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Abstract
High-dose chemotherapy has long been advocated as a means of controlling drug resis-
tance in infectious diseases but recent empirical studies have begun to challenge this view.
We develop a very general framework for modeling and understanding resistance emer-
gence based on principles from evolutionary biology. We use this framework to show how
high-dose chemotherapy engenders opposing evolutionary processes involving the muta-
tional input of resistant strains and their release from ecological competition. Whether such
therapy provides the best approach for controlling resistance therefore depends on the rela-
tive strengths of these processes. These opposing processes typically lead to a unimodal
relationship between drug pressure and resistance emergence. As a result, the optimal
drug dose lies at either end of the therapeutic window of clinically acceptable concentra-
tions. We illustrate our findings with a simple model that shows how a seemingly minor
change in parameter values can alter the outcome from one where high-dose chemother-
apy is optimal to one where using the smallest clinically effective dose is best. A review of
the available empirical evidence provides broad support for these general conclusions. Our
analysis opens up treatment options not currently considered as resistance management
strategies, and it also simplifies the experiments required to determine the drug doses
which best retard resistance emergence in patients.

Author Summary
The evolution of antimicrobial resistant pathogens threatens much of modern medicine.
For over one hundred years, the advice has been to ‘hit hard’, in the belief that high doses
of antimicrobials best contain resistance evolution. We argue that nothing in evolutionary
theory supports this as a good rule of thumb in the situations that challenge medicine. We
show instead that the only generality is to either use the highest tolerable drug dose or the
lowest clinically effective dose; that is, one of the two edges of the therapeutic window.
This approach suggests treatment options not currently considered, and simplifies the
experiments required to identify the dose that best retards resistance evolution.
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Introduction
Antimicrobial resistance is one of greatest challenges faced by modern medicine. There is a
widely held view that the evolutionary emergence of drug resistance is best slowed by using
high doses of drugs to eliminate pathogens as early and quickly as possible. This view, first
expounded by Ehrlich [1] (‘hit hard’) and later Fleming [2] (‘if you use penicillin, use enough’),
is today encapsulated in the advice to administer ‘the highest tolerated antibiotic dose’ [3, 4].
The rationale is two-fold. First, a high concentration of drug will eliminate drug-sensitive
microbes quickly and thereby limit the appearance of resistant strains. Second, a high concen-
tration of drug will also eliminate strains that have some partial resistance, provided the con-
centration is above the so-called mutant prevention concentration (MPC) [5–12].

This is an intuitively appealing idea, but several authors have recently questioned whether
high-dose chemotherapy is, as a generality, defensible in terms of evolutionary theory [13–16].
This is because the use of extreme chemical force comes at the cost of maximizing the selective
advantage of the very pathogens that we fear most; namely, those which cannot be eradicated
by safely administered doses of drug. Some experimental studies have also shown that lighter-
touch chemotherapy not only better prevents the emergence of resistance but it restores host
health just as well as high-dose chemotherapy [15–17].

Here we use principles from evolutionary biology to provide a general and comprehensive
theoretical framework for studying the effects of different drug treatment strategies. The analy-
sis shows that high-dose chemotherapy gives rise to opposing evolutionary processes. As a
result, the optimal therapy for controlling resistance depends on the relative strengths of these
processes. High-dose therapy can, in some circumstances, retard resistance emergence but evo-
lutionary theory provides no support for using this strategy as a general rule of thumb, nor
does it provide support for focussing on the MPC as a general approach for resistance preven-
tion. More broadly we find that the opposing evolutionary processes lead to a unimodal rela-
tionship between drug concentration and resistance emergence. Therefore the optimal strategy
is to use either the largest tolerable dose or the smallest clinically effective dose. We illustrate
these general points with some simple models that show how a seemingly minor change in
parameter values can alter the outcome from one where high-dose chemotherapy is optimal to
one where using the smallest clinically effective dose is best. A review of the empirical evidence
provides broad support for these conclusions.

Methods
Determining a patient treatment regimen involves choosing an antimicrobial drug (or drugs)
and determining the frequency, timing, and duration of administration. The impact of each of
these on resistance emergence has been discussed elsewhere [9, 18]. Here we focus solely on
drug concentration because it has historically been the factor most often discussed and because
it is the source of recent controversy [10, 12–14, 16]. We seek to understand how the probabil-
ity of resistance emergence changes as a function of drug concentration.

For simplicity we assume that drug concentration is maintained at a constant level during
treatment and refer to this concentration as ‘dose’. This assumption is not meant to be realistic
but it serves as a useful tool for gaining a better understanding of how drug resistance evolves.
After laying the groundwork for this simple case we show in the Supporting Information that
allowing for more realistic pharmacokinetics does not alter our qualitative conclusions.

Drug resistance is a matter of degree, with different genotypes having different levels of resis-
tance (measured, for example, as the minimum inhibitory concentration, MIC). Our main focus
is on what we call high-level resistance (HLR). This will be defined precisely below but for the
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moment it can be thought of as resistance that is high enough to render the drug ineffective (so
that its use is abandoned). We begin by supposing that the HLR strain is one mutational step
away from the wild type but we relax this assumption in the Supporting Information.

Why is it that resistant strains reach appreciable densities in infected patients only once
drug treatment is employed? The prevailing view is that there is a cost of resistance in the
absence of the drug but that this cost is compensated for by resistance in the presence of the
drug. It is not the presence of the drug per se that provides this compensation; rather, it is the
removal of the wild type by the drug that does so [13, 19]. This implies that the presence of the
wild type competitively suppresses the resistant strain and that drugs result in the spread of
such strains because they remove this competitive suppression (a process called ‘competitive
release’; [19]).

To formalize these ideas, consider an infection in the absence of treatment. The wild type
pathogen enters the host and begins to replicate. As it does so, it consumes resources and stim-
ulates an immune response. We use P(t) to denote the density of the wild type and X(t) to
denote a vector of within-host state variables (e.g., density of immune system components,
resources, etc). Without loss of generality we suppose that the vector X is defined in such a way
that pathogen replication causes its components to decrease. For example, if a component of
the state vector represents some element of an immune response, then we can define this com-
ponent of X(t) as the inverse of this immune cell density. This decrease in X, in turn, makes the
within-host environment less favorable for pathogen replication. If X is suppressed enough, the
net replication rate of the wild type will reach zero. Thus X can be viewed as the quality of the
within-host environment from the standpoint of pathogen replication.

As the wild type replicates it gives rise to the HLR strain through mutation and the initial
infection might include some HLR pathogens as well. But the HLR strain is assumed to bear
some metabolic or replicative cost, meaning that it is unable to increase in density once the
wild type has become established. Mechanistically this is because the wild type suppresses the
host state, X, below the minimum value required for a net positive replication by the HLR
strain [19]. Thus, we ignore the effect of the HLR strain when modeling the joint dynamics of
P(t) and X(t) in the absence of treatment (see Appendix 1 in S1 Text for details).

At some point (e.g., the onset of symptoms) drug treatment is introduced. Provided the dos-
age is high enough the wild type will be driven to extinction. We use c to denote the (constant)
concentration of the drug in the patient. We distinguish between theoretically possible versus
feasible doses. Theoretically possible doses are those that can be applied in vitro. Feasible doses
are those that can, in practice, be used in vivo. There will be a smallest clinically effective dose
that places a lower bound on the feasible values of c (denoted cL) and a maximum tolerable
dose because of toxicity (denoted cU). The dose range between these bounds is called the thera-
peutic window [20].

Once treatment has begun, we use p(t;c) and x(t;c) to denote the density of the wild type
strain and the within-host state. This notation reflects the fact that different dosages (i.e., con-
centrations) will give rise to different trajectories of p and x during the remainder of the infec-
tion. We model the dynamics of p and x deterministically during this phase.

As the wild type is driven to extinction it will continue to give rise to HLR microbes through
mutation. The mutation rate is given by a function λ[p(t; c), c] that is increasing in p and
decreasing in c. We suppose that limc ! 1 λ[p, c] = 0 because a high enough drug concentra-
tion will completely suppress wild type replication and thus mutation. Any HLR microbes that
are present during treatment will no longer be destined to rarity because they will be released
from competitive suppression [19]. We use π[x(t; c), c] to denote the probability of escaping
initial extinction when rare. The function π is increasing in x because it is through this state
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that the HLR strain has been competitively suppressed [19]. And π is decreasing in c with
limc ! 1 π[x, c] = 0 because a high enough dose will also suppress even the HLR strain.

