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Abstract
Microorganisms adapt to frequent environmental changes through population diversification. Previous studies demonstrated
phenotypic diversity in a clonal population and its important effects on microbial ecology. However, the dynamic changes of
phenotypic composition have rarely been characterized. Also, cellular variations and environmental factors responsible for
phenotypic diversity remain poorly understood. Here, we studied phenotypic diversity driven by metabolic heterogeneity.
We characterized metabolic activities and growth kinetics of starved Escherichia coli cells subject to nutrient upshift at
single-cell resolution. We observed three subpopulations with distinct metabolic activities and growth phenotypes. One
subpopulation was metabolically active and immediately grew upon nutrient upshift. One subpopulation was metabolically
inactive and non-viable. The other subpopulation was metabolically partially active, and did not grow upon nutrient upshift.
The ratio of these subpopulations changed dynamically during starvation. A long-term observation of cells with partial
metabolic activities indicated that their metabolism was later spontaneously restored, leading to growth recovery. Further
investigations showed that oxidative stress can induce the emergence of a subpopulation with partial metabolic activities.
Our findings reveal the emergence of metabolic heterogeneity and associated dynamic changes in phenotypic composition.
In addition, the results shed new light on microbial dormancy, which has important implications in microbial ecology and
biomedicine.

Introduction

Microorganisms occupy virtually every niche on earth, most
of which are scarce in nutrients. The lifestyle of micro-
organisms can be well characterized by long periods of
nutrient deprivation intercepted by short periods of nutrient
excess [1]. Population diversification is an important
mechanism for populations to adapt to fluctuating envir-
onments [2, 3]; with diversity, there will likely be some
individuals that are well suited for a given environment.
Previous studies characterized how genetic composition in a

population changes slowly through mutations and becomes
diverse in environments where nutrients are limited and
fluctuate [4–11]. In recent years, it became clear that a
genetically identical population can also diversify pheno-
typically [12–23]. Phenotypic diversity can have significant
effects on ecological dynamics of populations and species
[24]; for example, it has a critical role in population survival
through catastrophic environmental changes [25], promot-
ing sustenance of microbial species [26, 27]. Because
phenotypic diversity does not involve genetic mutation, it is
expected to arise on short timescales, leading to dynamic
changes in phenotypic composition in a population. How-
ever, these temporal dynamics have rarely been quantified.
Furthermore, cellular variations responsible for phenotypic
diversity and environmental factors triggering such cellular
variations have not been well characterized.

Metabolism is a central process by which cells derive
components essential for basic cellular functions. Cell-to-
cell variation in metabolism, if it exists, could result in
phenotypic diversity. Recent studies of stochastic gene
expression are supportive of the intriguing possibility of
metabolic heterogeneity. For example, studies found that
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genetically identical cells in the same environment may
produce different amounts of metabolically relevant pro-
teins [28–31]. Recent computational work suggested that
such different protein expression could give rise to meta-
bolic heterogeneity in E. coli cells [32]. A network model
based on stochastic expression of lac enzymes in E. coli
cells showed how stochastic gene expression could affect
carbon metabolism [33]. Similarly, the direct measurements
of metabolites in carbon metabolism revealed the coupling
between metabolite pools and gene expression [34, 35].
Furthermore, a recent experimental study showed isogenic
Klebsiella oxytoca cells might exhibit different N2 fixation
rates, meaning different metabolic activities [36].

In this study, by examining starved E. coli cells subject
to nutrient upshift, we characterized the emergence of
metabolic heterogeneity and its effect on phenotypic com-
position in a population. Metabolism can be largely divided
into three processes: (i) bringing extracellular substrates into
the cytoplasm (substrate uptake), (ii) breaking down the
substrates into smaller units (catabolism), and (iii) con-
structing macromolecules from the small units (anabolism).
By visualizing accumulation/depletion of fluorescently
labeled substrates and production of fluorescent proteins in
individual cells, we characterized these three metabolic
processes at single-cell resolution. The results revealed that
there exists significant cell-to-cell heterogeneity in these
processes, and that this heterogeneity leads to diverse
growth phenotypes, including dormancy. Also, we found
that oxidative stress can induce metabolic heterogeneity and
diverse growth phenotypes.

