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Editor's Summary

It Takes Two−−But Which Two?

Resistance mutations often occur in key genes influencing the overall homeostasis of the cell. As a result,
organisms that develop resistance to one drug sometimes display a greater sensitivity to a second drug (collateral
sensitivity). The authors analyzed the genomes of evolved resistant E. coli lineages and pinpointed the mutational
events that gave rise to differences in drug-resistance levels and collateral sensitivity and illuminated mechanisms
that underlie the development of resistance to drug combinations. Furthermore the authors demonstrate that this
effect can be exploited to design drug combinations that limit drug resistance and even select against resistance
mutations. The resulting framework sets the stage for rational selection of drug combinations that limit resistance
development.
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Long-term treatment regimens−−such as those prescribed for patients with tuberculosis or cancer−−often drive
development of drug resistance. Treatment with two or more drugs reduces resistance evolution, but not all drug pairs
are created equally. Predictive models are needed to permit the rational design of resistance-limiting therapeutic
regimens. To design such models, Munck et al. used adaptive evolution and genomic analysis to decipher the
resistance response of pathogenic Escherichia coli to 5 different single antibiotics and ten different antibiotic drug
pairs.
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DRUG RESISTANCE

Prediction of resistance development against
drug combinations by collateral responses to
component drugs
Resistance arises quickly during chemotherapeutic selection and is particularly problematic during long-term treatment regimens such as those for tuberculosis, HIV infections, or cancer. Although drug combination therapy reduces
the evolution of drug resistance, drug pairs vary in their ability to do so. Thus, predictive models are needed to rationally design resistance-limiting therapeutic regimens. Using adaptive evolution, we studied the resistance response
of the common pathogen Escherichia coli to 5 different single antibiotics and all 10 different antibiotic drug pairs. By
analyzing the genomes of all evolved E. coli lineages, we identified the mutational events that drive the differences in
drug resistance levels and found that the degree of resistance development against drug combinations can be understood in terms of collateral sensitivity and resistance that occurred during adaptation to the component drugs.
Then, using engineered E. coli strains, we confirmed that drug resistance mutations that imposed collateral sensitivity
were suppressed in a drug pair growth environment. These results provide a framework for rationally selecting drug
combinations that limit resistance evolution.

INTRODUCTION
Bacteria inevitably evolve antibiotic resistance in response to prolonged exposure to drugs; consequently, antibiotic resistance always
follows the introduction of new antibiotics (1)—a trend that has led
to the emergence of virtually untreatable multidrug-resistant bacteria
such as extensively drug-resistant tuberculosis and carbapenem-resistant
Escherichia coli and Klebsiella pneumoniae strains (2, 3). Drug resistance
develops either through horizontal acquisition of resistance genes or
through mutations in the bacterial genome. In the latter case, the length
of treatment and patient compliance greatly influence resistance evolution, because prolonged subinhibitory drug concentrations select for
resistant bacteria (4). A similar pattern applies to viral resistance, which
evolves quickly because of a high abundance of viral particles in the
host and the high error rate associated with viral replication (5).
One approach to counteract drug resistance development in bacteria and viruses is with combination drug therapy. This approach first
proved its success in the late 1940s, when the combination of streptomycin and para-aminosalicylic acid was shown to markedly reduce
evolution of resistant Mycobacterium tuberculosis compared to streptomycin monotherapy (6). Similarly, the use of combination therapy to
treat HIV infections has been successful in reducing drug resistance,
resulting in increased life expectancy of HIV patients (7). Furthermore,
combination therapy is being used to combat drug resistance in cancer, which, like tuberculosis, requires months-long treatment with
chemotherapeutic agents (8).
Other reasons for using drug combinations include synergistic
therapeutic effects and increased spectrum of activity (9). Thus, the
search for synergy has dominated the field of antimicrobial combination treatments for many decades, with successful examples including
the sulfamethoxazole-trimethoprim combination and simultaneous
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treatment with a b-lactam antibiotic and a b-lactamase inhibitor
(10–12). Synergy, however, can have two conflicting effects on resistance:
it reduces evolution of resistance because it clears the infection faster,
thereby limiting the time window available for resistant mutations to
arise, but it also increases the selective advantage of single drug–resistant
mutants (13). When competition for resources is strong, the latter effect
can dominate (13); indeed, under these conditions, drug combinations
that are antagonistic (that is, when the combination is less potent than
the sum of its components) have been shown to limit evolution of
resistance (14–16). The advantage of antagonistic combinations over synergistic combinations is the result of a reduced fitness gain, when bacteria
develop resistance to antagonistic combinations compared to developing
resistance to synergistic combinations (14–16).
In addition to drug interactions (synergy and antagonism), collateral sensitivity among the drugs is also believed to play a major
role in driving the evolution of resistance against drug combinations.
Collateral sensitivity and resistance, also known as cross-resistance,
occurs when mutations conferring resistance to one drug increase or
decrease sensitivity to another drug. The study of collateral susceptibility changes was pioneered by Szybalski and Bryson in the early
1950s and has since been reported for many different drugs and bacterial species, as well as for virus, cancer cell lines, and plants (17–28).
We have recently shown that collateral sensitivity can be used to
rationally design drug cycling regimens that limit the evolution
of resistance (29).
Although the combined impact of both drug interactions and crossresistance on selection in multidrug environments has been evaluated
(16), it remains unclear which of these factors is more static over evolutionary times and thereby has a more dominant impact on long-term
evolution of drug resistance. Here, we investigate how collateral resistance and interactions between component drugs affect the development
of resistance to drug combinations over the long term. We show that
resistance development is strongly reduced by collateral sensitivity. In
contrast, the interactions between drugs changed with resistance development and thereby have a weaker effect on long-term adaptation. We
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further uncover the underlying genetic basis of adaptation and show
examples of condition-specific selection for and against drug resistance
mutations.

