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SUMMARY
Bacteria employ diverse gene regulatory networks to survive stress, but deciphering the underlying logic of
these complex networks has proved challenging. Here, we use time-resolved single-cell imaging to explore
the functioning of the E. coli regulatory response to oxidative stress. We observe diverse gene expression
dynamics within the network. However, by controlling for stress-induced growth-rate changes, we show
that these patterns involve just three classes of regulation: downregulated genes, upregulated pulsatile
genes, and gradually upregulated genes. The two upregulated classes are distinguished by differences in
the binding of the transcription factor, OxyR, and appear to play distinct roles during stress protection. Pul-
satile genes activate transiently in a few cells for initial protection of a group of cells, whereas gradually up-
regulated genes induce evenly, generating a lasting protection involving many cells. Our study shows how
bacterial populations use simple regulatory principles to coordinate stress responses in space and time. A
record of this paper’s transparent peer review process is included in the supplemental information.
INTRODUCTION

Bacterial stress response regulonsare highly complex in that they

commonly involve a suite of genes performing diverse functions,

which display a variety of expression patterns under stress.1

However, these regulons are also typically under the control of

a single master transcriptional regulator. This begs the question

of how such simple regulation is able to orchestrate the timing

andmagnitude of somany genes. Bulk transcriptomic and prote-

omic studies have documented an association between stress

tolerance and gene regulation for a wide range of stresses,

including under starvation,2,3 oxidative stress,4 osmotic stress,5

heat stress,5,6 pH stress,7 DNA damage,8,9 phage infection,10

and antibiotic exposure.11 Moreover, these methods often iden-

tify tens to hundreds of genes that shift in expression with stress

treatments,whichsuggests acomplex regulatory networkunder-

lying each response.12 However, bulk population measurements

are limited in their ability to link gene regulation with cellular phe-

notypes such as growth rate because they lack single-cell reso-

lution. In addition, due to cost and practicality, genome-wide

gene expression data are typically recorded at only a few time

points, meaning that temporal dynamics are not followed in any

detail.13,14 A final limitation of bulk measurements is an inability

to capture phenotypic heterogeneity, whereby individual cells

display different responses in space and time.15–20

An important alternative to bulk expression measurements is to

use fluorescent reporter constructs that allow the geneexpression

in single cells to be followed. This approach has indicated the
Cell Systems 15, 1033–1045, Novem
This is an open access article under the
importance of temporal order in the activation of different genes

within a regulon, e.g., for the SOS response, antibiotic stress,

flagellar synthesis, and metabolic pathways.8,9,16,18,21–24 Spatial

cell-cell variability can also emerge due to variability in the con-

centrations of stress agents and metabolites in cell popula-

tions.15,17,25 The result can be complex spatiotemporal gene

expression patterns under stress, which are shapedby cell-cell in-

teractions, feedback between cell growth rate and gene expres-

sion,20,26,27 and environmental fluctuations.19,20,28,29 It is also

becoming increasingly clear that stress survival is only partly

determined by the protective responses of each individual cell

but is strongly dependent on the collective protection provided

by cell populations. However, to date, most single-cell studies

have focused on one or a few reporter genes for a given stress

or disregarded the potential for cellular interactions, which leaves

open the question of how whole stress response regulons are co-

ordinated in cell populations.

Here, we leverage the recent advancements in single-cell im-

aging that allow cellular behavior to be followed in a constantly

controlled environment for long durations.18–20 We focus on

the oxidative stress response of Escherichia coli to hydrogen

peroxide (H2O2). H2O2 is a major reactive oxygen species that

causes damage to proteins, lipids, and DNA. H2O2 readily per-

meates cells,27 where it causes redox imbalance.30 This stress

leads to oxidation and a conformational change in the transcrip-

tion factor OxyR.31,32 OxyR acts as a sensor for intracellular

H2O2 levels and controls an array of more than two dozen genes

in its regulon. OxyR-regulated genes are involved in diverse
ber 20, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 1033
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Figure 1. Gene expression dynamics

across the OxyR regulon under H2O2 treat-

ment

(A) Upon exposure to hydrogen peroxide, oxida-

tion of OxyR leads to induction of a wide regulon of

genes in E. coli. The schematic displays the mi-

crofluidics-based methodology to visualize the

promoter activity of 31 fluorescently tagged tran-

scriptional reporters by time-lapse microscopy at

single-cell resolution.

(B) The kymograph represents cell growth over

time in one of the representative growth channels,

with intensity of cells reporting gene expression

levels. We define ‘‘mother cells,’’ ‘‘barrier cells,’’

and frontier cells according to their position rela-

tive to the open end of the growth channel where

growth media, with or without H2O2 treatment, is

provided.

(C) Heatmap represents mean log2-fold change in

gene expression relative to basal level of frontier

cells for 31 transcriptional reporters at 30-min in-

tervals during continuous treatment with 100 mM

H2O2 from t = 0 min (n R 1,000 cells and R2 re-

peats per gene).

(D) Coefficient of variation (CV) for gene-to-gene

expression variability across the 31 transcriptional

reporters of frontier cells under 100 mM H2O2

treatment provided at t = 0 min. (Shaded region

represents H2O2 treatment; n R 1,000 cells and

R2 repeats per gene.)
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functions to maintain cell survival under H2O2 stress,4,33–36

including metal ion homeostasis,37–41 H2O2 scavenging,30,42,43

and redox maintenance.44–46 We combine experiments and the-

ory to characterize and understand the transcriptional regulation

of 31 genes, which have been previously identified as part of the

oxidative stress response4,30,32,36–42,44–60 (Table S1). In this way,

we are able to explain how a single transcription factor coordi-

nates tens of genes in space and time to protect cells.

