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Abstract

Antibiotic resistance poses mounting risks to human health, as current antibiotics are losing

efficacy against increasingly resistant pathogenic bacteria. Of particular concern is the

emergence of multidrug-resistant strains, which has been rapid among Gram-negative bac-

teria such as Escherichia coli. A large body of work has established that antibiotic resistance

mechanisms depend on phenotypic heterogeneity, which may be mediated by stochastic

expression of antibiotic resistance genes. The link between such molecular-level expression

and the population levels that result is complex and multi-scale. Therefore, to better under-

stand antibiotic resistance, what is needed are new mechanistic models that reflect single-

cell phenotypic dynamics together with population-level heterogeneity, as an integrated

whole. In this work, we sought to bridge single-cell and population-scale modeling by build-

ing upon our previous experience in “whole-cell” modeling, an approach which integrates

mathematical and mechanistic descriptions of biological processes to recapitulate the

experimentally observed behaviors of entire cells. To extend whole-cell modeling to the

“whole-colony” scale, we embedded multiple instances of a whole-cell E. coli model within a

model of a dynamic spatial environment, allowing us to run large, parallelized simulations on

the cloud that contained all the molecular detail of the previous whole-cell model and many

interactive effects of a colony growing in a shared environment. The resulting simulations

were used to explore the response of E. coli to two antibiotics with different mechanisms of

action, tetracycline and ampicillin, enabling us to identify sub-generationally-expressed

genes, such as the beta-lactamase ampC, which contributed greatly to dramatic cellular dif-

ferences in steady-state periplasmic ampicillin and was a significant factor in determining

cell survival.
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Author summary

Antibiotic-resistant bacteria pose a threat to human health, making current treatments for

infection less effective or even obsolete. Computational modeling has been used to investi-

gate phenomena related to antibiotic resistance at various scales, from diffusion of antibi-

otic molecules across cell barriers to the spread of resistance in hospitals. However, these

models fail to capture phenomena that occur across multiple scales simultaneously. By

combining multiple instances of a detailed mathematical model of individual Escherichia
coli cells in a shared spatial environment, we were able to simulate bacterial colonies with

single-cell detail of molecular mechanisms. We used this model to investigate the response

of E. coli to two antibiotics with very different modes of action, evaluating how these

responses were impacted by cell-to-cell variation in gene and protein expression. This

work has implications for understanding emergent colony-level responses to antibiotics,

and may offer a valuable approach to modeling colony-scale emergent phenomena more

generally.

Introduction

Antibiotic resistance poses mounting risks to human health, as current antibiotics are losing

efficacy against increasingly resistant pathogenic bacteria. The prevalence of antibiotic-resis-

tant phenotypes has long been recognized as a crisis [1,2]. Of particular concern is the emer-

gence of multidrug-resistant strains, which has been rapid among Gram-negative bacteria

such as Escherichia coli [2]. A large body of work has established that antibiotic resistance

mechanisms depend on phenotypic heterogeneity, which may be mediated by stochastic

expression of antibiotic resistance genes [3,4]. In addition to cellular heterogeneity, bacteria

also demonstrate complex population-level behaviors such as bet hedging [3,5], quorum sens-

ing [6], and long-range electrical signaling [7]. Some of these behaviors have already been

shown to mediate the antibiotic response in large bacterial populations like biofilms [8].

Therefore, to better understand antibiotic resistance, new mechanistic models are needed that

reflect single-cell phenotypic dynamics together with population-level heterogeneity, as an

integrated whole.

To meet this need, systems biology and computational modeling efforts have quickly grown

in scope and scale. Early studies employed a variety of mathematical approaches to quantify

the transport of antibiotics across bacterial membranes, including ordinary differential equa-

tions [9] and graphical methods [10]. More recently, flux-balance analysis (FBA) models have

been used to identify metabolic changes associated with antibiotic resistance [11,12]. Popula-

tion dynamics [13] and agent-based [14] approaches have been used to characterize popula-

tion-level antibiotic resistance mechanisms, such as slowed growth due to nutrient depletion

in thick biofilms [15]. At the largest spatial scale, the bacteria themselves are abstracted away

to facilitate modeling of large-scale phenomena including the transmission of antibiotic-resis-

tant bacteria in hospitals [16] and the economic impact of antimicrobial resistance [17]. While

all of these models have been successfully used to make predictions at their target scale, they

are confined by their limited spatial resolution and are unable to generate meaningful conclu-

sions about smaller or larger mechanisms of action.

In this work, we sought to bridge single-cell and population-scale modeling by building

upon our previous experience in “whole-cell” modeling, an approach which integrates mathe-

matical and mechanistic descriptions of biological processes to recapitulate the experimentally

observed behaviors of entire cells [18]. In the decades since their conception, whole-cell
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models have diversified greatly from their roots in ordinary differential equations [19], with

two notable innovations coming in the form of constraint-based methods [20] and gene regu-

latory logic [21]. Whole-cell modeling efforts eventually culminated in a large-scale hybrid

simulation model of Mycoplasma genitalium that accounted for the known functions of every

annotated gene [18]. Since then, scientists have invested considerable effort into producing a

whole-cell model of Escherichia coli [22]. The most recently published model includes the

functions for 43% of the well-characterized genes, and encompasses 12 detailed submodels

that collectively capture a wide range of cellular dynamics, including metabolism, chromo-

some replication, transcription, and translation [23]. This model was benchmarked against a

variety of heterogeneous data, and successfully predicted the outcomes of experiments made

after the simulations were performed [22].

To extend whole-cell modeling to the “whole-colony” scale, we utilized principles from

agent-based modeling to embed multiple instances of a whole-cell E. coli model into a shared

spatial environment. We accomplished this with the use of the Vivarium software library [24],

which allowed us to run large, parallelized simulations on the cloud with all the molecular

detail of the previous whole-cell model while adding many interactive effects of a colony grow-

ing in a shared dynamic environment. The resulting multiscale model was used to explore the

response of E. coli to two antibiotics, tetracycline and ampicillin. Both antibiotics have seen

extensive use as a treatment for infections, giving rise to many antibiotic-resistant strains of E.

coli and other bacteria. In spite of this, tetracycline derivatives and ampicillin remain clinically

relevant thanks in large part to research geared towards overcoming known resistance mecha-

nisms [25,26]. By modeling the action of tetracycline and ampicillin in colonies of E. coli, we

aimed to further our understanding of resistance to these classes of antibiotics and support

future antibiotic development.

Results

Heterogeneity and interaction effects motivate whole-colony model

We were originally prompted to extend our cell-scale model to colonies in response to obser-

vations made while simulating the growth of individual bacterial cells. In particular, upon fit-

ting transcription probabilities for each gene [22] to recapitulate experimentally measured

transcript abundances, we noticed two qualitatively different patterns of gene expression (Fig

1A). The first pattern was expected (left panels, ompF); genes in this category exhibited what

we termed exponential expression, with on average more than one transcription event per gen-

eration and stable, exponential protein production.

In contrast, the second dynamic gene expression pattern yielded significant variability in

mRNA and protein expression and was seen in genes that were transcribed, on average, less

than once per generation (right panels, marR). The protein products of such genes experienced

sharp increases in number coinciding with each rare transcription event. These increases were

typically followed by several generations of cellular protein loss due primarily to cell division

(as opposed to decay). This sub-generational expression pattern has been experimentally

observed for certain genes, including in E. coli [27,28], but we were surprised by the fact that

more than half of all genes are expressed in this way (Fig 1B, outer circle) [22]. This finding

could seem counter-intuitive, when considered from the perspective of a single cell: why

wouldn’t important gene products be expressed every generation, so that they would be avail-

able when needed? The answer can be seen from a whole-colony or population perspective:

sub-generational expression allows the majority of cells to divert their resources towards more

pressing cellular needs, while a minority hedges against the appearance of unanticipated envi-

ronmental stressors or windfalls [3].
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Fig 1. Sub-generational gene expression of antibiotic response genes calls for a multi-scale model of the population-level antibiotic

response. (A) mRNA counts placed above corresponding monomer counts for a gene representative of "exponential" expression (left,

ompF) and a gene representative of “sub-generational” expression on the right (right, marR). Data was taken from a representative

lineage (cell 011001001 and its ancestors) in the simulated colony (seed 0) grown on minimal M9 medium supplemented with 1 mM

glucose. (B) Proportion of all genes (outer ring) and antibiotic response genes (inner ring) that are predicted to be sub-generationally

(blue) or exponentially (gray) expressed. Genes were considered sub-generationally expressed if <1 expression event per generation

occurred on average in a baseline glucose simulation (seed 10000). (C) Schematic of the expanded E. coli model which can simulate both

antibiotic responses and colony growth. The original whole-cell model [22] was supplemented with new functions for 8 genes, 63 new

parameters, and 13 new equations. The expanded whole-cell model was then placed inside a spatial environment which supported

propagation into colonies composed of many whole-cell model instances that share resources and physically interact. These whole-

population models yielded rich time series data for single cells and spatial data for whole colonies.

https://doi.org/10.1371/journal.pcbi.1011232.g001
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In the context of this study, we were particularly intrigued by the finding that many known

antibiotic resistance genes exhibited a sub-generational expression pattern (Fig 1B, inner circle).

