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Natural environments change periodically or stochastically 
with frequent or very rare fluctuations, and life crucially 
depends on the ability to respond to such changes. Gene 

regulatory networks have evolved into an elaborate mechanism for 
such adjustments as populations were repeatedly required to cope 
with specific environmental changes1–3. Gene regulation requires 
many dedicated components—including transcription factors 
and promoter sequences in the DNA—for information processing  
to occur. However, owing to low single-base-pair mutation rates, 
complex promoters cannot easily evolve on ecological timescales4,5.

Gene-copy-number mutations might provide a fundamentally 
different adaptation strategy that neither depends on existing regu-
lation nor requires regulation to evolve. Gene duplications arise by 
homologous or illegitimate recombination between sister chromo-
somes. Depending on the genomic locus, duplication rates (kdup) can 
vary between 10−6 and 10−2 per cell per generation in bacteria6–9. 
This means that, at any given time, a typical bacterial population 
will contain a large fraction of cells with a duplication somewhere 
on the chromosome9,10. Owing to the long stretches of homology, 
duplications are highly unstable—at rates (krec) of between 10−3 and 
10−1 per cell per generation7,8, recA-dependent unequal crossover 
of the repeated sequence leads to either the deletion of the second 
copy—restoring the ancestral state—or to further amplification 
(Fig. 1a). If a gene is under selection for increased expression11–13, the 
process of gene duplication and amplification (GDA) can substan-
tially increase organismal fitness by increasing gene copy numbers. 
Owing to their high rates of formation, amplifications provide fast 
adaptation and facilitate the evolution of functional innovation14.  
By contrast, their high rate of loss makes amplifications transient 
and difficult to study14. Until recently, the impact of this high loss 
rate on the distribution of copy numbers and associated expression 
levels in the population, a phenomenon causing antibiotic hetero-
resistance, has not been appreciated11,15. Furthermore, amplifica-
tions have been studied only under constant selection for increased 

expression16,17, but natural environments are rarely ever constant. 
Although a large body of research suggests that phenotypic hetero-
geneity serves as an adaptation to fluctuating environments18,19, it is 
not known how the genetic heterogeneity that results from copy-
number mutations impacts survival in fluctuating environments.

Here we investigate whether the intrinsic genetic instability 
of gene amplifications enables bacterial populations to tune gene 
expression in the absence of evolved regulatory systems. To test this 
idea experimentally, we devised a system of fluctuating environ-
mental selection that selects for the regulation of a model gene. In 
this fluctuating environment, we tracked, in real time, copy-number  
mutations in populations as well as single cells of E. coli. Using  
this system, we tested the ability of GDA to effectively tune levels 
of gene expression on ecological timescales when environmental 
perturbations occur at rates that are far too high for transcriptional 
gene regulation to emerge de novo.

Results
AMGET occurs in fluctuating environments. To test whether 
GDA can act as a form of gene regulation at the population level, we 
experimentally introduced environmental fluctuations, such that a 
given level of expression of a model gene is advantageous in one 
environment but detrimental in another environment. As the model 
gene, we used the dual-selection marker galK, which encodes galac-
tokinase. Expression of galK is necessary for growth on galactose, 
but is deleterious in the presence of its chemical analogue 2-deoxy-
d-galactose (DOG)20. Using galK with an arabinose-inducible pro-
moter, we mapped the relationship between the expression level of 
galK and growth in (1) galactose, which selects for high galK expres-
sion levels and which we refer to as the high-expression environ-
ment; and in (2) DOG, which selects for low galK expression and 
which we refer to as the low-expression environment (Fig. 1b). To 
establish a strong selective trade-off between high and low expres-
sion, we used 0.1% galactose for the high-expression environment 
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and 0.0001% DOG for the low-expression environment in all  
of the experiments.

We then constructed a reporter-gene cassette on the basis of a 
previously described construct21 to monitor expression and copy-
number changes of galK (Fig. 1c). In this construct, galK is not 
expressed from a promoter but harbours p0, which is a randomized 
188 bp nucleotide sequence that matches the average GC content of 
E. coli21. This enabled us to select for increased expression of galK. 
The reporter cassette harbours two fluorophores that enabled us 
to distinguish between the two principal mechanisms of increas-
ing galK expression in evolving populations—promoter mutations 
and copy-number mutations (Fig. 1c). The promoterless galK gene 
was transcriptionally fused to a yellow fluorescence protein (yfp) 
gene, which reports on galK expression. Directly downstream,  
but separated by a strong terminator sequence, an independently 

transcribed cyan fluorescence protein (cfp) gene provides an estimate 
of the copy number of the whole cassette (Supplementary Fig. 1a).  
We inserted this cassette into the bacterial chromosome, close to 
the origin of replication (oriC)—a location with an intermediate 
tendency for GDA21. However, our results hold for a second locus, 
which is flanked by two identical insertion sequence elements and 
has a much higher tendency for GDA21 (Supplementary Fig. 4).

The ancestral strain carrying the promoterless galK construct 
does not visibly grow in the high-expression environment. After one 
week of cultivation at 37 °C, mutants with increased galK expres-
sion appeared (Supplementary Fig. 1b). We randomly selected one  
evolved clone with increased CFP fluorescence (the amplified strain)  
and analysed it in detail (see Methods) to confirm its amplifica-
tion. This amplified strain was then used for further experiments in  
alternating environments (Fig. 2a–c).
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Fig. 1 | An experimental system for monitoring gene copy number under fluctuating selection in real time. a, Schematic of GDA. Genomic loci duplicate 
at rate kdup = 10−6–10−2 per cell per generation. The two gene copies oriented in tandem provide long stretches of identical sequence enabling homologous 
recombination at rate krec = 10−4–10−1 per cell per generation with recA-dependent unequal crossover leading to further duplication (amplification) or 
deletion. The grey shading of cells shows the amount of gene product generated—increases in copy number result in increased gene expression.  
b, Schematic of the chromosomal cassette used. Expression of the selection marker galK is driven by an arabinose-inducible promoter (para). Bottom, 
growth (as measured by end-point measurements of optical density at 600 nm (OD600)) in a two-dimensional gradient of arabinose with galactose  
(high-expression environment) or DOG (low-expression environment). The black boxes indicate concentrations of 0.1% galactose and 0.0001% DOG, 
which result in a strong selective trade-off between high and low expression and were used for further experiments. c, Schematic of the galK reporter 
cassette (p0 indicates the random sequence/non-promoter, pR indicates the strong constitutive lambda promoter and the hairpins indicate terminator 
sequences downstream of yfp and cfp) and genetic changes of strains evolved in the high-expression environment with resulting phenotypes on 
MacConkey galactose agar. Both evolved strains show increased galK-yfp expression compared with the ancestral strain (YFP) and the ability to grow on 
galactose (bright field (BF) image, white versus pink colonies). The amplified strain shows increased CFP fluorescence (CFP) compared with the ancestral 
and the constitutive strain, indicating an increase in gene copy number.
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Fig. 2 | AMGeT occurs in fluctuating environments. a, Experimental design of alternating selection in 96-well plate batch cultures; a daily dilution of 1:133 
was performed. A minimal duration of 24 h per environmental condition (grey shading indicates high-expression environment; no shading indicates low-
expression environment) enabled us to measure OD600 and fluorescence in populations that reached stationary phase after dividing at least seven times 
after their last dilution. b, Alternating selection of 1 d–1 d (top), 2 d–1 d (middle) and 3 d–1 d (bottom) in high–low-expression environments, respectively. 
Normalized CFP fluorescence as a proxy for gene copy number of 60, 48 and 60 populations of the amplified strain. Data are mean values and error 
bars represent s.d. over all of the populations. c, Flow cytometry histograms (one out of six replicates from two independent experiments; see d for an 
overview of the full dataset) after the adaptation of an amplified bacterial population to low- and high-expression environments. The positive controls 
represent populations that were grown in the respective environment for 5 d. d, Fitness as a function of copy number in the two environments. Growth 
rates relative to those of maximally adapted populations (positive controls in c) as a proxy for fitness were calculated from the change in CFP fluorescence 
of the population over time (see Methods). M denotes the maximum copy number, which we estimate is approximately 10 (bulk measurements of M 
are provided in Supplementary Figs. 1a and 2a, and single-cell-based measurements are provided in Supplementary Fig. 5b). Note that the results do not 
depend on the precise value of M. Data are mean values and error bars represent the s.d. of six replicates from two independent experiments.
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For all three alternating regimes, which change on a daily times-
cale, the mean CFP levels of 60 replicate populations of the ampli-
fied strain tracked the environments for the full duration of the 
experiments. The adaptive change in galK copy number (Fig. 2b) 
occurred within the imposed ecological timescale, rapidly enough 
to maintain population growth given the daily dilution bottle-
neck under all three alternating selection regimes (Supplementary  
Fig. 3a). We confirmed the observed changes in copy number using 
whole-genome sequencing (Supplementary Fig 2b). To understand 
these population-level observations, we monitored changes in 
the expression of galK and cfp at the single-cell level for two con-
secutive environmental switches (Fig. 2c). Expression of galK-yfp 
(Supplementary Fig. 3b) was tightly correlated with the observed 
changes in gene copy number (Supplementary Fig. 3c), indicating 
that gene expression was effectively tuned by GDA. We refer to this 
phenomenon as AMGET.

