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ABSTRACT
Controlling cell population dynamics and phenotypic diversification is a key objective in systems and synthetic biology, par-
ticularly for ensuring uniform responses from engineered gene circuits. While cell–machine interfaces have been employed to 
modulate host–gene circuit interactions, environmental perturbations typical of industrial bioreactor conditions remain under-
explored. In this study, we investigate the impact of such perturbations on the general stress response in Escherichia coli and 
Saccharomyces cerevisiae. Using scale-down bioreactor experiments, we evaluate the performance of the Segregostat, a real-time 
control system that leverages automated flow cytometry to induce dynamic nutrient shifts. The Segregostat achieves robust stress 
response control, even under severe perturbations such as extended residence times in a two-compartment reactor. We hypoth-
esise that this robustness arises from the system's ability to amplify host-compatible fluctuations beyond bioreactor-induced 
perturbations. Our findings highlight the importance of integrating environmental factors into control strategies for reliable gene 
circuit behaviour in industrial bioprocessing environments.

1   |   Introduction

Isogenic microbial populations are now well known to dis-
play phenotypic heterogeneity. It is observed in homogeneous 
environments as a consequence of stochastic gene expression 
(Elowitz et al. 2002), and can be further shaped by single-cell 
responses to fluctuating environmental conditions (Thattai 
and Van Oudenaarden 2004; Henrion et al. 2022). Such diver-
sification leads to the apparition of functional differences be-
tween cells, potentially increasing the fitness of the population 
(Ackermann 2015). However, in bioproduction contexts, pheno-
typic heterogeneity is generally undesirable, as it tends to make 
processes unpredictable and is presumed to contribute to insta-
bility and reduced production yields (Binder et al. 2017; Heins 

and Weuster-Botz  2018). Developing strains, process designs 
and strategies to control population heterogeneity and optimise 
microbial production therefore represent key challenges in bio-
technology (Xiao et  al.  2016; Binder et  al.  2017; Sampaio and 
Dunlop 2020; Olsson et al. 2022).

Systems and synthetic biology have significantly advanced our 
ability to design and control synthetic or natural gene circuits, 
yet most work has focused on their interactions with the cel-
lular host (Liao et al. 2017; Piho and Thomas 2024), address-
ing challenges such as metabolic burden (Ceroni et al. 2018), 
switching dynamics (Tan et al. 2009), and population heteroge-
neity (Henrion et al. 2023). Meanwhile, bioprocess engineering 
has concentrated on optimising the interplay between cells and 
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their physical environment within bioreactors (Lara et al. 2006; 
Haringa et al. 2016). On top of these parallel advances, prog-
ress in fields such as industrial biotechnology, therapeutic 
protein production, and biosensing increasingly depends on 
bridging these two domains to create scalable and controllable 
bioprocesses (Delvigne et al. 2017). A key step toward this inte-
gration is the development of robust frameworks that account 
for the full spectrum of interactions, that is, between gene 
circuits, host physiology and bioreactor conditions. Recent in-
novations have introduced cell–machine interfaces capable of 
connecting microbial populations to external computers and 
controllers, enabling real-time modulation of gene expression 
(Milias-Argeitis et  al.  2016; Rullan et  al.  2018; Lugagne and 
Dunlop 2019). However, these technologies remain largely un-
tested under the dynamic and often harsh conditions relevant 
to industrial-scale bioprocessing (Pouzet et al. 2020).

In this work, we address this gap by evaluating the Segregostat, 
a real-time control platform for microbial populations (Sassi 
et al. 2019), under scale-down bioreactor conditions. This approach 
enables us to assess the robustness, responsiveness and scalability 
of cell–machine interfaces, paving the way for their deployment 
in industrial biotechnology applications. More specifically, we 
employed the Segregostat to modulate the general stress response 
in S. cerevisiae and E. coli. These regulatory networks, previously 
shown to generate substantial population heterogeneity (Levy 
et al. 2012; Patange et al. 2018; Sampaio et al. 2022), are of par-
ticular interest for bioprocess optimisation (Minden et  al.  2023; 
Temelli et al. 2025), where controlling their activity could mitigate 
growth arrest and reduce the metabolic burden associated with 
their activation (Enfors et al. 2001; Delvigne et al. 2009). Under 
standard laboratory-scale bioreactor conditions, the Segregostat 
consistently reduced phenotypic heterogeneity, reflecting cell-to-
cell variability in stress response, in both E. coli and S. cerevisiae. 
The magnitude of this reduction scaled proportionally with the 
metabolic burden imposed by activation of the target gene circuit, 
in agreement with previous observations (Henrion et al. 2023). We 
next implemented a two-compartment scale-down reactor (SDR) 
to reproduce the concentration gradients characteristic of poorly 
mixed large-scale bioreactors (Delvigne et  al.  2017; Arulrajah, 
Lievonen, et  al.  2025). Even under these highly heterogeneous 
conditions, the Segregostat maintained robust population-level 
control, demonstrating resilience to severe mixing limitations.

2   |   Material and Methods

2.1   |   Code and Data Availability

Scripts used for data analysis, figure generation and for the cy-
bernetic model are available at: https://​gitlab.​uliege.​be/​mipi/​
publi​shed-​softw​are/​2025-​scale​downs​egreg​ostat​.

The raw data have been deposited in Zenodo under DOI: https://​
doi.​org/​10.​5281/​zenodo.​17453611.

2.2   |   Microbial Strains and Growth Media

The bacterial model used was the Escherichia coli MG1655 
PydcS::GFPmut2 strain from the Zaslaver collection (Zaslaver 

et al. 2006). This strain carries a plasmid containing a transcrip-
tional reporter for PydcS and a kanamycin resistance marker. 
The yeast used in this work was the Saccharomyces cerevisiae 
CEN.PK 113-7D strain with the chromosomal integration of 
a reporter cassette Pglc3::eGFP (Zid and O'Shea  2014; García-
Timermans et al. 2020). The rationale for selecting PydcS and Pglc3 
as reporters of the general stress response in E. coli and S. cerevi-
siae has been described previously (Delvenne et al. 2025).