The highly stochastic expression of these genes makes them potential culprits behind the phenom-

enon antimicrobial heteroresistance, wherein subpopulations of isogenic bacteria vary greatly in

susceptibility to specific antibiotics [29]. While most reports of heteroresistance focus on Gram-

positive bacteria like Staphylococcus aureus [30–32], a subset of studies found similar behavior in

Gram-negative species, including E. coli [33–37]. Thus, we decided to put our multi-cell model to

use by implementing mechanisms for E. coli’s response to antibiotics, with the goal of studying

the impacts of cellular heterogeneity on population-level phenotypes like heteroresistance.

One way to account for heterogeneity across a population would simply be to run a series

of non-interacting, single-cell simulations that encompass an initial cell and all its eventual

descendants. This approach would capture variability from stochastic gene expression and cell

division, as well as any downstream effects. However, many groups have shown that the antibi-

otic response does not only involve phenotypic heterogeneity, but also intercellular interac-

tions across the group. When susceptible E. coli were co-cultured with a resistant strain that

composed only 6% of the total population, the entire colony gained protection against the

beta-lactam cefamandole, indicating that high beta-lactamase activity from the resistant cells

conferred protection to the susceptible cells [38]. In biofilms, high nutrient consumption by

peripheral cells combined with reduced diffusion to interior regions led to starvation-induced

growth arrest, directly increasing antibiotic tolerance [39,40]. Interestingly, tolerance to antibi-

otics and other toxins has been shown to depend on the age of a biofilm [41] and even the

structural rigidity of the environment on which bacteria are grown [42]. With these and other

interaction effects in mind, it quickly became clear that we would need to build a population-

scale model to adequately simulate the response to antibiotics.

We began by reconstructing the existing E. coli whole-cell model [22] using Vivarium, a

software tool that facilitates integrating diverse mechanistic models into a cohesive whole (Fig

1C) [24]. Vivarium helped us to add several new submodels to the whole-cell model, each of

which encompasses an important aspect of E. coli single-cell response to ampicillin or tetracy-

cline (gray elements in Fig 1C, top). The hierarchical structure of Vivarium-based simulations

was then leveraged to combine multiple whole-cell models into a whole-population model (Fig

1C, middle). The resulting simulations were rich in heterogeneous, multi-scale data–spanning

from the molecular activities and transformations of particular species over time, to the multi-

cellular phenotypes that arise as one cell grows out into a more diverse population (Fig 1C,

bottom). Moreover, our model retained information about the phylogenetic relationships

between cells by assigning each daughter cell a unique barcode generated by appending a 0 or

1 to that of their mother cell, starting with 0 for the first cell, proceeding to 01 and 00 for its

two daughters, etc. Full details of the model’s construction and all the simulations shown here

can be found in S1 Text; the complete source code can be found at our Github site (https://

github.com/CovertLab/vivarium-ecoli).

Simulated colonies exhibit phenotypic heterogeneity

Our first goal was to create a baseline for colony-scale simulations and ensure that our model

behaved as expected. For this control, we ran 7.2-hour simulations initialized with a single cell

growing in minimal M9 media supplemented with 1 mM glucose. Growth of the colony was

simulated for roughly eight generations; a representative simulation is shown in Fig 2A.

As our simulations progressed, we observed that the number of cells in the colony roughly

regularly doubled to form a circular, disorganized mass of cells (Fig 2A). As the size of the col-

ony grew, glucose in the environment was depleted at an increasing rate, as would be expected
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Fig 2. Spatio-temporal heterogeneity in baseline gene expression. (A) Snapshots of a simulated E. coli colony. The environmental

glucose concentration is represented as varying shades of gray. The blue-colored cells are from a single representative cell lineage (cell

011000000 and its ancestors) and the time series data for that same lineage is also highlighted blue in panels B, C, and D. (B) Dry mass in

femtograms for each cell in the colony over time. The blue lines are from the lineage whose members are blue in the snapshots of panel

A. (C-D) Time series plots of mRNA concentration placed above corresponding plots of monomer concentration (both in nanomolar)

for four genes relevant to antibiotic resistance. The blue lines are from the lineage whose members are blue in panel A. Colored markers

indicate the average protein [51] and mRNA [52] concentrations from real (orange) and simulated cells (blue). (E-F) Colony snapshots

taken at the end of the simulation with monomer concentrations (column labels same as in panel C) depicted using varying shades of

blue. A histogram of the concentration distributions for all cells in the final colony is placed below its corresponding snapshot. Note: All

data shown is from a simulation run with seed 10000 for about 7.2 hours (26000 seconds) on minimal M9 medium supplemented with 1

mM glucose.

https://doi.org/10.1371/journal.pcbi.1011232.g002
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from real growing colonies. Interestingly, in spite of significant cell-to-cell differences in glu-

cose intake (coefficient of variation or CV = 0.15, S1A Fig), there was little variation in glucose

concentrations between different regions in the environment, due primarily to the rapid time

scales of diffusion (S1B Fig). This is consistent with prior experiments which indicated that

oxygen was only completely depleted at the bottom of heterotrophic biofilms at least 200 μm

in depth, far greater than the �15 μm radii of our largest microcolonies [43].

We then compared our simulated results to two large-scale datasets used to benchmark the

original E. coli model [22]: cellular protein concentrations for 55% of predicted E. coli genes

[44] and metabolic fluxes for a set of reactions in central carbon metabolism [45]. Compared

to our original release of the whole-cell model, we observed roughly equal or better correlation

between simulated and experimental results in both cases (S2 Fig). Next, we noted the mea-

sured doubling time of E. coli strain B/r (44 minutes), whose physiological and growth mea-

surements were used to parameterize the model [46], was well within the distribution of

doubling times for our model (50.89 ± 4.61 minutes, mean ± SD, S3A Fig). Interestingly, the

slight amount of variability in doubling time was sufficient to visibly and progressively desyn-

chronize cell division within the span of four generations (Fig 2B): cells entered Generation 4

(8 cells) with a standard deviation in start time of 2.57 minutes, which increased monotonically

to 8.81 minutes for the start time of Generation 9 (S3B Fig).

We were also able to record the single-cellular expression of various genes across the col-

ony. For example, we show the mRNA expression (Fig 2C) and protein expression (Fig 2D)

traces over time, as well as the spatial (Fig 2E) and binned distributions (Fig 2F) of protein

expression, for four key antibiotic resistance genes. From left to right, ompF codes for the pri-

mary outer membrane porin through which antibiotics enter the periplasm [47], tolC is trans-

lated into an outer membrane channel common to many drug efflux complexes [48], ampC is

an endogenous beta-lactamase gene whose protein hydrolyzes beta-lactam antibiotics [49],

and marR is a repressor of the multiple antibiotic resistance (mar) operon which confers low

level antibiotic resistance in E. coli [50].

Like other exponentially expressed genes, mRNA expression was relatively steady and non-

zero for the ompF and tolC genes. In the representative simulation shown in Fig 2, ompF
mRNA remained non-zero in all cells for the entirety of the simulation, and the average cell

had zero tolC mRNA for just 6.91% of its lifetime. This was in line with our expectations, given

the multifunctional nature of the OmpF porin, which is known to facilitate nonspecific diffu-

sion of small, non-antibiotic solutes [47], and the TolC channel, which forms efflux complexes

that can operate on a variety of substrates [48]–suggesting that both gene products might be

required by all cells, rather than part of an antibiotic bet-hedging strategy.