AMGET depends on selection acting on a gene-copy-number 
polymorphism. The rapid population dynamics observed during  
environmental switches (Fig. 2c) might simply be explained by selec-
tion acting on gene copy numbers with different fitness (Fig. 2d;  
Supplementary Note). We therefore hypothesized that AMGET 
occurs due to the intrinsic genetic instability of gene amplifications, 
which continuously and rapidly generate copy-number polymor-
phisms that selection can act on. Re-streaking a single bacterial 
colony of the amplified strain resulted in colonies with different 
CFP levels, sometimes with sectors of different CFP expression  
levels within individual colonies (Fig. 3a), demonstrating the  
intrinsic genetic instability of the amplification. Importantly, 
this genetic instability is dependent on homologous recombina-
tion, as a ΔrecA derivative of the amplified strain failed to show 
a decrease in CFP fluorescence (and, therefore, copy number) in 
response to increasing concentrations of DOG (Supplementary  
Fig. 3d). Similarly, ΔrecA populations were unable to track fluc-
tuating environments, in contrast to their recA-wild-type counter-
parts (Supplementary Fig. 3e).

To determine the rate at which copy-number polymorphisms 
are generated in an amplified population, we followed individual 
bacteria over ~40 generations in a mother-machine microfluidics  
device22,23 and monitored their CFP levels. Mutations in copy  
number were clearly visible as changes in CFP fluorescence of the 
mother cell. In approximately 35% of cases, these changes were 
accompanied by a reciprocal fold change in fluorescence in the 
daughter cell (Fig. 3b, Supplementary Table 1), as expected due to 
unequal crossover24.

To quantify the combined rate of events of gain and loss in copy 
number by homologous recombination, we analysed the fluores-
cence time trace of 1,089 mother cells. We found that 55% of traces 
exhibited constant levels of CFP fluorescence (Fig. 3c, top), indi-
cating stable inheritance of copy number. In about 7% of traces, 
the constant level of CFP was interrupted by a sudden decrease or 
increase (Fig. 3c, middle). The corresponding fold changes in fluo-
rescence levels were consistent with gains or losses of entire copies 
of cfp. We estimated that the lower bound for the average number of 
copy-number mutations krec was 2.7 × 10−3 per cell per generation, 
by automatically selecting only clear stepwise transitions in fluores-
cence, which are indicative of single copy-number-mutation events 
(see Methods; Supplementary Fig. 5, Supplementary Table 1). 
Interestingly, 34% of all traces (Supplementary Fig. 5c) exhibit more 
complex behaviours (Fig. 3c, bottom) and cannot be explained in 
terms of single-step transitions.

Complex traces are expected to contain more than one dupli-
cation or deletion event, even under the expectation that copy-
number variations are independent events (Supplementary Fig. 5d).  
Furthermore, it is conceivable that copy-number mutations are not 
independent, that is, an increased probability exists for a second  

mutation after the first increase in copy number occurred. However, 
we cannot exclude the possibility that most of the complex traces 
are due to expression noise of one or both fluorophores, espe-
cially because CFP expression noise increases with copy number. 
Moreover, microfluidics experiments showed transient growth 
defects that were visible as filamentation (Supplementary Table 1).  
Given that the amplification includes the origin of replication 
(oriC), complex traces might result in part from replication issues. 
Transiently stalled replication forks could result in overproduction 
of CFP relative to mCherry, which is located at the phage attach-
ment site attP21, almost opposite on the E. coli chromosome. Thus, 
the use of only single clear stepwise transitions provides a very con-
servative lower bound for the rate of copy-number mutations.

AMGET requires continual generation of gene-copy-number 
polymorphisms. Because the mechanism that underlies AMGET 
is selection acting on copy-number polymorphism, we investigated 
whether it differs from selection acting on single-nucleotide poly-
morphisms (SNPs). To achieve this, we artificially created a poly-
morphic population comprising an equal ratio of two strains—the 
ancestral strain with no detectable galK-yfp expression and a strain 
with two SNPs in p0 (Fig. 1c) resulting in constitutive expression 
of galK (Fig. 4a). Importantly, this co-culture contained standing 
variation in galK expression; however, because it was not due to 
amplification, variation was not replenished at high rates. Although 
the co-culture population tracked short-term environmental fluc-
tuations in a similar manner to the amplified population (Fig. 4b), 
the long-term dynamics of the two populations were crucially  
different. Despite being grown from a single cell, the amplified 
population was able to respond to environmental change rapidly 
after being maintained in a constant high-expression environment 
for increasingly longer periods (Fig. 4c). By contrast, the co-culture  
population progressively lost the ability to respond to sudden  
environmental change (Fig. 4d). Although standing variation in 
the co-culture provided some ability for a population to adapt in 
the short term, it is replenished at only the rate of point mutations. 
Thus, this variation—as well as the ability to adapt—is depleted 
by prolonged selection as the genotype with higher fitness goes to  
fixation in the population.

AMGET is a general and robust mechanism. Our experimental 
results qualitatively showed that both gene-copy-number polymor-
phism as well as selection acting on gene copy number are neces-
sary for AMGET to occur. Using population-genetics theory, we 
developed a generic mathematical model to quantitatively predict 
the experimentally observed population dynamics (Fig. 2b). The 
model describes how gene copy number changes over time in a 
population that is under selection. Each copy number is treated as a 
distinct state, and these states differ with respect to growth rates in 
each of the two environments. Duplication and amplification events 
are the only source of transition between states. Importantly, all of  
the model parameters (the strength of selection and the rate at 
which the copy-number polymorphism is introduced; Fig.1a) were 
obtained from independent measurements (Supplementary Table 2).  
Thus, without specifically fitting any parameters, the generic model 
fully captured the experimentally observed dynamics of AMGET 
(Fig. 5a, Supplementary Fig. 6a). The good fit between model 
and experimental data meant that we were able to use the model 
to expand the understanding of the basic conditions under which 
AMGET can act as an efficient de facto mechanism of population-
level gene regulation.

Qualitatively, the model revealed that, for a population to 
respond at all to environmental change, two conditions must be 
met: (1) constant introduction of gene-copy-number variation 
(that is, non-zero duplication/recombination rate) and (2) selection 
acting on gene copy number. If either of these are not present, the 
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population is unable to maintain any long-term response to envi-
ronmental change.

To more quantitatively examine the environmental conditions 
under which a population can respond to environmental change 
through AMGET, we defined the response R as the maximum 
fold change in gene expression before and after an environmental 
change.

We used the model to expand the range of environmental dura-
tions beyond those tested in experiment. In periodic environments, 
we found a sharp switch-like transition from no response to full 
response for environments that switch typically on timescale of a 

day or longer (Fig. 5b). In stochastically fluctuating environments, 
the transition was more gradual (Fig. 5c), albeit no less effective. 
Furthermore, AMGET maintained its efficiency to tune gene 
expression in bacterial populations over order-of-magnitude varia-
tions in the rates of duplication and recombination, as well as for 
any fitness cost of expression (Supplementary Fig. 7).

