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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. colimodel 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. colito 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.pchi.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 um
in depth, far greater than the ~15 um 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 log, 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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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.1011232.9g003

[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 pM) 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
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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 uM 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 3]). 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 Ky, and vy, values [77]. Hydrolysis was
likewise modeled using a Hill equation parameterized with v,,.x, Ky, 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 ICs, 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 IC5, 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 log, 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-]. (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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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.pchi.1011232.9004

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 uM) 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 uM after 15 minutes of exposure to the MIC was
close to the 1.7 uM 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).
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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-4]).
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 4]).

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 < 107). 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™°). 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%107°) (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 naively 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 uM [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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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)

Baseline glucose simulations

0 Yes Default - 0
100
10000
Tetracycline MIC simulations
0 No - 1 3.375E-03
100 2
10000 3
Tetracycline sensitivity simulations
0 No - 1 1.125E-03
2.25E-03
4.5E-03
9E-03
Tetracycline protein synthesis inhibition
0 No Default - 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
100 2
10000 3
Ampicillin sensitivity simulations
0 No - 1 0

* Default refers to the file data/wcecoli_t0.json

[Amp.] in mM (-a)

5.72E-03

1.43E-03
2.86E-03
4.29E-03
1.145E-02

Run time (-r)***

26002

14552

14552

500

14552

14552

Start time (-n)

11550

11550

11550

11550

** 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

either change this IP address or execute ecoli/experiments/tet_amp_sim.py with the - 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
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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 =logy(m;/my) / At, where m, is the current dry mass, my is the dry mass from the previous
time step, and At 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 Gye¢ / Ggic avg Where Gy is the instantaneous growth rate for each cell in the tetra-
cycline snapshot and Ggic 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 (Pymp” Eamp) / (Pgicavg” Eglc.avg)> Where Py, is the porosity of the ampicillin-
exposed cell wall (number of gaps in lattice divided by total number of positions in lattice),
E,mp is the stretch over resting length of the ampicillin-exposed cell wall, Py oy, is the average
porosity over all cells and time points of a baseline glucose simulation (seed 0), and Egjc oy 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 log,
fold change using a color scale in the snapshots of Fig 4C.

In Fig 4H-4]J, 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)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 22/29


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s008
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s009
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s010
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s011
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011232.s012
https://doi.org/10.1371/journal.pcbi.1011232

PLOS COMPUTATIONAL BIOLOGY Whole-cell modeling of E. coli colony antibiotic response

Acknowledgments

We thank the Covert laboratory for helpful discussions and final review of this manuscript.

Author Contributions

Conceptualization: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Ryan K. Spangler,
Eran Agmon, Markus W. Covert.

Data curation: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Mattheus B. Wolff.

Formal analysis: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Mattheus B. Wollff,
Eran Agmon.

Funding acquisition: Mica Y. Yang, Shayn M. Peirce, Eran Agmon, Markus W. Covert.
Investigation: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Mattheus B. Wolff.

Methodology: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Mattheus B. Wolff, Ryan
K. Spangler, Lee Talman, Shayn M. Peirce, Eran Agmon, Markus W. Covert.

Project administration: Eran Agmon, Markus W. Covert.
Resources: Markus W. Covert.

Software: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Mattheus B. Wolff, Ryan K.
Spangler, Jerry H. Morrison, Eran Agmon, Markus W. Covert.

Supervision: Eran Agmon, Markus W. Covert.

Validation: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Mattheus B. Wolff, Eran
Agmon.

Visualization: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang.

Writing - original draft: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Eran Agmon,
Markus W. Covert.

Writing - review & editing: Christopher J. Skalnik, Sean Y. Cheah, Mica Y. Yang, Mattheus
B. Wolff, Ryan K. Spangler, Lee Talman, Jerry H. Morrison, Shayn M. Peirce, Eran Agmon,
Markus W. Covert.

References

1. Neu HC. The Cirisis in Antibiotic Resistance. Science. 1992 Aug 21; 257(5073):1064—73. https://doi.
org/10.1126/science.257.5073.1064 PMID: 1509257

2. Rossolini GM, Arena F, Pecile P, Pollini S. Update on the antibiotic resistance crisis. Curr Opin Phar-
macol. 2014 Oct 1; 18:56—60. https://doi.org/10.1016/j.coph.2014.09.006 PMID: 25254623

3. ElIMeouche |, SiuY, Dunlop MJ. Stochastic expression of a multiple antibiotic resistance activator con-
fers transient resistance in single cells. Sci Rep. 2016 Jan 13; 6:19538. https://doi.org/10.1038/
srep19538 PMID: 26758525

4. Balaban NQ, Merrin J, Chait R, Kowalik L, Leibler S. Bacterial Persistence as a Phenotypic Switch.
Science. 2004 Sep 10; 305(5690):1622-5. https://doi.org/10.1126/science.1099390 PMID: 15308767

5. Carey JN, Mettert EL, Roggiani M, Myers KS, Kiley PJ, Goulian M. Regulated Stochasticity in a Bacte-
rial Signaling Network Permits Tolerance to a Rapid Environmental Change. Cell. 2018 Mar 22; 173
(1):196—207.e14. https://doi.org/10.1016/j.cell.2018.02.005 PMID: 29502970

6. BasslerBL, Losick R. Bacterially speaking. Cell. 2006 Apr 21; 125(2):237-46. https://doi.org/10.1016/
j-cell.2006.04.001 PMID: 16630813

7. Prindle A, Liu J, Asally M, Ly S, Garcia-Ojalvo J, Siiel GM. lon channels enable electrical communica-
tion in bacterial communities. Nature. 2015 Nov; 527(7576):59-63. https://doi.org/10.1038/
nature15709 PMID: 26503040

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 23/29


https://doi.org/10.1126/science.257.5073.1064
https://doi.org/10.1126/science.257.5073.1064
http://www.ncbi.nlm.nih.gov/pubmed/1509257
https://doi.org/10.1016/j.coph.2014.09.006
http://www.ncbi.nlm.nih.gov/pubmed/25254623
https://doi.org/10.1038/srep19538
https://doi.org/10.1038/srep19538
http://www.ncbi.nlm.nih.gov/pubmed/26758525
https://doi.org/10.1126/science.1099390
http://www.ncbi.nlm.nih.gov/pubmed/15308767
https://doi.org/10.1016/j.cell.2018.02.005
http://www.ncbi.nlm.nih.gov/pubmed/29502970
https://doi.org/10.1016/j.cell.2006.04.001
https://doi.org/10.1016/j.cell.2006.04.001
http://www.ncbi.nlm.nih.gov/pubmed/16630813
https://doi.org/10.1038/nature15709
https://doi.org/10.1038/nature15709
http://www.ncbi.nlm.nih.gov/pubmed/26503040
https://doi.org/10.1371/journal.pcbi.1011232

PLOS COMPUTATIONAL BIOLOGY

Whole-cell modeling of E. coli colony antibiotic response

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.
26.