Conversely, marR and ampC exhibited key hallmarks of sub-generational expression: the

average cell spent 91.4% of its lifetime with no ampC mRNA, and 86.0% of its lifetime with no

marR mRNA. This included 59.0% of cells which had no ampC mRNA throughout their life-

spans, and 41.8% which consistently had zero marR transcripts. Intuitively, the low expression

of these two genes can be rationalized by the highly specific functions of their protein products:

AmpC is a protective measure that is useful only in the presence of beta-lactams, while MarR

controls the expression of an operon that responds primarily to antibiotic stress. In contrast,

there were no cells that went through an entire cell cycle without transcription of the more

broadly useful ompF or tolC genes. Thus, at the end of the simulation, counts of OmpF and

TolC monomers varied far less (CV = 0.14, 0.24, respectively) than counts of AmpC and MarR

monomers (CV = 1.2, 0.85, respectively) (Fig 2F). Interestingly, while MarR heterogeneity has

been indirectly corroborated by measured inconsistency in expression of the mar operon acti-

vator MarA [3], less is known about the expression patterns of ampC and the implications of

its potentially sub-generational expression, a topic we explore in a later section.
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Our whole-colony approach also has the capacity to localize cells in physical space and

characterize emergent patterns in spatial organization, which can otherwise be counter-intui-

tive. One might have expected, for instance, that cells with more recent common ancestors

would necessarily be more proximal to one another in the colony. However, while daughter

cells were always initially placed end-to-end following division, Brownian motion caused these

cells to randomly drift apart from one another over time. We were surprised to find that while

less closely related cells were more likely to be further apart in space (Spearman r = 0.45, p �

0), the variance in phylogenetic relatedness, quantified as the number of edges in the shortest

path between two cells in the binary phylogenetic tree, increased dramatically with distance

(S4 Fig). Thus, while closely related cells were invariably close in space, being close in space

did not guarantee that two cells were closely related (S4 Fig).

This inherent unpredictability in colony formation was reflected and amplified in snapshots

of final protein concentrations (Fig 2E). Instead of distinct clusters of phenotypically similar

cells, we observed a mixture of high expressing and low expressing cells, an observation that

we confirmed using spatial autocorrelation analysis (S1 Table). Moreover, cells with a high

average concentration for one of OmpF, TolC, MarR, or AmpC did not necessarily have a high

average concentration for any of the others, further adding to cellular heterogeneity (S5 Fig).

This indicated that, at least in the absence of coregulation (e.g. operon structure), simply hav-

ing access to the same transcriptional and translational resources did not equate to universally

high or low expression across distinct genes.

In sum, these results gave us confidence that the individual cell simulations in our colony

were consistent with both experimental measurements and biological intuition, and also that

the simulations as a whole exhibited heterogeneity across the colony for certain genes related

to antibiotic resistance.

Tetracycline uniformly inhibits growth of simulated colonies in a dose-

dependent manner

Encouraged by our glucose simulations, we next wanted to determine how the whole-colony

model would respond to tetracycline, a bacteriostatic antibiotic that binds to ribosomes and inhib-

its protein synthesis. Unlike bactericidal antibiotics (e.g. ampicillin), tetracycline does not directly

cause cell death or lysis but instead slows colony growth (Fig 3A). The extent of this growth inhibi-

tion is dependent on several factors, primarily the amount of tetracycline that enters the cytoplasm

and binds to ribosomes, as well as the expression of tetracycline resistance genes [53–55].

Net tetracycline flux into the E. coli cytoplasm is governed by both the rate of tetracycline

diffusion across the outer and inner membranes, and by the rate of active efflux [9] (Fig 3B).

Tetracycline is believed to cross the outer membrane through OmpF porins before passively

diffusing across the inner membrane [9]. Once inside the cytoplasm, tetracycline is actively

pumped out of the cell through the multidrug efflux pump AcrAB-TolC, which directly shut-

tles tetracycline from the cytoplasm, across both membranes, to the external environment [9].

In our model, the interplay between diffusive influx and active efflux was represented as a sys-

tem of ordinary differential equations (ODEs), parameterized with previously determined

membrane permeabilities and kinetic constants [9]. Notably, while permeability of tetracycline

across the inner membrane was kept constant, outer membrane permeability was allowed to

vary linearly in accordance with OmpF porin concentration, with lower and upper bounds

taken from previously reported estimates [9]. The full equations and parameters are provided

in S1 Text.

Once inside the cytoplasm, tetracycline can bind to a region on the 30S ribosomal subunit

that is proximal to the A site of fully assembled ribosomes, preventing polypeptide elongation
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Fig 3. Spatio-temporal dynamics of tetracycline action on E. coli colonies. (A-C) Schematic of tetracycline response from diffusion at

a colony scale to transport at a single-cell scale to regulation of gene expression at a molecular scale. (D) Snapshots of a representative

colony simulation after addition of tetracycline at the MIC (1.5 mg/L). The color of each cell represents the log2 fold change of

instantaneous growth rate compared to the average instantaneous growth rate of cells in a representative baseline glucose simulation.

The cell lineage ending with cell 0011111 was outlined in blue and also plotted as blue traces in Panels E-K. (E) Per-cell dry mass starting

with a single cell grown in M9 minimal medium with 1mM glucose and no tetracycline for about 3.2 hours (11550 seconds), at which

point tetracycline was added at the MIC and the simulation continued for approximately 4 more hours (14550 seconds). (F-H) Per-cell

concentration of, from left to right, periplasmic tetracycline, cytoplasmic tetracycline, and active ribosomes in the minutes surrounding

tetracycline addition. (I-K) Per-cell concentration of, from left to right, micF-ompF RNA duplexes, ompF mRNA, and OmpF

monomers for the entire 7.2-hour (26000 seconds) simulation. (L) Whole colony mass for representative simulations run across six

different concentrations of tetracycline (MIC in blue). Data from these same simulations was also used to create Panel M. (M) Average

active ribosome concentration and instantaneous doubling rate for all cells over the first (left) and fourth (right) hour of tetracycline

exposure, with color corresponding to different tetracycline concentrations (MIC in blue). Marginal kernel density estimates were
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[56] (Fig 3B). For simplicity, we assumed that tetracycline competed with aminoacylated-

tRNAs for occupancy of the A site and that the binding of both substrates were in chemical

equilibrium. The binding constants for this equilibrium were selected from a range of previ-

ously published values [57–59] to yield a simulated dose-response curve comparable to in vitro
measurements (S6A Fig) [60].

Exposure to tetracycline is also known to cause global changes in gene expression via induc-

tion of the mar operon, whose overexpression has been shown to confer resistance to a broad

spectrum of antibiotics in E. coli [26,61]. The mar operon encodes the auto-repressor MarR,

the auto- and general transcriptional activator MarA, and the small protein MarB of unclear

function [62]. Tetracycline is believed to increase MarA expression by inactivating MarR,

though the exact details of this mechanism are still unclear [63]. We approximated this by

modeling MarR inactivation as a reversible reaction whose rate depends on the concentration

of tetracycline in the cytoplasm, scaling the activity of MarA in proportion with the fraction of

inactivated MarR. As its activity increased, more MarA was allowed to bind to the promoters

of downstream target genes, transiently modifying their probability of transcription. The mag-

nitude of this modulation was tuned for each gene to approximately recapitulate mRNA fold

changes measured during tetracycline exposure (S6B Fig) [64]. Among the genes activated by

MarA is the small antisense RNA micF [65]. This non-coding RNA post-transcriptionally

inhibits OmpF porin production by forming untranslatable duplexes with ompF mRNA, a pro-

cess assumed to be rapid and irreversible for simplicity in our model.

With these mechanisms represented in our model, we ran simulations on minimal M9

medium supplemented with 1 mM glucose and 1.5 mg/L (3.375 μM) tetracycline, well within

the range of reported minimum inhibitory concentrations (MIC) for susceptible E. coli strains

[9,66,67]. Each of these simulations was initialized with a saved snapshot (at t = 11550 seconds)

of a non-antibiotic simulation and continued for an additional 14450 seconds (about 4 hours)

of simulated time.

In all of our tetracycline simulations, we observed a significant decrease in instantaneous

doubling rates (doubling of initial dry mass/hr) across the colony, with final averages nearly

one-third (35.1 ± 4.52%, mean ± SD) that of cells in our untreated simulations (representative

simulation in Fig 3D and 3E). The final colonies were also significantly smaller than those

grown under non-inhibiting conditions, with an average of 63 cells compared to 254 cells in

the baseline simulations.

