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Abstract

Background Artificial microbial consortium has been widely employed to improve the production of fengycin, a nat-
ural lipopeptide. Kinetic models are essential for understanding and predicting the dynamic behavior of metabolic
systems, especially microbial consortia. Since the time evolution of metabolite concentrations and biomass is con-
tinuous and dynamic, systems of ordinary differential equations (ODEs) provide a natural and effective framework

for capturing such interactions. In this work, a kinetic model based on ODEs was established to describe a multi-strain
artificial consortium for fengycin synthesis, utilizing Bacillus subtilis, Yarrowia lipolytica, and Corynebacterium glutami-
cum as target strains.

Results The model captures microbial growth, intermediate metabolite formation, final product synthesis, and sub-
strate consumption. It was successfully applied to analyze and interpret the cultivation data of target strains on vari-
ous substrates. The model explicitly incorporates the accumulation of amino acids synthesized by C. glutamicum,

the accumulation of fatty acids synthesized by Y. lipolytica, and the process in which B. subtilis utilized amino acids

and fatty acids as partial precursors for fengycin production. The mathematical model ended up as a nonlinear ordi-
nary differential system, which was solved with an adaptive step-size Runge-Kutta method, coupled with a genetic
algorithm to roughly estimate the optimal model parameters associated with cellular growth, substrate consumption,
and product level in fermentation broths.

Conclusions The numerical results of the kinetic model agreed well with experimental data, and all seven sets
of experimental conditions were fitted with overall relative errors ranging from 7.4 to 15.1%. This kinetic modeling
provided a meaningful tool for the rational design and construction of further artificial consortia.
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Background

Fengycin, a natural lipopeptide, is an important natural
product with a wide range of biological activities and
potential applications [1]. It is produced by Bacillus spe-
cies and has been demonstrated to have various beneficial
effects in agriculture, pharmaceuticals, and environmen-
tal applications [2—5]. As a biopesticide, fengycin inhibits
the growth of plant pathogens, providing protection for
crops against diseases. Additionally, fengycin exhibits
pharmacological activities such as antibacterial, anti-
cancer, and antioxidant properties, showcasing its broad
potential in the field of biomedicine. Therefore, it is of
great significance to promote the synthesis and produc-
tion of fengycin.

Currently, the efforts to improve fengycin production
primarily focus on fermentation optimization, where
factors such as strain specificity, culture conditions, and
extraction process substantially impact on titer and qual-
ity of fengycin [6-9]. To achieve an efficient production
of fengycin, it is valuable to establish a kinetic model that
comprehensively understands the synthesis mechanisms
and key influencing factors of fengycin biosynthesis.

In recent years, the application of mathematical mod-
els and numerical algorithms in the field of biology

has become increasingly widespread. Various types of
mathematical models have been developed to describe
different biological processes, including mechanistic
modeling, stoichiometric modeling, and cybernetic mod-
eling, among others [6, 7, 10-13]. For instance, Mandli
[14] utilized a cybernetic modeling framework to inves-
tigate regulatory phenomena in microorganisms. Yasemi
[15] studied a series of mathematical models concerning
cell metabolism under steady-state conditions. Sidorenko
[16] researched the dynamics of the recombinant Saccha-
romyces cerevisiae and the heterologous hantavirus pro-
tein. Wu [17] established a comprehensive mathematical
model of quorum sensing (QS) regulation in co-culture
and constructed an experimental combination of QS
devices to evaluate the feasibility and optimality of its
regulation of growth competition to achieve a high prod-
uct titer in co-culture. However, research on the kinetic
modeling of fengycin is relatively limited.

Therefore, we choose to investigate the fengy-
cin production dynamics in artificial consortium via
mathematical modeling, in the hope of finding better fer-
mentation parameters to help optimize the fermentation
process and improve fengycin production. We carry out
a detailed analysis of the experimental process and finally
develop a kinetic model to illustrate intricate interactions
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between microorganisms and their metabolic activities.
This model considers the growth kinetics of strains, the
substrate consumption, the formation of intermediate
metabolites, and the synthesis of fengycin.

By incorporating known biochemical reactions, the
kinetic model was constructed for deducing the fengycin
production in the artificial consortia of C. glutamicum,
Y. lipolytica, and B. subtilis, and employed numerical
methods and optimization algorithms to solve the kinetic
model and estimate its unknown parameters.

Methods

Experimental design and method

This section mainly describes the principles and follow-
ing constructs the kinetic model of fengycin production
and corresponding wet experimental data collection
methods.