RESULTS
Resistance evolution
To investigate how combinations of antibiotics affect the evolution of
resistance, we evolved E. coli in the presence of 10 antibiotic drug pair
combinations and their single-drug components, totaling 15 drug
conditions (Figs. 1 and 2, A to E, and fig. S1) (see Materials and Methods
for details). Together, these drugs cover three major clinically relevant
antibiotic targets in E. coli: DNA replication [ciprofloxacin (Cip)],
mRNA translation [amikacin (Amk), tetracycline (Tet), and chloramphenicol (Chl)], and cell wall biosynthesis [piperacillin (Pip)]. In addition, the group includes both bactericidal drugs (Cip, Amk, and Pip)
and bacteriostatic drugs (Tet and Chl) (Fig. 2, A to E). For each of
the 15 drug conditions, three replicate bacterial lineages (A, B, and C)
were evolved in parallel to evaluate the robustness of the evolutionary
responses (Fig. 1).
The experiment was carried out in a twofold dilution gradient in a
24-well plate. After 20 hours of incubation, the culture exposed to the
highest drug concentration that had an optical density at 600 nm
(OD600) greater than 0.25 (corresponding to 109 colony-forming
units/ml) was diluted 40 times into a freshly prepared drug gradient
(Fig. 1). As resistance increased, the drug gradients were scaled to maintain a selective pressure. In total, 14 consecutive passages were made,
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Fig. 1. Experimental setup. The in vitro evolution experiment was conducted in 24-well plates with drug gradients across the columns. The
last column contained positive and negative controls. Every 20 hours,
cells from the wells with the highest drug concentrations that displayed
an OD600 >0.25 were diluted 1:40 into a freshly prepared drug gradient.
Parallel-evolved lineages were inoculated across rows and labeled with
the letters A, B, and C.