27.

28.

Sharma D, Misba L, Khan AU. Antibiotics versus biofilm: an emerging battleground in microbial com-
munities. Antimicrob Resist Infect Control. 2019 May 16; 8(1):76. https://doi.org/10.1186/s13756-019-
0533-3PMID: 31131107

Thanassi DG, Suh GS, Nikaido H. Role of outer membrane barrier in efflux-mediated tetracycline
resistance of Escherichia coli. J Bacteriol. 1995 Feb; 177(4):998-1007. https://doi.org/10.1128/jb.177.
4.998-1007.1995 PMID: 7860612

Frére JM. Quantitative relationship between sensitivity to B-lactam antibiotics and -lactamase pro-
duction in gram-negative bacteria—I: Steady-state treatment. Biochem Pharmacol. 1989 May 1; 38
(9):1415-26.

Pearcy N, Hu Y, Baker M, Maciel-Guerra A, Xue N, Wang W, et al. Genome-Scale Metabolic Models
and Machine Learning Reveal Genetic Determinants of Antibiotic Resistance in Escherichia coli and
Unravel the Underlying Metabolic Adaptation Mechanisms. mSystems. 2021 Aug 3; 6(4):e00913-20.
https://doi.org/10.1128/mSystems.00913-20 PMID: 34342537

Zampieri M, Enke T, Chubukov V, Ricci V, Piddock L, Sauer U. Metabolic constraints on the evolution
of antibiotic resistance. Mol Syst Biol. 2017 Mar; 13(3):917. https://doi.org/10.15252/msb.20167028
PMID: 28265005

Roberts ME, Stewart PS. Modeling Antibiotic Tolerance in Biofilms by Accounting for Nutrient Limita-
tion. Antimicrob Agents Chemother. 2004 Jan; 48(1):48-52. https://doi.org/10.1128/AAC.48.1.48-52.
2004 PMID: 14693517

Murphy JT, Walshe R, Devocelle M. Modeling the population dynamics of antibiotic-resistant bacteria:
an agent-based approach. Int J Mod Phys C. 2009 Mar; 20(03):435-57.

Tresse O, Jouenne T, Junter GA. The role of oxygen limitation in the resistance of agar-entrapped,
sessile-like Escherichia coli to aminoglycoside and B-lactam antibiotics. J Antimicrob Chemother.
1995 Sep 1; 36(3):521-6.

D’Agata EMC, Magal P, Olivier D, Ruan S, Webb GF. Modeling antibiotic resistance in hospitals: The
impact of minimizing treatment duration. J Theor Biol. 2007 Dec 7; 249(3):487-99. https://doi.org/10.
1016/}.jthi.2007.08.011 PMID: 17905310

Chen HH, Stringer A, Eguale T, Rao GG, Ozawa S. Impact of Antibiotic Resistance on Treatment of
Pneumococcal Disease in Ethiopia: An Agent-Based Modeling Simulation. Am J Trop Med Hyg. 2019
Nov; 101(5):1042-53. https://doi.org/10.4269/ajtmh.18-0930 PMID: 31516111

Karr JR, Sanghvi JC, Macklin DN, Gutschow MV, Jacobs JM, Bolival B, et al. A Whole-Cell Computa-
tional Model Predicts Phenotype from Genotype. Cell. 2012 Jul 20; 150(2):389-401. https://doi.org/
10.1016/j.cell.2012.05.044 PMID: 22817898

Shuler ML, Leung S, Dick CC. A Mathematical Model for the Growth of a Single Bacterial Cell*. Ann N
Y Acad Sci. 1979; 326(1):35-52.

Savinell JM, Palsson BO. Network analysis of intermediary metabolism using linear optimization. I.
Development of mathematical formalism. J Theor Biol. 1992 Feb 21; 154(4):421-54. https://doi.org/
10.1016/s0022-5193(05)80161-4 PMID: 1593896

Davidson EH, Rast JP, Oliveri P, Ransick A, Calestani C, Yuh CH, et al. A Genomic Regulatory Net-
work for Development. Science. 2002 Mar; 295(5560):1669-78. https://doi.org/10.1126/science.
1069883 PMID: 11872831

Macklin DN, Ahn-Horst TA, Choi H, Ruggero NA, Carrera J, Mason JC, et al. Simultaneous cross-eval-
uation of heterogeneous E. coli datasets via mechanistic simulation. Science. 2020 Jul 24; 369(6502):
eaav3751. https://doi.org/10.1126/science.aav3751 PMID: 32703847

Sun G, Ahn-Horst TA, Covert MW. The E. coli Whole-Cell Modeling Project. EcoSal Plus. 2021 Dec
15; 9(2):eESP00012020. https://doi.org/10.1128/ecosalplus.ESP-0001-2020 PMID: 34242084

Agmon E, Spangler RK, Skalnik CJ, Poole W, Peirce SM, Morrison JH, et al. Vivarium: an interface
and engine for integrative multiscale modeling in computational biology. Bioinforma Oxf Engl. 2022
Mar 28; 38(7):1972-9. https://doi.org/10.1093/bioinformatics/btac049 PMID: 35134830

Rafailidis PI, loannidou EN, Falagas ME. Ampicillin/Sulbactam. Drugs. 2007 Sep 1; 67(13):1829-49.

Grossman TH. Tetracycline Antibiotics and Resistance. Cold Spring Harb Perspect Med. 2016 Apr; 6
(4):a025387. https://doi.org/10.1101/cshperspect.a025387 PMID: 26989065

Bartholomé&us A, Fedyunin |, Feist P, Sin C, Zhang G, Valleriani A, et al. Bacteria differently regulate
mRNA abundance to specifically respond to various stresses. Philos Trans R Soc Math Phys Eng Sci.
2016 Mar 13; 374(2063):20150069. https://doi.org/10.1098/rsta.2015.0069 PMID: 26857681

Taniguchi Y, Choi PJ, Li GW, Chen H, Babu M, Hearn J, et al. Quantifying E. coli proteome and tran-
scriptome with single-molecule sensitivity in single cells. Science. 2010 Jul 30; 329(5991):533-8.
https://doi.org/10.1126/science.1188308 PMID: 20671182

