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Engineering coupled consortia-based
biosensors for diagnostic

Rongying Huang 1, Valeriia Kravchik 2, Rawan Zaatry3, Mouna Habib2,
Naama Geva-Zatorsky3,4 & Ramez Daniel 2

Synthetic multicellular systems have great potential for performing complex
tasks, including multi-signal detection and computation through cell-to-cell
communication. However, engineering these systems is challenging, requiring
precise control over the cell concentrations of distinct members and coordi-
nation of their activity. Here, we develop a bacterial consortia-based biosensor
for Heme and Lactate, wherein members are coupled through a global shared
quorum-sensing signal that simultaneously controls the activity of the diverse
biosensing strains. The multicellular system incorporates a gene circuit that
computes the minimum between each biosensor’s activity and the shared
signal. We evaluate three consortia configurations: one where the shared sig-
nal is externally supplied, another directly produced via an inducible gene
circuit, and a third generated through an incoherent feedforward loop (IFFL)
gene circuit. Among these configurations, the IFFL system, which maintains
the shared signal at low and stable levels over an extended period, demon-
strates improved performance and robustness against perturbations in cell
populations. Finally, we examine these coupled consortia to monitor Lactate
and Heme in humanized fecal samples for diagnostics.

Engineered multicellular systems harness the diverse abilities of
individual populations, enabling cooperative interactions to accom-
plish complex tasks across various applications, including
bioproduction1, healthcare2, and environmental monitoring3. For
instance, synthetic consortia have been developed to address chal-
lenges in bacterial biosensor performance, including enhancing
multi-target detection4 and minimizing crosstalk between analytes5,6.
These tasks often require large-scale gene circuits, which, when
carried out by a single strain, can impose a burden on gene expres-
sion and deplete vital resources7,8. Moreover, bacterial biosensors
often undergo genetic modifications, such as removing essential
genes or adding genes to improve sensing sensitivity9. However,
combining these modifications within a single strain can result in
crosstalk among diverse biological processes10. By distributing
complex genetic pathways across multiple species, synthetic

consortia can alleviate this burden, enhancing overall functionality
and reducing strain-specific limitations6,11.

Despite significant progress in engineering synthetic microbial
consortia, further advancements in their design are still required12. In
synthetic consortia, individual members are often uncoupled and
function independently within the network13, leading to challenges
such as output misinterpretation14, as the observed output is influ-
enced not only by the intended activity of eachmember (fi) but also by
their cell concentrations (Ni) ðOut / PM

i= 1Ni � f iÞ (Fig. 1a) (‘Analog
Signal Control in Biosensor Consortia’ section in Methods). Proper
operation of uncoupled consortia requires maintaining a balance in
the cell concentrations of the differentmembers over time—a task that
becomes increasingly challenging in complex environments15. In con-
trast, coupled consortia, meaning each member is aware of the pre-
sence and activity of the others, an optimized design can be
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achieved4,11,16–19. Such consortia, where members are linked and their
activities are coordinated, could exhibit reduced dependency on
individual cell concentrations, resulting in more robust system per-
formance against the perturbations of cell concentration (‘Mathema-
tical Modelling for Signal Coupling in Microbial Consortia’ in
Methods)20.

Coupled consortia can be established using either a negative
feedback loop to maintain cell concentrations at specific levels21 or
through indirect interactions where cells compete for a shared acti-
vation source (Fig. 1a)22. In this study, we focused on indirect interac-
tions by simultaneously activating the different biosensors within the
consortia using shared signaling molecules (ST). Coupling among
consortia members occurs when the concentration of the shared sig-
naling molecule is lower than the total cell population ðST<

PM
i = 1NiÞ,

ensuring the activity of the consortia members is governed by the
availability of the shared signal rather than their population size. In this
scenario, the shared signal acts as a limiting factor for activation of the
various biosensor strains, rather than the cell density. This coupling, in
turn, minimizes the impact of fluctuations and perturbations in indi-
vidual member cell concentrations on the overall consortia’s output
(Fig. 1b and the section ‘MathematicalModelling for Signal Coupling in
Microbial Consortia’ in Materials and Methods). Furthermore, when
the shared signal is inducible, it functions as an enabling signal for the
consortium-based biosensor23, allowing signal transmission when the
external inducer is high and blocking transmission when the inducer
is low.

For biological systems with an analog response, such as bacterial
biosensors, the enable signal’s mechanism can be implemented by a
genetic circuit that computes the minimum (MIN) between the shared
signaling molecules (ST) and the biosensor response activity (Supple-
mentary Fig. 1 and ‘Designing and Modeling of a Bioluminescent lux-
CDABE Cassette’ in Supplementary Methods). In this design (Fig. 1b),
where ST simultaneously facilitates coupling and enabling between
consortia members, programming its appropriate ON and OFF levels
(ST_ON and ST_OFF) presents a significant challenge. The concentration of
these molecules must be lower than the total cell concentration to
couple the cells effectively, yet higher than the activity of each bio-
sensor to accurately compute the minimum operation (Eq. 19 and the

section ‘Analog Signal Control in Biosensor Consortia’ in Methods). To
address this challenge, we implemented an incoherent type-1 feed-
forward loop (IFFL) to regulate the synthesis of the shared signal due
to the network’s ability tomaintain the signal stable at low levels for an
extended period, e.g., spanning >15 h in laboratory condition (LB
medium). In the IFFL circuit, the input simultaneously activates and,
through an intermediarymolecule, inhibits the output protein, either a
reporter protein or catalyst for synthesizing quorum-sensing (QS)
signals that serve as shared signals (‘Conceptual and Mathematical
Examination of the IFFL Network Dynamics’ in Methods)24–28. The IFFL
circuit generates a shared signal that efficiently manages biosensor
information, coupling the activities of bacterial consortia and inte-
grating diverse cellular data, thereby ensuring the functionality of the
collective system.

This study involves three consortia configurations for simulta-
neously detecting Heme and Lactate (Fig. 1b). The first configura-
tion, termed the “IFFL Network System,” consists of three strains:
two strains dedicated to detecting the Heme and Lactate bio-
markers, respectively and a third strain responsible for producing
the QS shared signal at low levels via an IFFL network. The second
configuration, termed the “Direct Regulation System,” is similar to
the first, but the shared signal is generated at high levels through a
transcriptional cascade of two layers. Both configurations generate
the shared CHL signal, but their underlying network architectures
differ. Finally, the third configuration, termed the “External Induc-
tion System,” consists of Heme and Lactate bacterial biosensors
where the shared signal is externally supplied once. The purpose of
this configuration is to compare the effects of signal production by a
bacterial strain with the direct external addition of the shared signal
on the consortia output. Additionally, it enables an assessment of
how different concentrations of the shared signal influence system
performance. Heme is associated with bleeding29,30, often accom-
panied by unhealthy conditions such as inflammatory bowel disease
(IBD), various types of colitis (e.g., ischemic colitis, infectious coli-
tis), and neoplasia31. Lactate is associated with IBD32,33, colorectal
cancer (CRC)34,35, and lactic acidosis34. Both molecules can be iden-
tified in the feces of patients experiencing inflammation. In sum-
mary, we evaluated the performance of three synthetic consortia for
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Fig. 1 | Coupled biosensors through shared signaling molecules. a Different
biomarker inputs (In1 and In2 represent the Heme and Lactate in our study) trigger
two bacterial biosensor consortia, each with its own cell concentration (N1 and N2).
When the system is activated by the input signals (In1 and In1), only part of N1 and
N2 (indicated in green color) contribute to the overall output (Out). The red and
gray curves are illustrative and used to represent the effects of input coupling
within the consortia. The coupling consortia (red curve) is shown to enhance the
robustness and reliability of the output compared to the uncoupled consortia (gray

curve). These curves do not depict actual experimental responses. b A coupled
consortia (ST < N1 +N2) with shared signaling molecules (ST represents CHL in this
study) that is distributed across the entire consortia ST = S1 + S2. This shared signal
controls the activity of two different bacterial biosensors ðf 1 In1, t

� �
and f 2 In2, t

� �
represent the activities of Heme and Lactate in our study. Under changes in the cell
concentration (N1 +ΔN1 andN2 +ΔN2), this coupled consortium consortia shows a
more robust output ðOut =Out1 +Out2Þ compared to an uncoupled consortium.
Figures created with BioRender.
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detecting Heme and Lactate, with the IFFL demonstrating better
performance.