We can now provide a precise definition of high-level resistance (HLR). Although
limc ! 1 π[x, c] = 0, the concentration at which this limit is reached can lie outside the thera-
peutic window [cL, cU]. We define HLR to mean that π[x, c] is very nearly equal to π[x, 0] over
the therapeutic window. Biologically this means that, in terms of clinically acceptable doses,
significant suppression of HLR is not possible. We focus on HLR because, for genotypes that
do not satisfy this property, there is then no resistance problem to begin (since one can always
use a high enough dose to remove all pathogens). For instance, there is evidently no resistance
problem in HIV and Hepatitis C when patients are fully compliant with recommended combi-
nation therapy regimens [21]. That is because at clinically acceptable doses of those combina-
tion therapies, mutations conferring HLR do not arise. We are here interested in cases in which
significant suppression of HLR is not possible even at the upper end of the therapeutic
window.

With the above formalism, we focus on resistance emergence, defined as the replication of
resistant microbes to a high enough density within a patient to cause symptoms and/or to be
transmitted [19]. In the analytical part of our results this is equivalent to the resistant strain not
being lost by chance while rare.

With the above assumptions the host can be viewed as being in one of two possible states at
any point in time during the infection: (i) resistance has emerged (i.e., a resistant strain has
appeared and escaped), or (ii) resistance has not emerged. We model the transition between
these two states as an inhomogeneous birth process. Appendix 1 in S1 Text then shows that the
probability of resistance emergence is approximately equal to 1−e−H(c) where

HðcÞ ¼ DðcÞ þ SðcÞ ð1Þ

and

DðcÞ ¼
Z a

0

l½pðs; cÞ; c& p½xðs; cÞ; c&ds ð2Þ

SðcÞ ¼ 'n ln 1' p½xð0; cÞ; c&ð Þ ð3Þ

We refer toH(c) as the resistance ‘hazard’, and a is the duration of treatment with s = 0 cor-
responding to the start of treatment. The quantity D(c) is the de novo hazard—it is the hazard
due to resistant strains that appear de novo during treatment. It is comprised of the integral of
the product of λ[p(s; c), c], the rate at which resistant mutants appear at time s after the start of
treatment, and π[x(s; c), c], the probability of escape of any such mutant. The quantity S(c) is
the standing hazard—it is the hazard due to a standing population of n resistant microbes that
are already present at the beginning of treatment (see Appendix 1 in S1 Text). To minimize the
probability of resistance emergence we therefore want to minimize the hazard H(c), subject to
the constraint that the dosage c falls within the therapeutic window [cL, cU].

Results
To determine how high-dose chemotherapy affects the probability of resistance emergence we
determine howH(c) changes as drug dosage c increases. Differentiating expression Eq (1) with
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respect to c we obtain

dH
dc

¼
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ð4Þ

where π0 = π[x(0; c), c], x0 = x(0; c), and subscripts denote differentiation. Eq (4) is partitioned
in two different ways to better illustrate the effect of increasing dose. The first is a partitioning
of its effect on mutation and replication. The second is a partitioning of its effect on the de
novo and standing hazards. We have also indicated the terms that represent competitive release
by underlining them (as explained below).

The first term in Eq (4) represents the change in de novomutation towards the HLR strain
that results from an increase in dose. The term (@λ/@p)(@p/@c) is the change in mutation rate,
mediated through a change in wild type density; @λ/@p specifies how mutation rate changes
with an increase in the wild type density p (positive) while @p/@c specifies how the wild type
density changes with an increase in dose (typically negative for much of the duration of treat-
ment). Thus the product, when integrated over the duration of treatment, is expected to be neg-
ative. The term @λ/@c is the change in mutation rate that occurs directly as a result of an
increased dose (e.g., the direct suppression of wild type replication, which suppresses muta-
tion). This, is expected to be non-positive in the simplest cases and is usually taken as such by
proponents of high-dose chemotherapy. Therefore high-dose chemotherapy decreases the rate
at which HLR mutations arise during treatment. Note, however, that if the drug itself causes a
higher mutation rate [22], then it is possible for an increased dose to increase the rate at which
resistance appears. The same would be true if resistance was mediated by an increased physio-
logical expression of efflux pumps or processes like antibiotic metabolism. In any of these situa-
tions the use of high-dose chemotherapy would then be even more risky from the standpoint
of resistance emergence.

The second term in Eq (4) represents replication of HLR strains once they have appeared de
novo during the course of treatment. The termrx π ( xc is the indirect increase in escape proba-
bility, mediated through the effect of within-host state, x. Specifically, xc is a vector whose ele-
ments give the change in each state variable arising from an increased dosage (through the
removal of the wild type). These elements are typically expected to be positive for much of the
duration of treatment because an increase in dose causes an increased rebound of the within-
host state through a heightened removal of wild type microbes. The quantityrx π is the gradi-
ent of the escape probability with respect to host state x, and its components are expected to be
positive (higher state leads to a greater probability of escape). The integral of the dot product
rx π ( xc is therefore the competitive release of the HLR strain in terms of de novo hazard [19].
This will typically be positive. The term @π/@c is the direct change in escape probability of de
novo mutants as a result of an increase in dosage (i.e., the extent to which the drug suppresses
even the HLR strain). This term is negative at all times during treatment but, by the definition
of HLR, this is small. Therefore, high-dose chemotherapy increases the replication of any HLR
mutants that arise de novo during treatment.

Finally, the third term in Eq (4) represents the replication of any HLR strains that are

already present at the start of treatment. The term
n

1' p
ðrxp0 ( x0c Þ is the indirect effect of

dose on standing hazard, where n is the number of resistant pathogens present at the start of
treatment. The quantity x0c is again a vector whose elements give the change in state arising
from increased dosage (through the removal of the wild type). The components of this are
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typically expected to be positive because an increase in dose causes a rebound in the within-
host state.rx π

0 is the gradient of the escape probability with respect to state, and its compo-
nents are expected to be positive (higher state leads to greater probability of escape). The dot
product of the two,rxp0 ( x0c , is therefore the competitive release of the HLR strain in terms of

standing hazard [19]. This will typically be positive. The term
n

1' p
@p0

@c
is the direct change in

escape probability of pre-existing mutants as a result of an increase in dosage (i.e., the extent to
which the drug suppresses even these HLR mutants) and is negative. Again, however, by the
definition of HLR, this will be small and therefore high-dose chemotherapy increases the replica-
tion of any HLR mutants that are present at the start of treatment. Appendix 2 in S1 Text shows
that the same set of qualitative factors arise if there are strains with intermediate resistance as
well.

The above results provide a mathematical formalization of earlier verbal arguments ques-
tioning the general wisdom of using high-dose chemotherapy as a means of controlling resis-
tance emergence [13, 16]. Advocates of the conventional heavy dose strategy tend to emphasize
how high-dose chemotherapy can reduce mutational input and potentially even suppress the
replication of resistant strains (the terms in Eq 4 that are not underlined). However, high-dose
chemotherapy leads to competitive release and thus greater replication of any resistant strains
that are present (the underlined terms in Eq 4). Eq (4) shows that it is the relative balance
among these opposing processes that determines whether high-dose chemotherapy is the opti-
mal approach. We will present a specific numerical example shortly that illustrates these
points, but first we draw two more general conclusions from the theory.

Intermediate doses yield the largest hazard and thus the greatest
likelihood of resistance emergence across all theoretically feasible
doses
The opposing evolutionary processes explained above are the reason why intermediate doses
yield the largest hazard [16]. First note that the functions λ and π will typically be such that
D(0)) 0. In other words, the HLR strain does not emerge de novo within infected individuals
if they are not receiving treatment. Mechanistically, this is because any resistant strains that
appear tend to be competitively suppressed by the wild type strain [19]. Although, S(0) need
not be zero (see S2 Fig), the rate of change of S(c) with respect to c (i.e., the third term in Eq 4)
is positive at c = 0. Therefore the maximum hazard cannot occur at c = 0.

Second, for large enough doses we have π[x(s; c), c]) 0 for all s because such extreme
concentrations will prevent replication of even the HLR strain. This makes both the de novo
hazard D(c) and the standing hazard S(c) zero. Furthermore, for large enough c we also have
λ[p(s; c), c]) 0 for all s as well if HLR can arise only during wild type replication, because such
extreme concentrations prevent all replication of the wild type. This is an additional factor
making the de novo hazard D(c) decline to zero for large c. Therefore limc ! 1 H(c) = 0 and so
the maximum hazard cannot occur for large values of c either [16]. Thus, the maximum hazard
must occur for an intermediate drug dosage. Although this prediction is superficially similar to
that of the mutant selection window hypothesis [5–9], there are important differences between
the two as will be elaborated upon in the discussion.

The optimal dose is either the maximum tolerable dose or minimum
clinically effective dose
We have seen that the maximum hazard occurs for an intermediate dose. Although in principle
the hazard function might be quite complex, in practice our models have never produced
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anything other than a unimodal relationship between H(c) and c (i.e., a single maximum). Fur-
thermore, because the maximum hazard must always occur at an intermediate dose, even if the
theoretical hazard curve is multimodal the existence of error in drug delivery and other sources
of noise will tend to make the empirical hazard curve unimodal (Appendix 1 in S1 Text). As
will be seen in the Discussion, an extensive body of empirical work also shows that measured
hazard curves always appear to be unimodal. As a result, the drug dose which best reduces the
probability of resistance emergence is always at one of the two extremes of the therapeutic win-
dow. This means that it is best to use either the smallest clinically effective dose or the largest
tolerable dose depending on the situation, but never anything in between (Fig 1).