AMGET tunes gene expression levels when transcription-factor- 
based schemes are hard to evolve or maintain. Canonical gene 
regulation is unlikely to evolve or be maintained when a popu-
lation is exposed to an almost constant environment that is  
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fluorescence of the control locus remains constant during the recombination event. Scale bars, 5 µm. c, Examples of single-cell time traces (kymographs 
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sporadically interrupted by a rare environmental perturbation3. We 
tested whether AMGET provides a generic mechanism of regu-
lating expression under such conditions by investigating the time 
that a population that is fully adapted to one environment needs 

to respond to a step-like environmental change (Fig. 5b, heat map; 
Supplementary Fig. 6b). Our model results showed very rapid 
responses to step-like environmental changes on the order of 1–6 d for  
all of the biologically relevant parameter values of amplification 
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and duplication rates, as well as fitness cost of expression (Fig. 5d; 
Supplementary Fig. 6c–e). AMGET is also a viable mechanism 
for practically any population size, especially for typical bacterial 
population sizes, although its efficiency drops for small popula-
tions (Supplementary Fig. 6f). Thus, AMGET efficiently tunes gene 
expression levels across a wide range of environments in which 
transcription-factor-mediated regulation would take a prohibitively 
long time to evolve4,5.

Discussion
Biology often relies on messy solutions, be it due to physical limita-
tions or because evolution proceeds by opportunistic tinkering25,26. 

For organisms that live in constantly fluctuating environments, even 
the crudest form of gene regulation27 or gene expression hetero-
geneity28 increases fitness compared with not having any regulation 
at all. Here we showed that the intrinsic instability of gene amplifi-
cations rapidly tunes levels of gene expression when gene regula-
tion is required but when no other molecular regulatory mechanism  
is in place.

Although AMGET resembles canonical gene regulation when 
populations are observed as a whole (Fig. 2b), AMGET does not 
allow all single cells to change their gene expression concurrently. 
Instead, only a fraction of the population grows after the environ-
ment changes (Table 1). Thus, AMGET may effectively function by 
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Fig. 5 | AMGeT is a robust strategy for tuning population-level gene expression across a range of environments. a, Comparison of model predictions 
(with all of the parameters derived from independent calibration experiments; see Methods) and experimental data for three different environmental 
durations. Pearson correlation between data and model: 0.72 (top), 0.92 (middle) and 0.87 (bottom). Details about parameter sensitivity are provided in 
Supplementary Fig. 6a. Data are mean values and error bars represent s.d. over 60 (top), 48 (middle) and 60 (bottom) bacterial populations. b,c, Example 
of a gene expression time trace for deterministic (b) and stochastic (c) environment durations (top). Bottom, the response R (maximum expression 
fold change before and after the environmental change), shown in colour, as a function of the two environment durations. The red crosses (from left to 
right) in b indicate environments shown in a (from top to bottom). The gradual increase in response in c occurred due to averaging across responses, 
which are deterministic for each individual environmental transition (c, top). d, Variation in response time when uniformly sampling sets of parameters 
(black circles) in the range of 10−4–5 × 10−2, 10−5–10−3 and 0.1–1 for recombination rate, duplication rate and fitness costs of expression, respectively 
(Supplementary Fig. 6c–e). The median (red line) and the 25th and 75th percentiles (blue box) are indicated. For all of the plots, when not varied, we use 
recombination and duplication rates krec

0 = 1.34 × 10−2 and kdup = 10−4, respectively. For all of the rates, units are per cell per generation. In our setup, the 
one-day timescale is equivalent to between 10 and 23 generations (the lower and upper bound, respectively; the bounds are estimated from the minimum 
and maximum growth rate of the least- and best-adapted copy-number types; Fig. 2d, Supplementary Table 2).
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allowing bacterial populations to ‘hedge their bets’ for expression 
levels that could be required in a future environment. In contrast to 
traditional descriptions of bet hedging, in which genetically identi-
cal individuals show variability in their phenotypic states19, AMGET 
populations differ in their genotype due to the intrinsic instability 
of gene amplifications and, therefore, pass on the adaptive state with 
high probability. Moreover, bet hedging is typically characterized 
by switching between a small number of alternative phenotypic 
states19; by contrast, in an amplified locus, expression can adopt a 
graded response due to a wide range of copy numbers.

Because AMGET enables rapid dynamics and, at the same time, 
graded responses, it can be thought of as a form of primitive gene 
expression regulation at the population level29. Mechanistically, 
AMGET bears no resemblance to canonical gene regulation, in 
which sensory machinery alters gene expression in the course of 
a single generation. However, despite the mechanistic differences, 
AMGET operates on a timescale of days that is therefore more simi-
lar to the timescale of canonical gene regulation compared with the 
process of transcriptional rewiring by point mutations, which occur 
several orders of magnitude less frequently (Table 1).

AMGET may be one of several mechanisms by which popula-
tions can make use of variation in expression levels to rapidly adapt 
to environmental changes. Although point mutations occur at lower 
rates, regulatory rewiring can be surprisingly fast30, especially when 
there is pre-existing variation in the precise architecture of regula-
tory networks. Moreover, noise propagation within gene regulatory 
networks can create an abundance of different expression levels that 
are—in principle—tunable by selection28. However, as the results 
of our co-culture experiment show (Fig. 4), pre-existing variation 
can be easily depleted from a population if under strong selection. 
Although it was previously shown that variation can be maintained 
in the form of multiple plasmid copies31, our results highlight that 
multiple copies of a genomic region actively regenerate heteroge-
neity due to the high recombination rate. Owing to this property, 
AMGET provides a means of tuning expression to rare environ-
mental fluctuations, in which canonical gene regulation cannot 
evolve or be maintained3.

AMGET is fast in bacteria because their generation times are 
short and their population sizes are usually large. However, our 
model results show that AMGET is applicable, in principle, to any 
other organism, but would take much longer time in relatively small 
populations (Supplementary Fig. 6f). A compelling example for the 
upregulation of a gene on relatively short evolutionary timescales is 

that of the salivary amylase in humans—the variation in the copy 
numbers of AMY1 is correlated with the dietary starch content of 
human populations32.

Because any genomic region can be potentially amplified, 
AMGET can act on essentially any bacterial gene, providing regula-
tion when the promoter is lacking altogether or when the existing 
promoter is not adequately regulated33,34. For example, horizontally 
transferred genes tend to be poorly regulated, as their integration 
into endogenous gene regulatory networks can take millions of 
years35,36. At the same time, they are enriched for mobile genetic 
elements37,38, providing repetitive sequences for duplication by 
homologous recombination14,39. Indeed, genes with a recent history 
of horizontal transfer are often amplified40–42.

Similarly, gene amplifications can confer resistance to antibiotics 
and pesticides, but they are often accompanied by a fitness cost in 
the absence of the compound43. In fact, heteroresistance caused by 
copy-number polymorphisms is much more prevalent than previ-
ously thought and can lead to the failure of antibiotics treatment11. 
Repeated use of antibiotics or pesticides can therefore create alter-
nating selection regimes44 in which AMGET might play an impor-
tant, albeit previously overlooked, role in bacterial adaptation.

Despite their ubiquity, GDA has been underappreciated14,45. 
In principle, fixed amplifications can be easily detected in next-
generation sequencing data on the basis of an increase in cover-
age and mismatches that correspond to the duplication junctions 
(Supplementary Fig. 2; see Methods). However, duplications revert 
to the single copy state at high rate without leaving any traces in 
the genome (Supplementary Fig. 2a). This implies that populations 
have to be kept under selection before sequencing, a condition that 
may not typically be met, especially not for environmental isolates46. 
However, despite this challenge, there are many reports of cases in 
which amplified genes have been detected in the sequences of envi-
ronmental strains and were found to be associated with adaptation 
to environmental conditions33,40,47.