Results
Synthetic IFFL network
An IFFL motif (Fig. 2a) consists of three components: an initial reg-
ulator (X) that directly activates the target gene (Z) and indirectly
represses it through an intermediate regulator (Y). IFFL motifs are
commonly observed in natural gene networks and have been inte-
grated into many synthetic biological systems, with a range of func-
tionalities, including pulse generation36,37, amplitude band-pass
filtering38,39, response time acceleration40,41, perfect adaptation and
dosage gene stability37,42, fold change detection in input signals43,44,
and analog-to-digital data conversion45. In this study, we engineered
the IFFL circuit to exhibit sustained plateau-like stability. To achieve
such behavior, our simulation results indicate that the IFFL network
(Fig. 2c) should be programmed so that the repression pathway (R) is
weaker than the activationpathway (A) (‘Conceptual andMathematical
Examination of the IFFL Network Dynamics’ in Methods). In this spe-
cific design, called plateau-like output (kn = 1:50, red curve; kn =0:5,
blue curve in Fig. 2c), the initial rise in output is driven by direct acti-
vation. Subsequently, after a time delay, repression begins to com-
pensate for the activation, resulting in a stable output and an earlier
transition to a steady state. In contrast, in the pulse-like output design
(kn =0:01, Fig. 2c green curve), when repression ismore dominant, the
signal decreases to its baseline state following the initial stimulus.
Here, the kn parameter quantifies the relative strength between the
activation and repression pathways. A larger value of kn means acti-
vation ismoredominant in the process (‘Conceptual andMathematical
Examination of the IFFL Network Dynamics’ in Methods).

To experimentally implement such an IFFL network (Fig. 2a), we
utilized genetic circuits, which are triggered by Acyl Homoserine
Lactones 3OC6HSL (AHL)46. The AHL molecules bind to the LuxR
activating Plux(LBL), a lowbasal level (LBL) Plux promoter. This promoter
is designed to lower its basal activity and extend the time required to
achieve steady-state expression45. In turn, the Plux(LBL) governs two
distinct pathways: ExsA, directly activating the super-fold green fluor-
escent protein fusedwith the ssrAdegradation tag (sfGFP), and T7RNA
polymerase (T7 RNAP)47, initiating the anti-activator ExsD. Specifically,
we selected ExsD to shunt ExsA from binding to the Pex promoter,
which activates the sfGFP expression. In the regulatory mechanism of
P. aeruginosa’s Type Three Secretion System (TTSS), two proteins,
ExsA and ExsD, playpivotal roles in linking transcriptionwith secretion.
ExsA acts as an essential transcriptional activator necessary for
expressing the complete set of TTSS genes48,49. On the other hand,
ExsD functions as an anti-activator to balance the activity of ExsA50. The
sfGFP is fused with a ssrA degradation tag, shortening its half-life. The
selection of sfGFP-ssrA ensures that the kinetics of the fluorescent
proteinwould haveminimized the impact on the overall response time
of the genetic circuit. We also constructed a direct regulation circuit
(Fig. 2b) comprising only the activation pathway (A) of the IFFL net-
work through a two-layer genetic cascade.

We recorded the time-response characteristic (GFP/OD600) of
both the IFFLnetworkanddirect regulationcircuit for about 30 h, each
activated by the inducer AHL at the initial time (Fig. 2d). The GFP/
OD600 measurements represent population-level data normalized per
cell. An IFFL-based gene circuit can maintain the production at con-
stant low levels for an extended period (Fig. 2d, red curve), spanning
over 15 h, while direct regulation results show an increase in the GFP/
OD600 levels over time (Fig. 2d, black curve). Using the mean value of

Fig. 2 | Development of Incoherent Type-1 Feedforward Loop (IFFL) circuit.
a Schematic diagram and genetic circuit for incoherent type-1 feedforward loop
(IFFL). b Schematic diagram and genetic circuit for direct regulation. c Simulation
results are described the normalized Eqs. (1)–(3) (Methods). The IFFL network is
represented by curves in different colors corresponding to various kn values:
kn = 1:5 (red), kn =0:5 (blue), and kn =0:01 (green). The direct regulation circuit is
depicted by the black dashed curve. The remaining parameters are
α0 =α1 = γ1 =ρ= γ0 = γ2 =n= 1 (Methods). d Plate reader experiments show the

dynamics for the IFFL network and direct regulation circuit for about 30 h, repre-
sented by red and black curves, respectively. The gray dashed line indicates the
average value of the IFFL network between 2 and 15 h. Unless further stated, the
shaded area around the curve indicates the standarddeviation of three replicants in
themeasurements and themeasure of center represents themean. The inset figure
shows the optical density (OD600) of cells in the IFFL network and direct regulation
circuit. Source data are provided as a Source Data file. Figures a, b created with
BioRender.
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the IFFL experimental data curve between 2 to 15 h (Fig. 2d, vertical
blackdashed line), the variancebetween the experimental data and the
average line exhibited less than a 20% fluctuation (Supplementary
Fig. 2), suggesting a stable expression over this time. To compare with
the simulation output (Fig. 2c), we also present the normalized signal
relative to its maximum level Z=Zmax, demonstrating that the IFFL
network achieves a steady state at least three times faster than direct
regulation (Supplementary Fig. 3). Here, the response time refers to
the duration required for the circuit to reach its steady state. Addi-
tionally, when we constructed a new IFFL circuit (Supplementary
Fig. 4) with a different repression pathway compared to the activation
pathways (i.e., kn around 0.2), we experimentally observed a pulse-like
behavior rather than a stable signal, consistent with our simulation
results (Fig. 2c).

In thedirect regulation circuit, weobserved a consistent rise in the
output over time (Fig. 2d, black curve), lasting ~30 h without reaching
saturation. A simpler version of the direct regulation circuit, including
a single-layer gene circuit, was also constructed and tested (Supple-
mentary Fig. 5). Notably, the absenceof the exsA gene in this circuit did
not accelerate the process of reaching a steady state. When the circuit
was induced with a low AHL concentration (3 nM), it reached a steady
state after 13 h. This suggests that lowering theAHL concentrationmay
help accelerate the steady-state process in the direct regulation sys-
tem. However, this simpler direct regulation circuit presents chal-
lenges as the Plux promoter does not operate at its ON binary level44,
making the system highly sensitive to AHL fluctuations (Supplemen-
tary Fig. 6).

Comparing the growth rates (OD600) of cells from the IFFL net-
work and direct regulation circuit, the IFFL network reaches a higher
cell concentration (Fig. 2d, inset). This result suggests that the IFFL
network utilizes fewer resources in the same environment and
potentially performs better in resource-limited settings.Moreover, the
dynamic response of the IFFL circuit demonstrates reduced stability

after 15 h as the cells enter the stationary phase (OD600 > 1, Supple-
mentary Fig. 7). To validate this, we conducted experiments (Supple-
mentary Figs. 8–10) thatmaintained theOD600 of the IFFL network and
direct regulation circuit in their exponential growth phase for an
extended period of ~24.5 h (Supplementary Fig. 8). These results
indicated that the IFFL circuit exhibited stability over this extended
period (Supplementary Figs. 8–9). Finally, we tested both circuits in
M9 media supplemented with 0.4% glucose, where they reached the
stationary phase earlier than in LB, resulting in shorter stability period
compared to in LB media(Supplementary Fig. 10).

Whole-cell biosensors
The IFFL network demonstrated long-term (e.g., a couple of days)
stability and low output expression, making it ideally suited to serve as
a signal for cohesively integrating the activity of biosensors within
consortia. According to our model (Eq. 19 in section ‘Mathematical
Modelling for Signal Coupling in Microbial Consortia’ in Methods),
when the concentration of the shared signal is lower than the total cell
concentration, a coupling between the cells is established. Further-
more, maintaining a consistent signal over time across multiple bac-
terial biosensors ensures a uniform impactof the shared signal on their
output.