RESULTS

Genes in the OxyR regulon show variable responses to
stress
We imaged gene expression dynamics using time-lapse micro-

scopy of E. coli cells, each carrying one of 31 plasmid-based

transcriptional reporters that have an OxyR-regulated promoter

followed by a fast-maturing fluorescent protein (GFPmut261 or

sCFP3A for PkatG, PahpC, and PgrxA28,62). Specifically, we

chose promoters with OxyR binding sites according to chro-

matin immunoprecipitation measurements by Seo et al.36,63–67

and promoters that show changes in transcription according to

RNA sequencing (RNA-seq) measurements by Roth et al.4 The

resulting 31 promoters encompass the currently known OxyR

regulon in E. coli (Table S1). We collected data for �10,000 indi-

vidual cells growing insidemicrofluidic growth trenches (‘‘mother

machine type’’) during continuous H2O2 stress from �2 h before

until 6 h of treatment at 3-min time intervals, resulting in a rich da-

taset of �200,000 expression measurements per reporter gene

per hour (Figure 1A). The microfluidic chip provides an opportu-

nity to disentangle genuine gene regulatory dynamics from envi-
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ronmental changes because the continuous inflow of fresh me-

dia with H2O2 keeps the treatment concentration constant

despite changes in the H2O2 scavenging capacities of cells. Un-

less stated otherwise, our analysis focused on the ‘‘frontier

cells,’’ which are located at the open end of the growth trenches,

where they are directly exposed to the H2O2 treatment from the

media flow channel (Figure 1B). Due to efficient absorption and

scavenging of H2O2, the cells located beneath the frontier cells

experience diminishing concentrations of H2O2 and thus a lower

stress response.28 Another feature of our approach is to study

the AB1157 strain of E. coli that carries an amber mutation in

RpoS.68 This allows us to isolate the role of OxyR in gene regu-

lation without the influence of stationary phase regulation of

certain oxidative stress response genes by RpoS.63,64,66

With this setup, we were able to observe that all 31 genes

showed an initial expression pulse within 30 min after the start

of treatment (Figures 1C and S1), but expression of different

genes diverged after this initial pulse. This variability fits with ob-

servations on the expression dynamics of the oxidative stress

response of Pseudomonas aeruginosa.69 After 90 min of contin-

uous H2O2 treatment, most genes remained upregulated

whereas others became downregulated relative to the untreated

expression level (Figures 1C and S1). To further characterize dif-

ferences in the regulation between genes, we computed the co-

efficient of variation (CV, variance normalized by the mean)

across the expression levels of the 31 genes. The gene-to-

gene variation was low in untreated cells, greatest during the

transient expression peak shortly after treatment, and intermedi-

ate during steady state with continuous H2O2 treatment (Fig-

ure 1D). These patterns suggest that the genes vary not only in



Figure 2. Oxidative stress response genes show a range of different expression dynamics during constant H2O2 stress

(A) Mean elongation rate (teal) and mean expression rate for all genes (black; dashed) of frontier cells treated with 100 mM H2O2 from t = 0 min (shaded region).

(B) Schematic illustrates the expression dynamics of the 5 gene regulation categories under H2O2 treatment (from t = 0, shaded region), together with the number

of genes in each category: (left) downregulation throughout the H2O2 treatment (green) or transient downregulation post treatment (gold); (middle) upregulation

throughout the H2O2 treatment (purple) or transient upregulation post treatment (gray); and (right) putative regulation showing no significant change in promoter

activity (black). Dashed lines represent the basal level of expression before treatment.

(legend continued on next page)
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expression magnitude but also show pronounced differences in

induction timing and dynamics.

Transient growth inhibition causes a genome-wide
expression pulse during stress
Our methodology enables us to analyze individual cell growth dy-

namics alongside gene expression. Importantly, this analysis re-

vealed that theexpressionpulse at thestart ofH2O2 treatmentpre-

cisely coincides with a period of transient growth inhibition

(Figure 2A). During normal growth, protein concentrations stay

constant in a cell on average because the expression rate is

balanced with the dilution of molecules due to cell growth and di-

vision. H2O2 stress is known to rapidly stall cell growth, which is

triggered by an OxyS-mediated cell-cycle arrest.70 To remove

the effect of growth dynamics on genes in the OxyR regulon, we

normalized changes in expression level by the cell growth rate to

give a measure of the promoter activity.16 Correcting for growth-

rate effects revealed that 3 of the 31 genes (Phcp, PyfdL, and

PybjN) showed no significant change in promoter activity at any

time (Figures 2B and 2C; Videos S1 and S2). Moreover, another

9 of the genes (7 downregulated and 2 upregulated) showed

only a transient change in regulation during the first �100 min of

treatment. These promoters return to baseline expression levels

even thoughH2O2 is still present at a constant external concentra-

tion. Although most genes display consistent up- or downregula-

tion throughout H2O2 treatment, a few genes show initial downre-

gulation followed by upregulation at the steady state. For

simplicity, we categorized the direction of regulation based on

the changes in promoter activity immediately after treatment.

Focusing our characterization on genes with lasting changes in

promoter activity left 11 upregulated genes and 8 downregulated

genes that showed a prolonged response to stress.

An interesting consequence of the effects of growth arrest on

expression levels in the cell is that the genes that we identify as

downregulated still show a positive pulse in expression levels af-

ter treatment (Figures 2B and 2C). In other words, the transcrip-

tion rate from these promoters is downregulated in response to

H2O2, but the reduction in growth rate outweighs this effect, re-

sulting in an effective accumulation of proteins and the illusion of

gene upregulation. These conclusions are supported by using

the replication control promoter Prna1 of plasmid PBR322 as a

control, which is constitutively expressed and not part of the

OxyR regulon.71 Our analysis shows that this promoter displays

a similar expression pulse but maintains constant promoter ac-

tivity in response to H2O2 treatment (Figures 2C and S1; Video

S3). That is, we find that the growth-arrest-dependent accumu-

lation of proteins is a global genome-wide effect and not specific

to oxidative stress response genes.

Upregulated genes display either pulsatile or gradual
dynamics
We next focused on the 11 genes whose gene expression

changes and remains upregulated with H2O2 treatment
(C) Mean promoter activity of frontier cells for 31 transcriptional reporters (ordered

constant 100 mM H2O2 treatment from t = 0 min (shaded region). Promoter activ

parametric Mann-Whitney tests were used to indicate significant changes in prom

to the basal level expression (t < 0 min); where **** p% 0.0001, *** p% 0.001, ** p

the gene regulation categories as explained in (B). Error bars represent standard
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(Figures 2B andS2). Becausewehad found that gene-to-genedif-

ferences in expression were largest during the transient expres-

sionpeak,weplotted the reporter expression level during the tran-

sient peak vs. the level at steady state (Figure 3A). This analysis

reveals that the upregulated genes cluster on 2 distinct slopes.

Seven of the upregulated genes (PkatG, PyaaA, PclpS, PhemH,

PuxuA, PpoxB, and PyaiA) all have a high ratio of peak/steady

state �3, whereas the other upregulated genes (PgrxA, PtrxC,

Pfur, and PahpC) share a lower ratio of peak/steady state �1.5

(Figure 3B). The first class of genes showed a strong initial expres-

sion pulse that decays rapidly after its peak and stabilizes at a low

steady-state level (hence termed ‘‘pulsatile’’). In contrast, the sec-

ond class of genes with a lower peak/steady-state ratio showed a

gradual induction to an elevated steady-state level (hence termed

‘‘gradually responding’’) (Figures 3C and 3D; Videos S1 and S2).