Results

Cell-to-cell heterogeneity in metabolic activities and
growth phenotypes

In nature, microorganisms are often starved of carbon [1].
Numerous studies have reported that when environmental
microbial samples were plated on agar plates containing
rich nutrients (e.g., LB), many cells did not form colonies
[37, 38]. Known as “the great plate count anomaly”, this
observation is a long-standing enigma in microbial ecology,
largely because cellular states (e.g., metabolic states) of
those cells that failed to form colonies are unclear and under
intense debate [39–41]. When we performed a similar
plating assay using carbon-starved cultures under well-
controlled laboratory conditions, we made the same obser-
vation. We grew E. coli cells in minimal medium with
glucose and ammonium as the sole carbon and nitrogen
sources, and suspended them in medium without glucose
(starvation medium) at the OD600 of ~0.4; upon suspension,
cell growth stopped immediately (Supplementary Fig. 1). At

different times during carbon starvation, we took a 100 μl
aliquot of the culture, diluted it (by 103–6-fold), and plated it
on LB agar plates; this exposure to LB represents nutrient
upshift. As quantified in Fig. 1a, the number of colony-
forming units decreased over time. This decrease indicates
that with longer starvation, fewer cells resumed growth
upon nutrient upshift. Please see Methods section for details
and Supplementary Fig. 2 for a graphic illustration of our
experimental procedure.

We sought to examine how metabolic activities of cells
that grew were different from those that failed to grow. To
measure metabolic activities of individual cells, we adopted
the following approach, which was based on recent devel-
opments in single-cell-level fluorescence imaging [42, 43].
First, we determined which cells have positive substrate
uptake activity by monitoring the accumulation of fluores-
cently labeled substrates in the cytoplasm. Glucose is the
preferred carbon source for many microbes, including E.
coli. When glucose molecules become available extra-
cellularly, starved cells with positive substrate uptake
activity will transport and accumulate them in the cyto-
plasm. This accumulation can be visualized using the
fluorescently labeled glucose molecules, 2-N-7-nitrobenz-2-
oxa-1,3-diazol-4-yl amino-2-deoxyglucose (2NBDG),
which would result in strong fluorescence signals inside
cells [44–48]; see the solid green curve in the white region
in Fig. 1b (also, see Eq. (S2) for the expected functional
form). When we incubated starved cells with 10 µM of
2NBDG for various durations, we were able to detect
intracellular 2NBDG signals already with ~5 min incubation
(Supplementary Fig. 3A); therefore, in our experiments
below, to ensure the reliable detection of signals, we pre-
incubated cells with 2NBDG for ~25 min (see Supple-
mentary Fig. 3 caption for details). Conversely, cells with
no transport activity are expected to exhibit no 2NBDG
signals (Fig. 1b, dashed green line in the white region).

Active catabolism leads to the intracellular breakdown of
transported substrates into smaller units. Hence, we deter-
mined which cells are catabolically active by monitoring
decomposition of 2NBDG molecules. Previous molecular-
level studies have shown that after 2NBDG molecules are
transported into bacterial cells, active catabolism rapidly
decomposes these 2NBDG molecules into non-fluorescent
metabolites [47], while inactivation of catabolism abolishes
decomposition [44]. When 2NBDG molecules are present
in the environment, the intracellular 2NBDG concentration
will depend on both transport and catabolic activities; this
dependence is described by Eqs. (S1)–(S3) in Supplemen-
tary Note 1 and further discussed in Supplementary Fig. 3.
If 2NBDG molecules are abruptly removed from the
environment, due to the cessation of transport, intracellular
2NBDG concentration will decrease, as described by Eq.
(S4) in Supplementary Note 1 and discussed in