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 24/29


https://doi.org/10.1186/s13756-019-0533-3
https://doi.org/10.1186/s13756-019-0533-3
http://www.ncbi.nlm.nih.gov/pubmed/31131107
https://doi.org/10.1128/jb.177.4.998-1007.1995
https://doi.org/10.1128/jb.177.4.998-1007.1995
http://www.ncbi.nlm.nih.gov/pubmed/7860612
https://doi.org/10.1128/mSystems.00913-20
http://www.ncbi.nlm.nih.gov/pubmed/34342537
https://doi.org/10.15252/msb.20167028
http://www.ncbi.nlm.nih.gov/pubmed/28265005
https://doi.org/10.1128/AAC.48.1.48-52.2004
https://doi.org/10.1128/AAC.48.1.48-52.2004
http://www.ncbi.nlm.nih.gov/pubmed/14693517
https://doi.org/10.1016/j.jtbi.2007.08.011
https://doi.org/10.1016/j.jtbi.2007.08.011
http://www.ncbi.nlm.nih.gov/pubmed/17905310
https://doi.org/10.4269/ajtmh.18-0930
http://www.ncbi.nlm.nih.gov/pubmed/31516111
https://doi.org/10.1016/j.cell.2012.05.044
https://doi.org/10.1016/j.cell.2012.05.044
http://www.ncbi.nlm.nih.gov/pubmed/22817898
https://doi.org/10.1016/s0022-5193%2805%2980161-4
https://doi.org/10.1016/s0022-5193%2805%2980161-4
http://www.ncbi.nlm.nih.gov/pubmed/1593896
https://doi.org/10.1126/science.1069883
https://doi.org/10.1126/science.1069883
http://www.ncbi.nlm.nih.gov/pubmed/11872831
https://doi.org/10.1126/science.aav3751
http://www.ncbi.nlm.nih.gov/pubmed/32703847
https://doi.org/10.1128/ecosalplus.ESP-0001-2020
http://www.ncbi.nlm.nih.gov/pubmed/34242084
https://doi.org/10.1093/bioinformatics/btac049
http://www.ncbi.nlm.nih.gov/pubmed/35134830
https://doi.org/10.1101/cshperspect.a025387
http://www.ncbi.nlm.nih.gov/pubmed/26989065
https://doi.org/10.1098/rsta.2015.0069
http://www.ncbi.nlm.nih.gov/pubmed/26857681
https://doi.org/10.1126/science.1188308
http://www.ncbi.nlm.nih.gov/pubmed/20671182
https://doi.org/10.1371/journal.pcbi.1011232

PLOS COMPUTATIONAL BIOLOGY

Whole-cell modeling of E. coli colony antibiotic response

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

.

42,

43.

44,

45.

46.

47.

El-Halfawy OM, Valvano MA. Antimicrobial Heteroresistance: an Emerging Field in Need of Clarity.
Clin Microbiol Rev. 2015 Jan; 28(1):191-207. https://doi.org/10.1128/CMR.00058-14 PMID:
25567227

Jarzembowski T, Wisniewska K, Jozwik A, Witkowski J. Heterogeneity of methicillin-resistant Staphy-
lococcus aureus strains (MRSA) characterized by flow cytometry. Curr Microbiol. 2009 Jul; 59(1):78—
80. https://doi.org/10.1007/s00284-009-9395-x PMID: 19330377

Kishii K, lto T, Watanabe S, Okuzumi K, Hiramatsu K. Recurrence of heterogeneous methicillin-resis-
tant Staphylococcus aureus (MRSA) among the MRSA clinical isolates in a Japanese university hospi-
tal. J Antimicrob Chemother. 2008 Aug; 62(2):324-8. https://doi.org/10.1093/jac/dkn186 PMID:
18467309

O’Brien FG, Botterill Cl, Endersby TG, Lim RL, Grubb WB, Gustafson JE. Heterogeneous expression
of fusidic acid resistance in Staphylococcus aureus with plasmid or chromosomally encoded fusidic
acid resistance genes. Pathology (Phila). 1998 Aug; 30(3):299-303. https://doi.org/10.1080/
00313029800169486 PMID: 9770197

S@Gaard P, Gahrn-Hansen B. Population Analysis of Susceptibility to Ciprofloxacin and Nalidixic Acid
in Staphylococcus, Pseudomonas Aeruginosa, and Enterobacteriaceae. Acta Pathol Microbiol Scand
Ser B Microbiol. 1986; 94B(1-6):351-6. https://doi.org/10.1111/].1699-0463.1986.tb03066.x PMID:
3098043

Ott JL, Turner JR, Mahoney DF. Lack of Correlation Between B-Lactamase Production and Suscepti-
bility to Cefamandole or Cefoxitin Among Spontaneous Mutants of Enterobacteriaceae. Antimicrob
Agents Chemother. 1979 Jan; 15(1):14-9.

Pereira C, Larsson J, Hjort K, Elf J, Andersson DI. The highly dynamic nature of bacterial heteroresis-
tance impairs its clinical detection. Commun Biol. 2021 May 5; 4(1):1-12.

Mead A, Toutain PL, Richez P, Pelligand L. Quantitative Pharmacodynamic Characterization of Resis-
tance versus Heteroresistance of Colistin in E. coli Using a Semimechanistic Modeling of Killing
Curves. Antimicrob Agents Chemother. 2022 Aug 30; 66(9):e00793—-22. https://doi.org/10.1128/aac.
00793-22 PMID: 36040146

Zhao B, Han H, He K, Hou WF, Liang YL, Cui J ling, et al. Decreased cyclic-AMP caused by ATP con-
tributes to fosfomycin heteroresistance in avian Escherichia coli. J Antimicrob Chemother. 2023 Jan 5;
78(1):216-24.

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

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

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

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

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

Zhang TC, Fu YC, Bishop PL. Competition for substrate and space in biofilms. Water Environ Res.
1995; 67(6):992—-1003.

Schmidt A, Kochanowski K, Vedelaar S, Ahrné E, Volkmer B, Callipo L, et al. The quantitative and con-
dition-dependent Escherichia coli proteome. Nat Biotechnol. 2016 Jan; 34(1):104—10. https://doi.org/
10.1038/nbt.3418 PMID: 26641532

ToyaY, Ishii N, Nakahigashi K, Hirasawa T, Soga T, Tomita M, et al. 13C-metabolic flux analysis for
batch culture of Escherichia coli and its Pyk and Pgi gene knockout mutants based on mass isotopo-
mer distribution of intracellular metabolites. Biotechnol Prog. 2010; 26(4):975-92. https://doi.org/10.
1002/btpr.420 PMID: 20730757

Dennis PP, Bremer H. Macromolecular composition during steady-state growth of Escherichia coli B-r.
J Bacteriol. 1974 Jul; 119(1):270-81. https://doi.org/10.1128/jb.119.1.270-281.1974 PMID: 4600702

Nikaido H. Porins and specific channels of bacterial outer membranes. Mol Microbiol. 1992 Feb; 6
(4):435-42. https://doi.org/10.1111/].1365-2958.1992.tb01487.x PMID: 1373213