To evaluate the stability signal with the bacterial biosensors, we
created four strains: two of these strains are activated by AHL and
produce an orthogonal QS cell-cell signaling molecule acyl-
homoserine lactone 3OHC14:1-HSL (CHL), one through direct regula-
tion (Fig. 3a) and the other through IFFL network (Fig. 3b). For both
strains, we replaced the sfGFP, as shown in Fig. 2a, b, with CinI (Fig. 3a,
b). The CinI serves as an enzyme responsible for catalyzing the
synthesis of CHL, which then distributes throughout the media and
diffuses into the consortia wiring Heme and Lactate-responsive bio-
sensor strain’s activities (Fig. 3). The CHL molecule functions as a
shared signal to couple the other members within the consortia. The

a b c dIFFLDirect Regulation Heme-responsive strain Lactate-responsive strain 

e f

Heme-responsive strain co-culture 
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i j
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Lactate-responsive strain co-culture 

Fig. 3 | Whole-cell biosensors using Direct Regulation and IFFL network co-
cultures. a–d Basic genetic circuits: (a) Direct regulation circuit, (b) Stability out-
put IFFL network, (c) Heme-responsive strain, and (d) Lactate-responsive strain.
e–h Dynamic responses and schematic diagram of Heme-responsive strain co-
cultures with direct regulation (e, g) or IFFL network (f, h). For both consortia, the
response to combinations of AHL and Heme is monitored: ‘00’ (purple curve)
signifies no inducers, ‘01’ (red curve) indicates Heme only, ‘10’ (green curve)

represents AHL only, and ‘11’ (blue curve) indicates the presence of both AHL and
Heme. i–l Dynamic responses and schematic diagram of Lactate-responsive strain
co-cultures. The direct regulation co-culture response to AHL and Lactate is shown
in (i, k) while the IFFL network’s response is in (j, l). The conditions tested are
analogous to those in (e–h), with ‘00’ as the no inducers, ‘01’ for Lactate, ‘10’ for
AHL, and ‘11’ for both inducers present. Source data are provided as a Source Data
file. Figures a–j created with BioRender.
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third and fourth strains include a genetic circuit that computes a
minimum operation (‘Designing and Modeling of a Bioluminescent
luxCDABE Cassett’ in SupplementaryMethods) between the responses
of CHL and either Heme (Fig. 3c) or Lactate (Fig. 3d). The minimum
operation circuit was implemented by reengineering the biolumines-
cent luxCDABE reporter49. In this system, the luxAB genes, encoding
the luciferase subunits responsible for catalyzing the luminescence
reaction, are regulated by the CHL, while the luxCDE genes, encoding
the fatty acid reductase complex required for synthesizing the fatty
aldehyde substrate, are controlled by either the Heme- or Lactate-
responsive pathways51. When the luxAB and luxCDE are divided and
regulated by two distinct inputs, the bioluminescent signal (I) is
described by I / MIN g LuxABð Þ

KR
, h luxCDEð Þ

KF

n o
, where g is a function of LuxA

and LuxB concentrations, h is a function of LuxC, LuxD, and LuxE
concentrations, and KR and KF are the reverse and forward rates of the
bioluminescent reaction (‘Designing and Modeling of a Biolumines-
cent luxCDABE Cassett’ in Supplementary Methods), respectively52.
Notably, theminimum operation (MIN) functions as an AND logic gate
when applied to binary inputs [0,1]. For example, when both the CHL
and Heme or Lactate-responsive pathways are activated, then the
system would go into the ‘ON’ state. In contrast, it remains an ‘OFF’
state when only one or none of the pathways is activated (Supple-
mentary Fig. 11). For the Heme-responsive strain, the Lactococcus
lactis Heme-responsive transcriptional repressor HrtR and an outer-
membrane transporter ChuA are expressed under constitutive pro-
moters ProD and PJ23107, respectively, which are located on an MCP.
Extracellular Heme enters bacterial cells through the outer-membrane
transporter ChuA and interacts with the transcriptional repressorHrtR
to allow for the expressionof LuxCDE genes. TheHeme input regulates
luxCDE genes via the Heme-sensitive promoter PL(HrtO), which is loca-
ted on an HCP. For the Lactate-responsive strain, the CHL-responsive
pathway is the same as the Heme-responsive strain, which is also
located on LCP. The Lactate-responsive pathway contains the con-
stitutive production (Prod) of an LldR repressor, which is located on
MCP. Transcriptional regulation in E. coli in response to Lactate
involves the Lactate-sensing transcription factor LldR, amember of the
GntR family. LldR is capable of sensing Lactate53. It derepresses the
PLldR promoter and activates the expression of LuxCDE in the presence
of Lactate, located on the HCP.

Next, we explored the dynamic interaction between the two
strains in a co-culture environment. For Heme-responsive strain co-
culture (Fig. 3e, f); either the direct regulation circuit (Fig. 3a) or the
stability output IFFL network (Fig. 3b) was combined with the Heme-
responsive strain (Fig. 3c) at a chosen 1:1 ratio in volume. The experi-
ments were conducted with AHL at a concentration of 2 µM and Heme
at 2 µM. This Heme concentration approaches the range where the
Heme-biosensor reaches its maximum activity. (Supplementary
Fig. 12). Then, we introduced the AHL and Heme inducers into the
system in four distinct states: without any inducers (‘00’), with Heme
alone (‘01’), with AHL alone (‘10’), andwith bothHemeandAHLpresent
(‘11’), to assess the consortia’s functionality. The output representation
of the systems developed in this study was evaluated using biolumi-
nescent signals, as OD600 measurements are often impractical in real-
world biosensing applications. Unless specified otherwise, biolumi-
nescent signals are used to represent the output throughout the fol-
lowing sections.

For both co-cultures, the ‘00’ state (Fig. 3g, h, purple curve)
remains at a low level, indicating minimal background activity without
inducers (‘OFF’ state). The ‘10’ state (Fig. 3g, h, green curve), repre-
senting the presence of AHL only, shows a similar response compared
to the ‘00’ state in bioluminescence. For the direct regulation co-
culture (Fig. 3g), the ‘11’ state demonstrates the highest biolumines-
cence level, suggesting anadditive effect of the inducers. However, the
‘01’ state, which represents the presence of Heme only, displays a

response similar to the ‘11’ state in both shape and signal intensity,
indicating that Heme alone can elicit a response nearly equivalent to
that of both inducers combined50–52. These results indicate that the
direct regulation co-cultures cannot distinguish between the ‘11’ and
‘10’ states. This limitation is likely due to the high background levels of
CHL produced within the consortia (Supplementary Table 1) despite
using a promoter with inherently low basal activity to regulate CHL
synthesis. The decline in signal (after 20 h) intensity over time is pri-
marily attributed to the consumption or degradation of Heme54–56.

Compared to the direct regulation and Heme-responsive strain
co-cultures (Fig. 3e and g), the IFFL strain co-culture (Fig. 3f and h)
exhibits a more moderated response for the ‘01’ state and a sig-
nificantly lower signal than the ‘11’ state. Consequently, the ‘11’ state
can be distinctly differentiated from other states (Fig. 3h). These
results confirm the capability of the stable IFFL output signal to control
the temporal progression of the input signals. To quantify the CHL
concentration produced by the direct regulation circuit (Fig. 3a) and
the IFFL network (Fig. 3b), we compared their dynamic response at the
final time points (around 20h) to the one of a Heme-responsive strain
induced with 2μM of Heme and with various concentrations of CHL
(Supplementary Fig. 13). For direct regulation circuit (Supplementary
Fig. 13A), the ‘11’ state, acting as ‘ON’ state, corresponds to the response
of theHeme-responsive strain at0.5 µMCHL,while the ‘01’ state, acting
as ‘OFF’ state, corresponds to 0.125 µM CHL. For the IFFL network
(Supplementary Fig. 13B), the ‘ON’ and ‘OFF’ states correspond to
~0.125 µMand<0.03 µM, respectively. TheOD600 signals showa similar
continuous increase across different states. This consistency suggests
that observed differences in output signals are primarily due to the
circuits’ behavior rather than variations in growth rate (Supplementary
Fig. 14). The OD600 measurement spans both the exponential and
stationary phases of growth. Unless otherwise specified, OD600 mea-
surements were provided throughout the subsequent sections to
ensure clarity and reproducibility.

We then expanded our study to include the Lactate-responsive
bacterial biosensor using the same CHL-responsive genetic pathway
employed in the Heme-responsive strain (Fig. 3i–l). Followed a similar
experimental protocol to Heme-responsive strain co-culture (Fig. 3i
and j): Either the IFFL circuit (Fig. 3b) or the direct regulation circuit
(Fig. 3a) was combined with the Lactate-responsive strain (Fig. 3d) at a
1:1 ratio in volume, and added the AHL/Lactate inducer based on four
distinct states: without any inducers (‘00’), with Lactate alone (‘01’),
with AHL alone (‘10’), and with both Lactate and AHL present (‘11’). The
experiments were conducted with AHL at a concentration of 2 µM and
Lactate at 10mM. This Lactate concentration approaches the range
where the Lactate-biosensor reaches its maximum activity (Supple-
mentary Fig. 15).