Unless otherwise specified, the following media were used. 
E. coli has been cultivated in a mineral medium contain-
ing (in g/L), K2HPO4: 14.6, NaH2PO4 · 2H2O: 3.6, Na2SO4: 2, 
(NH4)2SO4: 2.47, NH4Cl: 0.5, (NH4)2−H−citrate: 1, glucose: 5, 
thiamine: 0.01. The medium is supplemented with a trace ele-
ment solution added at a ratio of 11 mL/L and assembled from 
the following solutions (in g/L), 3/11 of FeCl3 · 6H2O: 16.7, 3/11 
of EDTA: 20.1, 2/11 of MgSO4: 120, and 3/11 of a metallic trace 
element solution. The metallic trace element solution contains 
(in g/L): CaCl2 · 2H2O: 0.74, ZnSO4 · 7H2O: 0.18, MnSO4 · H2O: 
0.1, CuSO4 · 5H2O: 0.1, CoSO4 · 7H2O: 0.21. For plasmid main-
tenance, it has been supplemented with kanamycin (50 mg/L). 
The trace element solution, the thiamine and the antibiotic were 
filter-sterilised (0.22 μm) before supplementation of the other 
component that were heat-sterilised (at 120°C).

S. cerevisiae has been cultivated in a mineral medium based 
on the recipe of Verduyn et  al.  (1992). It contains, per litre, 
(NH4)2SO4: 5 g, KH2PO4: 3 g, MgSO4 · 7H2O: 0.5 g, EDTA: 
95.55 mg, ZnSO4 · 7H2O: 22.5 mg, MnCl2 · 4H2O: 5 mg, CoCl2 
· 6H2O: 1.5 mg, CuSO4 · 5H2O: 1.5 mg, Na2MoO4 · 2H2O: 2 mg, 
CaCl2 · 2H2O: 22.5 mg, FeSO4 · 7H2O: 15 mg, H3BO3: 5 mg, KI: 
0.5 mg and glucose: 7.5 g. After heat sterilisation (at 120°C) of 
those components, the filter-sterilised (0.22 μm) vitamins were 
added. The final medium contains per litre, D-biotin: 0.05 mg, 
calcium pantothenate: 1 mg, nicotinic acid: 1 mg, myo-inositol: 
25 mg, thiamine HCl: 1 mg, pyridoxine HCl: 1 mg and para-
aminobenzoic acid: 0.2 mg.

For bioreactor cultivations, 100 μL of TEGO Antifoam KS 911 
were added per litre of medium.

2.3   |   Continuous Cultivations Operations

The operating parameters of continuous cultures are provided in 
the Appendix S1: Tables.

To prevent unwanted reporter activation, strains were culti-
vated in two successive precultures. Both steps were carried 
out in 500 mL or 1 L flasks containing 50 or 100 mL of me-
dium, respectively, incubated at 37°C for E. coli or 30°C for 
S. cerevisiae, with agitation at 150 rpm. The first preculture 
was started either from a glycerol stock or from a single colony 
grown on an agar plate (LB supplemented with 50 mg/L ka-
namycin for E. coli, YPD for S. cerevisiae) and incubated over-
night. The second preculture was inoculated with this culture 
to reach an initial OD600 ≈0.5 and incubated until sufficient 
biomass was obtained for bioreactor inoculation (approx-
imately 3 h for E. coli and 6 h for S. cerevisiae). Batch phases 
were initiated at an OD600 of about 0.1 (or 0.2 for experiments 
performed in the Biostat B-Twin bioreactor).
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Continuous cultivations were conducted in either Biostat B-
Twin (Sartorius, Göttingen, Allemagne) or in Bionet F1 bio-
reactor (Bionet, Murcia, Spain), with a working volume of 
1 L, an agitation speed of 1200 rpm for E. coli or 1000 rpm for 
S. cerevisiae, and an aeration rate of 1 VVM. Temperature 
was maintained at 37°C for E. coli and 30°C for S. cerevisiae, 
while pH was regulated at 7 and 5, respectively. Each cultiva-
tion began with a batch phase that continued until the carbon 
source was fully depleted (as indicated by a rise in dissolved 
oxygen) or, for yeast, after approximately 15 h. Chemostat con-
ditions were applied at D = 0.3 h−1 for E. coli and D = 0.1 h−1 for 
S. cerevisiae, with each condition maintained for at least five 
residence times. These dilution rates were selected to operate 
under nutrient-limited conditions and to promote activation 
of the general stress response. In chemostat operation, the 
dilution rate sets the specific growth rate and is correlated 
with residual substrate concentrations, while being anti-
correlated with the expression of stress-related genes (Ihssen 
and Egli  2004; Ferenci  2007). In Segregostat experiments, a 
feedback control algorithm (custom MATLAB script based 
on online flow cytometry data, see below) actuated a pump 
to deliver glucose pulses (1 g per pulse for E. coli and 0.4 g per 
pulse for S. cerevisiae). These pulse magnitudes were selected 
based on preliminary exploratory experiments and previous 
Segregostat studies. For S. cerevisiae, an intermediate pulse 
magnitude was chosen, as control could be achieved over a 
range of concentrations tested between 0.2 and 0.8 g per pulse 
(data not shown). For E. coli, the lowest pulse magnitude en-
abling reliable population control was selected. As a result 
of glucose pulsing, the effective dilution rate temporarily ex-
ceeded the nominal chemostat values (up to 0.33 h−1 for E. coli 
and 0.125 h−1 for S. cerevisiae). Pulses were triggered when 
more than 50% of the population exceeded a predefined flu-
orescence threshold (see tables in Supporting Information). 
The 50/50 partition was chosen because it corresponds to the 
median of the population distribution, providing a robust and 
intuitive criterion to determine whether most cells are above 
or below the fluorescence threshold. This choice reduces sen-
sitivity to outliers and has been previously used in population-
level feedback control strategies.