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 25/29


https://doi.org/10.1128/CMR.00058-14
http://www.ncbi.nlm.nih.gov/pubmed/25567227
https://doi.org/10.1007/s00284-009-9395-x
http://www.ncbi.nlm.nih.gov/pubmed/19330377
https://doi.org/10.1093/jac/dkn186
http://www.ncbi.nlm.nih.gov/pubmed/18467309
https://doi.org/10.1080/00313029800169486
https://doi.org/10.1080/00313029800169486
http://www.ncbi.nlm.nih.gov/pubmed/9770197
https://doi.org/10.1111/j.1699-0463.1986.tb03066.x
http://www.ncbi.nlm.nih.gov/pubmed/3098043
https://doi.org/10.1128/aac.00793-22
https://doi.org/10.1128/aac.00793-22
http://www.ncbi.nlm.nih.gov/pubmed/36040146
https://doi.org/10.1093/jac/15.2.151
http://www.ncbi.nlm.nih.gov/pubmed/3884565
https://doi.org/10.1126/science.1211037
http://www.ncbi.nlm.nih.gov/pubmed/22096200
https://doi.org/10.1371/journal.pgen.1003144
http://www.ncbi.nlm.nih.gov/pubmed/23300476
https://doi.org/10.1128/JB.00034-19
https://doi.org/10.1128/JB.00034-19
http://www.ncbi.nlm.nih.gov/pubmed/31061169
https://doi.org/10.1073/pnas.78.10.6324
http://www.ncbi.nlm.nih.gov/pubmed/7031647
https://doi.org/10.1038/nbt.3418
https://doi.org/10.1038/nbt.3418
http://www.ncbi.nlm.nih.gov/pubmed/26641532
https://doi.org/10.1002/btpr.420
https://doi.org/10.1002/btpr.420
http://www.ncbi.nlm.nih.gov/pubmed/20730757
https://doi.org/10.1128/jb.119.1.270-281.1974
http://www.ncbi.nlm.nih.gov/pubmed/4600702
https://doi.org/10.1111/j.1365-2958.1992.tb01487.x
http://www.ncbi.nlm.nih.gov/pubmed/1373213
https://doi.org/10.1371/journal.pcbi.1011232

PLOS COMPUTATIONAL BIOLOGY

Whole-cell modeling of E. coli colony antibiotic response

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Andersen C, Koronakis E, Hughes C, Koronakis V. An aspartate ring at the TolC tunnel entrance
determines ion selectivity and presents a target for blocking by large cations. Mol Microbiol. 2002 Jun;
44(5):1131-9. https://doi.org/10.1046/j.1365-2958.2002.02898.x PMID: 12068802

Jacoby GA. AmpC beta-lactamases. Clin Microbiol Rev. 2009 Jan; 22(1):161-82, Table of Contents.
https://doi.org/10.1128/CMR.00036-08 PMID: 19136439

Cohen SP, Hachler H, Levy SB. Genetic and functional analysis of the multiple antibiotic resistance
(mar) locus in Escherichia coli. J Bacteriol. 1993 Mar; 175(5):1484—92. https://doi.org/10.1128/jb.175.
5.1484-1492.1993 PMID: 8383113

Li GW, Burkhardt D, Gross C, Weissman JS. Quantifying Absolute Protein Synthesis Rates Reveals
Principles Underlying Allocation of Cellular Resources. Cell. 2014 Apr 24; 157(3):624—-35. https://doi.
org/10.1016/j.cell.2014.02.033 PMID: 24766808

Balakrishnan R, Mori M, Segota |, Zhang Z, Aebersold R, Ludwig C, et al. Principles of gene regulation
quantitatively connect DNA to RNA and proteins in bacteria. Science. 2022 Dec 9; 378(6624):
eabk2066. https://doi.org/10.1126/science.abk2066 PMID: 36480614

Cohen SP, McMurry LM, Levy SB. marA locus causes decreased expression of OmpF porin in multi-
ple-antibiotic-resistant (Mar) mutants of Escherichia coli. J Bacteriol. 1988 Dec; 170(12):5416-22.
https://doi.org/10.1128/jb.170.12.5416-5422.1988 PMID: 2848006

Ariza RR, Cohen SP, Bachhawat N, Levy SB, Demple B. Repressor mutations in the marRAB operon
that activate oxidative stress genes and multiple antibiotic resistance in Escherichia coli. J Bacteriol.
1994 Jan; 176(1):143-8. https://doi.org/10.1128/jb.176.1.143-148.1994 PMID: 8282690

Keeney D, Ruzin A, McAleese F, Murphy E, Bradford PA. MarA-mediated overexpression of the
AcrAB efflux pump results in decreased susceptibility to tigecycline in Escherichia coli. J Antimicrob
Chemother. 2008 Jan 1; 61(1):46-53. https://doi.org/10.1093/jac/dkm397 PMID: 17967850

Brodersen DE, Clemons WM, Carter AP, Morgan-Warren RJ, Wimberly BT, Ramakrishnan V. The
Structural Basis for the Action of the Antibiotics Tetracycline, Pactamycin, and Hygromycin B on the
30S Ribosomal Subunit. Cell. 2000 Dec 22; 103(7):1143-54. https://doi.org/10.1016/s0092-8674(00)
00216-6 PMID: 11163189

Gnirke A, Nierhaus KH. tRNA binding sites on the subunits of Escherichia coli ribosomes. J Biol
Chem. 1986 Nov 5; 261(31):14506—14. PMID: 3533922

Lill R, Robertson JM, Wintermeyer W. Affinities of tRNA binding sites of ribosomes from Escherichia
coli. Biochemistry. 1986 Jun 3; 25(11):3245-55. https://doi.org/10.1021/bi003592025 PMID: 3524675

Epe B, Woolley P, Hornig H. Competition between tetracycline and tRNA at both P and A sites of the
ribosome of Escherichia coli. FEBS Lett. 1987; 213(2):443-7. https://doi.org/10.1016/0014-5793(87)
81539-9 PMID: 3104093

Olson MW, Ruzin A, Feyfant E, Rush TS, O’Connell J, Bradford PA. Functional, Biophysical, and
Structural Bases for Antibacterial Activity of Tigecycline. Antimicrob Agents Chemother. 2006 Jun; 50
(6):2156—66. https://doi.org/10.1128/AAC.01499-05 PMID: 16723578

Gambino L, Gracheck SJ, Miller PF. Overexpression of the MarA positive regulator is sufficient to con-
fer multiple antibiotic resistance in Escherichia coli. J Bacteriol. 1993 May; 175(10):2888-94. https://
doi.org/10.1128/jb.175.10.2888-2894.1993 PMID: 8491710

Alekshun MN, Levy SB. Regulation of chromosomally mediated multiple antibiotic resistance: the mar
regulon. Antimicrob Agents Chemother. 1997 Oct; 41(10):2067-75. https://doi.org/10.1128/AAC.41.
10.2067 PMID: 9333027