In the direct regulation co-culture experiments involving Lactate-
responsive bacterial biosensors (Fig. 3i and k), the ‘00’ state remains
low, indicatingminimal background activity without inducers. The ‘10’
state, representing the presence of AHL only, shows a similar response
compared to the ‘00’ state in bioluminescence. However, a recurring
issue is observedwhere the ‘11’ state, intended to showa response from
both AHL and another inducer, does not significantly differ from the
‘01’ state. Conversely, in the IFFL co-culture (Fig. 3j and l), the ‘00’ and
‘01’ states showminimal bioluminescence throughout the observation
period. The ‘10’ conditions exhibit very little change from the baseline,
indicating that neither Lactate nor AHL alone substantially increases
bioluminescence in this IFFL co-culture. Similar to the result of Heme-
responsive co-culture (Fig. 3h), in the IFFL co-culture scenario (Fig. 3j
and l), the state ‘11’ state displayed an enhanced response compared to
‘01’, ‘10’, and ‘00’ states. IFFL co-culture further emphasizes its cap-
ability to control the temporal progression of different input signals.
The OD600 signal for the Lactate-responsive strain co-culture is illu-
strated in Supplementary Fig. 16.
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Microbial consortium-based biosensors
We then developed three distinct consortia configurations to detect
Heme and Lactate simultaneously. The first configuration utilized the
IFFL strain to generate the CHL shared signal (IFFL Network System,
Fig. 4a). The second configuration employed the direct regulation
strain for CHL production (Direct Regulation System, Fig. 4d). The
third configuration relied on supplying the CHL signal externally
(External Induction System, Fig. 4g). The data normalized to biolumi-
nescence/OD600 (RLU/OD600)wasdisplayed in Supplementary Fig. 17,

and the OD600 is shown in Supplementary Figs. 18–20. Each colony’s
dynamic behavior for the corresponding system is shown in Supple-
mentary Figs. 21–23. Inducers (AHL, Heme, and Lactate) were added
simultaneously to the three systems in the beginning of the experi-
ments. The dynamic responses of the IFFL Network System (Fig. 4b, c,
Supplementary Fig. 24A, B), the Direct Regulation System (Fig. 4e, f,
Supplementary Fig. 24C, D), and the External Induction System
(Fig. 4h, i, Supplementary Fig. 24E, F) were measured for >40h. A
threshold level was established to classify the system’s states into low

a b
IFFL Network System 

c

Direct Regulation System 

e fd

g h
External Induction System

i

j k l

Fig. 4 | Microbial consortium-based biosensors. a-c Representations of the IFFL
Network System in vitro. a Schematic gene circuit diagrams for IFFL Network
System. b, c Dynamic response in the absence of AHL inducer (b) compared to its
presence (c). d–f Representations of the Direct Regulation System. d Schematic
gene circuit diagrams for the Direct Regulation System. Dynamic response in the
absence of AHL inducer (e) compared to its presence (f). g–i System representa-
tions with externally added CHL (External Induction System). The empty strain
containing only the antibiotic and plasmid copy number. g Schematic diagram of
the gene circuit for the External Induction System. h Dynamic response in the
absence of CHL inducer compared to (i) its presence. The threshold (red horizontal
line) for the systems is based on the average curve from the three replicates. And
the threshold is set as the maximum value observed among the following five
states: the four states (“00,” “01,” “10,” and “11”) when AHL =0, and the “00” state

when AHL = 1. j Mean bioluminescent signals at their threshold level across states
‘11’, ‘01’, ‘10’, and ‘00’ for three systems: IFFL Network System (IFFL), Direct Reg-
ulation (DR), and External Induction System. Each state’s mean value is shown in a
bar chart, with individual replicates represented as small circles on each bar. The
four states are represented in distinct colors: ‘11’ (blue), ‘01’ (red), ‘10’ (green), and
‘00’ (purple). Error bars indicate the standard deviations of the three replicates.
k, lThe coefficient of variation (CV) for the IFFLNetworkSystem (red square curve),
Direct Regulation System (black dotted curve), and External Induction System
(yellow triangle curve for CHL= 2 µM and orange stars curve for CHL=0.5 µM)
under perturbations from the Heme-responsive strain (k) or Lactate-responsive
strain (l). Source data are provided as a Source Data file. Figure a, d and g created
with BioRender.
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and high activity as follows: (1) low state, where there is no consortium
activity, which may occur either due to the absence of biomarkers
despite a high enable signal (CHL) or the absence of the enable signal
even if the biomarker levels are high; and (2) high state, where there is
high consortium activity. Accordingly, the threshold was set at the
maximumvalue amongfive states, including the four states (“00”, “01”,
“10”, and “11”) when AHL =0 and the “00” state when AHL = 1. The ‘00’
condition signifies that neither Heme nor Lactate is present, serving as
the baseline state; ‘01’ indicates the presence of Lactate alone; ‘10’
represents the presence of Heme alone; and ‘11’ denotes that both
Heme and Lactate are added, allowing for the assessment of their
combined effect on the system.

The dynamic responses of the three systems, measured under
conditions of low (Fig. 4b, e, and h) and high (Fig. 4c, f, and i) inducer
levels (AHL in the case of IFFL Network System and Direct Regulation
System, and CHL in the case of External Induction System), illustrate
the role of the shared signal as a enable mechanism. Based on the
measured results, the thresholds for the IFFL Network and External
Induction Systems were observed at AHL = 1, Heme=0, and Lactate=0
(Fig. 4c, i), while the threshold for the Direct Regulation System
occurred at AHL =0, Heme=1, and Lactate=1 (Fig. 4e). Accordingly, the
consortia output is engineered to remain at low levels regardless of the
activities of the Heme and Lactate-responsive strains when shared
signal levels are low (Fig. 4b, e, and h). When AHL is high in the IFFL
Network System and Direct Regulation System, or CHL is high in the
External Induction System, the output of all three systems (Fig. 4c, f,
and i) reflects the activity of the input strains, allowing the shared
signal to modulate the Heme and Lactate activities by generating a
common bioluminescent output signal. In the three configurations,
the outputs from the Heme and Lactate-responsive strains are com-
bined to trigger a single readout output, effectively evaluating the
consortium’s capability to integrate temporally distinct signals
through analog summation ðOutTotal tð Þ=OutHeme tð Þ+OutLactate tð ÞÞ
(Fig. 1b and Supplementary Fig. 25)51,53. This result also suggests the
coexistence of the Heme-responsive and Lactate-responsive strains.

The IFFL Network System (Fig. 4c) response at AHL = 1 can dif-
ferentiate among the four states (‘00’, ‘11’, ‘01’, and ‘10’) particularly
after 15 h. In contrast, the Direct Regulation System (Fig. 4f) response
at AHL = 1 can only distinguish between the ‘00’ and ‘10’ states after
30 h. The External Induction System (Fig. 4i), however, fails to differ-
entiate between the ‘00’ and ‘10’ states.When thedata is normalizedby
computing the ratio of themeasured signal to cell concentration, both
the Direct Regulation and External Induction Systems (Supplementary
Fig. 17) are able to distinguish between the ‘00’ and ‘01’ states after
10 h. This result alignswith our theoreticalmodel (Eq. 19 in the section ‘

Mathematical Modelling for Signal Coupling in Microbial Consortia’ in
Methods). In addition, to evaluate the ability of the three systems to
clearly distinguish the ‘00’ state from its threshold level in Fig. 4c, f,
and i, we conducted a statistical analysis to estimate the p-value
(Fig. 4j), yielding p =0.049 for the IFFL Network System, p =0.419 for
the Direct Regulation System and p =0.504 for the External Induction
System. Our calculation was based on comparing the mean biolumi-
nescent signals at the end time point across the ‘11’, ‘01’, ‘10’, and ‘00’
states for three systems. For both the IFFL Network and Direct Reg-
ulation Systems (Fig. 4j), the ‘10’ state exhibited the closest to that of
the ‘00’ state among the ‘10’, ‘01’, and ‘11’ states, with the Direct Reg-
ulation system reaching this point at 43 h and the IFFLNetwork System
at 46h. For External Induction System, the ‘01’ state exhibited the
closest to that of the ‘00’ state among the ‘10’, ‘01’, and ‘11’ states. Thep-
value was determined by conducting an independent two-tailed t-test
between the endpoints from the corresponding state and threshold
curves in these three systems. We also calculated the fold-change rate
in the bioluminescent signal over time by computing the derivative of
the output ðdOut=dtÞ (Supplementary Fig. 26). The signal derivative of
the IFFL Network System showsminimal variation across the four logic

states of Lactate and Heme when AHL =0, with significant changes in
the other states when AHL= 1 except for the ‘00’ state. In contrast, the
Direct Regulation System displayed high changes in the signal deri-
vative for the ‘11’ state, with values similar to those observed under
both low and high AHL conditions (Supplementary Fig. 26). Although
the External Induction System exhibited high variability in response to
the absence and presence of CHL, it failed to demonstrate a significant
change when Lactate was added under conditions of high CHL.

