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Transcription factor levels enable metabolic
diversification of single cells of environmental
bacteria
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Transcriptional noise is a necessary consequence of the molecular events that drive gene expression
in prokaryotes. However, some environmental microorganisms that inhabit polluted sites, for
example, the m-xylene degrading soil bacterium Pseudomonas putida mt-2 seem to have co-opted
evolutionarily such a noise for deploying a metabolic diversification strategy that allows a cautious
exploration of new chemical landscapes. We have examined this phenomenon under the light of
deterministic and stochastic models for activation of the main promoter of the master m-xylene
responsive promoter of the system (Pu) by its cognate transcriptional factor (XylR). These analyses
consider the role of co-factors for Pu activation and determinants of xylR mRNA translation.
The model traces the onset and eventual disappearance of the bimodal distribution of Pu activity
along time to the growth-phase dependent abundance of XylR itself, that is, very low in exponentially
growing cells and high in stationary. This tenet was validated by examining the behaviour of a Pu-GFP
fusion in a P. putida strain in which xylR expression was engineered under the control of an
IPTG-inducible system. This work shows how a relatively simple regulatory scenario (for example,
growth-phase dependent expression of a limiting transcription factor) originates a regime of
phenotypic diversity likely to be advantageous in competitive environmental settings.
The ISME Journal advance online publication, 4 December 2015; doi:10.1038/ismej.2015.193

Introduction
Noise in gene expression, or stochastic fluctuations
of the gene products (mRNAs and proteins) around
their average values, is an unavoidable source of
randomness and cell heterogeneity in isogenic cell
populations, both in prokaryotes (Taniguchi et al.,
2010) and eukaryotes (Newman et al., 2006).
Although extrinsic noise (fluctuations in cellular
components affecting many genes) is an important
source of cell-to-cell variability in eukaryotes
(Newman et al., 2006; Volfson et al., 2006), most of
the variability observed when gene products are in
low copies is attributable to the stochastic character
of the biochemical reactions (intrinsic noise;
Taniguchi et al., 2010). Especially in bacteria, many

mRNA, transcription factors or post-transcriptional
regulators such as small non-coding RNAs are
present at a few copies per cell, inducing large
fluctuations in protein abundance. But noise is not
always a nuisance that organisms must overcome to
deploy robust functions. Stochasticity may also have
a beneficial role by promoting phenotypic diversity
(Raser and O'Shea, 2005; Raj and van Oudenaarden,
2008) and cellular decision-making (Balazsi et al.,
2011). For instance, different microbial populations
exploit phenotypic variation to survive to adverse
changes in environmental conditions (Balaban et al.,
2004; Zimmermann et al., 2015), a strategy known as
bet-hedging (Ackermann, 2013, 2015; Grimbergen
et al., 2015). In one common scenario, different
phenotypes coexist within an isogenic population
in a given environment. These subpopulations are
usually sustained by the presence of simultaneous
stable expression states of specific genes, with
molecular noise driving transitions between them
(Maamar et al., 2007; Acar et al., 2008), a mechanism
known as stochastic switching. This mechanism can
favour adaptation to unpredictable environmental
changes (Kussell and Leibler, 2005; Acar et al.,
2008). In other cases, an initially homogeneous
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population shows phenotypic diversification after a
nutritional or physicochemical shift. This situation,
known as responsive diversification (Grimbergen
et al., 2015), has been recently observed as an
adaptation strategy to changes in metabolic conditions
(Kotte et al., 2014; New et al., 2014; Venturelli et al.,
2015). In this scenario, there is a transition from a
single gene expression state to two different stable
states driven by a change in substrate. In all these
cases, the presence of positive feedback is required to
generate and maintain the different expression states
(Acar et al., 2005; Maamar and Dubnau, 2005; Suel
et al., 2006; Veening et al., 2008; Kotte et al., 2014;
Gallie et al., 2015; Venturelli et al., 2015), while
molecular noise may enable phenotype switching. The
existence of two simultaneous expression states with-
out positive feedback is a much less-frequent phenom-
enon, and to the best of our knowledge has never been
observed in this context. We will use the term
'bimodality' to refer to the coexistence of two different
states, which does not necessarily implies stability of
both states (bistability). Bimodality without feedback,
that is, with a purely stochastic origin has been
predicted theoretically (Kaern et al., 2005; Ochab-
Marcinek and Tabaka, 2010). Also, it has been
reported in a few designed experimental set-ups due
to transcription bursts (Blake et al., 2006), noise in
transcription factors coupled to slow promoter kinetics
(Nevozhay et al., 2009) or external noise (Dublanche
et al., 2006). But whether or not it happens as a natural
mechanism of phenotypic diversification—metabolic
or otherwise remains unknown thus far.