The simplified scale-down bioreactor consisted of a stirred-tank 
reactor (working volume 0.8 L) coupled with a recirculation loop 
(working volume 0.2 L) (Figure 2B). The recirculation loop was 
composed of a 10 m long, 0.5 cm diameter silicone tube. Feeding 
and pulse additions were applied at two-thirds of the tube length 
i.e., one-third before returning to the stirred tank. Chemostat 
and Segregostat cultures were performed at different residence 
times in the recirculation loop (see Appendix S1: tables for the 
list of tested conditions). All other operating parameters were 
identical to those used in the lab-scale bioreactors described 
above. No limitations other than the carbon source were ob-
served (Appendix S1: Note 5).

2.4   |   Continuous Cultivations Monitoring 
and Data Treatment

Dissolved oxygen and pH were monitored in all experiments. 
For experiments performed in Bionet F1 bioreactor, biomass 

was monitored with Hamilton Dencytee RS485 probes. Single-
cell dynamics were monitored throughout the cultures using 
an automated flow cytometry setup. This system combined a 
custom-built sampling device (integrated in the Segregostat 
platform (Henrion et al. 2023; Sassi et al. 2019)) with a benchtop 
flow cytometer (BD Accuri C6 or BD Accuri C6+). Every 12 min, 
a sample was withdrawn from the bioreactor, diluted in PBS, 
and subsequently analysed.

For measurements obtained with the BD Accuri C6, the cy-
tometer was operated with a custom fluidics setting (24 μL/
min, 8 μm core), and the FSC-H threshold was adjusted to 
20,000 for E. coli and 80,000 for S. cerevisiae. When using the 
BD Accuri C6+, the flow rate was set to ‘medium’ (35 μL/min, 
16 μm core), and the threshold was set to 15,000 for E. coli and 
80,000 for S. cerevisiae. Under these configurations, roughly 
40,000 cells were acquired per sample. GFP fluorescence was 
recorded in the FL1-A channel (excitation at 488 nm and emis-
sion filter 533/30 nm).

To enable direct comparison between replicates measured on 
different flow cytometers, data from the BD Accuri C6 were 
transformed as previously described (Delvenne et  al.  2025). 
Flow cytometry datasets were pre-processed by discarding zero 
values and doublets.

To quantify population-level heterogeneity in gene circuit 
activation, we used Shannon entropy, a metric derived from 
information theory. Compared to traditional metrics such as 
the coefficient of variation or the Fano factor, entropy is par-
ticularly well suited to capture heterogeneity in multimodal 
distributions and is less sensitive to changes in average expres-
sion levels (Silander et al. 2012; Sanchez and Golding 2013). 
Entropy (H) was calculated from the distribution of single-
cell fluorescence values across discrete bins using the formula 
below, where m is the number of bins and pi the probability 
of a data point falling into bin i. In our case, the fluorescence 
distribution was discretised into 50 logarithmically spaced 
bins spanning from 1 to 106 a.u. A schematic illustration of the 
entropy computation is provided in Figure 1C. As illustrative 
extreme cases, entropy is maximal when the population is 
evenly distributed across all bins and minimal (H = 0) when 
the entire population occupies a single bin.

The functions linking fluorescence and growth rate (i.e., 
trade-off curve), used to infer single-cell growth rates, were 
determined by exploiting the fluorescence relaxation phases 
in Segregostat experiments. The underlying assumptions and 
validation of this approach are presented in detail in Delvenne 
et al. (2025). Briefly, the relation was inferred from the fluores-
cence relaxation phases occurring between successive induc-
tions. During these phases, fluorescence production is halted 
and its decrease is dominated by dilution due to cell growth, as 
protein degradation is negligible over the considered time scale. 
Assuming that growth rate remains approximately constant 
over short relaxation intervals and that growth rate is a mono-
tonically decreasing function of fluorescence, the decay of flu-
orescence was tracked for different quantiles of the population 

H = −

∑m

i=1
pi. log2

(

pi
)
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over five successive flow cytometry measurements (≈1 h). For 
each relaxation phase, growth rates were estimated from the flu-
orescence decay of multiple percentiles spanning the distribu-
tion (5%–95%). These estimates were combined across relaxation 

phases and biological replicates to infer a functional relation-
ship between fluorescence and growth rate, which was then 
used to reconstruct growth rate distributions from fluorescence 
measurements.

FIGURE 1    |     Legend on next page.
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2.5   |   Cybernetic Modelling of Continuous 
Cultivations

Models for the different continuous cultivations, with and 
without plug flow reactor (PFR) loops, were performed using 
a simplified version of a toolbox published in a previous work 
(MONKS) (Martinez et al. 2022). The toolbox and data files used 
for the calculation of each model as well as the jupyter note-
books with each of the performed models can be found in the 
GitLab repository referenced above.