Fengycin synthesis analysis
Fengycin was synthesized by B. subtilis via non-riboso-
mal polypeptide synthetase (NRPS) [6]. Amino acids and
fatty acids, the structural precursors of fengycin, can pro-
mote the synthesis of fengycin by NRPS. Therefore, the
amino acids produced by C. glutamicum and the fatty
acids produced by Y. lipolytica were used to supply B.
subtilis to produce fengycin, and a multiple-strain artifi-
cial consortium model was constructed.

The strains used in the experiments are as follows
(Table 1):

« Fengycin producers: strains CGF-PG, CGF26-1V, and
ArapJE (derivatives of B. subtilis CGF-P-02; strains
engineered for fengycin biosynthesis) [19, 25-27].

+ Amino acid producers: strains C. glutamicum-PR
and cgb-11 (derivatives of C. glutamicum; strains
designed for the production of fengycin structure-
dependent precursor amino acids) [19, 25-28].

« Fatty acid producer: strain YL-21: (derivative of Y.
lipolytica strain, engineered for the production of

Table 1 Strains used in this study
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fengycin structure-dependent precursor fatty acids)
[29].

In the artificial consortium, strains C. glutamicum—PR
and cgb-11 can produce four different precursor amino
acids. Strains CGF-PG, CGF26-1V, and ArapJE are all
derivatives of B. subtilis CGF-P-02. Under the experi-
mental conditions, the genetic modifications introduced
in these strains showed negligible impact on their growth
characteristics or fengycin production performance.
Therefore, the mathematical model established by this
study theoretically has extremely important guiding sig-
nificance for mixed-strain systems involving derivatives
of the B. subtilis CGF26 series.

Preparation of microbial culture medium

The composition of the fermentation medium was a key
factor in microbial fermentation culture, especially the
selection of carbon source and nitrogen source and their
composition ratio [18]. Medium Call8-7, the optimum
medium for producing fengycin in an artificial consor-
tium [19], contains 40.0 g-L™! maltodextrin, 10.0 g-L™!
sucrose, 30.0 g-L ™! yeast extract, 1.3 g-L™! MgSO,-7H,0,
20.0 gL' Na,HPO,-12H,0, 6.7 gL' Na,MoO,2H,0,
3.0 gL™! KH,PO,, 50 gL' (NH,),SO, 0.02 gL'
FeSO,-7H,0, 0.02 gL' MnSO,-H,0, 0.45 mg-L"! vita-
min B1, and 0.05 mg-L™! vitamin B7. The kinetic model
employed in this study was also established based on the
medium. Subsequent microbial consortium media were
all formulated based on this basal medium with appro-
priate modifications.

Measurement of biomass

The microbial biomass at different times of the fermen-
tation solution was detected by ultraviolet spectropho-
tometer at 600 nm, and the microbial growth curve was
drawn.

Strains  Characteristics

CGF-PG B subtilis 168 derivate, P43-sfp-degQ, AsrfAB-AC, ApksBCDE, P
opuf, C2up-egfp

CGF26-IV B subtilis 168 derivate, P43-sfp-degQ, AsrfAB-AC, ApksBCDE, P

veg

veg

-fenC, P43-accBC, P43-fabHB, AtapA-sipW-tasA, AepsAB, AspolllE, PfbaA- [19]

-fenC, P43-accBC, P43-fabHB, AtapA-sipW-tasA, AepsAB, AspolllE, PfoaA-  [19]

livH
C.glu-PR  C glutamicum ATCC 13032 derivate, AputA, a mutation in the proB, P, mcherry [19]
ArapJE B subtilis 168 derivate, ApksBCDE, P -fenC, P43-accBC, PA3-fabHB, AtapA-sipW-tasA, AepsAB, AspolllE, PfoaA-oput, PsrfA-ppsA, PsrfA- [27]
RE3-ppsA, ArapJ, ArapE
Cgb-11  C glutamicum ATCC 13032 derivate, Apck, Addh, AlysE, AilvA, AmetX, AputA, proB mutation, Ptrc-ilvBN [28]
YL-21 ATCC 201249 derivate, AKu70:PTEFin-VHb, APHD1, APAH1, ALROT, AFAAT [29]
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Measurement of fengycin concentration

The fengycin was quantitatively determined by high-
performance liquid chromatography (HPLC). The sam-
ple size was 10.0 L. The chromatography was performed
on a C18 reverse-phase column (4.6 mm X150 mm,
5 pm) with 50.0% acetonitrile and 50.0% pure water
(containing 1.0% trifluoroacetic acid) as mobile phases
[18].