After classifying the upregulated genes into two groups based

on the peak/steady state ratio, we analyzed the mother cells

located at the closed end of the growth trenches to follow the

gene expression dynamics of the same cells for longer durations.

We found that the pulsatile genes are generally activated earlier af-

ter the onset of H2O2 stress, achieving their maximal expression in

25.7 ± 4.7 min compared with 37.5 ± 7.8 min post H2O2 treatment

for the non-pulsatile genes (Figures 3E and S2; Videos S1 and S2).

Modeling explains how differences in OxyR binding
generate pulsatile or gradual dynamics
What explains the different patterns of upregulation? The

oxidative stress response involves feedback from various

metabolic pathways4,32,36,41,48,49,53–55 and several genes in

the OxyR regulon are co-regulated by more than one transcrip-

tion factor.36,63–67 Differences in the expression of genes in the

OxyR regulon, therefore, may arise in multiple ways. However,

we hypothesized that the differences we are seeing in the two

classes of upregulated genes have a simpler underlying cause

in the properties of OxyR itself. To explore this, we turned to a

published mathematical model from our previous work, which

uses coupled ordinary differential equations to describe

changes in gene expression over time. Here, H2O2 permeates

through the cell membrane and oxidizes OxyR, which leads to

the induction of genes of the oxidative stress response regu-

lon72 (Figure 4A). For simplicity, we reduced the operon to

include only grxA (glutaredoxin-1) that converts OxyR back to

its reduced form, the genes ahpCF (alkyl hydroperoxidase)

and katG (catalase) that scavenge intracellular H2O2, and a ‘‘re-

porter gene’’ that is induced by OxyR but does not have a func-

tional role (to mimic the fluorescent protein reporters used in

experiments). Genes have a constant basal expression rate

and their expression increases on induction by oxidized OxyR

and decreases due to dilution by cell growth. The cell growth

rate slows down with increasing H2O2 concentration, which in

turn affects the protein dilution rate. The equations include con-

stants for gene expression rates and enzyme efficiencies (Km

and Kcat) that were obtained from literature or determined
alphabetically) and the constitutively expressed promoter Prna1-mKate2with

ity shows the expression rate corrected for changes in cell growth rate. Non-

oter activity at the peak (t = 9–60 min) or steady state (t = 120–180 min) relative

% 0.01, * p% 0.05, and n.s. (not significant) p > 0.05. Line colors correspond to

deviation (n R 1,000 cells and R2 repeats per gene).



Figure 3. Upregulated promoters show either pulsatile or gradual induction dynamics

(A) Plot of the peak expression level (during the transient phase) vs. the expression level at steady state of frontier cells relative to basal expression for the

indicated transcriptional reporters with 25 mM (circle), 50 mM (triangle), and 100 mM (star) H2O2 treatment. The pulsatile (pink) and gradually responding (blue)

genes cluster on two distinct slopes, shown with linear fits (dashed lines).

(B) Peak/steady state ratio obtained by linear regression of values for individual genes shown in (A) cluster into two categories (pink, pulsatile genes; blue,

gradually responding genes, n R 3 repeats per gene).

(C) Plot shows mean reporter expression levels of frontier cells for pulsatile (pink) and gradual (blue) genes under 100 mM H2O2 treatment provided at t = 0 min

(shaded region) (n R 1,500 and n R 3 repeats per gene).

(D) Kymograph of PhemH and PtrxC transcription reporter expression representative of pulsatile and gradual induction with 100 mM H2O2 from t = 0 min,

respectively (scale bar, 10 mm).

(E) Plot showsmean (bold) and single-cell (thin) reporter expression levels of mother cells for PhemH (pink, pulsatile) and PtrxC (blue, gradual) under 100 mMH2O2

treatment provided at t = 0 min (shaded region).
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from previous experiments. The model was solved numerically

to produce time-traces of gene expression levels.

We previously showed that this model recapitulates many as-

pects of the gene regulatory response and growth dynamics of

E. coli with H2O2 treatment.72 Here, we employ the model to un-

derstand the basis for the different expression patterns seen

across the genes in the OxyR regulon. We first tested the

model’s ability to explain the passive gene induction caused

by the growth-arrest-dependent accumulation of proteins. As

predicted, when the expression of the reporter gene was un-

coupled from OxyR regulation in the model, it still showed the

expression pulse during the transient growth arrest while

the promoter activity stayed constant (Figure 4B). This mimics

the behavior of the constitutive Prna1 promoter. In addition, for

a reporter gene that is downregulated by OxyR, we again

observe a similar induction pulse followed by a decrease in

expression (Figure 4C).

To further explain the data, we extended themodel to explicitly

describe the effects of OxyR-dependent gene regulation based

upon two parameters: Kind captures the maximal expression

rate when the promoter is fully occupied by oxidized OxyR and

KD captures the dissociation constant of oxidized OxyR from

the promoter. Varying only these two parameters allowed us to

shift expression dynamics in upregulated genes from gradual
to pulsatile, as observed in the data. Specifically, changingKD af-

fects the peak/steady-state ratio of the gene, with pulsatile genes

being characterized by a high KD value (Figure 4D). Kind mean-

while determines the position of the gene along the slope in a

peak vs. steady-state plot. Our model predicts, therefore, that

the two categories of gene regulation, pulsatile and gradual,

are the result of distinct promoter-dissociation constants of

OxyR (Figures 4D–4F). In support of this, experiments by Tarta-

glia et al. showed that the dissociation constant of oxidizedOxyR

from the pulsatile gene promoter PkatG is an order of magnitude

higher than for the PahpC promoter, which shows a gradual

response73 (Figure 4F). We conclude, therefore, that the diver-

gent patterns in gene regulation in the regulon can be explained

by coupling a simple OxyR redox switch with patterns of cell

growth under stress. Furthermore, although other transcription

factors are known to control some of the genes in the OxyR reg-

ulon,36,63–67 we found that OxyR alone was sufficient in our

model for explaining the expression patterns seen under the

conditions of our measurements (exponential growth with H2O2

treatment).

Pulsatile genes protect against sudden stress
What is the benefit of pulsatile expression of some genes and

gradual induction of others? The model shows how the
Cell Systems 15, 1033–1045, November 20, 2024 1037



Figure 4. A model of the oxidative stress

response predicts the molecular basis of

the different categories of gene regulation

(A) Schematic represents the oxidative stress

response model. The cells experience influx of

H2O2 at Rinflux rate, causing OxyR oxidation

and induction of stress response genes. GrxA

(glutaredoxin-1) converts oxidized OxyR back to

its reduced form and scavenging enzymes en-

coded by ahpCF and katG lower the intracellular

[H2O2]cell concentration. The expression of the

proteins is balanced by dilution due to cell growth,

where the cell elongation rate g is a function of

[H2O2]cell. OxyR also regulates a reporter gene that

has no function in the response itself.