Finally, we tested the consortia’s robustness by adding initial
perturbations in the cell population of bacterial biosensor strains
(Fig. 4k and l). Specifically, we manipulated the volumes of Heme-
responsive strains or Lactate-responsive strains while maintaining
constant volumes for the other two strains. The volume of the chan-
ging strain (Heme-responsive strains or Lactate-responsive strains)
varied from 60 µL to 140 µL, whereas the volumes for the other bio-
sensor strain and the shared signal consortium were maintained at
100 µL, consistent with previous experiments (Supplementary
Figs. 27–34). To evaluate the robustness of the three systems, we cal-
culated the Coefficient of Variation (CV) by computing the ratio
between the standard deviation and the average signal (‘Coefficient of
Variation (CV)’ in Supplementary Methods). The CV for the IFFL Net-
work System is consistently lower than other systems during the time
range of 16 to 42 h, highlighting the better robustness of the IFFL
Network System. Under Heme-responsive strain perturbation, the CV
values were 10.7% for the IFFL Network System, 15.2% for the Direct
Regulation System, and 20.0% and 18.8% for the External Induction
System with 2 µM and 0.5 µM CHL, respectively. Similarly, under
Lactate-responsive strain perturbation, the CV values were 7.9% for the
IFFL Network System, 12.8% for the Direct Regulation System, and
15.6% and 10.6% for the External Induction System with 2 µM and
0.5 µM CHL, respectively. These values represent the time-average CV
across the different conditions observed once the signals begin to
reach a steady state ( >15 h). The IFFL Network System demonstrated a
46% improvement in robustness compared to the Direct Regulation
System under Heme-responsive strain perturbation, and 90% and 77%
improvements compared to the External Induction System with 2 µM
and 0.5 µM CHL, respectively. Under Lactate-responsive strain per-
turbation, the IFFL Network Systemdemonstrated a 72% improvement
in robustness compared to theDirect Regulation System and 107% and
42% improvements compared to the External Induction System with
2 µM and 0.5 µM CHL, respectively (Supplementary Fig. 35). A similar
conclusion regarding the robustness of the three systems against cell
fluctuations can be observed from the results of the stochastic simu-
lation (Supplementary Fig. 50). Our analytical modeling (Eq. (26) in
section ‘Mathematical Modelling for Signal Coupling in Microbial
Consortia’ in Methods) reveals that when strain fluctuations are small
(<10%), the IFFL-based consortia exhibit enhanced robustness com-
pared to its direct regulation-based counterpart.

Coupled consortia for feces diagnostic
We also tested our systems with mouse fecal samples to detect Heme
and Lactate biomarkers. Heme and Lactate were chosen for their
relevance in fecal diagnostics, where their presence may signal
potential gastrointestinal health concerns. In this study, we used Lac-
tate at 10mM and Heme at 2 µM in the in vitro experiments (Fig. 5c, d,
Supplementary Fig. 36). This Lactate concentration has strategically
selected a lower threshold level as amarker for unhealthy conditions in
pathological humans57–59. Notably, the summation relationship
between these biomarkers underscores their individual significance in
the diagnostic process - the presence of either biomarker is sufficient
to trigger a response in the system. The procedure for fecal sample
preparation is illustrated in Fig. 5a. For all experiments conducted
within the fecal sample, we maintained a 1:1 volume ratio between the
engineered bacteria consortium sample and the filtered fecal media
sample, with the AHL and biomarkers being added before the filtering
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process. The necessity of the filtering process is explained in Supple-
mentary Fig. 37. In the unfiltered samples, the high and consistent
background OD600 during the measurements masked the actual
dynamics of bacterial growth. Thus, we recommend filtration when
detecting small molecules in fecal samples. We followed a recently
developed protocol allowing the measurement of green fluorescent
signals from fecal samples60.

First, we validated the consistency of the Direct Regulation and
IFFL networks in filtered fecal samples (Fig. 5b), confirming alignment
with the results observed in our in vitro experiments. Theoutput signal
of the direct regulation circuit (the same genetic circuit used in vitro
experiments from Fig. 2b) increased continuously over time, failing to
reach a saturation point within the 15-h timeframe (Fig. 5b, black
curve). By contrast, the IFFL network from Fig. 2a displayed a relatively
stable expression within the fecal sample throughout the measure-
ment period (Fig. 5b, red curve). The output signal of the IFFL network
is higher than that of the negative control (Fig. 5b, blue curve, engi-
neeredbacteria circuit containing only the antibiotic and plasmid copy
number). Compared to in vitro experiments (Fig. 2d), the expression
levels for both co-cultures are notably reduced. The OD600 signal is
shown in Supplementary Fig. 38.

We examine our consortia in three steps. The first step included a
Heme-responsive strainwith thedirect regulationor IFFL strainswithin
the filtered fecal sample media (Supplementary Figs. 39–40). The
second step included a Lactate-responsive strain with the direct reg-
ulation or IFFL strains within the filtered fecal sample media (Supple-
mentary Figs. 41–42). In both steps, we observed a behavior similar to
in vitro experiments. Finally, we tested the consortia, including the
three strains (the same consortium design used in vitro experiments

from Fig. 4a): IFFL, Heme, and Lactate-responsive strains with the
absence and presence of AHL. Based on the corresponding states,
inducers (AHL, Heme, and Lactate) were introduced at the beginning
of the experiment. We then examined these coupled consortia over
40 h to detect and monitor the presence of Lactate and Heme in
humanized fecal samples (Fig. 5c, d, Supplementary Fig. 36). In the
presence of AHL (Fig. 5d), the ‘11’ state initially reflects the behavior of
the ‘10’ state for the first 25 h. During this phase, the output signal
reflects the Heme-responsive strain’s reaction. Then, starting around
the 30h mark, the ‘11’ state began to mirror the dynamics of the ‘01’
condition, representing the Lactate-responsive strain’s behavior.
Therefore, the ‘11’ signal is able to successfully reflect the multiple
consortium-based input signals, aligning the dynamic of each indivi-
dual input and providing amore robustness output in the fecal sample
for diagnostic purposes (Supplementary Fig. 43). Additionally, we
tested the consortia’s robustness in response to minor perturbations
in the populations of the individual bacterial biosensor strain (Sup-
plementary Figs. 44). The IFFL Network System shows better robust-
ness compared to the Direct Regulation System. In this experiment,
the data is presented as the measured bioluminescence signal without
normalization by cell concentration, reflecting strategies common in
practical applications where measuring OD600 is often not feasible.
The OD600 signal is shown in Supplementary Fig. 45. Additionally, we
provide results (Supplementary Fig. 46) from inflamed acute colitis
murine model fecal samples that were inherently bleeding demon-
strating that our Heme sensor can detect inflammatory fecal samples.
We used an acute colitis murine model induced by dextran sodium
sulfate (DSS) (Methods). The bioluminescent response observed in the
DSS-treated samples with CHL indicates the sensor’s sensitivity to

Fig. 5 | Coupled consortia for feces diagnostic. a Procedure for fecal sample
experiments: (1) Collection of fecal samples from humanized mice. (2) Suspension
of fecal samples in sterile PBS, followed by centrifugation to collect the super-
natants. (3) Adding the inducers to the supernatants and subsequent filtration of
the mixture. (4) Mixing of the bacterial co-culture with the filtered supernatants,
with measurements taken using a microplate reader. b GFP/OD600 response

dynamics of the IFFL network (IFFL, red curve), the direct regulation (DR, black
curve), and the negative control circuit (NC, green curve) within fecal samples.
c,dDynamics response of the IFFLNetworkSystem in the absence (c) andpresence
(d) of AHL within the filtered fecal sample. Source data are provided as a Source
Data file. Figure a created with BioRender.
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pathological states, validating the sensor’s application in biologically
relevant scenarios of inflammation.