Martin RG, Rosner JL. Binding of purified multiple antibiotic-resistance repressor protein (MarR) to
mar operator sequences. Proc Natl Acad Sci U S A. 1995 Jun 6; 92(12):5456—60. https://doi.org/10.
1073/pnas.92.12.5456 PMID: 7777530

Viveiros M, Dupont M, Rodrigues L, Couto |, Davin-Regli A, Martins M, et al. Antibiotic stress, genetic
response and altered permeability of E. coli. PloS One. 2007 Apr 11; 2(4):e365. https://doi.org/10.
1371/journal.pone.0000365 PMID: 17426813

Delihas N, Forst S. MicF: an antisense RNA gene involved in response of Escherichia coli to global
stress factors. J Mol Biol. 2001 Oct 12; 313(1):1-12. https://doi.org/10.1006/jmbi.2001.5029 PMID:
11601842

Prochnow H, Fetz V, Hotop SK, Garcia-Rivera MA, Heumann A, Bronstrup M. Subcellular Quantifica-
tion of Uptake in Gram-Negative Bacteria. Anal Chem. 2019 Feb 5; 91(3):1863-72. https://doi.org/10.
1021/acs.analchem.8b03586 PMID: 30485749

Okusu H, Ma D, Nikaido H. AcrAB efflux pump plays a major role in the antibiotic resistance phenotype
of Escherichia coli multiple-antibiotic-resistance (Mar) mutants. J Bacteriol. 1996 Jan; 178(1):306-8.
https://doi.org/10.1128/jb.178.1.306-308.1996 PMID: 8550435

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 26/29


https://doi.org/10.1046/j.1365-2958.2002.02898.x
http://www.ncbi.nlm.nih.gov/pubmed/12068802
https://doi.org/10.1128/CMR.00036-08
http://www.ncbi.nlm.nih.gov/pubmed/19136439
https://doi.org/10.1128/jb.175.5.1484-1492.1993
https://doi.org/10.1128/jb.175.5.1484-1492.1993
http://www.ncbi.nlm.nih.gov/pubmed/8383113
https://doi.org/10.1016/j.cell.2014.02.033
https://doi.org/10.1016/j.cell.2014.02.033
http://www.ncbi.nlm.nih.gov/pubmed/24766808
https://doi.org/10.1126/science.abk2066
http://www.ncbi.nlm.nih.gov/pubmed/36480614
https://doi.org/10.1128/jb.170.12.5416-5422.1988
http://www.ncbi.nlm.nih.gov/pubmed/2848006
https://doi.org/10.1128/jb.176.1.143-148.1994
http://www.ncbi.nlm.nih.gov/pubmed/8282690
https://doi.org/10.1093/jac/dkm397
http://www.ncbi.nlm.nih.gov/pubmed/17967850
https://doi.org/10.1016/s0092-8674%2800%2900216-6
https://doi.org/10.1016/s0092-8674%2800%2900216-6
http://www.ncbi.nlm.nih.gov/pubmed/11163189
http://www.ncbi.nlm.nih.gov/pubmed/3533922
https://doi.org/10.1021/bi00359a025
http://www.ncbi.nlm.nih.gov/pubmed/3524675
https://doi.org/10.1016/0014-5793%2887%2981539-9
https://doi.org/10.1016/0014-5793%2887%2981539-9
http://www.ncbi.nlm.nih.gov/pubmed/3104093
https://doi.org/10.1128/AAC.01499-05
http://www.ncbi.nlm.nih.gov/pubmed/16723578
https://doi.org/10.1128/jb.175.10.2888-2894.1993
https://doi.org/10.1128/jb.175.10.2888-2894.1993
http://www.ncbi.nlm.nih.gov/pubmed/8491710
https://doi.org/10.1128/AAC.41.10.2067
https://doi.org/10.1128/AAC.41.10.2067
http://www.ncbi.nlm.nih.gov/pubmed/9333027
https://doi.org/10.1073/pnas.92.12.5456
https://doi.org/10.1073/pnas.92.12.5456
http://www.ncbi.nlm.nih.gov/pubmed/7777530
https://doi.org/10.1371/journal.pone.0000365
https://doi.org/10.1371/journal.pone.0000365
http://www.ncbi.nlm.nih.gov/pubmed/17426813
https://doi.org/10.1006/jmbi.2001.5029
http://www.ncbi.nlm.nih.gov/pubmed/11601842
https://doi.org/10.1021/acs.analchem.8b03586
https://doi.org/10.1021/acs.analchem.8b03586
http://www.ncbi.nlm.nih.gov/pubmed/30485749
https://doi.org/10.1128/jb.178.1.306-308.1996
http://www.ncbi.nlm.nih.gov/pubmed/8550435
https://doi.org/10.1371/journal.pcbi.1011232

PLOS COMPUTATIONAL BIOLOGY

Whole-cell modeling of E. coli colony antibiotic response

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

Scott M, Klumpp S, Mateescu EM, Hwa T. Emergence of robust growth laws from optimal regulation
of ribosome synthesis. Mol Syst Biol. 2014 Aug 22; 10(8):747. https://doi.org/10.15252/msb.20145379
PMID: 25149558

Andrews JM. Determination of minimum inhibitory concentrations. J Antimicrob Chemother. 2001 Jul;
48 Suppl 1:5-16. https://doi.org/10.1093/jac/48.suppl_1.5 PMID: 11420333

Ahmad A, Zachariasen C, Christiansen LE, Graesbgll K, Toft N, Matthews L, et al. Pharmacodynamic
modelling of in vitro activity of tetracycline against a representative, naturally occurring population of
porcine Escherichia coli. Acta Vet Scand. 2015 Nov 24; 57:79. https://doi.org/10.1186/s13028-015-
0169-0 PMID: 26603151

Sauvage E, Kerff F, Terrak M, Ayala JA, Charlier P. The penicillin-binding proteins: structure and role
in peptidoglycan biosynthesis. FEMS Microbiol Rev. 2008 Mar 1; 32(2):234-58. https://doi.org/10.
1111/.1574-6976.2008.00105.x PMID: 18266856

Bertsche U, Breukink E, Kast T, Vollmer W. In Vitro Murein (Peptidoglycan) Synthesis by Dimers of
the Bifunctional Transglycosylase-Transpeptidase PBP1B from Escherichia coli*. J Biol Chem. 2005
Nov 11; 280(45):38096—101. https://doi.org/10.1074/jbc.M508646200 PMID: 16154998

Vollmer W, Bertsche U. Murein (peptidoglycan) structure, architecture and biosynthesis in Escherichia
coli. Biochim Biophys Acta BBA—Biomembr. 2008 Sep 1; 1778(9):1714-34. https://doi.org/10.1016/j.
bbamem.2007.06.007 PMID: 17658458

Kocaoglu O, Carlson EE. Profiling of 3-Lactam Selectivity for Penicillin-Binding Proteins in Escherichia
coli Strain DC2. Antimicrob Agents Chemother. 2015 Apr 10; 59(5):2785-90.