The notion that GDA “might be thought of as a rather crude 
regu latory mechanism”29 is more than 40 years old. However, to 
date, almost all experimental work has focused on the benefits of  
amplification in constant, stable environments and, therefore, 
selected for increased expression only16,48. Here we demonstrated 
the flexibility of GDA in rapidly altering gene expression levels of 
populations in response to a wide range of environmental fluctua-
tions. Thus, AMGET is an essential, and a critically underappreci-
ated, mechanism of bacterial survival.

Table 1 | Comparison of regulation, amplification, adaptation and bet-hedging strategies

Regulation Amplification Adaptation (rewiring 
through point mutations)

Bet-hedging strategies

Mechanism Hard-wired response  
of individual cells

Mutation Mutation Phenotypic differences between 
genetically identical cells

Rate of switching expression on 1 10−6–10−2 per cell per 
generation6–9

10−9 bp−1 per cell per 
generation59,60

More than 10−5 variants per  
total cells61

Rate of switching expression off 1 10−3–10−1 per cell per 
generation7,8

10−9 bp−1 per cell per 
generation59,60

Active sensing machinery required Yes No No No

Can substitute for regulation on 
ecological timescales

– Yes No Yes

Expression state genetically heritable No Yes Yes No

Tuning (allows graded expression) Typically not Yes Yes, but very long timescales Typically not

High reversibility (rate off > rate on) Yes Yes No Yes

Suitable for rare stresses No Yes Probably not, due to slow 
reversibility

Depends on cost and rate
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Methods
Construction of the bacterial strain background. Except where noted otherwise, 
all changes to the E. coli chromosome were introduced using pSIM6-mediated 
recombineering49. All of the recombinants were selected on either 25 µg ml−1 
kanamycin or 10 µg ml−1 chloramphenicol to ensure single-copy integration.  
All of the resistance markers introduced by recombineering were flipped by 
transforming plasmid pCP20 and streaking transformants onto LB medium at  
the non-permissive temperature of 37 °C (ref. 50). We used the strain MG1655 for 
all of the experiments, except for testing concentrations of galactose and DOG 
(Fig.1c). For that purpose, we placed galK under control of the pBAD promoter 
and used strain BW27784, which enables relatively linear induction of the pBAD 
promoter over a 1,000-fold range of arabinose concentration51. In both strain 
backgrounds, the genes galK, mglBAC and galP were altered to enable galactose 
and DOG selection.

Endogenous galK was deleted by P1-transduction of galK::kan from the  
Keio-collection52. The mglBAC operon was deleted to avoid selective import of 
galactose but not DOG53. To express galP for DOG to be imported in the absence 
of galactose, its endogenous promoter was replaced by constitutive promoter 
J23100 (ref. 54). For this, the fragment BBa_K292001 (available at the Registry of 
Biological Parts; http://parts.igem.org/Part:BBa_K292001) was cloned into pKD13 
(ref. 50) yielding plasmid pMS1 with FRT-kan-FRT upstream of J23100. The 
cassette FRT-kan-FRT-J23100 was used for recombineering.

Assembly of the chromosomal gene cassettes. The chromosomal reporter-gene 
cassette used for experimental evolution (p0-RBS-galK-RBS-yfp-pR-cfp; Fig. 1c) 
was assembled with plasmid pMS6* using standard cloning techniques. The 
plasmid pMS6* is based on plasmid pMS7, which contains the ‘evo-cassette’  
(p0-RBS-tetA-yfp-pR-cfp)21. To obtain pMS6*, we replaced the translational fusion 
of tetA-yfp on pMS7 with galK from MG1655 in a transcriptional fusion with  
yfp venus, which was originally derived from pZA21-yfp55. Moreover, XmaI and 
XhoI restriction sites were added directly upstream and downstream of p0 using 
two consecutive inverse PCRs.

The chromosomal gene cassette for testing concentrations of galactose and 
DOG (pBAD-galK; Fig. 1b) was assembled in the plasmid pIT07, which was 
obtained by cloning galK-yfp as well as a chloramphenicol resistance sequence 
flanked by FRT sites from pMS6* into pBAD24 (ref. 56). Gene cassettes were 
integrated into chromosomal loci 1 and 2 (which correspond to loci D and E in 
ref. 21) by recombineering49 and were checked by PCR-amplifying using flanking 
primers and then sequencing the full-length construct.

Strain modification for microfluidics experiments. The amplification of locus 
1 was moved from the evolved strain IT028-EE1-D8 to the ancestral background 
(IT028) by P1 transduction to isolate it from the effect of other potential mutations 
in the evolved background, including a sticky phenotype, which clogged the 
microfluidic devices. To obtain a single-copy control locus, pR-mCherry from our 
laboratory collection was introduced into the phage 21 attachment site (attP21) by 
P1-transduction22.

RecA deletion in amplified strain locus 1. RecA was deleted in the amplified 
strain by replacing it with the kanamycin cassette from pKD13 (ref. 50). To 
maintain the amplified state, recombinants were selected on M9 0.1% galactose 
medium supplemented with 25 µg ml−1 kanamycin and verified by sequencing 
(Supplementary Fig. 3d,e).

Culture conditions. All of the experiments were conducted in M9 medium 
supplemented with 2 mM MgSO4, 0.1 mM CaCl2 and different carbon sources 
(Sigma-Aldrich). For evolution experiments, 0.1% galactose (high-expression 
environment) or 1% glycerol combined with 0.0001% DOG (low-expression 
environment) was added as a carbon source. For microfluidics experiments, M9 
medium was supplemented with 0.2% glucose and 1% casein hydrolysate and 
0.01% Tween 20 (Sigma-Aldrich) was added as surfactant before filtering the 
medium (0.22 μm).

All of the bacterial cultures were grown at 37 °C. Growth and fluorescence 
measurements in liquid cultures were performed in clear flat-bottom 96-well  
plates using a BioTek H1 plate reader (BioTek).

Mapping the relationship between galK expression level and growth. For the 
two-dimensional gradients of arabinose and galactose or DOG (Fig. 1b), an 
overnight culture of the test-cassette strain was diluted 1:200 into 96-well plates 
containing 200 µl of M9 supplemented with carbon sources, DOG and the inducer 
arabinose, as indicated in Fig. 1b. The cultures were grown on the plate reader with 
continuous orbital shaking.

Evolution experiments. For all of the evolution experiments (experimental 
evolution of the amplified strains in the high-expression environment and 
alternating selection experiments), cultures were grown in 200 µl liquid medium 
in 96-well plates and shaken in a Titramax plate shaker (Heidolph; 750 r.p.m.). 
Populations were transferred to fresh plates using a VP407 pinner (V&P Scientific) 
resulting in a dilution of ~1:133.

Evolution of the amplified strains in the high-expression environment. To 
obtain the amplified strains of locus 1 and 2, an overnight culture inoculated from 
a single colony of the ancestral strain carrying the reporter-gene cassette in locus 
1 (IT028; Supplementary Figs. 1b–c) or 2 (IT030; Supplementary Fig. 4b) was 
started in LB medium. Cells were pelleted, washed twice and diluted 1:100 into M9 
0.1% galactose (locus 1) or M9 0.1% galactose supplemented with 0.1% casamino 
acids (locus 2). For locus 1, the timing of each dilution into fresh medium (~1:133) 
was chosen to maximize the number of rescued populations and to minimize the 
amount of time that grown populations spent in stationary phase. The transfers 
were performed on days 10, 13, 15, 17, 18 and 19 (Supplementary Fig. 1c). The first 
signs of growth were detected in several wells after only approximately one week of 
cultivation in minimal galactose medium (Supplementary Fig. 1b). The evolving 
populations were monitored by spotting them onto MacConkey galactose agar in 
128 × 86 mm omnitray plates before transfer. For locus 2, the evolving populations 
were transferred daily (~1:133, corresponding to seven generations) and spotted 
onto LB plates supplemented with 0.5% charcoal (Supplementary Fig. 4b) to 
improve fluorescence quantification. Colony fluorescence for all of the experiments 
was recorded using a custom-made macroscope set up (https://openwetware.org/
wiki/Macroscope)57. To isolate clones, evolved populations were streaked twice 
for purification onto LB agar and grown in M9 galactose medium before freezing. 
For both locus 1 and 2, all further experiments were started from the original 
freezer stock of the amplified strain. This was done for two practical reasons: (1) to 
save the time needed for duplications (and higher order amplifications) to evolve 
(1 week in M9 galactose medium was used for locus 1 and 1 d in M9 medium 
supplemented with casamino acids was used for locus 2) and, importantly,  
(2) to enable interpretation and reproducibility of the fluorescence data of the 
alternating selection experiments. As the reporter-gene cassette enables selecting 
for increased galK expression but not for amplification itself, it is necessary to 
screen mutants with increased galK expression for increased CFP fluorescence. 
During amplification the initial duplication step is rate-limiting and break 
points differ between evolving populations. We therefore limited ourselves to 
two amplified strains (locus 1 and 2), which we analysed in detail. Amplified 
populations were therefore started from single colonies, which were grown non-
selectively on LB (Lennox) agar by streaking the original freezer stock. Owing to 
the high rate of recombination, any given streak of the original amplified freezer 
stock contained colonies with a single copy of galK (Fig. 3a, right). To pick only 
amplified colonies, we examined CFP fluorescence using the macroscope.