Fermentation in Erlenmeyer flasks

The activated microbial seeds were inoculated into
a 500-mL Erlenmeyer flask containing 80 mL of the
Cal18-7 medium and cultured at 30 °C and 180 rpm for
72 h. The fengycin was extracted from the supernatant
of the fermentation broth after 72 h for quantitative
measurement.

Fermentation in bioreactors

For scale up, the activated microbial seeds were inoc-
ulated into a 5.0-L bioreactor containing 3.5 L of the
Cal18-7 medium and cultured at 30 °C and 300 rpm.
The airflow rate was maintained at 2.0 L-min~!. Carbon
and nitrogen sources were added during the fermenta-
tion process at 32, 56, and 72 h when the pH increased.

Construction of the kinetic model

In this section, a mathematical model will be estab-
lished to describe the biological process. The concen-
tration of fengycin will serve as the primary research
target, and a comprehensive kinetic model will be for-
mulated to capture the kinetics of microbial growth,
substrate consumption, and product formation
throughout the fermentation process. In the following,
we take the mixed-culture experiment of B. subtilis, C.
glutamicum, and Y. lipolytica as an example to illustrate
the process of constructing the kinetic model.

Basic principles and assumptions

In the experimental process, our focus will be on
extracting the key biological reactions while consider-
ing the remaining biological reactions as relatively weak
or negligible in terms of their impact on the specific
objectives of our study.

By simplifying the model and focusing on the critical
factors that influence the system’s kinetics, we stream-
lined our analysis and concentrated our efforts on the
most significant aspects. It is crucial to note that this
simplification is well justified, as it allows us to capture
the essential kinetics while minimizing the inclusion of
negligible or irrelevant processes.

The complete biological process intended to simulate
is as follows. In the fermentation medium, maltodextrin
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(MD) and sucrose were utilized as the primary carbon
sources. Initially, C. glutamicum was inoculated in
advance to facilitate amino acids’ accumulation. Sub-
sequently, B. subtilis was inoculated for fengycin pro-
duction. Similarly, pre-inoculation with Y. lipolytica
could promote the accumulation of fatty acids. We
established a similar dynamic model for Y. lipolytica
and C. glutamicum, and in the two-strain artificial con-
sortium, we used C. glutamicum as a representative for
illustration. In the three-strain artificial consortium,
C. glutamicum and Y. lipolytica were pre-inoculated
at intervals to ensure the accumulation of amino acids
and fatty acids, as shown in Fig. 1.

Construction of the kinetic model for the two-strain
artificial consortium

In the course of the two-strain artificial consortium, the
following variables were extracted and utilized to estab-
lish a mathematical model:

+ X,(t): The amount of strain B. subtilis at time ¢
(ODgg0)-

+ X,(t): The amount of strain C. glutamicum/Y. lipol-
ytica at time ¢ (OD).

o 5,(¢): The amount of sucrose at time ¢ (g/L).

o Sy(?): The amount of MD (maltodextrin) at time ¢
(g/L).

+ A(t): The amount of amino acids/(fatty acids)) at time
t (g/L).

+ F(t): The amount of fengycin at time ¢ (mg/L).

These variables capture the essential parameters and
components involved in the two-strain artificial consor-
tium and were used to establish a comprehensive mathe-
matical model that describes the kinetics and interactions
between them.

Microbial growth model

Based on the growth characteristics of bacteria in the
artificial consortium, the Monod equation [20] and the
Logistic equation [21] are commonly used to describe
the basic bacterial growth kinetics. The Monod equa-
tion describes the relationship between the specific
growth rate of the bacterial population and the substrate
concentration. However, this equation is more suitable
for single-species systems where other limiting factors
are not present. Based on the feedback from numerical
simulations and considering that the focus of this study
is a mixed bacteria system, we will start with the Logis-
tic equation and incorporate modifications to account
for interspecies interaction. This approach allows us to
construct a growth kinetics model for a mixed microbial
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Fig. 1 Schematic diagram: synthesis route of fengycin. Two carbon sources (e.g., sucrose and maltodextrin) are utilized by microbial consortia
to generate intermediate metabolites, which subsequently participate in fengycin biosynthesis. Red arrows indicate substrate consumption, blue
arrows denote metabolite production, and yellow arrows represent pathways that promote the synthesis of fengycin

system under limiting substrate conditions. The classical
form of the logistic model is as follows:

1dX 1 X

— 212,

X dt N )
where X denotes the bacteria population size, r repre-

sents the population growth rate, and N is the carrying
capacity of the environment.