1200 E. Şimşek, M. Kim



Supplementary Fig. 3. Here, we are particularly interested in
knowing whether starved cells could readily catabolize
nutrients when these nutrients became available. Thus, if we
incubate starved cells with 2NBDG for 25 min (which
would result in strong intracellular 2NBDG signals as
observed in Supplementary Fig. 3) and suspend them in
2NBDG-free nutrient-rich medium, active catabolism
would lead to a rapid decrease in intracellular 2NBDG
signals (Fig. 1b, solid green curve in the shaded region).

Next, we determined protein anabolism by characterizing
de novo synthesis of fluorescent proteins. We employed a
strain in which the expression of green fluorescent protein
(GFP) or red fluorescent proteins (mCherry) was driven by
a synthetic promoter Ptet (the repressor of Ptet, TetR, is
constitutively expressed in this strain) [49]. An inducer of
the Ptet promoter, aTc, diffuses into cells rapidly [50],

activating protein expression. Cells with active anabolism
would synthesize fluorescent proteins, leading to an
increase in fluorescence intensity (Fig. 1b, solid red line in
the shaded region). With inactive anabolism, fluorescence
intensity would not increase (Fig. 1b, dashed red line). We
note that there exists a study that characterized protein
anabolism during starvation using a similar approach [51].
Conversely, we are interested in anabolism in cells after
nutrients become available. Thus, our study focuses on
protein anabolism after nutrient upshift (post-starvation).

Next, we show experimental data confirming these pre-
dicted patterns for metabolically active or inactive cells.
Following the procedure described above, we starved cells
of glucose for 2.3 h (at OD600 of 0.4), spread ~5 µl aliquot
on LB agarose plates (i.e., nutrient upshift), and monitored
~2500 cells using time-lapse microscopy in four
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independent experiments. 91.7 (±5.9)% of cells showed the
predicted pattern of active metabolism. First, when 2NBDG
molecules became available extracellularly during starva-
tion, these cells accumulated them intracellularly, exhibiting
strong 2NBDG signals; compare the solid green curve in
Fig. 1b and Supplementary Fig. 3A. When we subjected the
starved cells to nutrient upshift (i.e., LB medium containing
no 2NBDG), their 2NBDG signals decreased rapidly and

became undetectable within 20 min (Supplementary
Movie). In Fig. 1c, we quantified 2NBDG signals for a few
cells (open symbols), which again showed strong signals
before and an immediate decrease after nutrient upshift:
~100-fold decrease in 30 min. This rapid decrease cannot be
accounted for by dilution due to cell growth; even for cells
that are actively growing in LB medium (whose doubling
time is ~20 min), the dilution would lead to ~3-fold
decrease over 30 min. Rather, the rapid decrease in 2NBDG
signals indicates active 2NBDG degradation. This decrease
in 2NBDG signals upon nutrient upshift agreed with the
predicted pattern; compare Fig. 1c (open symbols) and
Fig. 1b (solid green curve in the shaded region), indicating
active substrate uptake and catabolism. The re-plot of
2NBDG signals in a semi-log scale indicates that this
decrease is exponential (Supplementary Fig. 4), as predicted
by Eq. (S4). Furthermore, the activation of protein pro-
duction (using aTc as described above) led to an increase in
fluorescence intensity (open symbols in Fig. 1d), agreeing
with the predicted pattern from active anabolism (solid red
line in the shaded region in Fig. 1b). All of these metabo-
lically active cells recovered their growth within 100 min
after nutrient upshift (see Supplementary Fig. 5 for the
distribution of growth recovery time), indicating that active
metabolism is associated with active cell growth.

