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Abstract

Bacteria are frequently exposed to antibiotics, particularly at low doses, which induces

stress responses in the cells. Some of these responses increase mutagenesis and

thus potentially accelerate resistance evolution. Many studies report increased muta-

tion rates under stress, often using the standard experimental approach of fluctuation

assays.

In this thesis, I extend the mathematical model behind the fluctuation assay to include

within-population heterogeneity in stress responses. Our model is inspired by the

DNA-damage response in Escherichia coli (SOS response). It accounts for a sub-

population with high expression of the stress response, which increases the mutation

rate and decreases the division rate of a cell.

In Chapter 2, I implement maximum likelihood estimation and stochastic simulations

of fluctuation assays under existing and our new population dynamic model. Using

the simulated data, I show that this new model, in principle, allows for estimating

the increase in mutation rate specifically associated with the induction of the stress

response. However, I also show that when heterogeneity is neglected, an accurate

estimate of the increase in population-mean mutation rate is recovered. Moreover, in

many cases, different models can explain the data equally well and, therefore, cannot

be distinguished using fluctuation assay data alone.

In Chapter 3, I apply our estimation method, which I converted into a user-friendly R

tool, to published experimental data. I show that not all experiments that report an

increase in mutation rate significantly support the hypothesis of stress-induced muta-

genesis. Moreover, I find that DNA-damaging antibiotics particularly increase mutation

rates and identify several signals of heterogeneity in stress-induced mutagenesis.

In Chapter 4, I study how stress-induced mutagenesis depends on the antibiotic

dose. By modelling different antibiotic modes of action, I determine under which

conditions within-population heterogeneity can lead to a non-monotonic increase in

mutation rate with antibiotic concentration. Such a maximum increase for intermediate

concentrations has been previously observed empirically.

Overall, this thesis improves the estimation of mutation rates in bacteria under stress,

which could contribute to better predictions of the evolution of antibiotic resistance.
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Lay Summary

The first antibiotic was discovered almost 100 years ago, and antibiotics have saved

millions of lives since then. Antibiotics kill bacteria directly or stop them from repro-

ducing, for example, by destroying their cell membrane or damaging their DNA. How-

ever, bacteria can become resistant to antibiotics, meaning an antibiotic treatment no

longer works on them. One way in which bacteria can become resistant to antibiotics

is through mutations. In general, mutations are changes in the DNA of an organism.

Bacteria are single-celled organisms that reproduce by dividing into a mother and a

daughter cell. For that, the cell has to make a copy of its DNA. If a mistake happens in

the copying process, the daughter cell will have a mutation. Sometimes, mutations

can help cells survive antibiotic treatment; these are called resistance mutations.

Therefore, it is essential to know how often (at which rate) mutations happen in

bacteria.

Researchers have discovered that mutations occur more frequently in bacteria if they

face stressors. Examples of stressful conditions for bacteria are starvation, heat, or

toxins. Of course, antibiotics themselves are stressful for bacteria, too. Antibiotics,

particularly at low doses, can be found in many places, such as the soil, sewage,

or the bodies of humans/animals after antibiotic treatment. Bacteria have ways to

cope with stressful conditions, called stress responses. For example, they can change

their metabolism in an environment with low nutrients. Bacteria also have stress

responses to deal with antibiotics that damage their DNA. In that case, the stress

response involves repairing the DNA damage. However, this repair process is prone to

mistakes, introducing mutations into the DNA of the stressed cell. This phenomenon -

an increased rate of mutations under stress - is called stressed-induced mutagenesis.

One implication of stress-induced mutagenesis could be that bacteria are more likely

to get a resistance mutation if they encounter low-dose antibiotics. Therefore, it is

essential to know how much the mutation rate increases under stress (to quantify the

increase) because it can have implications for antibiotic regimens.

Through technological advances in recent years, researchers have been able to study

stressed bacterial populations at the level of individual cells. They have found that in-

dividual cells can respond to stressors differently, even if they are genetically identical

and share the same environment. If a bacterial infection is treated with a DNA-damaging
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antibiotic, different cells within the same bacterial population might have different

mutation rates (that is, there is heterogeneity in mutation rates). In particular, some

scientists have found a small subpopulation of highly stressed cells with a much higher

mutation rate than the rest of the population. Heterogeneity in mutation rates makes

it difficult to measure mutation rates. That is because most methods scientists use

to measure mutation rates of bacteria are meant to measure the mutation rate of a

whole population, not individual cells or small subpopulations. Before this work, there

was no technically simple method to estimate the mutation rates of bacteria when

they face stressful conditions, to which different cells respond differently.

In this thesis, we developed such a method to estimate mutation rates under hetero-

geneous stress responses. In particular, we wrote a computational tool that allows

researchers to re-interpret the results of an existing simple experiment (called the

fluctuation assay ). We used computer simulations to show that our method, in prin-

ciple, allows us to measure the specific mutation rate of highly stressed cells, even

if there are only a few of those cells in a population. It is essential to measure the

specific mutation rate of highly stressed cells because they could be fundamental for

the evolution of multi-drug resistance. However, we also showed that if researchers

use standard methods and ignore any heterogeneity in mutation rates, they obtain a

reasonable estimate of the average mutation rate of the total bacterial population. This

is reassuring because it means that previous results can be trusted. Next, we used

our estimation method to re-analyse published experimental data (of the fluctuation

assay). In the experiments we re-analysed, researchers reported that bacteria have

a higher mutation rate when treated with antibiotics than when they are not. We

found that DNA-damaging antibiotics (for example, ciprofloxacin) increase bacteria’s

mutation rate more than other types of antibiotics. Moreover, we identified several

experiments for which there are indications of heterogeneity in mutation rates, of

which many used again DNA-damaging antibiotics. This hints that it could be explicitly

DNA-damaging antibiotics that increase the risk of antibiotic resistance evolution and

should be considered more cautiously. Finally, we used a mathematical model to

study how the increase in mutation rate in bacteria depends on the dose of antibiotic

treatment. We showed that the mode of action of the antibiotic, i.e. whether it kills the

bacteria or stops them from reproducing, plays an important role. Still, more work is

needed to connect these results with experimental observations.

Overall, this thesis improves the estimation of mutation rates under stress, important

for predicting antibiotic resistance evolution.
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Chapter 1

General introduction

My PhD was initially titled ‘Evolutionary consequences of mutation rate variation in

bacteria’, but as usual for PhD projects, it changed course significantly along the way.

The project was motivated by my supervisor’s previous work [1], who had studied

how within-population variation in mutation rates impacts genetic diversity and evol-

utionary dynamics. They proved that when mutation rates are heterogeneous, there

is an increased frequency of both non-mutants and ‘complex’ mutants (with multiple

mutations). As a consequence, heterogeneous populations can adapt faster to new

environments while maintaining a reduced mutation load. (Importantly, this was in

comparison to populations with a uniform mutation rate of the same magnitude as the

mean in the heterogeneous population.)

Mutation rate variation in bacteria Coming from a theoretical population genetics

background, I knew about the importance of the mutation rate as a source of genetic

variation that selection can act on. However, as it is common in the field, I had

always assumed a uniform mutation rate for all individuals in a population. Therefore,

as a first task in my PhD, I began to read about variation in mutation rates. And

indeed, I learned that the mutation rate can vary greatly, for example, due to genetic,

environmental, or stochastic factors. In bacteria, so-called mutators with a genetically

elevated mutation rate are expected to arise in natural populations [18], and have

been found in clinical isolates [56, 19, 6] and evolution experiments in the lab [66].

Environmental factors like nutrient availability and population density [46] have been

shown to influence the mutation rate. Therefore, fluctuations in the microenvironment

can also cause variability in mutation rates. However, my supervisors and I decided to

focus on yet another source of variation in mutation rates: heterogeneity in bacterial

stress responses and DNA repair.
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1. General introduction 2

Bacterial stress responses Bacteria are constantly exposed to ‘stressful’ conditions,

i.e. conditions that require a response to prevent and repair damage that would,

otherwise, result in cell death (this definition of stress might be a Zirkelschluss but it is,

in fact, not easy to define stress). Stress responses are transient phenotypic changes

in, for example, gene expression, protein activity or cellular metabolism. Extreme

examples of stress responses are the persister state [5], in which cells stop dividing

entirely until the stressful condition has passed, or the recently discovered ‘doubling-

while-shrinking’ phenotype [11]. Other examples include upregulation of efflux pumps

(to remove harmful components from within the cell), flagella synthesis (to move away

from the stress) and quorum sensing (to communicate the stress to other cells).

Especially when stress results in DNA damage, stress responses also involve the

upregulation of mutagenic repair mechanisms, called stress-induced mutagenesis

[26, 24, 9].

At the same time, many stress responses are expressed heterogeneously across

bacterial populations, for example, due to stochasticity in the induction (also in the

absence of stress) coupled with regulatory feedback loops [48], resulting in extensive

heterogeneity in mutagenesis under stress [72]. The reason to focus on heterogeneity

in stress responses was that my second supervisor’s lab uses single-cell fluores-

cence microscopy and microfluidics experiments to study the DNA-damage response

(called SOS response) in Escherichia coli. In my second supervisor’s weekly group

meetings, I learned about the induction dynamics and heterogeneous expression of

the SOS response, mutagenicity of DNA-damage repair and the population dynamic

consequences of cell division arrest caused by the SOS response.

The SOS response: Heterogeneity and mutagenicity In particular, I learned about

the key proteins initiating the SOS response. One of these key proteins (RecBCD),

responsible for recognising the damage, is present in the cell in small numbers and,

therefore, subject to stochasticity. Once initiated, the SOS system activates a whole

cassette of genes in a time-dependent manner, many of which are involved in DNA re-

pair processes. Early genes of the SOS response primarily involve repair mechanisms

with low error rates, such as excision repair and homologous recombination. If the

damage is repaired successfully, the SOS response is repressed again. However, if

damage persists, error-prone polymerases are induced as part of the late-SOS genes,

leading to translesion synthesis (for more details see, for example, this recent review

[55]). Due to stochasticity in SOS induction and the dynamic nature of the response,
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individual cells exhibit varying levels and timings of SOS gene activation, leading to

distinct phenotypes. In single-cell experiments, fluorescently labelling one of the late

SOS genes (sulA, more below), my second supervisor’s lab found that cells appear as

having either a ‘low’ or ‘high’-SOS expression level [38]. Low-SOS cells express only

early-SOS genes, if any. On the contrary, high-SOS cells also induce late-SOS genes

and, therefore, have an increased mutation rate compared to the low-SOS cells.

The SOS response: Inhibition of cell division Besides its mutagenic consequences,

I also learned about the division arrest caused by the SOS response. Inhibition of

cell division is part of the late-SOS genes (sulA), implying that it affects mainly high-

SOS cells. Interestingly, elongation and DNA replication (not cell replication) continue,

such that high-SOS cells grow into long filaments, allowing for continued DNA repair

and survival. However, the division arrest also implies that high-SOS cells can get

outcompeted by low-SOS cells in fast-growth conditions [38].

In general, the expression of mutagenic stress responses impacts not only the muta-

tion rate but also other cellular functions, like the division rate in the case of the SOS

response. Therefore, my PhD project aimed to extend my supervisor’s work on within-

population heterogeneity in mutation rates by coupling the increase in mutation rate

with a decrease in division rate at a cellular level, and evaluating the evolutionary

consequences. However, I never got as far as the consequences. Instead, I followed

a side quest which ultimately became the large body of my PhD: Quantifying mutation

rate variation in bacteria.

Antibiotic dose-dependent mutagenesis The decision to detour was strongly influ-

enced by one particular publication [62]. The authors investigated how mutagenesis

is induced in E. coli populations when exposed to the antibiotic ciprofloxacin and the

specific cellular mechanisms involved. They found that ciprofloxacin indeed induces

mutagenesis in E. coli, also at concentrations below the minimum inhibitory concen-

tration (MIC). This effect was dose-dependent, with maximal mutagenesis observed at

the minimum antibiotic concentration (MAC, defined as 90% growth rate reduction). I

was intrigued by such a non-monotonic dependence of mutagenesis on the antibiotic

concentration because of the potential consequences on antibiotic resistance evol-

ution. The authors of [62] found that mutagenesis was driven by a subpopulation of

cells, which they called ‘gamblers’. These gamblers are characterised by high levels of

reactive oxygen species (ROS) and the activation of the general stress response, also
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called s s response. ROS production triggers the s s response, enabling mutagenic re-

pair of DNA double-strand breaks (DSBs), primarily by error-prone DNA polymerases.

Mutagenesis is concentrated in the small gambler subpopulation (10� 25% of cells)

that exhibits high s s activity and is responsible for generating the majority of antibiotic-

resistant mutants. Inhibiting ROS production and the subsequent activation of the s s

response with the drug edaravone effectively reduced mutagenesis without affecting

the antibiotic’s ability to kill bacteria. The authors suggested targeting the mutagenic

response as a potential strategy to prevent antibiotic resistance.

Reading scientific papers requires critical evaluation. Scientists have different ap-

proaches, which can broadly be classified as narrative-centric or data-centric [36].

When I first read the above-summarised paper, I applied a narrative-centric approach,

i.e. following the authors’ depictions to guide my understanding. Then, in one of

our meetings, my second supervisor expressed concerns with the methods used:

How exactly were mutation rates measured? Which assumptions were made here?

Were these assumptions valid? The discussion made me re-read the paper, this time

using a data-centric approach: How did the authors of [62] measure ‘mutagenesis’?

They measured mutation rates in populations treated with ciprofloxacin at different

concentrations and compared these rates with untreated control populations. But how

are mutation rates measured in bacteria?

Mutation-rate estimation in bacteria Methods to estimate mutation rates in bacteria

can generally be divided into sequencing-based methods and ones using pheno-

typic markers [75]. For example, in mutation accumulation experiments, genetically

identical lines are propogated multiple generations under relaxed selection, allowing

mutations (except lethal ones) to accumulate. Then, whole-genome sequencing is

used to detect mutations and calculate the per-generation mutation rate. Mutation

rates can also be estimated from substitution rates in selectively neutral regions

which, based on Kimura’s neutral theory, accumulate roughly at a rate equal to the

underlying mutation rate. Moreover, recent advances in single-molecule live-cell ima-

ging have allowed researchers to directly observe DNA mismatch repair and estimate

the rate of unrepaired mismatches - likely proportional to the mutation rate [21, 27].

On the other hand, the method the authors of [62] estimated mutation rates with a

method using phenotypic markers: the fluctuation assay.
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Figure 1.1: Schematic of the experimental setup of fluctuation assays.

The fluctuation assay: experimental setup The fluctuation assay or fluctuation test

is a standard lab approach to measure microbial mutation rates. Originally, it was

designed to test whether mutations arise spontaneously and are random, or whether

they are actively induced by selection and directed [54]. The experimental setup

of a fluctuation assay is comparably simple (see [47] for a protocol). A number of

parallel cultures are inoculated at a small population size of around 104 � 105 cells.

The cultures are incubated under permissive conditions for several hours, typically

overnight, called the growth phase. Then, each culture is plated onto a plate with

strong selective media, which the cultures had initially been sensitive to, and such

that only resistant mutant cells can grow. The number of mutant colonies per plate is

counted, giving a so-called mutant count distribution. Fig 1.1 shows a schematic of

the experimental setup of a fluctuation assay.

The fluctuation assay: mutant count distribution Now, the idea behind the fluctuation

assay is that the shape of the mutant count distribution differs depending on whether

mutations arise spontaneously during the growth phase or appear only on the plates

as a consequence of the selection pressure. If the latter were true, with each cell

having a small probability of obtaining a resistance mutation on the plate, the resulting

mutant count distribution would be Possionian. On the other hand, if mutations arose

spontaneously during the growth phase, the resulting number of mutant cells would

show much greater fluctuation (hence the name of the experiment): most mutations

would still arise at the end of the growth phase when the population size is large, but
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in rare cases, a mutation arises early. This mutant cell then has many generations

to proliferate, leading to a large mutant count on that plate, called a jackpot event.

And sure enough, the first performed fluctuation assays supported the hypothesis of

spontaneous mutations [54].

The fluctuation assay: mutation-rate estimation At the same time, the fluctuation

assay allowed researchers to quantify bacterial mutation rates for the first time. The

inventors of the fluctuation assays used the later-called p0-method to calculate the

mutation rate from the fraction of plates without any mutant colonies, which approx-

imates the probability of no mutation occurring during the growth phase [54]. Other

early methods to calculate the mutation rate in a fluctuation assay were based on the

median (the mean cannot be used because of potential jackpot events) [23]. It took

several more years after the invention of the fluctuation assay until an expression for

the mutant count distribution was derived [52]. It was based on a simple population

dynamic model: The non-mutant population grows exponentially and is modelled de-

terministically. Mutations arise randomly according to a time-inhomogeneous Poisson

process (not to be confused with mutants), and each mutant lineage proliferates

according to a pure birth process.

An analytical expression for the mutant count distribution paved the way for sev-

eral computational mutation rate estimation tools. The most advanced methods use

maximum-likelihood estimation and today there are several comparably easy to use

tools available, see [51] for a recent review.

The authors of [62] also used an estimation tool [32] based on the above-described

population dynamic model. But is this model applicable to treatment with ciprofloxa-

cin? For one, the model does not account for cell death, which might lead to overes-

timating mutation rates [25]. Cell death could have also led to an overestimation of

the increase in mutation rate in [62], but interestingly, it cannot explain its observed

non-monotonic dependence on the antibiotic dose.
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Mutation-rate estimation under heterogeneous stress responses Another assump-

tion of the population dynamic model used in the estimation method used by [62] (and

any other estimation method available at the time of the publication) is violated: the

assumption that the mutation rate is constant across the bacterial population. One if

not the key finding of [62] is that the mutation rate is increased only in a subpopulation

of cells. However, within-population heterogeneity in stress responses is not captured

by the population dynamic models used in mutation rate estimation tools. Of course,

applying maximum-likelihood inference and inferring a uniform mutation rate for the

overall population is possible. However, if the mutation rate is increased in only a sub-

population of cells, the estimated ‘mutation rate’ is rendered obsolete. This problem

sparked a series of questions.

1. Does the estimated quantity (uniform mutation rate for a population with het-

erogeneous mutation rates) still have a biological interpretation?

2. What are general biases in mutation rate estimation introduced by neglecting

heterogeneity in mutation rates?

3. Can we adapt the population dynamic model behind the fluctuation assay to

capture heterogeneous stress responses and maybe even estimate the specific

increase in mutation rate in the gambler subpopulation?

4. Are there other studies that have applied standard estimation methods and

potentially overlooked heterogeneity in stress responses?

5. Can we identify heterogeneity in mutation rates from fluctuation assay data?

6. Can we explain the observed non-monotonic dose dependence of mutagenesis

with heterogeneity in stress responses and mutation rates?

Answering these questions would take me the rest of my PhD.

To answer these questions, we developed an estimation method that accounts for

heterogeneity in stress responses. Our model considers a highly mutating and slowly

dividing subpopulation, inspired by the SOS response. First, we validated our es-

timation method using simulated fluctuation assay data; this work is published and

directly follows as Chapter 2. In the Chapter 3, we then apply our estimation tool to

published experimental fluctuation assay data. Finally, in Chapter 4, I mathematically

model the dose dependence of stress-induced mutagenesis under heterogeneous

stress responses.



Chapter 2

Estimating mutation rates under
heterogeneous stress responses

To be able to estimate mutation rates under heterogeneous stress responses we had

to take the following steps.

Develop a model of heterogeneous stress responses
First, we needed to develop a model that captures heterogeneity in bacterial stress

responses. We based our model on previous work of my second supervisor Meriem El

Karoui’s lab, describing the heterogeneous expression of the SOS response in E. coli

populations treated with low concentrations of ciprofloxacin [38]. In this model, cells

can switch to a state of high SOS expression that leads to a reduction in growth rate.

Together with my first supervisor Helen K. Alexander, I extended this model by the oc-

currence and dynamics of mutant lineages in the high- and low-SOS subpopulations.

Here, we had to evaluate which of the standard (and less standard) assumptions that

are made in fluctuation analysis we wanted to adopt.

• Typically, the growth of the wild-type cells is modelled as deterministic (expo-

nential) growth, whereas mutant lineages are treated stochastically. An excep-

tion is the Bartlett formulation [7], in which wild-type and mutant cells are treated

stochastically. Mutation rate estimation under this fully stochastic model version

has been suggested [78] but, for sufficiently large wild-type population sizes,

been shown to not significantly improve estimates while being computationally

slow [80]. We wanted to adopt a deterministic treatment of wild-type cells for our

8
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model. However, we worried that the size of the high-SOS subpopulation was

too small. Therefore, together with Tibor Antal, we evaluated analytically and in

stochastic simulations in which parameter regime the high-SOS subpopulation

could be treated deterministically.

• Another standard assumption is that mutant cells grow at the same rate as non-

mutant cells. This assumption has been relaxed in many existing mutation rate

estimation tools [29, 58, 80] to account for mutant fitness costs or advantages

due to cross resistance. We realised that we had to include such a differential

mutant fitness for the high-SOS subpopulation because, in our model, expres-

sion of the stress response results in a reduction in growth rate. For simplicity,

we decided to not consider differential fitness for the low-SOS subpopulation

though.

• The dynamics of mutant lineages are classically described as pure birth pro-

cesses with exponentially distributed division times. Arguably, such division

times are not biologically realistic and mutation rate estimation under poten-

tially more realsitic dynamics has been suggested and implemented: constant

division times (Haldane model) [58, 80], lognormal- and gamma-distributed

division times [58], and time-dependent division rates [57] but without significant

impact on the resulting number of mutants. Together with my first and second

supervisor we discussed at length about how to model the dynamics of the

slowly dividing and filamenting high-SOS mutants. In the end, we decided to

adopt exponentially distributed division times as a simplified first step.

• In a standard fluctuation assay, populations are grown under permissive condi-

tions and cell death is ignored. Particularly under stress however, cell death

might become substantial and, consequently, the standard model has been

extended by cell death [41]. However, it proved not possible to infer rates of cell

death together with mutation rates in fluctuation analysis and existing mutation

rate estimation tools only allow to set the death rate as a fixed parameter in

the inference, either only for mutant cells [58], as the same for wild-type and

mutant cells [51], or as a stepwise constant parameter [25]. Even though there

is evidence that neglecting cell death can lead to overestimation of mutation

rates [25], we decided to ignore it in the estimation of the mutation rate but to

evaluate any biases introduced by that.
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• Further standard assumptions are a negligibly small initial population size (re-

laxed in [80, 51]), a constant final population size (relaxed in [58, 80, 51] and

shown to be not significant as long as the coefficient of variation in the final

population size is < 0.2), immediate exertion of mutations (phenotypic lag is

considered in [67, 12, 51]), no post-plating mutations (relaxed in [51]) and per-

fect plating (imperfect plating implemented as binomial sampling in [58, 80, 51]).

For simplicity, we decided to adopt those assumptions as a first step.

Decide on an inference method
Next, we needed to decide on a method to infer mutation rates from fluctuation assay

data. In general, we wanted to use a method that uses information of the entire

observed mutant count distribution. That meant that we had to, in some way or the

other, evaluate the likelihood of observing a particular mutant count distribution given

a model and model parameters. This is what is conceptualised in a likelihood function:

the probability of seeing some data under different parameter values for a specific

model. Examples of inference methods using the likelihood function are maximum-

likelihood and Bayesian inference.

Briefly, in maximum-likelihood inference, the argument that maximises the likelihood

function under a certain model is used as the point estimate for the respective model

parameters. In Bayesian inference, on the other hand, the likelihood function is used

to calculate the posterior distribution, which gives the probability of a hypothesis (a

model with parameter values) given the data. This approach requires a prior distribu-

tion, i.e. information available beforehand. The prior distribution can be set to a non-

informative (Normal) distribution or informative, for example gleaned from literature

or previous experiments [22]. The required calculations in Bayesian inference often

involve computationally expensive numerical approximations of solutions of integ-

rals. Approximate Bayesian (‘likelihood-free’) computation can be a solution here [8].

Bayesian inference has the advantage of straightforward construction of confidence

intervals.

Despite some advantages of Bayesian inference, we decided to use maximum-likelihood

inference because it is by far most commonly used in fluctuation analysis (but see

[2, 79]) and it matched my and my first supervisors expertise. Moreover, we decided

to attempt to analytically derive and numerically implement the mutant count distri-

bution for our new model of heterogeneous stress responses. This approach has the
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advantage of being computationally faster than a simulation-based approach but can

be impossible for complex models (as is the case, for example, in [25]). In fact, to be

able to derive the mutant count distribution for our new model, we had to make a series

of simplifying approximations. Together with my second supervisor Meriem El Karoui,

we confirmed that these approximations were biologically appropriate. Making these

approximations also implied that I could derive the mutant count distribution based on

proofs that have appeared previously in [52, 42, 44].

Design and implement a simulation study
After developing the model and making necessary approximations, I implemented the

numerical calculation of the (probability mass function of the) resulting mutant count

distribution based on [41]. Next, I implemented the maximum-likelihood estimation

approach we decided on. We wanted to use simulated fluctuation assay data to test

our estimation method. Together with my first supervisor, we designed a (stochastic)

simulation study, i.e. we chose a parameter regime and number of replicates to simu-

late and analyse, which I then implemented. After useful comments from a reviewer,

I also implemented likelihood-ratio based confidence intervals and a bespoke model

selection procedure.