We characterized evolved amplified strains by Sanger sequencing of the p0 
region, amplification junctions and the rho gene, which was found to be mutated  
in a previous study using the same locus21. For the strain amplified in locus 1 
(IT028-EE1-D8), increased galK expression was achieved by increased galK copy 
number as evident from increased CFP fluorescence (Fig. 1c), as well as through 
a missense mutation in the termination factor rho (S265A), enabling baseline 
expression via transcriptional read-through from the upstream rsmG into galK  
(ref. 21). The amplified region spans 16 kb from atpB at the left replicore over the 
origin of replication to rbsD into the right replicore.

For the strain amplified in locus 2 (IT030-EE11-D4), galK expression comes 
solely from the increase in copy number (no mutations in p0 were detected). In this 
case, inverse PCR and sequencing confirmed that two identical insertion sequence 
elements (IS1B and IS1C) form the junction of the amplified segment21. Whole-
genome sequencing of both amplified strains confirmed amplification junctions 
and the rho mutation detected with PCR and Sanger sequencing and revealed two 
additional single nucleotide changes in the amplified strain locus 1 (coaA, position 
4174770, C>T, resulting in R>H; wcaF, position 2128737, C>A, resulting in G>V).

Alternating selection experiments. For the experiments in Fig. 2b, a pre-culture 
of the amplified strain (IT028-EE1-D8) was grown overnight in M9 0.1% galactose, 
and was then inoculated 1:200 into the medium as indicated. For the experiment 
alternating between 2 d in the high-expression environment and 1 d in the low-
expression environment (Fig. 2b, middle), populations were first treated with a 
scheme of daily alternating selection for 6 d before switching to the 2 d–1 d scheme.

For the co-culture experiments (Fig. 4), a preculture of the amplified strain 
(IT028-EE1-D8) was grown overnight in M9 0.1% galactose. In parallel, the 
ancestral strain carrying a single silent copy of galK in locus 1 (IT028) and a strain 
constitutively expressing galK in locus 1 (IT028-H5r), were grown overnight in 
M9 1% glycerol and mixed at a ratio of 1:1. We labelled the ancestral strain by 
transduction of attP21::pR-mCherry (IT034). The constitutive strain was obtained 
by oligo-recombineering two-point mutations into p0 of the ancestral strain and 
selecting recombinants on M9 0.1% galactose agar. These two-point mutations 
(−29 A>T and −37 G>T) initially evolved in parallel to the amplified strain and 
resulted in a similar level of galK expression (Fig. 1c).

To quantify the relative abundance of the two strains in the co-culture,  
we calculated the expression ratio of the two strains, using an exchange rate 
between CFP and mCherry units from the ancestral strain expressing both 
fluorophores (IT034).

Whole-genome sequencing. We isolated gDNA from overnight cultures of single 
clones of (1) the ancestral strains (2) the amplified strains after initial selection in 
the high-expression environment (galactose) as well as (3) the amplified strains 
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after overnight selection in the low-expression environment (DOG), for locus 1 
and locus 2. In all cases, overnight cultures were inoculated from colonies grown 
non-selectively on LB agar. For the overnight culture, M9 1% glycerol was used for 
the ancestral and DOG-selected clones, whereas M9 0.1% galactose was used for 
the galactose-selected clones. A whole-genome library was prepared and sequenced 
by Microsynth AG using an Illumina NextSeq system (with a mean read length of 
75 bp). FASTQ files were assembled to the MG1655 genome (GenBank, U00096.3) 
using the Geneious alignment algorithm with the default options in Geneious 
Prime v.2019.2.1. SNPs were analysed using the variant finding tool of Geneious.

Flow cytometry. Three colonies of each the amplified strain and the constitutive 
control strain were inoculated into culture tubes with 2 ml M9 0.1% galactose 
(high-expression environment) and grown for 3 d with transfers every 24 h. This 
population was inoculated into M9 + 1% glycerol + 0.0001% DOG (low-expression 
environment). OD600 was monitored to ensure continuous exponential growth 
by regular dilutions. The samples for flow cytometry analysis were frozen at the 
indicated time points (Fig. 2c). After 24 h in the low-expression environment, 
the populations were transferred back to the high-expression environment, 
and dilution and sampling were performed in the same manner. In parallel, the 
positive controls were grown for 5 d in both selection environments with transfers 
occurring every 24 h. Fluorescence was measured using a BD FACSCanto II system 
(BD Biosciences) equipped with FACSDiva software. Fluorescence from the Pacific 
Blue channel (CFP) was collected through a 450/50 nm band-pass filter using a 
405 nm laser. Fluorescence of the FITC channel (YFP) was collected through a 
510/50 nm band-pass filter using a 488 nm laser. The bacterial population was 
gated on the FSC and SSC signal resulting in approximately 6,000 events analysed 
per sample out of 10,000 recorded events.

Microfluidics experiments. For the microfluidics experiments, a single colony  
of the amplified strain was picked and grown overnight in non-selective  
LB (Lennox) medium.

Microfluidics devices were prepared as described previously22. In brief, the 
devices had dimensions of 23 µm × 1.3 µm × 1.3 µm (l × w × h) for the growth 
channels with 5 µm spacing along a trench for growth medium. The devices 
were fabricated by curing degassed polydimethylsiloxane (Sylgard 184, 1:10 
catalyst:resin) inside epoxy replicate master moulds produced from primary wafer-
moulded devices. Microscopy was performed using an inverted Nikon Ti-Eclipse 
microscope and with a previously described set-up22. For each experiment, 
multiple positions of a single mother machine were imaged using a ×60/1.4 NA 
oil-immersion objective lens. To image constitutive mCherry, the green LED 
(549 ± 15 nm) was used at a light intensity of 670 µW using an exposure time of 
170–200 ms. To image CFP, the cyan LED (475 ± 28 nm) at a light intensity of 
270 µW using an exposure time of 90–100 ms.

Analysis of microfluidics data. The mother machine enabled us to trace mother 
cells for ~38 divisions and, therefore, follow the fate of arising copy-number 
mutations in the absence of selection. In three experiments, we analysed 336, 369 
and 384 mother cell lineages, respectively, equalling a total of approximately 40,000 
cell divisions (with a division time of 23.6 ± 1.5 min as determined by counting 
septation lines in growth channel kymographs).

Microfluidics data analysis were based on mother cell time traces (Fig. 4c). To 
this end, we used Fiji and ImageJ to create kymographs by laying a line through 
the middle of mother cells perpendicular to the growth channel using the built-in 
Multi-Kymograph tool with a pixel width of 9. Kymographs of CFP and mCherry 
were then analysed using MATLAB.

Determining which data to include. To minimize the influence of three unknown 
factors (maturation rate and bleaching of the two fluorophores, and the degree of 
bleedthrough between channels on the microfluidic chip), we were restrictive with 
the colonies that we included.