We also observed cells showing the predicted patterns of
metabolic inactivity. These cells exhibited neither 2NBDG
uptake (compare dashed green line in Fig. 1b and crosses in
Fig. 1c) nor production of fluorescent proteins (compare
dashed red line in Fig. 1b and solid symbols in Fig. 1d).
None of these cells resumed growth after nutrient upshift.
These cells either had diffuse cell boundaries (i.e., loss of
refractivity) or were stained by propidium iodide (PI),
which are signs of the loss of viability. These cells were
described in greater details in Supplementary Fig. 6.

Our observation above was made using cells starved for
2.3 h. When we starved cells for different durations and
counted the number of metabolically active cells, we found
that their percentage decreased monotonically (blue squares
in Fig. 1a). Interestingly, this decrease was very similar to the
decrease in the number of colony-forming units obtained
from conventional plate assays above (compare red circles
and blue squares in Fig. 1a), further supporting that active
metabolism is a good indicator for a growth phenotype. The
percentage of metabolically inactive non-viable cells was
plotted in Supplementary Fig. 6B, which showed a mono-
tonic increase with longer starvation periods.

Emergence of dormant cells with partial metabolic
activities

In cultures starved longer, we observed the emergence of a
subpopulation with a unique metabolic state. Cells in this

Fig. 1 Metabolic activities and growth of cells upon nutrient upshift. a
We performed a conventional plate assay. E. coli cells were deprived of
carbon (glucose) at time zero. At various time points during starvation, a
fixed volume of the starved culture was taken, diluted appropriately, and
spread on LB agar plates; see Supplementary Methods for details. The
number of colonies was counted after 24 h of incubation, and colony-
forming unit (CFU)/ml was then determined. CFU/ml decreased over
time (red circles, left axis). We also plotted the percentage of
metabolically active cells in a population (blue squares, right axis); a
detailed description of the metabolically active cells is provided below,
in the caption to c, d. Note that the scales of the left and right axes have
the same fold change. CFU/ml and the percentage of metabolically
active cells decreased similarly over time. The error bars indicate one
standard deviation, which was obtained from at least two biological
replicates. b We determined (1) the substrate uptake activity by
intracellular accumulation of fluorescently labeled substrates, 2NBDG,
(2) the catabolic activity by intracellular depletion of 2NBDG upon
inhibition of its transport, and (3) the anabolic activity by de novo
synthesis of green fluorescent proteins (GFP) or red fluorescent proteins
(mCherry). When 2NBDG is available externally, metabolically active
cells would transport them, exhibiting strong intracellular 2NBDG
signals (solid green curve in the white region). Active catabolism rapidly
decomposes 2NBDG molecules into non-fluorescent metabolites [44,
47]. Therefore, intracellular 2NBDG concentration is determined by
both transport and catabolic activities, as described by Eq. (S1)–(S3) in
Supplementary Note 1. When 2NBDG is removed from a culture,
because 2NBDG uptake into cells would stop, intracellular 2NBDG
signals are expected to decrease in metabolically active cells (solid green
curve in the shaded region); see Eq. (S4) in Supplementary Note 1.
Also, these metabolically active cells are expected to express fluorescent
proteins, GFP or mCherry, when the expression is induced (solid red
line). Conversely, metabolically inactive cells are expected to exhibit
neither 2NBDG uptake (dashed green line) nor production of fluorescent
proteins (dashed red line). c, d We experimentally tested these expected
patterns. We starved E. coli cells of carbon (glucose) for 2.3 h and
subjected them to nutrient upshift; see text or Methods for details. We
then monitored ~2500 cells in four biological repeats. We observed
subpopulations with different metabolic activities. 91.7% (±5.9%, one
standard deviation from biological replicates) of cells exhibited the
pattern of active metabolism. These cells exhibited strong 2NBDG
signals before nutrient upshift, but the signals decreased rapidly upon
shift (Supplementary Movie). Typical changes in 2NBDG signals were
plotted in c (open symbols). In all of these cells, GFP intensity
increased, indicating de novo protein synthesis; see d (open symbols) for
typical changes in GFP intensity. GFP intensity typically reached its
saturation levels 3–4 h after nutrient upshift. We repeated this analysis
by starving a culture for different periods of time and monitoring ~1500
cells in two independent experiments (i.e., biological repeats). We
counted metabolically active cells and plotted their percentage in a (blue
squares). We also observed cells that exhibited the patterns of inactive
metabolism: neither 2NBDG uptake (crosses in c) nor production of
fluorescent proteins (solid symbols in d). The details of these
metabolically inactive cells were described in Supplementary Fig. 6. See
Supplementary Table 1 for the number of cells with different metabolic
activities
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subpopulation showed high 2NBDG intensity before
nutrient upshift and a rapid decrease in intensity after
upshift (open triangles in Fig. 2a), exhibiting the predicted
pattern of active substrate uptake and catabolism. However,
they did not produce fluorescent proteins. Thus, metaboli-
cally, they were partially active. Above, we described that
metabolically active cells resumed growth within 100 min
after nutrient upshift. In contrast, these partially active cells
did not resume growth in this time window; see Supple-
mentary Fig. 7 for an exemplary image sequence. They

