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Abstract

Monitoring population dynamics in co-culture is necessary in engineering microbial consortia involved in distributed meta-
bolic processes or biosensing applications. However, it remains difficult to measure strain-specific growth dynamics in
high-throughput formats. This is especially vexing in plate-based functional screens leveraging whole-cell biosensors to de-
tect specific metabolic signals. Here, we develop an experimental high-throughput co-culture system to measure and model
the relationship between fluorescence and cell abundance, combining chassis-independent recombinase-assisted genome
engineering (CRAGE) and whole-cell biosensing with a Pemrr-green fluorescent protein (GFP) monoaromatic reporter used in
plate-based functional screening. CRAGE was used to construct Escherichia coli EPI300 strains constitutively expressing red
fluorescent protein (RFP) and the relationship between RFP expression and optical density (ODggoo) Was determined through-
out the EPI300 growth cycle. A linear equation describing the increase of normalized RFP fluorescence during deceleration
phase was derived and used to predict biosensor strain dynamics in co-culture. Measured and predicted values were com-
pared using flow cytometric detection methods. Induction of the biosensor lead to increased GFP fluorescence normalized
to biosensor cell abundance, as expected, but a significant decrease in relative abundance of the biosensor strain in co-
culture and a decrease in bulk GFP fluorescence. Taken together, these results highlight sensitivity of population dynamics
to variations in metabolic activity in co-culture and the potential effect of these dynamics on the performance of functional
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screens in plate-based formats. The engineered strains and model used to evaluate these dynamics provide a framework
for optimizing growth of synthetic co-cultures used in screening, testing and pathway engineering applications.

Key words: CRAGE; biosensors; microbial consortia; co-culture dynamics; functional screening

1. Introduction

The engineering and stable maintenance of synthetic microbial
consortia promises to emulate the efficiency, resilience and ro-
bustness of microbial community metabolism found in nature
(1-4). Recent applications of this paradigm include the distribu-
tion of pathways that are energetically costly or depend on
host-specific metabolisms from multiple strains to produce in-
creasingly complex biosynthetic outcomes, including the distri-
bution of pathways for production of resveratrol (5) and
flavonoids (6, 7). In addition to metabolic engineering applica-
tions, the use of whole-cell biosensor strains to report on bio-
chemical changes in co-culture has enabled development of
functional screens for enzyme discovery (8-10) and diagnostic
tests used to detect the presence of specific metabolites or com-
pounds (11, 12).

Process stability within engineered microbial consortia is
sensitive to population dynamics between strains, as these
parameters influence the proportion of cells mediating each
step in a distributed metabolic pathway or reporting on specific
biochemical transformations (13-19). Significant effort has gone
into the design and testing of regulatory circuits and cell-cell
communication networks that allow control of population dy-
namics and metabolic activity in co-culture (4, 16, 20-25). These
systems enable interrogation of the effects of stochastic gene
expression and of social interactions driving functional out-
comes at the individual and population levels of organization,
resulting in the development of many standardized genetic
parts (4). Despite the emerging synthetic biology repertoire,
challenges remain in monitoring population and community
level dynamics in high-throughput, with implications for
whole-cell biosensor performance in screening and diagnostic
testing (3, 18, 26, 27).

In monoculture, measuring optical density at 600 nm (ODgoo)
is a standard method of analyzing cell culture density, growth
rate and stage (28). Although this proxy is not without inherent
bias, given a fixed pathlength, it is possible to approximate total
cell number per unit volume of a monoculture (28-30). However,
this method cannot distinguish strains in co-culture, providing
only a measure of total cell density. Currently, ex situ methods
such as microscope cell counting, flow cytometry, plating and
counting with or without selection, and DNA barcoding are
used to investigate population dynamics in co-culture experi-
ments (3, 26, 27). Because these methods do not lend them-
selves to continuous measurements of strain abundance across
co-culture stages, they have limited application to plate-based
growth experiments. This restricts the application of high-
throughput methods that require accurate monitoring of popu-
lation dynamics, including the use of whole-cell biosensors in
co-culture.

Here, we develop an experimental high-throughput co-cul-
ture system in which to measure and model the relationship be-
tween fluorescence and total cell abundance, combining
chassis-independent recombinase-assisted genome engineer-
ing (CRAGE) (31) and whole-cell biosensing with a Pepr-green
fluorescent protein (GFP) monoaromatic reporter used in plate-
based functional screening (8).