Together with my first and second supervisor, we decided which figures best sum-

marise the results of the simulation study. As a last step, I wrote the manuscript, with

editing suggestions from my first and second supervisors, and made the accompany-

ing figures.





single-cell studies, which is neglected in currently available mutation-rate estimation
methods. Our approach involves a population dynamic model inspired by the DNA-dam-
age response in E. coli (SOS response). It accounts for a subpopulation with high expres-
sion of the stress response, which increases the mutation rate and decreases the division
rate of a cell. We use computer simulations to generate synthetic fluctuation assay data.
Notably, we find that over a wide range of scenarios, existing models and our heteroge-
neous-response model cannot be distinguished using fluctuation assay data alone. This
emphasises the need for separate experiments to uncover the true underlying processes.
Nevertheless, when stress responses are known to be heterogeneous, our study offers a
novel method for accurately estimating mutation rates specifically associated with the
high expression of the stress response. Uncovering the heterogeneity in stress-induced
mutation rates could be important for predicting the evolution of antibiotic resistance.

Introduction

Bacteria are commonly exposed to adverse conditions, such as starvation, sub-optimal temper-
atures or toxins, including antibiotics. To cope with these conditions, bacteria have evolved a
range of stress responses that enhance viability under stress, often at the expense of a lower
growth rate. Some of these response pathways also increase mutagenic mechanisms by, for
example, increasing the expression of error-prone DNA polymerases or down-regulating
error-correcting enzymes [1, 2]. It has been proposed that this so-called ‘stress-induced muta-
genesis’ (SIM) in bacterial cells could accelerate the evolution of populations that are poorly
adapted to their environment [3–6]. Consequently, inhibiting bacterial stress responses has
been suggested to prevent antibiotic resistance evolution and gained some experimental sup-
port [7–9].

Several studies report increased mutation rates in bacterial populations exposed to sub-
lethal antibiotic concentrations [8, 10–15]. These mutation rates have been typically measured
with fluctuation assays. This experiment (see, for example, [16] for a protocol) involves inocu-
lating several parallel cultures at a small population size and growing them under permissive
conditions for several hours, typically overnight. During this growth phase, mutations occur
randomly, and the experiment is designed to minimise selection on mutant cells. Subse-
quently, each culture is plated on strong selective media such that only mutant cells can grow
and form a colony. The mutation rate to the chosen selective marker is estimated from the dis-
tribution of the number of mutant colonies on the plates, the mutant count distribution; see
[17] for a summary of estimation methods. The experiment is repeated to quantify the muta-
tion-rate increase associated with stress, by exposing the cultures to a stressor during the
growth phase. Then, the stress-induced mutation rate is estimated and compared with the
mutation rate under permissive conditions. However, stress impacts the growth of bacterial
cells in several ways, which are neglected in commonly applied estimation methods, potentially
leading to biased estimates of the mutation rate. For instance, increased cell death leads to
overestimating the mutation rate [18]. Another effect that has not yet been addressed is
within-population heterogeneity in stress responses.

In recent years, single-cell experiments have revealed extensive heterogeneity in the expres-
sion of stress responses in bacterial populations [8, 19–28]. Heterogeneity can arise for various
reasons, including stochastic expression of genes involved in stress responses, especially where
the corresponding proteins are initially present in small numbers [20–22], phenotypic variabil-
ity in the stability of key regulators [25], or micro-environmental variation in cell-to-cell
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interactions [28]. Positive and negative feedback loops are common features of stress response
regulatory networks, which can generate, amongst other features, cell-to-cell variation [29]. In
some cases, a subpopulation of cells showing elevated stress responses has been directly associ-
ated with a higher rate of DNA mismatches or higher mutant frequency [8, 20–22, 24, 26].

In addition to mutagenic mechanisms, stress responses can alter cell division and death
rates. For example, the widely studied SOS response, which leads to the transcriptional induc-
tion of approximately 40 genes after exposure to DNA damage, involves inhibition of cell divi-
sion, filamentation and induction of error-prone DNA polymerases that could increase
mutation rate [30, 31]. Single-cell studies using fluorescent reporters for the SOS response in
E. coli have revealed that its expression is highly heterogeneous. Under certain conditions, a
subpopulation of cells with a very high level of SOS compared to the rest of cells with lower
expression levels has been observed, and this heterogeneity can be approximated as a bimodal
response [19, 21, 27]. Overall, heterogeneously expressed stress responses are, therefore, likely
to impact both bacterial population dynamics and mutational input during the growth phase
of a fluctuation assay, and it is unclear whether estimation methods that neglect heterogeneity
in stress responses produce reliable results.

In this study, we present a population dynamics model that considers within-population
heterogeneity in stress responses. Motivated by the SOS response, we describe two discrete
subpopulations of cells, where high expression of the stress response is associated with both a
higher mutation rate and a lower division rate than in cells with low expression. We derive the
resulting mutant count distribution in the total population and implement maximum likeli-
hood estimation of the mutation-rate increase associated with the induction of the stress
response. We test the performance of our method using stochastic simulations of fluctuation
assays under permissive and stressful conditions, including robustness to biologically realistic
model deviations such as mutant fitness costs and cell death. We also apply formal model com-
parison to assess whether within-population heterogeneity could be detected from fluctuation
assays alone.

Model and methods

Studying stress-induced mutagenesis with fluctuation assays requires a pair of experiments:
one with a growth phase under permissive conditions (as a baseline for comparison) and one
under ‘stressful’ conditions, where a stressor such as a low dose of antibiotic (which is sup-
posed to induce a mutagenic stress response in the cells) is added during the growth phase. In
addition to performing the experiments, researchers have to decide on a mathematical model
of the underlying dynamics, including the population dynamics of non-mutants and mutants
during the growth phase, and how these dynamics change under exposure to stress. This then
allows them to estimate the model parameters, most importantly mutation rates, and assess
increases in mutation rates due to stress. Many studies of SIM to date, for example [8, 11, 14],
have implicitly assumed that the stress response is homogeneous, i.e. the stressful condition
results in a population-wide elevation of the mutation rate. In contrast, our new model consid-
ers within-population heterogeneity in stress responses and mutation rates.

In the following, we recap what we call the standard model used in a classical fluctuation
assay and extensions particularly relevant to stress. Then, we formalise the homogeneous-
response model, a version of which is considered in the aforementioned studies of SIM, and
introduce our new heterogenenous-response model with a detailed description of the population
dynamic model under heterogeneous stress responses and the derivation of the resulting
mutant count distribution. Next, we describe our model fitting and parameter estimation
approach using maximum likelihood estimation and summarise the inference parameters.
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Finally, we describe the simulations to generate synthetic mutant count data, and how we eval-
uate the estimation methods using these data.

For schematics of the models used in simulation and inference, see Fig 1. The complete
documentation of the computational methods can be found in the README at https://github.
com/LucyL-J/Quantifying-SIM.

The standard model of fluctuation assays and extensions relevant to stress

Classically, fluctuation assays have been described using what we refer to as the standard
model (Fig 1A). In the standard model, the non-mutant population is assumed to grow expo-
nentially during the growth phase, while the occurrence of mutations and the division of
mutant cells are treated stochastically. On selective plates, it is assumed that every mutant cell
(but no non-mutant cell) forms a visible colony. Many extensions of this standard model have
been developed, briefly reviewed, for example, in [32]. Here, we describe two extensions par-
ticularly relevant to stress: accounting for cell death and allowing mutant cells to have a differ-
ent fitness than non-mutant cells during the growth phase. The latter can become important
when resistance allowing growth on the selective plates also confers an advantage to the
stressor (for example, due to cross-resistance) or when mutants carry a fitness cost. Together,
these two extensions result in the following population dynamic model. The non-mutant pop-
ulation grows exponentially,

NÖtÜ Nielt Ö1Ü

with initial population size Ni and population growth rate λ. Mutations occur according to a

Fig 1. Schematic illustrating the standard model of fluctuation assays and models of homogeneous and heterogeneous responses to stress. In the
standard model (A), non-mutants are assumed to grow exponentially (rate γ), mutations to arise randomly (rate ν per cell per unit time), and mutants
to divide stochastically (birth rate γ). In models of homogeneous stress responses (B), it is assumed that both fluctuation assays under permissive
(superscript p, light blue) and stressful (superscript s, light red) conditions can be described by the standard model, with optional differential fitness of
mutants compared to non-mutants (factor ρ). In our model of heterogeneous stress responses, on the other hand, we assume that the induction of the
stress response (rate α) results in the separation into two subpopulations: response-off (subscript off, dark purple) and response-on (subscript on, red).
When simulating under the heterogeneous-response model, we use the exact model (C), optionally extended by cell death (rate δ) and differential
mutant fitness (ρ), where explicitly specified. For inference, we fit the approximate heterogeneous-response model (D). For the homogeneous-response
model, we use the same version for both simulation and inference.

https://doi.org/10.1371/journal.pcbi.1012146.g001
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time-inhomogeneous Poisson process with rate νN(t). Note that ν describes the mutation rate
to the phenotype of interest selected on the plates in the fluctuation assay (mutations per cell
per unit time, also called instantaneous mutation rate). The dynamics of each mutant cell M
are captured by a continuous-time linear birth-death process [33] with birth rate b and death
rate d:

M ! MM; rate b

M ! ⌀; rate d;

(
Ö2Ü

implying that mutants have a different fitness than non-mutants if b − d 6 λ.
For such dynamics, defining the per-generation mutation rate as m≔ n

l, the differential fit-

ness of mutants as r≔ b d
l and the extinction probability of mutants as ✏≔ d

b, the resulting dis-

tribution of the number of mutants when the population reaches a final population size Nf has
been derived [34]: Assuming Nf� Ni (neglecting initial population size effects), the probabil-
ity-generating function (PGF) G(z), a mathematically-convenient representation of the mutant
count distribution, is given by

GÖzÜ exp mNf 1 ✏Ö ÜF
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with F being the hypergeometric function. Note that z is a dummy variable in the PGF with no
physical meaning, and G(z) does not directly give the probability of observing a specific
mutant count, but the probabilities can be calculated from G(z) [34]. In the case where mutants
have the same fitness as non-mutants and do not undergo cell death, the equation simplifies
to:

GÖzÜ exp mNf
Ö1 zÜlogÖ1 zÜ

z

 �
; for r 1; ✏ 0 Ö4Ü

Formalisation of the homogeneous-response model

The homogeneous-response model assumes that stress and stress responses impact mutation,
division and death rates on a population-wide level. This implies that the dynamics under
stressful conditions can, as under permissive conditions, be captured by the standard model
(with optional extensions) as described above, simply substituting different parameter values
(Fig 1B). Under permissive conditions (parameters denoted with a superscript p), assuming no
cell death, the non-mutant population grows exponentially, np(t) = np(0)eγpt, with division rate
γp; mutations occur at rate νpnp(t) and mutants develop according to a pure birth process with
rate ρp ⋅ γp.

Under stressful conditions (parameters denoted with a superscript s), the population grows
as ns(t) = ns(0)e(γs − δs)t with a different growth rate caused by a change in division rate γs or a
non-zero death rate δs or both. Mutations also occur at a different rate νsns(t), and the dynam-
ics of mutants are given by a birth-death process with birth rate ρs ⋅ γs and death rate δs.

Therefore, the stress response results in a population-wide change in the per-division muta-

tion rate, mp np
gp ! ms ns

gs; potentially the differential fitness of mutants, ρp! ρs; and poten-

tially a non-zero extinction probability of mutants, ✏s ds

gs . The PGFs for the mutant count

distributions under permissive and stressful conditions in the homogeneous-response model
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are thus given by

Gp
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By applying standard mutation-rate estimation methods to both the fluctuation assay under
permissive and the one under stressful conditions, studies of SIM to date have implicitly
applied such a homogeneous-response model.

Detailed description of the heterogeneous-response model

In contrast, our heterogeneous-response model considers within-population heterogeneity in
the expression of the stress response under stressful conditions. Specifically, we suppose the
population can be divided into two subpopulations: one with a low expression level of the
stress response (here referred to as response switched off, even if strictly speaking the response
is not fully off but very low) and the other with a high expression level (here referred to as
response switched on). Each sub-population is associated with its own mutation rate and divi-
sion rate. We adopt most of the same assumptions of the standard model while focusing on
the specific effect of within-population heterogeneity upon induction of stress responses (Fig
1C).

Under permissive conditions, we assume that all cells have the response switched off,
neglecting any stochastic switching in the absence of a stressor, and therefore, continue to use
the standard model (with optional differential mutant fitness). In particular, the population

grows exponentially, np
off ÖtÜ eg

p
off t with growth rate given by the division rate gpoff , mutations

arise at rate npoff n
p
off ÖtÜ and mutants develop according to a pure birth process with rate

rp
off � g

p
off . The PGF of the mutant count distribution is given by
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where moff ≔
npoff
gpoff

describes the per-division mutation rate, which equals the per-generation rate

as, under permissive conditions, the population growth is solely determined by cell division.
Population dynamic model under heterogeneous stress responses. Upon exposure to

stressful conditions, cells induce a stress response with a constant switching rate α, leading to
the emergence of a response-on subpopulation. Inducing the stress response alters the muta-
tion rate of the cells but potentially also their division and death rates. We assume that, as long
as the stress persists, cells do not switch the response off again.

Non-mutant population dynamics. We model the population sizes over time of the non-
mutant response-off and response-on subpopulations, ns

off and non, respectively, with coupled
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differential equations:

_ns
off Ögsoff ds

off aÜns
off ; Ö8Ü

_non ans
off á Ögon donÜnon; Ö9Ü

Here, gsoff is the division rate of the response-off subpopulation under stress (which can be dif-

ferent than under permissive conditions, gpoff ) and ds
off its death rate, γon and δon are the division

and death rates of the response-on subpopulation, and α is the switching rate. The solution to
these equations is given by

ns
off ÖtÜ ns

off Ö0Üe
Ögsoff dsoff aÜt Ö10Ü

nonÖtÜ
anoff Ö0Ü

gsoff ds
off a Ögon donÜ

eÖg
s
off dsoff aÜt eÖgon donÜt

⇣ ⌘
á nonÖ0ÜeÖgon donÜt Ö11Ü

with ns
off Ö0Ü and non(0) denoting the initial numbers of response-off and response-on cells,

respectively.
This approach assumes that the non-mutants, including the initially small response-on sub-

population, can be treated deterministically. We test the validity of this assumption using sto-
chastic simulations (section A in S1 File): we simulate switching on of the response as a time-
inhomogeneous Poisson process and the growth dynamics of the response-on subpopulation
as a continuous-time linear birth-death process. Then, we compare the resulting population
size with Eq 11. We find that deviations from the deterministic prediction are negligible for a
wide range of switching rates and division rates of response-on cells and for zero and small ini-
tial sizes of the response-on subpopulation (Fig A in S1 File). Therefore, throughout the rest of
this study, we treat non-mutants deterministically.

Mutant population dynamics. We consider mutations in the response-off and the
response-on subpopulation to occur according to time-inhomogeneous Poisson processes and
treat the dynamics of the resulting mutants stochastically. Mutations arise in each subpopula-
tion at rates nsoff ns

off ÖtÜ and νonnon(t), respectively. Importantly, mutation is not linked to cell

division, but rather to chromosome replication. Expression of the SOS response, for example,
inhibits cell division, but cells continue growing, leading to filamentation. Due to the continu-
ation of chromosome replication, filamented cells may contain multiple chromosomes [35].
We neglect the possibility that these intracellular dynamics introduce heterogeneities amongst
cells within the response-on subpopulation or over time and assume that the per-cell mutation
rate (νon) is constant. Experiments show that under prolonged low-level stress, multinucleated
filamented cells can ‘bud’ viable, normal-sized progeny cells from their tips, some of which
contain mutated chromosomes [35]. Although our model remains a simplification of this pro-
cess, the experimental evidence indicates that response-on cells, even if largely non-dividing,
can generate mutant offspring.

At the same time, since the selective agent on the plates is normally chosen to be unrelated
to the stressor applied in the growth phase (e.g. two different antibiotics with no cross-resis-
tance), we assume that mutation itself does not alter the stress response. For response-off cells,
this implies that mutants can induce the response equivalently to non-mutants. Nonetheless,
mutations might affect the fitness during the growth phase. Together, these assumptions result
in a continuous-time two-type branching process describing the mutant response-off and
response-on subpopulations, defined by the respective birth rates rs

off g
s
off and ρonγon, respective
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death rates ds
off and δon, and switching at rate α:

Moff ! Moff Moff ; rate rs
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Moff ! ⌀; rate dsoff

Moff ! Mon; rate a

Mon ! Mon Mon; rate rongon

Mon ! ⌀; rate don:

8
>>>>>>>>>><

>>>>>>>>>>:

Ö12Ü

On selective plates, where the stressor (which was applied during the growth phase) is no
longer present, we assume that response-on mutant cells can resume division. Therefore, we
continue to adopt the standard model assumption that every mutant cell forms a visible colony
upon selective plating.

Derivation of the mutant count distribution. To derive an analytical expression for the
mutant count distribution, we make several approximations, resulting in the approximate het-
erogeneous-response model depicted in Fig 1D. First, we approximate Eq 11 as

n̂onÖtÜ
ans

off Ö0Ü
gsoff ds

off a Ögon donÜ
eÖg

s
off dsoff aÜt

: Ö13Ü

This approximation is valid when the initial population size of the response-on subpopula-
tion is comparably small, non(0)⌧ noff(0), and its growth is slower than the growth of the
response-off subpopulation, gon don ⌧ gsoff dsoff a. As a consequence of this approxima-

tion, the total population grows exponentially with a population growth rate of

ls gsoff dsoff a; Ö14Ü

and the response-on subpopulation makes up a constant fraction of

fonÖtÜ
nonÖtÜ

nonÖtÜ á noff ÖtÜ
a

gsoff dsoff Ögon donÜ
: f ∗on Ö15Ü

In the exact model given by the Eqs 10 and 11, the fraction of the response-on subpopula-
tion changes with time until the stationary fraction f ∗on is reached, but we assume that the frac-

tion at the end of the growth phase, fon(tf), is a good approximation of f ∗on and for the rest of

this study, we refer to it as simply the fraction of response-on cells fon. Note that, even if
response-on cells have zero division rate, the response-on subpopulation grows exponentially
with the population growth rate λs due to the induction of the stress response in response-off
cells.

We define the relative switching rate as

~a≔ a
gsoff ds

off
Ö16Ü

and the relative fitness of response-on compared to response-off cells under stressful conditions
as

ron≔
gon don
gsoff dsoff

Ö17Ü
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and thereby obtain

fon
~a

1 ron
: Ö18Ü

This allows us to rewrite the population growth rate as a function of the division rate gsoff

and the extinction probability ✏soff ≔
dsoff
gsoff

of response-off cells, and the fraction fon and relative

fitness ron of the response-on subpopulation

ls gsoff dsoff a gsoff Ö1 ✏soff ÜÖ1 fonÖ1 ronÜÜ; Ö19Ü

and to calculate the per-generation mutation rates of response-off and response-on cells

nsoff
ls

nsoff
gsoff Ö1 ✏soff ÜÖ1 fonÖ1 ronÜÜ

moff

Ö1 ✏soff ÜÖ1 fonÖ1 ronÜÜ
Ö20Ü

non
ls

non
gsoff Ö1 ✏soff ÜÖ1 fonÖ1 ronÜÜ

mon

Ö1 ✏soff ÜÖ1 fonÖ1 ronÜÜ
Ö21Ü

with mon≔ non
gsoff

. Importantly, we assume here that the per-division mutation rate of response-off

cells is the same under stressful as under permissive conditions, moff
nsoff
gsoff

npoff
gpoff

.

In an additional approximation to derive the mutant count distribution, we neglect the
induction of the stress response in the mutants and assume that mutations have no fitness
effect. For mathematical convenience, we consider switching as a reduction in the division rate
of response-off mutants by α instead (birth rate equal to gsoff a). With this assumption, the

dynamics of response-off and response-on mutant lineages are independent birth-death pro-
cesses. For response-on cells, the relative fitness of mutants ρon (relative to the population
growth rate) can be expressed via

ron
gon don

ls
ron

1 fonÖ1 ronÜ
: Ö22Ü

With these approximations (see Fig 1D), the mutant counts in the response-off and
response-on subpopulations are two independent stochastic processes, each following the stan-
dard model, with differential mutant fitness in the case of the response-on cells. Therefore, we
can substitute the appropriate parameters into Eq 3 to obtain PGFs for the mutant counts,
Gs

off ÖzÜ and Gon(z), respectively:

Gs
off ÖzÜ exp

moff

1 fonÖ1 ronÜ
Ö1 fonÜNs

f

Ö1 zÜlog 1 z
1 ✏soff

✓ ◆

z ✏soff

2

664

3

775 Ö23Ü

GonÖzÜ exp
mon

1 fonÖ1 ronÜ
1 ✏on
1 ✏soff

fonNs
f F

1;
1 fonÖ1 ronÜ

ron
1á 1 fonÖ1 ronÜ

ron

;
z ✏on
z 1

0

BB@

1

CCA

2

664

3

775: Ö24Ü
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Finally, the total mutant count distribution is given by the sum of the contributions of
response-off and response-on subpopulations, with its PGF Gs

hetÖzÜ given by the product

Gs
off ÖzÜ � GonÖzÜ.

In the case of γon = 0, the contribution to the mutant count from the response-on subpopu-
lation follows a Poisson distribution, and (without cell death, implying ron = 0) the PGF of
total mutant count distribution reduces to

Gs
hetÖzÜ exp moff Ns

f
Ö1 zÜlogÖ1 zÜ

z

zÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇ}|ÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇ{Response-off contribution

á mon
fon

1 fon
Ns

f Öz 1Ü
zÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇ}|ÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇÇ{Response-on contribution2

664

3

775 Ö25Ü

exp moff Ns
f
Ö1 zÜlogÖ1 zÜ

z
á monfon

moff Ö1 fonÜ
Öz 1Ü

 !" #
: Ö26Ü

Gs
hetÖzÜ no longer depends on the mutation rate (μon) and fraction (fon) of response-on cells

separately, but rather on the composite parameter

S≔ monfon
moff Ö1 fonÜ

Ö27Ü

which gives the ratio of mutation supply coming from the response-on compared to the
response-off subpopulation, with S 0 implying no heterogeneity in mutation rates.

For the purpose of comparison, we also define the increase in population mean mutation
rate under stressful compared to permissive conditions:

�M≔ Ö1 fonÜmoff á fonmon

moff
; Ö28Ü

which is directly comparable to the increase in mutation rate in the homogeneous-response

model, ms

mp, since μp and μs are population-wide rates.

Example mutant count distributions for the homogeneous and heterogeneous-response
models are shown in Fig B in S1 File.

Model fitting and parameter estimation using maximum likelihood

We use a maximum likelihood approach to estimate the model parameters from fluctuation
assay data. For a given model (homogeneous or heterogeneous), we find the set of model
parameters θ for which the observed mutant counts are most likely. Importantly, we consider
mutant count data concurrently from a pair of fluctuation assays: one under permissive and
the other under stressful conditions. In our heterogeneous-response model, there is at least
one shared parameter between conditions (μoff); therefore, we consider the joint likelihood
function. Note, however, that if there are no shared parameters between conditions (as is the
case for some of the homogeneous-response models), the inference can be carried out
separately.

We define a log-likelihood function

lnLÖy j xp; xsÜ
Xmp

i 0

xpÖiÜ lnâppi ÖyÜä á
Xms

i 0

xsÖiÜ lnâ psiÖyÜä Ö29Ü

as the natural logarithm of the probability of observing the mutant count distributions xp and
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xs under permissive and stressful conditions, respectively, for a given model with parameters θ.
Here, mp and ms represent the maximal observed numbers of mutant colonies, and xp(i) and
xs(i) are the number of plates with i mutant colonies under permissive and stressful conditions,

respectively. The ppi and psi give the probabilities to observe i mutant colonies under permissive

and stressful conditions, respectively, calculated from the PGFs of the mutant count distribu-
tions using recursive formulas described in [34]. Then, we use the default optimisation algo-
rithm implemented in the Julia [36] package Optim.jl (https://julianlsolvers.github.io/Optim.
jl/stable/), to find the parameters that maximise this log-likelihood function. The parameters
that are estimated depend on the specific model that is considered, as described below and
summarised in Table 1.

The complete documentation of all inference algorithms can be found in the file called
inference.jl at https://github.com/LucyL-J/Quantifying-SIM.

Parameters in the inference.
Homogeneous-response model. In the homogeneous-response model, the mutant count

distributions (Eqs 5 and 6) depend on the per-division mutation rates, final population sizes,
and, optionally, differential mutant fitness under permissive and stressful conditions, as well as
the extinction probability of mutants under stress. All parameters must either be set as infer-
ence parameters, or set to a fixed value, which could be the default value or as measured in a
separate experiment. In our implementation, the per-division mutation rates, μp and μs, are

inferred to calculate the increase in mutation rate associated with the stress, that is, ms

mp. The

final population sizes under permissive and stressful conditions, Np
f and Ns

f , are set to fixed

Table 1. Parameters in the inference.

Symbol Definition Cond. Model In the inference

Np
f Final population size P (a-e) Fixed

Ns
f Final population size S (a-e) Fixed

μp Population-wide mutation rate P (a-c) Inferred

μs Population-wide mutation rate S (a-c) Inferred

ρp Differential mutant fitness P (a) Fixed = 1

(c) Inferred

ρs Differential mutant fitness S (a) Fixed = 1

(c) Inferred

ρp = ρs Differential mutant fitness P+S (b) Jointly inferred

✏s Extinction probability mutants S (a-c) Fixed = 0

μoff Mutation rate response-off cells P+S (d-e) Jointly inferred

S Mutation-supply ratio S (d-e) Inferred

fon Fraction response-on cells S (d) Fixed

(c) Inferred if ron 6à 0

ron Relative fitness response-on cells S (d) Fixed (= 0)

(e) Inferred

μon Mutation rate response-on cells S (d-e) Calculated*
✏soff , ✏on Extinction probabilities mutants S (d-e) Fixed = 0

The different inference models are homogeneous-response (a) without, (b) with constrained or (c) with unconstrained differential mutant fitness, and heterogeneous-

response with (d) zero or (e) non-zero division rate of response-on cells. In the inference, each parameter is either set to a fixed value or inferred, with the exception of

the mutation rate of response-on cells, which is calculated from S, μoff and fon. Parameters which appear in both permissive (P) and stressful (S) conditions are jointly

inferred.

https://doi.org/10.1371/journal.pcbi.1012146.t001
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values, as they would typically be measured through plating a few cultures on non-selective
media and colony counting. Moreover, we set the extinction probability of mutants under
stress, ✏s, to zero because we neglect cell death in the inference, which is in common with most
existing approaches, but see [18].