We have recently examined the expression
dynamics of catabolic promoters involved in
biodegradation of m-xylene of the soil bacterium
Pseudomonas putida mt-2 (Silva-Rocha and de
Lorenzo, 2012). The metabolic and regulatory
circuit borne by plasmid pWW0 (that is, the
so-called TOL network) is responsible for the
stepwise degradation of the pathway substrate
through the action of two operons (upper and
lower, Figure 1). Single-cell analysis by flow
cytometry of fluorescent reporters from the differ-
ent promoters revealed a striking variability in cell-
to-cell expression levels. In particular, both the Pu
promoter of the upper pathway and the Ps promoter
that drives expression of xylS (Figure 1) showed
strong bimodal responses after exposure to m-
xylene. This is intriguing for various reasons: Pu
is triggered by activation of XylR, itself the product
of the Pr promoter that showed a unimodal
distribution of fluorescence levels (Silva-Rocha
and de Lorenzo, 2012). Moreover, there are no
positive-feedback interactions between this gene
and other regulatory elements of the network.
Second, this bimodal expression regime was
observed when cells actively growing on a different
C source (for example, succinate) were exposed to
TOL inducers. The same induction experiments
conducted with cells arrested in stationary phase
revealed only unimodal responses. Cells can thus

utilize their internal state to modulate population
heterogeneity when confronted with different
nutrient conditions, as a kind of metabolic versifi-
cation program.

In this work, we use a mathematical stochastic
model of the upper TOL subnetwork combined
with single-cell measurements of Pu-GFP activity
to elucidate the mechanism underlying such
behaviour. We show below that the strongly
variable (bimodal) responses of this catabolic
promoter after induction in exponential phase are
caused by the few molecules of XylR present in this
phase, which is kept at low levels by post-
transcriptional repression of the xylR mRNA. This
originates large fluctuations in this transcription
factor, which is required to activate the TOL
network response, inducing long-lasting random
episodes where the Pu promoter remains inactive.
This mechanism of phenotypic diversification adds
to the repertoire of genetic, regulatory and bio-
chemical devices through which bacteria cope with
nutritionally changing environments (Kotte et al.,
2014; Ackermann, 2015; Gallie et al., 2015).

Materials and methods
Strains, plasmids and growth conditions
Escherichia coli (E. coli) CC118λpir (de Lorenzo and
Timmis, 1994) was used as the host for the
plasmid constructs. E. coli HB101 (pRK600) was

Figure 1 Organization of the TOL network of the TOL plasmid
pWW0 of P. putida mt-2. The TOL pathway encoded by plasmid
pWW0 consists of two different operons: the upper operon, the
products of which transform m-xylene into 3-methylbenzoate, and
the lower operon that produces enzymes for further metabolism of
this compound into TCA cycle intermediates. XylR and XylS are the
transcriptional regulators that control expression of either operon.
The master regulatory gene xylR is encoded in a location adjacent to
the end of the meta operon and is expressed from the Pr promoter.
XylR is produced in an inactive form (Ri) that, in the presence of the
pathway substrate (m-xylene) changes to an active form (Ra).
Ra then activates both Pu and Ps, triggering expression of the upper
pathway and XylS, respectively. At the same time, Ra acts as
repressor of its transcription, thereby decreasing its own expression.
The part of the network under study is highlighted in colour, the rest
is faded. Operons and regulatory elements not to scale.
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employed as conjugative helper in four-parental
matings, as previously described (Choi et al., 2005;
de Las Heras and de Lorenzo, 2012). All E. coli
strains were grown at 37 °C in Luria Bertani (LB)
medium supplemented when required with gentami-
cin (Gm, 10 μgml−1), kanamycin (Km, 50 μgml−1),
cloramphenicol (Cm, 30 μgml−1), streptomycin
(Sm, 50 μgml−1) and ampicillin (Ap, 50 μgml−1).
P. putida Mmt-2-Pu (Silva-Rocha and de Lorenzo,
2012) was used as the reference for single-cell analysis
of Pu expression in native conditions. This strain
derives from the natural P. putida mt-2 isolate bearing
the TOL plasmid pWW0, but it has been engineered to
bear in its chromosome a transcriptional Pu-GFP
fusion (Silva-Rocha and de Lorenzo, 2012). P. putida
Mmt-2-Pu thus keeps all the regulatory components
of the TOL plasmid in its native configuration
and connectivity. A second reporter strain that
transcribes xylR in response to adding isopropyl
β-D-1-thiogalactopyranoside (IPTG) to the medium
was constructed as follows. First, a NotI DNA
segment bearing an expression construct lacIq/Ptrc
→ xylR was excised from plasmid pVTR-XylR
plasmid (Perez-Martin and de Lorenzo, 1996)
and cloned in the corresponding site of the
mini-Tn7-Gm delivery vector pTn7-M (Zoebel
et al., 2015), resulting in plasmid pIB. The thereby
assembled mini-Tn7 [L-Gm lacIq/Ptrc → xylR-R]
transposon was then delivered to the chromosome
of strain P. putida [Pu-GFP] (Garmendia et al., 2008)
as explained in (de Lorenzo et al., 1990;
Martínez-García et al., 2011; de Las Heras et al.,
2012). This target strain is a plasmid-less P. putida
KT2440 specimen bearing a chromosomal
Pu-GFP fusion inserted with a mini-Tn5 transposon
vector (de Lorenzo et al., 1990; Martínez-García
et al., 2011; de Las Heras et al., 2012). To verify
the correct insertion of mini-Tn7 [L-Gm lacIq/Ptrc
→ xylR-R] into the att locus of P. putida [Pu-GFP]
we selected some GmR clones amplified diagnostic
segments by PCR using primer combinations
5-Pput-glmS UP (5′AGTCAGAGTTACGGAATTGT
AGG3′) with 3-Tn7L (5′ATTAGCTTACGACGCTAC
ACCC3′) and 5-PpuglmS DOWN (5′TTACGTGG
CCG TGCTAAAGGG3′) with 3-Tn7R (5′CACAGC
ATA ACTGGACTGATTTC3′) and the products of
amplification having a size of 400 and 200bp,
respectively (Schweizer, 2001; Choi et al., 2005;
Choi and Schweizer, 2006). One of the clones with
the correct banding patterns was then named
P. putida KT-IB1 and employed as required. These
strains were grown at 30 °C in M9 minimal medium
(Sambrook et al., 1989) supplemented with 2 mM