2. Materials and methods
2.1 Plasmids and strains

Functional screening host Escherichia coli EPI300 [F~ A~ mcrA
A(mrr-hsdRMS-mcrBC)  @80dlacZAM15 A(lac)X74 recAl endAl
araD139 A(ara, lew)7697 galU galK rpsL (Str™) nupG’ trfA dhfr]
(EPI300) (Lucigen) was used in all culturing experiments.
Conjugal donor strain E. coli WM3064 (thrB1004 pro thi rpsL hsdS
lacZAM15 RP4-1360 A(araBAD)567 AdapA1341:[erm pir]) (32) was
used in strain engineering employing the CRAGE system.
Biosensor plasmids were constructed with the pSB1C3 and pET-
15b vectors. CRAGE engineering required modification of pCC1-
KMW2-SpCre-3L (33) and pW34 plasmids. For more information
on the plasmids and strains used, consult the Supplementary
Materials.

2.2 CRAGE system establishment

The CRAGE landing pad was amplified from the pCC1-KMW2-
SpCre-3L plasmid (33) using primers 3lox_Tn5_F and
3lox_Tn5_R, which generates amplicons flanked with 19bp
inverted repeats necessary for Tn5 transposition (34). The land-
ing pad was then integrated into the chromosome of the func-
tional screening host E. coli EPI300, using the EZ-Tn5
Transposase kit (Lucigen), generating the EPI300-CRAGE strain.
Chromosomal DNA was extracted from EPI300-CRAGE using a
CTAB extraction and digested with Nralll (NEB), generating frag-
ments with a known portion of the landing pad adjacent to an
unknown segment of the chromosome. Digested chromosome
was then self-ligated with T4 DNA ligase (NEB), producing pri-
marily circularized DNA composed of a single digested frag-
ment. Outward facing primers SBP4940_F and SBP7924_R were
used to amplify the non-landing-pad portion of the circularized
fragment. The chromosomal integration of the CRAGE landing
pad was confirmed, and its location identified based on Sanger
sequencing of the genomic interval adjacent to the landing
pad integration site. For more information on the primers and
constructs used, consult the Supplementary Materials.

2.3 Biosensor strain engineering

Four constructs containing red fluorescent protein (RFP,
BBa_E1010) under the control of synthetic E. coli promoters from
the J23100 promoter series (BBa_J23100, BBa_J23106, BBa_J23113
and BBa_J23114) were assembled in the pSB1C3 vector using the
standard International Genetically Engineered Machine (iGEM)
BioBrick assembly protocol (35, 36). BioBrick-agnostic primers
containing flanking regions homologous to the pW34 vector
backbone were designed to amplify the RFP constructs for
Gibson assembly into pW34 using the Hi-Fi Gibson Assembly
Master Mix (NEB). The pW34 vector backbone was amplified us-
ing pW34_AN_F and pW34_AN_R primers, producing amplicons
with 30bp of complementarity to the amplified J23100-series-
RFP constructs. Four modified pW34 plasmids were constructed
containing the four J23100-series-RFP constructs described
above. These were transformed into chemically competent
WM3064 conjugal donor strain and plated on LB agar plates
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(50 pg ml~* apramycin and 57 pg 1! DAP). After 24 h at 37°C, the
colonies were inoculated into 200 ul culture in 96-well micro-
plate format and incubated for 16 h. ODggo of culture was then
measured using a Varioskan Flash plate reader (Thermo Fisher
Scientific) and the five donor strains were incubated with the
EPI300-CRAGE recipient strain at a 4:1 ratio, based on ODggo
measurements. After 4h of incubation, conjugation product
was streaked on 50pug ml~! apramycin LB agar plates without
DAP to select for uptake of the pW34 plasmid. Chromosomal in-
tegration into the CRAGE landing pad was determined based on
Sanger sequencing.

2.4 Culturing and measurements

All culture experiments were performed in 384-well black clear
bottom plates (Nunc), at 85ul volume in LB and one or more
antibiotics as appropriate: chloramphenicol (12.5 ugml ™), apra-
mycin (100pgml™?), ampicillin (100ugml~?) or kanamycin
(50 ugml™?). Cultures were inoculated using an Echo 525 liquid
handling system (Labcyte) or QPix2 automatic colony picking ro-
bot (Molecular Devices), and media was dispensed using a
MultiFlo (BioTek) or Multidrop Combi reagent dispenser
(Thermo Scientific). Plates were incubated at 37°C in a Cytomat
CS series automated incubator (Thermo Scientific) and trans-
ferred to a PHERAstar plate reader (BMG) within an integrated
Access workstation (Labcyte) for measurements every hour dur-
ing measurement cycles. Plates were shaken for 20s in the
PHERAstar prior to taking optical density measurements at
600nm (ODgqo). Fluorescence readings were taken from the top
at excitation/emission wavelengths of 485/520nm (GFP) and
575/610 nm (RFP), respectively. Unless otherwise noted, all con-
ditions, including strain types, inoculation ratios and induction
concentrations, were inoculated in triplicate.

