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Abstract

Genome‐scale metabolic models and flux balance analysis (FBA) have been

extensively used for modeling and designing bacterial fermentation. However,

FBA‐based metabolic models that accurately simulate the dynamics of coculture are

still rare, especially for lactic acid bacteria used in yogurt fermentation. To

investigate metabolic interactions in yogurt starter culture of Streptococcus

thermophilus and Lactobacillus delbrueckii subsp. bulgaricus, this study built a dynamic

metagenome‐scale metabolic model which integrated constrained proteome

allocation. The accuracy of the model was evaluated by comparing predicted

bacterial growth, consumption of lactose and production of lactic acid with

reference experimental data. The model was then used to predict the impact of

different initial bacterial inoculation ratios on acidification. The dynamic simulation

demonstrated the mutual dependence of S. thermophilus and L. d. bulgaricus during

the yogurt fermentation process. As the first dynamic metabolic model of the yogurt

bacterial community, it provided a foundation for the computer‐aided process design

and control of the production of fermented dairy products.

K E YWORD S
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1 | INTRODUCTION

Yogurt is an important fermented dairy product, traditionally made by

a starter culture composed of lactic acid bacteria (LAB), such as

Streptococcus thermophilus, Lactobacillus delbrueckii subsp. bulgaricus,

and Lactobacillus acidophilus (Mohammadi et al., 2012). In industrial

yogurt production, fermentation process control, in terms of

acidification and production of flavor and probiotic compounds,

largely depends on the composition of the starter culture. The

interactions of LABs affect the fermentation kinetics and thus

influence the properties of the yogurt. For example, it was found

that the coculture of S. thermophilus and L. delbrueckii subsp.

bulgaricus could result in a higher productivity of lactic acid than

that of S. thermophilus and L. acidophilus (Oliveira et al., 2012).
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Therefore, designing an optimal yogurt starter culture for desired

yogurt properties is one of the primary engineering objectives for

yogurt manufacturers.

To investigate and rationally engineer the yogurt starter culture

in a more efficient and low‐cost manner, a computational model is

needed to simulate key variables, such as LAB biomass levels and

concentrations of critical compounds, in the fermentation process.

There are mainly two types of models for simulating microbial growth

and metabolism: differential‐equation‐based model and flux balance

analysis (FBA)‐based model. So far, there have been many attempts

to use differential‐equation‐based models to simulate growth,

substrate consumption, and lactic acid production of LABs

(Bouguettoucha et al., 2011). However, some of these models are

too simplistic that only consist of Monod or extended Monod

equations that empirically link microbial growth and substrate

utilization (Bâati et al., 2004; Vázquez & Murado, 2008; Youssef

et al., 2005), leaving the whole metabolic network as a “black box.”

There also exist differential‐equation‐based “white box” models that

capture the metabolic activity via a series of enzyme kinetic

equations (Foster et al., 2021). These models are typically costly to

construct due to various enzyme kinetic mechanisms (Ulusu, 2015)

and would require a large number of enzyme kinetic parameters that

are difficult to obtain (Bar‐Even et al., 2011).

Alternatively, FBA‐based metabolic models can avoid major

shortcomings of differential‐equation‐based models. First,

genome‐scale metabolic models (GSMMs) can be easily recon-

structed when annotated genomes are available (Mendoza

et al., 2019). Second, FBA does not require information on enzyme

kinetic mechanisms and kinetic parameters (e.g., kcat) (Orth

et al., 2010). Finally, the gene–protein‐reaction relations in

GSMMs allow the integration of multiomics data, such as

quantified proteomics (Bakker et al., 2010). Currently, several

GSMMs for dairy‐origin LABs have already been reconstructed

(Flahaut et al., 2013; Oliveira et al., 2005; Özcan et al., 2019;

Pastink et al., 2009), and a dynamic coculture metabolic model for

cheese starter culture involving those GSMMs has been built

(Özcan et al., 2021). However, there is still a lack of metagenome‐

scale metabolic models (Branco dos Santos et al., 2013) that can

simulate the growth and metabolism of LAB cocultures used in real

industrial scenarios (as opposed to assumed ones). Furthermore,

existing FBA models of LAB cultures cannot simulate unique

interspecies interactions in yogurt fermentation.