corresponding to ~75 generations or 1011 cumulative cell divisions
per experiment assuming an average endpoint OD600 of 0.6 (30). The
experiment was ended when all lineages that were evolved to a single
drug (called single-drug evolved lineages) had reached their clinical
breakpoint [as defined by the The European Committee on Antimicrobial Susceptibility Testing (EUCAST)] (see Materials and Methods).
This approach ensured that all lineages were evolved throughout the
same period of time, allowing us to investigate how the evolution of
resistance against one drug is affected by the presence of another drug.
To measure the increase in drug resistance, we performed microbroth dilution inhibition assays (Materials and Methods). We tested
the 15 single-drug evolved lineages against all single drugs and the
30 drug pair evolved lineages against the drug combination they had
been evolved to as well as its component drugs. All measurements were
performed in triplicate. Using the normalized OD600 measurements,
we plotted a dose-response curve and fitted a four-parameter (Hill equation) dose-response curve to the data points (Materials and Methods,
fig. S2, and table S1). Traditional dose-response analyses, such as receptorantagonist studies, normally use 50% inhibition levels [median inhibitory concentration (IC50)] to compare drug effects. However, because
we want to investigate changes in the minimal drug concentration required to inhibit bacterial growth [minimum inhibitory concentration
(MIC)], we measured the drug concentration at a 90% inhibition level
(IC90), which resembles the MIC but can be more precisely determined
through fitting of dose-response curves. To investigate if there were any
major differences in calculations based on different levels of growth inhibition [that is, IC50, IC90, and MIC (defined as the drug concentration
leading to 95% inhibition in our dose-response curves)], we compared
calculations of the fold change in drug tolerance based on IC50, IC90,
and MIC estimates (fig. S3). The data revealed a very strong linear correlation between the different IC levels, indicating that there are no major differences between calculations and conclusions based on IC50,
IC90, and MIC.
The overall IC90 increase for the different drug pairs and their
component drugs varied from 15- to more than 300-fold in the various
evolved E. coli lineages relative to the wild-type strain (Fig. 2, A to E).
For the single-drug evolved lineages, the greatest IC90 increase was seen
in those evolved to Cip (Fig. 2B), for which two of the three lineages had
more than a 300-fold IC90 increase compared to the wild type. This is
consistent with previous findings showing that high-level Cip resistance
only requires a few mutations in the specific target genes gyrA, parC,
and parE (31). In contrast, lineages evolved to Chl (Fig. 2E) only increased their IC90 by 15-fold, underscoring the large differences in
easily accessible high-level resistance mutations among the drugs
used in the study.
For the drug pair evolved lineages, we observed IC90 increases between 2- and 100-fold. Notably, when comparing single-drug evolved
lineages of Pip, Tet, and Chl to drug pair lineages containing one of
these drugs (Fig. 2, C to E), the presence of another drug did not significantly influence the relative increase in IC90 [P > 0.05, analysis of variance (ANOVA), followed by Tukey test]. This illustrates that not all
drug combinations reduce evolution of resistance relative to the
component drugs. In contrast, for lineages evolved to drug pairs
containing Cip or Amk, the presence of a second drug significantly reduced the relative IC90 increases against the drug pair compared to
the relative IC90 increases of the lineages evolved to either Cip or
Amk alone (Fig. 2, A and B). This reduction could either be the result
of the second drug limiting an otherwise large increase in Cip or
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Amk resistance or a genuine reduction in the IC90 increases of both
drugs in the combination.
To investigate these possible mechanisms, we compared the IC90 increases for the individual drugs in the drug pair evolved lineages to the
IC90 increases of the same drugs in the single-drug evolved lineages (Fig.
2, F and G). In lineages evolved to drug pairs that contained Cip, the
IC90 increases for Cip were lower compared to the Cip-only evolved
lineages. In contrast, the IC90 increases for the other drugs in the Cip
combinations were comparable to those of their corresponding singledrug evolved lineage (Fig. 2F). This reveals that the reduced evolution of
resistance in the lineages evolved to drug pairs that contained Cip was
the result of the non-Cip component preventing high-level Cip exposure
and consequently high-level resistance. In contrast, lineages evolved to
drug pairs that contained Amk showed a substantial reduction in the
IC90 increase for both Amk and the other drug in the combination,
highlighting the fact that in Amk-containing drug pairs, evolution of
resistance was restricted for both drugs (Fig. 2G).
Next, we investigated whether the level of resistance evolution to a
drug combination could be predicted from the level of resistance evolution to its component drugs. We compared the IC90 increases of the
drug pairs to the increases of the slowest- and fastest-evolving components, as well as to the average IC90 increases of the component drugs.
We observed no apparent correlation between the resistance increases
in the drug pairs and those of the component drugs (Fig. 3, A to C),
suggesting that when drugs are used in combination, other factors have
an impact on the evolution of resistance toward drug combinations.
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Drug interactions can be classified as being synergistic, additive, or antagonistic and can be assessed with various mathematical models (32).
A commonly used model is the Loewe additivity model, which describes
drug interactions as the sum of the inhibitory concentration of each
drug in a combination compared to the drug alone and is reported at
a given effect level [for example, 90% growth inhibition (IC90)]. The result is a fractional inhibitory concentration index (FICI) that describes
the drug interactions (see Materials and Methods). A main advantage
of the Loewe additivity model compared to other models, such as the
Bliss independence model, is that it assumes that a drug cannot be synergistic with itself. This is particularly relevant when considering drug
combinations that share the same target, for example, the ribosome.
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Fig. 2. Relative increases in IC90 values. IC90 (means ± SEM, n = 3
biological replicates) of the evolved lineages relative to IC90 of the ancestral E. coli MG1655. (A to E) Data for lineages evolved to the single
drugs Amk, Cip, Pip, Tet, and Chl, as well as lineages evolved to each of
the 10 possible pairwise combinations. Only combinations containing either Amk (A) or Cip (B) showed significantly reduced relative increases in
IC90 compared to the corresponding single-drug evolved lineages (*P <
0.05, ANOVA, followed by Tukey test). WT, wild type; NS, not significant.
(F and G) Relative increase in IC90 for the individual components in Cipcontaining combinations (F) and Amk-containing combinations (G) measured as relative increases in IC90 of the individual components in the drug
pair evolved lineages divided by the relative IC90 increase in the singledrug evolved lineages (means ± SEM, n = 3 biological replicates). Only
Amk-containing combinations limit resistance increase of both drugs in
the drug pair.
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Consequently, in a thought experiment in which a drug is combined
with itself, the FICI value would be 1, indicating that the interaction is
additive (that is, that the effect of the drug combination is the sum of
the effect of the individual drugs). In contrast, a combination of two
drugs resulting in a FICI of less than 1 indicates that the drugs interact
synergistically, meaning that the inhibitory effect of the combination is
greater than the sum of the effects of the individual components. Conversely, an index above 1 indicates an antagonistic interaction in which
the drug combination is less potent than the sum of the individual
components.
Recently, it was shown that growth rate adaptation in a growth medium that contains binary combinations of antibiotics is accelerated for
synergistic and reduced for antagonistic drug combinations (15). Therefore, we investigated whether the drug interaction profile also correlated
with the increase in resistance during long-term evolution. We calculated the FICI for each drug pair and compared that to the degree
of resistance evolution in the drug pair evolved lineages. To measure
the degree of resistance evolution, we introduce the “evolvability index.”
It compares the resistance increase of the individual drugs across singledrug and drug pair evolved lineages, thereby describing how the evolution of resistance against a drug is affected by the presence of the other
drug. Calculation of the evolvability index is possible because all the
lineages were evolved over the same period of time. Specifically, it is
obtained by first calculating the IC90 increase for each drug in a drug
pair evolved lineage and dividing it by the IC90 increase of the
corresponding single-drug evolved lineage. Finally, the average of the
ratios for each drug in the drug pair is calculated (Materials and
Methods). Thus, an evolvability index of 1 implies that resistance
against the component drugs evolves to the same extent in the drug
combination as in the individual single-drug evolved lineages, whereas
a value greater than 1 indicates that resistance evolves to a larger extent
in the drug combination, whereas a value less than 1 indicates that
resistance evolves to a lesser extent in the drug combination, relative
to the individual drugs. The evolvability index allows direct comparison
of the resistance-reducing capacity of different drug combinations in
spite of differences in the absolute capacity to evolve resistance against
the component drugs.
The drug combinations used in our study cover all types of drug interactions. For instance, Amk + Tet interact synergistically, Cip + Pip