Since cellular differences in OmpF monomer concentrations were minor at the instant of

tetracycline addition, the variability in outer membrane permeability was similarly negligible

(CV = 0.02 for both). As a result, tetracycline entered the periplasm at approximately the same

rapid rate across all cells in the colony, yielding a CV in periplasmic tetracycline concentra-

tions of less than 0.01 within 8 seconds of tetracycline addition (Fig 3F). We speculated that

the decreased permeability of the inner membrane compared to the outer membrane, com-

bined with active efflux by the AcrAB-TolC pump, might delay equilibration of tetracycline in

the cytoplasm compared to the periplasm. Indeed, taking the equilibration time to be the first

instant at which tetracycline changed by less than 0.05 nM/second, the periplasmic concentra-

tion reached steady-state in 78 seconds whereas the cytoplasmic concentration equilibrated in

102 seconds. Surprisingly, the substantial variability in the periplasmic AcrAB-TolC concen-

trations at the instant of tetracycline addition (CV = 0.24) did not translate to differences in

normalized such that the area under each colored curve is 1. Note: All data shown is from simulations run with seed 0 initialized with a

snapshot 3.2 hours (11550 seconds) into a baseline glucose simulation (also seed 0) before being continued for an additional four hours

(14550 seconds) with varying levels of external tetracycline.

https://doi.org/10.1371/journal.pcbi.1011232.g003
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the equilibration time of cytoplasmic tetracycline, indicating that endogenous efflux was too

slow to impact net influx at the MIC (Fig 3G). While active ribosome concentrations did

decrease after tetracycline addition, there was minimal variability both at the moment of tetra-

cycline addition and two minutes after (CV = 0.03 and 0.04, respectively; Fig 3H). Given the

tight coupling between optimal growth rate and ribosome synthesis [68], this explains the rela-

tively uniform reduction in growth rate seen as early as the second snapshot of Fig 3D.

Having observed the relatively rapid speed at which tetracycline is able to enter the cell and

inhibit protein synthesis, we wondered whether the induction of the mar regulon would help

cells develop meaningful resistance over time. In a representative simulation, micF-ompF
duplexes reached a mean cytoplasmic concentration of 0.078 μM in the first ten minutes of tet-

racycline exposure (Fig 3I). Concomitantly, most cells experienced a steep decrease in translat-

able ompF mRNAs, the average concentration of which decayed to half its value at the instant

of tetracycline addition within 5.23 minutes (Fig 3J). Despite this rapid and extreme reduction

in mRNA levels, the average concentration of OmpF protein monomers decayed over a much

longer time scale, taking 1.54 hours to reach half its value at the instant tetracycline introduc-

tion (Fig 3K). As a result, the average outer membrane permeability for tetracycline decreased

from 97.4 ± 1.91 nm/s (mean ± SD) at the instant of tetracycline addition to 21.0 ± 2.60 nm/s

(mean ± SD) four hours later (S7A Fig).

Since decreased outer membrane permeability directly limits the rate of tetracycline influx,

we initially thought that active efflux may eventually overcome influx and either reduce or

completely expel internal tetracycline. Contrary to our expectations, the observed 4.6-fold

decline in outer membrane permeability was accompanied not by a decrease, but rather a

slight but significant increase in the steady-state concentration of tetracycline in the cytoplasm

(S7B Fig). This increase was accompanied by a significant decrease in the periplasmic concen-

tration of the AcrAB-TolC efflux pump, suggesting that reduced efflux may be the underlying

cause of this increased accumulation (S7C Fig). In both our model and in prior experiments,

tetracycline exposure induced much more substantial upregulation of both acrA and acrB than

tolC (S6B Fig) [64]. This disproportionate gene regulation, combined with inhibition of pro-

tein synthesis, gave rise to the observed reduction in AcrAB-TolC concentrations. Indeed, at

sub-MIC levels of tetracycline, the balance between mRNA upregulation and inhibition of pro-

tein synthesis shifted, resulting in more gradual declines in the concentration of AcrAB-TolC

(S7C Fig). Conversely, at tetracycline concentrations above the MIC, the concentration of

AcrAB-TolC did not decrease more quickly than it did at the MIC, indicating that an equilib-

rium had been reached between mRNA and protein expression.

Globally, our model exhibited a wide dynamic range in its response to varying levels of

external tetracycline (Fig 3L). Notably, while the MIC (highlighted in blue) yielded a pro-

nounced reduction in colony mass after four hours, it did not completely suppress growth,

and higher concentrations of tetracycline had increasingly potent inhibitory effects. Since the

MIC is typically measured as the minimum concentration of an antibiotic required to prevent

visible growth after overnight incubation [69], we speculated that E. coli are likely able to sur-

vive at the MIC but simply grow too slowly to generate visible growth after the usual incuba-

tion period. This hypothesis is qualitatively corroborated by experimental growth curves

measured under different tetracycline concentrations, in which higher concentrations resulted

in increasingly long lag periods where no growth was registered by a spectrophotometer [70].

Interestingly, the strength of growth inhibition by tetracycline increased with time, visible

as a slight curvature in each of the log-scaled colony mass traces for a wide range of tetracycline

concentrations (Fig 3L). In the first hour of tetracycline exposure, simulated cells exposed to

higher tetracycline concentrations had, on average, lower active ribosome concentrations and

lower growth rates, as expected (Fig 3M, left). By the fourth hour of tetracycline exposure,
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however, the concentration of active ribosomes had almost universally decreased even further,

deflating doubling rates and confirming that inhibition had increased over time (Fig 3M,

right). The inhibition of protein synthesis by tetracycline had spawned a positive feedback

loop in which reduced production of RNA polymerases and ribosomes progressively dimin-

ished RNA and protein synthesis (S8 Fig).

Taken together, our simulations in tetracycline-supplemented media revealed that inhibi-

tion of growth at a colony level may naturally compound over time due to positive feedback at

a transcriptional and translational level, demonstrating the utility of our uniquely multi-scale

approach.

Ampicillin selectively kills simulated cells with low beta-lactamase

concentrations

Next, we considered ampicillin, a bactericidal antibiotic that inhibits the activity of the penicil-

lin-binding proteins (PBPs) which are responsible for cell wall synthesis and integrity [71–74]

(Fig 4B). The presence of ampicillin and other beta-lactams in the periplasm interferes with

the ability of PBPs to cross-link peptidoglycan strands in the cell wall, leading to accumulation

of damage [75,76]. Critically damaged cells then lyse and release their internal beta-lactamase

into the environment, where it continues to hydrolyze and inactivate extracellular ampicillin

(Fig 4A). To capture the accumulation of damage and eventual lysis induced by ampicillin, we

therefore needed to model transport of ampicillin into and out of the periplasm, binding and

inactivation of PBPs by ampicillin, cell wall damage accumulating as a function of ampicillin

interference with cell wall synthesis, lysis triggering the removal of a cell from the simulation,

and release of beta-lactamase into the environment’s reaction-diffusion system.

Transport of ampicillin into the cell was modeled as a system of differential equations that

included not only diffusion and active efflux through AcrAB-TolC, but also hydrolysis by

beta-lactamase (Fig 4B). Influx of ampicillin across the outer membrane was modeled using

Fick’s first law of diffusion. Active efflux through AcrAB-TolC was modeled using a Hill equa-

tion parameterized by experimentally determined KM and vmax values [77]. Hydrolysis was

likewise modeled using a Hill equation parameterized with vmax, KM, and Hill coefficient val-

ues from literature [78]. Unlike tetracycline, ampicillin diffusion across the inner cytoplasmic

membrane has been shown to be insignificant [77] and, as such, was not considered in our

model. As before, the relevant parameters are included in S1 Text.

Once inside the periplasm, ampicillin covalently inactivated PBPs according to a Hill equa-

tion model. We focused on PBP1A and PBP1B, since these are the major PBPs responsible for

elongation and crosslinking of cell wall peptidoglycans [71]. We parameterized the Hill equa-

tion model using an experimentally measured IC50 for inhibition of PBP1B transpeptidase

activity by ampicillin [79]. To our knowledge, no such value directly measuring the effect of

ampicillin on transpeptidase activity has been reported for PBP1A. However, ampicillin bind-

ing affinities for PBP1A and PBP1B have been measured as being within one order of magni-

tude [74,80]. Assuming that the ability of ampicillin to inhibit transpeptidation is proportional

to its binding affinity, we used this range of literature values to estimate an IC50 for ampicillin

inhibition of PBP1A transpeptidase activity that was within one order of magnitude of that

measured for PBP1B and also resulted in death in simulations of single cells exposed to the

ampicillin at the MIC.