A specific example
To illustrate the general theory we now consider an explicit model for the within-host dynam-
ics of infection and resistance. We model an acute infection in which the pathogen elicits an
immune response that can clear the infection. Treatment is nevertheless called for because, by
reducing the pathogen load, it reduces morbidity and mortality (see Appendix 3 in S1 Text for
details).

We begin by considering a situation in which the maximum tolerable drug concentration cU
causes significant suppression of the resistant strain (Fig 2a). We stress however that if this
were true then, by definition, the resistant strain is not really HLR and thus there really is no
resistance problem to begin with. We include this extreme example as a benchmark against
which comparisons can be made.

Fig 1. Hypothetical plots of resistance hazardH(c) as a function of drug concentration c. The lowest effective dose and the highest tolerable dose are
denoted by cL and cU respectively. The therapeutic window is shown in green. (a) and (b) drug concentration with the smallest hazard is the lowest effective
dose. (c) and (d) drug concentration with the smallest hazard is the highest tolerable dose.

doi:10.1371/journal.pcbi.1004689.g001
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Not surprisingly, under these conditions a large dose is most effective at preventing resis-
tance (compare Fig 2b with 2c). This is a situation in which the conventional ‘hit hard’ strategy
is best. Modern treatment of HIV is an example of this. With combination therapy and good
patient compliance, it is evidently possible to completely prevent virus replication and thus the
emergence of resistance [18].

Now suppose that the maximum tolerable drug concentration cU is not sufficient to directly
suppress the resistant strain (Fig 3a). In this case the only difference from Fig 2 is a change in
the resistant strain’s dose-response curve. Now there really is a potential resistance problem in
the sense that, from a clinical standpoint, the drug is largely ineffective against the resistant
strain.

Under these conditions we see that a small dose is more effective at preventing resistance
emergence than a large dose (compare Fig 3b with 3c). This is a situation in which the conven-
tional or orthodox ‘hit hard’ strategy is not optimal.

Fig 2. Example where conventional strategy of high-dose chemotherapy best prevents the emergence of resistance. (a) The dose-response curves
for the wild type in blue (r(c) = 0.6(1−tanh(15(c−0.3)))) and the resistant strain in red (rm(c) = 0.59(1−tanh(15(c−0.45)))) as well as the therapeutic window in
green. Red dots indicate the probability of resistance emergence. Probability of resistance emergence is defined as the fraction of 5000 simulations for which
resistance reached a density of at least 100 (and thus caused disease).(b) and (c) wild type density (blue), resistant density (red), and immune molecule
density (black) during infection for 1000 representative realizations of a stochastic implementation of the model. (b) treatment at the smallest effective dose
cL, (c) treatment at the maximum tolerable dose cU. Parameter values are P(0) = 10, Pm(0) = 0, I(0) = 2, α = 0.05, δ = 0.05, κ = 0.075, μ = 10−2, and γ = 0.01.

doi:10.1371/journal.pcbi.1004689.g002
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Fig 3. Example where low-dose strategy best prevents the emergence of resistance. (a) The dose-response curves for the wild type in blue (r(c) = 0.6(1
−tanh(15(c−0.3)))) and the resistant strain in red (rm(c) = 0.59(1−tanh(15(c−0.6)))) as well as the therapeutic window in green. Red dots indicate the
probability of resistance emergence. Probability of resistance emergence is defined as the fraction of 5000 simulations for which resistance reached a
density of at least 100 (and thus caused disease).(b) and (c) wild type density (blue), resistant density (red), and immune molecule density (black) during
infection for 1000 representative realizations of a stochastic implementation of the model. (b) treatment at the smallest effective dose cL, (c) treatment at the
maximum tolerable dose cU. (d) The probability that a resistant strain appears by mutation is indicated by grey bars for low and high dose. The probability of
resistance emergence is indicated by the height of the red bars for these cases. The probability of resistance emergence, given a resistant strain appeared by
mutation, can be interpreted as the ratio of the red to grey bars. Parameter values are P(0) = 10, Pm(0) = 0, I(0) = 2, α = 0.05, δ = 0.05, κ = 0.075, μ = 10−2, and
γ = 0.01.

doi:10.1371/journal.pcbi.1004689.g003
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Eq (4) provides insight into these contrasting results. The only difference between the mod-
els underlying Figs 2 and 3 is that @π/@c and @π0/@c are both negative for Fig 2 whereas they
are nearly zero for Fig 3 (that is, at tolerable doses, the drug has negligible effects on resistant
mutants). As a result, the negative terms in Eq (4) outweigh the positive terms for Fig 2 whereas
the opposite is true for Fig 3.

These results appear to contradict those of a recent study by Ankomah and Levin [12].
Although their model is more complex than that used here, Eq (4) and its extensions in S1 Text
show that such additional complexity does not affect our qualitative conclusions. Ankomah
and Levin [12] defined resistance evolution in two different ways: (i) the probability of emer-
gence, and (ii) the time to clearance of infection. For the sake of comparison, here we focus on
the probability of emergence. Ankomah and Levin [12] defined emergence as the appearance
of a single resistant microbe. As such their emergence is really a measure of the occurrence of
resistance mutations rather than emergence per se.

In comparison, we consider emergence to have occurred only once the resistant strain
reaches clinically significant levels; namely, a density high enough to cause symptoms or to be
transmitted. There are two process that must occur for de novo resistant strains to reach clini-
cally relevant densities. First, the resistant strain must appear by mutation, and both our results
(Fig 3d) and those of Ankomah and Levin [12] show that a high dose better reduces the proba-
bility that resistance mutations occur (this can also be seen in Eq 4). Second, the resistant strain
must replicate to clinically significant levels. Ankomah and Levin [12] did not account for this
effect and our results show that a high concentration is worse for controlling the replication of
resistant microbes given a resistant strain has appeared (Fig 3d). This is because higher doses
maximally reduce competitive suppression. In Fig 3 the latter effect overwhelms the former,
making low-dose treatment better. In Fig 2 these opposing processes are also acting but in that
case the drug’s effect on controlling mutation outweighs its effect on increasing the replication
of such mutants once they appear.

More generally, Fig 4 illustrates the relationship between drug concentration and the maxi-
mum size of the resistant population during treatment, for the model underlying Fig 3. In this
example a high concentration tends to result in relatively few outbreaks of the resistant strain
but when they occur they are very large. Conversely, a low concentration tends to result in a
greater number of outbreaks of the resistant strain but when they occur they are usually too
small to be clinically significant.

One can also examine other metrics like duration of infection, total resistant strain load dur-
ing treatment, likelihood of resistant strain transmission, etc. but the above results are sufficient
to illustrate that no single, general, result emerges. Whether a high or low dose is best for man-
aging resistance will depend on the specific context (i.e., the parameter values) as well as the
metric used for quantifying resistance emergence. In Appendices 3–6 of S1 Text we consider
cases where there is pre-existing resistance at the start of infection, strains with intermediate
resistance, other measures of drug dosing and resistance emergence, a model of chronic infec-
tion based on resource competition, and more general pharmacokinetics. None of these factors
alters the general finding that the optimal strategy depends on the balance between competing
evolutionary processes.

Discussion
Eq (4) clearly reveals how high-dose chemotherapy gives rise to opposing evolutionary pro-
cesses in the emergence of resistance. It shows how the balance between mutation and competi-
tion determines the optimal resistance management strategy [13, 19]. Increasing the drug
concentration reduces mutational inputs into the system but it also unavoidably reduces the
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ecological control of any HLR pathogens that are present. These opposing forces typically gen-
erate an evolutionary hazard curve that is unimodal. Consequently, the worst approach is to
treat with intermediate doses (Fig 1). The best approach is to administer either the largest toler-
able dose or the smallest clinically effective dose (that is, the concentration at either end of the
therapeutic window). Which of these is optimal depends on the relative positions of the hazard
curve and the therapeutic window (Fig 1). Administering the highest tolerable dose can be a
good strategy (Fig 1c and 1d) but it can also be less than optimal (Fig 1b) or even the worst
thing to do (Fig 1a). Thus, nothing in evolutionary theory supports the contention that a ‘hit-
hard’ strategy is a good rule of thumb for resistance management.

Fig 4. Frequency distribution of resistant strain outbreak sizes for the simulation underlying Fig 3.
Each distribution is based on 5000 realizations of a stochastic implementation of the model. (a) Low drug
dose. (b) High drug dose. Insets show the same distribution on a different vertical scale.

doi:10.1371/journal.pcbi.1004689.g004
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Empirical evidence
Our framework makes a number of empirical predictions that are consistent with existing data.
First, the resistance hazard will be maximized at intermediate drug concentrations. This is
well-verified in numerous studies. In fact a unimodal relationship between resistance emer-
gence and drug concentration (often called an ‘inverted-U’ in the literature) is arguably the sin-
gle-most robust finding in all of the empirical literature [23–41].