IC90 increase relative to WT

A

interact additively, and Cip + Chl display an antagonistic interaction
(Fig. 4A). In contrast, the evolvability index displays a bimodal
distribution with a group evolving less resistance than their corresponding single-drug evolved lineages and another group evolving
resistance to the same level as the lineages evolved to their component
drugs (Fig. 4B).
We find that the evolvability index of a drug combination was
not correlated with the drug interaction profile (Fig. 4C) (P > 0.05,
Spearman correlation). This suggests that during long-term evolution, drug interactions do not significantly influence evolution of
resistance against drug combinations. To investigate whether other
measures of resistance evolution correlated with drug interactions,
we compared the FICI to resistance evolution quantified as the drug pair
IC90 increase relative to the slowest and fastest components, and none
of these were significant (P > 0.05, Bonferroni-corrected Spearman
correlation) (fig. S4).
Modulation of drug interactions by evolution
In many cases, the nature of drug interactions can be specific to a particular organism and can vary substantially between organisms. Indeed,
drug interactions do not result just from the properties of the drugs in a
combination, but are a result of a complex interplay between the drug
combination and the cellular network state of a particular organism
(33). If the drug interactions observed in our wild-type E. coli strain
are affected by the genotype, an outcome one would expect is that as
the lineages mutate to become resistant, the drug interaction profile
would change. This has been demonstrated previously for the synergistic combination Tet plus erythromycin (34). To explore whether this is a
general principle, we compared the FICI values of the evolved lineages
to the FICI values of the wild-type lineage (Fig. 4D). In most cases, there
was a significant shift in the drug interaction profiles as the lineages
evolved resistance (P > 0.05, Student’s t test). For example, Pip +
Amk shifted from a synergistic interaction profile toward a more additive interaction profile, whereas Cip + Chl shifted from an antagonistic
interaction profile toward a more additive profile. In all cases, except
Cip + Tet, lineages evolved to the same drug pair exhibited a FICI shift
in the same direction, highlighting that the changes in drug interaction
profiles during resistance evolution are consistent (Fig. 4D). This dependency of drug interactions on genotype conditioned by resistance
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Fig. 4. Drug interactions and evolution of resistance. (A) Mean FICI
of the various drug pairs tested against WT E. coli MG1655 (Materials
and Methods). Error bars depict a 95% confidence interval (CI) (n = 3
biological replicates). Asterisks indicate a FICI significantly different from
additivity (FICI = 1). (B) Evolvability index of the various drug pairs calculated as the average of the fold increase in IC90 for the individual
drugs in a drug pair evolved lineage relative to the single-drug evolved
lineages (Materials and Methods). Error bars depict 95% CI (n = 3 biological
replicates). Asterisks indicate a significantly different level of resistance
evolution relative to single-drug evolved lineages (evolvability index = 1).
(C) Evolvability as a function of FICI. The plot shows that the evolvability
index does not correlate with the FICI (P > 0.05, Spearman correlation; error
bars depict SEMs). (D) Change in FICI during resistance evolution. Comparison of FICI for the WT MG1655 strain (white) and the three parallel evolved
lineages (A, B, and C) for each drug pair (gray). Error bars depict SEMs. Asterisks indicate significant changes in FICI in the evolved lineages compared to the WT FICI (Student’s t test).

Limiting resistance evolution by collateral sensitivity
The evolvability index divided the drug combinations into two groups—
one with drug pairs that limited evolution of resistance relative to their
constituent drugs and one with drug pairs that did not (Fig. 4B). We
showed recently that collateral sensitivity cycling can be used to counterselect a resistant subpopulation (29). We therefore speculated that the differences in the evolvability indices of the drug combinations could result
from collateral resistance and collateral sensitivity occurring during adaptation to the different drugs. To investigate this hypothesis, we determined the IC90 values of the single-drug evolved lineages against all
antibiotics to which they were not evolved (Fig. 5A). The results showed
many examples of both collateral resistance and collateral sensitivity, all in
agreement with previous findings (28, 29).
The Amk-evolved lineages displayed a high degree of collateral sensitivity, corroborating recent work showing that mutations that led to
Amk resistance conferred increased sensitivity to the other antibiotics
(28). In addition, Amk collateral resistance was not present among the
non–Amk-evolved lineages, thus revealing that the evolution of Amk
resistance shares little overlap with evolution of resistance to the other
drugs. Collateral resistance against all drugs except Amk was observed
for all the remaining lineages. The Chl- and Tet-evolved lineages especially displayed an increased resistance to drugs to which they had not
been evolved (apart from Amk), with an up to 20-fold collateral increase
in IC90 (Fig. 5A).
To examine whether collateral resistance and collateral sensitivity
affect the evolution of resistance, we compared the evolvability indices
of the drug pair evolved lineages to the average collateral IC90 changes
among the constituent single-drug evolved lineages (Fig. 5B). In agreement with the intuitive expectation that collateral-sensitivity interactions between component drugs would reduce evolution of resistance
toward drug combinations, our data showed that low-average collateral
IC90 changes within the single-drug evolved lineages were associated
with reduced evolution of resistance in the drug pair evolved lineages.
Notably, the Amk-containing combinations both displayed significantly lower degrees of collateral IC90 change and have significantly lower
evolvability indices compared to the non–Amk-containing drug pairs
(Fig. 5, C and D) (P < 0.05, Mann-Whitney test).
Our data suggest that the collateral IC90 change between two singledrug evolved lineages influences the evolution of resistance against
drug combinations. Consequently, knowledge about the evolutionary
changes leading to resistance and sensitivity against individual drugs
can be used to design drug combinations that limit the evolution of
resistance.
Genetic determinants underlying evolution of resistance
To explore the evolutionary events underlying resistance evolution, we
sequenced the genomes of isolates from all evolved lineages as well as
wild-type E. coli MG1655 (table S2). In total, 46 strains were sequenced. By comparing the genome of the wild-type strain to the
evolved lineages, we identified single-nucleotide polymorphisms
(SNPs) and insertions and deletions (INDELs) that characterized
the evolutionary endpoint (Fig. 6, A to C, and table S3) (Materials
and Methods).
We identified similar mutational profiles in the lineages evolved to
the drugs Pip, Chl, Tet, and Cip (Fig. 6A). These drugs all selected for
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evolution highlights the complexity of assessing the factors involved
in resistance evolution against drug combinations.