PBPs bound by ampicillin were considered unable to contribute cross-linked peptidogly-

cans to our coarse-grained cell wall model. We represented the cell wall as a 2D lattice on the

surface of a cylindrical shell, guided by prior measurements which have determined that the E.

coli sacculus is mostly or completely a single layer [81–83]. Lattice positions represented the
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Fig 4. Spatio-temporal dynamics of response to ampicillin in E. coli colonies. (A-B) Schematic of ampicillin hydrolysis and cell lysis at

the colony scale and ampicillin transport and inhibition of cell wall synthesis at the cellular scale. (C) Snapshots of a representative

colony simulation after addition of ampicillin at the MIC (2 mg/L). The color of each cell represents the log2 fold change of total gap area

(area not covered by peptidoglycan) compared to the average total gap area for cells in a baseline glucose simulation. The cell lineage

ending in cell 001111111 was outlined in blue and also plotted as blue traces in Panels D-J. (D) Per-cell dry mass starting with a single

cell grown in M9 minimal medium with 1 mM glucose and no ampicillin for about 3.2 hours (11550 seconds), at which point ampicillin

was added at the MIC and the simulation continued for approximately 4 more hours (14550 seconds). (E-G) Per-cell concentration of,

from left to right, periplasmic ampicillin, AmpC beta-lactamase, and fraction of active PBP1A in the minutes surrounding tetracycline

addition. (H-J) Per-cell concentration of, from left to right, cell wall porosity, maximum hole area, and cell wall stretch for the entire

7.2-hour (26000 seconds) simulation. (K) Whole colony mass for representative simulations run across six different concentrations of

ampicillin (MIC in blue). The data from these simulations was also used to create Panel N. (L) Per-cell average concentrations of AmpC,

AcrAB-TolC, OmpF, and PBP1A/B were normalized as z-scores and plotted as juxtaposed kernel density estimates, with red

representing cells that died and blue representing cells that survived. Stars indicate statistical significance (p << 0.01). (M) Circular
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surface area covered by one peptidoglycan unit, and were either occupied by cross-linked pep-

tidoglycan or were considered “gaps”. Peptidoglycan strands in the E. coli cell wall run mostly

parallel, with the glycan backbone oriented along the circumference of the cell [81,84]. We

thus modeled cell wall synthesis by PBP1A and PBP1B as the insertion of columns into the lat-

tice, where columns were populated by cross-linked peptidoglycan strands with lengths sam-

pled from a geometric distribution fitted to experimental data (S9A Fig) [85]. At each

timestep, we scaled the number of nascent peptidoglycans predicted by our metabolic model

by a weighted average of the proportions of unbound PBP1A and PBP1B to determine the

pool of peptidoglycans that could be cross-linked into the lattice. Deficiencies in this pool such

that cell wall synthesis could not keep pace with cell growth resulted in gaps in the lattice.

The cell wall is elastic in the direction of its long axis [86], and is able to expand and contract

up to threefold without permanent deformation or rupture [87]. When damage accumulates,

the cell wall “cracks” under turgor pressure, followed by outward bulging through the crack and

eventual bursting of the inner membrane [76,88,89]. We chose a theoretical upper bound on

cell wall cracking time, by permitting the lattice to stretch as needed to avoid cracking, up until

either the experimentally determined maximum reversible extension was reached, or the largest

hole expanded beyond a critical threshold for lysis predicted in literature [87,89]. After cell wall

cracking, we accounted for the time of inner membrane bulging (on the order of 3.2 minutes)

by sampling a waiting time from an exponential distribution fitted to experimental data (S9B

Fig) [90]. At the end of this delay, the cell was removed from the simulation, and all of its inter-

nal ampicillin and beta-lactamase monomers were spilled into the shared spatial environment

where the reaction-diffusion system simulated extracellular enzyme activity.

As with tetracycline, we began our ampicillin simulations with snapshots of colonies 3.2

hours (11550 seconds) into baseline glucose simulations. Globally, we noted that exposing

these colonies to ampicillin at the MIC (2 mg/L or 5.724 μM) resulted in a marked but uneven

increase in the total area of the cell wall not covered by cross-linked peptidoglycan (Fig 4C),

followed by substantial cell death (Fig 4D). Cell death was not concentrated at the beginning

or end of the simulated ampicillin exposure, but instead scattered relatively evenly throughout.

Notably, there was no observable change in the dry mass growth trajectory of cells following

antibiotic addition. This indicated that any observed inhibition of colony mass growth must

occur primarily through cell death.

On a single-cell level, periplasmic ampicillin levels rapidly reached equilibrium in a matter

of seconds. Unlike tetracycline however, the steady-state concentration of ampicillin varied

considerably from cell to cell (CV = 0.78 after one minute) (Fig 4E). The simulated average

periplasmic ampicillin concentration of 1.27 μM after 15 minutes of exposure to the MIC was

close to the 1.7 μM measured in live cells after the same exposure time [77]. This variation was

accompanied by high cell-to-cell variation in the sub-generationally expressed AmpC, the

beta-lactamase that hydrolyses ampicillin (CV = 0.83 after one minute) (Fig 4F). This variabil-

ity in periplasmic ampicillin concentration in turn gave rise to broad heterogeneity of observed

PBP inhibition (CV = 0.39 for PBP1A active fraction and 0.30 for PBP1B after one minute)

(Fig 4G).

phylogenetic tree of cells colored by AmpC beta-lactamase concentration. Cells in the gray regions died and the red ring represents the

time of ampicillin addition. (N) Average number of generations that dying cells were able to survive before lysis in five different

concentrations of ampicillin (blue). Number of generations elapsed before seeing a decrease in optical density of a culture across several

ampicillin concentrations (orange) [91]. Note: All data shown is from simulations run with seed 0 initialized with a snapshot 3.2 hours

(11550 seconds) into a baseline glucose simulation (also seed 0) before being continued for an additional four hours (14550 seconds)

with varying levels of external ampicillin.

https://doi.org/10.1371/journal.pcbi.1011232.g004
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Compared to the seconds required for ampicillin and active PBP levels to reach steady state,

damage to the cell wall accumulated on a time scale of many minutes to hours (Fig 4H–4J).

Nearly all cells that died experienced steep porosity increases and sudden spikes in maximum

hole size immediately preceding lysis (Fig 4H and 4I). Interestingly, sharp spikes in both of

these measurements did not guarantee death, with some cells (like those of the lineage

highlighted in blue) managing to at least temporarily recover. All cells, regardless of fate,

exhibited increasingly stretched cell walls as exposure times lengthened (Fig 4J).

To test the sensitivity of the ampicillin response, we simulated colony exposure to four

additional concentrations of ampicillin ranging from one-quarter to double the MIC (Fig 4K).

Compared to our simulations with varying tetracycline concentrations (Fig 3L), the total col-

ony mass traces following ampicillin exposure were much more jagged, since at higher con-

centrations of ampicillin, rapid cell death and a smaller colony size caused each individual cell

loss to register as a sharp decrease in total mass.

To determine the most important cellular factors related to ampicillin resistance, we exam-

ined the expression of five proteins and protein complexes that play critical roles in the ampi-

cillin response (Fig 4L). Using independent two-sided t-tests, we found that AmpC, the

endogenous beta-lactamase, was the only protein for which expression in dead cells was signif-

icantly different from that in live cells (p < 10−3). Given their similarly high between-cell vari-

ability (Fig 4E and 4F), AmpC concentration likely influenced cell fate by controlling

periplasmic ampicillin concentration, a hypothesis supported by the strong monotonic rela-

tionship between per-cell average AmpC and periplasmic ampicillin concentrations (S10 Fig).

By contrast, the average expressions of the AcrAB-TolC multidrug efflux pump, the porin

OmpF, and PBPs 1A and 1B exhibited no significant differences between cells that lived and

those that died, a finding corroborated by the weak or nonexistent linear relationships between

these variables and periplasmic ampicillin concentrations (S10 Fig).