 1. We excluded all of the changes in fluorescence that occurred when the cells 
were dying. Only colonies (mother cell lineages) that continuously grew until 
the end of the experiment were included. Specifically, the last 10 frames of 
mean mCherry fluorescence of mother cells needed to exceed the background 
threshold (68%, 76% and 82% of total colonies were included for the three 
experiments, respectively).

 2. Some of the colonies exhibited a large variation in growth rate due to temporary 
slowdown and/or filamentation. In the kymographs, this was seen as a large 
variance in the constitutive mCherry channel. We excluded colonies with a vari-
ance of >1.5× the mCherry experiment-wide variance (therefore including 96%, 
96% and 96% of total colonies included for the three experiments, respectively).

 3. In some cases there was significant bleedthrough between adjacent colonies. 
To avoid double counting transitions, the colony that was less bright was 
removed from the dataset if two adjacent colonies had a correlation of  
0.6 or higher (99%, 98% and 98% of total colonies included for the three 
experiments, respectively).

For the identified colonies, the maximum fluorescence value per time point 
was extracted for both mCherry and CFP channels. These were plotted against 

each other and a rectangular area, which was bounded by a manually selected 
maximum and minimum for each channel, was chosen to include all except for 
extreme outliers (Supplementary Fig. 5a). Accordingly, 99% of data points were 
included in all three experiments.

Normalization. To correct for slow temporal drift in the signal of CFP and 
mCherry, a time average over all of the colonies was taken and a 7th degree 
polynomial was fitted. All of the time points were divided by the corresponding 
polynomial estimates.

Furthermore, mCherry fluorescence was flat-field corrected on the basis of the 
expectation that mCherry is roughly constant across all of the colonies. To achieve 
this, a line was fitted to the coordinate to obtain an estimate of the background of 
each location. The data were divided by the corresponding estimated value.

Probability density function. For the probability density function (PDF) in 
Supplementary Fig. 5b, we normalized for differential growth rate by dividing the 
CFP fluorescence by the constitutively expressed mCherry fluorescence. To reduce 
noise, a median filter (MATLAB function medfilt1) was applied to the ratio of  
CFP and mCherry over 20 data points.

To obtain an estimate of the PDF of the CFP/mCherry single-cell fluorescence, 
we used a kernel density estimation (MATLAB function ksdensity). To estimate  
a proxy for copy numbers, we found points at which the first and second  
derivative of the PDF was zero. These points were set as initial conditions for  
a pairwise fitting of peak mean and variance. All except for the first and the last 
peak had two estimates for mean and variance. For the mean, the average of 
the two was taken and the smaller value was chosen for the variance. To assign 
boundaries for states, the estimated variance was halved. For plotting, the height  
of each peak was set to match the peak height. No weight was fitted. The mean 
inter-peak distance for each PDF was used as a proxy of copy numbers for  
plotting in Fig. 4c.

Estimation of nS2R2 for classification of single-cell traces. We classified the single-
cell traces using a normalized R2, the proportion of variance explained, which we 
call nS2R2. In this adjustment, each element in both the residual and the total sum 
of squares is normalized by the predicted value:

nS2R2 ¼ 1� Snormres =Snormtotal where Snormres

¼
X

i
ðyi � fiÞ2=f 2i ; Snormres

X
i
ðyi � y0Þ2=f 2i

where yi, fi, and y0 represent measurements, fitted/predicted values and the mean 
of the measurements, respectively. This normalization takes into account that the 
intrinsic noise increases with expression and, therefore, penalizes it less. Next, 
the algorithm fits one constant to the start value and one constant to the end 
value of the CFP/mCherry trace and reports this estimation parameter (nS2R2). 
On the basis of this parameter, the algorithm classifies traces as shown in the 
pie charts of Supplementary Fig. 5c. Clear transitions exhibit an nS2R2 score of 
>0.5 and were verified visually, and the microfluidics videos were analysed in 
detail (Supplementary Table 1). The algorithm classified no-events (flat lines) 
if the nS2R2 score was between 0 and 0.5. Traces that could not be classified 
unambiguously as either a clear transition or a clear no-event, that is, with nS2R2 
below 0, were classified as complex traces. This occurs if the start and end of  
CFP/mCherry trace values are similar but vary significantly in between.

qPCR. For quantitative PCR (qPCR), DNA was isolated using the Wizard Genomic 
DNA purification kit (Promega) from 50 μl of frozen samples that were obtained 
from different time points (0 h, 8 h, 14 h, 20 h, 24 h, positive control in galactose 
after 120 h, positive control in DOG after 120 h) of one flow cytometry experiment 
and a single copy control strain, all grown for 4–5 generations in LB. To quantify 
fluorescence, the same cultures were patched onto LB agar supplemented with 
0.5% charcoal and imaged using the macroscope.

We performed qPCR using the Promega qPCR 2× Mastermix (Promega) and 
a C1000 instrument (Bio-Rad). To quantify the copy number of samples of an 
evolving population, we designed one primer within cfp (target) and used one 
primer within rbsB as a close reference, which lies outside the amplified region. We 
compared the ratios of the target and the reference loci to the ratio of the same two 
loci in the single copy control. Using dilution series of one of the genomic DNA 
extracts as template, we calculated that the efficiency of primer pairs was 89.01% 
and 92.57% for cfp and rbsB, respectively. We quantified the copy number of cfp 
in each sample using the Pfaffl method, which takes amplification efficiency into 
account58. qPCR was performed in three technical replicates.

Measurement of colony fluorescence. Colonies were grown without selection and 
imaged using the macroscope set-up.

To obtain mean colony CFP fluorescence intensity, a region of interest was 
determined using the ImageJ plugin ‘Analyze Particles’ (settings: 200px-infinity, 
0.5–1.0 roundness) to identify colonies on 16-bit images with the threshold 
adjusted according to the default value. The region of interest including all  
of the colonies was then used to measure intensity (Fig. 3a, Supplementary  
Figs. 1c and 4b).
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Mathematical model. A simple mathematical model recapitulates the change in galK 
copy number of the amplified population (Fig. 5a). Importantly, the parameters 
for the model were estimated purely from calibration measurements (growth rates, 
fitness in the two environments with respect to copy number (flow cytometry 
experiments), number of generations spent in each environment and recombination 
rate, krec) and the literature (kdup)14. Their values are listed in Supplementary Table 2. 
No parameter was fit to reproduce the measurements in Fig. 5a.

The model describes the time evolution of a population in which cells with 
different gene copy numbers are represented by distinct states. The duplication 
and amplification events are the only source of transition between states. The time 
evolution proceeds iteratively; discrete times represent synchronous cell divisions 
in the population. The size of subpopulation Nj of cells with gene copy number j at 
time t + 1 equals:

Nj t þ 1ð Þ ¼ 1� krecsj
� 

Nj tð Þ
zfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflffl{daughter 1

þ 1� krec � kdupδj;1
� 

sjNj tð Þ
zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{daughter 2

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
no duplication of amplification event

þ
XM

k¼2

krecPkjskNk tð Þ
|fflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflffl}

amplification event

þ kdups1N1 tð Þδj;2|fflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflffl}
duplication event

ð1Þ

where sj is the relative growth rate of the subpopulation with j gene copies in the 
given environment (Fig. 2d), δjk is a Kronecker delta that equals 1 if j = k and 0 
otherwise. The equation for single and double gene copy numbers (j = 1 or j = 2, 
respectively) has an additional term to reflect duplication events. As we assume 
that the rate of recombination per copy is constant, the overall recombination is 
proportional to the number of gene copies k; krec = k krec

0 (ref. 8). Pkj represents the 
transition probabilities given an amplification event and is computed as follows: 
assuming a homologous recombination between sister chromosomes occurs 
somewhere in the gene, we computed all of the possible combinations of how 
genes can be recombined to form a different number of gene copies between the 
two daughter cells. Pkj then represents the probability that, given a recombination 
event, a daughter cell obtains j gene copies with its mother having k of them before 
the event. For example, starting with three gene copies, there is a 22% probability 
to obtain four gene copies or 22% probability to have one copy in the daughter 
(Supplementary Fig. 6h). We have observed in microfluidics experiments that most 
(65%) copy-number changes happen only in the mother cell while the daughter cell 
remains unchanged. Thus, we do not model recombination as a reciprocal event.