The main difference are the modifications to adapt a PFR to 
the main MONKS modelling toolbox. To this end, the model 
was set on creating volumetric cells with a fraction of the 
total volume of the CSTR and PFR volumes. Initial Biomass is 
then divided into each volumetric cell. These volumetric cells 
then virtually exist inside the CSTR until randomly selected 
to enter the PFR. The selection is performed every delta time 
and made with a uniform probability density function for the 
remaining volumetric cells inside the CSRT. The number of 
volumetric cells selected to enter the PFR is calculated con-
sidering the delta volume equal to the fraction of the volume 
needed to enter PFR according to the flow rate for each ex-
periment (calculated from the retention time in the PFR and 
the total volume of the PFR). Once in the PFR the volumetric 
cells pass through it as sections of volumes and only updated 
in their concentrations until arriving the section of the feed 
and pulse ports (2/3 of the total PFR volume). Feed is con-
tinuously updated at this point, and pulses are performed ac-
cording to the experimental files. Once cells exit the PFR the 
remaining mass of the feeds and pulses are used to update 
the concentration in all the cells of the CSTR. For all simu-
lations between 1500 and 2000 volumetric cells were used 
to simulate different cell experimental lifelines as each vol-
umetric cell contains the biomass information and the envi-
ronmental substrates and products available, at this point and 
for each delta time MONKS cybernetic modelling approach is 
used to calculate the biomass growth, substrate consumption 
and product formation within each volumetric cell. Finally, 
in the CSTR the effect of each cell is distributed for all cells 
as environmental information, while in the PFR the environ-
mental information is not distributed and therefore the bio-
mass can only use substrate directly in their own volumetric  
cell.

3   |   Results

3.1   |   Segregostat Reduces Cell-To-Cell 
Heterogeneity (Entropy) in Stress Response at 
Laboratory Scale

A variety of cell–machine interfaces are now available to en-
able direct communication with targeted cell populations and 
to monitor and/or control their physiological states (Milias-
Argeitis et  al.  2016; Lugagne et  al.  2017; Rullan et  al.  2018; 
Lugagne and Dunlop 2019; Sassi et al. 2019; Bertaux et al. 2022; 
Delvigne and Martinez  2023; Sosa-Carrillo et  al.  2023). 
Among them, we utilised the Segregostat, a platform that 
combines automated flow cytometry (AFC) with a feedback 
control loop, to regulate the general stress response in bac-
terial and yeast populations (Figure  1A). Under chemostat 
conditions, nutrient limitation triggers the transition to stress 
states. This transition can be counteracted by timely glucose 
pulses. In our setup, glucose was automatically pulsed into the 
bioreactor whenever single-cell fluorescence measurements 
indicated that more than 50% of the population exceeded a 
defined stress threshold (Figure  1A,B). This approach cre-
ated alternating phases of feast (glucose pulsing, promoting 
growth) and famine (no pulsing, promoting nutrient limita-
tion and stress responses), ultimately driving coordinated and 
synchronised gene expression within the population (Henrion 
et al. 2023).

Previously, we demonstrated that the degree of cell-to-cell het-
erogeneity in stress-related gene expression, quantified here 
using Shannon entropy (Figure 1C; see Material and Methods), 
is primarily driven by the fitness or switching cost, defined 
as the reduction in growth rate experienced by cells that acti-
vate stress responses (Henrion et al. 2023). By exploiting the 
alternation of stress induction and relaxation phases gener-
ated by the Segregostat, we were able to quantify the trade-
off between growth and the expression of a stress-related 
gene (Figure  1B) (Delvenne et  al.  2025). Interestingly, this 
fitness cost differs significantly between Escherichia coli and 
Saccharomyces cerevisiae (Figure 1B) (Delvenne et al. 2025). 
In S. cerevisiae, the fitness cost is considerable (i.e., highly 
stressed cells have been shown to stop growing (Delvenne 
et  al.  2025)) and leads to a highly heterogeneous activation 
of the general stress response under chemostat conditions, as 

FIGURE 1    |    Synchronisation and homogenisation of stress-related genes based on the Segregostat technology. (A) Schematic representation of 
the Segregostat setup. (B) Control loop of the Segregostat and illustration of the trade-off between growth and stress-related gene expression in E. coli 
and S. cerevisiae. The horizontal grey dashed line indicates the fluorescence threshold. Red arrow indicates activation of glucose pulse, while blue 
once indicates its inactivation. The coloured dots indicate different replicates for computing the trade-off (see Material and Methods), adapted from 
Delvenne et al. (2025). (C) Schematic explanation of population heterogeneity quantification by Shannon entropy (H). This measure comes from in-
formation theory and is computed from the distribution of the population across discrete bins. (D, E) Fluorescence time-scatter plots and correspond-
ing entropy dynamics of S. cerevisiae Pglc3::GFP in continuous chemostat cultivation at D = 0.1 h−1 (D) and under Segregostat control (Threshold = 3000 
A.U., 0.4 g glucose/pulse) (E). Glucose pulses are marked by red vertical lines. (G, H) Fluorescence time-scatter plots and corresponding entropy dy-
namics of E. coli PydcS::GFP in continuous chemostat cultivation at D = 0.3 h−1 (G) and under Segregostat control (Threshold = 1150 A.U., 1 g glucose/
pulse) (H). Glucose pulses are marked by red vertical lines. (F–I) Basal entropy of S. cerevisiae (F) and E. coli (I), calculated from the fluorescence 
distribution of the population over time, represented as boxplots. For chemostat conditions, entropy is computed from 3 residence times onward until 
the end of cultivation. For Segregostat conditions, only the last 3–4 oscillations are considered.
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FIGURE 2    |    Scale-down effects on population dynamics in the absence of Segregostat regulation. (A) Schematic representation of the online flow 
cytometry platform for monitoring the scale-down reactor. (B) Simplified scale-down design composed of a STR (Zone 1) (VA = 0.8 L) with a recircu-
lation loop (Zones 2 and 3) (VB+C = 0.2 L, VB = 0.067 L, VC = 0.133 L). Feeding and pulses when present are performed at 2/3 of the recirculation loop 
(between zone 2 and 3). (C, E) Fluorescence time-scatter plots and corresponding entropy dynamics from continuous chemostat scale-down cultiva-
tion (Trloop = 8 min) of E. coli PydcS::GFP (D = 0.3 h−1) (C) and S. cerevisiae Pglc3::GFP (D = 0.1 h−1) (E). (D, F) Comparison of fluorescence distribution 
between Lab-Scale (LS) and Scale-Down (SD) chemostat conditions at steady state at D = 0.3 for E. coli (E) and D = 0.1 for S. cerevisiae (H). The time 
indicated corresponds to the duration spent in the condition prior to the measurement.
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reflected by elevated entropy levels (Figure 1D). Functionally, 
this elevated entropy enables the population to maintain an 
average growth rate above or equal to the dilution rate, even 
though individual cells may incur significant growth penal-
ties. This population-level resolution of the trade-off between 
growth and gene expression has been previously described 
as the Fitness–Entropy Compensation effect (Delvenne 
et al. 2025). This effect is particularly pronounced when mon-
itoring the Pglc3::GFP transcriptional reporter at low dilution 
rates, where stress responses are robustly induced (Henrion 
et  al.  2023; Delvenne et  al.  2025) (Figure  1D, Appendix  S1: 
Note 1). By contrast, E. coli exhibits a different diversification 
pattern, characterised by lower entropy under chemostat con-
ditions (Figure  1G). This is because the activation of stress-
related genes in E. coli, monitored here using a PydcS::GFP 
transcriptional reporter as a proxy for RpoS-dependent stress 
response, does not entail a significant switching cost (Henrion 
et al. 2023; Delvenne et al. 2025). Beyond its analytical capa-
bilities, the Segregostat also enables active control of popula-
tion dynamics. Indeed, despite the mentioned species-specific 
differences, it successfully synchronised stress gene expres-
sion and reduced overall population heterogeneity in both or-
ganisms, compared to chemostat cultures operated at similar 
dilution rates (Figure 1D–I, Appendix S1: Note 1).

