, we calculated the 

difference in mutational effect between coculture and monocultures of each species within each 

tested concentration: ΔΔFitness = Relative Fitness Difference in Mix – Relative Fitness 

Difference in E. coli Monoculture and ΔΔFitness = Relative Fitness Difference in Mix – Relative 

Fitness Difference in K. pneumoniae Monoculture. Positive ΔΔFitness values indicate that the 

mutation conferred a greater mean fitness difference in coculture community than in the 

compared monoculture; negative values indicate the opposite. These deformation scores plotted 

as a function of antibiotic concentration to identify regions where community context amplified 

or suppressed the fitness effect of resistance mutations in Figure 4. 
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