MgSO4 and 25mM of either citrate or succinate as
sole carbon source and proper antibiotics when
required. IPTG was added to the media at the
concentrations indicated in each case. When
required, the XylR/Pu regulatory node of the strain
under inspection was induced by exposing
the corresponding cultures to saturating vapours of
m-xylene.

Single-cell analysis by flow cytometry
Single-cell experiments were performed with a
Gallios (Beckman Coulter, Danvers, MA, USA) flow
cytometer. To this end, GFP was excited at 488 nm,
and the fluorescence signal was recovered with a 525
(40) BP filter. For the assays of Pu-GFP under native
regulation conditions, P. putida Mmt-2-Pu were pre-
grown overnight in M9-succinate medium, regrown
in the same conditions until early exponential phase
and exposed to saturating m-xylene vapours for the
next samples taken and processed explained in
detail in (Fraile et al., 2001; Silva-Rocha and de
Lorenzo, 2011). In the case of P. putida KT-IB1,
overnight-grown cells were also diluted in fresh
M9-succinate medium, added with different concen-
trations of IPTG and incubated for 4 h at 30 °C. After
this pre-incubation (cells reaching approximately
mid-exponential phase, at OD600 of 0.3–0.4), bacteria
were exposed to m-xylene as before. In either case,
cultures were then incubated with aeration at 30 °C,
and each hour after induction an aliquot of each
sample was stored on ice until analysis. For every
aliquot, 20 000 events were analysed. The data
processing was performed using FCS express
4 software and MATLAB (The Mathworks, Inc.,
Natick, MA, USA) for 3D graphics.

Mathematical modelling
Stochastic simulations were carried out based on the
interactions and biochemical reactions sketched in
Figure 2b, using Gillespie’s algorithm (Gillespie,
1977) and custom scripts programmed in FORTRAN.
A complete description of the mathematical model
adopted in this work can be found in the
Supplementary Information.

Results and discussion
Components and known parameters of the TOL upper
network
The upper route of the TOL catabolic pathway is
encoded in an operon expressed by the Pu
promoter (Figure 1). Pu activity is triggered by
the presence of m-xylene once this aromatic
substrate binds the transcriptional factor called
XylR. The Pr promoter initiates transcription of
xylR mRNA at two different sites. Once loaded
with m-xylene, an inactive dimer of the
XylR protein (Ri) binds ATP and oligomerizes,
likely as a hexamer (Valls and de Lorenzo, 2003),
undergoing conformational changes that lead to the
active form of the regulator (Ra). In addition to Ra,
Pu transcription necessitates the action of the host
factor IHF, which binds to Pu promoter as a
heterodimer favouring DNA bending (Valls et al.,
2002). Ra and IHF are both needed for Pu activity,
acting as an AND logic gate (Silva-Rocha and
de Lorenzo, 2011). Intriguingly, IHF has also the
effect of downregulating Pr activity (Figure 2a)
forming an unusual type 4 incoherent feed-forward
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loop with the Pr/Pu system (Silva-Rocha and de
Lorenzo, 2011). XylR levels are further negatively
regulated at the transcriptional level by Ri and
Ra, which are able to bind the Pr promoter
self-repressing its activity (Marques et al., 1998).
Finally, production of XylR in vivo is checked
by a complex post-transcriptional mechanism
(Moreno et al., 2010) in which the so-called
catabolic repressor control protein (Crc) acts as an
operative translational co-repressor along with the
default RNA-binding factor Hfq (Milojevic et al.,
2013; Moreno et al., 2015).