(B) Effect of growth inhibition by H2O2 on gene

expression dynamics. (Left) Cell elongation rate

affected by intracellular H2O2 concentration (or-

ange, dashed) compared with constant elongation

rate unaffected (black) by H2O2 treatment provided

at t = 0 min. (Right) Expression level of a consti-

tutively expressed reporter gene (not regulated by

OxyR) shows a passive induction pulse in the case

where H2O2 inhibits cell elongation (orange) and no

induction effect when the elongation rate is unaf-

fected by H2O2 (black) treatment from t = 0 min.

(C) Expression dynamics of a downregulated re-

porter gene in the case where cell elongation rate is

affected (green) or unaffected (black) by H2O2.

(D) Induction of upregulated reporter genes for

varying values of induction rate (Kind, left) and pro-

moter-dissociation constant of oxidized OxyR (KD,

right) with H2O2 treatment from t = 0 min. Kind/KD

ratio was kept constant for curves with varying KD.

(E) The plot shows the effect ofKind (by treating cells

with increasing concentrations of H2O2- dark to light

shade) andKD (high = 0.1 a.u. and low= 0.01 a.u.) on

the gene expression dynamics. Pulsatile genes

with high peak/steady ratio are characterized by a

higherKD value, whereasKind determines the overall

magnitude of the induction without affecting the

peak/steady ratio.

(F) Mean gene expression levels frommodel (left) and experiments (right) of representative genes for the two categories of upregulation—PkatG (pink, pulsatile gene)

and PahpC (blue, gradually responding gene) of frontier cells treated with 100 mM treatment from t = 0 min (n R 3 repeats).
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dissociation constant of OxyR affects sensitivity of genes to

changes in H2O2 concentration. Specifically, promoters with a

high KD for OxyR show an approximately proportional increase

in activity with H2O2 concentration, whereas the activity of pro-

moters with a low KD is less sensitive to H2O2 (Figure 5A). In sup-

port of this prediction, experiments show that rising H2O2 con-

centration causes a much steeper increase for the pulsatile

PkatG promoter activity compared with the PgrxA promoter,

which shows a gradual response (Figures 5A and S3). Similarly,

other pulsatile genes showed a higher sensitivity to H2O2

compared with gradually responding genes (Figures 5B and

S3). In Mycobacterium tuberculosis, induction of katG showed

higher sensitivity for H2O2 than ahpC,74 matching the pulsatile

behavior of katG and gradual induction of ahpC in E. coli. The

model further predicts that the pulsatile gene induction is a

consequence of a response to a transient spike in intracellular

H2O2, which accumulates until the increased level of scavenging

enzymes tips the balance (Figure 5C). In support of this explana-

tion, experiments show that the expression pulse of PkatG is
1038 Cell Systems 15, 1033–1045, November 20, 2024
much reduced when cells respond to a graded increase in the

dose of H2O2 as opposed to a step treatment (Figure 5D).

These analyses suggest that pulsatile genes are important in

response to sudden stress, whereas gradually responding

genes are more important during prolonged stress. Consistent

with this hypothesis, deletion of the pulsatile katG gene makes

cells extremely sensitive to sudden H2O2 treatment, leading to

complete growth arrest and inability to induce the oxidative

stress response (Figures 5E and 5F; Video S4). However,

DkatG cells were still able to survive and adapt to a graded in-

crease in the dose of H2O2, reaching the same final concentra-

tion (Figure 5F). That is, the expression pulse of katG appears to

be critical for the rapid production of catalase enzymes to

counteract the transient spike in intracellular H2O2, but katG

expression becomes dispensable after the initial adaptation

delay, as noted before.62 H2O2 tolerance during prolonged

exposure is then provided by the gradually responding

AhpCF alkyl hydroperoxidase, which scavenges lower concen-

trations of H2O2 efficiently.
30



Figure 5. Pulsatile genes respond quickly to

bridge the adaptation lag after H2O2 treat-

ment

(A) The response of pulsatile genes (high KD) is

more sensitive to changes in H2O2 concentration

than gradually responding genes (low KD). Model

outputs (left) and experimental data (right) for

expression level at peak (top) and steady state

(bottom) of PkatG (pulsatile gene, pink) and PgrxA

(gradually responding, blue) across a range of

external H2O2 concentrations. Dashed lines show

linear fits.

(B) Relative changes in gene expression at peak

(top) and steady state (bottom) of frontier cells with

H2O2 treatment ranging from 25 to 100 mM H2O2.

Pulsatile genes (pink) show higher dose-sensitivity

compared with gradually responding genes (blue)

(n R 2 repeats per gene per H2O2 concentration).

(C) Model results of intracellular H2O2cell concen-

tration with step treatment (100 units H2O2, or-

ange) from t = 0 min or graded increasing doses of

H2O2 treatment (from 25 to 50 to 100 units H2O2,

pink).

(D) Mean expression levels for model (left) and

experiments (right) of pulsatile gene PkatG for step

(100 mMH2O2, orange) or graded increasing doses

of H2O2 treatment (from 25 to 50 to 100 mM H2O2,

pink) as depicted in (C) (n R 2 repeats).

(E) Snapshot of PgrxA expression at steady state

for step treatment (left and middle) or graded

increasing doses of H2O2 treatment (right, as

shown in C and D) for wild-type (left) cells and

DkatG cells (middle and right) after 120 min of

treatment with 100 mM H2O2 (scale bar, 10 mm).

(F) Graded increasing doses of H2O2 treatment

enable adaptation of DkatG cells. Mean elongation

rate for DkatG cells (located at a position with 3

barrier cells) treated with 100 mM H2O2 in a step

(orange) or graded (pink) manner (as depicted in C–

E, n R 2 repeats).

(G) Boxplots indicate the median of time taken to

reach the peak gene expression for individual

mother cells under 100 mM H2O2 step treatment

(gradually responding genes: blue, pulsatile genes:

pink; box length extends to the lower and upper

quartile with error bars representing the range, n R 3 repeats per gene).