Second, the position and shape of the hazard curve will vary widely among drugs and
microbes, depending on how drug dose affects mutation rates and the strength of competition.
Such wide variation is seen [23, 24, 28, 29, 35, 38, 39, 42, 43], presumably reflecting variation in
the strength of the opposing processes highlighted by Eq (4).

Third, the relationship found between drug concentration and resistance evolution in any
empirical study will depend on the range of concentrations explored. At the low end, increasing
dose should increase resistance evolution; at the high end, increasing dose should decrease
resistance evolution. Examples of both cases are readily seen, often even within the same study
[15, 23–41, 44–50]. It is important to note that there are clear examples for which low-dose
treatments can better prevent resistance emergence than high doses [15, 39, 42, 44–47, 49–51],
despite an inherent focus in the literature on experimental exploration of high-dose chemo-
therapy. The theory presented here argues that uniformity is not expected and the bulk of the
empirical literature is consistent with this prediction.

Theory does not support using the MPC as a rule of thumb
An important and influential codification of Ehrlich’s ‘hit hard’ philosophy is the concept of
the mutant selection window, and the idea that there exists a mutant prevention concentration
(MPC) that best prevents resistance evolution [7–9]. The MPC is defined as ‘the lowest antibi-
otic concentration that prevents replication of the least susceptible single-step mutant’ (see p.
S132 in ref. [8]). When drug concentrations are maintained above the MPC, ‘pathogens popu-
lations are forced to acquire two concurrent resistance mutations for replication under antimi-
crobial therapy’ (see p. 731 in ref. [52]). Below the MPC lies the ‘mutant selection window’,
where single-step resistant mutants can replicate, thus increasing the probability that microbes
with two or more resistance mutations will appear. Considerable effort has been put into esti-
mating the MPC for a variety of drugs and microbes [4].

The relationship between these ideas and the theory presented here is best seen using the
extension of Eq (4) that allows for strains with intermediate resistance. Appendix 2 in S1 Text
shows that, in this case, Eq (4) remains unchanged except that its first term (the mutational
component) is extended to account for all of the ways in which the HLR strain can arise by
mutation through strains with intermediate resistance (see expression 2–3 in Appendix 2 of S1
Text). A focus on the MPC can therefore be viewed as a focus on trying to control only the
mutational component of resistance emergence. And as the theory embodied by Eq (4) shows,
doing so ignores the other evolutionary process of competitive release that is operating. The
use of the MPC therefore cannot be supported by evolutionary theory as a general rule of
thumb for resistance management.

If evolutionary theory does not support the use of MPC as a general approach then why
does this nevertheless appear to work in some cases [34, 53]? The theory presented here pro-
vides some possible explanations. First, if HLR strains can appear only through mutation from
strains with intermediate resistance, and if feasible dosing regimens can effectively kill all first
step mutants, then such an approach must necessarily work since it reduces all mutational
input to zero. But for most of the challenging resistance management situations in medicine,
achieving this is presumably not possible. For example, if the MPC is not delivered to all
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pathogens in a population because of patient compliance, metabolic variation, spatial heteroge-
neity in concentration, etc, then the mutational input will not be zero. Also, if HLR strains can
arise in ways that do not require mutating through strains with intermediate resistance (e.g.,
through lateral gene transfer; [54]) then again the mutational input will not be zero. In either
case, one must then necessarily account for how the choice of dose affects the opposing evolu-
tionary process of competitive release in order to minimize the emergence of resistance. S3 Fig
illustrates this idea by presenting a numerical example in which the MPC is the worst choice of
drug concentration for controlling HLR.

Second, the theory presented here suggests that the MPC can be the best way to contain
resistance if this concentration happens to be the upper bound of the therapeutic window
(although see S3 Fig for a counterexample). If, however, the MPC is less than the upper bound
then even better evolution-proofing should be possible at either end of the therapeutic window.
If the MPC is greater than the upper bound, as it is for example with most individual TB drugs
[55] and levofloxacin against S. aureus [28], the MPC philosophy is that the drug should then
be abandoned as monotherapy. But our framework suggests that before doing so, it might be
worthwhile considering the lower bound of the therapeutic window. Researchers have tended
not to examine the impact of the smallest clinically effective dose on resistance evolution, per-
haps because of an inherent tendency to focus on high-dose chemotherapy. It would be infor-
mative to compare the effects of the MPC with concentrations from both ends of the
therapeutic window on resistance emergence experimentally.

Theory does not support using the highest tolerable dose as a rule of
thumb
The MPC has yet to be estimated for many drug-microbe combinations [4] and it can be diffi-
cult to do so, especially in a clinically-relevant setting [52, 54]. Given the uncertainties involved,
and the need to make clinical decisions ahead of the relevant research, some authors have sug-
gested the working rule of thumb of administering the highest tolerable dose [3, 4]. Our analy-
sis shows that evolutionary theory provides no reason to expect that this approach is best. By
reducing or eliminating the only force which retards the emergence of any HLR strains that are
present (i.e., competition), Eq (4) makes clear that a hit hard strategy can backfire, promoting
the very resistance it is intended to contain.

How to choose dose
If the relative positions of the HLR hazard curve and the therapeutic window are known, ratio-
nal (evidence-based) choice of dose is possible. If the therapeutic window includes doses where
the resistance hazard is zero, then those doses should be used. However, by definition, such sit-
uations are incapable of generating the HLR which causes a drug to be abandoned, and so
these are not the situations that are most worrisome. If the hazard is non-zero at both ends of
the therapeutic window, the bound associated with the lowest hazard should be used (Fig 1b
and 1c). If nothing is known of the HLR hazard curve (as will often be the case), then there is
no need to estimate the whole function. Our analysis suggests that the hazards need be esti-
mated only at the bounds of the therapeutic window. These bounds are typically well known
because they are needed to guide clinical practice. Estimating the resistance hazard experimen-
tally can be done in vitro and in animal models but we note that since the solution falls at one
end of the therapeutic window, they can also be done practically and ethically in patients. That
will be an important arena for testing, not least because an important possibility is that, as con-
ditions change, the optimal dose might change discontinuously from the lowest effective dose
to the highest tolerable dose or vice versa. There is considerable scope to use mathematical and
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animal models to determine when that might be the case and to determine clinical predictors
of when switches should be made.

Managing resistance in non-targets
Our focus has been on the evolution of resistance in the pathogen population responsible for
disease. Looking forward, an important empirical challenge is to consider the impact of drug
dose on the broader microbiome. Resistance can also emerge in non-target micro-organisms in
response to the clinical use of antimicrobials [45]. Resistance in those populations can increase
the likelihood of resistance in future pathogen populations, either because of lateral gene trans-
fer from commensals to pathogens, or when commensals become opportunistic pathogens [9,
56, 57]. For instance, aggressive drug treatment targeted at bacterial pneumonia in a rat model
selected for resistance in gut fauna. Lower dose treatment of the targeted lung bacteria was just
as clinically effective and better managed resistance emergence in the microbiota [51].

It is unclear just how important these off-target evolutionary pressures are for patient
health, but if they are quantitatively important, this raises the interesting and challenging possi-
bility that the real hazard curve should be that of the collective microbiome as a whole,
weighted by the relative risk of resistance evolution in the components of the microbiome and
the target pathogen. It will be challenging to determine that, but our focus on either end of the
therapeutic window at least reduces the parameter space in need of exploration.

Coda
Our analysis suggests that resistance management is best achieved by using a drug concentra-
tion from one edge of the therapeutic window. In practice, patients are likely treated more
aggressively than the minimum therapeutic dose (to ensure no patients fail treatment) and less
aggressively than the maximum tolerable dose (to ensure no patients suffer toxicity). This
means that medical caution is always driving resistance evolution faster than it need go, partic-
ularly when the maximum hazard lies within the therapeutic window (Fig 1b and 1c). From
the resistance management perspective, it is important to determine the level of caution that is
clinically warranted rather than simply perceived.

For many years, physicians have been reluctant to shorten antimicrobial courses, using long
courses on the grounds that it is better to be safe than sorry. It is now increasingly clear from
randomized trials that short courses do just as well in many cases [58–60] and they can reduce
the risk of resistance emergence [58, 61, 62]. We suggest that analogous experiments looking at
the evolutionary outcomes of lowest clinically useful doses should be the next step. Such exper-
iments in plants have already shown unambiguously that low dose fungicide treatment best
prevents the spread of resistant fungal pathogens [63]. How generally true this is for other
pathogens, or pathogens of other hosts, remains to be seen. We also note that our arguments
about the evolutionary merits of considering the lowest clinically useful doses have potential
relevance in the evolution of resistance to cancer chemotherapy as well [64].