Considering that substrates in the bacterial fermenta-
tion process are limited and continuously consumed,
logistic model (1) should be modified as shown in logistic
model (2), with S; denoting the substrates and r; indicat-
ing the respective bacterial growth coefficients for each
substrate. This modified equation incorporates the limi-
tation of substrate availability in the bacterial fermen-
tation process and considers the influence of different
substrates on the growth rates of bacteria. It is worth
mentioning that this equation can be readily extended to
multi-strain consortiums; however, one should be aware
of the challenges in parameter optimization arising from
the high dimensionality:

- j\i) Z I"L'SL'.

14

1dx _
X dt

During the experimental process, bacterial growth can
be divided into two stages. The first stage involves the
inoculation of C. glutamicum or Y. lipolytica in advance,
representing a single-species system. In this stage, we can
start with the logistic model (2). Similarly, after the inoc-
ulation of B. subtilis to establish a mixed bacteria system,

2)

we can start from the interspecies interaction model (3).
In this model, considering the limited substrates in the
medium, a similar modification is applied to the model,
resulting in the following form:

L= (1= =013 ) X1 (nS1 +7282), "
&= (1- ;\% - 0'2% Xa(r3S1 + 13S2),

where N; and N, represent the environmental carry-
ing capacities, while ¢, and o, represent the competition
coeflicients. The coefficients r;, r, r; and r, represent
the growth coefficients of C. glutamicum or Y. lipolytica
and B. subtilis with respect to two different substrates.
This modified model takes into account the limitation of
substrate availability in the medium and the growth coef-
ficients of C. glutamicum and B. subtilis with respect to
different substrates.

The proposed model effectively captures the rapid
growth in the early and middle stages of the fermentation
process, as well as the growth inhibition caused by vari-
ous inhibitory conditions in the later stages.

Substrate consumption model

Within the entire medium, the carbon sources are pri-
marily sucrose and maltodextrin, serving three main
purposes: (1) sustaining the normal metabolic activities
of bacteria; (2) fueling the growth and reproduction of
bacteria; and (3) supporting the production of desired
products. In accordance with the notation used previ-
ously, the consumption of these two carbon sources can
be modeled as model (4) using the following equations:
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where §; and S, denote the concentrations of sucrose
and maltodextrin, respectively, and X; and X, denote the
population sizes of two strains. The coefficients o3, g,, 03,
and oy correspond to the consumption rates of the two
carbon sources by these two strains.

Kinetic modeling of intermediate and final products
As shown in Fig. 1, during the growth of C. glutamicum
or Y. lipolytica, amino acids or fatty acids are metaboli-
cally produced and subsequently consumed by B. sub-
tilis, thereby accelerating the synthesis of fengycin. To
describe the relationship between the amino acids (or
fatty acids) production rate and the growth of C. glutami-
cum (or Y. lipolytica), we employ the widely used Leudek-
ing—Piret equation as a generic model. Considering the
unknown coupling relationship between C. glutamicum
growth and amino acids production, we adopt model (5)
with the best numerical results for modeling purposes.
In a similar manner, the same modeling framework is
employed to characterize the consumption of amino
acids by B. subtilis. In the model, o denotes the amino
acids production coefficient of C. glutamicum, while o
represents its amino acids consumption coefficient:
dA X X
i 07]\—; — 03Aﬁ1. (5)
Regarding fengycin, it is synthesized by B. subtilis uti-
lizing the substrates present in the medium, facilitated
by the effect of amino acids and fatty acids. In this con-
text, we adopt a modeling strategy analogous to that used
for amino acid synthesis, accounting for both substrate
limitation and the enhancement effect exerted by amino
acids. Consequently, model (6) is derived to describe the
kinetics of fengycin production, where o, denotes the
synthesis coefficient of B. subtilis for fengycin produc-
tion, and o, quantifies the enhancement effect of amino
acids or fatty acids on fengycin biosynthesis:

dF X1
T = 09]\71(1 + 0104) (51 + S2). (6)
Based on the three components described above, we
have constructed a comprehensive kinetic model for
fengycin biosynthesis. Specifically, the model comprises
two sets of ODEs: the first set model (7) describes the
monoculture system in which C. glutamicum is pre-inoc-
ulated alone, and the second set model (8) represents the
co-culture system after the inoculation of B. subtilis for
fengycin synthesis. The model encompasses a total of 16
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parameters, denoted as r, N, 0;, which capture the func-
tional relationships pertaining to bacterial growth, sub-
strate consumption, and synthesis of the product, among
other aspects.