(H) Mean coefficient of variation (CV) for peak gene expression values of frontier cells showing cell-to-cell heterogeneity under 100 mMH2O2 step treatment (blue:

gradually responding genes, pink: pulsatile genes, error bars represent standard deviation, n R 3 repeats per gene).
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Pulsatile genes show higher cell-to-cell expression
heterogeneity
We next asked to what extent the expression of pulsatile and

gradually responding genes is coordinated within the same

cell. For this, we followed the expression dynamics of mother

cells (which can be monitored in the channels for many genera-

tions) and found that the time of induction after the onset of

stress was shorter and less variable across cells for the pulsatile

genes (Figure 5G). However, the amplitude of the expression

peak reached by individual cells was more variable for pulsatile

genes compared with gradually responding genes (Figures 5H,

S1, and S4). Regulation of pulsatile genes, therefore, appears

to prioritize precise control of the timing over the magnitude of

the response (Figures 5G, 5H, and S4). That is, this form of regu-

lation functions to activate a response very quickly, if not accu-

rately, in the face of rapid onset stress.
Next, we constructed a dual-reporter strain with two fluo-

rescently labeled transcriptional reporters: the pulsatile

PkatG-YFP (yellow fluorescent protein) reporter expressed

from a plasmid and the gradually responding PgrxA-CFP

(cyan fluorescent protein) reporter inserted on the chromo-

some (Figure 6A; Video S5). We also constructed a control

strain with two PgrxA reporters, one marked with CFP on

the chromosome and one marked with YFP on the plasmid,

to account for variability due to differences in fluorescent pro-

teins (YFP vs. CFP) and the difference in gene copy numbers

of the reporters (chromosomal vs. multi-copy plasmid) (Fig-

ure 6A; Video S6). The mean expression dynamics of the

dual-reporter strains matched our previous analysis for PkatG

and PgrxA in single reporter strains (Figure 6B; Video S5).

Interestingly, for the control strain, the plasmid-expressed

PgrxA displayed a slightly higher expression pulse compared
Cell Systems 15, 1033–1045, November 20, 2024 1039



Figure 6. Coordination of pulsatile and gradual gene regulation in single cells

(A) E. coli dual-reporter strains with PkatG-YFP on plasmid + PgrxA-CFP on chromosome (left) and PgrxA-YFP on plasmid + PgrxA-CFP on chromosome (right,

control strain). Kymographs represent gene expression levels for both reporters in cells treated with 100 mM H2O2 at t = 0 min.

(B) Mean expression of PgrxA-CFP (cyan) and PkatG-YFP (yellow) for frontier cells under 100 mM H2O2 provided at t = 0 min (n = 3 repeats, error bars: standard

deviation).

(C) Mean expression of PgrxA-CFP (cyan) and PgrxA-YFP (yellow) for frontier cells under 100 mM H2O2 provided at t = 0 min from experiments (left) and model

output (right) (n = 3 repeat, error bars: standard deviation).

(D) (Left) Representative expression of PkatG-YFP (yellow) and PgrxA-CFP (cyan) for individual mother cells after treatment with 100 mM H2O2 from t = 0 min.

(Right) Peak expression of PgrxA-YFP vs. PgrxA-CFP (black) and PgrxA-YFP vs. PkatG-CFP (orange) for mother cells after treatment with 100 mMH2O2. The lines

represent linear fits.

(E) (Left) Representative expression traces of PkatG-YFP (yellow) and PgrxA-CFP (teal) for individual mother cells during steady state with 100 mMH2O2 treatment

from t = 0min. (Right) PgrxA-YFP vs. PgrxA-CFP (black) and PgrxA-YFP vs. PkatG-CFP (orange) expression formother cells during steady statewith 100 mMH2O2

treatment. The lines represent the linear regression fit to the datasets. R2: Pearson correlation coefficient.

(F) Mean temporal cross-correlation of steady-state expression dynamics between PgrxA-YFP and Prna1-mKate2 (red), PgrxA-YFP and PgrxA-YFP or PgrxA-

CFP and PgrxA-CFP (gray), PgrxA-YFP and PgrxA-CFP (black), and PgrxA-YFP and PkatG-CFP (orange) for mother cells under 100 mM H2O2 treatment.
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with the PgrxA reporter on the chromosome, even after

normalizing for differences in the steady-state level (Figure 6C).

This is a subtle but significant effect and explained by our

model, which showed that the plasmid copy number in-

creases transiently when the cell growth rate slows during

the onset of H2O2 treatment (Figure 6C). This effective in-

crease in gene dosage leads to an additional expression

boost for the plasmid-based promoter.
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Focusing on the dual-reporter strain, we found that PkatG and

PgrxA expression in the same mother cell showed relatively little

correlation during the transient expression pulse (Figure 6D;

Video S5). However, both promoters exhibited substantial fluc-

tuations in gene expression during prolonged treatment, and

we found that these fluctuations were closely correlated (Fig-

ure 6E; Video S5). This was evident from gene expression levels

at discrete time points and from temporal cross-correlation
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Figure 7. Spatiotemporal expression pat-

terns across the OxyR regulon

(A) Snapshots of cells with representative re-

porters for the three categories of gene regulation:

PfhuF (downregulated), PyaaA (pulsatile), and

PahpC (gradually responding) during peak

expression (top) and at steady state (bottom) with

100 mM H2O2 treatment.

(B) Scavenging of H2O2 by bacteria creates

H2O2external gradients in the growth trench from the

source of treatment at the open end to the mother

cell at the closed end. Model output for the

expression of pulsatile (KatG, pink), gradually re-

sponding (GrxA, blue), and downregulated (nega-

tively regulated reporter, green) genes for cells

across the growth trench (increasing number of

barrier cells) relative to the expression of frontier

cells. Schematic illustrates gradient in H2O2external

along the growth trench.

(C) Mean expression of 31 transcriptional re-

porters for cells with different numbers of barrier

cells with 100 mM H2O2 treatment relative to the

expression of frontier cells during peak expression

(left) and steady state (right) (pulsatile: pink,

gradual: blue, down: green, constitutive Prna1-

mKate2: black, putative: gray; n R 3 repeats per

gene).

(D) Schematic depicting the expected spatial

variation across a bacterial population in the

expression of OxyR-controlled genes that are

downregulated (green, left), pulsatile induced (red,

center), and gradually responding (blue, right) un-

der H2O2 treatment.
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analysis (Figure 6F). Together, our single-cell analysis revealed

that pulsatile and gradually responding genes are tightly coordi-

nated during prolonged stress but appear to be uncoupled in

regulation during the transient response to sudden stress.

Differentially regulated genes show distinct spatial
patterns in cell populations
Spatial patterns of gene expression are important in the oxida-

tive stress response because of the ability of cells nearest the

stress to protect cells that are further away. This phenomenon

is remarkably effective, with each individual cell reducing the

local H2O2 concentration by around 30% in its vicinity inside

the one-dimensional microfluidic channel.26 Within colonies,

cells are protected in all three dimensions by surrounding cells

leading to even steeper spatial H2O2 gradients from the edge

to the interior of the population.28 However, how this spatial

structuring affects the whole oxidative stress regulon is un-

known. We, therefore, asked whether the different temporal

expression patterns we observe across the regulon were associ-

ated with different spatial expression patterns.