Supporting Information
S1 Text. Appendix 1—Derivation of Eq 4; Appendix 2—Extensions involving intermediate
strains and horizontal gene transfer; Appendix 3—AModel of acute immune-mediated infec-
tions; Appendix 4—Other results for the model of acute immune-mediated infections; Appen-
dix 5—AModel of chronic infection based on resource competition; Appendix 6—
Generalizing the pharmacokinetics.
(PDF)
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S1 Fig. Dynamics of model in the absence of resistance. (a) The dose-response curve r(c) =
0.6(1−tanh(15(c−0.3))) as well as the therapeutic window in green. (b), (c) and (d) show wild
type pathogen density (blue) and immune molecule density (black) during infection for 1000
representative realizations of a stochastic implementation of the model. (b) no treatment, (c)
treatment at the smallest effective dose cL, (d) treatment at the maximum tolerable dose cU.
Parameter values are P(0) = 10, I(0) = 2, α = 0.05, δ = 0.05, κ = 0.075, μ = 0, and γ = 0.01.
(TIF)

S2 Fig. The effect of different levels of standing variation for resistance in the initial infec-
tion. Simulation is identical to that for Fig 3a except for the initial conditions. The dose-
response curves for the wild type in blue (r(c) = 0.6(1−tanh(15(c−0.3)))) and the resistant strain
in red (rm(c) = 0.59(1−tanh(15(c−0.6)))) as well as the therapeutic window in green. Red dots
indicate the probability of resistance emergence, and for three different initial conditions. Prob-
ability of resistance emergence is defined as the fraction of 5000 simulations for which resis-
tance reached a density of at least 100 (and thus caused disease). Top set of dots have P(0) = 5,
Pm(0) = 5; middle set of dots have P(0) = 7, Pm(0) = 3; bottom set of dots have P(0) = 10, Pm(0)
= 0. Other parameter values are I(0) = 2, α = 0.05, δ = 0.05, κ = 0.075, μ = 10−2, and γ = 0.01.
(TIF)

S3 Fig. Simulation results when there is a strain with intermediate resistance. (a) The dose-
response curves for the wild type in blue (r(c) = 0.6(1−tanh(15(c−0.3)))), the intermediate
strain in yellow (rm2(c) = 0.595(1−tanh(15(c−0.45)))), and the HLR strain in red (rm2(c) = 0.59
(1−tanh(15(c−0.6)))) as well as the therapeutic window in green. Dots indicate the probability
of emergence for the intermediate strain (yellow) and the HLR strain (red). Probability of
emergence is defined as the fraction of 5000 simulations for which the strain reached a density
of at least 100. (b) and (c) wild type density (blue), intermediate strain density (yellow), HLR
strain density (red), and immune molecule density (black) during infection for 1000 represen-
tative realizations of a stochastic implementation of the model. (b) treatment at the smallest
effective dose cL, (c) treatment at the maximum tolerable dose cU. Parameter values are P(0) =
10, Pm1(0) = 0, Pm2(0) = 0, I(0) = 2, α = 0.05, δ = 0.05, κ = 0.075, μ = 10−2, μ1 = 10−2, and γ =
γm1 = γm2 = 0.01.
(TIF)

S4 Fig. The effect of drug concentration on resistance emergence and treatment failure. (a)
The dose-response curves for the wild type in blue (r(c) = 0.6(1−tanh(15(c−0.3)))) and the
resistant strain in red (rm(c) = 0.59(1−tanh(15(c−0.6)))) as well as the therapeutic window in
green. Dots indicate the probability of resistance emergence. Probability of resistance emer-
gence is defined as the fraction of 5000 simulations for which resistance reached a density of at
least 100 (and thus caused disease). Parameter values are P(0) = 10, I(0) = 2, α = 0.05, δ = 0.05,
κ = 0.075, μ = 10−2, and γ = 0.01. Bar graphs: the probability that a resistant strain appears by
mutation is indicated by the left-hand grey bars for each drug concentration (the right-hand
grey bar is the probability that a resistant strain does not appear). The probability of treatment
failure for a specific drug dose is the sum of the red bars for that dose. (b) Same as panel (a) but
with mutation rate decreased to μ = 10−3.
(TIF)

S5 Fig. Dynamics of chronic infection in the absence of resistance. (a) The dose-response
curve r(c) = 0.00255(1−tanh(15(c−0.3))) as well as the therapeutic window in green. (b), (c)
and (d) show wild type pathogen density (blue) and resource density (black) during infection
for 20 representative realizations of a stochastic implementation of the model. (b) no treat-
ment, (c) treatment at the smallest effective dose cL, (d) treatment at the maximum tolerable
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dose cU. Parameter values are P(0) = 2, R(0) = 2000, θ = 200, δ = 0.1, d = 2, and μ = 0.
(TIF)

S6 Fig. Example where conventional strategy of high-dose chemotherapy best prevents the
emergence of resistance. (a) The dose-response curves for the wild type in blue (r(c) = 0.00255
(1−tanh(15(c−0.3)))) and the resistant strain in red (rm(c) = 0.0025(1−tanh(15(c−0.45)))) as
well as the therapeutic window in green. Red dots indicate the probability of resistance emer-
gence. Probability of resistance emergence is defined as the fraction of 1000 simulations for
which resistance reached a density of at least 300 (and thus caused disease). (b) and (c) wild
type density (blue), resistant density (red), and resource density (black) during infection for 20
representative realizations of a stochastic implementation of the model. (b) treatment at the
smallest effective dose cL, (c) treatment at the maximum tolerable dose cU. Parameter values: P
(0) = 2, Pm(0) = 0, R(0) = 2000, θ = 200, δ = 0.1, d = 2, dm = 2.7, and μ = 10−2.
(TIF)

S7 Fig. Example where a low-dose strategy best prevents the emergence of resistance. (a)
The dose-response curves for the wild type in blue (r(c) = 0.00255(1−tanh(15(c−0.3)))) and the
resistant strain in red (rm(c) = 0.0025(1−tanh(15(c−0.6)))) as well as the therapeutic window in
green. Red dots indicate the probability of resistance emergence. Probability of resistance emer-
gence is defined as the fraction of 1000 simulations for which resistance reached a density of at
least 300 (and thus caused disease). (b) and (c) wild type density (blue), resistant density (red),
and resource density (black) during infection for 20 representative realizations of a stochastic
implementation of the model. (b) treatment at the smallest effective dose cL, (c) treatment at
the maximum tolerable dose cU. Parameter values: P(0) = 2, Pm(0) = 0, R(0) = 2000, θ = 200, δ
= 0.1, d = 2, dm = 2.7, and μ = 10−2.
(TIF)

Acknowledgments
For discussion, we thank R.Woods, E. Hansen and members of the Research and Policy in
Infectious Disease Dynamics (RAPIDD) program of the Science and Technology Directorate,
the Department of Homeland Security, the Fogarty International Center, and the National
Institutes of Health, particularly members of the Princeton RAPIDD workshop organized by J.
Metcalf and R. Kouyos.

Author Contributions
Conceived and designed the experiments: TD AFR. Performed the experiments: TD AFR. Ana-
lyzed the data: TD AFR. Wrote the paper: TD AFR.

References
1. Ehrlich P. Chemotherapeutics: Scientific principles, methods, and results. The Lancet. 1913; 182:445–

451.

2. Fleming A. Penicillin. Nobel lectures, physiology or medicine 1942–1962. Elsevier Publishing Com-
pany, Amsterdam; 1964.