Interestingly, the levels of the global regulators IHF
and Crc are subject to growth control: on one
hand, IHF concentration increases approximately
sevenfold (~2000 monomers to ~ 14 000 monomers)
from exponential to stationary phase (Valls et al.,
2002). On the other hand, Crc is abundant in
exponential phase but drops about three- to fourfold
in stationary phase (Ruiz-Manzano et al., 2005).
Therefore, exponential growth in rich media lowers
the IHF level and increases Crc, implying more xylR
mRNA but little translation. The stationary phase
leads to the opposite situation: less xylR mRNA but
very efficient translation. Under culture conditions
where the effect of Crc is maximal (for example, LB
or amino-acid-rich media), XylR protein levels are
expected to increase in stationary phase, as it is the
case (Fraile et al., 2001). But, even in growth or
culture conditions where both effects compensate
and average levels of XylR or of the ensuing
Pu product are similar (Silva-Rocha and de Lorenzo,
2011, 2012), these two different regulatory mechan-
isms could induce differences in variability around
mean product levels, affecting individual cell
heterogeneity in a clonal population. Indeed, the
amount of variability or noise, quantified as the
coefficient of variation (s.d. over the mean) of
protein levels in a population distribution, has
been shown to be dependent on the regulatory

mechanism (Levine et al., 2007; Mehta et al., 2008;
Guantes et al., 2012). In the following, we translate
all these interactions, sketched in Figure 2a, into a
mathematical stochastic model to elucidate the
origins of the cell-to-cell variability observed in the
TOL network.

A mathematical model to study the stochasticity of the
TOL network
To account for all the possible sources of intrinsic
variability in Pu activity (experimentally measured
by flow cytometry) while keeping the system as
simple as possible, we explicitly describe the
dynamics and detailed biochemical reactions of
Pr and Pu products, as well as XylR activation by
m-xylene and Pu activation by Ra (Figure 2b).
The regulators IHF and Crc are considered as factual
effectors whose levels change between exponential
and stationary phase conditions, modulating the rate
constants of the interactions involved. Specifically,
we take into account the stochastic dynamics of
seven variables: xylR mRNA (mR), inactive XylR (Ri),
active XylR (Ra), Pu inactive promoter (Puoff),
Pu activated by both Ra and IHF (Puon), Pu-GFP
mRNA (mU) and GFP protein (GFP), which is the
experimental readout. The biochemical reactions
considered, sketched in Figure 2b, together with
the corresponding parameter values are detailed
in Supplementary Information and Table 1.
Parameters are estimated from previous experimen-
tal observations or manually adjusted following
the procedure in Parameter fitting section
(Supplementary Information). We notice that para-
meters are tuned in exponential phase conditions to
reproduce experimentally observed average values,
induction time and GFP distributions, but in
stationary phase conditions only IHF/Crc levels
are varied.

Figure 2 The Pr/XylR/Pu node and formalization of regulatory interactions. (a) Basic interactions between the Pu promoter, its cognate
regulator XylR and the global regulators IHF and Crc whose levels are modulated by growth state. (b) Biochemical reactions involved in
the upper route of the TOL pathway. We take into account transcription from the Pr and Pu promoters (with rates βR and βU, respectively),
translation of the corresponding mRNAs (with rates ρR and ρU), and degradation of the molecular species: mRNAs (with degradation rates
δmR and δmU) and proteins (with rates δR and δU). Translational repression of xylR mRNA (mR) by Crc is described by the effective
association rate constant μ. We also consider, sketched as double arrows, the activation (mediated by m-xylene) and inactivation reactions
of XylR, as well as the binding/unbinding reactions of active XylR (Ra) to the Pu promoter. A detailed description of the model is provided
in Supplementary Information, and the values of the reaction rates specified in Table 1.
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Growth state modulates variability in TOL pathway
activation after induction
To investigate how the cell growth state affects
activation of the upper TOL pathway and hetero-
geneity in the response to induction by aromatic
compounds, we used a fusion of Pu to GFP placed in
the chromosome of P. putida Mmt-2-Pu (Materials
and methods). Cells were grown in liquid M9 media
containing succinate as the sole carbon source,
induced with saturating vapours of m-xylene and
samples collected at different time points after
induction to measure fluorescence of the cell culture
by flow cytometry. Two different experimental
situations were analysed: in one of them, growing
cells were incubated to mid-exponential phase and
then exposed to m-xylene. In the other, cells were
forced to remain in the stationary phase (that is,
perfectly viable but without any chance of growing)
and subsequently collected, exposed to m-xylene
and analysed by flow cytometry. In all the samples

investigated, we observed a behaviour similar to the
one shown in Figures 3a and c: clear bimodal
responses in exponential phase, where a fraction of
the population remained inactive at any one time
after induction by m-xylene (with a slow leakage to
the induced state, Figure 3a), and unimodal
responses in stationary phase indicating that
the whole population is induced at comparable rates
(Figure 3c).