Step I: The monoculture system of C. glutamicum

@ _ ( _ I)\%)XQ(V'D’S1 +748)
ds;

Xy
det _Sl _U4N2 ’ (7)
4 _ ¢ (g X2
dt =92 6N2 ’
dd _ 5 X
de _G7N2’

Step II: The co-culture system with B. subtilis and C.

glutamicum
Wo (18— 2)X018 + ),
=1~ B — o2k ) Xa (1381 + 1Sa),
% =5 —03])\% — 041)\% R ®)
% 252 —051)\% —(76;\% ,
% = 0'79)?*? — 0'814%,
a = 0oxy (1 +0104)(S1 + S2).

Remark: A similar variant of Eq. (7) can also be for-
mulated to describe the scenario where B. subtilis is pre-
inoculated alone.

Construction of the kinetic model for the three-strain
artificial consortium

In the course of the three-strain artificial consortium, the
following variables are extracted and utilized to establish
a mathematical model:

o X;(t): The amount of strain B. subtilis at time ¢
(ODgo)

o X,(t): The amount of strain C. glutamicum at time ¢
(ODgo)

o Xj(t): The amount of strain Y. lipolytica at time ¢
(ODgy)

o S(2): The amount of carbon source which is the sum
of sucrose and MD at time ¢ (g/L)

+ A,(t): The amount of amino acids at time ¢ (g/L)

o A,(t): The amount of fatty acid at time ¢ (g/L)

+ F(t): The amount of fengycin at time ¢ (mg/L)

To reduce the parameter number and to simplify the
numerical optimization process, the difference between
the two carbon sources is ignored and considered as a
whole. The overall approach is consistent with the two-
strain artificial consortium.
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By employing a similar framework encompassing bac-
terial growth, substrate consumption, and the production
and utilization of intermediate and final metabolites, and
under the assumption that Y. lipolytica and C. glutami-
cum exert no direct influence on the dynamics of fatty
acids, we constructed the following ordinary differential
equations (ODEs):

@ _ (XX X3
i = 1 N T 01N, T O2%; rXiS,
X _ (X2 _ 50 _ 5 X3
& = 1 N (73Nl O'4N3 VzXzS,
& _ (X3 XN 5 X
T = 1 N; 05N, — 06N, r3 X3S,
ds X X X: 9
$=5(-or ¥ — s}z —o0it), ©)
dA X. X
T =08 —ondiy,
dA X X
T =ony — oA
X
&= 01485 (1 + 01541) (1 + 01642).
The model (9) comprises 22 parameters, which

describe a mixed system containing Y. lipolytica, C. glu-
tamicum, and B. subtilis.

Numerical solution and parameter optimization

In this section, we employed a genetic algorithm [22, 23]
combined with the adaptive-step Runge—Kutta method
[24] to optimize the parameters so as to minimize the
simulation error.

Numerical solution

We employ an adaptive Runge—Kutta method to numeri-
cally solve the ODEs. The variable-step Runge—Kutta
method adjusts the step size dynamically for better effi-
ciency and produces a reliable solution by controlling
numerical tolerance parameters.

System (model 7) is first solved numerically till the
inoculation time, then the solution is used as the initial
value for the subsequent (model 8) system. Following
the same way, we obtain numerical solutions at the given
experimental time. The three-strain artificial consortium
is solved similarly.

Parameter optimization

Denote the experimental data by Y|, which corresponds
to representing measured concentrations of fengycin at
different times or initial values. Denote the numerical
solution as Y. It is important to note that Y is related to
all the unknown parameters g, 1, k in the model, that is,
Y=Y (o, 1, k).

To better capture the biological processes in the
medium, we aim to find a set of unknown parameters
that yield numerical results Y (g, 1, k) that closely match
the experimental results Y,,. This will facilitate a better
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understanding of the entire biological process and pro-
vide guidance for future experiments:

min L(¢,0,r,N).

o1,

(10)

Therefore, we establish an optimization model with
(model 10) as the objective function. In this case, we
choose the relative error in the norm as the measure of
closeness between Y (g; 1, k) and Y, as:

L=11Y = Yoll/l|Yoll. (11)

In the numerical experiments, we used two com-
monly adopted error measures: the co-norm and the L,-
norm. For a vector Y=(y;, ¥5 ¥s.-...¥5), its co-norm and
the L,-norm can be defined as follows:

N 1/2
2
[1¥]loc = max|Yl, ||l = (Zi_lyL) . (12

In the numerical analysis, the L2-norm reflects the
fitting performance using the average squared devia-
tion between the model predictions and the experimen-
tal data, while the co-norm is the maximum deviation.
From this perspective, the two norms together provide
a good evaluation of the point-wise and averaged accu-
racy of the fitting.