exhibited clear cell boundaries and were not stained by PI,
suggesting that they were viable. Their percentage was
initially very low and peaked after ~2 days of starvation
(Fig. 2b).

We wondered whether these cells were dormant. Dor-
mancy refers to a reversible non-growth state [52], meaning
that dormant cells can later revert back to a growth state.
Thus, we wished to monitor these cells for longer periods of
time. However, the metabolically active cells that initiated
growth early multiplied exponentially and overwhelmed the
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upshift. Dormant cells did not
produce fluorescent proteins for
several hours or a day; see the
initial plateau in the fluorescence
intensity c. Fluorescence
intensity increased suddenly at
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spontaneous recovery of protein
anabolism. This recovery was
associated with growth
resumption d. Note that we used
ampicillin to avoid unrestricted
growth of metabolically active
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unusually long in the plot. Out
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microscope field of view within a few hours (Supplemen-
tary Fig. 8). Thus, a long-term observation of non-growing
cells with partial metabolic activities was challenging. To
overcome this issue, we used an antibiotic, ampicillin,
which selectively kills growing cells [53]. With ampicillin,
growing cells elongate without dividing and eventually lyse
[54]. Hence, the unrestricted exponential growth described
above can be avoided. Our control experiments with and
without ampicillin indicated no significant effects of ampi-
cillin on our findings of metabolic activities (Supplementary
Note 2). A long-term observation of the non-growing cells
with partial metabolic activities showed no production of
fluorescent proteins in them for several hours or a day after
nutrient upshift; see the initial plateau in Fig. 2c. However,
at later times, protein productions suddenly began (Fig. 2c),
indicating spontaneous recovery of anabolic activities. This
recovery was accompanied by growth resumption (Fig. 2d).
Therefore, these metabolically partially active cells were
dormant cells, and they were capable of reverting to a
growth state through metabolic recovery. These data show a
unique metabolic state associated with dormancy. Also,
they reveal metabolic heterogeneity underlying hetero-
geneous growth phenotypes.

Taken together, our observations above indicate that a
viable population can be divided into a metabolically active
subpopulation and a partially active subpopulation. We
determined the relative size of the latter subpopulation using
the percentage of each subpopulation reported in Figs. 1a
and 2b. The fraction of cells with partial metabolic activities
was initially negligible, but increased with longer periods of
starvation (Fig. 3a), revealing a dynamic change in pheno-
typic composition with starvation.