On the basis of plate reader bulk experiments, observations indicated an upper 
limit for the copy number that a cell can have. In our model, a cell can therefore 
have up to M gene copies; if that number is exceeded, the cell stops dividing. This 
upper limit for gene copy number was confirmed in microfluidics and qPCR 
experiments, which indicated that the limit is between 6 and 12. Our single-cell 
analysis showed that M = 10 is a good estimate (according to number of states in 
the probability density function; see the ‘Analysis of the microfluidics data’ section; 
Supplementary Fig. 5b). However, the results of the mathematical model do not 
depend on the precise value within the measured range, as all of the results remain 
qualitatively the same for any value in the range of 6 to 12. Supplementary Fig. 6g 
shows that the relative growth rates, obtained from flow cytometry experiments, 
are independent of M.

Measurements of model parameters. T1 and T2 generations per day in 96-well 
plates. To model the alternating selection experiment (Fig. 5a), we needed 
to know the maximal growth rate of the amplified strain (IT028-EE1-D8) in 
the high- and low-expression environments, respectively. Because the exact 
details of cultivation (such as culture volume, shaking speed and temperature 
fluctuations) strongly affected growth rate, we were unable to measure growth 
curves while keeping cultures under the conditions of the original experiment. 
We therefore estimated growth rate indirectly without perturbing the experiment 
by determining the maximal number of generations possible in 24 h (number of 
generations = 24[h] × growth rate[1/h]/log2) from a dilution series experiment. 
Populations that were pre-adapted to the respective environment were grown 
to carrying capacity of the respective medium and diluted by a factor of 
approximately 2n (with n ranging between 7 and 28). We sought the maximal 
dilution that could still be compensated by growth (by requiring that the OD600 
reaches the OD600 of the stationary phase after 24 h of growth). All dilutions of 
equal to or less than 1:222 and 1:223 were able to reach stationary phase in the  
high- and low-expression environment, respectively, yielding model parameters 
T1 = 22 and T2 = 23 for the maximal possible number of generations. All model 
parameters are listed in Supplementary Table 2.

T10 and T20 generations per day in culture tubes. The parameters T10 and T20 
were necessary to obtain the fitness landscape in Fig. 2d (and the resulting relative 
growth rates sj). T10 and T20 generations per day were measured under the exact 
conditions of the flow cytometry experiment (Fig. 2c); the conditions were as 
follows: exponential growth in culture tubes with 2 ml of M9 with 0.1% galactose 
or M9 1% glycerol + 0.0001% DOG, respectively. We measured OD600 using a WPA 
Biowave spectrophotometer (Biochrom).

Determining the fitness landscape and relative growth rates sj. The relative growth 
rates for each genotype (copy-number state) in the high- and low-expression 
environments, respectively, were computed from flow cytometry time-series 
experiments assuming exponential growth with no duplication/amplification 
events (kdup = 0, krec = 0). This is a valid approximation provided that the two rates 
are small enough, such that the population structure consists of all copy-number 
types, that is, each subpopulation is much larger than the additional cells created by 
a single amplification or duplication event.

The flow cytometry measurements of the distribution of CFP expression at 
different times were split in M equal-width bins. The lowest and highest bins were 
set according to the equilibrium fluorescence distribution in DOG and galactose, 
respectively. For the lowest bin, we took the values of fluorescence of <85, 
whereas, for the high bin, we took the mode fluorescence values of the measured 
distributions, corresponding to >160 for the first and >245 for the second set 
of flow cytometry experiments. Each bin represents a given gene copy number. 
The distributions between different times were then compared using an iterative 
exponential growth model:

Nj t2ð Þ ¼ 1þ sj
� � t2�t1ð Þ=t1=2Nj t1ð Þ ð2Þ

where Nj is the population size with j gene copy number, t1/2 is the doubling time, 
t1 and t2 are two measurement times and sj represents the relative growth of cells 
with j gene copies. The population distributions for all of the time points were 
obtained from the flow cytometry data given the binning described above. Using 
this model, we obtained growth rates sj for each pair of consecutive distributions 
at times ti and ti + 1 as follows: given population distribution at time i, we predicted 
the new distribution given equation (2). We found such sj values that minimize the 
Euclidian difference between the predicted and observed population distribution 
at time i + 1. We repeated this for all of the pairs of consecutive distributions (at 
times ti and ti + 1) and different replicates to obtain a set of solutions for sj. Using 
this approach, we acquired only relative growth rates, which still allowed constants 
to be added to the growth rates. To address this, we added such constants to 
each growth rates to (1) minimize the χ2 of the differences between each growth 
rate solution and the mean of all of the solutions, which optimally removes the 
replicate-to-replicate variability (Fig. 2d, error bars) on the inferred relative growth 
rates but does not affect their mean value; and (2) force the average growth rate of 
the adapted state to be 1 (that is, for j = 1 in low-expression environment and j = M 
is high-expression environment, sj = 1) by adding a term to the χ2 error function of 
the form (adapted state expression − 1)2. Fixing s to be 1 in a reference environment 
is a convention that mathematically will not affect any subsequent results.

The absolute maximal growth rates in the two environments were measured 
in populations grown in high- and low-expression environments for 120 h, 
respectively. These rates therefore represent the growth rates of populations with 
the highest and lowest possible copy numbers (Fig. 2c, positive controls). The 
estimated fitness values for both high-expression environment (sj

HEE) and low-
expression environment (sj

LEE) are provided in Supplementary Table 2.

Estimation of recombination rate krec from microfluidics data. We obtained a 
conservative estimate for the lower bound of the average number of copy-number 
mutations from single-step transitions in the pie charts (Supplementary Fig. 5c). 
Out of 72 mother-cell time traces that were classified as clear transition events, we 
verified 67 by performing detailed analysis of microscopy images (Supplementary 
Table 1). Accordingly, we calculated the lower bound for the mutation rate as 67 
events/1,089 lineages/22.7 generations yielding krec = 2.7 × 10−3 (±7.4 × 10−4) per cell 
per generation.

To estimate the mean recombination rate to be used in the model, two 
corrections have to be made: (1) as our model assumes that the recombination rate 
is proportional to the number of gene copies8, we had to take into account that cells 
with a higher initial gene copy number are more likely to undergo a recombination 
event; and (2) as our experimental setup only allowed us to see if there has been 
a change in gene copy numbers or not, we had to take into account that there are 
some recombination events that do not change the gene copy number.

To account for (1), we first computed the probability distribution that a given 
number of independent recombination events occur (Supplementary Fig. 5d): 
given the assumed independence of recombination events, the probability of 
observing a certain number of recombination events for a given cellular trace is 
approximately Poisson distributed, with the parameter being the expected number 
of events per microfluidic experiment duration (that is, the effective recombination 
rate × the number of generations). The total number of observed generations 
was: 37.7, 36.3 and 41.3 for the three microfluidics experiments, respectively. Our 
approach is an approximation, that is, it assumes a constant effective recombination 
rate for each trace throughout the experiment that can be violated if more than one 
recombination event occurs. For example, the first recombination event can change 
the gene copy number, which, in turn, changes the probability of subsequent 
recombination events occurring. Although it is, in principle, possible to take this 
into account, it substantially complicates the inference of the recombination rate 
from data and makes it strongly model dependent.

As per our model assumption, the effective recombination rate is equal to the 
initial number of gene copies × the basal recombination rate. We therefore used all 
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of the single-cell traces to estimate a starting gene copy distribution. To achieve 
this, we averaged the normalized fluorescence (as a proxy for the starting effective 
gene copy number; Fig. 3c) over the time points 60–150 min. We next computed a 
Poisson probability distribution of obtaining k events (k = 0, 1, …) in the time of the 
experiment for each individual trace, with the basal recombination rate multiplied 
with the starting gene copy number (Supplementary Fig. 5d). For example, if a 
single-cell trace started with 4 gene copies, the expected number of events per 
experiment would be 4 × the basal recombination rate × the number of generations. 
We next averaged over all of the computed Poisson probability distributions that 
were obtained from all of the single-cell traces. We effectively obtained a total 
probability distribution for seeing 0, 1 or more recombination events over all of the 
recorded single-cell traces, taking into account point (1).