With the aim to quantitatively model the fermentation kinetics

and metabolic interactions of LABs in yogurt fermentation, this study

built the first dynamic metagenome‐scale metabolic model of major

species identified in the yogurt starter culture, that is, S. thermophilus

(ST) and L. delbrueckii subsp. bulgaricus (LB). In addition, constrained

proteome allocation, for the first time, was integrated into dynamic

community‐level FBA. Subsequently, we showed how the model can

simulate the growth and metabolism of the ST/LB coculture during

yogurt fermentation with good accuracy. Finally, we explored the

potential of the developed model in supporting the design and

optimization of the yogurt fermentation process via simulating the

impact of differential ST/LB inoculation ratio on the overall

fermentation behavior.

2 | MATERIALS AND METHODS

2.1 | Sample preparation and fermentation
conditions

To conduct the experiment, a commercial yogurt fermentation starter

(YoFlex Premium 1.0, CHR Hansen) of pack size 250 U was used. A

growth medium was prepared by adding Fonterra whole milk powder

to 1 L of water and stirring for 1 h to achieve a 12% (w/w)

concentration. The growth medium was then heated to 95°C for

5min and cooled to 42°C for the inoculation of the fermentation

starter. The fermentation process was carried out at a temperature of

43°C for 5 h until the system reached the endpoint at pH = ~ 4.5.

2.2 | Cell counting and pH measurement

To quantify the growth kinetics of bacteria during fermentation,

viable cell counting was used. LABs were isolated from samples taken

at different time points (0, 30, 60, 90, 105, 120, 150, 180, 240, and

300min) using the dilution plate method (1:10). The isolated bacteria

were then cultured on deMan, Rogosa, and Sharpe agar (AOBOX) and

M17 agar (AOBOX) under 37°C anaerobic conditions for 48 h to

count the colony‐forming units. However, it should be noted that due

to the inactivity of bacterial cells under low temperatures in storage,

viable cell counting reflected an additive curve of cell activation and

cell growth at the lagging and exponential phase, resulting in

inaccurate quantification of growth kinetics. Hence, the validation

of dynamic simulation in Section 3.3 used reference experimental

data from the work of Oliveira et al. (2012) (see Section 3.3 and

Supporting Information, Section 2).

The pH change during fermentation was measured using a

fermentation monitor (iCinac, AMS) with an Inlab Smart pro‐ISM

detection electrode (Mettler Toledo). Datapoints were collected at a

frequency of three times per minute. Before measurement, the

electrode was calibrated with a standard pH calibration solution.

2.3 | Metabolomics quantification

The concentrations of lactic acid and lactose were measured at

different time points during fermentation using two different high‐

performance liquid chromatography (HPLC) systems: HPLC‐DAD

(Agilent 1260) with a C18 column (250mm× 4.6mm, Agilent) and

HPLC‐RI (Waters 2695‐2414) with a Zorbax NH2 column (250mm×

4.6mm, Agilent). For lactic acid, samples were centrifuged at 8000g

for 15min at 4°C, and the supernatant, after being filtered with

0.22 μm pore size, was measured by HPLC. The injection volume was

10 μL, and the flow rate of the mobile phase (A = 0.1% phosphoric
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acid, B = acetonitrile) was 0.5 mL/min. The column temperature was

set at 30°C and the detection wavelength was 220 nm. The gradient

elution procedure was as follows: 0–4min, 90%–60% elution A;

4–6min, 60%–50% elution A; 6–9min, 50%–80% elution A;

9–15min, 80%–90% elution A. For lactose, samples were first mixed

with 12% TCA and centrifuged at 8000g for 15min in 4°C. The

supernatant, after being filtered with 0.22 μm pore size, was

measured by HPLC. The injection volume was 10 μL, and the flow

rate of the mobile phase was 1mL/min, with the ratio of acetonitrile

to water fixed at 70:30 (v/v). The column and detector temperature

were set at 40°C. Lactic acid and lactose concentrations measured in

this study were not used to validate the dynamic simulation, as

explained in Section 2.2. They were only used to validate predicted

lactic acid yield ratios from lactose consumed (Section 3.2), and

measured lactic acid concentrations were used to fit a linear function

for milk pH (Section 2.4.3).