Oxidative stress induces the emergence of dormant
cells with partial metabolic activities

Starvation induces complex physiological responses in cells
[1], and thus, the mechanistic determination of how star-
vation results in the emergence of a subpopulation with
partial metabolic activities is a challenging task. However,
the observation that the duration of starvation has significant
effects on the size of this subpopulation may guide us to
identify innate factors involved in the emergence of this
subpopulation. Importantly, the results described above
showed that these factors must lead to the loss of anabolic
activity, but not substrate uptake and catabolic activities.
Furthermore, this loss must be transient and its recovery
lead to growth resumption. We next sought to find a
potential factor that satisfies these specific requirements.

Oxidative stress is a universal stress that most aerobic
organisms experience to varying degrees. Previous studies
have shown that prolonged starvation inflicts oxidative
stress to bacterial cells, and the stress leads to failure of cells

to form visible colonies on nutrient-rich agar plates after
overnight incubation [55–58]. These studies assumed that
the failure to form visible colonies is due to viability loss.
However, our observation above showed that prolonged
starvation leads to the emergence of dormant cells, which
can spontaneously resume growth at later times; thus they
are unlikely to form visible colonies after overnight incu-
bation. On the basis of these results, we wondered whether
oxidative stress could cause the emergence of dormant cells
through transient inactivation of anabolism, meaning it
could be a potential factor that satisfies the specific
requirements put forth above. Below, we present the data
supporting this argument.

To test the effect of oxidative stress, we generated a
strain prone to oxidative stress, and characterized its
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metabolic activities and growth resumption kinetics. The
sodA and sodB genes in E. coli encode superoxide dis-
mutases, enzymes that detoxify superoxide [59–62]. Dele-
tion of these genes disables key defense mechanisms, and
renders cells prone to oxidative stress, thereby amplifying
the effect of oxidative stress; we refer to this double deletion
mutant as the oxidative-stress-prone strain. As discussed
above, starvation inflicts oxidative stress to cells [55–58]. In
the case of wild-type (WT) cells, as previously described,
we had to starve cells for ~2 days to see a noticeable
increase in the number of cells with partial metabolic
activities (Figs. 2b and 3a). However, in the oxidative-
stress-prone strain, a shorter period of starvation was
expected to be sufficient. Thus, we starved a stress-prone
population of carbon for 8 h and then spread them on LB
agarose plates. We indeed observed many dormant cells
with partial metabolic activities. These cells exhibited
strong 2NBDG signals and a rapid decrease in signals upon
nutrient upshift (Fig. 2a), but did not produce fluorescent
proteins (Supplementary Fig. 9A). Thus, these cells are
metabolically partially active. Importantly, these cells began
protein production spontaneously at later times (several
hours or a day after nutrient upshift), and this production
was accompanied by growth recovery (Supplementary
Fig. 9B). Therefore, these cells with partial metabolic
activities were dormant cells and could revert to a growth
state.

To demonstrate the abundance of such dormant cells in
the stress-prone population, we plotted the distribution of
time points at which cells resumed growth, i.e., lag-time
distribution (blue in Fig. 3b); as a control, we plotted the
lag-time distribution for the WT population subjected to the
same condition (red in Fig. 3b). The stress-prone cells
exhibited a much wider distribution than WT cells; its tail
stretched significantly farther, showing an increase in the
fraction of dormant cells (see Supplementary Fig. 13 for
further discussion). We quantified this tail by determining
what fraction of cells in a population have the lag time
>100 min. The fraction was more than 10-fold higher in
the stress-prone population (63.6± 16.2%) compared to the
WT population (4.6 ± 4.6 %); the error represents one
standard deviation from two biological replicates. Next, we
performed another experiment in which we exogenously
induced oxidative stress in WT cells by using H2O2. As
shown in Supplementary Fig. 10, the fraction of cells with
the lag time >100 min increased markedly with H2O2

treatment, consistent with our finding above for the stress-
prone strain.