However, all data collected so far has been generated using lab-
scale bioreactors. It is well established that scale-up introduces 
significant challenges, particularly the reduction in global mixing 
efficiency, which leads to the formation of spatial concentration 
gradients that can impact cellular physiology. In our context, such 
gradients are expected to result in zones of glucose excess and 
starvation, which could limit the effectiveness of the Segregostat 
technology in regulating the general stress response at the pop-
ulation level by shadowing the environmental changes it is de-
signed to impose. To explore this, we will assess the performance 
of the Segregostat in two-compartment scale-down bioreactors, 
which are designed to mimic the heterogeneities encountered in 
large-scale industrial systems (Haringa et al. 2016, 2017).

3.2   |   Scaled-Down Conditions Do Not Lead to an 
Increase of Population Entropy

To assess the robustness of the Segregostat control under en-
vironmental perturbations, we designed a two-compartment 
scale-down reactor (SDR) consisting of a standard lab-scale 
stirred-tank bioreactor (STR) connected to a recirculation 
loop (Figure  2A,B). In this configuration, substrate is typ-
ically injected into the recirculation loop. Combined with 
cellular consumption along the loop, this generates concentra-
tion gradients that result in the formation of distinct zones of 
nutrient excess (red) and starvation (blue) (Figure 2A,B; note 
the colours are a qualitative illustration, and the local mani-
festation of excess/starvation conditions may differ between 
E. coli and S. cerevisiae due to specific uptake rates). This setup 
mimics large-scale bioreactor heterogeneities, where subpop-
ulations of cells are stochastically exposed to varying sub-
strate concentrations.

As a control, we first cultivated S. cerevisiae and E. coli in the 
scale-down reactor (SDR) without applying the Segregostat 

control procedure (Figure 2A,B). For E. coli, two different res-
idence times in the loop (Trloop) of 2 and 8 min were tested. 
Cultivations under these conditions did not result in any notice-
able changes in the population profile, as assessed by automated 
FC, the entropy level being close to the one recorded for lab-
scale cultivations (Figures 2C,D and 3C). In contrast, for S. cere-
visiae, cultivation in the SDR with a Trloop of 8 min resulted in a 
reduction in the overall entropy of the population (Figures 2E,F 
and 3E). This outcome can be attributed to the yeast stress 
response being naturally stimulated by alternating feast-to-
famine transitions (Hohmann and Mager 2003; Suarez-Mendez 
et  al.  2014), mechanistically similar to the strategy employed 
by the Segregostat (Figure 1). In our configuration, cells expe-
rience such transitions since they follow a single path through 
the different conditions, with a stochastic residence time in the 
stirred tank. Such dynamic environmental conditions have been 
shown to exert a stabilising effect on the physiological and pro-
teomic state of cells (Wright et al. 2020). Interestingly, it seems 
that the residence time in the recirculation loop or the frequen-
cies of the perturbations impact the heterogeneity of the popu-
lation (Appendix S1: Note 2) (Arulrajah, Riessner, et al. 2025). 
Longer residence times or less frequent perturbations likely pro-
mote uniform adaptation and synchronised behaviour, whereas 
shorter residence times lead to more frequent perturbations, 
eliciting diverse individual responses and increasing popula-
tion heterogeneity (Arulrajah, Riessner, et  al.  2025). In line 
with this hypothesis, chemostat cultivation of yeast in the SDR 
with a 4-min Trloop did not result in population homogenisation 
(Figure 3E).

These observations highlight the importance of conducting 
more detailed analyses of cell population behaviour under sim-
ulated large-scale conditions, notably because in some cases 
environmental heterogeneity can lead to a more homogeneous 
population-level response.