To mimic the experimental situation, we run
ensembles of independent 10 000–20 000 stochastic
trajectories simulating the induced conditions in
both growth phases (see Mathematical model in
Supplementary Information), recorded the numbers
of GFP molecules for each independent trajectory
at the experimental time points and calculated
the corresponding distributions at each time.
Most model parameters were taken from previous
experimental data or adjusted within known physio-
logical ranges to match experimental observations

Table 1 Model parameters: definitions and estimated values

Parameter Meaning Value Reference

βR Basal transcription rate of xylR-mRNA 240 molecules
per houra

(Vogel and Jensen, 1994) (and adjusted)

80 molecules per hourb (Proshkin et al., 2010)
fR, fR3 Fold changes for negative autoregulation by XylR 3 (Fraile et al., 2001)
fIHF Fold change for Pr repression by IHF 5 (Silva-Rocha and de Lorenzo, 2011)
θR,θR3 Thresholds for negative autoregulation by XylR 15 molecules Adjusted to levels of XylR in (Fraile et al., 2001)
θIHF Threshold for Pr repression by IHF 4000 molecules Adjusted to levels of IHF in (Valls et al., 2002)
μ Crc-xylR mRNA association 1 per molecule per

hour
(Levine et al., 2007).

mxyl/θm m-Xylene above threshold after induction 10 Saturating conditions
fm Fold change in Ra due to m-xylene activation 0.018 Adjusted
kR Basal Ra formation in non-inducing conditions 10− 5 per molecule2 per

hour
Adjusted to give negligible Ra

KR
off Ra dissociation 10 per hour Adjusted

θu Threshold for IHF activation of Pu promoter 4000 molecules Adjusted to levels of IHF in (Valls et al., 2002)
fu Fold change in Pu activity by IHF 0.1 (Valls et al., 2002)
ku Basal Pu activation in the absence of IHF 0.08 per molecule per

hour
Adjusted from induction time of GFP
distributions

Ku
off Dissociation of Ra from Pu promoter 0.5 per hour Adjusted

βu Transcription rate from the active Pu promoter 200 molecules per
houra

(Vogel and Jensen, 1994) and adjusted

60 molecules per hourb (Proshkin et al., 2010)
ρR Ri translation rate 20 per houra (Proshkin et al., 2010) and adjusted

7 per hourb
ρu Pu-GFP translation rate 20 per houra (Proshkin et al., 2010)

7 per hourb
δmR,δmu xylR/Pu-GFP mRNAs degradation rates 10 per houra (Bernstein et al., 2002)

5 per hourb
δR,δGFP Ri, Pu-GFP degradation rates 1 per houra Stable proteins

0.5 per hourb
IHF IHF levels 2000 moleculesa (Valls et al., 2002)

14 000 moleculesb
Crc Crc levels 200 moleculesa (Ruiz-Manzano et al., 2005) and adjusted

50 moleculesb
γR Basal transcription from lacI-Ptrc promoter 2400 molecules per

hour
(de Lorenzo et al., 1993; Silva-Rocha and de
Lorenzo, 2011)

a Ratio of total LacI and lacI repression threshold 10 Arbitrary value 441 (Ozbudak et al., 2004)
fL Fold change in lacI-Ptrc-xylR expression due to

LacI repression
3.8 Adjusted (see Materials and methods)

θIPTG Threshold for LacI inactivation by IPTG 22.6 Adjusted (see Materials and methods)

aExponential phase. bStationary phase. Except stated otherwise, the parameters were taken/adjusted in exponential phase conditions and the same
values used in stationary phase.
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(Supplementary Information and Table 1). The main
free parameters were the rates of activation/deactiva-
tion of both Ra and the Pu promoter that we fitted to
the experimental induction curves in exponential
phase (Supplementary Figure S1 and Parameter
fitting in Supplementary Information). These
parameters reproduced the observed bimodal
behaviour in exponential phase (Figure 3b). The
main differences in stationary phase arise from the
different levels of the two global regulatory factors
IHF and Crc (Figure 2a). For the simulations in
stationary phase, we thus kept the same activation/
deactivation rates of XylR and Pu used in exponen-
tial phase, but varied the amount of IHF and Crc,
treated as intracellular ‘inducers’ in our mathema-
tical model, according to the experimental observa-
tions: approximately fourfold decrease in Crc
(Ruiz-Manzano et al., 2005) and approximately
sevenfold increase in IHF (Valls et al., 2002). By just
altering the levels of these two factors, we recover
the unimodal distributions observed in stationary
phase, Figure 3d. This supports the idea that
P. putida heterogeneous responses are altogether
determined by growth phase modulation of these
global factors.