mutations in acrR or ompF/R and the marR, soxR, and rob genes. Mutations in these genes occurred at high frequencies, with 76% of all
lineages having a mutation in at least one of these genes (Fig. 6A). All
of these genes are implicated in adaptive antibiotic resistance and have
been found to contribute to resistance in clinical isolates (35–43). The
AcrR protein regulates expression of the gene encoding the AcrAB multidrug efflux pump, which exports a wide range of antibiotics, including
Tet, Cip, ampicillin, and Chl (39). In contrast, the gene products of marR,
soxR, and rob each regulate a wide range of genes (44–46). They share a
common regulon core that includes genes known to result in the multiple antibiotic resistance (mar) phenotype, which is characterized by
up-regulation of AcrAB and simultaneous down-regulation of the
outer-membrane porin OmpF, a protein that increases the membrane
permeability. Together, these modulations result in broad-spectrum
antibiotic resistance (47). Mutations in marR and deletion of ompF
and ompC, or mutations in the gene that encodes their common regulator ompR, can cause carbapenem resistance in non–carbapenemaseproducing clinical isolates of E. coli, either directly or in synergy with
extended-spectrum b-lactamases, highlighting the clinical relevance of
this mutational resistance (48, 49). It should be noted that AcrAB does
not export Amk, which provides an explanation both for the low level of
collateral resistance to Amk and for why no mutations in the Amk-evolved
lineages were involved in acrAB regulation (Figs. 5A and 6A) (50).
The Amk-evolved lineages had a mutational profile that was distinct from those of the other antibiotics included in the study (Fig. 6A);
all had mutations in the fusA, cpxA, and sbmA genes (Fig. 6A). fusA
encodes elongation factor G and is named for its involvement in fusidic acid resistance. However, mutations in this gene have also been
reported to confer aminoglycoside resistance (34, 51, 52). In addition,
a fusA mutant has also been shown to result in low-level collateral sen-
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sitivity to other antibiotics, including b-lactam drugs and Chl (53). CpxA
is a part of the CpxRA two-component system involved in sensing and
responding to envelope stress (54). CpxA works via CpxR to activate
genes whose products participate in protein folding and degradation
and responds to aminoglycoside-induced stress, which is known to produce mistranslated membrane proteins (34, 55, 56). SbmA is a less
well-characterized inner membrane protein reported to be involved in
resistance to peptide antibiotics (57). However, SbmA is also involved in
hypersensitivity to Tet, supporting the notion that mutations in this gene,
while imparting Amk resistance, also cause collateral sensitivity (58).
In the phenotypic characterization, we observed that drug combinations that exhibited collateral sensitivity evolved less resistance compared
to combinations of drugs with no collateral-sensitivity interactions. This
correlation was also reflected in the accumulation of resistance mutations
in the drug pair evolved lineages. In the lineages evolved to drug combinations wherein both of the component drugs select for the mar phenotype, we found that mutations involved in the establishment of this
phenotype were highly abundant (Fig. 6B). In contrast, in lineages
evolved to drug pairs containing Amk, which displayed a high degree
of collateral sensitivity, mutations that were otherwise commonly found
in the single-drug evolved lineages were less frequent or even completely absent. For instance, none of the lineages evolved to the Amkcontaining drug pairs had the otherwise ubiquitous sbmA mutation.
Similarly, mutations in fusA and cpxA, which were also consistently
found in all of the Amk-evolved lineages, were found in only 7 of the 12
(58%) lineages evolved to Amk-containing combinations (Fig. 6C).
Likewise, the mar mutations, which were, on average, present with
1.5 mutations per non-Amk drug pair evolved lineage, were found in
only 7 of 12 (58%) of the Amk-containing drug pair evolved lineages
(Fig. 6, B and C). These findings suggest that collateral sensitivity
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Fig. 5. Correlation between collateral IC90 change and evolvability. (A)
Collateral resistance or sensitivity for the single-drug evolved lineages tested
against the four drugs to which they had not been evolved. The figure shows
the relative IC90 change calculated as IC90[drug A]drug B evolved/IC90[A]WT. Error
bars depict SEMs (n = 3 biological replicates). For most lineages, collateral resistance is observed; however, the Amk-evolved lineages display a high degree of collateral sensitivity. (B) Correlation between the collateral IC90 changes
in the single-drug evolved lineages and the evolvability indices of the drug
pair evolved lineages. The mean collateral IC90 changes in the single-drug
evolved lineages were calculated as {IC90[drug A]drug B evolved/IC90[drug A]WT +
IC90[drug B]drug A evolved/IC90[drug B]WT}/2 (Materials and Methods). The evolvability
index was calculated as {IC90[drug A]drug AB evolved/IC90[drug A]drug A evolved +
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evolved lineages, stratified by pairs with and without the Amk. Error bars represent SEMs (n = 3 biological replicates). The degree of collateral IC90 changes was
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Fig. 6. Sequencing the evolved lineages. (A to C) Heat map depicting
mutations (SNPs and INDELs) in the 45-endpoint sequenced lineages
known to be involved in Amk and mar resistance. Mutations in the
single-drug evolved lineages (A), mutations found in lineages evolved
to drug pairs without Amk (B), and lineages evolved to drug pairs with
Amk (C). The three parallel-evolved lineages are collapsed by drug condition. The gene targets are grouped by the phenotypic characteristics
(gray, Amk-specific mutations; blue, mutations known to confer the
mar phenotype). The legend indicates the number of parallel lineages
that contained a mutation in the specific target. The bars below each drug
condition summarizes the mar- and Amk-specific mutations, respectively.
(D) Population frequency sequencing. Total DNA from the populations
evolved to Amk, Chl, and Amk + Chl (drug conditions are noted in the
vertical strip text) was sequenced, and frequencies of the individual
SNPs/INDELs were calculated (loci are noted in the horizontal strip text).
SNPs/INDELs in genes linked to Amk resistance (fusA, sbmA, and cpxA)
were fixed in the Amk-evolved population but could not be fixed when
Chl was present. In contrast, SNPs in marR were observed in both the Chl
and Amk + Chl evolved lineages. These findings corroborate the singleisolate sequencing results.