We further probed the effects of oxidative stress using a
conventional colony formation assay. We starved oxidative-
stress-prone cells and WT cells for 8 h, plated them, and
recorded the time at which individual colonies became
visible to the naked eye. Then, we compared their time

distributions of the colony formation. The distribution for
the WT cells was narrow (Fig. 4, red columns), showing
that all WT cells formed visible colonies within ~12 h after
plating. The distribution for the oxidative-stress-prone cells
was much wider, with its tail stretching to ~ 50 h (Fig. 4,
blue columns); this means that some cells formed visible
colonies ~50 h after plating. This long tail in the time dis-
tribution agrees with our single-cell-level data above. Col-
lectively, these data reveal that oxidative stress leads to the
emergence of dormant cells through transient inactivation of
anabolism.

Discussion

Population diversification is a critical adaptation mechanism
to changing environments [2, 3]. Previous studies of genetic
diversity extensively characterized how genetic composi-
tion in a population changes slowly. In this study, we
characterized the metabolic heterogeneity and its effect on
phenotypic diversity in a clonal population. The results
revealed the dynamic changes in phenotypic composition in
a clonal population, cellular variations driving such changes
(metabolic heterogeneity), and a factor triggering such
cellular variations (oxidative stress).

Importantly, our findings provide a fresh metabolic per-
spective of dormancy. Dormant bacteria are common in
nature, having significant ecological consequences [52].
However, our understanding of dormancy remains limited.
For example, although it has been generally assumed that
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dormant cells are metabolically inactive [63], their meta-
bolism has not been characterized. Our study reveals a
metabolic state of dormant cells; dormant cells are meta-
bolically partially active, exhibiting active substrate uptake
and catabolism but inactive anabolism. This understanding
sheds new light on their maintenance of viability. Dormant
cells are ecologically important because they can remain
viable for long. For example, due to this property, they can
contribute to recovery of a microbial population after dis-
turbance [25, 27]. However, bacteria, just to stay viable,
must take up and catabolize nutrients. This “maintenance
requirement” arises due to the fact that it takes substrates
and energy to repair chemical wear and tear of cellular
materials, maintain the membrane potential, and fulfill other
non-growth-related functions [64, 65]. Previously, with the
assumption of inactive metabolism, it was not clear how
dormant cells could meet this maintenance requirement.
Yet, our findings of active substrate uptake and catabolism
in dormant cells suggest how this maintenance requirement
could be satisfied. Also, our results showed that oxidative
stress induces dormancy. Oxidative stress is a common
stress that most aerobic microbes experience in nature, and
thus could contribute to the common occurrence of
dormancy.

Oxidative stress induces complex cellular responses in
cells, and studies have extensively characterized how oxi-
dative stress leads to changes in gene expression [60, 66,
67]. For example, one study showed that oxidative stress
increases the expression of the efflux pump AcrAB, and the
increased expression leads to extrusion of toxic compounds,
resulting in better survival of cells [68]. Another study
showed that oxidative stress activates OxyR and phage-
shock responses, enhancing bacterial survival in stress
conditions [69]. Our findings reveal that oxidative stress
also has significant effects on metabolic activities and
thereby on phenotypic states of cells.

Our findings raise a concern about the colony formation
assay, one of the most frequently performed techniques in
microbial research. In this assay, microbial samples are
spread on a nutrient-rich agar plate, and then the number of
viable colonies formed after overnight incubation is counted
to determine the number of viable cells in the original
samples. This assay is routinely used to determine microbial
soil contamination or the presence of pathogens in drinking
water. Studies of microbial dynamics critically rely on this
assay as well. Our finding showed how cells with partial
metabolic activities are viable but fail to grow in nutrient-
rich conditions. In fact, when environmental microbial
samples are plated on agar plates containing rich nutrients
(e.g., LB), many cells fail to grow to form colonies, a long-
standing problem known as “great plate count anomaly” [37,
38]. Our findings provide a fresh metabolic perspective on

this problem and also prompt a cautious interpretation of
assay results.