Bimodality is originated by low-frequency activation
events
As the absence of positive feedback rules out
bistability (coexistence of two stable expression
states) in the TOL network, the bimodality observed
in the Pu-GFP distributions must be exclusively due
to the stochastic dynamics of Pu activation. Previous

experimental work in yeast (Blake et al., 2006;
To and Maheshri, 2010) and bacteria (So et al.,
2011) has demonstrated that transcription bursts can
originate bimodal single-cell distributions without
bistability. This bimodality is caused by slow
promoter fluctuations between active and inactive
states, and promoters with multiple binding sites/
states for activation can provide such infrequent
events (Blake et al., 2006; To and Maheshri, 2010).
To elucidate if this is the case in the system under
study, we examined the time course of the different
species involved in the network. In Figures 4a and c
we show typical stochastic (in black) and the
corresponding deterministic trajectories (coloured
lines) in both growth phases. Particularly illustrative
is the activation/inactivation dynamics of the
Pu promoter (Figures 4a and c; mid panel).
In exponential phase, activation events are less
frequent and separated by long episodes of inactiva-
tion (the deterministic result, red line, gives the
fraction of time the promoter is in the active state,
~ 50% of the time). In stationary phase promoter
activation is more frequent and inactivation episodes
much shorter. This has the consequence that, despite
the amount of Pu mRNA on average is the same in
exponential and stationary phases (green lines in
Figures 4a and c, low panels), in exponential phase
Pu transcription is produced in large, infrequent
bursts, while Pu mRNA noise is attenuated in
stationary phase. In Figures 4b and d we plot the
time trace of individual GFP trajectories in
both conditions, showing that GFP production can
be highly delayed in exponential phase, and even
decay to low levels once activated, with the result

Figure 3 Single-cell measurements of Pu-GFP activity and stochastic model simulations. (a) Cells grown overnight were diluted in fresh
M9-succinate media, incubated to the mid-exponential phase and then exposed to saturating vapours of m-xylene. The fluorescence
distributions were calculated from flow cytometry measurements at time intervals of 1 h. (b) Distribution of number of GFP molecules per
cell as obtained from 20 000 stochastic trajectories using the model parameters in exponential phase (see Supplementary Information and
Table 1). (c) Fluorescence distribution of Pu-GFP levels in P. putida Mmt-2-Pu cells arrested in stationary phase (viable but without any
growth), at different time points after exposure to m-xylene vapours. (d) Distribution of number of GFP molecules per cell from ensembles
of trajectories generated by the stochastic model in stationary phase conditions.
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that a fraction of the cells will be inactive even at
long times after induction.

Post-transcriptional repression is responsible for noise-
induced bimodality
The activation of the Pu promoter requires both the
binding of XylR hexamers (Ra) and IHF. We first
notice that, as observed experimentally (Fraile et al.,
2001), total XylR levels increase around fivefold in
stationary phase. This is reflected in the amount of
Ra present in the different growth phases, see the
time traces of Ra in Figures 4a and c (upper panels).
Due to the small number of XylR molecules in
exponential phase (~15), Ra is at very low copies
(~0–6) with large relative fluctuations. This could be
reflected in infrequent activation of the Pu promoter.
The amount of XylR is negatively controlled by
Crc and IHF (Figure 2a), but IHF repression produces
a modest decrease (approximately twofold) in
both phases (Silva-Rocha and de Lorenzo, 2011),

indicating that most of the differences observed in
XylR abundance must come from the post-
transcriptional repression exerted by Crc.

On the other hand, IHF is necessary for Pu activity,
so that IHF level differences in both phases could be
modulating Pu dynamics and hence GFP variability.
To test whether direct activation (due to IHF) or
indirect (through Crc control of XylR amount)
originates the different behaviours observed,
we performed two types of stochastic simulations:
in one of them, IHF levels were increased in
exponential phase and decreased in stationary
phase, contrary to the real situation, to see how
growth state differences in IHF abundance affect Pu
activation. The results of Figure 5a show that in spite
of increasing IHF amount approximately sevenfold
in exponential phase, the population distributions
are very similar to the experimental situation with
low IHF levels. Although one could reason in
principle that high IHF levels would favour Pu
expression by increasing the activation frequency,