For the differential fitness of mutants compared to non-mutants, ρp and ρs, we consider
three cases corresponding to different versions of the homogeneous-response model: (a)
mutants have the same fitness as non-mutants, ρp = ρs = 1; (c) mutants have a different fitness
than non-mutants (unconstrained) and two separate values, ρp and ρs, are inferred; or (b)
mutants have a different fitness than non-mutants, but the effect is constrained to be equal
under permissive and stressful conditions, ρp = ρs. For the models (a) and (c), the mutant
count distributions under permissive and stressful conditions have no joint parameters and
can, therefore, be considered separately by using existing estimation methods: (a) corresponds
to the standard model and (c) to the standard model with differential mutant fitness (imple-
mented, for example, in [37]). Studies to date have followed such an approach to estimate the
increase in mutation rate. Model (b), on the contrary (with constrained differential mutant fit-
ness, arguably a reasonable null model), represents a new version of the homogeneous-
response model, which is first implemented here. In this case, we estimate the model parame-
ters by jointly maximising the log-likelihood function given in Eq 29. In the main Results, we
consider all three homogeneous-response models (a-c); in section M in S1 File, we repeat the
analysis for constrained mutant fitness only, i.e. models (a-b).

Heterogeneous-response model. In the heterogeneous-response model, the mutant
count distributions under permissive (Eq 7) and stressful conditions (Eqs 23 and 24), depend
on the per-division mutation rates of response-off and response-on cells, the extinction proba-
bilities of response-off and response-on mutants under stress, the fraction and relative fitness
of response-on compared to response-off cells, and the total final population sizes under per-
missive and stressful conditions. The mutation rate of response-off cells, μoff, appears as a
parameter in both the mutant count distributions under permissive and under stressful condi-
tions, and the joint inference crucially relies on our assumption that, even though the division
rate itself might change under stress, the per-division mutation rate of response-off cells is the
same under both conditions. As for the homogeneous-response model, we assume that the

final population sizes, Np
f and Ns

f , are known from plating on non-selective medium. More-

over, we neglect cell death, which implies ✏soff ✏on 0, but test the robustness of this

assumption.
For the relative fitness of response-on cells, we consider two different model versions of the

approximate heterogeneous-response model: (d) as a default, we set ron = 0, inspired by the
SOS response in E. coli, which inhibits cell division, or to a small non-zero value that we
assume is measured in a separate experiment (section H in S1 File); and (e) we infer ron. Simi-
larly, for the fraction of the response-on subpopulation, we (i) assume that it is a known quan-
tity measured in a separate experiment (e.g. microscopy or flow cytometry), or (ii) set it as an
inference parameter.

Ultimately, we are interested in quantifying the relative increase in mutation rate associated
with induction of the stress response, that is, mon

moff
. To do so we need to estimate the mutation

rate of response-on cells, μon. However, we do not directly infer this parameter; instead, we
infer the composite parameter of the mutation-supply ratio S defined in Eq 27, from which we
calculate μon. The reason for this approach is that for ron = 0, the mutant count distribution
under stress does not depend separately on μon and fon but only on S (together with μoff and
Ns

f ); see Eq 26. This also implies that, for ron = 0 and when the fraction of the response-on
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subpopulation is unknown, μon and thus mon
moff

cannot be calculated. In this case, we report esti-

mates of S instead as an indicator of heterogeneity.
Confidence intervals using profile likelihood. In addition to the maximum-likelihood

estimates, we calculate 95% confidence intervals using a profile likelihood approach (section E
in S1 File). The confidence interval for each parameter contains all values such that, after opti-
misation over the remaining inference parameters, the likelihood does not significantly drop
according to a likelihood ratio test.

Evaluating inference methods on simulated data

We test our estimation method using simulated fluctuation assay data: For chosen ranges of
parameter values, we perform stochastic simulations of the population dynamics during the
growth phases of a pair of fluctuation assays, one under permissive and the other under stress-
ful conditions. From the resulting mutant count distributions, we infer the respective parame-
ters under heterogeneous and homogeneous-response models and compare the estimated
with the true simulated parameters, as well as perform model selection. For most of this study,
we simulate under the heterogeneous-response model, but we repeat part of the analysis for
simulation under the homogeneous-response model (sections K and N in S1 File).

The complete documentation of all population dynamic functions can be found in the file
called population_dynamics.jl at https://github.com/LucyL-J/Quantifying-SIM.

Simulation methods. To simulate the growth phase under permissive conditions, we con-
sider exponential growth of the non-mutant population (Eq 1) and implement the occurrence
of mutations as a time-inhomogeneous Poisson process with rate proportional to the popula-
tion size using a standard approach described, for example, in [38]. We treat mutant cells sto-
chastically by using Gillespie’s algorithm [39] to simulate the pure birth process described by
Eq 2 with zero death rate. In the case of the homogeneous-response model, the population
growth rate is given by the division rate, γp, the mutation rate per cell per unit time by νp and
the birth rate of mutants by ρp ⋅ γp. Similarly, for the heterogeneous-response model, the rates

are given by the respective rates of response-off cells (gpoff , n
p
off and rp

off � n
p
off ).

For the homogeneous-response model, we simulate the growth phase under stressful condi-
tions using the same algorithm but with different rates (γs, νs, ρs ⋅ γs). To simulate stressful con-
ditions under the heterogeneous-response model, we use Eqs 10 and 11 (setting non(0) = 0) to
describe the growth of the response-off and response-on subpopulations, and implement the
occurrence of mutations as two independent time-inhomogeneous Poisson processes with
rates proportional to the subpopulation sizes (ns

off ÖtÜ and non(t), respectively) and the mutation

rates per cell per unit time (nsoff and νon). We simulate the mutant dynamics stochastically as a

two-type branching process described by Eq 12 using Gillespie’s algorithm.
In all simulations, we set the duration tf of the growth phase such that the expected number

of mutations (not mutants) is constant across the considered parameter ranges (section C in
S1 File). In our main results, we take c = 50 parallel cultures per assay, which is readily feasible
if culturing on a 96-well plate; see, for example, [16] for a protocol. In sections D and N in S1
File, we also examine the sensitivity of the results to the number of parallel cultures by consid-
ering smaller numbers c.

Accuracy and precision of parameter estimates. Generally, we evaluate the accuracy and
precision of all estimation methods by simulating pairs of fluctuation assays, estimating the
parameters of the inference model and comparing the respective estimates with the true values;
repeated R = 100 times for each parameter set simulated. We consider the deviation from the
true value of the median estimate across the simulations as a measure of the accuracy of the
estimation and the variation as a measure of the precision. In particular, we calculate the
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median of the relative error across the R replicates,

RE
median mon

moff

n o

est

mon
moff

⇣ ⌘

true

⇣ ⌘

mon
moff

⇣ ⌘

true

: Ö30Ü

Here, a positive or negative relative error implies over- or underestimation, respectively.
Moreover, we calculate the coefficient of variation across the R replicates,

CV
std mon

moff

n o

est

⇣ ⌘

mean mon
moff

n o

est

⇣ ⌘ : Ö31Ü

where ‘std’ denotes standard deviation. Where we calculate confidence intervals (section E in
S1 File), we also use the median width of the confidence intervals as a measure of precision.

To plot the estimated parameters across the R = 100 simulations, we use boxplots, where
each box shows the median and interquartile range with whiskers extending to 1.5 times the
interquartile range and any outliers outside that range represented as dots. To summarise the
confidence intervals on each of the R = 100 estimates, we plot the median maximum likelihood
estimate with error bars extending to the medians of the lower and upper bounds of the 95%
confidence intervals.

Model selection: Heterogeneous versus homogeneous response. We also evaluate
whether it is possible to identify the heterogeneity of stress responses from mutant count data
alone. In this case, we suppose we do not have separate experimental data showing heterogene-
ity and, therefore, do not have an estimate of fon. For this purpose, we simulate fluctuation
assays under the (exact) heterogeneous-response model and under the homogeneous-response
model (sections K and N in S1 File) and, then, fit the different homogeneous (a-c) and
(approximate) heterogeneous-response models (d-e). For model selection, we use a combina-
tion of likelihood-ratio test (LRT) and Akaike information criterion (AIC). The AIC is defined
as

AIC 2Ök lnLÜ Ö32Ü

where k is the number of inferred parameters of the model. Within the set of models (a-c) and
within the set (d-e), the models are nested and we use LRTs to determine the best heteroge-
neous/homogeneous-response model within each set first. However, we cannot use LRT to
select between the sets (a-c) and (d-e) because these models are not nested. Therefore, between
the two best models, we select the one with the lowest AIC. However, if the difference in AIC
is within ±2, we say that the AICs are comparable, and neither of the models can be selected.
We also consider the Bayesian information criterion (BIC) as an alternative second selection
step (section N in S1 File).

Results

We aim to estimate the increase in mutation rate associated with the induction of the stress
response when this response is heterogeneously expressed across the bacterial population. In
particular, we consider cases in which the population can be divided into two discrete subpop-
ulations: one with a low expression level (response off) and the other with a high expression
level (response on). The key principle of our method is to jointly infer their mutation rates
from mutant count data obtained from a pair of fluctuation assays under permissive and
stressful conditions. For the latter, we need to disentangle the contributions from the
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response-off and response-on subpopulations. The success of this method relies on the chang-
ing shape of the mutant count distribution under stress, which occurs if there is a highly
mutating but slowly dividing response-on subpopulation (Fig B in S1 File).

To evaluate the performance of our method, we use simulated mutant count data to com-
pare the estimated parameters with the true simulated ones. First, we explore how the accuracy
and precision of our method depend on the model parameters by simulating and inferring
under the same model. Then, we test the robustness of our method to model deviations by
simulating under a more complex model than used in the inference. Finally, we determine
under what conditions the heterogeneous-response model can be distinguished from the
homogeneous-response model assumed in currently available methods by inferring under
both models and comparing how well they fit simulated data.

In all simulations, we set the initial population size to 104 and the initial fraction of the
response-on subpopulation to zero. Moreover, we consider the duration of the growth phase
such that the expected number of mutations equals one. This way, the resulting number of
resistant mutant colonies on each selective plate is usually within an experimentally countable
range of zero to a couple hundred (section C in S1 File). Table 2 summarises the default
parameters used in the simulations, while parameters that vary are specified in the relevant
Results section. For each parameter combination, we simulate R = 100 pairs of fluctuation
assays under permissive and stressful conditions, with c = 50 parallel cultures per assay. We
also test the sensitivity of our method’s performance to the number of parallel cultures (section
D in S1 File) and repeat the model selection analysis for smaller numbers of parallel cultures
(c = 20, 10) in section N in S1 File. Generally, we assume that the final population sizes in per-

missive and stressful conditions (Np
f and Ns

f , respectively) and the fraction of the response-on
subpopulation under stress (fon) are known from separate experimental measurements, except
for the last Results section where we infer without a separate estimate of fon.

Estimation of the mutation-rate increase is accurate and precise for
sufficiently large response-on mutation supply

First, we evaluate our novel inference method’s performance in the best-case scenario; that is,
we simulate and infer under the same model: a model of heterogeneous stress responses with-
out cell death, with mutant fitness equal to non-mutant fitness, and with zero division rate of
response-on cells. We simulate for a range of mutation rates in response-on cells, νon 2 [10−5,
10−8] h−1 and switching rates α 2 [0.001, 0.1] h−1. Note that the per-division mutation rate μon
and the per-unit-time rate νon are equivalent here because we set the division rate gsoff to one.

For the inference, we consider the same model as used in the simulations with the only excep-
tion that we neglect switching on the stress response in mutants and initial population size effects;
for a comparison of the exact and approximated heterogeneous-response model, see Model and
methods. For each set of mutant count data, we infer the mutation rate of response-off cells (μoff)
and the mutation-supply ratio (S), which defines the relative contribution of response-on cells to
the total mutation supply (Eq 27). From these estimates, we calculate the stress-induced muta-
tion-rate increase, i.e. mon

moff
. To quantify the accuracy of our method, we calculate the median of the

relative error of our estimated mutation-rate increases (Eq 30). Additionally, we use the coeffi-
cient of variation across the estimates (Eq 31) to quantify our method’s precision.

Comparing the estimated with the true mutation-rate increase mon
moff

, we find that the accuracy

and precision improve with increasing mon
moff

and relative switching rate ~a (Fig 2B and 2C). For

example, for ~a 0:05, when mon
moff
� 25, 95% of estimates lie within 2−fold of the true mutation-

rate increase and the estimation is unbiased (Fig 2A). For smaller mon
moff

, on the other hand, the
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variation in the estimates becomes large. Nonetheless, if the mutation-rate increase is esti-
mated to be>25, the true increase is very likely to be>10, and conversely, if the mutation-rate
increase is estimated close to zero (<10−3), it is very likely to be<10.

The mutation-supply ratio, which is defined S≔ mon
moff

fon
1 fon

(approximately given by the prod-

uct of mon
moff

and ~a for small α and small ron) determines our method’s performance. For S � 1,

the contribution of the response-on subpopulation is dominating. In contrast, for S ⌧ 1, the
response-on subpopulation contributes very little to the total mutant count. Overall, in the
best-case scenario and for the parameter regime considered here, S ⇠ OÖ1Ü or greater is suffi-
cient for an accurate and precise estimate of the mutation-rate increase.

We also evaluate the sensitivity of our method’s performance to the number of parallel cul-
tures (Fig C in S1 File). For smaller c, the precision of our method worsens compared to c = 50,
but the estimation of mon

moff
remains accurate for sufficiently large S ⇠ OÖ1Ü or greater.

In addition to the maximum likelihood estimates, we calculate 95% profile likelihood confi-
dence intervals on the estimates of the mutation-rate increase (Fig D in S1 File). We find that
the median width of the confidence intervals increases with decreasing mon

moff
and ~a, in a similar

way as the CV of the estimates for R = 100 repeated simulations shown in Fig 2C. Moreover,
we confirm that the true value for the mutation-rate increase lies outside of the confidence
interval in < 5% of the simulations.

Cell death has a limited impact on estimates

Our inference model accounts for changes in mutation and division rates upon induction of
the stress response but neglects other potential consequences of the stress, such as cell death.

Table 2. Parameters used in the simulations unless explicitly specified otherwise.

Symbol Cond. Definition Numerical value

gpoff P Division rate response-off cells 1 h −1

rp
off P Differential mutant fitness response-off cells 1

npoff P Mutations per unit time response-off cells 10−8 h −1

gsoff S Division rate response-off cells 1 h −1

rs
off S Differential mutant fitness response-off cells 1

nsoff S Mutations per unit time response-off cells 10−8 h −1

dsoff S Death rate response-off cells 0 h −1

γon S Division rate response-on cells 0 h −1

ρon S Differential mutant fitness response-on cells 1

νon S Mutations per unit time response-on cells 10−6 h −1

δon S Death rate response-on cells 0 h −1

α S Switching rate 0.05 h −1

For simplicity, we set the division rate of response-off cells under permissive (P) and stressful (S) conditions to 1 h−1.

The switching rate for the SOS response in E. coli has been estimated using single-cell imaging [27]. The mutation

rate is based on rifampicin resistance, a selective marker commonly used in fluctuation assays. In E. coli, the number

of point mutations conferring rifampicin resistance has been estimated to be 79 [40] and the mutation rate between

0.2 � 10−10 and 5 � 10−10 nucleotides per generation in permissive conditions [41], yielding a mutation rate of

npoff ; nsoff ⇡ 10�8 per unit time for response-off cells. Meanwhile, the mutation rate under induction of the stress

response (νon) is set to a default of 100 times higher, comparable to the increase associated with genetic mutators [41,

42].

https://doi.org/10.1371/journal.pcbi.1012146.t002
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Previous work showed that the occurrence of cell death, if neglected in the inference model,
leads to overestimation of mutation rate [18]. Therefore, we asked whether neglecting cell
death has a similar effect in the case of heterogeneous stress responses. For this purpose, we
simulate fluctuation assays under an extended model of heterogeneous stress responses with
cell death. We consider the cases that (i) only response-off cells are affected by cell death, (ii)
only response-on cells are affected, or (iii) all cells are affected equally, using parameter ranges
of dsoff ; don 2 â0:0; 0:5ä h−1.

Interestingly, we find that any biases in the estimated mutation-rate increase depend on
which subpopulation is affected by cell death. If only response-off cells die, the mutation-rate
increase is overestimated for sufficiently large death rates (Fig 3A). On the other hand, if only
response-on cells die, the mutation-rate increase is underestimated (Fig 3B). The estimation
remains unbiased if both subpopulations are equally affected by cell death. However, the varia-
tion in the estimates increases for large death rates (Fig 3C). From the contribution of the
response-on subpopulation to the mutant count given in Eq 24, it can be seen that the effects
of cell death in response-off and response-on cells partly cancel each other out. This result also
holds for a smaller switching rate (Fig E in S1 File).

We test another biologically realistic model deviation: the fitness of mutants differs from
non-mutants during the growth phase (Fig F in S1 File). We find that neglecting this effect in
the inference causes very little bias in the estimates for either a fitness advantage or a fitness
cost of mutations.

Estimation remains accurate when response-on cells have a small to
moderate division rate

So far, we considered response-on cells not to divide at all during the growth phase, motivated
by the SOS response. However, the division rate of response-on cells might be non-zero, espe-
cially if cells are exposed to a very low level of DNA damage (in the case of SOS) or for other
stress responses. As a default setting, our inference method sets the relative fitness of response-

Fig 2. Estimation of the mutation-rate increase is accurate and precise when the mutation-supply ratio is sufficiently large. We simulate using the
simplest model of heterogeneous stress responses (without cell death or differential mutant fitness and with zero division rate of response-on cells) and
infer the mutation-rate increase mon

moff
assuming the same model in the inference. A Estimated compared to true mon

moff
for a range of values of mon

moff
and a relative

switching rate of ~a à 0:05. B Median relative error of estimated compared to true mutation-rate increase for a range of mon
moff

and ~a. Over/

underestimation is shown in red/blue, and diamonds indicate a relative error greater than one. C Coefficient of variation across estimates. The
parameter ranges used in the simulations are νon 2 [10−5, 10−8] h−1 and α 2 [0.001, 0.1] h−1.

https://doi.org/10.1371/journal.pcbi.1012146.g002
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on cells to zero (ron = 0), but it also allows us to estimate ron as an inference parameter. In the
following, we evaluate the performance of our inference method when true ron> 0, specifically
the impact on the estimated mutation-rate increase.

We simulate under the heterogeneous-response model with a non-zero division rate of
response-on cells, considering a parameter range of γon 2 [0, 1] h−1 (with γoff = 1 h−1). Note
that the relative fitness of response-on cells ron is equivalent to their division rate γon because
we consider no cell death here. We consider two different inference approaches. In one case,
we infer the mutation rate μoff, the mutation-supply ratio S and the relative fitness of response-
on cells ron. Alternatively, we infer only μoff and S while setting ron = 0. We estimate the muta-
tion-rate increase mon

moff
in both cases and compare it to the true value. In the first case, we also

compare the estimated with the true ron.
We find that the estimation of the mutation-rate increase remains accurate for small to

moderate relative fitness ron. For larger ron! 1, on the other hand, the mutation-rate increase
is underestimated, yet more accurate and precise if ron is also inferred (Fig 4A). The estimate
of ron itself is also underestimated for larger ron (Fig 4B).

We also evaluate the performance when ron is set to the true value in the inference. Interest-
ingly, this increases the accuracy and precision of the estimate of mon

moff
only slightly compared to

when ron is inferred (Fig G in S1 File). The reason lies in the approximation made to derive the
mutant count distribution (Eq 13), which is no longer valid as ron! 1.

Model selection between heterogeneous and homogeneous response is
often inconclusive

In many cases, it may not be known a priori whether the stress response is heterogeneously
expressed across the population or whether, in contrast, all cells respond similarly. We want to
determine whether distinguishing these two models is possible using mutant count data from
fluctuation assays alone. To do so, we simulate fluctuation assays under the heterogeneous-
response model for a range of relative fitness of response-on cells, ron. For the inference, we use

Fig 3. Cell death has limited impact on the estimation of the mutation-rate increase. We simulate using the heterogeneous-response model (without
differential mutant fitness and with zero division rate of response-on cells) but with cell death. However, we neglect cell death in the model used for
inference. The black solid lines indicate the true mutation-rate increase used in the simulations. A Estimated mutation-rate increase when only
response-off cells are affected by cell death, B when only response-on cells are affected by cell death, and C when all cells are affected by cell death
equally. The parameter ranges used in the simulations are ds

off ; don 2 â0:0; 0:5ä h−1 (with gsoff à 1 h�1).

https://doi.org/10.1371/journal.pcbi.1012146.g003
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both the heterogeneous- and homogeneous-response models and compare how well they fit
the data. We use the same simulation data as in the previous section (parameter range γon 2
[0, 1] h−1). However, we suppose that the fraction of the response-on subpopulation fon is
unknown. Therefore, when using the heterogeneous-response model in the inference, we
either set ron = 0 (in which case fon drops out of the equations) and infer only μoff and S, or set
fon and ron as additional inference parameters. Note that, if fon is not inferred, the mutation-
rate increase mon

moff
can no longer be calculated, see Eq 26.

We perform model selection between the heterogeneous and the homogeneous-response
models using a combination of the likelihood ratio test (LRT) and the Akaike Information Cri-
terion (AIC), which consider how well the models reproduce the data while penalising the
number of model parameters. For the homogeneous-response model, we consider three cases:
(a) without differential mutant fitness (inference parameters: μp and μs), (b) with differential
mutant fitness, but constrained to be equal under permissive and stressful conditions (infer-
ence parameters μp, μs and ρp = ρs) and (c) with unconstrained differential mutant fitness
(inference parameters: μp, μs, ρp and ρs). For the heterogeneous-response model, we consider
two cases: (d) zero relative fitness of response-on cells (inference parameters: μoff and S) and
(e) non-zero relative fitness of response-on cells (inference parameters: μoff, S, fon and ron). We
use LRTs to select the best homogeneous model (a-c) and the best heterogeneous model (d-e)
within each of these sets of nested models. Then, we use the AIC to select between the best
homogeneous and the best heterogeneous-response model, which are not nested. If the differ-
ence in AIC is less than two, we say neither model is clearly selected.

After applying this two-step model selection, we find that the heterogeneous-response
model is selected in the majority of cases (around 75% for ron = 0) when the relative fitness of
response-on cells is small (Fig 5A). For increasing ron, however, the homogeneous-response
model without differential mutant fitness is selected with increasing frequency until it is
selected for the majority of simulations for large ron. The other models are selected for only a

Fig 4. Estimation of the mutation-rate increase remains accurate when response-on cells have a small to moderate
relative fitness. We simulate using the heterogeneous-response model (without cell death or differential mutant
fitness) with ron� 0 being the relative fitness of response-on cells compared to response-off cells. We consider two
cases for the inference: (i) setting ron to zero and only inferring μoff and S, and (ii) inferring ron in addition. A
Estimated mutation-rate increase mon

moff
for both cases and a range of relative fitness of response-on cells. The solid black

line indicates the true value of mon
moff

. B Estimated compared to true relative fitness of response-on cells in inference case

(ii). The parameter range used in the simulations is γon 2 [0, 1] in h−1.

https://doi.org/10.1371/journal.pcbi.1012146.g004
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small number of simulations. Over the whole parameter range, there is a substantial fraction of
cases in which no model can be selected, with the highest proportion of⇡50% for intermediate
ron. This implies that heterogeneity in stress responses with sufficiently large S can in principle
be detected, but only if the division rate of response-on is very small (or zero).

Comparing the mutation-supply ratio S monfon
moff Ö1 fonÜ

estimated by the best heterogeneous-

response model with its true value, we find that the estimate is accurate and precise for small
ron, but with a slight loss in precision for larger ron (Fig 5B). This means that even without a

Fig 5. The heterogeneous-response model is selected only when response-on cells have a small relative fitness. We
simulate under the heterogeneous-response model for a range of relative fitness of response-on cells, ron. In the
inference, we use (d) the heterogeneous-response model with ron = 0 (yellow) and (e) the heterogeneous-response model
with ron and fon as inference parameters (dark green) to infer the mutation rate of response-off cells, μoff, and mutation-
supply ratio, S. We also use the homogeneous-response model (a) without differential mutant fitness (ρp = ρs = 1; light
purple), (b) with constrained differential mutant fitness (ρp = ρs inferred; dark purple) and (c) with unconstrained
differential mutant fitness (ρp, ρs inferred; blue) to infer the population-wide mutation rates under permissive and
stressful conditions, μp and μs, and, for (b) and (c), additionally ρp and ρs. A Model selection using LRT and AIC. B
Estimated mutation-supply ratio, S, by the best heterogeneous-response model. C Estimated increase in mutation rate,
ms

mp, by the best homogeneous-response model. The black lines in B and C indicate the true values of S and the increase in

population mean mutation rate, M , respectively. The parameter range used in the simulations is γon 2 [0, 1] h−1.

https://doi.org/10.1371/journal.pcbi.1012146.g005
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separate estimate of fon, the magnitude of the heterogeneity in mutation rates (in the form of
S) can be captured.