Cho H, Uehara T, Bernhardt TG. Beta-Lactam Antibiotics Induce a Lethal Malfunctioning of the Bacte-
rial Cell Wall Synthesis Machinery. Cell. 2014 Dec 4; 159(6):1300-11. https://doi.org/10.1016/j.cell.
2014.11.017 PMID: 25480295

Wong F, Wilson S, Helbig R, Hegde S, Aftenieva O, Zheng H, et al. Understanding Beta-Lactam-
Induced Lysis at the Single-Cell Level. Front Microbiol. 2021; 12:2085. https://doi.org/10.3389/fmicb.
2021.712007 PMID: 34421870

Kojima S, Nikaido H. Permeation rates of penicillins indicate that Escherichia coli porins function princi-
pally as nonspecific channels. Proc Natl Acad Sci U S A. 2013 Jul 9; 110(28):E2629-34. https://doi.
org/10.1073/pnas.1310333110 PMID: 23798411

Mazzariol A, Cornaglia G, Nikaido H. Contributions of the AmpC B-Lactamase and the AcrAB Multi-
drug Efflux System in Intrinsic Resistance of Escherichia coli K-12 to B-Lactams. Antimicrob Agents
Chemother. 2000 May; 44(5):1387-90.

Catherwood AC, Lloyd AJ, Tod JA, Chauhan S, Slade SE, Walkowiak GP, et al. Substrate and Stereo-
chemical Control of Peptidoglycan Cross-Linking by Transpeptidation by Escherichia coli PBP1B. J
Am Chem Soc. 2020 Mar 18; 142(11):5034—48. https://doi.org/10.1021/jacs.9b08822 PMID:
32048840

Curtis NA, Orr D, Ross GW, Boulton MG. Affinities of penicillins and cephalosporins for the penicillin-
binding proteins of Escherichia coli K-12 and their antibacterial activity. Antimicrob Agents Chemother.
1979 Nov; 16(5):533-9. https://doi.org/10.1128/AAC.16.5.533 PMID: 393164

Turner RD, Mesnage S, Hobbs JK, Foster SJ. Molecular imaging of glycan chains couples cell-wall
polysaccharide architecture to bacterial cell morphology. Nat Commun. 2018 Mar 28; 9(1):1263.
https://doi.org/10.1038/s41467-018-03551-y PMID: 29593214

Gan L, Chen S, Jensen GJ. Molecular organization of Gram-negative peptidoglycan. Proc Natl Acad
Sci. 2008 Dec 2; 105(48):18953—7. https://doi.org/10.1073/pnas.0808035105 PMID: 19033194

Labischinski H, Goodell EW, Goodell A, Hochberg ML. Direct proof of a “more-than-single-layered”
peptidoglycan architecture of Escherichia coli W7: a neutron small-angle scattering study. J Bacteriol.
1991 Jan; 173(2):751-6. https://doi.org/10.1128/jb.173.2.751-756.1991 PMID: 1987162

Holtje JV. Growth of the Stress-Bearing and Shape-Maintaining Murein Sacculus of Escherichia coli.
Microbiol Mol Biol Rev. 1998 Mar; 62(1):181-203. https://doi.org/10.1128/MMBR.62.1.181-203.1998
PMID: 9529891

Obermann W, Holtje JV. Alterations of murein structure and of penicillin-binding proteins in minicells
from Escherichia coli. Microbiology. 1994; 140(1):79-87. https://doi.org/10.1099/13500872-140-1-79
PMID: 8162193

Yao X, Jericho M, Pink D, Beveridge T. Thickness and Elasticity of Gram-Negative Murein Sacculi
Measured by Atomic Force Microscopy. J Bacteriol. 1999 Nov; 181(22):6865—75. https://doi.org/10.
1128/JB.181.22.6865-6875.1999 PMID: 10559150

Koch AL, Woeste S. Elasticity of the sacculus of Escherichia coli. J Bacteriol. 1992 Jul; 174(14):4811—
9. https://doi.org/10.1128/jb.174.14.4811-4819.1992 PMID: 1624468

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 27/29


https://doi.org/10.15252/msb.20145379
http://www.ncbi.nlm.nih.gov/pubmed/25149558
https://doi.org/10.1093/jac/48.suppl%5F1.5
http://www.ncbi.nlm.nih.gov/pubmed/11420333
https://doi.org/10.1186/s13028-015-0169-0
https://doi.org/10.1186/s13028-015-0169-0
http://www.ncbi.nlm.nih.gov/pubmed/26603151
https://doi.org/10.1111/j.1574-6976.2008.00105.x
https://doi.org/10.1111/j.1574-6976.2008.00105.x
http://www.ncbi.nlm.nih.gov/pubmed/18266856
https://doi.org/10.1074/jbc.M508646200
http://www.ncbi.nlm.nih.gov/pubmed/16154998
https://doi.org/10.1016/j.bbamem.2007.06.007
https://doi.org/10.1016/j.bbamem.2007.06.007
http://www.ncbi.nlm.nih.gov/pubmed/17658458
https://doi.org/10.1016/j.cell.2014.11.017
https://doi.org/10.1016/j.cell.2014.11.017
http://www.ncbi.nlm.nih.gov/pubmed/25480295
https://doi.org/10.3389/fmicb.2021.712007
https://doi.org/10.3389/fmicb.2021.712007
http://www.ncbi.nlm.nih.gov/pubmed/34421870
https://doi.org/10.1073/pnas.1310333110
https://doi.org/10.1073/pnas.1310333110
http://www.ncbi.nlm.nih.gov/pubmed/23798411
https://doi.org/10.1021/jacs.9b08822
http://www.ncbi.nlm.nih.gov/pubmed/32048840
https://doi.org/10.1128/AAC.16.5.533
http://www.ncbi.nlm.nih.gov/pubmed/393164
https://doi.org/10.1038/s41467-018-03551-y
http://www.ncbi.nlm.nih.gov/pubmed/29593214
https://doi.org/10.1073/pnas.0808035105
http://www.ncbi.nlm.nih.gov/pubmed/19033194
https://doi.org/10.1128/jb.173.2.751-756.1991
http://www.ncbi.nlm.nih.gov/pubmed/1987162
https://doi.org/10.1128/MMBR.62.1.181-203.1998
http://www.ncbi.nlm.nih.gov/pubmed/9529891
https://doi.org/10.1099/13500872-140-1-79
http://www.ncbi.nlm.nih.gov/pubmed/8162193
https://doi.org/10.1128/JB.181.22.6865-6875.1999
https://doi.org/10.1128/JB.181.22.6865-6875.1999
http://www.ncbi.nlm.nih.gov/pubmed/10559150
https://doi.org/10.1128/jb.174.14.4811-4819.1992
http://www.ncbi.nlm.nih.gov/pubmed/1624468
https://doi.org/10.1371/journal.pcbi.1011232

PLOS COMPUTATIONAL BIOLOGY

Whole-cell modeling of E. coli colony antibiotic response

88.