3.3   |   Segregostat Control Leads to Robust 
Population Profile in Scaled-Down Conditions

We then implemented the Segregostat technology to control 
gene expression in the scale-down reactor (SDR). To do so, the 
Segregostat actuator (i.e., glucose pulsing) was applied in the re-
circulation loop at the same point as the feed input (Figures 2B 
and 3A). This setup introduces a key distinction from lab-scale 
conditions, as glucose pulses now interact with the concentra-
tion gradients naturally formed within the SDR. Consequently, 
the effectiveness of Segregostat-based control is expected to be 
influenced by these spatial nutrient variations.

Despite this added complexity, Segregostat control consistently 
led to a reduction in population entropy compared to the cor-
responding chemostat cultures in the SDR, across all Trloop 
tested (Figure 3B–E, Appendix S1: Note 3). This demonstrates 
that, even under heterogeneous environmental conditions, the 
Segregostat can successfully control population dynamics. It is 
worth noting, however, that the reduction in entropy was less 
pronounced for E. coli than for S. cerevisiae. This difference re-
flects the lower heterogeneity of E. coli populations in chemo-
stat conditions, due to their smaller switching cost (Henrion 
et  al.  2023; Delvenne et  al.  2025). The environmental forcing 
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8 of 15 Microbial Biotechnology, 2026

imposed by the Segregostat appears to dominate over the per-
turbations introduced by spatial heterogeneities in the reactor.

Nonetheless, the effectiveness of glucose pulsing in modulat-
ing population behaviour must be interpreted considering the 

system's spatial and temporal dynamics. For instance, monitor-
ing dissolved oxygen levels in the stirred tank during E. coli cul-
tivations, both in lab scale bioreactor and in the SDR, revealed 
that successive glucose pulses likely overlap (Appendix S1: Note 
4). Specifically, dissolved oxygen levels do not return to their 

FIGURE 3    |    Segregostat exhibits robust control under scale-down conditions. (A) Schematic representation of the Segregostat platform for con-
trolling the scale-down reactor. (B, D) Fluorescence time-scatter plots and corresponding entropy dynamics from continuous Segregostat scale-down 
cultivation (Trloop = 8 min) of E. coli PydcS::GFP (D = 0.3 h−1) (B) and S. cerevisiae Pglc3::GFP (D = 0.1 h−1) (D). (C–E) Basal entropy of E. coli (C) and S. cer-
evisiae (E), calculated from the fluorescence distribution of the population over time, represented as boxplots, for different culture conditions. For 
all conditions shown in (C–E), data from the last 12 h (E. coli) or 20 h (S. cerevisiae) were used, corresponding to (quasi-)steady-state under chemostat 
operation.
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pre-pulse maximum before the next pulse occurs, suggesting 
that glucose from the previous pulse has not been fully con-
sumed. In addition, for yeast, the delayed rise in oxygen con-
centration following a series of pulses suggests a metabolic shift 
toward ethanol consumption. These results highlight how the 
pulsing strategy influences cellular physiology, a point dis-
cussed in greater detail in the following sections.

3.4   |   Segregostat Control Induces Overflow 
Metabolism and Diauxic Shifts, but Uniformise 
Growth Rate Distributions

The Segregostat does not abolish scale-down effects; instead, 
it modulates population physiology by synchronising the ex-
pression of target genes. Unlike the stochastic fluctuations 
characteristic of large-scale bioreactors, typically mimicked 
in scale-down reactors, the environmental perturbations im-
posed by the Segregostat are deliberate and coordinated. In 
our system, glucose pulsing drives overflow metabolism and 
diauxic shifts, as reflected in dissolved oxygen traces and base 
addition profiles (e.g., for both organisms the rate of base addi-
tion in SD with Tr = 8 min was 3.5 times higher in Segregostat 
than in chemostat) (Appendix  S1: Note 4). These transitions 
resemble those observed in spatially heterogeneous industrial 
fermenters, where their random and unpredictable nature 
often compromises process efficiency (Enfors et al. 2001; Lara 
et al. 2006). By contrast, when the timing and magnitude of en-
vironmental changes are actively controlled, the detrimental 
impact of such metabolic shifts can be substantially mitigated. 
In yeast, for example, glucose pulses induce the Crabtree effect, 
leading to ethanol excretion; under Segregostat operation, the 
ethanol produced during the feast phase is fully re-consumed 
in the subsequent famine phase (Appendix  S1: Note 4). This 
prevents the accumulation of inhibitory by-products and, 
crucially, reduces the likelihood of a subpopulation entering 
a persistently stressed state. Such long-term stress responses, 
often accompanied by growth arrest and metabolic slowdown 
(Levy et al. 2012; Henrion et al. 2023; Delvenne et al. 2025), 
are far more damaging to culture performance than transient 
excursions into suboptimal metabolic states.

Beyond stress mitigation, the Segregostat also promotes a more 
homogeneous population compared to chemostat cultures oper-
ated at similar dilution rates (Figure 3C,E, Appendix S1: Note 
3). This phenotypic alignment likely results from the strong, 
population-wide coordination imposed by the pulsing regime, 
which reduces the emergence of divergent subpopulations de-
spite underlying spatial heterogeneities in the reactor. This fea-
ture is particularly relevant for yeast, where the strong trade-off 
between growth and gene expression leads to pronounced cell-
to-cell heterogeneity in both gene expression and growth rate, 
depending on the environmental conditions and the mode of 
control (i.e., either simple chemostat or Segregostat) (Figure 4). 
Indeed, homogenous populations, both in terms of stress re-
sponse and growth rate (Figure 4B,D), are obtained when the 
Segregostat is used. This homogenisation effect likely arise from 
the specific environmental perturbation profiles (e.g., in terms 
of frequency and amplitude) applied in each case. This aspect 
is further explored in the following section using a simplified 
cybernetic model.