We also found that closely related cells, those that had more recent common ancestors,

were more likely to have equivalent survival outcomes (i.e. lived or died) than less related cells

(Blomberg’s K = 2.31, p = 10−5). This suggested that there were traits shared by related cells

which influenced cellular survival. Indeed, related individuals resembled each other more in

AmpC concentration than random individuals (Blomberg’s K = 0.708, p = 3*10−5) (Fig 4M).

Since ampC is known to be a sub-generationally expressed gene (Fig 1C), the inheritance of

AmpC by daughter cells following rare transcription events may protect these closely related

descendants from lysis. As expected, lineages with higher AmpC expression just before ampi-

cillin addition (eight-cell stage just inside the red circle, Fig 4M) were more likely to have

descendants which survived until the end of the simulation. Conversely, lineages which had

lower levels of AmpC expression both early on and as the simulation progressed (darker cir-

cles) were extremely likely to die out within a generation. This reaffirmed our conclusion that

sub-generational expression of AmpC underpinned the variability in cell death due to ampicil-

lin exposure.

Lastly, we plotted the average number of generations from antibiotic addition to cell lysis as

a function of external ampicillin concentration, enabling a direct comparison of our simula-

tion output to prior measurements of ampicillin-induced cell death (Fig 4N) [91]. The com-

parison showed good agreement, especially considering that the MIC of our model was lower

than that of the experimentally tested strain. Accordingly, our model yielded more rapid lysis

at lower concentrations of ampicillin, as would be expected of a more sensitive strain.

In short, our simulations in ampicillin-containing media exhibited a remarkably strong

link between the subcellular hydrolysis of ampicillin and the survival of related cells and even

whole colonies, mechanistically bridging a broad range of spatial and temporal scales.
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Discussion

By embedding multiple instances of a whole-cell E. coli model into a shared spatial environ-

ment model, we were, for the first time, able to bring the molecular mechanisms of whole-cell

models to the “whole-colony” scale. After validating the model against prior results, we investi-

gated the dynamics of the E. coli antibiotic response across multiple spatial and temporal

scales. Among the genes that we implemented new functions for, some (e.g. ompF and tolC)

exhibited high, stable expression while others (e.g. marR and ampC) had spiking expression

with high between-cell variability. Spatial clustering of phenotypically similar cells was weak,

most likely due to thermal jitter and pushing forces generated by growth of initially adjacent

daughter cells. Under exposure to the bacteriostatic antibiotic tetracycline, cells underwent a

concentration-dependent decrease in growth rate that did not reach complete abolition of

growth even at concentrations beyond the MIC. Despite heterogeneous expression of the

OmpF porin and AcrAB-TolC efflux pump, little variation was observed in the equilibration

times and steady-state concentrations of periplasmic and cytoplasmic tetracycline. Conversely,

stochastic variation in the concentration of the AmpC beta-lactamase contributed greatly to

dramatic cellular differences in steady-state periplasmic ampicillin and was easily identified as

the most significant factor in determining cell survival.

A few observations are of particular note. First, we were surprised to find that the relative

positions of related cells varied greatly from simulation to simulation. This underlying fact,

combined with the inherent variation between even sister cells, meant that there was little clus-

tering of phenotypically similar cells in space. This was confirmed by the weak and often statis-

tically insignificant spatial autocorrelations for expression of OmpF, TolC, MarR, and AmpC

monomers (S1 Table). In particular, despite the strong phylogenetic signal for AmpC expres-

sion, cells that had low AmpC expression did not exhibit a strong tendency to form tight clus-

ters, causing death by ampicillin to occur almost at random throughout our colonies. This

finding has interesting implications for microscopy experiments on colonies of this scale,

namely because naïvely evaluating spatial autocorrelations from images may not be sufficient

to find significant effects of lineage even when they exist. Interestingly, unlike the flattened,

overprovisioned microcolonies of our simulations, resource-limited biofilms have been previ-

ously predicted to undergo spontaneous spatial patterning that may contribute to cooperative

phenotypes [92,93], indicating that there might be adhesion or other interaction effects

between cells that were not considered in our model. Such adhesion effects are also crucial in

the human gut, where adhesion to mucosal surfaces enables colonization by both commensal

and pathogenic bacteria [94].

In our tetracycline simulations, we observed a potential positive feedback loop of growth

inhibition through reduction of active machinery at virtually all steps of the central dogma.

This raises the question of what mechanism, if any, real E. coli cells might use to counteract

this cycle of inhibition. One possibility centers around a reversal of guanosine tetraphosphate

(ppGpp)-induced downregulation of rRNA and rpoA/B/C (which encode RNA polymerase

subunits) transcription [95]. While normally used to slow growth during periods of amino

acid starvation, synthesis of ppGpp is also known to be inhibited by the binding of tetracycline

to ribosomes [96,97]. Reduced ppGpp levels would, in turn, derepress rRNA and RNA poly-

merase production. While not included in this work, we recently reported on an expanded ver-

sion of the whole-cell model which includes mechanisms for ppGpp-mediated growth rate

control [98]. We are confident that the incorporation of these and other planned mechanisms

will allow our model to yield deeper insights into the single-cell and population-scale dynamics

of E. coli’s response to tetracycline.
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In our ampicillin simulations, we did not anticipate that AmpC expression would be the

only significant differentiating factor between live and dead cells. In fact, in vivo measure-

ments place the enzymatic rate of the AcrAB-TolC efflux pump higher than that of the

AmpC beta-lactamase at periplasmic ampicillin concentrations above 0.8 μM [77,99], indi-

cating that efflux should be a more significant contributor to endogenous ampicillin resis-

tance than hydrolysis. However, while there was a significant amount of heterogeneity in

AcrAB-TolC expression, it paled in comparison to the variability in AmpC expression. As a

result, most cells had more comparable rates of efflux than they did rates of hydrolysis, and

these large differences in hydrolytic rate became the basis for natural selection under ampi-

cillin stress. Notably, all AmpC expression in our model was entirely uninduced, making it

all the more surprising that a subset of cells were able to survive and sustain colonies for sev-

eral generations of growth, at concentrations of ampicillin up to and including the MIC. In

the future, it would be worth testing experimentally whether the uninduced, sub-genera-

tional expression of AmpC is truly sufficient to sustain colony survival indefinitely at vari-

ous ampicillin concentrations in culture.

Future refinements of our model could proceed in a number of different directions. For tet-

racycline, our model does not currently represent a complete mechanism of internal accumu-

lation. Prior publications have proposed that differences in pH between extra- and

intracellular compartments may drive accumulation several-fold higher than that explained by

membrane potential and concentration gradients alone [9,100]. Higher internal concentra-

tions of tetracycline would perhaps strengthen the level of growth inhibition to the point that

growth is abolished entirely at the MIC. In experiments with ampicillin, cells that lacked key

division machinery lysed via a gradual loss of cell shape instead of the typically observed mid-

cell lesions, strongly suggesting that ampicillin-induced death occurs during division [101].

Indeed, ampicillin was found to bind to a division-associated PBP [102] with much higher

affinity than most others [74], including PBP1A and PBP1B. Looking further into the future,

we hope to eventually incorporate additional mechanisms for the evolution of antibiotic resis-

tance in the form of genetic heterogeneity and horizontal gene transfer between cells [103]. In

real E. coli cells, increased expression of acrAB was correlated with lower expression of the

DNA mismatch repair gene mutS, allowing for more rapid spontaneous evolution of resistance

phenotypes [104]. In our model, accumulation of mutations could be added in a simplified

form as small modulations to basal transcription rates upon division. Additionally, as noted by

others [105], cells exposed to antibiotics experience significant metabolic changes with many

non-trivial effects. As knowledge of antibiotic resistance mechanisms continues to grow, we

can envision a time when our model is able to recapitulate these metabolic changes without

being explicitly programmed to do so.

Even without these potential improvements, by synthesizing whole-cell modeling and

agent-based modeling using Vivarium, this work was able to produce detailed, multi-scale and

biologically realistic simulations, integrating molecular mechanisms and parameters at the

scale of protein and metabolic networks with cellular mechanisms at the scale of small colo-

nies. Future work might expand this integration both downward, to incorporate knowledge

from molecular-scale models of protein structure and dynamics [106], and upward, to the

scale of larger populations with multiple microbial species [107,108]. By expanding our spatial

environment model, we may be able to study bacterial utilization of mucus in the intestine or

simulate experiments in microfluidic devices. The approach we describe here can in principle

accommodate more complex cells and more varied microenvironments, and we are hopeful

that these ideas can someday be adapted to create increasingly multiscale models of tumors,

tissues, blooms and even entire microbiomes.
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Methods

In this work, we took the whole-cell E. coli model described in the supplement of Macklin et al.