Figure 4 Deterministic and stochastic dynamics of TOL network components in different growth phases. Differences in Pu promoter
activation, Pu mRNA variability and GFP induction in exponential (a, b) and stationary (c, d) phases. (a) Time evolution of active XylR
(top panel), active Pu promoter (intermediate panel) and Pu mRNA (low panel). Black line is the stochastic simulation and coloured lines
the deterministic results. (b) Seven stochastic trajectories mimicking GFP induction in different cells during the time course of
experiments. (c, d) The same variables and GFP trajectories in stationary phase conditions.
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we observe that this frequency is indeed very similar
to that observed at low IHF levels (red line in right
panel of Figure 5a, compared with Figure 4a).
We recall that both IHF and Ra are required to
activate Pu transcription. As Ra is still present at
extremely low copies (~0–6 copies per cell, blue line
in the right panel of Figure 5a), it acts as a limiting
factor precluding Pu activation despite the high
levels of IHF. Moreover, as IHF also represses
Pr (Figures 1 and 2a), XylR production is strongly
shut off by the combined action of high Crc and high
IHF levels, counteracting the positive effect of IHF on
Pu. In Figure 5b, we show with numerical simula-
tions the effect of decreasing IHF in stationary phase.
Stochastic distributions remain unimodal although
wider than in the normal situation. As IHF is not a
limiting factor, reducing IHF only increases
deactivation frequency (mid panel in Figure 5b,
right), that is, Pu undergoes frequent deactivation
events but of short duration, as the high amount of
Ra present (upper panel in Figure 5b, right),
compensates eventual dissociations of IHF from the
Pu promoter. The basic effect of these fast inactiva-
tion events is to increase the size of transcriptional
bursts (lower panel in Figure 5b, right), and hence
the noise, but is not enough to create bimodality,
which requires the presence of slow promoter
fluctuations (To and Maheshri, 2010).

The outcome of these numerical experiments hints
to the presence of low copy numbers of XylR as the
main reason for the bimodal responses observed in
exponential phase. XylR would act as a limiting

factor for Pu activation, inducing slow fluctuations
in promoter dynamics. In support of this idea,
we carried out numerical simulations in exponential
phase using low Crc levels (comparable to those in
stationary phase), thus releasing post-transcriptional
repression of XylR. Our results (Supplementary
Figure S2) show a noticeable rise in Ra levels,
yielding unimodal population distributions of
Pu-GFP activity with low variability.

Overproduction of XylR defeats Pu bimodality in vivo
The key tenet of the model above is that phenotypic
divergence of Pu activity can ultimately be traced to
the very low levels of XylR during exponential
growth. The logical prediction of this scenario is
that artificially increasing such levels should
overcome the observed bimodality. One strategy to
this end could be the use of a crc mutant of P. putida
to allow efficient translation of XylR during
exponential phase. However, as Crc is a global
regulator affecting many cellular processes
(Moreno et al., 2009; Linares et al., 2010), we
adopted instead an experimental protocol to increase
XylR expression in a controllable way with mini-
mum interference with cell metabolism and state. To
this end, we engineered a mini-Tn7 transposon
carrying an expression cassette LacIq-Ptrc → xylR
(Perez-Martin and de Lorenzo, 1996) and inserted it
into the chromosome of P. putida KT2440 strain
bearing in its chromosome a transcriptional Pu-GFP
fusion (Figure 6 and Materials and methods).

Figure 5 Effect of IHF levels in response variability. (a) Simulation of increasing intracellular IHF levels in exponential phase to the
concentration present in stationary conditions (~14 000 molecules). Distributions remain bimodal (left panel) and Pu promoter dynamics
exhibits slow fluctuations (right panel). (b) Simulation of decreasing IHF levels in exponential phase to those of exponential conditions
(~2000 molecules). The population distributions of GFP are still unimodal (left panel) although noise increases, due to larger fluctuations
in Pu mRNA (right panel).
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To control XylR production, different concentrations
of IPTG—the LacIq-Ptrc inducer—were added to the
medium during cell growth, while m-xylene was

added in exponential phase to activate XylR. The
mathematical model was modified accordingly to
describe IPTG induction of XylR by the synthetic
LacIq-Ptrc promoter (Supplementary Information).
Pu activity was monitored by flow cytometry as
previously and the fluorescence distributions com-
pared with numerical simulations (Figure 7). We
noticed that, in the absence of the inducer IPTG
responses were very heterogeneous with a large
range of Pu-GFP levels (Figure 7 top left). However,
the two distinct subpopulations observed in the
wild-type scenario were not separated well. This is
probably due to the fact that the basal activity of the
Ptrc promoter is ⩾2–3-fold higher than the activity
of the native Pr promoter (de Lorenzo et al., 1993;
Silva-Rocha and de Lorenzo, 2011). Taking into
account this fact in the mathematical model
(Supplementary Information), we see that except
for a small fraction of cells still uninduced at t=1 h
after m-xylene addition, the numerical distributions
reproduce well these blurred and largely heteroge-
neous responses. Note that except for XylR produc-
tion, the rest of reactions and parameters in the
model are the same as those used for the wild-type
conditions in exponential phase (Figures 3 and 4).
Addition of IPTG, and subsequent augmented