To optimize the parameters of the kinetic model
and improve its accuracy in capturing the dynamics
between limited substrates and bacterial populations,
we employed a genetic algorithm (GA) as an efficient
optimization technique. The GA is a heuristic search
algorithm inspired by the process of natural selection
and evolution. It has been widely used in various opti-
mization problems, including parameter estimation in
mathematical models.

It should be noted that the stability of the parameter
estimates is theoretically supported by the well-pos-
edness of the underlying ordinary differential equa-
tion theory, which ensures that small perturbations in
parameters do not lead to unstable solutions.

During the optimization process, we employ the
MATLAB’s Optimization Toolbox, a specialized toolkit
developed by MathWorks and widely used for imple-
menting genetic algorithms in complex optimization
tasks. The optimization settings are carefully tuned,
including selection, crossover, mutation strategies,
population control, and evolutionary mechanisms, to
ensure stable convergence and effective exploration of
the solution space. In the calculation of the objective
function, we take the two-strain artificial consortium as
an example to provide the calculation process of L as
Algorithm 1. Through multiple rounds of optimization
trials, the algorithm vyields satisfactory results.
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Algorithm 1 Objective Function Calculation L in two-strain artificial
consortium

Page 8 of 16

Input: Experimental data Yo

Initial conditions For ( model 7) X25:52, A
Initial conditions For ( model 8) X;

Parameters o, r, k
Time 71T,

Output: Objective Function value L under Parameters o, r, k.

Steps:
1: For the i-th experimental group (X1, X2, T1, T2)
2: Set initial values (X2, 51,52, A)
3: Solve (model 7) from t=0to t=T;
4: —Obtain values (X2, 51,52, A) at t=T;
5 Use (X1, X2, 51,52, A, F2) as new initial values
6 Solve (model 8) from t=0to t=T;
7: Extract final product value F; as VY;
8: End For
9: Compute objective function L
LY -Y, I/l
10 : Return L

Remark: In fact, we may also consider parameter opti-
mization methods based on optimal control theory
(OCT). The parameters can be treated as control vari-
ables, with the objective of minimizing the error between
the numerical solutions and the experimental data as
(10). However, this problem is essentially nonlinear, and
its smoothness and convexity cannot be guaranteed, so
we employed GA for the solution. In the future, gradi-
ent-based optimization methods may be considered to
improve efficiency.

Results

Two-strain artificial consortium of strains CGF-PG and C.
glu-PR

Numerical simulation in Erlenmeyer flasks

The inoculation time and initial ratio of artificially micro-
bial consortia affect the growth rate of each strain and
the interactions among microbial populations as well as
their metabolic capacity. In our previous study, an arti-
ficial consortium of strains C. glu-PR and CGF-PG was

constructed to investigate the effects of different inocula-
tion ratios and fermentation times on the fengycin pro-
duction [19, 25].

We used our previous experimental results of Gao
et al. [19, 25] as a data source. In the numerical simula-
tion aspect, we represented different co-culture ratios by
changing the initial values of the ODEs. By solving the
corresponding ODEs separately at different time inter-
vals, the delayed inoculation of the two strains was cap-
tured. For the data in the objective function for model
optimization, we mainly focused on fitting the data of
fengycin production at inoculation time and initial ratio
of microbial co-cultures.

In our numerical simulations, the model achieved a fit-
ting accuracy of 9.0% in oo-norm sense when compared
with experimental data on inoculation time and initial
ratio. The simulation results are as shown in Fig. 2. In
this numerical experiment, the overall fitting error of our
model remains relatively low, demonstrating good agree-
ment with both types of experimental data.
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Fig. 2 Simulation results of fengycin production in Erlenmeyer flask under the co-culture of strains C. glu-PR and CGF-PG. a Effects of inoculation
times, b effects of inoculation ratios. Data are presented as mean + SD from three biologically independent samples

Under the optimal culture conditions, the fitting error
achieved 15% in L,-norm sense for the kinetic experi-
mental data. These results correspond to the optimal
set of kinetic parameters identified by the mathematical
model. Upon closer analysis, the model exhibited better
performance in simulating the trend of mid-to-late stages
and the final production, as shown in Fig. 3. Considering

the fermentation kinetics, if we focus solely on the log-
arithmic growth phase, decay phase, and steady-state
phase, while disregarding the slow growth during the lag
phase, and only fit the fengycin dynamics data after 48 h
and the final product data for different co-culture ratios,
the relative error was reduced to around 12.0%.
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Fig. 3 Simulation results of fengycin production kinetics

in Erlenmeyer flask under the co-culture of strains CGF-PG and C.
glu-PR

For this experiment, the shake flask cultivation repre-
sents a relatively small-scale setup, which is more sus-
ceptible to environmental fluctuations and sampling
disturbances. As a result, the relative error tends to be
higher compared to larger-scale or more controlled
systems.