Quantifying expression levels in the channels of the microflui-

dic device revealed clear differences in the spatial patterning of

regulation across genes. Downregulated genes exhibited an in-

verse gradient to that of the stress, with the lowest expression

seen in the frontier cells that are closest to the H2O2 source

(Figures 7A and 7C; Video S2). Even passively induced genes

that are not part of the OxyR regulon showed a spatial gradient

in expression level that was driven by a more pronounced inhibi-
tion of growth for cells that are located closer to the H2O2 source

(Figure 7C). Turning to upregulated genes, we see a steeper

decay in expression in space as onemoves away from the source

of stress for pulsatile genes, as compared with the gradually re-

sponding genes, in both our model and experiments (Figure 7;

Video S1). That is, pulsatile genes are strongly upregulated in

relatively few cells that are close to the H2O2 source, which gen-

erates significant cross-protection, such that only the most

stressed cells show expression. Conversely, downregulated

genes aremore strongly expressed in the interior of a population.

The gradually upregulated genes then activate more evenly in

larger numbers of cells to provide lasting protection. Figure 7D il-

lustrates the resulting pattern of gene expression in a cell colony.

DISCUSSION

The rapid and coordinated regulation of stress response genes is

critical for survival in a changing environment.75 However, bulk

measurements provide limited insights into how gene expres-

sion dynamics are coordinated in space and timewithin cell pop-

ulations. To address this, we leveraged the power of single-cell

transcriptional reporters to follow the bacterial oxidative stress

response under continuous H2O2 treatment. Our work revealed

a diverse set of dynamics across 31 oxidative stress response

genes. Despite this diversity, our modeling and experiments

show that OxyR binding dynamics together with the effects of

stress on the cell growth rate can explain the different gene regu-

lation patterns. Promoters with a negative Kind exhibit reduced
Cell Systems 15, 1033–1045, November 20, 2024 1041



ll
OPEN ACCESS Article
expression rate, despite the fact that protein levels transiently in-

crease due to a slowdown of cell growth. For upregulated genes,

promoters with a high KD drive a strong transient expression

pulse after H2O2 treatment, leading to pulsatile expression,

whereas promoters with a lower KD activate genes more slowly

and sustain elevated expression rates throughout prolonged

treatment. Moreover, by using a dual reporter, we show that

the expression of different genes in the stress response diverges

during the initial rapid response to treatment but then becomes

closely correlated at steady state.

The dynamics we observe are broadly consistent with previ-

ous bulk measurements4,36,49 for time points shortly after the

start of treatment (Table S1). We observe differences at later

time points (Figure S5). However, these differences are to be ex-

pected because bulkmethods typically study gene expression in

dense cultures after a single high dose of H2O2. H2O2 levels

decay quickly in bulk cultures and the stress response abates,

which is not the casewith continuous supply of H2O2 inmicroflui-

dic chips.4,37,50 Although the microfluidics chips therefore pro-

vide clear advantages for this study, they do not fully reflect

the conditions in larger cell populations. To address this, we pre-

viously conducted experiments on cell colonies and found that

H2O2 treatment of colonies generated similar spatial gradients

in stress responses as in microfluidic channels.28 We also

showed how the response gradients scale with increasing

numbers of cells, both in microfluidic channels and in col-

onies72), meaning that results from microfluidics can be mean-

ingfully extrapolated to larger cell populations.

What is the evolutionary function of the different patterns in

gene regulation that we observe? Our model and experiments

suggest that the higher H2O2 sensitivity of pulsatile genes pro-

vides a rapid defense against sudden bursts of intracellular

H2O2. Interestingly, several of the pulsatile genes, including

yaaA,38 clpS,37 and hemH,41 are involved in iron regulation. Their

pulsatile induction is likely beneficial to counter the rapid lethality

of H2O2 experienced due to the Fenton reaction.62,76–79 Being

more sensitive to local H2O2 fluctuations, pulsatile genes there-

fore display high cell-cell variability in expression magnitude and

steeper spatial gradients compared with gradually responding

genes. Of the two H2O2 scavenging enzymes, pulsatile catalase

(katG) is important to protect against immediate stress experi-

enced by cells on the periphery of a population, whereas gradu-

ally responding alkyl hydroperoxidase (ahpCF) efficiently scav-

enges low H2O2 levels that reach the rest of the population.

Gradually responding thioredoxins (grxA79 and trxC46) regulate

the redox status of proteins, including OxyR. In contrast to the

pulsatile genes, the gradually responding genes show a more

consistent response both in space and time, with more cells

contributing to protection at the steady state. In this way, the ac-

tion of a single transcription factor is able to orchestrate the

stress response to generate both individual and collective

protection.
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Agarose Bio-Rad Product Number: 1613100

PDMS Univar Specialty Consumables Ltd Dowsil / Dow Corning Sylgard 184 Kit 1.1kg

Software and Algorithms

MATLAB Mathworks Mathworks.com

BACMMAN Schindelin et al.,80 Ollion et al.81 github.com/jeanollion/bacmman

Python Spyder anaconda.com

Deposited Data

Raw data collected and python code for

analysis

This study Oxford Research Archive - https://ora.ox.

ac.uk/objects/uuid:1b2c7733-9fc2-475e-

bd15-e4bf1cdc3e39
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EXPERIMENTAL MODEL

Strains and plasmids
We used strains derived from E. coli K12 AB1157 for our experiments. All the strains had a constitutively expressed Prna1-mKate2

marker aiding the segmentation of cells during microscopy and flhD deletion to stop the cells from escaping out of the microfluidic

growth channels during time-lapse microscopy. The reporter plasmids for genes used in this study were obtained from a transcrip-

tional reporter library of PSC101 plasmids.61 The reporter plasmids comprised of GFPmut2 fluorescence protein after the promoter

region of a given gene or operon and had a kanamycin resistance marker. GFPmut2 was replaced with SCFP3A fluorescent protein

for PkatG, PahpC, and PgrxA using Gibson Assembly (NEB).28 The reporter plasmids were mini-prepped and transformed in our