prevents the simultaneous acquisition of the ubiquitous Amk mutations
and mar mutations.
To investigate how accurately the sequenced isolates represented the
evolved populations, we performed whole-population sequencing on
DNA extracted from lineages evolved to Amk, Chl, and Amk + Chl.
We found that for the Amk-evolved lineages, mutations in cpxA, fusA,
and sbmA were completely fixed in the population (Fig. 6D). This observation agrees with the single-isolate sequencing (Fig. 6A). Likewise,
for the Chl-evolved lineage, a marR mutation was completely fixed in
the population, again in agreement with the single-isolate sequencing
results (Fig. 6, A and D, and table S3). For the Amk + Chl–evolved lineage, a marR mutation was completely fixed in the population, which
was also the case for the sequenced single isolate (Fig. 6, C and D,
and table S3). In contrast, the canonical Amk mutations were absent
or present only at low frequencies in the drug pair evolved lineages.
The most abundant Amk-specific mutation was one present in cpxA
at just less than 4%; similarly, mutations in sbmA were found at only
1%, whereas no fusA mutations were detected (Fig. 6D). Overall,
these population-sequencing results show that the general mutational patterns of the single-isolate sequencing fits with the population
frequencies.
Condition-specific selection and counter-selection of
resistant mutants
To explore whether the mutational patterns observed in our evolved populations were a result of selection and counterselection by different drug
treatments, we constructed a set of mutant strains that harbored the individual mutations identified in our evolution experiment. We constructed
single-mutant strains containing each of the mutated alleles of cpxA, fusA,
and sbmA identified in the Amk-evolved lineage B (Materials and
Methods). These alleles all represent mutations that appeared incompatible with the Amk + Chl combination. We also constructed
strains containing the gyrA and marR mutations found in the Cip B– and
Tet A–evolved lineages, respectively; these lineages represented mutations that appeared compatible with both mono and combination treatment
with Cip and Tet. Next, we conducted a series of competition experiments
using a DlacZ wild-type strain and engineered mutant strains.
The wild-type and mutant strains were mixed 1:1 and grown overnight
in subinhibitory concentrations of antibiotics and no antibiotics. Subsequently, quantitative polymerase chain reaction (qPCR) was used to measure the ratio between wild-type and mutant alleles, and changes relative to
growth without antibiotics were reported (Fig. 7, A to E). The results
showed that the three mutations conferring resistance to Amk (in cpxA,
fusA, and sbmA) were counterselected by Chl (Fig. 7, D to F). This effect
was also seen when the cell mixture was grown in a combination of the two
drugs, illustrating how collateral sensitivity can effectively reduce the evolution of resistance. In contrast, the gyrA mutation was strongly enriched by
Cip alone as well as by Cip + Amk, but not in Amk alone. This shows that
without collateral sensitivity, drug combinations cannot prevent selection
of resistance mutations (Fig. 7G). The marR mutation was positively
selected in Tet and Chl alone, as well as when the two drugs were combined, showing that drug combinations do not necessarily reduce the evolution of resistance (Fig. 7H). Our competition results were confirmed
through plating the overnight cultures on LB + IPTG (isopropyl-b-Dthiogalactopyranoside) + Xgal (fig. S5).
Together with the in vitro evolution experiments and population sequencing, the competition experiments revealed how combinations
of drugs that display collateral sensitivity can be used to create an
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Cip, Pip, Tet, or Chl effectively work together to select for the same
genotype, whereas the drugs in the drug pairs containing Amk select for two subsets of mutations, where one of them counteracts
the effect of the other.
Furthermore, we used a competition assay to show that AmkDISCUSSION
resistant mutants are counterselected when grown in the presence
Combination therapy is often used to counteract the evolution of of Chl. This example illustrates that for drug pairs that display colresistance. Here, we show that the degree to which a combination can lateral sensitivity, the balance between resistance and sensitivity is
reduce the evolution of resistance depends on the degree of collateral difficult to maintain in a drug pair environment, resulting in decreased
resistance and collateral sensitivity between its component drugs. If evolution of resistance. Our findings were corroborated by popularesistance to one drug gives collateral resistance to another drug, a com- tion sequencing showing that mutations that were fixed in singlebination of the two drugs will not be very effective in reducing the evo- drug evolved populations could not be fixed in populations evolved
lution of resistance (Fig. 8A). This is the case for drug pairs of Cip, Pip, in a combination of drugs that displayed collateral sensitivity. The genes
Tet, and Chl. Conversely, if resistance to one drug confers collateral sen- mutated in our study are broadly conserved across E. coli genomes,
sitivity to another drug, resistance to a combination of these drugs will and mutations in these genes have been linked to antibiotic resistance
be significantly limited (Fig. 8B). These findings, together with studies of in clinical isolates of E. coli, underscoring the clinical relevance of our
drug interactions, illustrate that a complex interplay between collateral findings (48, 49).
susceptibility changes and drug interactions governs the evolution of
Central to the phenomena of collateral sensitivity is the fact that it
resistance against drug combinations (28, 59).
is a property present in single-drug evolved lineages. Accordingly, it
To identify the genetic changes underlying the observed collat- should be possible to predict drug combinations with low rates of
eral sensitivity and resistance, we sequenced the evolved lineages resistance evolution by studying the collateral responses to individual
and found that Cip, Pip, Tet, and Chl selected for mutations that drugs. In turn, this affects screening programs seeking to identify
lead to an increased efflux and decreased membrane permeability, resistance-limiting combinations because the number of combinawhereas Amk selected for an entirely different set of mutations spe- tions required to screen to find a successful candidate can be markedly
cifically involved in aminoglycoside-induced membrane stress. lowered. This is exemplified in a recent study in which we analyzed the
These findings explain how the drugs in the drug pairs containing collateral sensitivity network of a laboratory E. coli strain as well as two
clinical isolates and identified 20 potential
antiresistance drug combinations and
more than 30 drug combinations that
A
B
C
D
E
should be avoided in clinical practice becpxA
fusA
sbmA
gyrA
marR
cause of collateral-resistance interactions (28).
Our results have been obtained under
3
ideal in vitro conditions. To more generally
translate our results to in vivo settings,
quantitative modeling of the pharmaco2
kinetic and pharmacodynamic properties
of the constituent drugs would be beneficial. Such pharmacokinetic and pharmaco1
dynamic modeling has proven valuable for
optimization of single-drug treatment regimens (60, 61), and recent work has high0
lighted the use of pharmacokinetic and
pharmacodynamic modeling for drug
combinations to explore the dynamics of
−1
resistance development (62).
In addition to treating bacterial infections, combination therapy is also frequently used in the management of tuberculosis,
HIV infections, and cancer, where it has
proven indispensable in the fight against
Grown in
resistance. Although our study has focused
Fig. 7. Competition experiment. (A to E) Competition assays between mutant and WT alleles. For each
on adaptive resistance in a bacterial system,
competition experiment, the ratios of mutant to WT alleles after competitive growth in subinhibitory concentrations of either single drugs or drug pairs (listed below each panel) are reported relative to the ratio in E. coli, collateral resistance and collateral
antibiotic-free growth medium (means ± SEM, n = 3 biological replicates). Alleles are cpxA, fusA, sbmA, gyrA, sensitivity have been described in viruses,
and marR, for (A) to (E), respectively. Gray fill indicates mutations found to give Amk resistance. Blue fill cancer cell lines, and plants (17, 23–25).
indicates mutations known to confer the mar phenotype. White fill indicates mutations that confer Cip Hence, we expect that the general concept
resistance.
of predicting resistance evolution of drug
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The drug pairs were evolved to a 1:1 mixture of the component
drug’s IC90; the resulting molar ratios were the following: Cip/Pip,
0.012; Cip/Amk, 0.015; Cip/Chl, 0.004; Cip/Tet, 0.021; Pip/Amk, 0.559;
Pip/Chl, 0.230; Pip/Tet, 0.641; Amk/Chl, 0.191; Amk/Tet, 0.585; and
Tet/Chl, 0.144. The evolution experiment was ended when the single-drug
evolved lineages had reached the clinical breakpoint for the antibiotic.
Clinical breakpoints were defined according to The EUCAST: Cip, 1 mg/ml;
Pip, 16 mg/ml; Amk, 16 mg/ml; Chl, 8 mg/ml; and Tet, 16 mg/ml. On the
last day, all lineages were streaked on LB agar plates to be used for IC90
determination.
IC90 determination
IC90 determination was performed in 96-well microtiter plates prepared using a Hamilton STAR pipetting robot. Each drug gradient
consisted of 11 points in a twofold dilution series prepared in MHBII
(Mueller-Hinton broth 2) (Sigma) medium with a total of 150 ml in
each well. For the single-drug evolved lineages, the IC90 was determined
for all single drugs as well as all combinations containing the evolved-to
drug, and the experiments were carried out in triplicate and quadruplicate,
respectively. For the drug pair evolved lineages, the IC90 was determined
for the two drugs in the combination as well as the drug combination, and
experiments were done in five replicates. For every IC90 test, the wild-type
strain was included to determine the IC90 reference point. The IC90 plates
were inoculated with about 105 cells per well using a 96-pin replicator.
The plates were incubated at 37°C with shaking for 18 to 20 hours, and
OD600 was read on a BioTek H1 plate reader.