[22], converted it to use the Vivarium interface [24], added new submodels for the response to

ampicillin and tetracycline, and nested it in a spatial environment that supports multiple E.

coli models running in parallel. Here we briefly summarize how the model was adapted,

include a detailed list of simulations run, and describe how simulation outputs were processed

to create each figure panel. Further details can be found in S1 Text.

Colony-scale model

To facilitate integration of multiple whole-cell models into a single shared environment, we

first converted the original whole-cell model of E. coli into a Vivarium-based composite

model. We developed unit tests to ensure that the outputs of the converted submodels matched

those from the original model with only small allowances for numerical errors, as well as a

composite test to compare outputs from both complete models. The scripts for these tests are

located in the migration folder of the vivarium-ecoli repository.

Simulated experiments

All simulations were run by executing the ecoli/experiments/tet_amp_sim.py file with com-

mand-line arguments as listed in Table 1. Simulations were run on a Google Compute Engine

virtual machine (VM) with 224 CPUs, 896 GB memory, a 500 GB boot disk with the debian-

11-bullseye-v20211105 image, and a 250 GB swap file. Simulation data were emitted to a Mon-

goDB server running on a separate Google Compute Engine VM with 16 CPUs, 32 GB mem-

ory, a 500 GB boot disk with the debian-10-buster-v20210316 image, and a 2900 GB attached

disk for the database. The complete set of simulations analyzed in this paper took about two

days of real time to run.

For each of our experimental conditions (baseline glucose, +tetracycline, and +ampicillin),

we ran three replicate 7.2-hour simulations each on a different seed (0, 100, and 10000). All

simulations started with one cell at the center of a spatial environment. For the tetracycline

and ampicillin conditions, we introduced the antibiotics at their respective MICs (1.5 mg/L

and 2 mg/L) after 3.2 hours had elapsed by starting each simulation with a saved snapshot of

the corresponding glucose simulation. This allowed us to compare the outcomes for baseline

and antibiotic simulations for a given initial seed. These nine simulations (three for each con-

dition) are listed under Baseline glucose simulations, Tetracycline MIC simulations, and Ampi-
cillin MIC simulations in Table 1.

Additionally, to evaluate the effect of varying antibiotic concentration on colony growth,

we ran simulations at concentrations besides the MIC for both tetracycline and ampicillin.

These simulations were set up identically to those described above, except for the concentra-

tion of tetracycline (0.5 mg/L, 1 mg/L, 2 mg/L, or 4 mg/L) and ampicillin (0.5 mg/L, 1 mg/L,

1.5 mg/L, 4 mg/L) introduced, and in that we used just one replicate (on seed 0) for each of

these alternative concentrations. These eight simulations (4 for each antibiotic) are listed

under Tetracycline sensitivity simulations and Ampicillin sensitivity simulations in Table 1.

Lastly, in the process of fitting an equilibrium binding constant for aminoacylated-tRNAs with

ribosomes, we ran 11 simulations across a wide range of tetracycline concentrations that span sev-

eral orders of magnitude between 0 and 0.05 mM. We adjusted the binding constant until the

resulting dose-response curve was comparable to those reported in literature for cell-free systems

(S6A Fig). These simulations are listed under Tetracycline protein synthesis inhibition.

Note that our simulation was configured to emit data to a separate MongoDB VM with an

internet protocol (IP) address specified in ecoli/composites/ecoli_configs/cloud.json. Users can
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either change this IP address or execute ecoli/experiments/tet_amp_sim.py with the -l flag to

emit data to a MongoDB server running on the same machine as the simulation.

Analyses

Sub-generational gene expression. In Fig 1B, genes were considered to exhibit sub-gen-

erational expression when they were, on average, expressed less than once per cell for all cells

in a baseline glucose simulation (seed 10000). All other genes were considered to exhibit

Table 1. Catalog of all simulations run and their corresponding command-line parameters.

Initial seed (-s) Baseline (-b) Initial state (-f)* Initial colony (-i)** [Tet.] in mM (-t) [Amp.] in mM (-a) Run time (-r)*** Start time (-n)

Baseline glucose simulations

0 Yes Default - 0 0 26002 0

100

10000

Tetracycline MIC simulations

0 No - 1 3.375E-03 0 14552 11550

100 2

10000 3

Tetracycline sensitivity simulations

0 No - 1 1.125E-03 0 14552 11550

2.25E-03

4.5E-03

9E-03

Tetracycline protein synthesis inhibition

0 No Default - 0 0 500 0

5E-05

1.08E-04

2.32E-04

5E-04

1.08E-03

2.32E-03

5E-03

1.08E-02

2.32E-02

5E-02

Ampicillin MIC simulations

0 No - 1 0 5.72E-03 14552 11550

100 2

10000 3

Ampicillin sensitivity simulations

0 No - 1 0 1.43E-03 14552 11550

2.86E-03

4.29E-03

1.145E-02

* Default refers to the file data/wcecoli_t0.json

** Each number refers to a saved snapshot from t = 11550 s of a glucose simulation: 1 = seed 0, 2 = seed 100, 3 = seed 10000. The seed of the saved snapshot was matched

to the seed of the antibiotic sim.

*** Additional 2 seconds because no data is emitted after the last 2-second timestep.

https://doi.org/10.1371/journal.pcbi.1011232.t001
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exponential expression. Genes were considered relevant to the antibiotic response if they were

listed under the gene ontology term 0046677 on the EcoCyc database [109]. The ompF and

ompC genes were added to this list, because they are known to encode porins important for

antibiotic diffusion into the cell [110].

Average protein and mRNA concentrations. In Fig 2C, the plotted literature mRNA

concentrations were estimated as the product of reported average mRNA fractions (count of

one mRNA divided by total mRNA count) [52] and the average total mRNA count, divided by

the average volume for all cells that lived until division in a representative baseline glucose sim-

ulation (seed 10000). In Fig 2D, the plotted literature protein concentrations were derived by

dividing the measured count of protein monomers per generation [51] by the average volume

of cells that lived until division in a representative glucose simulation (seed 10000). In keeping

with their localization to the periplasm and outer membrane, concentrations for OmpF, TolC,

and AmpC monomers were calculated using periplasmic volume, which we assumed to be a

constant 0.2 times total volume [111]. By contrast, the concentrations for all mRNAs and

MarR monomers were calculated using cytoplasmic volume, or 0.8 times total volume.

Instantaneous growth rate. In Fig 3D, instantaneous growth rate was calculated as

G = log2(m1/m0) / Δt, where m1 is the current dry mass, m0 is the dry mass from the previous

time step, and Δt is the length of a time step (2 seconds). The instantaneous growth rate for the

last time step before division was set to 0. The fold change in instantaneous growth rate was

calculated as Gtet / Gglc,avg, where Gtet is the instantaneous growth rate for each cell in the tetra-

cycline snapshot and Gglc,avg is the average instantaneous growth rate across all cells and time

points in a baseline glucose simulation (seed 0).

In Fig 3M, doubling rate was calculated for each time step using the same formula as instan-

taneous growth rate and converted to 1/hr, yielding the number of times that the dry mass of a

cell would double if it continued growing at the same instantaneous rate for an hour. On both

scatter plots, each point represents the average doubling rates for a cell within the specified

time window post-tetracycline addition (e.g. if a cell is spawned just before an hour after tetra-

cycline addition, only instantaneous doubling rates from before the hour are counted towards

its average in the left plot). Cells that spent less than 20 seconds within the specified time win-

dows were excluded because they lacked enough data to calculate an accurate average doubling

rate.

Cell wall integrity. To confirm that in our model, introducing ampicillin caused an

increase in cell wall damage relative to the baseline condition, we calculated the fold change in

total gap area as (Pamp* Eamp) / (Pglc,avg* Eglc,avg), where Pamp is the porosity of the ampicillin-

exposed cell wall (number of gaps in lattice divided by total number of positions in lattice),

Eamp is the stretch over resting length of the ampicillin-exposed cell wall, Pglc,avg is the average

porosity over all cells and time points of a baseline glucose simulation (seed 0), and Eglc,avg is

the average stretch over resting length over all cells and time points of a baseline glucose simu-

lation (seed 0). This relative change in cell wall integrity was plotted as an instantaneous log2

fold change using a color scale in the snapshots of Fig 4C.