2.5 Flow cytometry

Cells were resuspended and diluted in filter sterilized M9 media
to approximately 20 000 cells in a 200 ul volume. Cells were then
stained with 4’,6-diamidino-2-phenylindole (DAPI) (37) to differ-
entiate cells from debris in the media. Cells were counted using
the Attune NxT Acoustic Focusing Cytometer (Invitrogen). A
blue laser (488 nm), yellow laser (561nm), violet laser (405nm)
and red laser (637nm) allowed analysis of variability in GFP
fluorescence, RFP fluorescence, DAPI fluorescence, side scatter
and forward scatter. At least 15 000 cells were counted per sam-
ple and populations in co-culture were determined based on
these results. Strain-specific ODgoo values were calculated by
multiplying strain proportions by bulk ODgq values.

2.6 Data analysis

PHERAstar plate reader (BMG) output was imported and consoli-
dated using an in-house Python script. The resulting data frame
was then processed and analyzed in the statistical computing
environment R. Data transformations, as well as errors and
models were calculated in R using built-in functions and R pack-
ages from the Tidyverse collection (38, 39). Associated R scripts
and data are included in Supplementary Materials.

2.7 Plasmid availability

Plasmid availability is included in Supplementary Materials.
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3. Results and discussion

In previous studies, Pemr-GFP biosensor activity was correlated
to a range of vanillin and syringaldehyde concentrations and
was adapted as a screening tool for lignin transformation phe-
notypes in co-culture with E. coli EPI300 clones harboring large
insert (fosmid) DNA (Supplementary Figure S1A) (8). The level of
GFP expression by the Pepy,r-GFP biosensor strain was assumed
to be proportional to the concentration of monoaromatics gen-
erated by fosmid clone activity under uniform co-culture condi-
tions. However, as screening throughput increased, it became
evident that variation in cell densities across 384-well plates
(2.5-fold variation between maximum and minimum ODggo val-
ues) had the potential to increase false discovery due to fitness
trade-offs, residual GFP expression and the inability to generate
a normalized or relative GFP fluorescence across all co-cultures
(Supplementary Figure S1B). To better monitor these dynamics,
CRAGE was used to insert a single copy of a constitutively
expressed RFP in the chromosome of the Pemr-GFP biosensor
strain, enabling simultaneous measurement of GFP and RFP.
Given the cell-to-cell variability in copy number and gene ex-
pression under plasmid control, the RFP cassette was inserted
into the chromosome as opposed to being maintained by a plas-
mid. Resulting fluorescence ratios were then used to model cell
density of the biosensor strain in co-culture at different growth
stages and vanillin concentrations to facilitate more accurate
screening outcomes in plate-based formats.

3.1 Biosensor strain engineering with CRAGE

The CRAGE system enables high-efficiency Cre-lox-mediated
integration of genes or gene cassettes across diverse taxo-
nomic lineages at the site of a chromosomal landing-pad (31).
This allows the integration of gene cassettes or clusters of up
to 100 kilobases (Figure 1B). To facilitate studies of biosensor-
based co-culture dynamics, CRAGE was established in the
functional screening strain E. coli EPI300 (EPI300), through
transposition-mediated integration of the CRAGE landing-pad,
generating the EPI300-CRAGE strain (Figure 1A). Sanger se-
quencing indicated that the landing pad was inserted into the
yfaA locus, predicted to encode a domain of unknown function,
DUF2300 (Figure 1B).

Constitutive RFP gene cassettes, consisting of a promoter
from the J23100 synthetic promoter series driving RFP expres-
sion, were integrated into the landing-pad through conjugation
of modified pW34 plasmids from the conjugal donor strain
WM3064 and subsequent recombination into the EPI300-CRAGE
chromosome. Observed RFP expression levels from constitutive
promoters of the J23100 synthetic promoter series were consis-
tent with previous reports (40), with promoters J23100 and
J23106 providing the highest single copy expression levels
(Figure 1C). Growth experiments with the CRAGE-J23100 and
CRAGE-J23106 strains confirmed the non-essentiality of yfaA,
with minimal fitness effects when grown in LB media compared
to the unmarked EPI300 parental strain (Figure 1D). The pSB1C3-
Pemrr-GFP biosensor plasmid was subsequently transformed
into EPI300-CRAGE harboring either the J23100-RFP or J23106-
RFP constructs, producing RFP marked biosensor strains J23100
and J23106, capable of monoaromatic-dependent GFP expres-
sion (Figure 1A).