AB
Fig. 8. Impact of collateral IC90 changes on the evolution of drug
resistance. (A) If two drugs display collateral resistance (such as Tet and
Chl), a combination of the two drugs will not effectively reduce resistance development, because they both will select for the same mutational profile. (B) In
contrast, if the two drugs display collateral sensitivity (such as Amk and Chl), a
combination of the two will be effective at reducing evolution of resistance
because of suppressed fixation of resistance mutations in the population.

combinations based on the collateral sensitivity profiles of the component
drugs should be extendable to a broad range of diseases.

Data analysis
The OD600 data files were analyzed using R (63). In brief, control wells
were analyzed (one contamination of 616 blanks and growth in all positive controls). To obtain inhibition curves, the OD600 values for the
dose-response series were converted into values of percent inhibition
calculated as 1 − [OD600(growth in drug) − OD600(negative control)]/
[OD600(positive control) − OD600(negative control)] and plotted against
the molar concentration of the antibiotic, and a dose-response curve
was fitted using the drc package with the default four-variable logistic
model, where x is the molar drug concentration:
f ðx; ðb; c; d; eÞÞ ¼ c þ

MATERIALS AND METHODS
Study design
E. coli MG1655 was evolved to the five antibiotics: Cip hydrochloride
(AppliChem), Tet hydrochloride (Sigma), Amk sulfate (Sigma), Chl
(Sigma), and Pip sulfate (Sigma), as well as all pairwise combinations
thereof. These drugs were chosen to represent a broad range of chemical
classes and clinical relevant targets.
The evolution experiments were performed in triplicate for each drug
condition using LB medium as the growth medium. Selection was carried
out in twofold dilution steps of antibiotics in 24-well plates using 1-ml
total volume. Each plate contained two medium control wells; none of
these showed growth during the experiment. After 20 hours of incubation
at 37°C with shaking, OD600 was read, and 25 ml from the lowest antibiotic concentration with OD600 greater than 0.25 was diluted into a new
antibiotic gradient. In total, 14 passages were performed. All lineages
underwent the same number of passages to ensure a comparable number
of generations.