Numerical simulation in bioreactor

In the same way, we used the experimental results of Gao
et al. [19, 25] in the bioreactor as the data source for the
numerical simulations; the experimental setup in the bio-
reactor is similar to that in the Erlenmeyer flasks. How-
ever, there are three main differences. Firstly, the scale of
the experiment is larger in the bioreactor, leading to a sig-
nificant reduction in experimental errors caused by sam-
pling. Secondly, only a single mixing ratio of 0.2:0.4 was
tested in the bioreactor, and no other ratios were inves-
tigated. Additionally, considering substrate consump-
tion, feeding of additional nutrients is performed at three
time points: 32 h, 56 h, and 72 h, during the fermentation
process in the bioreactor. The total volume of the feeds
was 500 mL, containing 210.0 g/L maltodextrin, 70.0 g/L
sucrose, 210.0 g/L yeast extract, and 17.5 g/L (NH4),SO,.
Each replenishment was 166.67 mL of the feeds.

The experimental data of Gao et al. [19, 25] display the
production kinetics of fengycin. Based on these data, we
numerically simulated the fengycin production kinet-
ics in a bioreactor. During the numerical solution of the
kinetic model, we incorporate segmented treatment of
the mixed microbial ODEs (9) based on the previous han-
dling approach. At each specific time point, the model (9)
is segmented and treated separately. The concentrations
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Fig. 4 Fengycin production kinetics simulation in the bioreactor
cultivation of strains CGF-PG and C. glu-PR

of corresponding carbon sources are updated at each
feeding time point, and these updated concentrations are
used as new initial values for solving the equations within
that segment.

This process continues for each segment until the com-
plete solution of the entire kinetic model is obtained.
And in the model fitting process, we focus on fitting the
kinetic data of fengycin production in the mixed micro-
bial system.

The overall model fitting of the data from the fermenter
shows a relative error of approximately 7.5% in co-norm
sense. Figure 4 demonstrates a close agreement between
the simulated and actual curves, indicating a good fit of
the model, and clearly shows a significant increase in the
fengycin production at several time points of supplemen-
tary feeding, indicating a successful fit of the fengycin
production dynamics.

Two-strain artificial consortium of strains ArapJE

and Cgb-11

The recombinant B. subtilis strain ArapJE was derived
from the parental strain CGF-P-02 through promoter
replacement and gene knockout [26, 27]. In the co-cul-
ture system with strains ArapJE and Cgb-11, strain Cgb-
11 could produce high amino acid levels (Thr, Pro, Val,
and Ile) and provide the necessary precursor for fengycin
synthesis. This study focuses on the effects of inoculation
time and initial ratio of strains ArapJE and Cgb-11 on
fengycin production.

In the inoculation time experiment, strain ArapJE
was added to the medium at 0 h, while strain Cgb-11
was inoculated at various time points: —4 h (4 h in
advance), —2 h, 0 h, +2 h, and +4 h relative to strain
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ArapJE inoculation. In the inoculation ratio experi-
ment, strains C. glu and Arap]JE were inoculated into
the medium at OD, values of 0.8:0.2, 0.6:0.2, 0.4:0.2,
0.2:0.2, 0.2:0.4, 0.2:0.4, 0.2:0.6, and 0.2:0.8 at the corre-
sponding inoculation time.

The model fitting for this experimental dataset
yielded an overall error of approximately 13.7% in
oo-norm sense (Fig. 5), indicating a satisfactory agree-
ment between simulation and experimental results.
In addition, the relative errors of the control check
groups from both datasets demonstrate that the model
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captures this system reasonably well and meets the
expected level of accuracy.