3.2 Strain characteristics in monoculture

The growth and biosensor-response patterns of the J23100 and
J23106 biosensor strains were evaluated to determine the
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Figure 1. CRAGE-enabled engineering of E. coli EPI300 reporter strains. (A) The emrR transcriptional regulator enables monoaromatic-dependent GFP expression follow-
ing transformation with the pSB1C3-Pem,r-GFP biosensor plasmid. Four constitutive RFP expression cassettes, with a range of promoter strengths, were integrated into
the chromosome as a method of labeling the reporter strain. (B) Chromosomal integration was performed using the CRAGE system, requiring landing pad transposition
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relationship between fluorescence and cell abundance under in-
ducing conditions. In order to simplify presentation of results,
all figures describing the J23106 biosensor strain can be found in
the Supplementary Materials. Initially, optical densities of
J23100 and J23106 were observed over 24 h at various vanillin in-
duction concentrations to determine the impact of constitutive
RFP and induced GFP expression on growth rates
(Figure 2B/Supplementary Figure S2B for J23106). No significant
difference was observed between growth curves of the biosen-
sor strains, at different vanillin induction levels. All strains en-
tered exponential phase between 5 and 6h after induction and
entered a deceleration phase around 12 h after induction, at an
ODgqo of 0.6-0.7 (Figure 2B/Supplementary Figure S2B for J23106).
This extended deceleration phase prior to entry into stationary
phase is well documented and has been observed in both micro-
plate and flask-based growth experiments (28, 41).

Moreover, monoaromatic-inducible expression of GFP from
the pSB1C3 plasmid and the constitutive expression of RFP from
the chromosome were entirely independent of one another
(Figure 2C and D/Supplementary Figure S2C and D for ]J23106)
indicating that RFP fluorescence remains proportional to
the abundance of biosensor-containing cells, regardless of the
induction level of GFP. Taken together, these results indicate
that the J23100 and J23106 biosensor strains grown in monocul-
ture are on par with the original Pep,,r-GFP strain and that con-
stitutive RFP expression in both strains has no impact on the
induction response of the reporter plasmid.

3.3 Proportionality of RFP expression and optical density

After evaluating the stability of FP fluorescence in the J23100
and J23106 biosensor strains, the relationship between RFP fluo-
rescence and optical density was determined at different
growth stages. Although ODggo measurements are primarily in-
dicative of light scattering resulting from culture turbidity, the
relationship between ODggo and cell number can be influenced
by medium composition and absolute culture density. Despite
this resulting in decreased sensitivity at low and high culture
densities, ease and non-invasiveness of measurements, as well
as functional equivalency have led to widespread application of
ODggo measurements as a proxy for cell abundance (28-30, 41).
As background fluorescence is significantly higher than back-
ground ODggo measurements in 384-well format, we observed
that the ratio of RFP fluorescence and optical density decreased
from the time of inoculation until the optical density reached a
critical point (Figure 3A). This observation results from the fact
that increases in ODggg above background of approximately 0.05
can be observed as early as 3h post-inoculation, whereas
increases in RFP fluorescence above background of approxi-
mately 9500 RFU are only observed as early as 9h after inocula-
tion, at which point ODggo values have increased approximately
10-fold above background (Figure 3A/Supplementary Figure S3A
for J23106). This trend can be related to specific stages in the
E. coli growth cycle, with the highest RFU/ODgqo values during
lag-phase (0-5h), resulting from the low denominator, a
rapid decrease in RFU/ODgqo values during exponential-phase
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(5-11h), resulting from the rapid increase in ODggo Without a sig-
nificant increase in RFUs, followed by a consistent and near linear
increase in RFU/ODgy Vvalues during deceleration phase
(Figure 3B/Supplementary Figure S3B for J23106). The consistency
of the pattern of RFP fluorescence in relation to ODgg values, and
the linear increase of this ratio during the deceleration phase of
the E. coli growth cycle, which coincides with the increase of RFP
fluorescence above background values, provides a framework for
modeling the relationship between RFP fluorescence and ODgqo.

3.4 Modeling the relationship between RFP fluorescence
and ODgoo

Based on the stage-specific relationship between RFU and ODggo
observed above, a linear model was developed to predict cell
abundance based on RFP fluorescence following the transition
into deceleration phase at approximately 12h of growth in 384-
well format. This requires the definition of the time of entry
into deceleration phase on a single-culture basis. Although the
culture density ODgoo = 0.65 was consistently associated with
entry into deceleration phase in monoculture, strain-specific

ODgqp is not measurable in co-culture, demanding an alternative
method of defining this transition. The first derivative of ODgoo/
time indicates the rate of increase in ODggo, Which will peak
in log phase and decrease into deceleration phase. Calculating
the rate of change of this value shows a maximum at the
entry into log phase, when the growth rate is increasing
most rapidly, and a minimum at the entry into deceleration
phase, when the growth rate is decreasing most rapidly
(Figure 3C/Supplementary Figure S3C for J23106). These values
are defined by Equation 1, which allows the ODggo-based defini-
tion of time of entry into deceleration phase. The double-
derivative of the growth curve at a time of t, is determined by
subtracting the change in ODgoo (OD,) between t,; and t,., from
the change in ODgqo (OD,,) between t, and t,.4, giving the change
in growth rate between t,.; and t,.
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concentrations.