3. Roberts JA, Kruger P, Paterson DL, Lipman J. Antibiotic resistance: what’s dosing got to do with it? Crit-
ical Care Medicine. 2008; 36:2433–2440. PMID: 18596628

4. Abdul-Aziz MH, Lipman J, Mouton JW, HopeWW, Roberts JA. Applying pharmacokinetic/pharmacody-
namic principles in critically ill patients: Optimizing efficacy and reducing resistance development. Sem-
inars in Respiratory and Critical Care Medicine. 2015; 36:136–153. doi: 10.1055/s-0034-1398490
PMID: 25643277

Dosing and Drug Resistance

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004689 January 28, 2016 16 / 20

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pcbi.1004689.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pcbi.1004689.s008
http://www.ncbi.nlm.nih.gov/pubmed/18596628
http://dx.doi.org/10.1055/s-0034-1398490
http://www.ncbi.nlm.nih.gov/pubmed/25643277


5. Zhao X, Drlica K. Restricting the selection of antibiotic-resistant mutants: a general strategy derived
from fluoroquinolone studies. Clinical Infectious Diseases. 2001; 33:S147–S156. doi: 10.1086/321841
PMID: 11524712

6. Zhao X, Drlica K. Restricting the selection of antibiotic-resistant mutant bacteria: measurement and
potential use of the mutant selection window. The Journal of Infectious Diseases. 2002; 185:561–565.
doi: 10.1086/338571 PMID: 11865411

7. Drlica K, Zhao X. Mutant selection window hypothesis updated. Clinical Infectious Diseases. 2007;
44:681–688. doi: 10.1086/511642 PMID: 17278059

8. Olofsson SK, Cars O. Optimizing drug exposure to minimize selection of antibiotic resistance. Clinical
Infectious Diseases. 2007; 45:S129–S136. doi: 10.1086/519256 PMID: 17683017

9. Mouton JW, Ambrose PG, Canton R, Drusano GL, Harbarth S, MacGowan A, et al. Conserving antibiot-
ics for the future: new ways to use old and new drugs from a pharmacokinetic and pharmacodynamic
perspective. Drug Resistance Updates. 2011; 14:107–117. doi: 10.1016/j.drup.2011.02.005 PMID:
21440486

10. Hastings I. Why we should effectively treat malaria. Trends in Parasitology. 2011; 27:51–52. doi: 10.
1016/j.pt.2010.10.003 PMID: 21281927

11. Canton R, Morosini MI. Emergence and spread of antibiotic resistance following exposure to antibiotics.
FEMSMicrobiology Reviews. 2011; 35:977–991. doi: 10.1111/j.1574-6976.2011.00295.x PMID:
21722146

12. Ankomah P, Levin BR. Exploring the collaboration between antibiotics and the immune response in the
treatment of acute, self-limiting infections. Proceedings of the National Academy of Science. 2014;
111:8331–8338. doi: 10.1073/pnas.1400352111

13. Read AF, Day T, Huijben S. The evolution of drug resistance and the curious orthodoxy of aggressive
chemotherapy. Proceedings of the National Academy of Science. 2011; 108:10871–10877. doi: 10.
1073/pnas.1100299108

14. Geli P, Laxminarayan R, Dunne M, Smith DL. One-Size-Fits-All? Optimizing treatment duration for bac-
terial infections. PLoS One. 2012; 7:e29838. doi: 10.1371/journal.pone.0029838

15. Huijben S, Bell AS, Sim DG, Salathe R, Tomasello D, Mideo N, et al. Aggressive chemotherapy and the
selection of drug resistant pathogens. PLoS Pathogens. 2013; 9:e1003578. doi: 10.1371/journal.ppat.
1003578 PMID: 24068922

16. Kouyos RD, Metcalf CJE, Birger R, Klein EY, zur Wiesch PA, Ankomah P, et al. The path of least resis-
tance: aggressive or moderate treatment? Proceedings of the Royal Society, B. 2014; 281:20140566.
doi: 10.1098/rspb.2014.0566

17. Schmidt LH, Walley A, Larson RD. The influence of the dosage regimen on the therapeutic activity and
penicillin. Journal of Pharmacology and Experimental Therapeutics. 1949; 96:258–268.

18. zur Wiesch PA, Kouyos R, Engelstader J, Regoes R, Bonhoeffer S. Population biological principles of
drug-resistance evolution in infectious diseases. The Lancet, Infectious Diseases. 2011; 11:236–247.
doi: 10.1016/S1473-3099(10)70264-4 PMID: 21371657

19. Day T, Huijben S, Read AF. Is selection relevant in the evolutionary emergence of drug resistance.
Trends in Microbiology. 2015; 23:126–133. doi: 10.1016/j.tim.2015.01.005 PMID: 25680587

20. Coleman M. Human drug metabolism: An introduction. JohnWiley and Sons, West Sussex, UK; 2010.

21. Ke R, Loverdo C, Qi H, Sun R, Lloyd-Smith JO. Rational design and adaptive management of combina-
tion therapies for Hepatitis C virus infection. PLOS Computational Biology. 2015; 11:e1004040. doi: 10.
1371/journal.pcbi.1004040 PMID: 26125950

22. Obolski U, Hadany L. Implications of stress-induced genetic variation for minimizing multidrug resis-
tance in bacteria. BMCMedicine. 2012; 10:89. doi: 10.1186/1741-7015-10-89 PMID: 22889082

23. Negri MC, Morosini MI, Loza E, Baquero F. In-vitro selective antibiotic concentrations of beta-lactams
for penicillin-resistant Streptococcus-pneumoniae populations. Antimicrobial Agents and Chemother-
apy. 1994; 38:122–125. doi: 10.1128/AAC.38.1.122 PMID: 8141563

24. Firsov AA, Vostrov SN, Lubenko IY, Drlica K, Portnoy YA, Zinner SH. In vitro pharmacodynamic evalua-
tion of the mutant selection window hypothesis using four fluoroquinolones against Staphylococcus
aureus. Antimicrobial Agents and Chemotherapy. 2003; 47:1604–1613. doi: 10.1128/AAC.47.5.1604-
1613.2003 PMID: 12709329

25. Zinner SH, Lubenko IY, Gilbert D, Simmons K, Zhao X, Drlica K, et al. Emergence of resistant Strepto-
coccus pneumoniae in an in vitro dynamic model the simulates moxifloxacin concentrations inside and
outside the mutant selection window: related changes in susceptibility, resistance frequency and bacte-
rial killing. Journal of Antimicrobial Chemotherapy. 2003; 52:616–622. doi: 10.1093/jac/dkg401 PMID:
12951352

Dosing and Drug Resistance

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004689 January 28, 2016 17 / 20

http://dx.doi.org/10.1086/321841
http://www.ncbi.nlm.nih.gov/pubmed/11524712
http://dx.doi.org/10.1086/338571
http://www.ncbi.nlm.nih.gov/pubmed/11865411
http://dx.doi.org/10.1086/511642
http://www.ncbi.nlm.nih.gov/pubmed/17278059
http://dx.doi.org/10.1086/519256
http://www.ncbi.nlm.nih.gov/pubmed/17683017
http://dx.doi.org/10.1016/j.drup.2011.02.005
http://www.ncbi.nlm.nih.gov/pubmed/21440486
http://dx.doi.org/10.1016/j.pt.2010.10.003
http://dx.doi.org/10.1016/j.pt.2010.10.003
http://www.ncbi.nlm.nih.gov/pubmed/21281927
http://dx.doi.org/10.1111/j.1574-6976.2011.00295.x
http://www.ncbi.nlm.nih.gov/pubmed/21722146
http://dx.doi.org/10.1073/pnas.1400352111
http://dx.doi.org/10.1073/pnas.1100299108
http://dx.doi.org/10.1073/pnas.1100299108
http://dx.doi.org/10.1371/journal.pone.0029838
http://dx.doi.org/10.1371/journal.ppat.1003578
http://dx.doi.org/10.1371/journal.ppat.1003578
http://www.ncbi.nlm.nih.gov/pubmed/24068922
http://dx.doi.org/10.1098/rspb.2014.0566
http://dx.doi.org/10.1016/S1473-3099(10)70264-4
http://www.ncbi.nlm.nih.gov/pubmed/21371657
http://dx.doi.org/10.1016/j.tim.2015.01.005
http://www.ncbi.nlm.nih.gov/pubmed/25680587
http://dx.doi.org/10.1371/journal.pcbi.1004040
http://dx.doi.org/10.1371/journal.pcbi.1004040
http://www.ncbi.nlm.nih.gov/pubmed/26125950
http://dx.doi.org/10.1186/1741-7015-10-89
http://www.ncbi.nlm.nih.gov/pubmed/22889082
http://dx.doi.org/10.1128/AAC.38.1.122
http://www.ncbi.nlm.nih.gov/pubmed/8141563
http://dx.doi.org/10.1128/AAC.47.5.1604-1613.2003
http://dx.doi.org/10.1128/AAC.47.5.1604-1613.2003
http://www.ncbi.nlm.nih.gov/pubmed/12709329
http://dx.doi.org/10.1093/jac/dkg401
http://www.ncbi.nlm.nih.gov/pubmed/12951352


26. Jumbe N, Louie A, Leary R, Liu WG, Deziel MR, Tam VH, et al. Application of a mathematical model to
prevent in vivo amplification of antibiotic-resistant bacterial populations during therapy. Journal of Clini-
cal Investigation. 2003; 112:275–285. doi: 10.1172/JCI16814 PMID: 12865415

27. Gumbo T, Louie A, Deziel MR, Parsons LM, Salfinger M, Drusano GL. Selection of a moxifloxacin dose
that suppresses drug resistance inMycobacterium tuberculosis, by use of an in vitro pharmacody-
namic infection model and mathematical modeling. Journal of Infectious Diseases. 2004; 190:1642–
1651. doi: 10.1086/424849 PMID: 15478070

28. Firsov AA, Vostrov SN, Lubenko IY, Arzamastsev AP, Portnoy YA, Zinner SH. ABT492 and levofloxa-
cin: comparison of their pharmacodynamics and their abilities to prevent the selection of resistant
Staphylococcus aureus in an in vitromodel. Journal of Antimicrobial Chemotherapy. 2004; 54:178–
186. doi: 10.1093/jac/dkh242 PMID: 15190041