Figure 6 Genetic strategy to conditionally overexpress XylR in
P. putida upon IPTG addition. (a) Organization of the mini-Tn7
carrying xylR under control of lacIq/Ptrc system and assembled in
vector pTn7-M to yield the mini-Tn7 [L-Gm lacIq/Ptrc → xylR-R]
transposon delivery plasmid pIB. (b) The business part of the mini
tranposon is then inserted into the attTn7 site (close to the
glmS gene) of recipient strain P. putida KT [Pu-GFP], which
bears a chromosomally determined transcriptional Pu-GFP fusion
(see Materials and methods). In the resulting strain (P. putida
KT-IB1), XylR production depends on the concentration of IPTG
added to the medium, whilem-xylene is added to activate XylR for
triggering Pu promoter activity.

Figure 7 Overexpression of XylR reduces cellular heterogeneity in exponential phase. Experimental (left) and numerical (right)
distribution of GFP outputs in exponential phase conditions in Pu-GFP engineered strain P. putida KT-IB1, which is inserted with
the lacIq/Ptrc → xylR genetic construct sketched in Figure 6. Even without inducer ([IPTG]=0), the basal activity of the Ptrc promoter is
~ 2–3-fold than that of the native Pr promoter, blurring its bimodality but still producing very heterogeneous responses. Addition of IPTG
reduces variability in exponential phase and yields only unimodal distributions.
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expression of XylR, reduced heterogeneity and
yielded clear unimodal distributions, with faster
induction times and less variability as the inducer
concentration increases (Figure 7, middle and
bottom panels). Taken together, these results accredit
the role of XylR as a limiting factor controlling the
variability in the P. putida response to aromatic
carbon sources, a quality that is encoded in the
growth status of cells mostly through changes in
post-transcriptional repression mediated by the
global regulator Crc.

Conclusion
To the best of our knowledge, this report provides for
the first time a mechanistic basis for typical popula-
tion phenomena involving phenotypic diversifica-
tion in environmental bacteria, specifically the
control of metabolic response variability linked to
the cellular growth state. Changes in gene expression
and growth rate are intimately coupled processes
following nutrient changes (Scott et al., 2010;
Scott and Hwa, 2011). This coupling has been shown
to underlie phenotypic variability through bistability
in bacteria evolving antibiotic resistance (Deris et al.,
2013) as well as in stem cell differentiation
(Kueh et al., 2013). The bistable behaviour observed
in these examples and others (Sureka et al., 2008;
Tan et al., 2009; Ghosh et al., 2011) is of determi-
nistic type, due to a growth mediated positive
feedback in the expression of certain genes that
stabilizes particular expression states. Here we
inspect a different effect mediated by the growth
status of the cell: noise-induced bimodality in a
bacterial metabolic response. As growth state has a
global impact on gene expression and cellular
components, it is natural to expect that changes in
global factors modulate gene expression noise in a
cell-wide manner (extrinsic noise; Guido et al.,
2007). In this work, we demonstrate that variable
phenotypic responses can be also modulated by
growth coupling to the expression of specific genes
(intrinsic noise). This modulation is achieved by the
alternative actions of two global regulators (Crc and
IHF), the levels of which are linked to the growth
status of the cell. On one hand, the opposing effects
of Crc and IHF act as a homoeostatic mechanism
during cell growth balancing the activity of the
Pu promoter, whose levels are maintained on
average along the growth curve. On the other hand,
the different regulatory mechanisms and strengths of
IHF and Crc on the Pu activator, XylR, produce vast
differences in heterogeneity around these average
Pu levels. Strong post-transcriptional repression of
the xylR mRNA mediated by Crc during exponential
phase keeps active XylR at very low copy numbers,
causing slow activation dynamics of the Pu promoter
and bimodal responses after m-xylene induction.
The release of post-transcriptional inhibition due to
diminished Crc levels during stationary phase

drastically reduces heterogeneity in this growth
state. Our study highlights the importance of cell
physiology and internal composition and its impact
on phenotypic variability. Also, the model presented
here emphasizes the need to understand regulatory
complexity under the light of population behaviour
(Silva-Rocha et al., 2013) and community function
(Ackermann, 2013; Kotte et al., 2014; Gallie et al.,
2015; Zimmermann et al., 2015) rather than just
individual benefit.
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