In the trend of RFP fluorescence over time the entry into de-
celeration phase is marked by an increase in the rate of RFP ex-
pression, which can be observed by plotting the rate of increase
in RFP fluorescence, relative to the total RFUs (Equation 2)
(Figure 3D/Supplementary Figure S3D for J23106). The relative
rate of RFP increase at a time of t,, is determined by dividing the
change in RFP fluorescence (RFP,) from t, to t,.; by the RFP fluo-
rescence at t,.;, giving the relative increase in RFP fluorescence
between t,.; and t,. The maximum at 12 h coincides with the en-
try into deceleration-phase as determined through analysis of
the growth curve, as well as with the start of the linearity of
RFUs/ODgqo over time. This enables the defining of a TO inde-
pendently of ODgg values that cannot be determined in a co-
culture setting.

With T, redefined as the entry into deceleration phase, we
performed a linear regression in order to construct a model to
represent the relationship between RFP fluorescence and optical
density over time in strain J23100 (Equation 3/Supplementary
Equation S1 for J23106). Residuals indicated that a linear trend is
a suitable model of the relationship. In this model, the slope of
2367 is in units of (RFU/ODeg)/t, representing the variation in
normalized RFP fluorescence over time. The Y-intercept of
18 211 is in units of RFU/ODgqo, representing the normalized RFP
fluorescence at the time of entry into deceleration-phase. This

model enables the prediction of ODggo values, based on RFP
fluorescence.

RFP

=2367 x t +18 211 3
ODsoo G)

The accuracy of model predictions was verified in monocul-
ture at three inoculation densities (0.5x, 1x and 5x densities
used in monoculture experiments) and two vanillin induction
concentrations (OpM and 320uM). This validation experiment
enabled direct comparison of measured and predicted ODgoo
values. As observed in previous experiments, vanillin induction
did not impact the relationship between RFP fluorescence and
optical density, and the model was able to accurately approxi-
mate culture density based on raw RFU values alone
(Supplementary Figure S4).

These results indicate that RFP fluorescence can be used to
approximate ODggo of the J23100 biosensor strain in mono-
culture at various vanillin induction concentrations. Increased
variability in predicted values result from noisiness in the
fluorescence measurements. In order to correlate biosensor
response to relative abundance of the biosensor strain in co-
culture, it is necessary to determine the extensibility of the
proposed linear model to the J23100 strain when grown with
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EPI300 with and without fosmid clones. This would enable us to
discern the biosensor proportion of co-cultures on a well-by-
well basis, in order to determine relative biosensor response.

3.5 Co-culturing with novel biosensor strains

Given the linearity of the relationship between normalized RFP
fluorescence and time in the J23100 and J23106 biosensor strains
during deceleration-phase, we investigated the applicability of
this model to the prediction of strain-specific ODggo Values in
plate-based co-culture. As a preliminary validation, we inocu-
lated co-cultures including one of the J23100 and J23106 biosen-
sor strains and EPI300 harboring an empty pCC1 vector (EPI300-
pCC1) used in the construction of fosmid clone libraries at five
different mixing ratios (10%, 25%, 50%, 75% and 90%) induced
with three concentrations of vanillin (0 uM, 320 pM and 640 pM).
For each mixing ratio and induction concentration, we moni-
tored ODggo, RFP fluorescence and GFP fluorescence on a well-
by-well basis, enabling the prediction of biosensor strain cell
density using the linear model described above.

The overall optical density of co-cultures remained constant,
regardless of inoculation ratios or vanillin concentration
(Figure 4A and B/Supplementary Figure S5A and B for J23106).
We observed an earlier entry into both log and deceleration-
phases in comparison to in monoculture experiments. This
likely results from inoculation density, which is variability
prone, depending on inoculation technique. As overall growth
trajectories were similar when TO timepoints were aligned
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(Supplementary Figure S6), this variation should not affect the
accuracy of the model if it is to be applied in screening pipe-
lines. At a given vanillin induction concentration, RFP
(Figure 4C/Supplementary Figure S5C for J23106) and GFP
fluorescence (Figure 4D/Supplementary Figure S5D for ]J23106)
increased proportionately to the ratio of the biosensor inocu-
lated in co-culture. This observation was expected given that
the biosensor strain is the only strain in co-culture to express
the reporter genes. Interestingly, with increasing vanillin
concentrations, we observed decreasing levels of GFP and RFP
fluorescence, in contrast to monoculture observations
(Figure 4C and D). Previously, RFP fluorescence and ODgqo values
were unaffected by vanillin induction and GFP fluorescence in-
creased with induction of the P.,,z-GFP biosensor.