We also compare the estimated increase in mutation rate ms

mp from the best homogeneous-

response model with the true increase in population mean mutation rate under the simulated

heterogeneous-response model, given by �M Ö1 fonÜmoffáfonmon
moff

. Interestingly, the inferred ms

mp is an

accurate and precise estimate of �M over the whole range of ron, with only a slight underestima-

tion for large ron (Fig 5C). For ron! 1 and assuming no cell death, accurate estimation of �M is
expected because the probability generating function (PGF) of the mutant count distribution
reduces to

Gs
hetÖzÜ exp moff Ö1 fonÜ á monfon

⇣ ⌘
Ns

f
Ö1 zÜlogÖ1 zÜ

z

 �
; Ö33Ü

This distribution is equivalent to the homogeneous-response model without differential
mutant fitness (Eq 6), which is selected as the best homogeneous-response model for most
simulations. For small ron, on the other hand, homogeneous-response models with differential
mutant fitness are selected more often, and they (falsely) infer an increasingly severe mutant
cost under stressful conditions as ron! 0 (Fig H in S1 File), despite mutations not having a
cost in the simulations.

We repeat the analysis for a smaller mutation-rate increase, mon
moff

10, and find that the het-

erogeneous-response model is selected less often, only in around 25% of the simulations for
ron = 0 (Fig I in S1 File), implying that small mutation-rate increases are most likely not picked
up through model selection. We also perform model selection when using smaller numbers of
parallel cultures (c = 20, 10) in the inference, and find that, overall, model selection is less
informative for smaller c (Fig M in S1 File).

Finally, we check for the rate of false positives where the heterogeneous-response model is
incorrectly selected in the absence of heterogeneity, by simulating under versions of the homo-
geneous-response model and performing model selection. We find that, when simulating
under the homogeneous-response model with constrained mutant fitness, the homogeneous-
response model is selected in almost all cases independent of the increase in mutation rate (Fig
N in S1 File). Therefore, if the mutant fitness is the same under permissive and stressful condi-
tions, the risk of false positives is negligible. When simulating under the homogeneous-
response model with unconstrained mutant fitness, on the other hand, there are more cases in
which no model or the heterogeneous-response model is selected (Fig O in S1 File).

When simulating under the homogeneous-response model without an increase in mutation

rate (m
s

mp 1) and with small mutant fitness costs, no model can be selected in most cases, but

both heterogeneous and homogeneous-response models correctly infer that there is no

increase in mutation rate, corresponding to S 0 and �M 1, respectively (Fig J in S1 File).

Discussion

Since its introduction 80 years ago, the standard model behind the fluctuation assay has been
extended numerous times to overcome limitations and make it more biologically realistic.
Extensions particularly relevant for quantifying stress-induced mutagenesis include consider-
ing cell death [18, 43] and differential mutant fitness [44]. In this study, we addressed a so-far
overlooked limitation of fluctuation analysis: heterogeneity in the expression of stress
responses, which single-cell studies have recently demonstrated. Our population dynamic
model considers that only a subpopulation of cells (fraction fon) have the stress response
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switched on and the remainder of the population switched off. This allows us to estimate the
relative increase in mutation rate associated with the induction of the stress response, mon

moff
.

We tested our estimation method with simulated mutant count data, which confirmed
accurate and precise estimation of mon

moff
for sufficiently large mutation-supply ratio defined as

S≔ fon
1 fon

mon
moff

(Fig 2). S depends on the mutation-rate increase itself and the fraction of the

response-on subpopulation. While mon
moff

is inherent to the stress response, fon could potentially be

increased through experimental design. For example, increasing the antibiotic concentration
has been shown to increase the rate of switching on the stress response and thus the fraction of
the response-on subpopulation [27]. Our results suggest that mutation rate estimates would be
more accurate at higher antibiotic concentrations, all else being equal. Increasing antibiotic
concentration could, however, also increase cell death. We neglect cell death in our inference,
but we showed that our method is robust to this model deviation up to moderate death rates
when cell death affects response-off and response-on subpopulations equally (Fig 3C).

We used model selection with a combination of likelihood-ratio tests and AIC to evaluate
whether a signal of mutation-rate heterogeneity can be detected from fluctuation assays alone.
The chances of detecting heterogeneity are highest when response-on cells are non- or only
slowly-dividing (ron⌧ 1). For moderate switching rates and a mutation-rate increase of
mon
moff

100, the heterogeneous-response model is selected over homogeneous-response models

in the majority of the simulated experiments (Fig 5A). However, with increasing ron (> 0.25),
the heterogeneous-response model is only rarely selected. A smaller mutation-rate increase
mon
moff

10 also cannot effectively be detected by model selection (Fig I in S1 File). Generally,

model selection with fewer than c⇡ 50 parallel cultures per fluctuation assay will be very diffi-
cult to interpret even for the best-case parameter range (Fig M in S1 File).

Our results suggest that heterogeneity in stress responses may have been overlooked when
using fluctuation assays, and these data should be complemented with additional experiments
to support or rule out alternative explanations. For example, mutants arising in the fluctuation
assay can be isolated and their relative fitness compared to non-mutants measured with a pair
of competitive fitness assays under permissive and stressful conditions. This measurement
would allow researchers to check whether mutant fitness values estimated from the homoge-
neous-response model fit (ρp and ρs) are reasonable. In particular, a large difference in esti-
mated ρp and ρs may alternatively indicate the presence of a slowly-dividing and highly-
mutating subpopulation (Fig H in S1 File). Constraining ρp = ρs, arguably a reasonable null
model, increases the fraction of simulated experiments in which the heterogeneous model is
selected (Fig L in S1 File).

If there is reason to suspect heterogeneity in the stress response, experimentalists can test
this hypothesis directly by engineering fluorescent reporters into the bacterial strain of interest
and measuring the response on a single-cell level, e.g. by flow cytometry [8, 9, 24] or micros-
copy [8, 19, 20]. These experiments would provide an independent estimate of the fraction of
the response-on subpopulation to further constrain the heterogeneous-response model and
allow calculation of mon

moff
. In reality, multiple factors causing deviation from the standard fluctua-

tion assay model (e.g. heterogeneous stress responses, differential mutant fitness, and cell
death) will likely operate simultaneously. Since it is not feasible to reliably estimate a large
number of parameters from fluctuation assay data alone, separate experiments become impor-
tant to decide which deviation(s) are most relevant to incorporate into the fluctuation analysis.

Interestingly, the homogeneous-response model performs well in estimating the increase in
population mean mutation rate (Fig 5C). Therefore, mutation rate estimates from previous
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studies that neglect heterogeneity in stress-induced mutagenesis, such as [8, 11, 14], can simply
be interpreted as population-wide averages. However, these studies may underestimate the
true extent of mutagenesis associated with the expression of the stress response if it is only
induced by a subpopulation of cells. Estimating not only the increase in population mean but
also heterogeneity in mutation rate, as is possible with our method, could be important for
parameterising evolutionary models, such as predictions of antibiotic resistance evolution.
Theoretical modelling suggests that single-locus adaptation can be accurately captured by the
population mean mutation rate, but within-population variation (even for a fixed population
mean) can speed up multi-locus adaptation [45]. However, this previous model did not incor-
porate any coupling of changes in mutation rate to changes in cell division or death rates, as
would be expected in the case of stress responses. Therefore, an important direction for future
work is to assess when the pleiotropic effects of realistic stress responses truly accelerate
evolution.

Our approach to quantifying stress-induced mutagenesis assumes that the expression of the
stress response is bimodal and can reasonably be modelled as either switched off or on. To a
reasonable approximation, this expression pattern has been observed for the SOS response,
particularly in slow-growth conditions [27]. In other conditions or for other stress responses,
it might be more appropriate to model the expression as a unimodal distribution. We expect,
however, that this increase in model complexity would make parameter inference more chal-
lenging. Similarly, for simplicity, we neglect stochastic induction of the stress response under
permissive conditions. Low levels of stress-response expression have been reported, for exam-
ple, due to spontaneous DNA breakage [46, 47]. We expect our method to be robust to low lev-
els of stress response induction under permissive conditions since, in this case, the
subpopulation with elevated stress response level will be negligibly small. This also implies,
though, that with our method we cannot effectively quantify heterogeneity in mutation rates
in unstressed conditions.

To be able to derive an analytical expression for the mutant count distribution, we made a
series of approximations, the most important one being that cells with stress response switched
on have a net growth rate (γon − δon) much lower than that of off cells (gsoff doff a). For the

SOS response, this approximation is valid, as induction of the response inhibits cell division.
However, it might be violated for other stress responses, particularly if they protect cells from
death, resulting in δon< δoff. In this case, our approximation is no longer valid, and therefore,
parameter estimation using our method is expected to be less accurate. Nonetheless, the esti-

mated mutation-rate increase is robust to relative fitness of response-on cells ron
gon don
gsoff dsoff

up to

⇡75% and is only marginally improved by inferring ron rather than setting it to zero (Fig 4A).
We also assume response-on cells do not switch the response off so long as the stress

remains present during a fluctuation assay’s comparably short growth phase. In particular, this
assumption implies that the model cannot capture stress responses that are transiently
expressed and associated with pulse-like mutagenesis even under continued exposure to the
stressor, such as the oxidative stress response [48]. Our model could be adapted for stress
responses where induction of the response is associated with a decrease in mutation rate along
with increased cell viability, such as the adaptive (Ada) response to DNA alkylation damage,
which also exhibits within-population heterogeneity in timing of induction [22, 23]. However,
this situation would require a different parameterisation of the model, in which our current
analytical approximations break down and the potential for parameter inference would need
to be re-tested. Overall, developing models tailored to other stress responses offers an interest-
ing direction for future work.
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In summary, we have presented and validated a new method for inferring stress-induced
increases in mutation rate from fluctuation assays. Importantly, however, both a heteroge-
neous stress response and a homogeneous response with mutant fitness costs can generate
similar patterns in fluctuation assay data (Fig B in S1 File), which calls for further experiments
to distinguish these models. While the homogeneous-response model can estimate the increase
in population mean mutation rate, our new method of inferring heterogeneous mutation rates
would be crucial for accurately characterising the mutagenic effects of stress responses and
parameterising models of multi-locus adaptation. In future work, we aim to incorporate our
new method into user-friendly tools for application to experimental data, similar to existing R
packages [37, 49] and web tools [16, 32, 50, 51] for fluctuation analysis.

Supporting information

S1 File. Supplementary information. Mathematical derivations, example mutant count distri-
butions, sensitivity analysis, 95% confidence intervals, parameter estimation and model selec-
tion for additional parameter ranges, and comparison of model selection procedures.
(PDF)
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What’s next? Application to experimental data!
Our estimation method had always been intended for the analysis of experimental

data. With my second supervisor Meriem El Karoui, we discussed the possibility of

performing our own experiments. But then we came across a recent meta-analysis

of fluctuation assay data [71] and decided to re-analyse these experiments instead.

After scanning the data, we realised that we needed to additionally implement partial

plating. Moreover, our estimation analysis up until this point had been under the

assumption that there was stress-induced mutagenesis (with the question of whether

or not there was heterogeneity in stress responses). For the data we intended to re-

analyse, this assumption was not necessarily true. Therefore, we decided to include

a ‘null model’ of no stress-induced mutagenesis in our estimation and model selec-

tion procedure. The variation in experimental design and antimicrobials used in the

experiments also sparked new research questions.



Chapter 3

Support for stress-induced
mutagenesis and heterogeneous
stress responses in experimental

fluctuation assay data

3.1 Introduction
Antibiotic resistance is a major global health threat, and the rapid emergence and

spread of resistance has closely followed each discovery of a new antibiotic. It is

important to understand how genetic mutations arise that allow bacteria to survive

antibiotic treatment, a research area to which the fluctuation assay has contributed

significantly.

The fluctuation assay, originally designed to test whether mutations arise spontan-

eously and at random, or are induced by and directed towards a selective pres-

sure [54], has a simple experimental setup (see [47] for a protocol): Several parallel

cultures are inoculated and grown, typically overnight, in permissive conditions (the

growth phase). Then, each culture is plated on a plate with selective medium (often

an antibiotic) where only resistant mutant cells can grow. The resistant colonies are

counted, giving the so-called mutant count distribution. When the first fluctuation

assay was performed, the shape of the mutant count distribution, with large variation

in the colony counts between plates, provided evidence that mutations arise spontan-

eously during the growth phase [54]. At the same time, the experiment yielded the first

quantitative estimate of the mutation rate in bacteria, and is used almost exclusively

for this purpose today.

40
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Fluctuation assays are used in many fields of research, including antimicrobial res-

istance, evolutionary genetics, DNA repair and genotoxicity, see [20] for a review. At

the intersection of all these fields lies the topic of stress-induced mutagenesis (SIM),

which is the concern of this work. SIM describes how exposure to environmental

stressors, such as antibiotics or biocides at low concentrations, induces stress re-

sponses in bacteria. This can lead to an increase in DNA damage followed by the

upregulation of error-prone DNA repair mechanisms and, thereby, to an increase in

mutation rate. Several studies report SIM in bacteria, particularly when exposed to

low levels of stress such as low antibiotic concentrations, using fluctuation assays to

estimate and compare mutation rates [76, 28, 33, 3, 45, 31, 62].

Since the invention of the fluctuation assay, there have been huge improvements in

the mathematical and computational methods to estimate the mutation rate. Today,

there are a range of reliable and easy-to-use tools available, see for example [51] for a

recent review. Moreover, the original population dynamic model behind the fluctuation

assay has been extended in various ways to make it more biologically realistic or to

adapt it to specific scenarios. For example, the mutant count distribution has been

derived for the case that there is cell death, that mutant cells have a different fitness

than non-mutant cells, and that only part of each culture is plated on the selective

media.

In our previous work, we additionally proposed an estimation approach particularly

relevant for studying SIM: Addressing cell-to-cell heterogeneity in the induction of

stress responses [50], which has been revealed by recent single-cell studies [59,

61, 40, 70, 69, 74, 62, 39, 73, 38, 13]. We introduced a population dynamic model

inspired by the DNA-damage response in E. coli (SOS response), which captures

heterogeneity in stress responses in the form of a slowly dividing and highly mutating

subpopulation. Using simulated fluctuation assay data, we showed that this model

allows us to estimate the specific increase in mutation rate associated with the in-

duction of the stress response, if the fraction of this response-on subpopulation has

been measured. However, we also found that either heterogeneity in stress responses

or mutants having a different fitness than non-mutants results in a similar shape of

the mutant count distribution and, therefore, are difficult to distinguish from fluctu-

ation assay data alone. Moreover, we showed that neglecting heterogeneity in stress

responses effectively leads to an accurate estimation of the increase in population-

mean mutation rate, but not in the mutation rate specifically associated with cells

inducing the stress response.
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In this work, we now apply our estimation method [50] to published experimental data

from studies using fluctuation assays to quantify SIM. We extended the population

dynamic models to include partial plating because many studies do not plate the entire

culture onto the selective plates. We also defined a null model to test whether there is

statistical evidence for SIM in the first place. Moreover, we converted our method into

a user-friendly R tool, freely available at https://github.com/LucyL-J/estimu.

3.2 Models and methods

3.2.1 Meta-analysis of previous experimental studies

We re-analysed published fluctuation assay data that fulfilled our requirement of per-

forming at least one fluctuation assay where the parallel cultures were exposed to a

concentration of an antibiotic or antimicrobial chemical below the minimum inhibitory

concentration (MIC) and one untreated control assay. We excluded studies for which

no raw data was available and studies in which cultures were allowed to recover

in fresh antibiotic-free medium after exposure during the growth phase and before

plating, as this protocol deviates from the standard fluctuation assay protocol in a way

that cannot adequately be captured by existing population dynamic models.

To identify relevant data, we used a recent meta-analysis [71] which gathered such

fluctuation assay data from 10 studies [3, 14, 15, 25, 30, 34, 37, 60, 64, 68], as

well as performed their own experiments [71], but we excluded studies that used

a regrowth protocol [37, 64]. Additionally, we included two more recently published

studies [10, 65]. In total, we considered 11 studies which performed 94 fluctuation

assays using 5 different bacterial species and 25 antimicrobials.

We classified these antimicrobials by their target [43], which represents a broader

classification than antibiotic class and allows us to include antimicrobial chemicals

(technically not antibiotics), see Table 3.1. Antimicrobials binding to the 70S ribosome

make the largest group by the number of experiments using them, followed by antimi-

crobials binding to DNA gyrase (Fig 3.1).
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Antibiotic Abbreviation Class Target
Mitomycin MMC Anti-tumor/-neoplastic DNA directly
Ciprofloxacin Cip

Quinolone
DNA gyrase

Nalidixic acid Nal
Norfloxacin Nor
Novobiocin Novo Aminocoumarin
Trimethoprim Trim Antimetabolite Dihydrofolate
Rifampicin Rif Rifamycin RNA polymerase
Chloramphenicol Cm Amphenicol

70S Ribosome

Erythromycin Ery Macrolide
Amikacin Ami

Aminoglycoside

Gentamycin Gen
Kanamycin Kan
Neomycin Neo
Tobramycin Tob
Streptomycin Strep
Spectinomycin Spec Aminocyclitol
Tetracycline Tet Tetracycline
Ampicillin Amp

Penicillin
Penicillin-binding protein

Penicillin Pen
Ceftazidime Cef Cephalosporin
Imipenem Imi Carbapenem
Benzalkonium

BAC

Disinfectant
Cell membrane diretly

chloride
Chlorhexidine

CHX
digluconate
Didecyldimethyl-

DDAC
ammoniumchlorid
Copper Cu
Hydrogen peroxide H2O2 Multiple targets via generation
Metronidazole Met Nitroimidazole of toxic reactive species (TRS)
Nitrofurantoin Nitro Nitrofuran
Optochin Opto Quinine-derivative ATPase

Table 3.1: Classification of the antimicrobials used in the re-analysed experi-
ments (with respective abbreviations) by antibiotic class and target.
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From the raw data, we additionally extracted the number of parallel cultures (for the UT

and for the S conditions). If the study used E. coli and measured the expression of the

DNA-damage response (SOS response), we recorded any qualitative or quantitative

measurements provided in the study (not shown in Table 3.2 but can be found in the

file meta_data.csv at https://github.com/LucyL-J/estimu).

In cases where several biological replicates (i.e. multiple fluctuation assays under

the same conditions) were performed, we pooled the replicates together due to our

requirement of always pairing exactly one stressed (antimicrobial-treated) with one

untreated fluctuation assay and such pairing being ambiguous otherwise. This pairing

also implied that if a study tested more than one antimicrobial but performed only

one untreated control, we re-used the data from untreated fluctuation assay for each

antimicrobial treatment. Overall, we were left with 77 pairs of fluctuation assays, which

we defined as experiments, to analyse. To each experiment, we assigned a unique

identifier consisting of ‘1stauthor_antimicrobial_X’. X describes a condition other than

the antimicrobial, which was varied by the authors, such as the selective marker, the

duration of the growth phase, the bacterial species or strain, or the drug concentration.

We show the estimation results for all bacterial species and strains. However, we

restricted some of our analyses to experiments using E. coli wild-type strains MG1655

and TD2158 (44 out of 77) to be able to compare estimated parameters meaningfully.



Study Species strain Antimicrobial applied in the S condition #cultures Growth Selective
(mutant) ([ µg

mL ]) (UT, S) phase plates

Baharoglu et al. [3] E. coli MG1655
Amp (0.05), Cm (0.15), Cip (0.05), Kan (0.2),

(3, 2-3) 24h in MH 40% on RifMMC, Neo (0.1), Rif (0.05), Spec (0.2),
Tet (0.15), Tob (0.1), Trim (0.05)

Bulssico et al. [10] E. coli TD2158 Cip (0.01) (236, 240) 20h in LB 100% on Rif

Cortes et al. [14] S. pneumoniae D39 Cm (3.0), Ery (0.09), Pen (0.024) (29-30, 18-31) 7.5h in BHI
100% on Opto,
100% on Rif

Dapa et al. [15]
E. coli MG1655

MMC (1.0) (62-65, 18)
24h in LB, 4% on Rif

(DSulA) 48h in LB
Frenoy et al. [25] E. coli MG1655 H2O2 (0.034), Kan (3.0), Nor (0.05) (153, 71-158) 24h in LB 20% on Rif
Giroux et al. [30] E. coli MG1655 Trim (0.04) (30, 30) 24h in LB 2% on Tet

Hocquet et al. [34] P. aeruginosa PA14 Met (50.0) (3, 3) 24h in LB

0.0002% on Ami,
0.2% on Cef,
0.02% on Cip,
0.002% on Imi

Mo et al. [60]
E. coli MG1655 Amp (2.0), Cip (0.01), MMC (0.5), Nitro (2.0),

(6, 6) 48h in LB 1% on Rif
(wt and DSulA) Novo (16.0), Strep (2.0), Trim (0.032)

Schmidt et al. [65]

A. baylyi ADP1
BAC (0.24), CHX (0.002), Cip (0.036),

(48, 48) 25h in M9G 100% on Rif

Cu (1.0), DDAC (0.02), Trim (16.0)

B. subtilis 3610
BAC (0.0012), CHX (0.012), Cip (0.008),
Cu (0.004), DDAC (0.0002), Trim (0.004)

E. coli MG1655
BAC (0.03), CHX (0.012), Cip (0.0006),
Cu (0.025), DDAC (0.01), Trim (0.2),

Torres-Barcelo et al. [68]
P. aeruginosa PA01

Cip (0.048) (12, 12) 24h in M9KB 4% on Rif
(wt and LexAd)

Vasse et al. [71] E. coli MG1655

Amp (1.0 and 3.2), Cm (0.15 and 1.5),

(23, 11-12) 24h in LB 40% on Rif
Cip (0.005), Kan (1.6), MMC (1.0),
Nal (1.0), Nor (0.005 and 0.05), Strep (5.0),
Tet (0.15), Trim (0.005 and 0.05)

Table 3.2: Bacteria, antimicrobials, number of parallel cultures, duration of the growth phase and growth medium, and plated
fraction and the selective medium used in the respective studies. In some studies, the number of parallel cultures varied, both
within and between the untreated (UT) and the antimicrobial-treated (S for stressed) conditions. Most studies used nutrient-rich media:
Mueller-Hilton (MH), lysogeny broth (LB), brain heart infusion (BHI). Two studies used minimal media, supplemented with either
glucose (M9G) [65] or kasugamycin and bovine serum albumin (M9KB) [68]. The concentration of MMC was missing in [3].
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3.2.2 Models of stress-induced mutagenesis (SIM)

We analysed each experiment (pair of fluctuation assays, antimicrobial-treated com-

pared to untreated condition) under three different scenarios: (i) there is no increase

in per-division mutation rate due to the antimicrobial, (ii) the antimicrobial leads to

a population-wide increase in mutation rate, and (iii) the antimicrobial results in the

emergence of a subpopulation of cells with increased mutation (and decreased di-

vision) rate. Fig 3.2 shows a schematic of how we model these scenarios. Case (i)

corresponds to the null model of stress not influencing the mutation rate. Case (ii)

corresponds to a model of homogeneous stress responses, and case (iii) corres-

ponds to a model of heterogeneous stress responses with induction in only a small

subpopulation, as we introduced in our previous work [50].

General model structure: All models we use share the same basic structure, in

common with the majority of models used in mutation-rate estimation from fluctuation

assays [51]: an exponentially growing non-mutant population (or subpopulations with

the stress response off/on in the case of the heterogeneous-response model) with

population growth rate l . Cell death is neglected and, therefore, the population growth

rate l is equal to the cell division rate g . Mutations occur randomly at rate µ per

cell division, and each mutant cell grows stochastically according to a pure birth

process with the birth (cell division) rate b. Optionally, we also consider a differential

mutant fitness, i.e. mutant cells having a different division rate than non-mutant cells,

described by the ratio r := b
l . When only a fraction of the whole culture is plated

(plating efficiency E), we assume that each mutant cell, independently, has the same

probability E to end up on the plate and form a colony.

Null model (no stress-induced mutagenesis): In our null model, we assume that cells

do not induce a mutagenic stress response and, despite the division rate potentially

being impacted by the antimicrobial, the per-division mutation rate does not change,

i.e. µ0 = µs (subscript 0 for the untreated control and subscript S for the stressed

condition under antimicrobial treatment). The same applies to the mutant fitness: even

if r0 6= 1, it remains unchanged regardless of the presence of the antimicrobial, i.e.

r0 = rs. This assumption is reasonable as long as resistance to the antibiotic used
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Figure 3.2: Models of SIM. In the untreated condition (UT), the non-mutant pop-
ulation grows exponentially with rate l0 given by the division rate = g0. Mutations
occur randomly at per-division rate µ0, and mutant lineages grow stochastically with
differential fitness r0 (compared to the non-mutant population). Under treatment
with an antimicrobial stressor (S), we consider three possibilities: Null model (no
SIM): Non-mutants grow exponentially with potentially reduced division rate, ls =
gs  g0. Mutations occur randomly at the same per-division rate µ0, and mutants
grow stochastically with the same differential fitness r0 as in the UT condition.
Homogeneous response: Non-mutants grow exponentially with potentially reduced
division rate ls = gs  g0. Mutations occur randomly at an increased per-division
mutation rate µs > µ0. Mutants grow stochastically with differential fitness rs, which
can be 6= r0. Heterogeneous response: Response-off non-mutants divide at rate
goff and switch to the response-on state at rate a . Response-on non-mutants have
a zero or very low division rate gon ⌧ goff relative to response-off non-mutants,
ron := gon/goff. The total population grows exponentially at rate ls ⇡ goff �a , and
the response-on subpopulation makes up a stationary fraction f ⇤on. In response-off
cells, mutations occur at the same per-division mutation rate µoff = µ0, and mutants
grow stochastically with the same differential fitness roff = r0. In response-on cells,
mutations occur at a high per-(response-off )-division rate µon > µoff, and response-on
mutants grow stochastically with differential fitness r0gon/(goff �a). For all models:
We assume that the initial population size is much smaller than the final population
size at the end of the growth phase, Ni ⌧ Nf , and neglect cell death. Each mutant
cell is plated on a selective plate with a probability given by the plating efficiency E.
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on the selective plate does not confer any advantage or disadvantage in the presence

of the antimicrobial stressor used during the growth phase, in particular, that there is

no cross-resistance.