Discussion
In this study, we demonstrate that synthetic bacterial biosensors
within consortia can be coupled through shared signaling molecules.
Compared to systems where CHL is either externally supplied or
internally produced by the direct regulation circuit, the IFFL network
ensures consistently low-level CHL signaling, thereby effectively cou-
pling the individual bacterial sensors in a consortium. Through com-
putational simulations and experimental analysis, we have identified
that systems under IFFL control exhibit enhanced robustness with
respect to variations and perturbations in cell concentration. We also
observe indications of coexistence between the Heme-responsive and
Lactate-responsive strains (Fig. 4c and f). In the IFFL Network System
configuration, the output of the synthetic consortia regulated by the
IFFL exhibits reduced dependence on cell concentration within the
consortium, which is advantageous in environments where maintain-
ing a consistent cell concentration is challenging.

Our insights mark significant progress in developing large, syn-
thetic multicellular systems. By harnessing this method to simulta-
neously initiate biosensors that detect multi-markers within fecal
samples, we highlight its capacity to operate in resource-limited
environments, demonstrating its potential for future medical appli-
cations and scaling up systems. Our approach is versatile and can be
adapted to monitor various biomarkers in feces, as well as other
healthcare environments such as urine and sweat. However, for each
application, the detectionwindow and time intervals would need to be
adjusted accordingly.

Multi-marker cell-based biosensors with a single output and a
single chamber simplify the biosensor system by reducing the com-
plexities associatedwithmulti-chamber biosensors andphotodetector
configurations. By contrast, biosensors equipped with multiple
chambers tend to be expensive and highly power-consuming, thereby
limiting their applicability in many biomedical and environmental
contexts. For instance, an ingestible capsule has been recently devel-
oped for the in-situ detection of labile inflammatory biomarkers61. This
system measures the activity of bioluminescent bacteria-based bio-
sensors within two separate chambers. However, adding more cham-
bers to measure additional biomarkers would result in an impractical
increase in capsule size and hinder practical application. When this
capsule requires the measurement of multiple biomarkers, the solu-
tion lies in designing multi-marker biosensors with a single output.
Similarly, a remote detection system for buried landmines using bac-
terial biosensors has been developed3. If this system were to measure
different types of explosive materials, the most viable approach
involves designing multi-marker biosensors with a single output. Fur-
thermore, in both of these examples, due to the challenge of real-time
signal normalization with respect to biosensor cell concentration
(OD600), unlike our system, where the measured signal is much less
dependent on biosensor cell concentration, our system is expected to
provide more precise and reliable data.

Another potential application of our synthetic IFFL network is in
gene expression studies. A stable output regulation facilitates accurate
tracking of these temporal changes, ensuring a reflection of the true
biological state. Similarly, in therapeutic-based living cells62, stabilized
transient responses can play a pivotal role in optimizing treatment
outcomes. Consistent drug production, be it in the context of bacterial
cancer therapies or engineered probiotics for treating inflammatory
bowel disease (IBD)63, is significantly important. The stable transient
response of our network canbe incorporated as a drug-releasemodule
within these therapeutic cells, guaranteeing a uniform drug dose over
the entire treatment duration.

Our stabilization IFFL circuit can also be useful in metabolic
engineering. It can enhance the production yield of targeted

chemicals within synthetic bio-production pathways. These path-
ways frequently necessitate the removal of endogenous genes linked
to cell growth and upkeep. However, this gene deletion ultimately
leads to low growth rates64, significantly impacting the eventual yield
of the desired bio-product. Therefore, achieving a stable response
through low-level expression of these endogenous genes could
address this challenge.

Methods
Chemicals and biological samples
SodiumLactate (L-lactate), hemin (ferric chloride hemeorHeme), acyl-
homoserine lactone 3OHC14:1-HSL (CHL), and acyl-homoserine lac-
tone 3OC6HSL (AHL) were used as inducers (Sigma–Aldrich, Ger-
many). A stock solution of Heme was prepared by dissolving hemin
powder in 1M NaOH (Sigma–Aldrich, Germany) to a concentration of
25mM, diluting with double distilled water to a final concentration of
100μM, and sterilizing with a 0.22μmpolyethersulfone (PES) filter. All
the chemicals were of the highest analytical grade. The experiments
were conductedwithAHLat a concentrationof 2 µM, Lactate at 10mM,
and Heme at 2 µM.

Ethics
All mouse work was in accordance with protocols approved by the
local Technion, Israel, The Institutional Animal Care and Use Com-
mittee (IACUC) under approval numbers: IL-151-10-21 and IL-135-
09-22.

Human donor feces were collected from a healthymale individual
volunteer with informed consent, according to Rambam Health Care
Campus (RAMBAM) medical center IRB approval NCT03167398.

Mice humanization
Four to five weeks-old Germ-Free (GF) C57BL/6 mice (males and
females) from the Technion colony were used. Mice were housed and
maintained in a GF care facility andwere providedwith food andwater
ad libitum; they were exposed to a 12:12 h light-dark cycle at room
temperature. Human stool sample were frozen at −80 °C before pro-
cessing.Humanizedmicewere generatedbyorally gavagingGFC57BL/
6micewith 200 µLof a fecal suspensionprepared froma single healthy
human donor, in which 1 gram of feces was suspended in 10mL of
sterile PBS (1:10w/v)65.

Acute DSS-induced colitis mouse model
For acute DSS-induced colitis in humanized mice, male and female
mice were co-housed separately, and then treated with 3% (w/v) DSS in
their drinking water for 8 days66. The control animals were adminis-
tered distilled water. Fecal samples for analysis were collected on day
8, coinciding with the end of the treatment and the day of sacrifice.
Daily assessments included monitoring body weight, stool con-
sistency, and blood in the rectum or stool. Throughout the experi-
ments, close attention was paid to monitor any distress responses
exhibited by the mice: mice with a 20% decrease in body weight,
immobility, or an extreme reaction to touch, were excluded from the
experiments.

Feces suspension
Mice fecal samples (30–50mg) were flash-freezed in liquid nitrogen
and then stored at −80 °C67, and suspended in sterile PBS in 1ml/
100mg feces, centrifuged at 4500 x g for 15min, and supernatants
were collected as the nonfiltered sample. If needed, filtered using the
Medical Millex-VV Syringe Filter Unit, 0.22 µm, PVDF membrane or
Corning sterile 96-well filter plate with polystyrene insert, 0.2 µm,
PVDF hydrophilic membrane (Corning Incorporated, Kennebunk, ME,
USA). When filtered with a plate, the samples were separated for
200 µL in each well, centrifuged at 4500 x g for 15min, and collected.
All the steps were done on ice.
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Bacterial strains
The Escherichia coli (E. coli) 10β strain from New England Biolabs
(Beverly, MA) was used to construct all plasmids, and in the kinetics
experiments (genotype: araD139 D (ara-leu) 7697 fhuA lacX74 galK
(W80 D (lacZ) M15) mcrA galU recA1 endA1 nupG rpsL (StrR) D (mrr-
hsdRMS-mcrBC)). Chemically and electroporation-competent E. coli
cells were prepared using standard protocols68,69.

Plasmid construction
All the plasmids in this work were constructed using basic molecular
cloning techniques69 or Gibson Assembly70. Detailed plasmid maps,
combinations, and genetic parts are provided in the Supplementary
Information. The plasmids were modified by restriction digests,
performed using New England Biolabs (Beverly, MA) restriction
endonucleases and FastDigest restriction enzymes (ThermoFisher
Scientific Inc., USA). For ligation, T4 DNA ligase and Taq polymerase
were used (New England Biolabs, Beverly, MA). PCR was performed
with a Bio-Rad S1000 thermal cycler with dual 48/48 fast reaction
modules. Oligonucleotides were synthesized by Integrated DNA
Technologies (Coralville, IA)—the manipulation of different parts
(i.e., replacing promoters or genes) using the same restriction sites.
Gibson assemblies were carried out using New England Biolabs
(Beverly, MA) NEBuilder HiFi DNA assembly cloning kit. Plasmids
were transformed into E. coli using a standard heat shock protocol69

or a MicroPulser electroporator68. Colony PCR screening was carried
out using forward and reverse primer pairs. Positive clones were
sequence-verified. According to the manufacturer’s instructions,
plasmids were isolated with Promega Wizard Plus SV Minipreps DNA
Purification Systems (Promega Corporation, Madison, WI, USA). The
Macrogen Sequencing Service performed DNA sequencing (Macro-
gen Europe, The Netherlands).