29. Croisier DE, M Etienne M, Bergoin E, Charles PE, Lequeu C, Piroth L, et al. Mutant selection window in
levofloxacin and moxifloxacin treatments of experimental pneumococcal pneumonia in a rabbit model
of human therapy. Antimicrobial Agents and Chemotherapy. 2004; 48:1699–1707. doi: 10.1128/AAC.
48.5.1699-1707.2004 PMID: 15105123

30. Etienne M, Croisier D, Charles PE, Lequeu C, Piroth L, Portier H, et al. Effect of low-level resistance on
subsequent enrichment of fluoroquinolone-resistant Streptococcus pneumoniae in rabbits. Journal of
Infectious Diseases. 2004; 190:1472–1475. doi: 10.1086/423853 PMID: 15378440

31. TamVH, Schilling AN, Neshat S, Poole K, Melnick DA, Coyle EA. Optimization of meropenemminimum
concentration/MIC ratio to suppress in vitro resistance of Pseudomonas aeruginosa. Antimicrobial
Agents and Chemotherapy. 2005; 49:4920–4927. doi: 10.1128/AAC.49.12.4920-4927.2005 PMID:
16304153

32. Tam VH, Louie A, Deziel MR, Liu W, Leary R, Drusano GL. Bacterial-population responses to drug-
selective pressure: examination of Garenoxacin’s effect on Pseudomonas aeruginosa. Journal of Infec-
tious Diseases. 2005; 192:420–428. doi: 10.1086/430611 PMID: 15995955

33. Firsov AA, Smirnova MV, Lubenko IY, Vostrov SN, Portnoy YA, Zinner SH. Testing the mutant selection
window hypothesis with Staphylococcus aureus exposed to daptomycin and vancomycin in an in vitro
model. Journal of Antimicrobial Chemotherapy. 2006; 58:1185–1192. doi: 10.1093/jac/dkl387 PMID:
17028094

34. Cui JC, Liu YN, Wang R, TongWH, Drlica K, Zhao XL. The mutant selection window in rabbits infected
with Staphylococcus aureus. Journal of Infectious Diseases. 2006; 194:1601–1608. doi: 10.1086/
508752 PMID: 17083047

35. Tam VH, Louie A, Deziel MR, Liu W, Drusano GL. The relationship between quinolone exposures and
resistance amplification is characterized by an inverted U: a new paradigm for optimizing pharmacody-
namics to counterselect resistance. Antimicrobial Agents and Chemotherapy. 2007; 51:744–747. doi:
10.1128/AAC.00334-06 PMID: 17116679

36. Gumbo T, Louie A, Deziel MR, Liu WG, Parsons LM, Salfinger M, et al. Concentration-dependent
Mycobacterium tuberculosis killing and prevention of resistance by rifampin. Antimicrobial Agents and
Chemotherapy. 2007; 51:3781–3788. doi: 10.1128/AAC.01533-06 PMID: 17724157

37. Bourgeois-Nicolaos N, Massias L, Couson B, Butel MJ, Andremont A, Doucet-Populaire F. Dose
dependence of emergence of resistance to linezolid in Enterococcus faecalis in vivo. Journal of Infec-
tious Diseases. 2007; 195:1480–1488. doi: 10.1086/513876 PMID: 17436228

38. GoessensWHE, Mouton JW, ten Kate MT, Bijll AJ, Ott A, Bakker-Woudenberg I. Role of ceftazidime
dose regimen on the selection of resistant Enterobacter cloacae in the intestinal flora of rats treated for
an experimental pulmonary infection. Journal of Antimicrobial Chemotherapy. 2007; 59:507–516. doi:
10.1093/jac/dkl529 PMID: 17289765

39. Stearne LET, Goessens WHF, OlofssonCars JW, Gyssens IC. Effect of dosing and dosing frequency
on the efficacy of ceftizoxime and the emergence of ceftizoxime resistance during the early develop-
ment of murine abscesses caused by Bacteroides fragilis and Enterobacter cloacaemixed infection.
Antimicrobial Agents and Chemotherapy. 2007; 51:3605–3611. doi: 10.1128/AAC.01486-06 PMID:
17646416

40. Zhu YL, Mei Q, Cheng J, Liu YY, Ye Y, Li JB. Testing the mutant selection window in rabbits infected
with methicillin-resistant Staphylococcus aureus exposed to vancomycin. Journal of Antimicrobial Che-
motherapy. 2012; 67:2700–2706. doi: 10.1093/jac/dks280 PMID: 22809703

41. Schmalstieg AM, Srivastava S, Belkaya S, Deshpande D, Meek C, Leff R, et al. The antibiotic resis-
tance arrow of time: Efflux pump induction is a general first step in the evolution of Mycobacterial drug
resistance. Antimicrobial Agents and Chemotherapy. 2012; 56:4806–4815. doi: 10.1128/AAC.05546-
11 PMID: 22751536

Dosing and Drug Resistance

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004689 January 28, 2016 18 / 20

http://dx.doi.org/10.1172/JCI16814
http://www.ncbi.nlm.nih.gov/pubmed/12865415
http://dx.doi.org/10.1086/424849
http://www.ncbi.nlm.nih.gov/pubmed/15478070
http://dx.doi.org/10.1093/jac/dkh242
http://www.ncbi.nlm.nih.gov/pubmed/15190041
http://dx.doi.org/10.1128/AAC.48.5.1699-1707.2004
http://dx.doi.org/10.1128/AAC.48.5.1699-1707.2004
http://www.ncbi.nlm.nih.gov/pubmed/15105123
http://dx.doi.org/10.1086/423853
http://www.ncbi.nlm.nih.gov/pubmed/15378440
http://dx.doi.org/10.1128/AAC.49.12.4920-4927.2005
http://www.ncbi.nlm.nih.gov/pubmed/16304153
http://dx.doi.org/10.1086/430611
http://www.ncbi.nlm.nih.gov/pubmed/15995955
http://dx.doi.org/10.1093/jac/dkl387
http://www.ncbi.nlm.nih.gov/pubmed/17028094
http://dx.doi.org/10.1086/508752
http://dx.doi.org/10.1086/508752
http://www.ncbi.nlm.nih.gov/pubmed/17083047
http://dx.doi.org/10.1128/AAC.00334-06
http://www.ncbi.nlm.nih.gov/pubmed/17116679
http://dx.doi.org/10.1128/AAC.01533-06
http://www.ncbi.nlm.nih.gov/pubmed/17724157
http://dx.doi.org/10.1086/513876
http://www.ncbi.nlm.nih.gov/pubmed/17436228
http://dx.doi.org/10.1093/jac/dkl529
http://www.ncbi.nlm.nih.gov/pubmed/17289765
http://dx.doi.org/10.1128/AAC.01486-06
http://www.ncbi.nlm.nih.gov/pubmed/17646416
http://dx.doi.org/10.1093/jac/dks280
http://www.ncbi.nlm.nih.gov/pubmed/22809703
http://dx.doi.org/10.1128/AAC.05546-11
http://dx.doi.org/10.1128/AAC.05546-11
http://www.ncbi.nlm.nih.gov/pubmed/22751536


42. Fantin B, Farinotti R, Thabaut A, Carbon C. Conditions for the emergence of resistance to cefpirome
and ceftazidime in experimental endocarditis due to Pseudomonas aeruginosa. Journal of Antimicrobial
Chemotherapy. 1994; 33:563–569. doi: 10.1093/jac/33.3.563 PMID: 8040120

43. Thomas JK, Forrest A, Bhavnani SM, Hyatt JM, Cheng A, Ballow CH, et al. Pharmacodynamic evalua-
tion of factors associated with the development of bacterial resistance in acutely ill patients during ther-
apy. Antimicrobial Agents and Chemotherapy. 1998; 42:521–527. PMID: 9517926

44. Negri MC, Lipsitch M, Blazquez J, Levin BR, Baquero F. Concentration-dependent selection of small
phenotypic differences in TEM β-lactamase-mediated antibiotic resistance. Antimicrobial Agents and
Chemotherapy. 2000; 44:2485–2491. doi: 10.1128/AAC.44.9.2485-2491.2000 PMID: 10952599

45. Wiuff C, Lykkesfeldt J, Svendsen O, Aarestrup FM. The effects of oral and intramuscular administration
and dose escalation of enrofloxacin on the selection of quinolone resistance among Salmonella and
coliforms in pigs. Research in Veterinary Science. 2003; 75:185–193. doi: 10.1016/S0034-5288(03)
00112-7 PMID: 13129666

46. Wargo AR, Huijben S, de Roode JC, Shepherd J, Read AF. Competitive release and facilitation of drug
resistant parasites following therapeutic chemotherapy in a rodent malaria model. Proceedings of the
National Academy of Sciences. 2007; 104:19914–19919. doi: 10.1073/pnas.0707766104