For models of SIM, we distinguish between stress responses that are expressed

homogeneously and ones that are expressed heterogeneously across the bacterial

population.

Homogeneously expressed stress responses: In the homogeneous-response model,

we assume that all cells in a population respond to the antimicrobial in the same way:

a population-wide increase in per-division mutation rate under antimicrobial treatment

compared to untreated conditions, µ0 ! µs, and optionally, a population-wide change

in differential mutant fitness, r0 ! rs.

Heterogeneously expressed stress responses: In the heterogeneous-response model,

we assume within-population heterogeneity in the stress response. In particular, in our

heterogeneous-response model, the antimicrobial treatment results in the emergence

of a response-on subpopulation (subscript on), which expresses the stress response.

Switching to the response-on state happens at a rate a , and after an initial equi-

libration phase, the response-on subpopulation makes up a (stationary) fraction f ⇤on

of the total population. Induction of the stress response in these response-on cells

results in an increased mutation rate µon > µoff and zero/decreased division rate, ron,

relative to response-off cells. This model is inspired by the SOS response in E. coli,

which is heterogeneously expressed within populations [59, 40, 38]. Moreover, the

SOS response includes the induction of error-prone DNA polymerases and inhibits

cell division but not DNA replication, implying that mutations can still occur, potentially

at an increased rate [4, 26]. For more details of the model, see [50].

3.2.3 Parameter estimation and confidence intervals

We used a maximum-likelihood approach to estimate the model parameters under

the different models. That is, for each experiment and each model, we determined the

set of parameters for which the likelihood of the observed mutant count distribution

in the untreated condition together with the one under antimicrobial treatment is

maximal. Using a profile-likelihood approach, we also calculated 95% confidence

intervals around the maximum-likelihood estimates.
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Here, we extended our previous work [50] in three ways: by implementing inference

under the above-described null model, by allowing a fixed (not estimated) differential

mutant fitness in the heterogeneous-response model, and by including partial plating

into all models. The latter closely follows the implementation by [51], and details can

be found in the file mutantcountdistributions.jl at https://github.com/LucyL-

J/estimu.

Null model: Under the null model, we jointly infer the mutation rate, which remains

unchanged under antimicrobial treatment µ0 = µs. In general, the differential mutant

fitness can be set to fixed values in the inference if it is known from separate ex-

periments. Because estimates of the mutant fitness are not available for the data

analysed here, we either set r0 = rs = 1, or consider it as an additional joint inference

parameter r0 = rs, under the assumption that differential fitness is not affected by the

antimicrobial treatment. This results in one, or optionally two, inference parameters.

Homogeneous-response model: In the homogeneous-response model, there are a

minimum of two inference parameters: the mutation rates under untreated and anti-

microbial treatment, µ0 and µs. Optionally, we also infer the differential mutant fitness,

either as a joint parameter (constrained to be equal regardless of the treatment, r0 =

rs) or as two separate parameters, r0 and rs. Under the homogeneous-response

model, we quantify stress-induced mutagenesis as the increase in population-wide

mutation rate M̄ := µs
µ0

.

Heterogeneous-response model: In the heterogeneous-response model, the muta-

tion rate of response-off cells, µoff, is assumed to be the same regardless of the

treatment and is, therefore, jointly inferred from untreated and treatment conditions.

Response-on cells, on the other hand, appear only under antimicrobial treatment. We

have to distinguish two cases, depending on the relative division rate of response-

on cells, ron. When ron = 0, we cannot infer the mutation rate µon and fraction fon

of response-on cells separately (see [50]). Instead, we infer as a second composite

parameter, the mutation-supply ratio defined as

S :=
µon fon

µoff(1� fon)
, (3.1)
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SIM Model version Inference Abbr.parameters

Null (no SIM)
without diff. mutant fitness µ0 N0
with diff. mutant fitness (constrained) µ0, r0 N1

Homogeneous
without diff. mutant fitness µ0, µs HOM0
with diff. mutant fitness (constrained) µ0, µs, r0 = rs HOM1
with diff. mutant fitness (unconstrained) µ0, µs, r0, rs HOM2

Heterogeneous
zero rel. division rate on-cells µoff, S HET0

non-zero rel. division rate on-cells
µoff, S, ron HET1
µoff, S, ron, fon HET2

Table 3.3: Models of SIM, subdivided into specific model versions, with a list of
parameters inferred in each model version, and the abbreviation for the model version
used in section 3.2.4.

which measures how many mutations originate in the response-on subpopulation

compared to the response-off subpopulation. When ron 6= 0, we can set ron and fon

as inference parameters (in addition to µoff and S) and subsequently calculate µon,

giving in total four inference parameters.

If an estimate for the fraction of response-on cells is available from a separate ex-

periment, the mutation rate of response-on cells can be calculated even if ron = 0.

Alternatively, ron can be inferred, with a total of three inference parameters in that

case.

In principle, mutants can have a different fitness than non-mutants in our heterogeneous-

response model. However, we implemented only the model version with differential

mutant fitness set as a fixed value in the inference and not as an inference parameter

itself. Since estimates of mutant fitness are not available in the studies analysed here,

we set roff = r0 = 1 here. Under the heterogeneous-response model, we quantify

stress-induced mutagenesis either as the specific increase in mutation rate associ-

ated with the induction of the stress response, i.e. µon
µoff

(in the case of non-zero ron or

known fon), or as the mutation-supply ratio S (for ron = 0 and fon unknown).

Table 3.3 summarises all inference models and model versions with their respective

abbreviations.
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Figure 3.3: Model selection procedure. First, we tested for an increase in mutation
rate (blue), followed by tests for differential mutant fitness (yellow). Finally, we
compared between homogeneous and heterogeneous stress responses (green).

3.2.4 Model selection

For each experiment (pair of fluctuation assays, antimicrobial-treated compared to

untreated condition), we also evaluated which of the above-described models best

explains the mutant count data using a multi-step model selection procedure, sum-

marised in Fig 3.3.

Support for SIM: As a first step, we determined whether there is significant evidence

for stress-induced mutagenesis. For this purpose, we evaluated first whether there

was support for a change in mutation rate due to the antimicrobial, while neglecting

any differential mutant fitness, by performing an LRT between the model versions N0

and HOM0. If HOM0 was selected, we checked that the fold-change in mutation rate

was indeed greater than one. If yes, we then tested whether there was support for a

differential mutant fitness in addition to an increase in mutation rate by performing

successive LRTs between the model versions HOM0, HOM1 and HOM2. If either

HOM1 or HOM2 had significant support in these LRTs, we chose the respective

version as the best homogeneous-response model version and classified this as

support for SIM.

However, if HOM0 was selected by the LRTs (no significant support for HOM1 or

HOM2), we additionally checked whether a differential mutant fitness in the absence

of a change in mutation rate could present an alternative explanation by performing

an LRT between N0 and N1. If this test was significant, i.e. either a differential mutant
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fitness (but without a change in mutation rate) or an increase in mutation rate (but

without differential mutant fitness) could explain the fluctuation assay data, we used

the Akaike information criterion (AIC) to select between the scenarios. Here, we can-

not use an LRT because these models are not nested. If the difference in AIC between

N1 and HOM0 was greater than two, we selected HOM0 as the best homogeneous-

response model version with support for SIM. Otherwise, we classified the data as

being without significant support for SIM.

Homogeneous vs. heterogeneous response: If we found significant support for SIM,

we determined if a homogeneous or heterogeneous stress response better explains

this increase in (population-wide) mutation rate. Here, we performed successive LRTs

between the model versions N0, HET0, HET1 (if an estimate of fon was available), and

HET2 to determine whether there was support for population heterogeneity in SIM in

the form of a highly mutating but slowly dividing response-on subpopulation. In the

case that there was no such support (N0 was selected), we classified the data to be

better explained by the homogeneous-response model.

On the other hand, if either HET0 or HET2 (or HET1 if applicable) had significant

support in these LRTs, we chose the respective version as the best heterogeneous-

response model version. Subsequently, we used the AIC to select between the best

homogeneous-response model version (as selected previously) and the best heterogeneous-

response model version (again, we cannot use an LRT because these models are

not nested). If the difference in AIC between the best homogeneous- and the best

heterogeneous-response model version was smaller than minus two, we selected the

homogeneous-response model; if the difference was greater than two, we selected

the heterogeneous-response model. On the other hand, if the absolute difference

in AIC was smaller than two, we considered the model selection inconclusive and

selected none of the models.

Here, we chose the AIC with a threshold of |DAIC|< 2 as a selection criterion because

it provided the best trade-off between false positive and false negative selection of the

heterogeneous-response model in our previous simulation study [50]. Arguably, the

value of two represents a rather weak threshold. However, we expected the signal of

heterogeneity in stress responses to be weak itself and not possible to be picked up

at all for a stricter criterion.
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3.2.5 estimu: an R tool to ESTimate Increases in MUtation rates

We performed all our analysis using our R tool estimu, available at https://github.

com/LucyL-J/estimu. Estimation of stress-induced mutagenesis is done via the

function

estimu(mc_UT, Nf_UT, mc_S, Nf_S, plateff, fit_m=1.,

f_on=FALSE, rel_div_on=0., mod="selection", criterion="AIC")

which takes as input the observed mutant counts mc_UT and final population size

Nf_UT of the untreated fluctuation assay and the mutant counts mc_S and final

population size Nf_S observed under antimicrobial treatment, as well as the plat-

ing efficiency plateff. The differential mutant fitness fit_m, the fraction f_on of the

response-on subpopulation and the relative division rate r_on of response-on cells

can be given as additional input if known from separate experiments.

It is possible to estimate parameters under one specific model (“null", “homogeneous",

“heterogeneous") or to compare all models and select the best using the above-

described multi-step model selection (“selection"). If the differential mutant fitness

and/or the relative division rate of the response-on cells are specified, the respective

input values are fixed during the model selection process. The selection criterion can

be changed from “AIC" to “BIC" (the Bayesian information criterion), although we only

present results using AIC here.

The estimation function outputs a data frame with maximum-likelihood estimates and

95% confidence intervals of all the model parameters for each model used in the

inference, and an additional data frame with log-likelihood, AIC and BIC values and

the results of the model selection procedure if applicable.

Example: Input the observed mutant counts, final population sizes and plating effi-

ciency.

mc_UT <- c(80, 0, 9, 3, 11, 0, 0, 1, 0, 3, 5, 1, 1, 2, 0, 0, 1)

Nf_UT <- 1E09

mc_S <- c(10, 2, 4, 0, 0, 0, 0, 1, 1, 2, 1, 1, 0, 2, 1, 0, 1)

Nf_S <- 1.6E08

plateff <- 1

Performing model selection between all models via executing the ‘estimu’ function

with the option mod=“selection"
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Figure 3.4: Output of the estimation function ‘estimu’ in R. In this example, the
model used in the inference is the heterogeneous-response model with a relative
division rate of response-on cells set to zero (the default) and a fraction of response-
on cells set to the fixed value fon = 0.05 in the inference. The first output data
frame gives information about the model parameters: to which condition they apply
(untreated (UT) or stressed (S), or a combination of the two), and whether they
are set to a fixed value, inferred or calculated from other parameters. For the
inferred parameters, the maximum likelihood estimate and lower/upper bound of 95%
confidence intervals are returned. The second output data frame contains the log-
likelihood (LL) of the model, as well as AIC and BIC values.

estimu(mc_UT, Nf_UT, mc_S, Nf_S, plateff, mod="selection", criterion="AIC")

"Significant support for SIM"

"Selected model: Heterogeneous (zero division rate on-cells)"

"Estimated parameters under all models are:"

...

prints the model selection result and returns the estimated parameters under all the

models used in the process (not shown here).

Moreover, model parameters can be input as fixed values if they are known from a

separate experiment. In this example, parameters are estimated specifically under the

heterogeneous-response model for a fixed fraction of the response-on subpopulation

given by 5%,

estimu(mc_UT, Nf_UT, mc_S, Nf_S, plateff, mod="heterogeneous", f_on=0.05)

"Model used for inference: Heterogeneous (zero division rate on-cells)"

...

which prints the model used in the inference and returns the estimated parameters,

log-likelihood, AIC and BIC values (Fig 3.4).
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Detailed information can be found in the README at https://github.com/LucyL-

J/estimu.

3.3 Results
We re-analysed published fluctuation assay data from 11 studies that tested whether

antimicrobial treatment changes the mutation rate [3, 10, 14, 15, 25, 30, 34, 37, 60,

65, 68, 71]. To begin with, we applied inference models without heterogeneity in

stress responses, as they have been used in any previous study of stress-induced

mutagenesis (SIM). The change in (population-wide) mutation rate due to stress

estimated under these models is similar to the change in population-mean mutation

rate even if the stress response was actually heterogeneous [50]. Here, we quantified

the confidence intervals around the estimated fold-change in mutation rate under

stress and tested whether it was significantly greater than one, indicating statistical

support for SIM (section 3.3.1), which had been missing in most previous analyses.

Moreover, we evaluated whether the antimicrobial target is associated with the mag-

nitude of the increase by comparing antimicrobials targeting DNA or DNA gyrase

with ribosome-targeting ones (section 3.3.2). For subsequent analyses, we narrowed

the experiments down to the cases that statistically support SIM. Using one of these

experiments (treatment with the DNA-damaging antibiotic norfloxacin) as an example,

we applied and compared estimation results of homogeneous- and heterogeneous-

response models in detail (section 3.3.3). We also assessed whether models of homo-

geneous or heterogeneous stress responses best explain the data for the remaining

experiments with significant support for SIM (section 3.3.4). For all our analyses, we

neglect the potential effect of cell death, which could, however, be relevant under

stressful conditions.

3.3.1 Not all experiments that estimate an increase in mutation

rate significantly support SIM

First, we estimated the fold-change in population-wide mutation rate for all 77 exper-

iments, using a model of homogeneous stress responses without differential mutant

fitness (model version HOM0, see Table 3.3). As we have shown in our previous work,

this estimate accurately reflects the change in the population-mean mutation rate

(except for a slight underestimation of at most around 20%) even if stress responses

were actually heterogeneous.
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In 56 out of 77 experiments, the population-wide mutation rate was estimated to in-

crease under the antimicrobial treatment compared to untreated (maximum-likelihood

estimate M̄ > 1, dots in Fig 3.5, top). This result is consistent with [71], who analysed

53 of the 77 shown experiments already in this regard. In their analysis, the authors

found an increase in mutation rate in 41 out of these 53 experiments, as well as

in 19 out of 24 other experiments that we did not consider here. They concluded

that antibiotic treatment led to a systematic increase in mutation rate. However, the

authors reported only maximum-likelihood estimates without calculating confidence

intervals or testing for significance.

We calculated 95% confidence intervals around the estimated fold-change in population-

wide mutation rate using a profile likelihood approach and found that, in some cases,

they span several orders of magnitude (error bars in Fig 3.5, top). A linear model

indicated that the experimental design could be responsible. In particular, a small

plating efficiency caused significantly wider CIs (Appendix Fig B.1).

Moreover, not all experiments with a maximum-likelihood estimate M̄ > 1 actually

significantly support the hypothesis of SIM. Applying model selection using likelihood-

ratio tests and the AIC (see section 3.2.4 for details), we tested whether an increase

in mutation rate explains the data significantly better than our null hypothesis of no

change in mutation rate. We also considered a differential mutant fitness, i.e. mutants

having a different fitness than non-mutants, as an alternative explanation for the

observed mutant count data. Interestingly, we found that only 34 out of the 56 ex-

periments with an estimated M̄ > 1 showed significant support for an increased

population-wide mutation rate compared to the null model (Fig 3.5, bottom).



3.3.R
esults

58

Figure 3.5: Estimated fold-change in mutation rate under antimicrobial treatment for all re-analysed experiments. For each
experiment (uniquely identified by their ID, see section 3.2.1 and Table 3.2), the maximum-likelihood estimate of the population-wide
mutation rate M̄ with the 95% profile likelihood confidence intervals are shown. The model used in the inference is the homogeneous-
response model without differential mutant fitness, HOM0 (top), and the best homogeneous-response model in the case of support for
SIM according to our model selection procedure (bottom).
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Notably, the experiments with significant support for SIM might still include false pos-

itives. A statistical analysis of which factors impact the detection of SIM (generalised

linear mixed model in Appendix Eq B.2) indicated that the odds of detecting SIM are

higher when using fewer parallel cultures (Appendix Fig B.2).

Our observation emphasises the importance of uncertainty quantification. Even though

previous authors concluded broad support for SIM, the evidence might not be statist-

ically significant in many cases, and prone to false positives when few parallel cultures

are used.

3.3.2 Antimicrobials directly targeting DNA or DNA-gyrase increase

mutation rates

Due to differences in mode of action, we expect that certain antimicrobials have the

potential to increase mutation rates while others might not. We classified antimicrobi-

als according to their target (see section 3.2.1). Out of all the antimicrobials studied,

four directly target DNA or DNA-gyrase: ciprofloxacin, mitomycin, nalidixic acid and

norfloxacin. We expected that these antimicrobials could increase the mutation rate

because they directly cause DNA damage. We compared these antimicrobials with

those targeting the ribosome: chloramphenicol, erythromycin, gentamicin, kanamy-

cin, neomycin, spectinomycin, streptomycin, tetracycline and tobramycin. Ribosome-

targeting antibiotics inhibit protein synthesis and do not directly damage DNA; there-

fore, we do not necessarily expect an increase in mutation rate.

We restricted this analysis to experiments that used the E. coli wild-type strains

MG1655 or TD2158. The majority of experiments were done on these strains (44

out of 77), and this restriction allowed us to meaningfully compare the estimated

values of M̄ without having to account for differences in the mechanism of action of

antimicrobials or stress responses across different bacterial species or mutant strains.

Out of the 44 experiments with wild-type E. coli strains, 13 used an antimicrobial

directly targeting DNA or DNA gyrase, and 14 used a ribosome-targeting one.
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Norfloxacin is a fluoroquinolone, binding to DNA gyrase and thereby causing DNA

damage and inducing the SOS-response in E. coli, which is why we expected this

experiment to show evidence of SIM. Indeed, using a model of homogeneous stress

responses without differential mutant fitness, HOM0, as in section 3.3.1, we found

an estimated increase in population-wide mutation rate (from µ0 = 8.3 ·10�9 to µs =

5.26 ·10�8) of around 6.3-fold within 95% confidence intervals of [5.3, 7.5]-fold (model

fit shown as light violet lines in Fig 3.7). This model was also preferred when applying

a likelihood-ratio test (LRT) over a model without a change in mutation rate, N0.

Next, we tested whether including a differential mutant fitness, i.e. mutant cells having

a different division rate than non-mutant cells, significantly improves the model fit and

should be taken into account when estimating the increase in mutation rate. We fitted

(i) a model of homogeneous stress responses with differential mutant fitness but con-

strained to be equal in both the antimicrobial treatment and the untreated experiment,

HOM1, and (ii) a model of homogeneous stress responses with differential mutant

fitness without any such constraint, HOM2. Applying LRTs, we found that the homo-

geneous model with unconstrained differential mutant fitness, HOM2, was selected

and provided the best explanation of the homogeneous-response models (model fit

shown as dark purple lines in Fig 3.7). Under this model, the increase in population-

wide mutation rate was estimated to be around 10.2-fold (95% CI: [7.8, 13.2]-fold),

increasing from µ0 = 6.6 · 10�9 to µs = 6.7 · 10�8. At the same time, the differential

mutant fitness was estimated to be r0 = 1.2 in the untreated condition, but rs = 0.74
for the experiment with added norfloxacin. This latter estimate would imply that mutant

cells, in this case carrying rifampicin resistance, are 20% fitter than non-mutant cells

when growing in LB but are 25% less fit when growing in the presence of norfloxacin,

resulting in a mutant fitness ratio of rs
r0

= 0.62 (95% CI: [0.5, 0.76]). As we showed

in our previous work [50], a large discrepancy in differential mutant fitness between

conditions estimated under this model can instead be an indicator of heterogeneity in

stress responses and, hence, mutation rates.

Therefore, we also fitted models of heterogeneous stress responses (see 3.2.2 for

details) to the mutant count data. We found that a model where the highly-mutating

response-on subpopulation has a low but non-zero division rate, HET2 (model fit

shown as a yellow line in Fig 3.7), explains the data best out of the two considered

heterogeneous-response models, HET0 and HET2. These characteristics, a high muta-

tion rate coupled with a low division rate, are consistent with induction of the DNA-

damage response (SOS response) in E. coli. Under this model, the mutation rate of
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response-off cells was estimated as µoff = 8.3 ·10�9, which closely matches the es-

timate under the homogeneous-response model of the mutation rate in the untreated

experiment. For the fluctuation assay with added norfloxacin, the mutation-supply ratio

was estimated to be around S = 30 (95% CI: [21, 68]), implying that the response-

on subpopulation contributes almost 30-times as many mutations as the rest of the

population.

We cannot precisely infer the fraction of response-on cells ( fon) due to unidentifiability

(implying that the 95% confidence intervals span the whole range 0  fon  1).

Nonetheless, we can consider plausible values for fon and calculate the resulting

increase in mutation rate specific to the induction of the stress response, µon
µoff

. If the

fraction of response-on cells was around fon = 64%, as estimated for E. coli exposed

to ciprofloxacin at 10ng/mL [10], the induction of the stress response would lead to

an around 16-fold increase in mutation rate. However, if the fraction of the response-

on subpopulation was smaller, for example, fon = 5% as observed for E. coli exposed

to 3ng/mL of ciprofloxacin [38]), the induction of the stress response would lead to

an estimated increase in mutation rate of almost 570-fold.

As a final step, we performed model selection between the best homogeneous- and

heterogeneous-response models. Using the AIC, we found that the homogeneous-

response model with unconstrained differential mutant fitness is clearly selected (|DAIC|>
12). However, when we constrained the differential mutant fitness to be equal under

exposure to norfloxacin and untreated, arguably a reasonable null assumption, we

found the opposite: the heterogeneous-response model with low non-zero relative

division rate of response-on cells was selected (|DAIC|> 5).

This example highlights the importance of considering which model is used to es-

timate mutation rates under antimicrobial treatment and examining whether all estim-

ated parameters are reasonable. If deemed necessary, additional experiments can

be performed. For example, fitness assays competing mutants against non-mutants

under antimicrobial treatment and untreated conditions can help decide whether the

discrepancy in the estimates for rs and r0 is realistic. Alternatively, if a specific stress

response is suspected to cause the increase in mutation rate, proteins associated

with the induction of the response can be fluorescently labelled and fluorescence

microscopy used to check for heterogeneity in the expression of the stress response.

An estimate of the fraction of the response-on subpopulation, fon, would also allow

researchers to accurately estimate the specific increase in mutation rate associated

with the induction of the response.
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The three experiments for which a heterogeneous-response model was selected were

ciprofloxacin at 10ng/mL and nitrofurantoin at 2µg/mL [60], and the disinfectant

chlorhexidine digluconate at 12ng/mL [65].

Ciprofloxacin is a fluoroquinolone and is expected to induce the SOS response in E.

coli, in accordance with our results. On the other hand, nitrofurantoin has an unclear

mechanism of action, but it potentially targets multiple sites, including DNA, by gen-

erating reactive nitrogen species. Our results could suggest that nitrofurantoin also

results in the induction of the SOS response (or another mutagenic stress response

that simultaneously reduces the division rate of a cell) in a heterogeneous manner

within the bacterial population.

Chlorhexidine digluconate is a disinfectant, and the concentration used resembles

concentrations found in the environment [65]. In addition to estimating mutation rates

using fluctuation assays, the authors of the study [65] also measured SOS-response

expression. They found that the SOS response is indeed induced for chlorhexidine

digluconate. However, the mechanism of action of the antimicrobial is disrupting the

cell membrane, causing cell death. None of the population dynamics models we used

considers cell death, which might interfere with the model selection process.

The five experiments for which no model was selected were ciprofloxacin at 50ng/mL
and mitomycin at an unknown concentration [3], ciprofloxacin at 10ng/mL [10], di-

decyldimethylammoniumchlorid at 2ng/mL [65], and norfloxacin at 50ng/mL [71]. All

of these antimicrobials either target DNA (mitomycin) or DNA gyrase (ciprofloxacin

and norfloxacin) or are disinfectants that have been found to induce the SOS re-

sponse (didecyldimethylammoniumchlorid), just as the three antimicrobials for which

the heterogeneous-response model was selected.

As described in the previous section, a discrepancy in the estimated values for the

differential mutant fitness, rs ⌧ r0, can be an indicator for heterogeneous stress

responses as well. We also found rs ⌧ r0 to be the case for one other experiment,

performed within the same study as our example experiment from the previous sec-

tion 3.3.3 [25]: treating E. coli MG1655 with 34ng/mL of H2O2. This result could

hint towards H2O2 also causing DNA damage and inducing the SOS response in a

small subpopulation of cells. Notably, for the third antimicrobial tested in the study,

kanamycin (which targets the ribosome), we found no statistical evidence for stress-

induced mutagenesis.
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Overall, even though the antimicrobials for which the heterogeneous-response model

or no model was selected can be connected to the induction of the SOS response,

there is no clear clustering between the antimicrobial target and the outcome of the

model selection procedure.

3.4 Discussion and conclusions
In recent years, single-cell studies have revealed extensive heterogeneity in stress

responses, with some responses being suspected to increase mutation rates [59, 61,

40, 70, 69, 74, 62, 39, 73, 38, 13]. In our previous work, we proposed a population

dynamic model that allows us to quantify stress-induced mutagenesis (SIM) under

heterogeneous stress responses from fluctuation assay data [50]. In this work, we

made relevant extensions to our model, particularly allowing for partial plating of

cultures, and applied our estimation method to published experimental data [3, 10,

14, 15, 25, 30, 34, 37, 60, 65, 68, 71].