ðd − cÞ
1 þ expðb  ðlogðxÞ − logðeÞÞ

(fig. S2) (64). IC90 was calculated via the inverse function of the fit.
Graphs were made in R with the packages plotrix and ggplot2 (65, 66).
FICI was calculated as:
FICI ¼

IC90 ½AB  w IC90 ½AB  ð1 − wÞ
þ
IC90 ½A
IC90 ½B

where w signifies the molar fraction of drug A in the drug combination AB.
Calculation of evolvability index
The evolvability index is used to assess how the development of
resistance against a drug is affected by the presence of another drug.
By summing the effect from each component drug in a drug pair, it
gives an overall value to describe the degree of resistance development
in drug pair evolved lineages relative to the resistance development in
single-drug evolved lineages. Specifically, the evolvability index is
calculated by taking the average of the relative change in resistance
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Evolvability index ¼

IC90 ½AAB
IC90 ½AWT
IC90 ½AA
IC90 ½AWT

IC90 ½BAB
IC ½B

þ IC90 ½BWT
90
B
IC90 ½BWT

2

¼

IC90 ½AAB
IC90 ½AA

IC ½B
þ 90 AB
IC90 ½BB

2

where IC90[A]AB signifies the IC90 of the AB evolved strain tested against
drug A.
Collateral IC90 change is the average collateral IC90 change between
two single-drug evolved lineages calculated as:
IC90 ½AB
IC90 ½AWT

IC ½B

þ IC9090½B A

WT

2
where IC90[A]B signifies the IC90 of the B evolved lineage tested against
drug A.
SOLiD sequencing
A single colony from each evolution experiment was grown up in LB,
and DNA was extracted using the DNeasy kit (Qiagen). The DNA was
sheared into 200-bp fragments using Covaris E210, and barcoded libraries were made for SOLiD sequencing. SOLiD reads were aligned
to E. coli MG1655 reference genome (NC_000913) using Bowtie 2
(67). Each sample had at least 98% of the genome covered with three
times coverage or greater, and the mean percentage with at least three
times coverage was 99.71% [table S2, (68)]. The alignments were further
tuned by GATK (Genome Analysis Toolkit) (69) by re-aligning identified possible INDEL sites to discriminate between SNP and INDEL sites
(70). Variant calling for SNPs and INDELs was done using SAMtools
(71), with INDELs verified by aligning constructed contigs around
INDEL sites to the reference genome (72, 73). Further analysis was
done by custom-written scripts using Biopython (74).
Population sequencing
Total DNA was extracted from the populations of lineage B evolved to
Amk, Chl, and Amk + Chl using the DNeasy kit (Qiagen). Sequencing
libraries for the Illumina MiSeq platform were prepared using the Illumina Nextera XT kit. The average coverage was 167 for the Amk population, 143 for the Chl populations, and 156 for the Amk + Chl
population. SNPs and INDELs were identified using CLC Genomics
Workbench (Qiagen) by mapping reads onto the reference E. coli
MG1655 genome (NC_000913).
Competitive growth selection
The five single mutants cpxA, fusA, sbmA, gyrA, and marR were
engineered in EcHW24 using the MAGE (multiplex automated genomic engineering) technique with relevant SNP oligos (table S3) (75).
A wild-type lacZ mutant was engineered in a similar fashion. Each
of the five single mutants was mixed 1:1 with the wild-type lacZ mutant at OD600 equivalent to 0.1. This mixture (1 ml) was inoculated
into subinhibitory concentrations of antibiotics in the following order:
cpxA, fusA, and sbmA were inoculated into Amk, Chl, Amk + Chl,
and LB; gyrA was inoculated into Cip, Amk, Cip + Amk, and LB;
marR was inoculated into Tet, Chl, Tet + Chl, and LB. All were grown
overnight at 30°C. To confirm that the antibiotic concentration was

indeed subinhibitory, the wild-type lacZ was inoculated into all antibiotic solutions, and the growth rate was measured. The competitive
growth selection experiments were performed in triplicates.
qPCR assay
For each of the five mutant alleles in the competitive growth selection
experiment, a wild-type primer pair and a mutant primer pair were designed (table S4). The optimal annealing temperature was identified in a
temperature gradient, and for each growth condition, a separate qPCR
was performed with the wild-type primer pair and the mutant primer pair
using 1 ml of a 100-fold dilution of the overnight competitive selection
culture as template in a SYBR Green qPCR (SSO, Bio-Rad). The DCT
for the wild-type and mutant primer pair was calculated and normalized
to the DCT for the LB growth, resulting in a DDCT value.
Plating validation of the competitive growth selection
After overnight, competitive growth selection cultures were diluted and
plated on LB with IPTG and Xgal. Representative pictures were taken
and used in fig. S5.
Statistical analyses
Growth inhibition curves were analyzed as described in the data analysis
section. For each lineage and drug condition, the average IC90 and SD
were calculated (n = 3 technical replicates for single drugs, and n = 4 for
drug pairs), and these values were normalized to the average IC90 values
for the wild-type E. coli strain, taking into account the SD of both the
numerator and the denominator. The averages of the biological replicates for each drug condition (n = 3) were used in the calculations of the
evolvability index and the collateral IC90 change. All analyses were performed with software R (63).
Throughout the manuscript, a significance level of 0.05 is used.
ANOVA, followed by Tukey test, was used to identify differences in the
relative increase in resistance between the single-drug and the drug pair
evolved lineages (Fig. 1). Spearman rank correlation was used to assess correlation between evolvability index and FICI (Fig. 4C), and in case of multiple hypothesis testing, the significance level was Bonferroni-corrected (fig. S4).
Student’s t test was used to assess changes in FICI (Fig. 4D). Mann-Whitney
U test was used to compare evolvability index and collateral IC90 change
in drug pairs with Amk to those without Amk (Fig. 5, C and D).

SUPPLEMENTARY MATERIALS
www.sciencetranslationalmedicine.org/cgi/content/full/6/262/262ra156/DC1
Fig. S1. Fold increase in drug tolerance during evolution experiment.
Fig. S2. IC90 dose-response curves.
Fig. S3. Correlation between IC50 or MIC, and IC90-based measurements.
Fig. S4. Alternative correlation between FICI and evolution of resistance.
Fig. S5. Competition between wild-type DlacZ and mutant.
Table S1. Raw OD600 readings.
Table S2. Sequencing coverage.
Table S3. Individual SNPs and INDELs.
Table S4. Oligos for MAGE and qPCR primers.
Reference (76)
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