89.

90.

91.

92.

93.

94,

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

Huang KC, Mukhopadhyay R, Wen B, Gitai Z, Wingreen NS. Cell shape and cell-wall organization in
Gram-negative bacteria. Proc Natl Acad Sci. 2008 Dec 9; 105(49):19282-7. https://doi.org/10.1073/
pnas.0805309105 PMID: 19050072

Daly KE, Huang KC, Wingreen NS, Mukhopadhyay R. Mechanics of membrane bulging during cell-
wall disruption in Gram-negative bacteria. Phys Rev E. 2011 Apr 25; 83(4):041922. https://doi.org/10.
1103/PhysRevE.83.041922 PMID: 21599215

Wong F, Amir A. Mechanics and Dynamics of Bacterial Cell Lysis. Biophys J. 2019 Jun 18; 116
(12):2378-89. https://doi.org/10.1016/j.bpj.2019.04.040 PMID: 31174849

Boman HG, Eriksson KG. Penicillin Induced Lysis in Escherichia coli. Microbiology. 1963; 31(3):339—
52. https://doi.org/10.1099/00221287-31-3-339 PMID: 13968653

Xavier JB, Martinez-Garcia E, Foster KR. Social Evolution of Spatial Patterns in Bacterial Biofilms:
When Conflict Drives Disorder. Am Nat. 2009 Jul; 174(1):1-12. https://doi.org/10.1086/599297 PMID:
19456262

Nadell CD, Foster KR, Xavier JB. Emergence of Spatial Structure in Cell Groups and the Evolution of
Cooperation. PLoS Comput Biol. 2010 Mar 19; 6(3):e1000716. https://doi.org/10.1371/journal.pcbi.
1000716 PMID: 20333237

Sicard JF, Le Bihan G, Vogeleer P, Jacques M, Harel J. Interactions of Intestinal Bacteria with Compo-
nents of the Intestinal Mucus. Front Cell Infect Microbiol [Internet]. 2017 [cited 2023 Mar 6]; 7. Avail-
able from: https://www.frontiersin.org/articles/10.3389/fcimb.2017.00387. https://doi.org/10.3389/
fcimb.2017.00387 PMID: 28929087

Sanchez-Vazquez P, Dewey CN, Kitten N, Ross W, Gourse RL. Genome-wide effects on Escherichia
coli transcription from ppGpp binding to its two sites on RNA polymerase. Proc Natl Acad Sci. 2019
Apr 23; 116(17):8310-9. https://doi.org/10.1073/pnas.1819682116 PMID: 30971496

Wendrich TM, Blaha G, Wilson DN, Marahiel MA, Nierhaus KH. Dissection of the Mechanism for the
Stringent Factor RelA. Mol Cell. 2002 Oct 1; 10(4):779-88. https://doi.org/10.1016/s1097-2765(02)
00656-1 PMID: 12419222

Kudrin P, Varik V, Oliveira SRA, Beljantseva J, Del Peso Santos T, Dzhygyr |, et al. Subinhibitory Con-
centrations of Bacteriostatic Antibiotics Induce relA-Dependent and relA-Independent Tolerance to 3-
Lactams. Antimicrob Agents Chemother. 2017 Mar 24; 61(4):e02173-16.

Ahn-Horst TA, Mille LS, Sun G, Morrison JH, Covert MW. An expanded whole-cell model of E. coli
links cellular physiology with mechanisms of growth rate control. NPJ Syst Biol Appl. 2022 Aug 19; 8
(1):30. https://doi.org/10.1038/s41540-022-00242-9 PMID: 35986058

Lim SP, Nikaido H. Kinetic Parameters of Efflux of Penicillins by the Multidrug Efflux Transporter
AcrAB-TolC of Escherichia coli. Antimicrob Agents Chemother. 2010 May; 54(5):1800-6. https://doi.
org/10.1128/AAC.01714-09 PMID: 20160052

Yamaguchi A, Ohmori H, Kaneko-Ohdera M, Nomura T, Sawai T. Delta pH-dependent accumulation
of tetracycline in Escherichia coli. Antimicrob Agents Chemother. 1991 Jan; 35(1):53-6. https://doi.
org/10.1128/AAC.35.1.53 PMID: 2014981

Uehara T, Dinh T, Bernhardt TG. LytM-Domain Factors Are Required for Daughter Cell Separation
and Rapid Ampicillin-Induced Lysis in Escherichia coli. J Bacteriol. 2009 Aug 15; 191(16):5094—-107.
https://doi.org/10.1128/JB.00505-09 PMID: 19525345

Verheul J, Lodge A, Yau HCL, Liu X, Boelter G, Liu X, et al. Early midcell localization of Escherichia
coli PBP4 supports the function of peptidoglycan amidases. PLOS Genet. 2022 May 23; 18(5):
e1010222. https://doi.org/10.1371/journal.pgen.1010222 PMID: 35604931

Zhou H, Beltran JF, Brito IL. Functions predict horizontal gene transfer and the emergence of antibiotic
resistance. Sci Adv. 2021 Oct 22; 7(43):eabj5056. https://doi.org/10.1126/sciadv.abj5056 PMID:
34678056

El Meouche |, Dunlop MJ. Heterogeneity in efflux pump expression predisposes antibiotic-resistant
cells to mutation. Science. 2018 Nov 9; 362(6415):686—90. https://doi.org/10.1126/science.aar7981
PMID: 30409883

Yang JH, Wright SN, Hamblin M, McCloskey D, Alcantar MA, Schriibbers L, et al. A White-
Box Machine Learning Approach for Revealing Antibiotic Mechanisms of Action. Cell. 2019 May 30;
177(6):1649-1661.€9. https://doi.org/10.1016/j.cell.2019.04.016 PMID: 31080069

Maritan M, Autin L, Karr J, Covert MW, Olson AJ, Goodsell DS. Building Structural Models of a Whole
Mycoplasma Cell. J Mol Biol. 2022 Jan 30; 434(2):167351. https://doi.org/10.1016/j.jmb.2021.167351
PMID: 34774566

Covert MW, Gillies TE, Kudo T, Agmon E. A forecast for large-scale, predictive biology: Lessons from
meteorology. Cell Syst. 2021 Jun 16; 12(6):488-96. https://doi.org/10.1016/j.cels.2021.05.014 PMID:
34139161