In the first section 3.3.1, we applied inference models without heterogeneity in stress

responses as they have been used in previous analyses. In 56 out of the 77 re-

analysed experiments, we found an increase in the maximum likelihood estimate of

the population-wide mutation rate M̄. In previous studies, such an increase in M̄ would

often have been taken as evidence for SIM. However, we showed that many (22

out of 56) claimed cases of SIM actually do not have significant statistical support.

We also found that the experimental design, in particular the plating efficiency (an

easy-to-optimise experimental parameter), impacts the precision of the estimates and

that using few parallel cultures might increase the risk of false positive detection

of SIM (Appendix B.2). Researchers should take this into account when planning

and analysing fluctuation assays. For example, the recently published estimation tool

mlemur [51] has a useful option to calculate the necessary number of parallel cultures

for a desired statistical power to detect differences in mutation rates between two

conditions (corresponding to untreated versus stressed in the case of SIM).

The motivation for our analysis in the next section 3.3.2 was our intuition that SIM

is most likely due to faulty DNA-damage repair. We chose to compare antimicrobials

expected to cause DNA damage (antimicrobials targeting DNA or DNA gyrase), with

ones that do not (ribosome-targeting antimicrobials). We confirmed that the first group

increased mutation rates significantly more than the latter. This statement held when
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(i) simply comparing the magnitude of the fold-change in population-wide mutation

rate M̄ under antimicrobial treatment, and (ii) comparing the percentage of cases

with statistical evidence for an increase in M̄. Overall, this could imply that the risk

of emergence of resistance mutations is increased only for certain groups of anti-

microbials. Arguably, most antimicrobials (such as trimethoprim [30]) will ultimately

generate toxic reactive species and cause all sorts of damage inside a bacterial cell,

including DNA damage. This appears to be the case particularly for disinfectants, even

at low concentrations as found in the environment. Indeed, a recent study found that

such disinfectants induce the SOS response in E. coli [65]. For other antimicrobials,

however, the amount of DNA damage at low concentrations might be small.

In sections 3.3.3 and 3.3.4, we identified potential cases of heterogeneous stress re-

sponses using model selection. Most of the antimicrobials for which the heterogeneous-

response model or no model was selected were DNA-damaging (either antimicrobials

directly targeting DNA or DNA gyrase, or disinfectants causing various damage to

bacterial cells). For some of these antimicrobials, the expression of SOS response

was measured in addition to mutation rates [3, 10, 65], but these are rough estimates.

It would be interesting to perform further experiments to get a more precise estimate

of the fraction of response-on cells, as this would allow us to estimate the specific

increase in mutation rate associated with induction of the response.

Moreover, for many antimicrobials that we know are DNA-damaging, no significant

increase in mutation rate was detected or if so, the homogeneous-response model

was selected. For example, for one of the experiments using the fluoroquinolone

norfloxacin [25] considered in detail in section 3.3.3, the homogeneous-response

model was selected. However, the differential mutant fitness in the stressed condition

was estimated to be much smaller than in the untreated control, which can also be an

indicator of heterogeneity in stress responses [50].

Another factor influencing the model selection result could be the antibiotic concen-

tration that was used. A very low concentration might cause an increased mutation

rate that is too small to be picked up. For example, in one study [65], ciprofloxacin was

used at very low concentrations of 0.6 ng
mL (0.2% MIC), and no SIM was detected, even

though the study showed that the SOS response was induced. Another study tested

some antimicrobials at two different concentrations [71]. For norfloxacin at 5ng/mL,

no SIM was detected, whereas at 50ng/mL, the population-wide mutation rate in-

creased significantly, but homogeneous- and heterogeneous-response models could

not be distinguished. Moreover, our statistical analysis (Appendix Eq B.2) indicated
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that the chance of detecting SIM increased significantly with increasing antimicrobial

concentration (Appendix Fig B.2). Further research could investigate how the increase

in population-wide mutation rate generally depends on the antimicrobial concentration

for a given stress response.

In general, we know from our previous work that a sufficiently large number of parallel

cultures is required to perform effective model selection between different models of

SIM [50]. Future work could quantitatively address the question of how many cultures

are required to distinguish homogeneous and heterogeneous stress responses, sim-

ilar to the power analysis method implemented in the aforementioned estimation tool

mlemur [51].

In all our analyses, we assumed that the different models, or at least one of the

null/homogeneous/heterogeneous-response models, can explain the observed fluc-

tuation assay data reasonably well. However, the complex population dynamics un-

der stress might not be adequately captured by any of the models. Therefore, an

important next step would be to implement a goodness-of-fit test to evaluate whether

a model is appropriate. Alternatively, models would need to be extended, for example,

by cell death or time-dependent growth rates (to describe stationary phase dynamics)

[25, 58]. Due to small sample sizes in fluctuation assay data, a c2-goodness-o-fit test

as implemented in [29] is likely not suitable. Instead, a simulation-based approach

would be required, but this is outside the scope of this work.

In summary, we have demonstrated that our previously introduced computational

method to estimate mutation rates under heterogeneous stress responses is readily

applicable to experimental data. As we predicted, model selection using fluctuation

assay data alone is often inconclusive, but can be improved by better experimental

design and follow-up experiments. Finally, we encourage researchers carrying out

future experiments to apply our estimation method, which we converted into a usable

R-tool freely available at https://github.com/LucyL-J/estimu.



Chapter 4

Modelling how stress-induced
mutagenesis depends on the

antibiotic dose and mode of action

4.1 Motivation
Antimicrobials at widely varying concentrations can be found in many places, such

as sewage, soil, or humans/livestock after antibiotic treatment. Exposure to antimi-

crobials induces stress responses in bacteria and can increase mutation rates, called

stress-induced mutagenesis (SIM). In the previous chapter, we re-analysed published

fluctuation assay data from studies that quantify the magnitude of SIM in bacteria

exposed to low-dose antimicrobials [3, 10, 14, 15, 25, 30, 34, 60, 65, 68, 71].

One of these studies [71] treated wild-type E. coli populations with antibiotics at

two different concentrations: ampicillin at 1 µg/mL and 3.2 µg/mL, chloramphenicol

at 0.15 µg/mL and 1.5 µg/mL, and norfloxacin and trimethoprim at 5ng/mL and

50ng/mL. We identified a significant increase in mutation rate for norfloxacin and

trimethoprim compared to the untreated control populations, but only at the higher

concentration used. This indicates that the antibiotic concentration impacts SIM, po-

tentially having a stronger effect at higher doses.

In another study, which we did not analyse in the previous chapter due to the un-

availability of raw data, the authors estimated the increase in mutation rate explicitly

depending on the concentration of ciprofloxacin [62] (to our knowledge, the only study

measuring the increase in mutation rate across the antibiotic concentration for > 2
concentrations within the same experimental system). Using fluctuation assays, they

estimated the mutation rate of untreated E. coli MG1655 populations and compared

it to the mutation rate under ciprofloxacin treatment of concentrations ranging from

69
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Figure 4.1: Increase in population-wide mutation rate for different ciprofloxacin
concentrations [62]. The authors estimated the mutation rate to rifampicin resistance
using fluctuation assays; with ciprofloxacin at various concentrations added to the
media during the growth phase. Bars show the fold-change in (population-wide)
mutation rate compared to the no-ciprofloxacin treatment, with error bars giving the
standard deviation across biological replicates. Reprinted from [62] with permission
from Elsevier.

C = 1ng/mL to C = 14ng/mL (MIC = 12ng/mL). The authors found that the increase

in mutation rate strongly increased between the concentrations of C = 4ng/mL and

C = 8.5ng/mL, that it was maximal for the latter and that it dropped off again at

higher concentrations (Fig 4.1). C = 8.5ng/mL was their observed minimum antibiotic

concentration (MAC), defined as the concentration for which the population growth

drops to 10%.

At the same time, the authors linked the increase in mutation rate to the expression of

stress responses [62]. They also showed extensive heterogeneity in the expression

of these stress responses but ignored this heterogeneity when estimating mutation

rates. Our previous work showed that when ignoring heterogeneity in mutagenic

stress responses, an accurate estimate of the population-mean mutation rate is re-

covered [50]. In light of these results, the non-monotonic dose-dependence observed

(Fig 4.1) could reflect a change in the expression pattern of stress responses across

the bacterial population, even for a concentration-independent increase in mutation

rate associated with the induction of the response.
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In this chapter, I mathematically explore the dose dependence of the increase in

population-mean mutation rate caused by a heterogeneously expressed stress re-

sponse to an antibiotic stressor. I extend our population dynamic model [50] to in-

clude the dependence of the population growth and stress-response induction on

the antibiotic concentration. Ultimately, I compare different model versions based on

bacteriostatic/cidal antibiotics qualitatively and quantitatively with the results observed

by [62].

4.2 Model and methods
I use the population dynamic model of heterogeneous stress responses introduced in

our previous work [50], which was, in turn, based on [38]. This model is motivated by

the DNA damage response (SOS response) in E. coli and assumes that the response

is induced heterogeneously among cells. This results in a highly mutating and slowly

dividing subpopulation with response switched on. The dynamics are modelled using

coupled differential equations, deterministically describing division (at rates goff, gon

with gon ⌧ goff) and death (at rates doff, don) in the response-off and response-on

subpopulations, respectively; and switching from response-off to on state (at rate a):

8
<

:
ṅoff = (goff �doff �a)noff

ṅon = anoff +(gon �don)non.
(4.1)

The solution to these equations is given by

8
<

:
noff(t) = noff(0)e(goff�doff�a)t

non(t) =
anoff(0)

goff�doff�a�(gon�don)

⇣
e(goff�doff�a)t �e(gon�don)t

⌘
+non(0)e(gon�don)t ,

(4.2)

with time t = 0 marking the onset of the stress. For gon � don ⌧ goff � doff �a and

non(0)⌧ noff(0), i.e. when the relative fitness of response-on cells is small and only

very few cells have the response switched on in the absence of stress, the population

size of the response-on subpopulation can be approximated as

n̂on(t) =
anoff(0)

goff �doff �a � (gon �don)
e(goff�doff�a)t . (4.3)
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In this case, the total population grows exponentially with a population growth rate of

l = goff �doff �a. (4.4)

In our model, mutations occur according to time-inhomogeneous Poisson processes

with rates noff(t)µoff and non(t)µon, respectively, where the mutation rate of response-

on cells is assumed to be higher than of response-off cells, µon > µoff. Importantly,

we assume that, even though the division rate of response-off cells might be affected

by the antibiotic, the per-division mutation rate µoff is constant with respect to the

antibiotic concentration. Moreover, we assume that the mutation rate of response-on

cells is an inherent property of the stress response and, therefore, constant.

In [50], we also described the (stochastic) dynamics of mutant cells, but here, I am

only interested in the deterministic quantity of the (relative) increase in population-

mean mutation rate. Previously, we had defined this quantity as

M̄ :=
f ⇤onµon +(1� f ⇤on)µoff

µoff
(4.5)

with f ⇤on being the stationary fraction of response-on cells,

f ⇤on = lim
t!•

non(t)
non(t)+noff(t)

=

8
<

:

a
goff�doff�(gon�don)

, if gon �don < goff �doff �a

1, else
. (4.6)

Here, I want to model the time dynamics in more detail, which is why I define the

increase in population-mean mutation rate as a time-dependent variable

M̄t :=
fon(t)µon +(1� fon(t))µoff

µoff
=

✓
µon

µoff
�1

◆
fon(t)+1. (4.7)

M̄t describes how much the mutation rate, averaged over the total population, is

higher due to the highly mutating subpopulation at a given time. The increase in

population-mean mutation rate is proportional to the fraction of response-on cells.

The reason why I am interested in calculating M̄t is that our previous work showed

the following: When estimating the increase in mutation rate due to stress using

fluctuation assays but neglecting any heterogeneity in stress responses, an accurate

estimate of the increase in population-mean mutation rate M̄t f , with t f being the
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duration of the growth phase, is recovered [50]. All studies to date that have estimated

the increase in mutation rates due to stress have neglected heterogeneity in stress

responses. Therefore, I need to calculate M̄t f depending on the antibiotic concentra-

tion to compare my modelling results with estimates from published fluctuation assay

data.

In this chapter, I ask how the increase in the population-mean mutation rate depends

on the concentration of an antibiotic that induces a heterogeneous stress response.

To answer this question, I model how division, death, and switching rates depend on

concentration, directly and indirectly through interdependencies.

4.2.1 Population growth rate: dose-response curve

I describe the dependence of the population growth rate using a dose-response curve.

Generally, a dose-response curve describes how a bacterial population reacts, in this

case, its growth rate when exposed to a certain dose of an antibiotic. Most dose-

response curves share the feature of having a sigmoidal shape with a weak response

at low doses, followed by a steeper incline/decline and a phase of flattening off. An

example of a sigmoidal function is the three-parameter Hill function of the form

l (C) =
lmax

1+
� C

IC50

�h (4.8)

with lmax being the (maximal) growth rate in the absence of the antibiotic, h the

Hill coefficient describing the strength of the response and IC50 the concentration

at which the population growth rate is halved. Note that for this version of the Hill

function, the growth rate goes to zero for high concentrations C instead of negative

values, as is the case for the four-parameter version [63]. Since, in a fluctuation assay,

the cultures are inoculated at a small population size at the beginning of the growth

phase and are treated with sub-MIC concentrations, I do not consider negative growth

rates here.

In particular, I use the dose-response curve measured by [16], who exposed E. coli

MG1655 populations to a range of concentrations of the DNA-damaging antibiotic

ciprofloxacin and measured the exponential growth rate. They found a Hill coefficient

of h = 4 to fit the data best. In this chapter, I will use Eq 4.8 with h = 4 to describe

the population growth rate as a function of the drug concentration (Fig 4.3, left y-axis,

green line).
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Note, however, that the division rate might also depend on the antibiotic concentration,

goff(C). Therefore, the dependence of a on C is not necessarily linear for higher C,

which I will address later in section 4.2.4.

4.2.3 Division and death rate of response-on cells

I define the relative division rate of response-on cells as

ron =
gon

goff
(4.11)

and assume this value is a constant inherent property of the stress response, just

as the mutation rate of response-on cells. Without this assumption, on which our

whole model is based, exponential growth of the total population would not be given

anymore.

For the death rate of response-on cells, I consider two scenarios: (i) it is equal to

the death rate of response-off cells, d (C)on ⌘ doff(C), or (ii) it has a constant, but

potentially non-zero value don � 0.

4.2.4 Antibiotic action: bacteriostatic/cidal?

Finally, I need to model how exactly the antibiotic impacts growth. The population

growth rate (Eq 4.4) depends on the division, death and switching rate of response-

off cells. I consider two extremes here.

Bactericidal antibiotics: In the first case, the antibiotic acts entirely bactericidal, i.e. the

reduction in population growth as antibiotic concentration increases is caused by

an increased death rate together with switching-on of cells. The antibiotic does not

impact the division rate of response-off cells. Moreover, I assume that the death rate

of response-off cells in the absence of stress is zero, doff(C = 0) = 0, yielding

l (C) = lmax �doff(C)�a(C) (4.12)

) doff(C) = lmax(1� sC)�l (C), a(C) = slmaxC, (4.13)

where the division rate of response-off cells is given by the maximal population growth

rate (in the absence of stress), goff = lmax.
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and (ii) it has a concentration-independent value don ⌘ const. � 0. The argument for

such a simplifying assumption of a constant death rate is that induction of the stress

response, in a way, protects the cells from the stressor. Even though the death rate of

response-on cells might be non-zero, it could be independent of the level of stress.

Bacteriostatic antibiotics: On the other extreme, the antibiotic action is entirely bac-

teriostatic, i.e. it slows growth but does not cause cell death. Then, the reduction in

the population growth rate is due to a reduction in the division rate in response-off

cells and switching of cells to the response-on state. At the same time, the death rate

of response-off cells remains doff ⌘ 0 (as in the absence of stress), yielding

l (C) = goff(C)�a(C, goff(C)) (4.16)

) goff(C) =
l (C)

1� sC
, a(C) =

sC l (C)

1� sC
. (4.17)

As a consequence, the switching rate a(C) initially increases with the drug concen-

tration for low C but decreases again for intermediate C (Eq 4.17, and Fig 4.3, blue

line).

Moreover, since the relative division rate of response-on cells is assumed to be con-

stant with respect to antibiotic concentration, the division rate of response-on cells is

given by

gon(C) = rongoff(C) =
ronl (C)

1� sC
. (4.18)

The death rate of response-on cells also remains constant, and I consider both zero

and non-zero values.

4.3 Results
I extended our population dynamic model of heterogeneous stress responses [50] to

consider how parameters depend on the level of stress, i.e. antibiotic concentration

C. I describe the population growth rate using a sigmoidal-shaped dose-response

curve and assume the switching rate is coupled to the division rate, as indicated

by experiments [38]. For the antibiotic mode of action, I consider two cases: purely

bactericidal and purely bacteriostatic.
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In the following, I qualitatively evaluate the dependence of the increase in population-

mean mutation rate, M̄t(C), on the antibiotic mode of action and concentration. M̄t(C)

is proportional to the fraction of the response-on subpopulation fon(t). However, since

the expression for the time-dependent fon(t) does not allow for an intuitive interpret-

ation, I first analytically analyse the dependence of the stationary fraction f ⇤on on the

antibiotic concentration. After that, I numerically explore the relationship between

fon(t) and f ⇤on. Finally, I compare model predictions of M̄t f (C) quantitatively with

experimental estimates [62].

4.3.1 Monotonic increase of the fraction of the response-on sub-

population for bactericidal antibiotics

The stationary fraction f ⇤on depends on the switching rate a and the difference between

the net growth rate (defined as division minus death rate) of response-off and response-

on cells, see Eq 4.6. For entirely bactericidal antibiotics, the switching rate increases

linearly with the antibiotic concentration (Eq 4.13). Therefore, the stationary fraction

of the response-on subpopulation increases monotonically with increasing antibiotic

concentration, as

f ⇤on =

8
<

:

sC lmax
lmax(sC�ron)+don(C)+l (C) , if don(C)< l (C)�lmax(sC� ron)

1, else
. (4.19)

However, the strength of the increase depends on the death rate of response-on

cells. For a concentration-independent death rate don � 0, the increase in f ⇤on has a

sigmoidal shape with a sharp increase for intermediate C (Fig 4.4, left). The concen-

tration for which the increase changes most sharply (the inflection point) depends on

the value of don: it is higher for higher don (Appendix Fig C.1, left).

Since the response-on subpopulation has a very small population size at time t = 0,

it takes longer to reach the stationary fraction f ⇤on the larger f ⇤on. This implies that, for

low C, where f ⇤on is small, the time to reach f ⇤on is negligible. At the same time, f ⇤on

is reached faster the higher the switching rate. However, for bactericidal antibiotics,

f ⇤on increases so sharply with the antibiotic concentration C that the time to reach f ⇤on

increases for intermediate to high C (Fig 4.4, left).
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Bactericidal Bacteriostatic
Time-dependent Stationary Time-dependent Stationary

Cell death M̄t f (C) M̄(C) M̄t f (C) M̄(C)

don ⌘ 0 - - non-monotonic linear
don = const. > 0 sigmoidal sigmoidal non-monotonic non-monotonic
don(C) = doff(C) linear linear - -

Table 4.1: Qualitative dependence of the increase in population-mean mutation
rate on the concentration of a bacteriostatic/cidal antibiotic. For the death
rate of response-on cells, I consider three cases overall: (i) Zero death rate, (ii)
concentration-independent non-zero death rate, and (iii) death rate equal to the death
rate of response-off cells. I evaluate the qualitative dependence of the increase in
population-mean mutation rate as a time-dependent (calculated using fon(t)) and as
a stationary variable (calculated using f ⇤on) on the concentration of bacteriostatic and
-cidal antibiotics.

Again, I find that the fraction of the response-on subpopulation is slightly larger for

a small non-zero ron than for ron = 0, but qualitatively unaffected (Appendix Fig C.2,

bottom).

4.3.3 Mode of antibiotic action determines the increase in population-

mean mutation rate qualitatively

Recalling that the increase in population-mean mutation rate M̄t f (C) is proportional

to the fraction of the response-on subpopulation, these results imply that the de-

pendence of M̄t f (C) on the antibiotic concentration qualitatively differs between bac-

teriostatic and bactericidal antibiotics, and depends on whether response-on cells

have a non-zero or concentration-dependent death rate. For bacteriostatic antibiotics,

M̄t f (C) is maximal for intermediate C, whereas for bactericidal ones, it monotonic-

ally increases with increasing C, see Table 4.1 for a summary. In any case, M̄t(C)

increases with time.

4.3.4 Comparison with experimental data

I want to compare my modelling results with the increase in mutation rate observed

in experimental estimates by [62]. The authors treated E. coli MG1655 populations

with ciprofloxacin concentrations ranging from C = 1ng/mL to C = 14ng/mL (MAC

= 8.5ng/mL, MIC = 12ng/mL). Their experimental estimates (Fig 4.1) show a sharp

increase of M̄t f (C) just below the MAC and a maximal value at the MAC. This rela-
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tionship (sharp increase, non-monotonic) is qualitatively not consistent with a linear

increase. Therefore, I only fit the models of bacteriostatic and -cidal antibiotics with a

non-zero but concentration-independent death rate of response-on cells to the data.

The parameters of the models are:

Informed by separate experimental estimates

• lmax = 1.66h�1: The (maximal) population growth rate in the absence of stress.

Since I do not have an estimate from [62], I use the value estimated by [16], who

used the same bacterial strain and LB as growth medium

• h = 4: The Hill coefficient of the dose-response curve of the population growth

rate, fitted by [16]

• IC50= 4.9ng/mL: Calculated from the MAC used in [62] via the dose-response

curve (IC50 = MAC
91/h , see Eq 4.8)

• s = 0.016±0.004: The proportionality factor between the switching rate a and

the division rate of response-off cells goff (which I fitted to data from [38] with

Gaussian uncertainty; see Fig 4.2)

• ron 2 {0, 0.1}: The relative divsion rate of response-on cells compared to response-

off cells. I consider the two cases that response-on cells do not divide at all or

at a low relative rate based on estimates by [38]

• noff(0) = 104: The initial population size of the response-off subpopulation; this

corresponds to the inoculum size of cultures in the fluctuation assay by [62]

• non(0) = 1: The initial population size of the response-on subpopulation, which

I assume to be small (consistent with results from [38])

• t f = 24h: The duration of the growth phase used by [62]

Fitted to the observed data [62]

• don: The concentration-independent death rate of response-on cells

• µon
µoff

: The specific increase in mutation rate associated with the induction of the

stress response

I fitted the remaining two parameters, don and µon
µoff

, to the estimated increase in population-

wide mutation rate from [62] in the following way.
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Bactericidal antibiotics: For the bactericidal model with concentration-independent

cell death in response-on cells, I found that the increase in population-mean mutation

rate at stationarity M̄, increased sharply for intermediate antibiotic concentrations.

In particular, the concentration of the inflection point depends on the magnitude of

the death rate of response-on cells don (Appendix Fig C.1, left). The increase in

population-wide mutation rate estimated by [62] increased sharply just below the

MAC. Therefore, I numerically calculated the value of don such that M̄ increases most

steeply at the MAC.

Bacteriostatic antibiotics: For the bacteriostatic model with concentration-independent

cell death in response-on cells, on the other hand, I found that M̄ is maximal for

an intermediate antibiotic concentration C. Thereby, the concentration of maximal M̄
depends on the magnitude of the death rate of response-on cells don (Appendix Fig

C.1, right). In [62], the increase in population-wide mutation rate was estimated to

depend on the antibiotic concentration non-monotonically with a maximal value at the

MAC. Therefore, I numerically calculated don such that the maximum M̄ is reached at

the MAC.

For both the bacteriostatic and -cidal model, I subsequently used a linear least squares

approach to fit µon
µoff

to the first three data points of M̄t f (C). The reason I used only the

first three points is that, for low C, the fraction of response-on cells fon(t f ) increases

approximately linearly with C independent of the model version (Figs 4.4 and 4.5).

This allowed me to fit the proportionality factor using Eq 4.7 and obtain µon
µoff

. In contrast,

the dependence of M̄t f (C) on C for higher C differs qualitatively between the model

of bactericidal and bacteriostatic antibiotics.

For ron = 0, this fitting procedure (using s = 0.016 ± 0.004 with Gaussian uncer-

tainty) resulted in the following parameter values. Bactericidal antibiotic model: don ⌘
0.00h�1 for s < 0.012 (which has a cumulative probability of / 0.15) and don ⌘
0.07±0.05h�1 else, and µon

µoff
= 104±38. Bacteriostatic antibiotic model: don ⌘ 0.08±

0.005h�1 and µon
µoff

= 81±32. Fig 4.6 shows the resulting increase in population-mean

mutation rate.
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I found very similar estimates for ron = 0.1, but the mutation-rate increase µon
µoff

was

generally smaller than for ron = 0 (Appendix Fig C.3). This agreed with my expect-

ations, as ron > 0 results in a larger fraction of the response-on subpopulation (Ap-

pendix Fig C.2). Therefore, a smaller value for µon
µoff

is required to cause the same

increase in population-mean mutation rate, see Eq 4.7.

The complete annotated documentation of this computational analysis can be found

in the notebook dose-dependence.ipynb within the branch dose-dependence at

https://github.com/LucyL-J/estimu.

4.4 Discussion
In this chapter, I modelled the dependence of the increase in population-mean muta-

tion rate, M̄t f (C), on the antibiotic dose C. As previously shown [50], M̄t f (C) approx-

imately matches the population-wide mutation rate as it would be estimated from

a fluctuation assay (with a growth phase of duration t f ) using a standard inference

method. My model consisted of two versions based on a purely bactericidal or purely

bacteriostatic antibiotic.