3.5   |   Segregostat-Imposed Environmental 
Perturbations Dominate Over Mixing-Induced 
Heterogeneities and Drive Population 
Entrainment

In large-scale bioreactors, cells experience irregular pertur-
bations of relatively high frequency and low amplitude due to 
mixing imperfections (Figure 5A, Appendix S1: Note 6) (Lapin 
et  al.  2004; Haringa et  al.  2016). Such dynamic heterogeneity 
in glucose concentration was mimicked in our scale-down re-
actor (Figure  5C). In contrast, the Segregostat, through real-
time monitoring and control of stress expression, generates 
feast-to-famine transitions (by alternating between pulse series 
and pulse-free phases) that align with host-circuit dynamics 
(Figure  5B,D). These regular perturbations can be viewed as 
a quasi-square-wave signal characterised by relatively low fre-
quency and high amplitude (Figure 5D). The step time of this 
signal, and thus the duration of each phase (feast, when glucose 
concentration is not limiting, and famine, when cells experience 
stress), is automatically determined by the Segregostat, allowing 
the population to respond homogeneously (Figure 3D,E).

When both effects are superimposed (Figure 5E), Segregostat-
imposed fluctuations dominate, regardless of the residence time 
in the loop and the quasi-square-wave signal is robustly trans-
mitted to the cells. In other words, SD-induced environmental 
perturbations do not disrupt the Segregostat signal. Analysis 
of the population-averaged glucose concentrations perceived 
over time further highlights that the Segregostat perturbations 
are coherently perceived by all the cells, whereas SD perturba-
tions are randomly perceived in the loop (Figure 5C–F). In this 
sense, the Segregostat can be regarded as a ‘noise-canceller’ for 
the cells.

These observations are consistent with well-established 
principles in systems and synthetic biology. Both modelling 
(Thattai and Van Oudenaarden 2004; Kussell and Leibler 2005; 
Tan et  al.  2007) and experimental (Kussell et  al.  2005; Acar 
et al. 2008; Davidson et al. 2013) studies have shown that cellu-
lar systems evolve two modes of phenotypic switching depend-
ing on the nature of environmental perturbations to enhance 
population fitness. When fluctuations are irregular in amplitude 
and timing and occur at high frequency, stochastic switching 
between gene circuit states is favoured, thereby increasing cell-
to-cell heterogeneity. Conversely, when fluctuations are more 
regular, deterministic switching strategies prevail, leading to 
more homogeneous populations. Our data align with these pre-
dictions (Figures  4 and 6): population entropy is higher when 
perturbations from cell–environment interactions dominate (as 
in large-scale bioreactors) (Figures  3E and 5A), while entropy 
is lower under Segregostat control, where fluctuations are pri-
marily governed by cell–gene circuit interactions (Figures  3E 
and 5B).

Interestingly, the homogenisation of the population observed 
for longer residence times in the loop (TrLoop = 8 min) could be 
explained by the same principles. With a longer residence time, 
cells are exposed to higher glucose concentrations for extended 
periods (Figure 6). Although these fluctuations remain random, 
their amplitude, frequency and duration allow the cells to re-
spond in a more similar manner, as discussed above.
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4   |   Discussion

Controlling cell population dynamics and phenotypic diversifica-
tion is a central challenge in systems and synthetic biology, where 
engineered gene circuits are expected to elicit uniform responses 
upon stimulation (Pilpel  2011). Traditionally, this problem has 
been addressed through a variety of control strategies, most no-
tably cell–machine interfaces. Such interfaces modulate complex 
host-circuit interactions by triggering feedback, for instance based 
on the expression level of a target gene, thereby promoting more 
homogeneous gene expression across single cells within a popula-
tion (Milias-Argeitis et al. 2016; Lugagne et al. 2024).

In this work, we introduce an additional component by con-
sidering environmental perturbations, such as those typically 
encountered by cell populations in heterogeneous bioreactor 
environments (Lara et  al.  2006). Specifically, we focused on 
the control of the general stress response in two industrially 

relevant hosts, Saccharomyces cerevisiae and Escherichia coli, 
and performed scale-down cultivation experiments to eval-
uate the control performance of a previously developed cell-
machine interface known as the Segregostat (Sassi et al. 2019; 
Henrion et  al.  2023). This system employs automated flow 
cytometry to continuously monitor cellular physiology in real 
time and autonomously initiates feast-to-famine transitions, 
thereby coordinating stress responses across the population. 
In contrast to many previously reported control strategies, 
which often rely on optogenetics and microscopy-based set-
ups (Milias-Argeitis et  al.  2016; Lugagne et  al.  2017; Rullan 
et al. 2018; Lugagne and Dunlop 2019), the Segregostat is di-
rectly compatible with bioreactors and can be applied to native 
physiological regulatory circuits rather than being restricted 
to optogenetic implementations.

Remarkably, the Segregostat demonstrated robust control per-
formance for all scale-down conditions tested. This robustness 

FIGURE 4    |    Impact of bioreactor operating mode on yeast population stress response and growth rate distribution. (A) Schemes of the different 
cultivation devices. (B) Distributions of GFP fluorescence related to stress response at steady state. (C) Trade-off curve obtained from Segregostat 
experiment linking single cell growth rate to the level of stress response. (D) Growth rate distributions inferred from the GFP distribution and the 
trade-off curve. The vertical black lines mark the mean expected growth rate. Under Segregostat conditions, both the mean growth rate and entropy 
vary over time; the sample shown was selected because its entropy is close to the median across all samples from the corresponding Segregostat ex-
periment. Blue and red vertical lines indicate the minimum and maximum expected growth rates, respectively.
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11 of 15Microbial Biotechnology, 2026

likely arises because the Segregostat imposes and amplifies per-
turbations that align with host-circuit dynamics and that are 
not disrupted by those introduced by bioreactor constraints, 

thereby preserving control performance. By directly monitor-
ing gene circuit activation, the Segregostat captures intrinsic 
dynamics (Henrion et  al.  2022) that, like other components 