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 28/29


https://doi.org/10.1073/pnas.0805309105
https://doi.org/10.1073/pnas.0805309105
http://www.ncbi.nlm.nih.gov/pubmed/19050072
https://doi.org/10.1103/PhysRevE.83.041922
https://doi.org/10.1103/PhysRevE.83.041922
http://www.ncbi.nlm.nih.gov/pubmed/21599215
https://doi.org/10.1016/j.bpj.2019.04.040
http://www.ncbi.nlm.nih.gov/pubmed/31174849
https://doi.org/10.1099/00221287-31-3-339
http://www.ncbi.nlm.nih.gov/pubmed/13968653
https://doi.org/10.1086/599297
http://www.ncbi.nlm.nih.gov/pubmed/19456262
https://doi.org/10.1371/journal.pcbi.1000716
https://doi.org/10.1371/journal.pcbi.1000716
http://www.ncbi.nlm.nih.gov/pubmed/20333237
https://www.frontiersin.org/articles/10.3389/fcimb.2017.00387
https://doi.org/10.3389/fcimb.2017.00387
https://doi.org/10.3389/fcimb.2017.00387
http://www.ncbi.nlm.nih.gov/pubmed/28929087
https://doi.org/10.1073/pnas.1819682116
http://www.ncbi.nlm.nih.gov/pubmed/30971496
https://doi.org/10.1016/s1097-2765%2802%2900656-1
https://doi.org/10.1016/s1097-2765%2802%2900656-1
http://www.ncbi.nlm.nih.gov/pubmed/12419222
https://doi.org/10.1038/s41540-022-00242-9
http://www.ncbi.nlm.nih.gov/pubmed/35986058
https://doi.org/10.1128/AAC.01714-09
https://doi.org/10.1128/AAC.01714-09
http://www.ncbi.nlm.nih.gov/pubmed/20160052
https://doi.org/10.1128/AAC.35.1.53
https://doi.org/10.1128/AAC.35.1.53
http://www.ncbi.nlm.nih.gov/pubmed/2014981
https://doi.org/10.1128/JB.00505-09
http://www.ncbi.nlm.nih.gov/pubmed/19525345
https://doi.org/10.1371/journal.pgen.1010222
http://www.ncbi.nlm.nih.gov/pubmed/35604931
https://doi.org/10.1126/sciadv.abj5056
http://www.ncbi.nlm.nih.gov/pubmed/34678056
https://doi.org/10.1126/science.aar7981
http://www.ncbi.nlm.nih.gov/pubmed/30409883
https://doi.org/10.1016/j.cell.2019.04.016
http://www.ncbi.nlm.nih.gov/pubmed/31080069
https://doi.org/10.1016/j.jmb.2021.167351
http://www.ncbi.nlm.nih.gov/pubmed/34774566
https://doi.org/10.1016/j.cels.2021.05.014
http://www.ncbi.nlm.nih.gov/pubmed/34139161
https://doi.org/10.1371/journal.pcbi.1011232

PLOS COMPUTATIONAL BIOLOGY

Whole-cell modeling of E. coli colony antibiotic response

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

Dukovski |, Baji¢ D, Chacén JM, Quintin M, Vila JC, Sulheim S, et al. Computation Of Microbial Eco-
systems in Time and Space (COMETS): An open source collaborative platform for modeling ecosys-
tems metabolism. Nat Protoc. 2021 Nov; 16(11):5030-82.

Keseler IM, Gama-Castro S, Mackie A, Billington R, Bonavides-Martinez C, Caspi R, et al. The Eco-
Cyc Database in 2021. Front Microbiol. 2021; 12:711077. https://doi.org/10.3389/fmicb.2021.711077
PMID: 34394059

Choi U, Lee CR. Distinct Roles of Outer Membrane Porins in Antibiotic Resistance and Membrane

Integrity in Escherichia coli. Front Microbiol [Internet]. 2019 [cited 2023 Feb 25]; 10. Available from:
https://www.frontiersin.org/articles/10.3389/fmicb.2019.00953. https://doi.org/10.3389/fmicb.2019.
00953 PMID: 31114568

Stock JB, Rauch B, Roseman S. Periplasmic space in Salmonella typhimurium and Escherichia coli. J
Biol Chem. 1977 Nov 10; 252(21):7850-61. PMID: 334768

Huerta-Cepas J, Serra F, Bork P. ETE 3: Reconstruction, Analysis, and Visualization of Phylogenomic
Data. Mol Biol Evol. 2016 Jun 1; 33(6):1635-8. https://doi.org/10.1093/molbev/msw046 PMID:
26921390

Revell LJ. phytools: an R package for phylogenetic comparative biology (and other things). Methods
Ecol Evol. 2012; 3(2):217-23.

Blomberg SP, Garland T, Ives AR. Testing for phylogenetic signal in comparative data: behavioral
traits are more labile. Evol Int J Org Evol. 2003 Apr; 57(4):717—45. https://doi.org/10.1111/j.0014-
3820.2003.tb00285.x PMID: 12778543

Minkemdiller T, Lavergne S, Bzeznik B, Dray S, Jombart T, Schiffers K, et al. How to measure and
test phylogenetic signal. Methods Ecol Evol. 2012; 3(4):743-56.

Blomberg SP, Garland T Jr. Tempo and mode in evolution: phylogenetic inertia, adaptation and com-
parative methods. J Evol Biol. 2002; 15(6):899—-910.

Rohatgi A. WebPlotDigitizer: Version 4.6 [Internet]. 2022 [cited 2023 Mar 5]. Available from: https://
automeris.io/WebPlotDigitizer.

Jenner L, Starosta AL, Terry DS, Mikolajka A, Filonava L, Yusupov M, et al. Structural basis for potent
inhibitory activity of the antibiotic tigecycline during protein synthesis. Proc Natl Acad Sci U S A. 2013
Mar 5; 110(10):3812—6. https://doi.org/10.1073/pnas.1216691110 PMID: 23431179

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011232  June 16, 2023 29/29


https://doi.org/10.3389/fmicb.2021.711077
http://www.ncbi.nlm.nih.gov/pubmed/34394059
https://www.frontiersin.org/articles/10.3389/fmicb.2019.00953
https://doi.org/10.3389/fmicb.2019.00953
https://doi.org/10.3389/fmicb.2019.00953
http://www.ncbi.nlm.nih.gov/pubmed/31114568
http://www.ncbi.nlm.nih.gov/pubmed/334768
https://doi.org/10.1093/molbev/msw046
http://www.ncbi.nlm.nih.gov/pubmed/26921390
https://doi.org/10.1111/j.0014-3820.2003.tb00285.x
https://doi.org/10.1111/j.0014-3820.2003.tb00285.x
http://www.ncbi.nlm.nih.gov/pubmed/12778543
https://automeris.io/WebPlotDigitizer
https://automeris.io/WebPlotDigitizer
https://doi.org/10.1073/pnas.1216691110
http://www.ncbi.nlm.nih.gov/pubmed/23431179
https://doi.org/10.1371/journal.pcbi.1011232