Interestingly, I found that the resulting dependence of M̄t f (C) on the antibiotic con-

centration C differs qualitatively: For a purely bactericidal antibiotic, the increase in

population-mean mutation rate increases monotonically with C, whereas for a purely

bacteriostatic one, it is maximal for an intermediate concentration. In reality, the mode

of action of any antibiotic is likely to be concentration-dependent itself. Many antibiot-

ics act bacteriostatically at low concentrations, and most will become bactericidal for

high C. Future work could combine the models of bacteriostatic and -cidal antibiotics

in a dose-dependent manner.

I compared my modelling results with the estimated mutation rates obtained by [62],

who treated E. coli MG1655 populations with ciprofloxacin at concentrations ranging

from 1ng/mL to 14ng/mL (MIC = 12ng/mL). Qualitatively, the model of a purely

bacteriostatic antibiotic fits the data better because it can capture the non-monotonic

dependence of the increase in population-wide mutation rate on the ciprofloxacin con-

centration. However, this result crucially relies on the assumption that the switching

rate to the response-on state is proportional to the division rate of a cell. This model

assumption has been shown to hold when nutrient conditions alter the division rate

[38], but it might not hold for reductions by antibiotic treatment. Moreover, ciprofloxacin
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is a bactericidal drug at intermediate to high concentrations, i.e. acting by causing

cell death instead of reducing the division rate. The authors of [62] also quantified

cell death at the MAC, confirming that ciprofloxacin acts bactericidally. My bacter-

icidal model cannot explain the decrease of M̄t f (C) at concentrations above the MAC

though.

A potential explanation for this discrepancy could be that my models are limited to

the exponential growth phase. In a fluctuation assay, cultures are typically grown

overnight (also done by [62]), and cultures reach stationary phase (at around 16h
for [62]). In fact, the authors quantified the fraction of response-on subpopulation

fon over time at the MAC [62]. They found that it reaches a maximum at the end

of the exponential growth phase but declines afterwards. On the other hand, in my

model, fon increases monotonically with time. It would be interesting to model the

dynamics during the stationary phase in more detail. However, this would make the

model significantly more complex and potentially analytically intractable.

Besides limitations of my model, the estimates of the increase in population-wide

mutation rate M̄t f by [62] might themselves be inaccurate or biased. For example,

the authors confirmed the presence of cell death, but neglected it in the estimation

of mutation rates, which has been shown to lead to an overestimation of mutation

rates [25]. However, the extent of cell death increases with antibiotic concentrations

C, so if anything, we would expect the true mutation rates at the highest C to be even

lower. Therefore, I do not expect the observation of a non-monotonic dependence

M̄t f (C) to be explainable by the resulting biases of neglecting cell death. Still, the es-

timates might be less accurate than reported. Moreover, the reported 95% confidence

intervals in [62] might underestimate the uncertainty because the authors calculated

confidence intervals using the standard deviation of few biological replicates (between

two and nine replicates per concentration).

Overall, I showed that simple population dynamic models of response-off and response-

on subpopulations can explain various dose-dependencies of the resulting increase

in population-mean mutation rate M̄t f (C). Notably, in my models, M̄t f (C) reflects a

change in the fraction of the response-on subpopulation, and not a change in the

intrinsic mutation rates µoff or µon.

Arguably, the assumption that the mutation rate of response-on cells µon is a (con-

stant) inherent property of the stress response is a strong simplification. In our model,

µon is both time- and concentration-independent. However, a higher antibiotic con-

centration could lead to not only an increased switching rate but also more DNA
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damage in response-on cells and, therefore, a higher mutation rate µon. Moreover,

the continued DNA replication in response-on cells implies an increasing number of

chromosomes inside the cells [62]. The presence of multiple chromosomes allows

for enhanced homologous recombination and could lead to an increased rate of

insertions, deletions or copy number variations. Consequently, the mutation rate of

response-on cells could increase with the number of chromosomes, which in turn,

depends on how long a cell has been in the response-on state. The constant mutation

rate µon in our model should, therefore, be seen as an effective per-cell rate. Future

work could model the occurrence of mutations in response-on cells in more detail.

In particular, models could consider different types of resistance mutations: inser-

tions/deletions and copy number variations occurring in the process of homologous

recombination, and point mutations introduced by error-prone polymerases. These

mutations are likely to arise at different rates (also depending on the number of

chromosomes inside a cell) and confer different resistance levels.

The authors of [62] argue that antibiotic treatment significantly increases mutagenesis

below the MIC (Fig 4.1), supposedly driving antibiotic resistance evolution. However,

the relevance of measuring the (population-mean) mutation rate is questionable in

this context. As argued by [71], the mutation rate does not account for other important

ecological factors such as population size. The authors demonstrate that even if

antibiotic treatment increases mutation rates, the reduction in population size can

cancel out this effect, resulting in no overall increase (or even a decrease) in genetic

diversity. If the increase in mutation rate is due to a highly mutating but slowly dividing

subpopulation, the resulting genetic diversity would be even lower because most

mutant cells divide slowly and could even be outcompeted by faster-growing non-

mutant cells. In [71], the authors suggest focusing on metrics such as the total number

of mutants (compared to an untreated control condition) as an indicator of evolvability.

Interpreting the experimental estimates by [62] and my modelling results using this

metric, the observed increase in mutagenesis for sub-MIC concentrations might not

actually increase the risk of resistance evolution, and less caution regarding antibiotic

dosing as previously thought could be necessary.



Chapter 5

General Discussion

The discussion is considered the least important section of a scientific paper by aca-

demics [35]. While undergraduates still value it as important as the results figures and

tables (only outdone by the abstract), the discussion loses importance as researchers

advance in experience. The focus shifts from general understanding (through abstract

and discussion) to a deeper engagement with the raw data (results and methods)

[35, 49]. On the other hand, the ‘General Discussion’ of a PhD thesis differs from

the discussion of a scientific paper because it allows for a very personal perspective.

I want to take this chance, step back, and look at my PhD as an interdisciplinary

project.

My PhD project encompasses several scientific fields, both within and outside biology:

evolutionary biology, microbiology, cell biology, mathematics, and computer science.

My scientific background is in physics and mathematics, where I briefly encountered

theoretical evolutionary biology. However, my experience in microbiology and cell

biology was virtually non-existent; for example, I had no idea even on which time

scale bacteria divide. Hence, I came into these fields blind.

I was lucky to have three supervisors in the fields of theoretical and experimental evol-

utionary biology (principal supervisor), cell and microbiology (second supervisor), and

mathematics (third supervisor). In particular, my first and second supervisors were

very engaged in the project, and we met weekly/bi-weekly to discuss. The disparity

in disciplines meant that I was expected to attend double the lab meetings, seminars,

and workshops, leaving me with less time for my own research (or alternatively, an

increased workload).

The interdisciplinarity of my project also led to isolation at times. Again, I was fortunate

at least to have a PhD-sibling who started an interdisciplinary PhD in similar fields at

the same time as me. There were also initiatives from other PhD students in math-

ematical biology, such as seminars and reading groups. However, within my institute,
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I had few opportunities to engage with peers scientifically, and I experienced the PhD

as a solitary endeavour. And it appears I am not alone in this experience generally:

Interdisciplinary PhD projects come with a whole set of additional challenges, such as

having to ask ‘stupid questions’ or constantly adjust to different audiences [17], and

interdisciplinary PhD students face tensions within monodisciplinary structures due to

blurry expectations or confined roles [53].

I was curious whether other interdisciplinary PhD students in my institute felt similarly.

Therefore, I conducted a small survey among my peers at the Institute of Ecology and

Evolution (IEE), University of Edinburgh. I asked my peers about the scientific fields of

their projects, their backgrounds, the interdisciplinary and collaborative methods they

applied and how they experienced the interdisciplinary aspect of their PhD.

Interdisciplinary PhD projects in IEE encompass a wide range of fields: botany, chem-

istry, cell biology, chronobiology, computer science, ecology, epidemiology, evolution-

ary biology, genetics, immunology, informatics, mathematics, microbiology, physics,

sociology, taxonomy and zoology. As expected, I found that all projects included at

least one of the fields of ecology or evolutionary biology. Five of the eleven participants

in my surveys are doing projects in fields only within biology; the projects of the

remaining six include at least one field outside biology (Fig 5.1A).

The majority (six) of interdisciplinary PhD students in IEE have a purely biological

background, three have a background both within and outside biology, and the back-

ground of two is entirely outside biology (Fig 5.1B). Moreover, I calculated the overlap

(fraction covered) of the scientific fields of the PhD project and the background of the

respective PhD student. It appears that students with backgrounds outside biology

tend to have a lower overlap (Fig 5.1C), but the total number of participants is too

small to draw any quantitative conclusions, of course.

Generally, the projects are equally shaped by interdisciplinary questions (for example,

measuring bacterial growth curves to find universal growth laws) and approaches (for

example, using mathematical modelling to understand collective antibiotic tolerance),

see Fig 5.2A. However, the projects varied in the types of interdisciplinary collabora-

tions (Fig 5.2B). Most students reported exchanging knowledge and ideas with peers

(9/11) and discussing with their supervisors from different fields (8/11). Around half

participate in lab meetings (6/11) and joint projects (5/11) across different fields.

However, in only two cases the PhD led to an interdisciplinary publication, and in one

case, none of the interdisciplinary collaborations mentioned above were present. The

PhD students in IEE were satisfied with the interdisciplinarity of their projects overall
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Figure 5.1: Scientific fields of interdisciplinary PhD projects in IEE, background
of the respective PhD students and overlap between them. In total, eleven
students replied to my survey, doing PhDs in the fields of botany (Bo), chemistry
(Che), cell biology (CB), chronobiology (Chr), computer science (CS), ecology
(Ec), epidemiology (Ep), evolutionary biology (EB), genetics (Ge), immunology (Im),
informatics (In), mathematics (Ma), microbiology (Mi), physics (Ph), sociology (So),
taxonomy (Ta) and zoology (Zo). A Interdisciplinarity network: The nodes give the
scientific fields encompassed by projects, with edges connecting fields within the
same project, weighted by how often the specific combination appears. The fields
of Ecology and Evolutionary are shown in red in the centre. All remaining fields
within biology are shown in orange on the left. Fields outside biology are shown in
light blue on the right side of the network. B I classified the background of students
as either purely biological (Bio, red), purely outside biology (Non-bio, light blue)
or encompassing both (Both, purple). C I calculated the overlap of PhD project
and background as the fraction of fields within the project covered by the student’s
background.
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Figure 5.2: Methods, collaborations and satisfaction in interdisciplinary PhD
projects in IEE. I asked the students whether they used interdisciplinary approaches
and/or asked interdisciplinary questions (A), which form of interdisciplinary collabora-
tion their project includes (B), and how satisfied they were with the interdisciplinarity
(C).

(Fig 5.2C). My personal interpretation of these findings is that interdisciplinary PhD

projects are experienced as enriching despite the additional challenges. However,

most collaboration occurs among individuals (peers and supervisors), and structural

support that would lead to joint projects and publications is lacking.

In conclusion, I want to reiterate the X-NET Recommendations Report [77] on obstacles

faced by interdisciplinary researchers, especially those early in their careers. In par-

ticular, future work should address cohort building (recommendation 5), training of

researchers on the advantages, challenges and values of interdisciplinary collabor-

ation by their host institutions (recommendation 7) and recalibration of expectations

due to the longer timescales needed for interdisciplinary research trajectories (recom-

mendation 10).

In my PhD, I developed a computational tool to analyse fluctuation assay data, re-

analysed published fluctuation assay data, advised on the experimental design of

fluctuation assays, and made testable predictions of their outcomes. Interdisciplinary

collaboration, i.e. directly working with experimentalists performing fluctuation assays,

could have greatly enriched this work. For example, as pointed out in Chapter 2 and 3,

it would be essential to perform separate experiments to quantify the fraction of cells
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with an elevated expression of the stress response in addition to fluctuation assays

under stress. This would allow us to estimate the specific increase in mutation rate

associated with the stress response, which is relevant for understanding how stress

impacts DNA damage, repair and mutagenesis at a molecular level. Sequencing

resistant mutant colonies that arose in a fluctuation assay under stress to assess the

number of mutations, or performing fluctuation assays under stress with selection for

complex mutants on the plates (for example, two or more antibiotics) would be another

interesting direction to study whether heterogeneity in mutation rates increases the

risk of multidrug resistance evolution, as theoretical work suggests [1]. Moreover, as I

pointed out in Chapter 4, there is no raw data available for the only study system-

atically assessing the increase in mutation rate depending on the antibiotic dose

that we know of [62], and it would be desirable to repeat the experiments. Here,

another interesting direction could be to consider varying antibiotic concentrations on

the selective plates to assess whether there are mutations with different resistance

levels occurring at different rates.
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A Deterministic treatment of response-on non-mutants

In Model and Methods, we derive the population sizes of the response-o↵ and response-on
non-mutants as

no↵(t) =no↵(0)e
(�s

o↵��so↵�↵)t (1)

non(t) =
↵no↵(0)

�so↵ � �so↵ � ↵� (�on � �on)

⇣
e(�

s
o↵��so↵�↵)t

� e(�on��on)t
⌘
+ non(0)e

(�on��on)t (2)

which assumes that the response-on subpopulation can be treated deterministically. How-
ever, for small initial population sizes non(0), this assumption might not hold. Therefore,
we test its validity using stochastic simulations; we simulate switching on of the response
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as a time-inhomogeneous Poisson process with rate ↵no↵(t), the growth dynamics of the
response-on subpopulation as a continuous-time linear birth-death process with rates

(
Non ! NonNon, rate �on

Non ! ?, rate �on
(3)

until it reaches a size of N = 104, and according to Eq 2 afterwards. Then, we compare
the resulting population size with Eq 2 at early and late time points: t1, the expected
time of the first mutation (which follows an exponentially-distributed waiting time) in the
response-o↵ subpopulation, given by

t1 =
�
⇣
0,

µo↵no↵(0)
�s
o↵��so↵�↵

⌘

�so↵ � �so↵ � ↵
, (4)

and tN , the time when the response-o↵ subpopulation reaches a size of N = 109, given by

tN =
log

⇣
109

no↵(0)

⌘

�so↵ � �o↵ � ↵
. (5)

For two initial population sizes of the response-on subpopulation, (a) non(0) = 0 and (b)
non(0) =

↵
�s
o↵��so↵

·no↵(0), which is a lower bound for the equilibrium fraction of the response-

on subpopulation, we calculate the error relative to the median of R = 100 simulations and
the coe�cient of variation across the simulations (Fig A). We find that both relative error
and coe�cient of variation are larger at the earlier than the later time point and that they
increase with decreasing relative switching rate ↵̃ = ↵

�s
o↵

and increasing relative fitness of

response-on cells ron = �on��on
�s
o↵��so↵

. In general, Eq 2 tends to slightly overestimate the size of

the response-on subpopulation (indicated in red), but the error is with < 1% su�ciently
small to justify our approximation.

B Example mutant count distributions

In the model selection in the main Results, we select between the homogeneous-response
and the heterogeneous-response models and find that, in many cases, both models fit the
simulated mutant count data similarly well. Here, to gain insight into why this is the case,
we show example mutant count distributions using the same parameters as in respective
main Results section. This includes distributions under permissive conditions using the
standard model (Fig BI) and under stressful conditions for both homogeneous-response
(Fig BII) and heterogeneous-response (Fig BIII) models. We consider parameter settings
such that the increase in population mean mutation rate is comparable in both the homo-
geneous and heterogeneous cases (µ

s

µp = M̄ = 5).
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Figure A: Response-on non-mutants can be treated deterministically. Determin-
istic compared to stochastic dynamics of response-on non-mutants for initial population
sizes of the response-on subpopulation of (a) non(0) = 0 and (b) non(0) =

↵
�s
o↵��so↵

·no↵(0).

We simulate switching on of the response as a time-inhomogeneous Poisson process and
the dynamics of response-on non-mutants as birth-death processes (R = 100 simulation
runs). Then, we compare the resulting population sizes with Eq 2 at early and late time
points. I Relative error of the median in % at t1, II coe�cient of variation across the
simulations at t1, III relative error of the median in % at tN and IV coe�cient of varia-
tion across the simulations at tN . The parameters used in the simulations are �so↵ = 1h�1

�so↵ = �on = 0h�1, ↵ 2 [0.001, 0.1] h�1, �on 2 [0.0, 1.0] h�1.
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Figure B: Example mutant count distributions. We simulate c = 105 parallel cultures
under I permissive conditions using the standard model, and under stressful conditions
using II the homogeneous-response model with an increase in mutation rate of µs

µp = 5 and
with either no mutant fitness cost (⇢s = 1, purple) or halved fitness (⇢s = 0.5, blue), or
III the exact heterogeneous-response model with a zero (ron = 0, yellow) or intermediate
(ron = 0.5, dark green) relative fitness of response-on cells. For the heterogeneous-response
model, we simulate with a mutation-rate increase such that the increase in population mean
mutation rate is M̄ = 5. The lines give the analytically derived distributions (approximate
in the case of the heterogeneous-response model).

When there is no mutant fitness cost in the homogeneous-response model (⇢s = 1; Fig BII,
purple) and response-on cells are non-dividing in the heterogeneous-response model (ron =
0; Fig BIII, yellow), the mutant count distributions are clearly di↵erent. However, when
increasing the severity of the mutant fitness cost (⇢s = 0.5; Fig BII, blue) or the division
rate of response-on cells (ron = 0.5; Fig BIII, dark green), the mutant count distributions
have a similar shape. At the same time, the analytical mutant count distribution under the
approximate heterogeneous-response model (lines in Fig BIII) deviates from the simulated
exact distribution (bars), with a greater deviation for larger division rates of response-on
cells.

C Calculation of the duration of the growth phase

In all simulations to test our inference method, we set the duration tf of the growth phase
such that the expected number of mutations, m (not mutants) equals one, by numerically
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solving the following equations:

Permissive conditions: E[m] =

Z tf

0
⌫po↵ n

p
o↵(t) dt

!
= 1 (6)

Stressful conditions: E[m] =

Z tf

0
⌫so↵ n

s
o↵(t) + ⌫onnon(t) dt

!
= 1 (7)

This way, the resulting number of resistant mutant colonies on each selective plate is similar
across the considered parameter ranges and usually within an experimentally countable
range of zero to a couple hundred. For example, the duration of simulated fluctuation
assays under permissive conditions with the default parameter settings (main text Table
2) is set to tf ⇡ 9.21h.

D Sensitivity of the estimation to the number of parallel

cultures

In the first main Results section, we show that the estimation of the mutation-rate in-
crease µon

µo↵
in the heterogeneous-response model is accurate and precise for su�ciently

large mutation-supply ratio, S ⇠ O(1). Here, we analyse how this result depends on the
number of parallel cultures used to estimate µon

µo↵
. We use the same simulation parameters

as in the respective main Results section (with relative switching rate ↵̃ = 0.05) but smaller
numbers of parallel cultures (c = 25, 12, 6, 3). We find that, as expected, our estimation
method performs worse for smaller c (Fig CI). Nonetheless, the median relative error ap-
proaches zero for increasing simulated mutation-rate increase (Fig CII), implying that our
method remains accurate (i.e. unbiased) independent of the number of parallel cultures
used. However, the coe�cient of variation across the estimates is consistently larger for
smaller c (Fig CIII) and, therefore, precision is lost.

E Width of 95% confidence intervals on parameter estimates

In the first main Results section, we consider maximum likelihood point estimates of the
mutation-rate increase µon

µo↵
from R = 100 simulated data sets under the heterogeneous-

response model. There, we use the median relative error and the coe�cient of variation
across these 100 point estimates to measure the accuracy and precision, respectively, of our
new inference method. Here, we evaluate our method’s performance using 95% confidence
intervals on each estimate, from the same simulated data as in the respective main Results
section. To summarise the confidence intervals across R = 100 estimates, we calculate
the median of their normalised width, i.e. the di↵erence between the upper and lower
bounds of the confidence interval divided by the maximum likelihood estimate (example
in Fig DI). Generally, presenting boxplots of R = 100 maximum likelihood point estimates
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Figure C: Sensitivity of the estimation to the number of parallel cultures. Here,
we use the same simulation parameters as in Results Fig 2 (where c = 50), but consider
smaller numbers of parallel cultures (c = 25, 12, 6, 3). I Estimated compared to true
mutation-rate increase using c = 50 (red) or c = 3 (light blue) parallel cultures. The black
line gives the true value of µon

µo↵
. II Median relative error and III coe�cient of variation

across the estimates for di↵erent numbers of parallel cultures.

(as done throughout the main Results) gives the same qualitative picture as presenting
the median normalised width of R = 100 confidence intervals (compare Fig DI to Results
Fig 2A). At the same time, the median normalised width of the confidence intervals shows
a qualitatively similar relationship with µon

µo↵
and ↵̃ (Fig DIII) as the coe�cient of variation

across R = 100 point estimates (Results Fig 2C): for a su�ciently large mutation-supply
ratio S ⇡

µon
µo↵

↵̃ ⇠ O(1), confidence intervals are narrow, with a normalised width < 2

(i.e. extending less than 2-fold around the maximum likelihood estimate). Moreover, we
confirm that the number of cases in which the true value of µon

µo↵
lies outside the calculated

95% confidence interval is < 5% overall, with overestimation being slightly more frequent
than underestimation (Fig DII).

F The impact of cell death on parameter estimation for a

smaller switching rate

In the second main Results section, we show that the impact of cell death on the estima-
tion of the mutation-rate increase depends on which subpopulation is a↵ected by death.
However, estimates remain largely unbiased when all cells are a↵ected equally, although
the variation of these estimates increases. This result is not an artefact of the specific
parameters used in the respective main Results section: it also holds for di↵erent values of
the relative switching rate, here shown with ↵̃ = 0.01 (Fig E) instead of ↵̃ = 0.05 (Results
Fig 3).
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Figure D: 95% confidence intervals on parameter estimates. Here, we use the same
simulated data as in Results Fig 2 but, additionally, calculate 95% profile likelihood con-
fidence intervals around the maximum likelihood estimates of the mutation-rate increase
µon
µo↵

. IMedian estimated µon
µo↵

with whiskers extending to the median lower and upper bound

of the 95% confidence intervals. II Proportion of simulations for which the true value lies
outside the 95% confidence interval. III Normalised width of 95% confidence intervals.

This result can be explained as follows. Generally, the estimation of µo↵ is not notice-
ably impacted by cell death because it is jointly inferred under stressful and permissive
conditions, and for the latter, there is no cell death. Therefore, any biases in the estima-
tion of µon

µo↵
stem from biases in estimating µon. Now, death in response-o↵ cells causes

an underestimation of the number of cell divisions to reach the final population sizes, as
pointed out in [1]. This, in turn, results in an overestimation of the mutation rate of
response-on cells because this is calculated as mutations per response-on cell, per division
in response-o↵ cells (µon := ⌫on

�s
on
). At the same time, death in response-on cells can lead to

the extinction of response-on mutant lineages, causing an underestimation of S and, with
it, underestimation of µon. These two e↵ects counteract each other, leading to an unbiased
estimate overall.

G The impact of di↵erential mutant fitness on parameter

estimation

We next test the robustness of our method to di↵erential mutant fitness, which is neglected
in the inference under the heterogeneous-response model. For this purpose, we simulate
fluctuation assays under an extended model of heterogeneous stress responses (Results
Fig 1C) with di↵erential mutant fitness using a parameter range of ⇢o↵ := ⇢po↵ = ⇢so↵ 2

[0.0, 1.5]. Note that we consider a di↵erential mutant fitness only in response-o↵ cells as
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Figure E: Cell death has limited impact on the estimation of the mutation-rate
increase. Here, we repeat the analysis in Results Fig 3 but with a lower switching rate, ↵.
We simulate using the heterogeneous-response model extended by cell death but neglect
cell death in the model used to estimate µon

µo↵
. The black solid lines indicate the true

mutation-rate increase used in the simulations. I Estimated mutation-rate increase when
only response-o↵ cells are a↵ected by cell death, II when only response-on cells are a↵ected
by cell death and III when all cells are a↵ected by cell death equally. The parameter range
used in the simulations is ↵ = 0.01 h�1, �so↵ 2 [0.0, 0.5] h�1, �on 2 [0.0, 0.5] h�1.

the response-on cells have a zero division rate in this set of simulations and are, therefore,
una↵ected by a di↵erential mutant fitness.

From the resulting mutant count data, we estimate the mutation-rate increase µon
µo↵

and

compare it with the true value to determine any biases caused by neglecting the di↵er-
ential mutant fitness in the inference (Fig F). We find that neglecting this e↵ect in the
inference leads to a slight underestimation of the mutation-rate increase when mutations
bring a fitness advantage (⇢o↵ > 1). Fitness advantages could arise, for example, because
the same antibiotic is used as a stressor and on the selective plates or because two di↵erent
antibiotics are used, but mutants are cross-resistant [2]. However, the bias remains small
(relative error of the median < 17%) across the tested parameter range. If mutants have
a fitness cost (⇢o↵ < 1), the mutation-rate increase is estimated accurately.

H Estimation when response-on cells have a known non-

zero division rate

In the third main Results section, we evaluate the performance of our method in estimating
the mutation-rate increase when response-on cells have a non-zero division rate for the
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Figure F:Di↵erential mutant fitness has minimal impact on the estimation of the
mutation-rate increase under the heterogeneous-response model. We simulate
using the heterogeneous-response model with mutants having a di↵erent division rate than
non-mutants but neglect this e↵ect in the model used to estimate µon

µo↵
. The black solid line

indicates the true mutation-rate increase. The parameter range used in the simulations is
⇢po↵ = ⇢so↵ 2 [0.0, 1.5].

cases that (i) the non-zero division rate is neglected in the inference (setting ron = 0) and
(ii) ron > 0 is inferred additionally. Here, we consider a third case: ron is set to the true
value, which could, for example, be measured in microfluidics experiments using time-lapse
microscopy and image analysis to estimate the division rate of cells identified as response-
on. Interestingly, we find that setting ron to the true value hardly improves the estimation
of the mutation-rate increase (Fig G). The reason for this lies in the approximation of the
size of the non-mutant response-on subpopulation (main text, Eq 13) which assumes that
�on � �on ⌧ �so↵ � �so↵ � ↵ and is no longer valid for large ron = �on��on

�s
o↵��so↵

! 1. Therefore,

setting ron to the true value still results in a biased estimate. This suggests that, given the
available inference method, obtaining a precise estimate of ron from a separate experiment
is not worthwhile besides validating that it is small.