Lastly, we want to emphasize that phenotypic diversity
can have significant effects on evolutionary dynamics and
vice versa. For example, recent studies of experimental
evolution showed that phenotypic diversity may evolve
under fluctuating selection [70] and further accelerates
evolutionary adaptation to various other environmental
challenges [71, 72]. Therefore, our findings would be useful
for understanding the evolution of microbes in nutrient-
limiting conditions, e.g., emergence of mutants expressing
the growth advantage in stationary phase (GASP) during
long-term starvation conditions [5, 11].

Methods

Strain and culture

The strains used in this study are derived from E. coli
K12 strain NCM3722 [73–75]; see the Supplementary
Table 2 for the strains used. We cultured cells in N-C-
minimal media [76], supplemented with 20 mM glucose
(the sole carbon source) and 20 mM ammonium chloride
(the sole nitrogen source). We starved these cells of carbon
by suspending them in the same medium but without glu-
cose (starvation medium). At the times indicated, starved
cells were collected and plated on Luria–Bertani (LB) solid
medium for CFU assays (Supplementary Methods) or for
microscope experiments (see below); this exposure to LB
represents nutrient upshift. We further described the details
of strains and cultures in Supplementary Methods.

Microscope experiments

Our typical procedure for a microscope experiment is as
follows (also see Supplementary Fig. 2 for the graphic
illustration of the experimental procedure). At the times
indicated, 100 µl of a culture was collected and transferred
to a 1.5 ml Eppendorf tube. 2NBDG (Thermo-Fisher) was
added into this aliquot. We prepared a 2NBDG stock
solution by dissolving it in N-C-medium (stock concentra-
tion: 0.5 mM) and added it to the aliquot at a final con-
centration of 10 µM; this concentration of 2NBDG does not
support cell growth (Supplementary Fig. 11). In some cases
(Supplementary Fig. 6), to visualize dead cells, PI (Thermo-
Fisher) was added to the aliquot at a final concentration of
10 µM (its stock solution was prepared by dissolving it in
N-C-medium at a concentration of 2 mM). After incubation
for 25 min in the dark at 37°C, a 5–8 µl aliquot from this
sample was spread onto a pre-warmed 35 mm glass-bottom
Petri dish (InVitro Scientific). Then, the dish was moved
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into a pre-warmed (at 37°C) inverted microscope (Olympus
IX83). A pre-warmed (~1.6 cm2×1 mm) LB agarose pad
was gently placed on top (i.e., nutrient upshift). The
microscope has an automated mechanical XY stage and
auto-focus, and is controlled by MetaMorph software
(Molecular Devices). Furthermore, it is housed in a micro-
scope incubator (InVivo Scientific) which maintains the
temperature of samples at 37°C during experiments. An oil
immersion 60× objective was used to obtain phase-contrast
and fluorescence images of cells. FITC and TRITC filter
sets (Olympus) were used to collect fluorescence signals.
Images were captured using a Neo 5.5 sCMOS camera
(Andor). In some experiments, there were minor variations
in the procedure. These variations were described in
the Supplementary Methods.

Image analysis

Image analysis was performed using MicrobeJ [77], a freely
available plug-in for the ImageJ software [78]. This program
can automatically segment cell boundaries from phase-
contrast microscope images (“segmentation”) and measure
the cell length (“shape descriptors”). Also, it can measure
intracellular fluorescence intensities (“intensity”). To obtain a
lag-time distribution, we ran this program for time-lapse
images, obtained cell sizes at different times, and deter-
mined the time points at which cell sizes changed. We
confirmed these time points by re-examining them manu-
ally. In some cases, we simply had to determine how many
cells resumed growth within a certain time window (e.g.,
Supplementary Figs. 10 and 12). Then, we placed two
images, one at time zero (the first image taken after nutrient
upshift) and the other at the end of the time window, side by
side. We visually compared the sizes of cells in these two
images and determined which cells became larger.
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