Bacterial culture
Escherichia coli strains were stored as glycerol stocks at −80 °C and
then grown at 37 °C in a Shel Laboratories SSI5 shaking incubator at
250 rpm in 5mL of Lysogeny broth (LB-Miller) medium (Fisher), sup-
plemented with carbenicillin (50μg/mL), kanamycin (30μg/mL), or
chloramphenicol (34μg/mL). Overnight cultureswere diluted 100-fold
into 5mL of fresh LB medium with antibiotics and regrown with
shaking at 37 °C and 250 rpm for 0.5 h (OD600 ≈0.1).

For the M9 + 0.4% glucose media experiment (Supplementary
Fig. 10), the cells were overnight cultured in LB andwere diluted 1:50
into fresh M9 + 0.4% glucose medium [1× M9 Salts (Sigma–Aldrich,
M6030), 2mM MgSO4, 100 μM CaCl2, 0.4% glucose, 0.1% casamino
acids, 50mg/l thiamine]. The cultures were incubated for 1 hr for the
M9 + 0.4% glucose media experiment or 30min for other experi-
ments at 37 °C with 250 rpm and then measured with a plate reader.
GFP signals were read at 15min intervals using a Synergy H1
monochromator-based multimode microplate reader with con-
tinuous shaking at 500 rpm and a constant temperature of 37 °C.
GFP fluorescence was quantified by excitation at a wavelength of
485 nm and emission at a wavelength of 516 nm. Unless otherwise
stated, all experiments were repeated with three replicants. GFP
values weremeasured in arbitrary relative fluorescence units (RFUs),
and the normalized signals were calculated by dividing these values
by the OD600.

Feces preparation for experiments
Centrifuged feces supernatants were collected andmixedwith various
concentrations of Heme/Lactate/AHL/CHL or their combinations and
filtered as the states needed. When non-filtered, only top-layer super-
natant was collected and supplemented with inducers. Either filtered
or non-filtered mice feces supernatants were prepared and com-
plemented with carbenicillin (50μg/mL), kanamycin (30μg/mL), or
chloramphenicol (34μg/mL).

Microplate reader kinetics experiments
Culture aliquots (150μL) were transferred into wells of 96-well plates,
mixed with various concentrations of Heme/Lactate/AHL/CHL or their
combinations diluted in 150 μL of LB/sterile PBS, or for fecal super-
natants experiments. The inducers were included in the sample.
Luminescenceandgreenfluorescent protein (GFP) signalswere readat
15- or 20min intervals using a Synergy H1 monochromator-based
multimode microplate reader with shaking at 500 rpm and a constant
temperature of 37 °C for GFP experiments and 23 °C for luminescence.
The luminescence signal was measured at 490 nm. GFP fluorescence
was quantified by excitation at awavelength of 485 nmand emission at
a wavelength of 516 nm. Luminescence and GFP values weremeasured
in arbitrary relative fluorescence units (RFU) and luminescence units
(RLUs), and the normalized signals were calculated by dividing these
values by the optical density (OD600) of the culture measured at
600 nm. Unless otherwise stated, experiments were conducted in
triplicate.

Experiments using FACS
Flow cytometry analyzer voltages were adjusted using CyExpert
2.2 software to ensure that both maximum and minimum expression
levels could be accurately measured under the same voltage settings,
which were consistently maintained throughout all experiments,
including repeated runs.GFPwas excitedwith a 488 nm laser, and each
FACS run acquired 10,000 events with an abort rate below 2%. Fluor-
escence, along with forward and side scatter measurements, was
recorded using CyExpert 2.2 software. The geometric median of the
gated fluorescence distributions was calculated using MATLAB, and
fluorescence values, expressed in arbitrary units (arb. units), were
based on the geometric medians from three independent experi-
ments. Cells were first gated based on forward scatter (FSC-A) and side
scatter (SSC-A) to identify the major viable population, typically
comprising over 90% of the total cell population. Fluorescence inten-
sity was thenmeasured for the gated population to assess the relevant
markers. Flow cytometry data from one representative experiment is
provided in Supplementary Fig. 8 and Supplementary Table 1.

Analog signal control in biosensor consortia
Under certain conditions, where the concentration of the total shared

signal distributed across the entire consortia (ST =
PM

i = 1Si, where Si is
the shared signal for each consortium) is lower than that of the total

cell concentration ðST≪
PM

i= 1NiÞ, can facilitate a coupling among the
diverse cells. This, in turn, reduces the influence of cell concentration

within each consortium on the overall output signal Out /
PM

i= 1
Ni �f iPM

i = 1
Ni

(Fig. 1a and Supplementary Fig. 1). Furthermore, if the shared signal is
inducible, it can serve as an enable signal for externally regulating the
system output (Fig. 1b). This control signal functions as a conditional
gate:when the signal is at a high level, it permits the transmissionof the
biosensor’s response, effectively “enabling” the system’s output
ðST =High,Out = f , t > t0Þ. Conversely, it prevents signal transmission
when the control signal is in a low level state ðST = Low,Out =0, t < t0Þ.
The realization of a circuit incorporating an enabled control signal is
comparatively complicated in the analog domain compared to the
digital domain. In digital circuits, enabling can be accomplished using
an AND logic gate. In analog circuits, e.g., biosensors, the imple-
mentation involves a circuit that computes the minimum between the
activity of the enable signal and the analog response of the input sig-
nal; MIN g Enableð Þ, f Inð Þ� �

(i.e., MIN Low, f
� �

=0, and

MIN High, f
� �

= f ) (Supplementary Fig. 1). On one hand, the ON level
must be lower than the total cell concentration to couple the cells
effectively (Methods). On the other hand, the ON level of the enable
signal should exceed the activity of each biosensor to ensure proper
computation of the minimum operation. Thus, programming the
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correct ON level of the shared signal is challenging. Enabling is also
considered a foundational step toward achieving member coordina-
tion within consortia. Without proper coordination, temporal mis-
alignments between cellular activities may give rise to significant
consequences, encompassing undesired cellular responses14,15.

Conceptual and mathematical examination of the IFFL network
dynamics
In the diagram of the IFFL network (Fig. 2a), the molecule x activates
both molecules y and z with rates α1 and ρ, respectively. Furthermore,
in this normalized equation, molecule y inhibits molecule z with a
dissociation constant of k and a Hill coefficient of n. The degradation
rates of z equals γ2, of y equals γ1. The Ordinary Differential Equation
(ODE) for molecule concentration of z and y are given by:

_z =ρ
x

1 + y
k

� �n � γ2 � z ð1Þ

_y=α1 � x � γ1 � y ð2Þ
For the direct regulation (Fig. 2b), the production rate of z is α0

and the degradation rates of z equals γ0. The ODE in this case for
molecule z is represented as:

_z =α0 � x � γ0 � z ð3Þ

We begin by illustrating this stability response’s conceptual
underlying in the network’s dynamic performance. We use kn to
illustrate the comparation between the repression pathway to the
activation pathway, kn =

k�γ1 �ρ
α1 �γ2 . Our mathematical analysis of the IFFL

network (Eqs. (1) and (2)) demonstrates three different behaviors using
a step function input for x:
1. Fold change detection: Within this interval, the initial rise in out-

put (illustrated by the green curve kn =0.01) stems from the direct
activation of z by x (through activation pathway A in Fig. 2a). This
is followed by a decrease brought about by y’s time-delayed
repression. As repression initiates with an increase in y levels, a
strong decrease ensues, resulting in a pulse-like pattern of
behavior. When kn≪1, the robust repression enables the system
to revert to its baseline state following the initial stimulus. This
behavior is known as perfect adaption.

2. Enduring stability: In this interval, a stable output arises from the
equilibrium between activation and repression. As shown in
Fig. 2c, where kn = 1:5 (red curve) and kn =0:5 (blue curve), the
IFFL network accelerates the response speed compared to a
directly regulated network, leading to an earlier reach of a steady
state. In the IFFL, while maintaining the network parameters
constant, we varied the parameter kn to explore its impact on
network dynamics.

3. For a large value of kn > 1, the activation will be the dominant
process, resulting in a behavior similar to that of the directly
regulated network.

As conclusion: a trade-off arises in the IFFL network dynamics;
strong repression typically results in an accelerated, pulse-like
response, while a stable output is usually achieved with weaker
repression.