The inverse correlation observed between GFP fluores-
cence and vanillin concentration in co-culture has implica-
tions for the use of this system in whole-cell biosensing.
When using GFP expression alone as a proxy for monoaro-
matic concentration, these results would have indicated the
inverse of the expected readout, as well-level GFP fluores-
cence decreased with increasing vanillin concentrations.
Decrease in the relative abundance of the biosensor strain
in co-culture is likely due to fitness costs associated with
increased GFP expression in response to monoaromatic
induction. Modeling population dynamics based on RFP
fluorescence may enable the explanation of these deviations
from expected trends and more accurate interpretation of
biosensor response in co-culture.
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Figure 4. Monitoring bulk co-culture behavior. (A) Co-culture-level growth characteristic (Optical density) did not differ significantly between vanillin concentration over
time (Time). (B) At a single timepoint (T;s), neither inoculation ratio (Biosensor Inoculation %) or vanillin induction concentration had a significant impact on measured
ODgoo values (Optical density). (C and D) However, variation in the initial inoculation density of the biosensor strain (Biosensor Inoculation %), as well as the concentration
of vanillin, both had a significant impact on fluorescence of RFP and GFP (GFP/RFP). All values represent averages of three replicates.
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3.6 Modeling of biosensor strain ODgqo in co-culture

As determined through modeling of growth dynamics in mono-
culture, approximation of strain-specific ODggo in co-culture
from RFP fluorescence requires determination of the time of en-
try into deceleration phase. This point is then redefined as Tp in
the linear model. The previously observed stochasticity of
growth-rate and biosensor response requires the T, timepoint,
as well as relative strain abundance, to be defined on a well-by-
well basis. We evaluated the possibility of defining this point ei-
ther through co-culture level ODgqo values or strain-specific RFP
fluorescence, by calculating the minimum in the double-
derivative of the ODggo trend or the maximum in the relative
SRFP/3T trend, respectively. Although both methods were indic-
ative of entry into deceleration phase in monoculture, we
wanted to determine which values most accurately represented
the dynamics of the RFP fluorescence/ODgqg in co-culture. These
methods produced slightly different values of T, with more var-
iability in the RFP-dependent calculation at different biosensor
mixing ratios (Supplementary Figure S7B and D). T, values were
defined as 5.6h, using co-culture level entry into deceleration
phase (Supplementary Figure S7A and C) and between 4.5 and
11h using the maximum relative increase in RFP fluorescence
(Supplementary Figure S7B and D).

As T, values were relatively consistent between definition
methods at higher inoculation ratios, and definition using RFP
fluorescence resulted in significantly more variability at lower
inoculation ratios, we selected well-level ODgoo to define Ty.
Once defined, this Ty indicated the start of the linear relation-
ship between RFP/ODgqo and time. We were then able to approx-
imate strain-specific ODggo, as demonstrated in mono-culture,
on a well-by-well basis (Figure 5/Supplementary Figure S8 for
J23106). When analyzed at either a constant vanillin concentra-
tion (Figure 5A/Supplementary Figure S8A for J23106) or a con-
stant inoculation ratio (Figure 5C/Supplementary Figure S8C for
J23106) co-culture-level ODgoo values remained similar.
However, based on modeled strain-specific optical densities,
the abundance of the biosensor strain within these co-cultures
was highly variable, with abundance depending heavily on
inoculation ratio (Figure 5B/Supplementary Figure S5B for
J23106) and with increased vanillin concentration leading to a
significant decrease in biosensor strain abundance
(Figure 5D/Supplementary Figure S5D for J23106).