Three-strain artificial consortium of strains Cgb-11, YL-21,
and CGF26-IV

The impacts of inoculation ratios and time on fengycin
production among strains Cgb-11, YL-21, and CGF26-
IV was explored in our previous study [25, 28], and we
used the experimental results as a data source here. The
experimental design comprises two sets of two-strain
artificial consortia: one involving strains Cgb-11 and
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Fig.5 Simulation results of fengycin production under the co-culture of strains Cgb-11 and ArapJE. a Effects of inoculation times, b effects
of inoculation ratios. Data are presented as mean = SD from three biologically independent samples
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CGF26-1V, and the other involving strains YL-21 and  Two sets of two-strain artificial consortium

CGF26-1V. In addition, a three-strain artificial consor-  In this set of experiments, two sets of two-strain artificial

tium composed of strains Cgb-11, YL-21, and CGF26- consortium experiments were conducted initially. These

IV was also constructed and investigated. experiments involved the artificial consortium system of
strains CGF26-IV with Cgb-11 and YL-21, respectively,
to investigate the optimal inoculation time and ratio. It
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Fig. 7 Simulation results of fengycin production under the co-culture of strains YL-21 and CGF26-IV. Data are presented as mean +SD from three
biologically independent samples. a Effects of inoculation times, b effects of inoculation ratios

is noteworthy that, to maintain consistency with the sub-
sequent three-strain artificial consortium, the two-strain
artificial consortium system used here undergoes cer-
tain modifications based on models (8) and (9). Similarly,
both carbon sources are treated as a whole in this case.

The fitting performance of the Cgb-11 and CGF26-
IV two-strain artificial consortium model reached a
relative error of 15.1% in co-norm sense, and the YL-21
and CGF26-1V two-strain artificial consortium model
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reached a relative error of 7.4% in co-norm sense, as
shown in Figs. 6 and 7.

However, there were some differences between the pre-
dicted and observed peak values for the ratios and inter-
val seeding times in various experiments. The reason for
this discrepancy might be that the model is more adapt-
able to the system within certain ranges of proportions
and times.

The effect of strain YL-21 inoculation size on fengycin
production under three-strain artificial consortium

of strain Cgb-11, YL-21 and CGF26-IV

In the artificial consortium of strains Cgb-11, YL-21, and
CGF26-1V, fixing the optimal inoculation time and ratio
of strains Cgb-11 and CGF26-IV, and simultaneously
fixing the optimal inoculation time interval of strains
YL-21 and CGF26-1V, in this case, we investigated the
impact of different inoculation ratios of strain YL-21
on the fengycin production. The model achieved a rela-
tive error of 11.5% in co-norm sense, as shown in Fig. 8.
For each experiment, we conducted fitting for the final
fengycin yield. The overall fitting results were generally as
expected.

Discussion

The multiple-strain artificial consortium is a multi-
organism interaction system. The production of meta-
bolic products is influenced by multiple factors, such as

inoculation time and strain ratio. These characteristics
can be naturally and suitably described by ODEs. Our
goal is to extract key contributing factors and establish
an appropriate kinetic model to elucidate the underlying
biological mechanisms, which will be beneficial for guid-
ing the experimental process and contributing to cost
reduction.

During the model development phase, we constructed
several ODEs. In addition to the model based on the
Logistic equation presented in the main text, a Monod-
based model (13) was also developed, which directly
captures the interactions between microbial species,
substrates, and metabolic products. Through numerical
simulations, we evaluated the fitting performance of each
model against experimental data and ultimately selected
the previously introduced model (7-9):

W — ()X — o1 X,
= u2(8)Xs — 02Xy,
= —o3u1(8)X1 — o4 u2(S)Xo,
= o5u2(8)Xp — 06AX1,
=07 “A-S- X1.

SES NN

However, our model and numerical simulations still
exhibit significant limitations. On the one hand, our
optimization model is built upon ODEs, but the feasible
region for many parameters is difficult to estimate, and
the mathematical properties of the optimization problem
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have not been proved. These issues pose challenges for
solving the optimization problem numerically. On the
other hand, from the modeling perspective, the available
biological data still suffer from several limitations. Many
variables are difficult to measure directly, and even when
measurements are taken, sampling errors may introduce
noise, leading to a reduction in data volume and compro-
mising data quality.

In summary, the current modeling framework still
remains a certain gap for being directly applicable to
experimental guidance. Moving forward, we plan to
adopt more advanced optimization algorithms and
incorporate GPU computation to enhance computa-
tional efficiency. Moreover, for achieving more robust
and realistic simulation outcomes, stochastic differential
equation (SDE) models will be explored by introducing
randomness into the system.

Conclusions

In this study, we established a kinetic modeling frame-
work based on ODEs to describe the production of
fengycin in a multiple-strain artificial consortium. By fit-
ting the model to experimental data, we obtained good
agreement across diverse conditions, with fitting errors
within about 7.4%-15.1%.

This work provides a unified and flexible framework for
analyzing multiple-strain artificial consortiums, which
is readily extendable to systems comprising N-strains.
The model framework is adaptable and may contribute
to optimize strain composition and process strategies in
industrial bioproduction systems in the future.
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