47. Huijben S, NelsonWA,Wargo AR, Sim DG, Drew DR, Read AF. Chemotherapy, within-host ecology
and the fitness of drug resistant malaria parasites. Evolution. 2010; 64:2952–2968. doi: 10.1111/j.
1558-5646.2010.01068.x PMID: 20584075

48. Gullberg E, Cao S, Berg OG, Ilback C, Sandergren L, Hughes D, et al. Selection of resistant bacteria a
very low antibiotic concentrations. PLOS Pathogens. 2011; 7:e1002158. doi: 10.1371/journal.ppat.
1002158 PMID: 21811410

49. Nguyen TT, Chachaty E, Huy C, Cambier C, de Gunzburg J, Mentre F, et al. Correlation between fecal
concentrations of ciprofloxacin and fecal counts of resistant Enterobacteriaceae in piglets treated with
ciprofloxacin: Toward newmeans to control the spread of resistance? Antimicrobial Agents and Che-
motherapy. 2012; 56:4973–4975. doi: 10.1128/AAC.06402-11 PMID: 22751547

50. Pollitt LC, Huijben S, Sim DG, Salathe RM, Jones MJ, Read AF. Rapid response to selection, competi-
tive release and increased transmission potential of artesunate-selected Plasmodium chabaudi malaria
parasites. PLoS Pathogens. 2014; 10:e1004019. doi: 10.1371/journal.ppat.1004019

51. Vasseur MV, Laurentie M, Rolland JG, Perrin-Guyomard A, Henri J, Ferran AA, et al. Low or high
doses of cefquinome targeting low or high bacterial inocula cure Klebsiella pneumoniae lung infections
but differentially impact the levels of antibiotic resistance in fecal flora. Antimicrobial Agents and Che-
motherapy. 2014; 58:1744–1748. doi: 10.1128/AAC.02135-13 PMID: 24395228

52. Zhao X. Clarification of MPC and the mutant selection window concept. Journal of Antimicrobial Che-
motherapy. 2003; 52:731. doi: 10.1093/jac/dkg376 PMID: 12972446

53. Firsov AA, Golikova MV, Strukova EN, Portnoy YA, Romanov AV, Edelstein MV, et al. In vitro resis-
tance studies with bacteria that exhibit low mutation frequencies: Prediction of “antimutant” linezolid
concentrations using a mixed inoculum containing both susceptible and sesistant Staphylococcus
aureus. Antimicrobial Agents and Chemotherapy. 2015; 59:1014–1019. doi: 10.1128/AAC.04214-14
PMID: 25451050

54. Smith HJ, Nichol KA, Hoban DJ, Zhanel GG. Stretching the mutant prevention concentration (MPC)
beyond its limits. Journal of Antimicrobial Chemotherapy. 2003; 51:1323–1325. doi: 10.1093/jac/
dkg255 PMID: 12716780

55. Dong YZ, Zhao XL, Kreiswirth BN, Drlica K. Mutant prevention concentration as a measure of antibiotic
potency: Studies with clinical isolates ofMycobacterium tuberculosis. Antimicrobial Agents and Che-
motherapy. 2000; 44:2581–2584. doi: 10.1128/AAC.44.9.2581-2584.2000 PMID: 10952625

56. Livermore DM. Overstretching the mutant prevention concentration. Journal of Antimicrobial Chemo-
therapy. 2003; 52:732. doi: 10.1093/jac/dkg377 PMID: 12972447

57. Modi SR, Collins JJ, Relman DA. Antibiotics and gut microbiota. Journal of Clinical Investigation. 2015;
124:4212. doi: 10.1172/JCI72333

58. Chastre J, Wolff M, Fagon JY, Chevret S, Thomas F, Wermert D, et al. Comparison of 8 vs 15 days of
antibiotic therapy for ventilator-associated pneumonia in adults—A randomized trial. Journal of the
American Medical Association. 2003; 290:2588–2598. doi: 10.1001/jama.290.19.2588 PMID:
14625336

59. Basoli A, Chirletti P, Cirino E, D’Ovidio NG, Doglietto GB, Giglio D, et al. A prospective, double-blind,
multicenter, randomized trial comparing ertapenem 3 vs > = 5 days in community-acquired intraabdom-
inal infection. Journal of Gastrointestinal Surgery. 2008; 12:592–600. doi: 10.1007/s11605-007-0277-x
PMID: 17846853

Dosing and Drug Resistance

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004689 January 28, 2016 19 / 20

http://dx.doi.org/10.1093/jac/33.3.563
http://www.ncbi.nlm.nih.gov/pubmed/8040120
http://www.ncbi.nlm.nih.gov/pubmed/9517926
http://dx.doi.org/10.1128/AAC.44.9.2485-2491.2000
http://www.ncbi.nlm.nih.gov/pubmed/10952599
http://dx.doi.org/10.1016/S0034-5288(03)00112-7
http://dx.doi.org/10.1016/S0034-5288(03)00112-7
http://www.ncbi.nlm.nih.gov/pubmed/13129666
http://dx.doi.org/10.1073/pnas.0707766104
http://dx.doi.org/10.1111/j.1558-5646.2010.01068.x
http://dx.doi.org/10.1111/j.1558-5646.2010.01068.x
http://www.ncbi.nlm.nih.gov/pubmed/20584075
http://dx.doi.org/10.1371/journal.ppat.1002158
http://dx.doi.org/10.1371/journal.ppat.1002158
http://www.ncbi.nlm.nih.gov/pubmed/21811410
http://dx.doi.org/10.1128/AAC.06402-11
http://www.ncbi.nlm.nih.gov/pubmed/22751547
http://dx.doi.org/10.1371/journal.ppat.1004019
http://dx.doi.org/10.1128/AAC.02135-13
http://www.ncbi.nlm.nih.gov/pubmed/24395228
http://dx.doi.org/10.1093/jac/dkg376
http://www.ncbi.nlm.nih.gov/pubmed/12972446
http://dx.doi.org/10.1128/AAC.04214-14
http://www.ncbi.nlm.nih.gov/pubmed/25451050
http://dx.doi.org/10.1093/jac/dkg255
http://dx.doi.org/10.1093/jac/dkg255
http://www.ncbi.nlm.nih.gov/pubmed/12716780
http://dx.doi.org/10.1128/AAC.44.9.2581-2584.2000
http://www.ncbi.nlm.nih.gov/pubmed/10952625
http://dx.doi.org/10.1093/jac/dkg377
http://www.ncbi.nlm.nih.gov/pubmed/12972447
http://dx.doi.org/10.1172/JCI72333
http://dx.doi.org/10.1001/jama.290.19.2588
http://www.ncbi.nlm.nih.gov/pubmed/14625336
http://dx.doi.org/10.1007/s11605-007-0277-x
http://www.ncbi.nlm.nih.gov/pubmed/17846853


60. Sawyer RG, Claridge JA, Nathens AB, Rotstein OD, Duane TM, Evans HL, et al. Trial of short-course
antimicrobial therapy for intraabdominal Infection. New England Journal of Medicine. 2015; 372:1996–
2005. doi: 10.1056/NEJMoa1411162 PMID: 25992746

61. Rice LB. The Maxwell Finland lecture: For the duration—Rational antibiotic administration in an era of
antimicrobial resistance andClostridium difficile. Clinical Infectious Diseases. 2008; 46:491–496. doi:
10.1086/526535 PMID: 18194098

62. Aliberti S, Giuliani F, Ramirez J, Blasi F, Grp DS. How to choose the duration of antibiotic therapy in
patients with pneumonia. Current Opinion in Infectious Diseases. 2015; 28:177–184.PMID: 25692271

63. van den Bosch F, Paveley N, ShawM, Hobbelen P, Oliver R. The dose rate debate: does the risk of fun-
gicide resistance increase or decrease with dose? Plant Pathology. 2011; 60:597–606. doi: 10.1111/j.
1365-3059.2011.02439.x

64. Gatenby RA. A change of strategy in the war on cancer. Nature. 2009; 459:508–509. doi: 10.1038/
459508a PMID: 19478766

Dosing and Drug Resistance

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004689 January 28, 2016 20 / 20

http://dx.doi.org/10.1056/NEJMoa1411162
http://www.ncbi.nlm.nih.gov/pubmed/25992746
http://dx.doi.org/10.1086/526535
http://www.ncbi.nlm.nih.gov/pubmed/18194098
http://www.ncbi.nlm.nih.gov/pubmed/25692271
http://dx.doi.org/10.1111/j.1365-3059.2011.02439.x
http://dx.doi.org/10.1111/j.1365-3059.2011.02439.x
http://dx.doi.org/10.1038/459508a
http://dx.doi.org/10.1038/459508a
http://www.ncbi.nlm.nih.gov/pubmed/19478766