AB1157 background strain. Strains were selected on 25 mg/mL kanamycin resistance LB agarose plates and checked for fluores-

cence signal by microscopy snapshots.
e3 Cell Systems 15, 1033–1045.e1–e6, November 20, 2024
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The chromosomal reporter for PgrxA-SCFP3A was constructed by inserting PgrxA-SCFP3A-kanamycin using l-red recombina-

tion in endogenous loci (aslA) on the chromosome of DH5a strain carrying pKD46. The successful colonies were selected by growing

them overnight at 37�C on kanamycin plates and subsequently re-streaking again on kanamycin selective plates to remove the tem-

perature sensitive pKD46 plasmid. Then, the insert wasmoved into our strain of interest that had Prna1-mKate2marker and flhD dele-

tion, using P1 phage transduction. The successful colonies were selected on kanamycin plates and tested for the insert using colony

PCR, after which, the colonies were restreaked and grown overnight thrice to remove the phage. Colony PCR was again performed

before storing the strain at -80�C. PgrxA-mYPet and PkatG-mYPet plasmids with ampicillin resistance marker were obtained by edit-

ing PgrxA-SCFP3A and PkatG-SCFP3A plasmids using Gibson assembly. We first replaced SCFP3A with mYPet yellow fluorescent

protein and the resultant plasmid was edited again using Gibson assembly to replace the kanamycin resistancemarker with an ampi-

cillin resistancemarker. The final strain was checked by colony PCR,microscopy snapshot, and re-streaking on 100 mg/mL ampicillin

plates. Finally, the PgrxA-mYPet and PkatG-mYPet plasmids were transformed in the PgrxA-SCFP3A chromosomal fluorescent re-

porter strain to construct the dual reporter strain. The strain was imaged to test for dual fluorescence using microscopy snapshots

and selected on plates supplemented with 25 mg/mL kanamycin and 100 mg/mL ampicillin.

Media and growth conditions
Strains were stored in 20% glycerol stocks at -80�C. Strains were streaked on freshly prepared LB agar plates supplemented with

appropriate antibiotics for selection (25 mg/mL kanamycin and/or 100 mg/mL ampicillin) and incubated at 37�C. One colony was

picked from the overnight plates and added inminimal M9media with appropriate antibiotics for overnight growth at 37�C in a shaking

incubator at 200rpm. Theminimalmedia was prepared bymixingM9 salts (15 g/L KH2PO4, 64 g/L Na2HPO4, 2.5 g/L NaCl, and 5.0 g/L

NH4Cl), 2mMMgSO4, 0.1mMCaCl2, 0.5mg/mL thiamine, MEM amino acids, 0.1mg/mL L-proline, and 0.2%glucose. The next day,

cells were diluted 1:50 in minimal M9media and grown for�3 hours for the microfluidic experiments. 0.85 mg/mL Pluronic F127 was

also added to this culture and minimal media to avoid cell aggregation when loading the cells on a microfluidic chip. Minimal media

with or without H2O2was flown continuously throughmicrofluidic chips using syringe pumps. The concentration of H2O2 usedwas as

specified in the figure legends or text, and was added to the minimal M9 media just before setting up the experiments.

METHOD DETAILS

Microfluidic chip preparation and setup
Microfluidic setup and preparation of ‘mother machine’ devices were performed as described in Choudhary et al.28

Time-lapse microscopy
Time-lapse imaging was performed using a Nikon Ti-E inverted fluorescence microscope equipped with 100x NA 1.40 immersion oil

objective, motorized stage, sCMOS camera (Hamamatsu Flash 4), LED excitation source (Lumencor SpectraX), and operated with a

perfect focus system. Exposure times were 100 ms for Prna1-mKate2 (l = 555 nm), 300 ms for MutL-mYPet (l = 508 nm), 75ms for

GFPmut2 reporter (l =470 nm) and 75ms for sCFP3 reporter (l = 440 nm) using 50% of maximal LED excitation intensities. The exci-

tation and emission lights were separated using a triband dichroic and individual emission filters. Themicroscope chamber (Okolabs)

was maintained at 37�C throughout the experiments and images were captured every 3 min.

QUANTIFICATION AND STATISTICAL ANALYSIS

Mother machine data processing and analysis
The microscopy time-lapse.nd2 files for the experiments were processed using BACMMAN plugin81 in Fiji,80 which were subse-

quently analysed using custom made Python scripts. BACMMAN first performs pre-processing which corrects for drifts during im-

aging and aligns growth channels spatially over time. To obtain cellular parameters, we used the Prna1-mKate2 marker to segment

and mark the cell outlines against the background and then used this as a mask for other fluorescence channels. In all the fluores-

cence channels (CFP, GFP andmYPet), the mean fluorescence intensity inside themask of each cell mask were computed. The cells

were tracked over time using the segmentation masks of mKate2 channel to provide cell lineage information. BACMMAN generated

output in separate excel files containing cell growth characteristics, Prna1-mKate2 intensity data and one file for each fluorescence

data. These files were then analyzed using a custom python pipeline to compute cell parameters as described below.

Elongation Rate

The instantaneous elongation rate at time t was calculated based on the log-difference in cell length Lt at time between consecutive

frames as logðLtÞ� logðLt�DtÞ
Dt : For calculating the elongation rates of cells at different positions in the growth trench, cells were tracked

according to their initial position until the number of barrier cells decreased by 2.

Gene expression

Reporter fluorescence intensity values were averaged over the area of each cell.

Number of barrier cells

The number of cells that are located between the open end of a trench and the cell being analysed.
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Promoter activity

The instantaneous promoter activity at time t was calculated as the cell averaged rate of change of total fluorescence intensity of a

cell. It was computed as16:
1
A

dðI:AÞ
dt = I 1A

dA
dt +

dI
dt where I is the mean fluorescent intensity of cell and A is the cell area. Here, 1

A
dA
dt was given by the instantaneous

elongation rate of the cell. For calculating the promoter activity values of cells at different positions in the growth trench, cells were

tracked according to their initial position until the number of barrier cells decreased by 2.

Expression Rate

The instantaneous expression rate at time t was calculated based on the difference in cell intensity It at time between consecutive

frames as It � It�Dt

Dt : For calculating the expression rates of cells at different positions in the growth trench, cells were tracked according

to their initial position until the number of barrier cells decreased by 2.

Peak expression

90th percentile of the mean fluorescence intensities from 12 to 90 minutes after the start of H2O2 treatment.

Steady state expression

Average of the mean fluorescence intensities from 150 minutes after the start of H2O2 treatment.

Time to peak expression for single cells

Time in minutes post treatment until 100 minutes when individual cells show maximum fluorescence intensity.

Peak expression for single cells

Mean fluorescence intensity for individual cells from 18 minutes until 90 minutes post treatment. This value was subtracted by the

mean fluorescence intensity without H2O2 treatment i.e. basal fluorescence intensity.