We selected the IFFL for thiswork becauseof its ability tomaintain
stability (kn > 1) over extended periods.

Mathematical modelling for signal coupling in microbial
consortia
To enhance coupling within the consortia system, we formulated a
strategy employing a common signaling molecule, S, among various
bacterial strains. This study assumes that S signal is coupling only two

engineered bacterial consortia, each designed for a distinct biosensor
function. These biosensors are customized to detect specific input
signals (In1 and In2) while also being responsive to the shared signaling
molecule S. Our mathematical dynamic model utilizes cooperative
interactions across the consortium and is given by:

S+ E1 $
Km1

SE1 ð4Þ

S+ E2 $
Km2

SE2 ð5Þ

P1 + SE1 $
K1

Z 1 ð6Þ

P2 + SE2 $
K2

Z2 ð7Þ

Here, Ei denotes the concentration of a transcription factor that
can interact with S across both biosensor types, while SEi represents
the fraction of the transcription factor bound to S. Furthermore, Pi
(where i = 1,2) indicates the production concentration triggered by In1
and In2, respectively. With Kmi and Ki as the dissociation constants for
the respective reactions, the result is the production of Zi (Z1 and Z2)
molecules (Supplementary Fig. 47). At the steady-state, we can write:

SEi =
S � Ei

Kmi
ð8Þ

The total transcription factor level of each respective bacterial
strain reveals:

ETi = Ei + SEi ð9Þ

Here, we assumed that the total level of the transcription factor
ETi is uniformly distributed across the same strain. The total level of
the shared signal across the system is described by:

ST = S+N1 � SE1 +N2 � SE2 ð10Þ

with N1 and N2 describe the bacterial population of each respective
strain.

Assuming Km1 =Km2 and ET1 = ET2, the system dynamics can be
simplified as:

ET = E + SE

ST = S+ N1 +N2

� � � SE
�

ð11Þ

Combining these equations yields an expression for SE:

SE2 � SE ET +
ST

N1 +N2
+

Km

N1 +N2

� �
+

ST
N1 +N2

� ET =0 ð12Þ

The solution is:

SE =
ET +

ST
N1 +N2

+ Km
N1 +N2

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ET +

ST
N1 +N2

+ Km
N1 +N2


 �2
� 4 ST

N1 +N2
� ET

r

2
ð13Þ

We can approximate this equation as:

SE = ET � ST
ET � N1 +N2

� �
+ ST +Km

ð14Þ
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Considering the dynamics described by Eqs. (6) and (7), P1 and P2
are functions of In1 and In2; therefore Pi = f i Ini

� �
. At the steady state,

theoutputZi is givenby the solutionof the equationZi =
SE�Pi
Ki

. Thus, the
output Z can be described as:

Z = SE � N1 � f 1 In1
� �

K1
+
N2 � f 2 In2

� �
K2

� �
ð15Þ

Using the above approximation, the total signal Z becomes:

Z = ET � ST
ET � N1 +N2

� �
+ ST +Km

� N1 � f 1 In1
� �

K1
+
N2 � f 2 In2

� �
K2

� �
ð16Þ

This expression suggests that the output signal is coupled by the
shared signaling molecules ST; the interplay between N1 and N2 is
smoothed by their combined effect ðN1 +N2Þ. The shared signal
introduces an extra constraint on the system, consequently limiting
its degree of freedom. Importantly, the signals f 1 In1

� �
and f 2 In2

� �
should be similar; otherwise, signal Z will be dominated by one
of them.

On the other hand, for independent biosensors devoid of shared
signaling, the output Zind is given by:

Zind =N1 � f 1 In1
� �

+N2 � f 2 In2
� � ð17Þ

In the Zind expression, the total signal is influenced by N1 and N2

individually. Variations in one population directly impact the total
output signal.

For system analysis in Eq. (16), we considered various conditions,
including both high and low levels of shared signal ST. Starting with
high levels of ST: ST +Km≫ET � N1 +N2

� �
, the total signal shown in Eq.

(16) is approximated by:

Z = ET � ST
ST +Km

� N1 � f 1 In1
� �

K1
+
N2 � f 2 In2

� �
K2

� �
ð18Þ

The total output signal depends on the two strains of consortium
separately, which is similar to the expression of the Zind in Eq. (17). In
both scenarios, the output isn’t adjusted by the bacterial population
countsN1 andN2. However, for precise values of f 1 In1

� �
and f 2 In2

� �
and

subsequent estimation of In1 and In2, normalization by N1 +N2 is
needed.

On contrast, for small ST, meaning ST +Km≪ET � N1 +N2

� �
in Eq.

(16) is approximated to:

Z =
ST

N1 +N2

� � � N1 � f 1 In1
� �

K1
+
N2 � f 2 In2

� �
K2

� �
ð19Þ

The output signal is already normalized by the total cell number
N1 +N2. Consequently, there is no necessity to divide the measured
signals by the total cell concentration when calculating the correct
signals. The output normalization is simplified because the shared
signal introduces an additional constraint, thereby confining the sys-
tem with ST.

Equation (19) also suggests that the system’s output is more
robust against fluctuations in bacterial population ratios. To further
investigate this robustness and understand the potential effects of
individual consortium variations, we postulated exponential growth
for both bacterial strains, introducing a small difference in the growth
rate specifically for the strain N2.

N1 =N0e
μ�t ð20Þ

N2 =N0e
μ+Δμð Þ�t =N1e

Δμ�t ð21Þ

In case that Δμ � t≪1, we can approximate:

N2 =N1 � 1 +Δμ � tð Þ ð22Þ

For the output, Zind is given by:

Zind =N1 � ðf 1 In1
� �

+ f 2 In2
� �Þ+N1 � Δμ � t � f 2 In2

� � ð23Þ

When ST is large, and assuming thatK1 =K2 =K . The Eq. (18) canbe
approximated as:

Z =
ET

K
� ST
ST +Km

� N1 � f 1 In1
� �

+ f 2 In2
� �

+ f 2 In2
� � � Δμ � t� �

ð24Þ

The output Z depends on N1 and the error term f 2 In2
� � � Δμ � t.

However, if the ST is small, the Eq. (19) is approximated as:

Z =
ST

2 � 1 + Δμ
2 � t


 � � f 1 In1
� �
K1

+
f 2 In2
� �
K2

+
f 2 In2
� �
K2

� Δμ � t
� �

ð25Þ

For Δμ
2 � t≪ 1, we can approximate the term 1

1 + Δμ
2 �t

� 1� Δμ
2 � t. Sub-

stituting the latter term into Eq. (25) and assuming K1 =K2 =K , we
obtain:

Z =
ST
2 � K � f 1 In1

� �
+ f 2 In2

� �
+
Δμ
2

� t � f 2 In2
� �� f 1 In1

� �� �� �
ð26Þ

The output solution is independent of the concentration of strain
populationN1 orN2.Moreover, the error ismuch smaller than the error
in the Eq. (24).

The results indicate that outputs for systems with lower ST values
are independent of individual strain concentrations, thereby offering a
more robustness and normalized output compared to systems with
larger ST. Therefore, shared signal presents a method for coupled
responses within a consortia, leading to outputs with greater precision
and reduced calibration needs when utilized in devices.

We then performed simulations for consortia dynamics, including
two biosensors. Specifically, we investigated the condition with and
without a shared signal. The population dynamics and behavior of the
input signals are detailed in Supplementary Figs. 48 and 49. Notably,
Supplementary Fig. 50demonstrates thatwhena shared signal couples
the consortium, thefinal output, representedby the aggregation (sum)
of the two biosensors, exhibits reduced sensitivity to fluctuations in
cell population. Additionally, we evaluated the output signal using Eq.
(16) for different ST levels. There’s a distinct reduction in noise, shown
in Supplementary Fig. 51, when ST +Km ≪ ET � N1 +N2

� �
compared to

the conditions with higher levels of ST, where ST +Km ≫ ET � N1 +N2

� �
.

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

Data availability
All data used in this study is available in GitHub (https://github.com/
LSB2/2025-Engineering-Coupled-Consortia-Based-Biosensors-for-
Diagnostic.git) All relevant data are also available from the authors
upon request. The raw data generated in this study are provided in the
Supplementary Informationand Source Data file. Source data are
provided with this paper.

Code availability
Computer code is available from GitHub under https://github.com/
LSB2/2025-Engineering-Coupled-Consortia-Based-Biosensors-for-
Diagnostic.git.
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