FIGURE 5    |    Different types of interactions drive different kinds of environmental fluctuations. (A) The interactions between cells and bioreactors 
lead to stochastic cell lifeline, characterised by low amplitudes and high frequencies. (B) The interactions between the gene circuit and the cellular 
host, enforced by the Segregostat, leads to environmental fluctuations with high amplitude and low frequency. (C–E) Simulated single-cell lifelines 
in terms of glucose concentrations perceived in continuous cultures. Lines are orange when the cell is in the STR and green when it is in the recircu-
lation loop. Blue lines indicate a 30-min rolling average. (C) In SD conditions (Trloop = 4 min) without control, where interactions between cells and 
bioreactors dominate, (D) In LS Segregostat conditions, where fluctuations following the interactions between the gene circuit and the cellular host 
dominate and (E) in SD Segregostat (Trloop = 4 min) were both interactions are present. (F) The corresponding mean glucose concentration perceived 
by approx. 1600 cells over time, showing that regular perturbations of the Segregostat dominate even in scale-down conditions.
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12 of 15 Microbial Biotechnology, 2026

of cellular regulatory networks, have evolved under selective 
pressures imposed by environmental fluctuations and their 
timing (Thattai and Van Oudenaarden 2004; Acar et al. 2008; 
Mitchell et al. 2009; Nguyen, Lara-Gutiérrez, and Stocker 2021). 
As a result, the environmental perturbations imposed by the 
Segregostat synchronise with the intrinsic rhythms emerging 
from the interplay between the cellular system and its stress-
responsive gene circuit. These homogeneous, periodic, and pre-
cisely defined fluctuations promote responsive switching and 
coordinated gene expression across the population. This entails 
a reduction in entropy, more pronounced in S. cerevisiae than in 

E. coli, reflecting the lower switching cost and associated base-
line heterogeneity of E. coli populations (Henrion et  al.  2023; 
Delvenne et al. 2025).

Dynamic environmental conditions have been reported to sta-
bilise gene expression (Arulrajah, Riessner, et  al.  2025), the 
physiological and proteomic states of cells (Wright et al. 2020), 
and even the structure of microbial communities (Rodríguez-
Verdugo et al. 2019; Mancuso et al. 2021; Martinez et al. 2022). 
In some cases, such conditions were predicted by models, 
while in others they arose unintentionally from uncontrolled 

FIGURE 6    |    Impact of bioreactor operating mode and the corresponding environmental perturbations profiles on yeast population heterogeneity. 
(A) Schemes of the different cultivation devices. (B) Simulated single-cell lifelines in terms of glucose concentrations perceived in corresponding 
culture conditions. (C) Consistency of environmental perturbations (i.e., suitable frequencies, amplitudes and step-times) and heterogeneity of the 
population in corresponding culture conditions. In this representation, we considered the perturbations arising in a chemostat at lab-scale as ex-
tremely frequent and of very small amplitude.
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fluctuations rather than deliberate control. We also observed 
a comparable homogenising effect in chemostat experiments 
under scale-down conditions with extended residence times 
in the recirculation loop. Importantly, the temporal features 
of these fluctuations are a critical determinant of the out-
come (Nguyen, Fernandez, et  al.  2021; Arulrajah, Riessner, 
et al. 2025). This raises the question of whether fixed perturba-
tions, applied at frequencies matching the time constants of gene 
expression, could replicate the effects achieved with Segregostat 
control. Crucially, however, the Segregostat goes beyond such 
chance occurrences: its closed-loop control autonomously iden-
tifies the relevant time constants and imposes fluctuations 
precisely matched to host–circuit dynamics, thereby ensuring 
robust population-level control.

The control strategy applied in this study was intentionally sim-
ple, relying on a single threshold for one monitored gene, but 
the framework is readily extensible. For example, cell size has 
already been used as a control variable to discriminate between 
yeast and bacteria in co-culture systems (Martinez et al. 2025). 
A natural next step would be to couple this approach to circuits 
directly linked to a product of interest, or to synthetic gene 
networks engineered for bioproduction. Incorporating multi-
reporter strains would further allow simultaneous monitoring 
of multiple phenotypic traits, paving the way for more sophisti-
cated, multi-parametric control strategies (Arulrajah, Riessner, 
et  al.  2025). Ultimately, the pulse sequences identified by the 
Segregostat in scale-down conditions could be transferred in 
open-loop mode to large-scale bioreactors, for instance using 
sequential batch operation, and validated under industrially rel-
evant conditions.

In summary, the Segregostat emerges as a promising tool to sta-
bilise long-term cultures by ensuring an optimal trade-off be-
tween growth and stress response. In the future, this principle 
could also be applied to bioproduction systems by finding the op-
timal trade-off between growth and product formation, thereby 
preventing the selection of less productive phenotypes (Wright 
et al. 2020; Olsson et al. 2022). By aligning environmental per-
turbations with the intrinsic dynamics of regulatory networks, 
this strategy offers a powerful means to achieve robust, coor-
dinated gene expression at scale. Looking forward, we believe 
that future bioprocess design should adopt a more cell-centric 
perspective: beyond optimising physical parameters of the re-
actor, such as mixing or aeration, it is crucial to integrate the 
physiology and regulatory logic of the host as central elements 
of the system. Cells should be regarded not merely as passive 
entities subjected to environmental perturbations, but as active 
partners whose intrinsic dynamics can be harnessed for robust 
and productive processes. Our work contributes to building this 
cell-centric mindset by strengthening the integration between 
systems biology, synthetic biology and bioprocess engineering, 
ultimately fostering the design of next-generation bioprocesses 
that are both efficient and resilient.
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