Coefficient of variation

The CV values were calculated as the standard deviation divided by the mean.

Relative expression in spatial dimension

Expression intensity of cells with at least 1 barrier cells were divided by the intensity of outermost cell (i.e. cell with no barrier cells) for

each growth channel at a given time point.

Cross-correlation analysis

The temporal cross-correlation between the different reporter intensity traces of mother cells was computed using the statsmodel

library in Python. Correlation values from individual growth trenches were then averaged over all observed growth trenches.

Linear regression analysis
The linear regression analysis was performed in Python using the stats.linregress function in scipy library which computes the least

square regression for a linear fit between two sets of data points.

Oxidative stress response model
We modelled the oxidative stress response model as shown in Figure 4A and previously described in Choudhary et al.72 Here,

external H2O2 is provided at the rate Rinflux. Intracellular H2O2 (½H2O2�cell) oxidises OxyR with rate Kox and converts it to the oxidised

form that induces the genes in its regulon. For simplicity, we modelled the induction of important representative genes of the stress

response regulon by OxyR: glutaredoxin-1 (grxA) that converts OxyR oxidised back to its reduced form with rate Kred, scavengers:

alkyl hydroperoxidase (ahpC) and catalase (katG) that reduce ½H2O2�cell and a reporter gene that does not directly or indirectly affect

the OxyR regulation. All gene products are produced at a basal expression rate (RgrxA;basal;RkatG;basal;RahpC;basal;Rreporter;basal) and their

expression is modulated upon induction by OxyR. The induction by OxyR is modelled as Michaelis Menten kinetics with maximal

induction rate given by Kind (KgrxA;ind;KahpC;ind;KkatG;ind;Kreporter;ind) and half-maximal induction Km is given by dissociation constant

of OxyR from the promoter regions of the genes (KD) (KD;grxA; KD;katG;KD;ahpC;KD;reporter ). Finally, the gene expression reduces due

to growth dependent dilution effect where growth rate (g) is a function of ½H2O2�cell.
This leads to the following equations:

d½OxyR�Red
dt

= � Kox $ ½OxyRRed� $ ½H2O2�cell + Kred $ ½GrxA�$
� ½OxyR�total � ½OxyR�Red�½OxyR�total � ½OxyR�Red

�
+hOxyR

�
(Equation 1)
d½GrxA�
dt

= RgrxA;basal + KgrxA;ind $

� ½OxyR�total � ½OxyR�Red�½OxyR�total � ½OxyR�Red
�
+KD;grxA

�
� g$½GrxA� (Equation 2)
d½KatG�
dt

= RkatG;basal + KkatG;ind $

� ½OxyR�total � ½OxyR�Red�½OxyR�total � ½OxyR�Red
�
+KD;katG

�
� g$½KatG� (Equation 3)
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d½AhpC�
dt

= RaphC;basal + KahpC;ind $

� ½OxyR�total � ½OxyR�Red�½OxyR�total � ½OxyR�Red
�
+KD;ahpC

�
� g$½AhpC� (Equation 4)

The intracellular ½H2O2�cell concentration is determined by the influx of external H2O2 with rate Rinflux$½H2O2�external, a basal endog-

enous production rate RH2O2 ;basal, and scavenging by catalase and peroxidase enzymes with Michaelis-Menten kinetics where KAhpC,

KKatG are the catalytic rate constants and hAhpC, hKatG are the Michaelis constants:

d½H2O2�cell
dt

= Rinflux $ ½H2O2�external + RH2O2 ;basal � KAhpc $ ½AhpC� $
� ½H2O2�cell
½H2O2�cell+hAhpC

�
� KKatG $ ½KatG�$

� ½H2O2�cell
½H2O2�cell+ hKatG

�

(Equation 5)

The model was parametrised using the following literature values from Choudhary et al.72:

KAhpc = 660 s� 1; hAhpC = 1:2 mM;KKatG = 490000 s� 1; hKatG = 5900 mM
KD;AhpC = 0:1 mM;KD;KatG = 0:18 mM;KD;GrxA = 0:1 mM;KAhpC;act = 0:2 mMmin� 1;KKatG;act = 0:15 mM min� 1;KGrxA;act

= 0:1 mMmin� 1;RgrxA;basal = RkatG;basal = 0 mMmin� 1;RaphC;basal = 0:01 mMmin� i
RH2O2 ;basal = 0:02 mMmin� 1;Kox = 0:1 mM� 1 s� 1;Kred = 8 mM s� 1;hOxyR = 2583 mM; ½OxyR�total
= 1 mM;Rinflux = 1 min� 1;g = 0:012 min� i

The following additions were incorporated to our previous model,

A constitutive gene, that is not part of the OxyR regulon, was alsomodelled such that it was expressed at rateRconstitutive and diluted

with growth:

d½Constitutive�
dt

= Rconstitutive � g$½constitutive� (Equation 6)

Here, Rconstitutive is 0.1 a.u. min-1.

A reporter gene that is regulated by OxyR but does not affect ½H2O2�cell or OxyR regulation directly, was introduced as follows:

d½reporter�
dt

= Rreporter;basal + Kreporter;ind $

� ½OxyR�total � ½OxyR�Red�½OxyR�total � ½OxyR�Red
�
+KD;reporter

�
� g$½reporter� (Equation 7)

Here Kreporter;ind > 0 for positive regulation and Kreporter;ind < 0 for negative regulation.

Here, Rreporter;basal = 4 a.u. min-1 and Kreporter;ind = � 30min� 1$KD;reporter = -3 a.u. min-1.

To study the effect of KD and Kind on gene expression dynamics, we varied KD;reporter taking values 0.01 a.u.,0.02 a.u., 0.05 a.u.,

keeping
Kreporter;ind

KD;reporter
= 1, and we varied Kreporter;ind taking values 0.01 a.u. min-1,0.02 a.u. min-1, 0.05 a.u. min-1 where KD;reporter was

0.04 a.u.

Lastly, the effect of plasmid copy number variation is considered by modifying the equation for reporter gene expression (Eq 7)

such that the gene induction is proportional to the plasmid copy number n. The change in plasmid copy number is computed as

a constitutive expression with rate Rn and diluted by cellular growth as given below.

dn

dt
= Rn � g$n (Equation 8)

We took Rn as 0.1 a.u. min-1, and the variation of reporter gene expression on a plasmid is modelled as follows:

d½Reporter�
dt

= Rreporter;basal + Kreporter;ind $

� ½OxyR�total � ½OxyR�Red�½OxyR�total � ½OxyR�Red
�
+KD;reporter

�
:n � g$½Reporter� (Equation 9)
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