I Estimates of the mutant fitness cost in the homogeneous-

response model

In the model selection in the main Results, we select between homogeneous and heterogeneous-
response models using a two-step selection procedure. Here, we show which version of the
homogeneous-response model is chosen by the likelihood-ratio test in the first selection
step and what mutant fitness costs are estimated by the chosen model. We find that, when
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Figure G: Setting the relative fitness of response-on cells to the true value only
marginally improves the estimation of the mutation-rate increase. We simulate
using the heterogeneous-response model with ron � 0 being the relative fitness of response-
on cells compared to response-o↵ cells. We consider three cases for the inference: (i)
setting ron to zero and only inferring µo↵ and S, (ii) inferring ron additionally, and (iii)
setting ron to its true value and only inferring µo↵ and S. From the estimates of µo↵ and
S we calculate µon

µo↵
. The solid black line indicates the true value of µon

µo↵
. The parameter

range used in the simulations is �on 2 [0.0, 1.0] h�1.

simulating with small relative fitness of response-on cells ron, the homogeneous-response
model with unconstrained mutant fitness (⇢p and ⇢s inferred) is selected in most cases,
whereas for large ron the homogeneous-response model without di↵erential mutant fitness
(⇢p = ⇢s = 1) is selected in most cases (Fig HI). The homogeneous-response model with
constrained mutant fitness (⇢p = ⇢s inferred) is selected for only a small number of simu-
lations.

For the homogeneous-response model with ⇢p and ⇢s inferred, the mutant fitness under
permissive conditions (⇢p) is correctly estimated as ⇡ 0.98 ± 0.17. For the mutant fitness
under stressful conditions (⇢s), on the other hand, an increasingly severe mutant fitness
cost is inferred the smaller the relative fitness of response-on cells (Fig HII, blue). The
homogeneous-response model with constrained mutant fitness (Fig HII, purple) also in-
fers a more severe mutant fitness cost for smaller ron (under both permissive and stressful
conditions, since ⇢p = ⇢s), but less severe than the unconstrained model version.
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Figure H: Estimation of mutant fitness cost by the best homogeneous-response
model. Here, we show additional estimation outputs to Results Fig 5. I Best
homogeneous-response model, as chosen by a likelihood-ratio test in our first step in the
model selection procedure. II Mutant fitness under stressful conditions as estimated by
the homogeneous-response models with constrained (dark purple) or unconstrained (blue)
mutant fitness.

J Parameter estimation and model selection for smaller mutation-

rate increase

In the model selection in the main Results, we select between heterogeneous and homo-
geneous responses using simulated data where we set the true mutation-rate increase to
µon
µo↵

= 100. Here, we repeat this analysis for a mutation-rate ratio of µon
µo↵

= 10. We

find that the number of simulations in which the heterogeneous-response model is se-
lected drops, reaching at most ⇠ 25% for small ron (Fig II). In most of the remaining
cases, either no model is preferred (more commonly for small ron), or the homogeneous-
response model without di↵erential mutant fitness is selected (more commonly for large
ron). The homogeneous-response models with inferred mutant fitness are selected in only
a few cases. Both heterogeneous and homogeneous-response models remain able to in-
fer the mutation-supply ratio or increase in population mean mutation rate, respectively,
reasonably accurately, with only a slight underestimation in both cases (Fig III and IIII).
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Figure I: Model selection is more often inconclusive when the mutation-rate
increase is smaller. We simulate using the heterogeneous-response model for a range of
relative fitness of response-on cells, ron, and with a true mutation-rate ratio of µon

µo↵
= 10;

and infer using the same models as considered in the model selection in the main Results.
I Model selection using LRT and AIC. II Estimated mutation-supply ratio, S, by the best
heterogeneous-response model. III Estimated increase in mutation rate, µs

µp , by the best
homogeneous-response model. The black lines in II and III indicate the true values of S
and the increase in population mean mutation rate, M̄ , respectively. The parameters used
in the simulations are ⌫on = 10�7 h�1 and �on 2 [0, 1] h�1.
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K Parameter estimation and model selection when there is

no increase in mutation rate

In all results so far, we used simulated data with a true increase in mutation rate under
stress (S > 0 for heterogeneous and µs

µp > 1 for homogeneous stress responses). Here, we
test the parameter estimation and model selection when there is actually no increase in
mutation rate under stress. For this purpose, we simulate a homogeneous stress response
which does not impact the mutation rate (µs = µp), but results in a mutant fitness cost of
varying severity (⇢p = 1 and ⇢s 2 [0, 1]). We then apply our LRT plus AIC two-step model
selection procedure (as in the model selection in the main Results). We find that when
mutants have a low fitness under stress (small ⇢s), the unconstrained homogeneous-response
model is selected in the majority of cases (Fig JI). As the mutant fitness increases, no model
is selected for an increasing proportion of simulations, suggesting that both heterogeneous-
and homogeneous-response models can explain the data similarly well. Regardless of which
model is selected, both perform fairly well in inferring little or no increase in mutation
rate. In the heterogeneous-response model (Fig JII), a mutation-supply ratio of S = 0
corresponds to no contribution from response-on cells, and the estimated S tends towards
zero as mutant fitness cost decreases. For small mutant fitness, S is slightly over-estimated
(median estimate S ⇡ 0.5 for ⇢s < 0.5). This result again reflects the similarity in mutant
count distributions produced by either the heterogeneous-response model with non-dividing
response-on cells (ron = 0) or the homogeneous-response model with severe mutant fitness
cost (small ⇢s), cf. Fig B. Under the homogeneous-response model (Fig JIII), the estimated
mutation-rate increase µs

µp is unbiased, centred around the true value of 1, regardless of
mutant fitness cost.

L Parameter estimation and model selection for di↵erent

switching rates

In the model selection in the main Results, we perform model selection on simulated mu-
tant count data from the heterogeneous-response model with varying relative fitness of
response-on cells. Here, we carry out a similar analysis on simulations with varying rel-
ative switching rates ↵̃ (i.e. rate of switching the response on under stress). Specifically,
we simulate under the heterogeneous-response model without cell death and with non-
dividing response-on cells (ron = 0), and perform model selection between heterogeneous
and homogeneous-response models using LRT plus AIC.

When the relative switching rate is small (↵̃ < 0.01), the mutation-supply ratio S ⌧ 1,
which implies very little increase in population mean mutation rate under stressful condi-
tions. In this case, we find that no model is selected in the majority of simulations (Fig KI),
which is in accordance with the results when there is actually no increase in mutation rate
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Figure J:Model selection when there is no increase in mutation rate under stress.
We simulate under the unconstrained homogeneous-response model without an increase in
mutation rate (µs = µp). IModel selection using the LRT and AIC. II Estimated mutation-
supply ratio, S, by the best heterogeneous-response model. III Estimated increase in
mutation rate, µs

µp , by the best homogeneous-response model. The black lines in II and

III indicate the true values (S = 0 and µs

µp = 1, respectively). The parameters used in the
simulations are ⇢p = 1 and ⇢s 2 [0, 1].
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(previous section). For a relative switching rate of ↵̃ = 0.05, the heterogeneous-response
model is selected in slightly less than 75% of simulations, similarly to our results with
ron = 0 in Results Fig 5, where we simulated under identical parameters. Interestingly,
however, the fraction of simulations in which the heterogeneous-response model is selected
does not increase further for larger ↵̃. This implies that even for large relative switching
rates, heterogeneous stress responses or mutant fitness cost under stress represent alterna-
tive model explanations for similar patterns in mutant count distributions and cannot be
distinguished from fluctuation assay data alone.

The estimation of the mutation-supply ratio S by the best heterogeneous-response model
is accurate and precise for su�ciently large relative switching rate ↵̃ (Fig KII), which im-
plies large S, in accordance with our results presented in Results Fig 2. Furthermore, the
increase in mutation rate estimated by the best homogeneous-response model (µ

s

µp ) is a
fairly accurate and precise estimate of the true increase in population mean mutation rate
(M̄) in the heterogeneous-response simulations, with only a slight underestimation of M̄
for intermediate ↵̃ (Fig KIII).

M Model selection limited to constrained mutant fitness in

the homogeneous-response case

In last main Results section, we simulate under the heterogeneous-response model for a
range of relative fitness of response-on cells (ron) and perform model selection between the
homogeneous-response model (a) without di↵erential mutant fitness (setting ⇢p = ⇢s = 1),
(b) with constrained di↵erential mutant fitness, i.e. one additional inference parameter
⇢s = ⇢s, or (c) with unconstrained di↵erential mutant fitness, i.e. two additional infer-
ence parameters ⇢s and ⇢s; and the heterogeneous-response model (d) with zero fitness
of response-on cells (setting ron = 0), or (e) with ron and fon as two additional inference
parameters. Moreover, we evaluate the homogeneous-response models’ performance in es-
timating the true increase in population mean mutation rate (M̄) and the heterogeneous
models’ performance in estimating the true mutation-supply ratio (S). Here, we repeat
this analysis, but we consider only the homogeneous-response models (a) and (b), in which
the mutant fitness under stressful and permissive conditions is equal (⇢p = ⇢s). This rep-
resents a reasonable starting assumption in the absence of any a priori reason to expect
that mutant fitness costs should di↵er in these conditions.

Performing model selection using LRT plus AIC, we find that the heterogeneous-response
model with ron = 0 is selected in most cases when the true relative fitness of response-on
cells (ron) is small (Fig LI). For intermediate values of ron, the heterogeneous-response
model with ron inferred is selected more often (up to ⇠ 30%), but no model is selected
even more often (up to ⇠ 40%). For large values of ron, the homogeneous-response model
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Figure K: Model selection for varying relative switching rates. We simulate under
the heterogeneous-response model for a range of relative switching rates, ↵̃. I Model
selection between heterogeneous and homogeneous stress response models using LRT and
AIC. II Estimated mutation-supply ratio, S, by the best heterogeneous-response model.
III Estimated increase in mutation rate, µs

µp , by the best homogeneous-response model.
The black lines in II and III indicate the true values of S and the increase in population
mean mutation rate, M̄ , respectively. The parameter range used in the simulations is
↵ 2 [0.001, 0.1] h�1.
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without di↵erential mutant fitness (⇢s = ⇢p = 1) is selected in the majority of simulations.
The homogeneous-response model with constrained di↵erential mutant fitness is selected
in only a few simulations, with the highest percentage of ⇠ 10% for intermediate ron.

Overall, over the whole parameter range, the heterogeneous-response model is selected
more often when we constrain mutant fitness to be equal under stressful and permissive
conditions (Fig LI) compared to when it is also allowed to be unconstrained (Results Fig 5).
The di↵erential mutant fitness itself (⇢p = ⇢s) is estimated to be around ⇢s ⇡ 0.65 over
the whole range of ron (Fig LII). Moreover, we find that constraining the mutant fitness
results in a slight underestimation of the increase in population mean mutation rate M̄ ,
especially for small ron (Fig LIII).

N Comparing model selection procedures

In the model selection in the main Results, we use a two-step procedure involving (i) a
likelihood-ratio test (LRT) to choose the best homogeneous and the best heterogeneous
model version, then (ii) the AIC to compare these two best models. There, we simulated
under the heterogeneous-response model with c = 50 parallel cultures per fluctuation assay.
Here, we analyse the performance of our model selection procedure for smaller numbers of
parallel cultures (c = 20, 10). We also assess model selection when simulating under the
homogeneous-response model. Moreover, in all cases, we show how results using the AIC
in the second selection step compare to using the Bayesian information criterion (BIC).
The BIC is defined as

BIC = k lnn� 2 lnL (8)

with k being the number of inferred parameters and n = 2c the number of data points,
i.e. the total number of parallel cultures simulated under permissive plus stressful condi-
tions. As for the AIC, we say that the BICs of two models are comparable if their di↵erence
is within ±2. For an overview of the advantages and disadvantages of di↵erent model se-
lection techniques, including AIC and BIC, see [3].

First, we evaluate the performance of the above-described model selection procedures when
simulating under the heterogeneous-response model (Fig M) as done in Results Fig 5. When
using c = 50 parallel cultures in the inference, the model selection procedure using BIC
instead of AIC is more conclusive: BIC more often selects the heterogeneous-response
model at small ron and the homogeneous-response model with no di↵erential mutant fit-
ness as large ron, whereas AIC selects no model in a larger fraction of cases. Interestingly,
when fewer parallel cultures are used in the inference (c = 20, 10), the AIC selects the
heterogeneous-response model less often when ron is small but more often when ron is
large. Model selection using BIC, on the other hand, is more often inconclusive when using
fewer parallel cultures, and performs similarly to model selection using AIC when c = 10.
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Figure L: Model selection with constrained mutant fitness. We use the same simu-
lated data as in Results Fig 5, but for inference, we exclude the version of the homogeneous-
response model with unconstrained mutant fitness. I Model selection amongst homoge-
neous response models with constrained mutant fitness (a-b) and heterogeneous-response
models (d-e) using LRT and AIC. II Estimated mutation-supply ratio, S, by the best
heterogeneous-response model. III Estimated increase in mutation rate, µs

µp , by the best
homogeneous-response model (a) or (b). The black lines in II and III indicate the true
values of S and the increase in population mean mutation rate, M̄ , respectively. The pa-
rameter range used in the simulations is �on 2 [0, 1] h�1.
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Figure M: Model selection when simulating under the heterogeneous-response
model. We use the same simulation parameters as in Results Fig 5 and use a two-step
model selection procedure with LRT as the first step and either AIC (I) or BIC (II) as
the second selection step, and c = 50 (a), c = 20 (b) or c = 10 (c) parallel cultures in the
inference.

The latter is expected as for c = 10 the penalising constant used in the BIC (Eq 8) equals
ln 2c ⇡ 3, close to the penalising constant (= 2) used in the AIC.

Next, we perform model selection when simulating under the homogeneous-response model
with constrained mutant fitness cost (⇢p = ⇢s 2 [0, 1]), for various increases in population-
wide mutation rate (Fig N). Again, we compare the performance of model selection pro-
cedures using AIC (I) or BIC (II). In all cases, the rate of false positives, i.e. selecting
the heterogeneous-response model, is low; up to maximally ⇡ 10% for mutant fitness costs
around ⇢p = ⇢s = 0.8.

Finally, we perform model selection when simulating under the homogeneous-response
model with di↵erential mutant fitness only under stressful conditions (⇢p = 1 and ⇢s 2

[0, 1]) and various increases population-wide in mutation rate (Fig O), using the AIC (I)
or BIC (II) for model selection. For less severe mutant fitness costs (⇢s ! 1), AIC tends
to select the homogeneous-response model without di↵erential mutant fitness regardless of
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Figure N: Model selection when simulating under the homogeneous-response
model with constrained mutant fitness. We use a two-step model selection procedure
with LRT as the first step and either AIC (I) or BIC (II) as the second selection step, and
a simulated increase in mutation rate of µs

µp = 3.2 (a), µs

µp = 10 (b) or µs

µp = 32 (c). The
parameter range used in the simulations is ⇢p = ⇢s 2 [0, 1].
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the true mutation-rate increase. For a severe mutant fitness cost (small ⇢s), the model
selected by AIC depends on the true increase in mutation rate. When the mutation-rate
increase is small (µ

s

µp = 3.2, left column), the AIC usually correctly selects the uncon-
strained homogeneous-response model. As the mutation-rate increase becomes larger, the
model selection first becomes frequently inconclusive (for µs

µp = 10, middle column) and

then tends to select the heterogeneous-response model with ron = 0 (for µs

µp = 32, right
column). The reason for this behaviour is that the underlying mutant count distributions
are similar for both the homogeneous-response model with a large mutant fitness cost and
the heterogeneous-response model with non-dividing response-on cells (recall Fig B), and
the latter model has fewer inferred parameters.

In contrast, model selection using the BIC (Fig O, bottom) has a high rate of false positives,
i.e. selecting the heterogeneous-response model (with ron = 0) even though we simulated
under the homogeneous-response model. For smaller mutation-rate increases (µ

s

µp = 3.2

and µs

µp = 10), the false-positive rate is highest when the mutant fitness cost is small,

whereas for larger mutation-rate increase (µ
s

µp = 32), the false-positive rate is highest at
intermediate ⇢s. For su�ciently small mutant fitness cost (⇢s ! 1), BIC usually selects
the homogeneous-response model with no mutant fitness cost (⇢s = ⇢p = 1) regardless of
the true mutation-rate increase.

To summarise, model selection using the BIC is more conclusive, with a higher rate of true
positives (i.e. correctly selecting the heterogeneous-response model when it was used for
simulations) than model selection using the AIC (Fig M). Both AIC and BIC show a low
rate of false positives (i.e. incorrectly selecting the heterogeneous-response model) when
simulating under the homogeneous-response model with equal mutant fitness costs under
permissive and stressful conditions (Fig N) or a su�ciently small mutant fitness cost under
stressful conditions only (Fig O). However, using the BIC results in a higher rate of false
positives when simulating under the homogeneous-response model where mutants have a
su�ciently large fitness cost only under stressful conditions (Fig O). For this reason, we de-
cided to use AIC as our model selection procedure when presenting the main results. How-
ever, in the file called inference.jl at https://github.com/LucyL-J/Quantifying-SIM,
we provide code to use either AIC or BIC in model selection.
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Figure O: Model selection when simulating under the homogeneous-response
model with mutant cost only under stressful conditions. We use a two-step model
selection procedure with LRT as the first step and either AIC (I) or BIC (II) as the second
selection step, and a simulated increase in mutation rate of µs

µp = 3.2 (a), µs

µp = 10 (b) or
µs

µp = 32 (c). The parameter range used in the simulations is ⇢p = 1 and ⇢s 2 [0, 1].
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Appendix B

MIC and experimental design

B.1 Antimicrobial concentrations relative to their re-

spective MICs
We re-analysed experiments using antimicrobial concentrations below the MIC. In the

studies [3, 10, 14, 15, 25, 30, 34, 60, 65, 68, 71], these concentrations were referred

to as subinhibitory, sublethal or simply sub-MIC. In general, giving the antimicrobial

concentration relative to the MIC, for example, in units of the MIC, could allow us to

compare experiments with different bacterial strains or antimicrobials. However, how

the MIC was determined (if at all) differed in the re-analysed studies. The majority (7

out of 11) did not explain how the MIC was determined. Two of these studies ([25] and

[71]) did not report the value of the MIC, yet referred to the antimicrobial concentra-

tions used in their experiments as sub-MIC. The approaches in the four studies, which

explain how they determined the MIC, range from the lowest concentration leading to

’no visible growth in an overnight liquid culture’ [65] and ’no visible colour change

in an overnight liquid culture with supplemented resazurin’ [60], to more quantitative

measures such as ’15% reduction in the area under the growth curve of an overnight

culture’ [10] and ’growth reduced to OD600 < 0.1 in an overnight culture’ [68].

The reason for choosing the specific sub-MIC concentration also varied between

the re-analysed studies. [25] and [71], who did not report a value for the MIC, used

antimicrobial concentrations to replicate previous studies [45, 64]. Some studies used

a (seemingly) arbitrary fixed percentage of the MIC in their experiments, ranging from

1% to 75% [3, 14, 30, 60, 68], see Table B.1; others a sub-MIC concentration they
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Study Species strain Antimicrobial
(mutant) Abbr. ([ µg

mL ]) [MIC]

Baharoglu et al. [3] E. coli MG1655

Amp, Cip, Rif, Trim 0.05

1%
Neo, Tob 0.1
Cm, Tet 0.15
Kan, Spec 0.2
MMC missing

Bulssico et al. [10] E. coli TD2158 Cip 0.01 50%

Cortes et al. [14] S. pneumoniae D39
Pen 0.024

75%Ery 0.09
Cm 3.0

Dapa et al. [15] E. coli MG1655 (DSulA) MMC 1.0 (75%)

Frenoy et al. [25] E. coli MG1655
H2O2 0.034

-Nor 0.05
Kan 3.0

Giroux et al. [30] E. coli MG1655 Trim 0.04 6.25%
Hocquet et al. [34] P. aeruginosa PA14 Met 50.0 1.25%

Mo et al. [60] E. coli MG1655 (DSulA)

Cip 0.01 35.7% (62.5%)
Trim 0.032 25% (25%)
MMC 0.5 12.5% (12.5%)
Amp, Nitro 2.0 25% (33.3%)
Strep 2.0 40% (33.3%)
Novo 16.0 25% (12.5%)

Schmidt et al. [65]

A. baylyi ADP1

CHX 0.002

2%

DDAC 0.02
Cip 0.036
BAC 0.24
Cu 1.0
Trim 16.0

B. subtilis 3610

DDAC 0.0002 0.4%
BAC 0.0012 0.04%
Cu 0.004 0.2%
Trim 0.004 0.08%
Cip 0.008 0.4%
CHX 0.012 0.2%

E. coli MG1655

Cip 0.0006

1%
DDAC 0.01
Cu 0.025
BAC 0.03
Trim 0.2
CHX 0.012 0.2%

Torres-Barcelo et al. [68] P. aeruginosa PA01 (LexAd) Cip 0.048 24% (24%)

Vasse et al. [71] E. coli MG1655

Cip 0.005

-

Nor, Trim 0.005, 0.05
Tet 0.15
Cm 0.15, 1.5
MMC, Nal 1.0
Amp 1.0, 3.2
Kan 1.6
Strep 5.0

Table B.1: Antimicrobial concentrations used in the re-analysed studies relative
to their respective MICs. Concentrations are given in µg

mL and in units of the MIC. If a
study used a mutant strain, the concentration in units of the MIC is shown in brackets.
A dash indicates studies that did not determine the MIC [25, 71].
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argued would not significantly perturb growth [10, 15] or cause initial killing [65].

The latter study also compared the concentrations used with those found in the

environment. One study used an antimicrobial concentration found in patients’ plasma

after treatment [34].

B.2 Experimental design impacts estimation uncertainty

and chance of detecting SIM
In section 3.3.1, we noticed that experiments with large confidence intervals tended to

use a small number of parallel cultures and partial plating, i.e. only a fraction (plating

efficiency E < 100%) of each parallel culture is plated onto the selective plates. 52

out of all 77 experiments that we analysed had a plating efficiency < 1, with plated

fractions ranging from E = 40% down to E = 0.0002%, highlighting the importance

of our computational extension to consider partial plating in our model estimates.

The number of parallel cultures also greatly varied between experiments, from cs = 2
cultures treated with an antimicrobial and c0 = 3 untreated cultures, up to cs = 240
and c0 = 236 (Table 3.2).

To make our observations more precise, we statistically analysed how these exper-

imental design factors associate with the normalised width of the 95% confidence

intervals of M̄, that is (M̄upper � M̄lower)/M̄MLE. We fitted the following linear model

log10[M̄]⇠ log10[E]+ log10[cs], (B.1)

using the logarithm because the normalised CI width as well as plating efficiencies

and numbers of parallel cultures in the treatment condition span several orders of

magnitude (Fig B.1, left). We found that the log plating efficiency, but not the log

number of cultures, significantly impacts the log normalised CI width, with a plating

efficiency of E = 10% leading to a (4.4± 0.6)�fold increase in the normalised CI

width compared to E = 100% (p < 2 · 10�16, Fig B.1, right). At the same time, the

plating efficiency and number of parallel cultures were positively correlated (Kendall’s

rank correlation coefficient R = 0.45, p = 3.7 · 10�7), implying that experimentalists

using a higher number of parallel cultures also tend to plate larger fractions onto the

selective plates.
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Figure B.2: Chance to detect SIM depends on antimicrobial target and con-
centration, and number of parallel cultures: Coefficients, standard errors and
p-values estimated using a generalised linear mixed model of the form SIM ⇠
C+ log10[E] + log10[cs] + target group+(1|control condition), which corresponds to
SIM ⇠ of_MIC+ log10[plated_fraction]+ log10[n_cultures]+group+(1|baseline_ID)
in the R script used for analysis. The fixed effect ‘group’ has three levels: ‘DNA/DNA
gyrase’, ‘Other’ and ‘Ribosome’. The intercept gives the log-odds of detecting SIM
in the DNA/DNA gyrase group for an antimicrobial concentration of zero, and plating
efficiency and number of parallel cultures equal to one.

the MIC), the higher the odds to detect SIM: per 1% increase in the antimicrobial

concentration, the odds increased by (4±2)% (p = 0.0314), in accordance with our

previous simulation study [50]. All estimates, standard errors and p-values are shown

in Fig B.2.



Appendix C

Impact of death and division of
response-on cells on stress-induced

mutagenesis

C.1 Fraction of response-on cells depending on their

death rate
In section 4.3.1, I showed that the fraction of the response-on subpopulation in-

creases monotonically with the concentration of a bactericidal drug. In particular,

for a concentration-independent death rate of response-on cells don ⌘ const. � 0,

the increase in fon(t) and f ⇤on has a sigmoidal shape. Thereby, the inflection point

depends on the magnitude of the death rate of response-on cells don: the higher don,

the higher the concentration of the steepest increase (Fig C.1, left).

On the other hand, in section 4.3.2, I showed that for a bacteriostatic drug, the fraction

of the response-on subpopulation fon depends non-monotonically on the antibiotic

concentration. In particular, the concentration for which the stationary fraction f ⇤on is

maximal depends on the (concentration-independent) death rate of response-on cells

don ⌘ const.: the higher don, the lower the concentration of maximal f ⇤on (Fig C.1, right).
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