Next, we consider point (2), taking into account the effect of recombination 
events that do not change the gene copy number. We know from the Pkj matrix 
that the probability of keeping the gene copy numbers is the reciprocal of the 
initial gene copy number. We therefore took into account all of the events 
that would be seen as zero or single events (but are not) and adjusted the 
probability distributions. For this, we defined two probability distributions: 
the distribution of observed events, pobserved, which we are trying to find, and 
the distribution of the actual number of events, pactual, which we computed as 
described above. For example, in the observed distribution that is compared 
with experimental data, we classified as single events all of the double events 
in which one of the recombination events leaves the copy number unchanged, 
all of the triple events in which two events keep the copy numbers unchanged 
and so on. The probability of observed events therefore also includes the actual 
probability from states with k > 0 in which recombination did not change the 
copy number: pobserved(k = 0) = pactual(k = 0) + ∑j pactual(j)/ε0

j, for all j > 0, where 
p(j) is the probability of having j recombination events and ε0 is the initial 
gene copy number in the given single-cell trace (estimated from experimental 
single-cell traces). The (1/ε0)j represents the probability of having j consecutive 
recombination events, all of which leave the gene copy number unchanged. 
Analogously, the observed probability for a single event (k = 1) to occur is: 
pobserved(k = 1) = pactual(k = 1) + ∑j (j − 1)pactual(j)/ε0

j − 1, for all j > 1. The prefactor 
(j − 1) comes from the number of different possibilities of having events that keep 
the gene copy number unchanged. For example, if there are three recombination 
events, there are three different ways in which there are two events where the gene 
copy number remains unchanged and one event in which it is changed.

After taking both corrections into account, we obtained a probability 
distribution of observing k recombination events (Supplementary Fig. 5d). The 
estimate of the basal recombination rate, krec

0, is based on the proportion of 
traces classified by our algorithm as no mutation events. We looked for such a 
recombination rate that best matched the number of no-events in the probability 
distribution (Supplementary Fig. 5c–d). We obtained krec

0 as 0.01434 per cell per 
generation, which is approximately 5× larger than the conservative lower bound.

Model comparison with experimental data. To compare the model with the 
experimental data (Fig. 5a), we simulated the full experimental protocol (the 
parameter values are provided in Supplementary Table 2):

 (1) We exposed a single-copy ancestral population to a week of the high-expres-
sion environment, driving the population structure close to equilibrium. 
This mimicked the evolution of the amplified strain in the high-expression 
environment such that both experimental and simulated populations started 
with the same degree of copy-number polymorphism.

 (2) The population spent 1 d in the low-expression environment (details on the 
procedure for each day are provided below).

 (3) For the experiment shown in Fig. 5a (top), the population was also exposed to 
three daily oscillations between the high- and low-expression environments.

 (4) The population was exposed to the environments indicated in Fig. 5a.
 (5) For every experiment, the bacterial culture was diluted by a factor of D = 133 

every day, therefore limiting growth. This growth limitation was enforced by 
multiplying all of the growth rates by g(c) = 1 − min(c/133.0))0.01 where c is the 
number of cells relative to the number of cells after each dilution. The expo-
nent 0.01 was chosen such that g(c) was smooth, but nearly a step function.

 (6) To compare the units of experimental and simulated data, we obtained a 
common reference point. We took this to be the expression value after one 
week in the high-expression environment, when the population has already 
equilibrated. We aligned these two points to have the same expression value. 
This value varies between different experiments.

The simulation of 1 d consisted of (parameter values are provided in 
Supplementary Table 2):

 (1) Given the recombination rate and number of states M, we computed the transi-
tion matrix Pkj (equation (1)) as follows: given k copy numbers, the probability 
of going from k to j < k copy numbers equals j/k2, while the probability of going 
from k to j ≥ k equals (2k − j)/k2 (ref. 8). Furthermore, we assumed that no tran-
sitions that increase copy numbers beyond M are allowed. We implemented 
this by setting all of the probabilities that go over M gene copies to zero.

 (2) Next, to update the current population structure following equation (1), we 
used the current population structure Nj, selection on the states (growth 

rates) in the given environment sj (Fig. 2d), transition matrix Pkj (probability 
of having j copies given k copies), the duplication and recombination rate 
(kdup and krec, respectively), and the dilution factor D. First, we computed the 
total population growth since the last dilution, that is, the ratio of population 
size of the current time point and the size after the last dilution. Second, we 
computed g(c) (taking into account the saturation of the population) and 
multiplied it by each of the selection values sj in equation (1). We then used 
these new values to compute Nj at the new time point.

 (3) Step 2 was repeated 23 or 22 times for the low- or high-expression environ-
ment, respectively. These numbers represent the number of cell divisions per 
day and were determined experimentally. Steps 2–3 represent time evolution 
of the population over the period of 1 d.

 (4) We diluted the population by a factor of D = 133.
 (5) We repeated steps 2–4 according to the environment that the population 

is exposed to on the new day (selection different between the two environ-
ments). With this step, we simulate different days, diluting after each (step 4).

 (6) For each time point, we computed expression as the average gene copy num-
ber: E = ∑jwj, where wj is the proportion of cells with j gene copies and sum is 
taken over all different gene copy numbers j.

 (7) At the end, we returned the population distribution and expression at each 
time point.

To simulate the stochastic environmental durations, we followed the same 
procedure as for the deterministic ones, except that the environment durations 
here were randomly drawn from an exponential distribution.

Finite-size population model. To compute the response times for a population of a 
finite size (Supplementary Fig. 6f), we used the Wright–Fisher model, where the 
population size is kept constant. The procedure was:

 (1) Given all of the parameters of the system and using the infinite size popula-
tion model (equation (1)), we obtained the equilibrium distribution of the 
population in the starting environment. We computed the equilibrium 
distribution of copy numbers in the infinite population size limit by comput-
ing the eigenvector corresponding to the largest eigenvalue of the transition 
matrix (obtained from the right-hand side of equation (1)), and obtained the 
starting finite population as a multinomial draw of N individuals from this 
equilibrium distribution.

 (2) After the environmental transition, we updated the distribution after each 
division. The new distribution was computed using equation (1).

 (3) We computed the new population as a multinomial draw of N individuals, 
randomly drawn from the new population distribution.

 (4) After each division, we computed the expression of the population.
 (5) We repeated steps 3–5 until response R = M/2 has been reached. The number 

of generations until this point represents the time to response. We define  
response as the ratio of mean copy numbers before and after the  
environmental switch.

Supplementary Fig. 6f shows the response time as the average over 100 replicate 
simulations of the algorithm above.

Quantification and statistical analysis. Statistical details of individual experiments, 
including the number of replicate experiments, mean values and s.d., are described 
in the figure legends and indicated in the figures.

For the t-test in Fig. 4c,d, we computed the response as the fold change between 
mean expression of days 1–15 in the high-expression environment and mean 
expression in the low-expression environment on day 16 for amplified populations 
(Fig. 4c). For the co-culture populations (Fig. 4d), we analogously computed 
the response as fold change between the mean constitutive strain abundance of 
days 1–15 in the high-expression environment and the mean constitutive strain 
abundance in the low-expression environment on day 16.

We used a two-sided t-test (Matlab function ttest2) to compute the P value 
(2.6 × 10−68) for the difference in mean response between the amplified (Fig. 4c) 
and co-culture populations (Fig. 4d).

To measure the linear dependence between the experimental data and model 
prediction in Fig. 5a, we computed the Pearson correlation coefficient using the 
inbuilt Matlab function corrcoef.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
Experimental data that support the findings of this study have been deposited in 
IST DataRep and are publicly available at https://doi.org/10.15479/AT:ISTA:7016.

Code availability
The scripts for our mathematical model and for the analysis of microfluidics  
time traces have been deposited in IST DataRep and are publicly available at 
https://research-explorer.app.ist.ac.at/record/7383.
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