In Fig 4H–4J, the first ten seconds of data for each cell were not plotted because of a data

artifact. In our model, the cell wall submodel only updated the simulation state every ten sec-

onds to reduce computational burden, resulting in a ten-second period after division where

cell wall parameters have not been updated to match.

Evaluating death factors. To determine which antibiotic response-relevant proteins were

the major determinants of cell survival, we compared the average expression levels of several

proteins and protein complexes between cells that lived and cells that died. Cells that were

alive at the end of the simulation were excluded because it was unclear if they would have sur-

vived until the next generation. We predicted that beta-lactamase, the OmpF porin,
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AcrAB-TolC efflux pump, and PBP1A/1B might contribute to cell survival. We conducted

two-sided independent t-tests to compare the mean expression between cells that lived and

cells that died, using Bonferroni correction to adjust for multiple testing. In Fig 4L, the per-

agent average concentrations of each protein or protein complex were first converted to popu-

lation z-scores to ease visualization, before being split into live and dead populations whose z-

score distributions were subsequently plotted.

Phylogenetic signal. We used the Python API of the Environment for Tree Exploration

(ETE) toolkit [112] to create the phylogenetic tree shown in Fig 4M and export the structure of

the tree in the Newick format. This exported file was used by the R package phytools [113] to

compute a phylogenetic signal in the form of Blomberg’s K [114] for two traits: a binary vari-

able for whether each cell lived or died and a continuous variable representing the average

AmpC concentration for each cell. P-values for these K-statistics were estimated using a per-

mutation test with n = 10,000 randomly permuted phylogenies. A statistically significant K

indicates that related tree leaves tend to resemble each other more than unrelated leaves [114].

The value of K itself indicates whether related tips of the phylogenetic tree resemble each other

more (K > 1) or less (K < 1) than expected under a Brownian motion model of evolution,

which represents neutral evolution that typically occurs without selection [114–116].

Generations to lysis. The literature data in Fig 4N was manually extracted from Fig 2 of

Boman and Eriksson 1963 [91] using a software tool [117]. The raw data was inverted to yield

generations to lysis (time to lysis divided by generation time) instead of generation time

divided by time to lysis. The same metric was calculated for simulation data as the average

time between ampicillin addition and cell lysis for all cells that died.

Supporting information

S1 Fig. Glucose uptake and diffusion. (A) Distribution of average per-cell glucose uptake

rates for a baseline glucose simulation (seed 10000). (B) Cross-sectional glucose concentration

in the environment at various time points.

(SVG)

S2 Fig. Simulated and experimental proteome and fluxome. (A) Comparison of average pro-

tein counts (averaged over each cell’s lifespan, then averaged over all cells) for a baseline glu-

cose simulation (seed 10000) against a previously published proteome [44]. (B) Comparison of

average central carbon metabolism fluxes (averaged over each cell’s lifespan, then averaged

over all cells) for a baseline glucose simulation (seed 10000) against a previously published

fluxome [45].

(SVG)

S3 Fig. Desynchronization of division. (A) Distribution of times until division for all cells in

a baseline glucose simulation (seed 10000) compared to the measured doubling time of E. coli
strain B/r [46]. (B) Standard deviation in birth times for each generation in a baseline glucose

simulation (seed 10000).

(SVG)

S4 Fig. Phylogenetic and physical distances between cells. Boxplots of Euclidean distance

between the centers of cell pairs for each level of phylogenetic relatedness, the minimum num-

ber of edges that must be traversed between paired cells in the binary phylogenetic tree. Physi-

cal and phylogenetic distances were calculated for cells at the final time point (26000 seconds)

of a baseline glucose simulation (seed 10000).

(SVG)
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S5 Fig. Protein monomer concentrations were not correlated. Scatterplots of per-cell aver-

age concentrations for all combinations of OmpF, TolC, MarR, or AmpC, with least-squares

regression lines and 95% confidence intervals. Spearman r coefficients and Bonferroni-

adjusted p-values in the upper-right corner of each plot. Data taken from baseline glucose sim-

ulation (seed 10000).

(SVG)

S6 Fig. Tuning tetracycline binding and gene regulatory parameters. (A) Percent inhibition

of protein synthesis in our model compared to two cell-free experiments [60,118] for a range

of tetracycline concentrations (described under Tetracycline protein synthesis inhibition in

Table 1). (B) Fold change in mRNA counts (after normalizing by housekeeping gene gapA
mRNA counts to directly compare with data from literature) when colonies were exposed to

tetracycline at the MIC in our model (data combined from seed 0, 100, and 10000) and in a

prior experiment [64].

(SVG)

S7 Fig. Increase in cytoplasmic tetracycline over time. (A) Decrease in outer membrane per-

meability at the MIC. (B) Increase in cytoplasmic tetracycline concentration for a range of ini-

tial external concentrations (same legend as Panel C). (C) Decrease in AcrAB-TolC

concentration for a range of initial external concentrations. All over the course of four hours

of tetracycline exposure (seed 0).

(SVG)

S8 Fig. Inhibition of transcription over time. Decrease in RNAP and RNA concentrations

for 3.2 hours before and 4 hours after exposure to tetracycline at the MIC (seed 0).

(SVG)

S9 Fig. Fitting parameters for ampicillin submodels. (A) Geometric distribution fitted to

experimentally determined peptidoglycan strand lengths. (B) Exponential distribution fitted to

measured time between cell bulging and lysis.

(SVG)

S10 Fig. Effect of proteins on periplasmic ampicillin concentration. Scatter plots of per-cell

average concentrations of AmpC, OmpF, PBP1A, PBP1B, and AcrAB-TolC against average

periplasmic ampicillin concentration. Spearman r coefficients and Bonferroni-adjusted p-val-

ues in upper-right corners. Data from simulation with ampicillin at the MIC (seed 0) filtered

for data after ampicillin addition (t � 11550 seconds). Data for cells alive at the final time

point was excluded, because it is unknown whether they would have lived or died given more

time.

(SVG)

S1 Table. Spatial autocorrelation analysis. Moran’s I and Bonferroni-adjusted p-values for

concentration of OmpF, TolC, MarR, and AmpC monomers at the end (26000 seconds) of

three baseline glucose simulations (seed 0, 100, 10000).

(CSV)

S1 Text. Supplementary information file. This file contains more detailed descriptions of the

new submodels and other changes, including tables of all the new parameters used during

model construction.

(PDF)
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38. Baquero F, Vicente MF, Pérez-Diaz JC. beta-Lactam coselection of sensitive and TEM-1 beta-lacta-

mase-producing subpopulations in heterogeneous Escherichia coli colonies. J Antimicrob Chemother.

1985 Feb; 15(2):151–7. https://doi.org/10.1093/jac/15.2.151 PMID: 3884565

39. Nguyen D, Joshi-Datar A, Lepine F, Bauerle E, Olakanmi O, Beer K, et al. Active Starvation

Responses Mediate Antibiotic Tolerance in Biofilms and Nutrient-Limited Bacteria. Science. 2011 Nov

18; 334(6058):982–6. https://doi.org/10.1126/science.1211037 PMID: 22096200

40. Bernier SP, Lebeaux D, DeFrancesco AS, Valomon A, Soubigou G, Coppée JY, et al. Starvation,

Together with the SOS Response, Mediates High Biofilm-Specific Tolerance to the Fluoroquinolone

Ofloxacin. PLOS Genet. 2013 Jan 3; 9(1):e1003144. https://doi.org/10.1371/journal.pgen.1003144

PMID: 23300476

41. Gu H, Lee SW, Carnicelli J, Jiang Z, Ren D. Antibiotic Susceptibility of Escherichia coli Cells during

Early-Stage Biofilm Formation. J Bacteriol. 2019 Aug 22; 201(18):e00034–19. https://doi.org/10.1128/

JB.00034-19 PMID: 31061169

42. Chao L, Levin BR. Structured habitats and the evolution of anticompetitor toxins in bacteria. Proc Natl

Acad Sci U S A. 1981 Oct; 78(10):6324–8. https://doi.org/10.1073/pnas.78.10.6324 PMID: 7031647

43. Zhang TC, Fu YC, Bishop PL. Competition for substrate and space in biofilms. Water Environ Res.

1995; 67(6):992–1003.
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