Normalizing FP fluorescence to optical density of a culture is
a standard method in the application of whole-cell biosensors.
Modeling of J23100 ODgg allows the normalization of GFP fluo-
rescence to predicted biosensor strain abundance, enabling this
relative fluorescence to be approximated in a co-culture setting.
Despite a near 4-fold increase in both GFP and RFP fluorescence
between cultures inoculated from 25% to 90% biosensor strain,
the predicted normalized GFP levels remained relatively con-
stant (Figure SE/Supplementary Figure S8E for J23106). This
trend was not maintained in the culture inoculated at 10% bio-
sensor strain, as GFP and RFP fluorescence values were not dis-
cernable from background autofluorescence (Figure 4C and D/
Supplementary Figure S5C and D for J23106). This indicates
there is a minimum relative population density required for
modeling of population dynamics in co-culture using RFP fluo-
rescence, and likely results from inherent noisiness of fluores-
cence measurements. When the biosensor ratio was set at 50%
or above, there was a clear trend in which increasing vanillin
concentrations led to increased relative GFP fluorescence, re-
gardless of the estimated proportions (Figure SF/Supplementary
Figure S8F for J23106). The uninduced cultures showed tight

clustering of calculated normalized GFP at 0 uM, across inocula-
tion ratios, showing decreased variability at an uninduced state.
This is important in a functional screening paradigm where en-
zymatic activities differ broadly and any fluctuation in biosen-
sor response above baseline could be indicative of a positive
signal. The accuracy of model predictions, therefore, have im-
plication in both the study of co-culture dynamics and the ap-
plication of whole-cell biosensor screening.

3.7 Investigating co-culture dynamics in whole-cell
biosensing

The relative abundance of strains in selected wells from the
experiments described above were analyzed using flow cytome-
try to further investigate population dynamics in co-culture
based on cell counts. As cell counts can distinguish variable ex-
pression at the single-cell level, this enables us to directly vali-
date output of the model and determine variability in reporter
expression as a result of co-culture format. This is essential in
validating the accuracy of model-based ODggo predictions
reported above. Samples were collected at 12, 15 and 23h after
inoculation, at three inoculation ratios (10%, 50% and 90% bio-
sensor strain) and at two vanillin induction concentrations
(OuM and 320 uM). GFP and RFP expression in biosensor strains
enabled them to be distinguished from EPI300-pCC1 during
counting (Figure 6). As predicted by modeling of strain-specific
ODggo, both inoculation ratio and vanillin concentration im-
pacted relative abundance of biosensor strains and EPI300-pCC1
(Figure 6/Supplementary Figure S9 for J23106). At O uM vanillin,
relative abundances of strains were correlated to the inocula-
tion ratio (Figure 6A-C/Supplementary Figure S9A-C for J23106),
whereas at an induction concentration of 320 uM, relative abun-
dances of the biosensor strain decreased over time (Figure 6D-F/
Supplementary Figure S9D-F for J23106).

Although relative abundance trends related to inoculation
ratio and vanillin concentration were observed in predicted
ODggo Values, measured values determined through flow
cytometry-based counting deviated slightly from model pre-
dicted relative abundances in both biosensor strain J23100
(Figure 7A) and J23106 (Figure 7B). The model performed best at
an inoculation ratio of 50%, whereas ODggo Values were overpre-
dicted at an inoculation ratio of 10% biosensor strain and under-
predicted at 90% biosensor strain (Figure 7). These variations
between model predicted ODgpo values and flow cytometry-
based relative abundances likely stem from the limitation of
ODggo measurements as proxies for cell number. As a result of
variable medium absorbance and refraction at low culture den-
sities and multiple scattering events at high culture densities,
the sensitivity of measurements at density extremes is de-
creased. This leads to over and under prediction of absolute cell
abundances when using ODg as a proxy (28, 29). However, this
is generally considered to be an acceptable limitation in order to
enable high-throughput, non-invasive approximation of cell
number. Additionally, it was found that decreasing the slope of
the linear model generated more accurate predictions at 50%
and 90% biosensor inoculation ratios, which may enable ac-
counting for limitations in the ODggo proxy.

Cumulatively, these results highlight the sensitivity of popu-
lation dynamics to variations in metabolic activity within a spe-
cific strain in co-culture and the potential effect of these
dynamics on the performance of functional screens. This also
indicates that population dynamics can be predicted based on
fluorescence levels of a marked strain in co-culture. Co-culture-
level phenotypes, such as biosensor fluorescence, can then be
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Figure 5. Calculating proportions of J23106 biosensor strain in co-culture using RFUs and predicting biosensor response through GFP normalization to calculated ODggo.
(A) At a vanillin concentration of 0pM, ODggo values (Optical density) remained relatively consistent in co-culture, regardless of biosensor inoculation ratios. (B)
However, predicted ODgq of the biosensor strain (Predicted ODgoo) Were proportional to inoculation densities. (C) At a biosensor strain inoculation density of 75%, co-cul-
ture level ODgoo Values (Optical density) remained consistent, (D) whereas predicted ODgoo values decrease with increasing vanillin concentration (0puM, 320 M and
640 uM). All values represent averages of three replicates. (E) GFP fluorescence was normalized to calculated biosensor-specific ODgqq (Predicted GFP/ODgoo), at increasing
inoculation densities (Biosensor inoculation %) and vanillin concentrations. Values represent averages of three replicates. (F) At biosensor inoculation ratios of 50% or
greater, the increase in relative GFP expression (Predicted GFP/ODggp) in response to vanillin (Vanillin) was consistent across ratios. There was minimal variation between
calculated normalized GFP fluorescence at O uM Vanillin. Points represent single samples.

normalized to predicted relative abundances to determine ac-
tivity of individual marked strains.

4. Conclusions

In this article, we design, build and test an experimental high-
throughput co-culture system in which to measure and model
the relationship between fluorescence and cell abundance,
combining CRAGE and whole-cell biosensing with a Pemr-GFP
monoaromatic reporter used in plate-based functional screen-
ing. We first established the CRAGE system for chromosomal
engineering in the E. coli EPI300 screening host. This enables
streamlined screening chassis engineering. Subsequently,

a series of E. coli EPI300 strains were engineered to constitutively
express RFP and the relationship between RFP expression and
optical density (ODgoo) was determined at different stages of the
EPI300 growth cycle in monoculture. Based on these observa-
tions we derived a linear equation describing the increase of
normalized RFP fluorescence after entry into deceleration
phase. We then applied this equation to make predictions re-
lated to biosensor strain dynamics in co-culture with EPI300
harboring the pCC1 fosmid cloning vector at different mixing ra-
tios and inducer concentrations, and compared measured and
predicted values using plate-based and flow cytometric detec-
tion methods. Induction of the biosensor lead to a significant
decrease in relative abundance of the biosensor strain and a
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Figure 6. Determining population dynamics using flow cytometry. Proportions of strains in samples collected 15 h after inoculation are shown. At a vanillin concentra-
tion of 0puM, relative abundances were proportional to their inoculation ratios of 90% (A), 50% (B) and 10% (C) J23100 biosensor strain (Y-axis = Side scatter/X-axis = GFP
fluorescence). Plots represent events from single samples. Increased vanillin concentration from 0puM to 320 uM led to a relative increase in EPI300-pCC1 abundance at in-
oculation ratios of 90% (D), 50% (E) and 10% (E) biosensor strain (Y-axis = Count/X-axis = GFP fluorescence). Histograms represent counts of two samples at either 0 uM

(gray) or 320 uM (blue) vanillin.

decrease in bulk GFP fluorescence. The shift in relative strain
proportions at varying biosensor induction levels has the poten-
tial to impact the interpretation of functional screening data,
where analysis of plate-level fluorescence assumes consistent
proportions of the biosensor strain from well to well.

In a functional screen, the metabolic burden associated with
harboring any given fosmid clone will likely be variable and
greater than that of harboring the empty pCC1 vector. The result

will be unconstrained variation in relative abundance, depen-
dent on both the metabolic burden of the fosmid clone and the
level of biosensor response to specific activity encoded on the
fosmid. This variability would also be observed in the engineer-
ing of alternative co-culture settings, such as the distribution of
metabolic pathways. The current work provides a framework
for determining these dynamics in high-throughput and in de-
signing more robust plate-based screening methods.
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Figure 7. Model based prediction of ODgq values in co-culture compared to measured cell counts. Measured and predicted ODgqo values (Optical density) at T;s are com-
pared at two induction concentrations (0 uM and 320 uM vanillin) and three inoculation proportions (10%, 50% and 90% biosensor strain). Similar trends were observed
in both the J23100 (A) and J23106 (B) biosensor strains. Each bar represents either a single flow cytometry analysis or a single predicted ODgqo value of the biosensor

strain.

Representative models of the relationship between ODgyo and
FP fluorescence are likely dependent on host-strain metabolism,
FP expression dynamics, medium composition and culture vol-
ume, requiring screening paradigm-specific model definition.
However, we believe that observed trends would be consistent
regardless of these factors, and that this type of modeling is ex-
tensible to a wide variety of strains and growth conditions. At
the same time, we identified general conditions for optimal
model performance. For example, hourly data collection over at
least 20 h enables accurate definition of the entry into decelera-
tion phase and that a relative biosensor abundance of at least
25% is required to detect sufficient RFP fluorescence to accu-
rately model proportions. Moreover, the R markdown provided
for this work can be used on datasets sourced from other strains
with slight modification for varied input formats. Beyond the
specific application of CRAGE-mediated insertion of fluorescent
chromosomal markers for determining co-culture dynamics of
the Pemr-GFP monoaromatic reporter this work should be ex-
tensible to other biosensing and consortium engineering appli-
cations by providing novel strains for site-specific integration
into the EPI300 chromosome and marked EPI300 strains
expressing different levels of RFP.

Supplementary Data
Supplementary Data are available at SYNBIO Online.
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