The concentrations of free amino acids in 12% (w/w)

reconstituted milk were measured using ultraperformance liquid

chromatography (UPLC) (I‐Class, Waters) equipped with a triple

quadrupole mass spectrometer (Xevo TQ‐S micro, Waters). To

prepare the samples, 50% ethanol was added to the milk and then

shaken. Next, 10 μL of the shaken samples was mixed with 10 μL

of deionized water, 5 μL of D‐norleucine (internal standard), and

40 μL of 0.1% formic acid in isopropanol. The samples were

centrifuged for 10 min at 10,000g in 4°C. The resulting super-

natant was then added to boric acid buffer and AccQ Tag solution

(Kairos) for derivatization, and filtered using a 0.22‐μm pore size

filter. The column was UPLC HSS T3 (1.7 μm, 2.1 mm × 150 mm,

Waters). The injection volume was 5 μL, and the flow rate of the

mobile phase (A = 0.1% formic acid, B = acetonitrile) was 0.5 mL/

min. The column temperature was set at 50°C. The mass

spectrometer was operated in electrospray ionization mode with

an ionization energy of 1.5 kV. The cone voltage was set to 20 V,

the desolvation temperature was maintained at 600°C, the

desolvation gas flow rate was set to 1000 L/h, and the cone gas

flow rate was set to 10 L/h. The gradient elution procedure was as

follows: 0–2.5 min, 96%–90% elution A; 2.5–5 min, 90%–72%

elution A; 5–6 min, 72%–5% elution A; 6–7 min, 5%–5% elution A;

7–9 min, 5%–96% elution A.

2.4 | Dynamic metabolic model from the
metagenome of the yogurt starter culture

Building the dynamic metagenome‐scale metabolic model of the

yogurt starter culture comprised two steps: (1) from metagenome to

annotated protein‐coding genes of major species and (2) from coding

genes to GSMMs (Figure 1). With the resulting GSMMs, dynamic flux

balance analysis (dFBA) was implemented to simulate bacterial

growth and metabolism, and predict the change in fermentation

behavior by perturbation to initial coculture composition.

2.4.1 | Metagenome assembly, binning, and
annotation

DNA extraction of the yogurt starter culture followed the procedure

in the metagenomic study of cereal vinegar microbiota by Wu et al.

(2017). Three parallel DNA samples were sequenced by Illumina

PE150 platform, and the raw data were filtered for high‐quality reads

by removing adapter overlaps, reads with a quality value lower than

38 and length lower than 350 bp. After the quality control step, the

cleaned data were assembled by MEGAHIT (Li et al., 2016) with

default parameters.

F IGURE 1 Workflow diagram of constructing a dynamic metabolic model for the yogurt starter culture based on metagenomic analysis.
CONCOCT, Clustering cONtigs on COverage and ComposiTion; dFBA, dynamic flux balance analysis; GSMM, genome‐scale metabolic model;
GTDBtk, genome taxonomy database toolkit; HPLC, high‐performance liquid chromatography; mOTUs, operational taxonomic units; UPLC,
ultraperformance liquid chromatography.
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MetaBAT2 (Kang et al., 2019), MaxBin2 (Wu et al., 2016), and

CONCOCT (Alneberg et al., 2013) were used for species‐level

metagenome binning. Then, bins were refined and reassembled using

refinement and reassembly modules in metaWRAP (Uritskiy

et al., 2018). The final outputs are metagenome‐assembled genomes

(MAGs) of high quality, assessed by CheckM (Parks et al., 2015).

Those bins' genomic abundances in each sample were then computed

by the Quant_bin module in metaWRAP.

The taxonomy profile was computed with three different tools.

Using reference genomes, operational taxonomic units (mOTUs)

identified species and computed relative abundances with unas-

sembled DNA reads (Ruscheweyh et al., 2021). When the metagen-

ome was assembled, KRAKEN‐2.0 (Wood et al., 2019) assigned

taxonomic labels to DNA reads and generated taxonomic profiles

for all samples. Once high‐quality bins were generated, genome

taxonomy database toolkit (Chaumeil et al., 2019) classified

the taxonomy of each bin. Species identified consistently by

all taxonomic classification tools were taken as dominant species in

the yogurt starter culture.

Protein‐coding genes were predicted for each MAG by Prodigal

(Hyatt et al., 2010). The functional annotation of protein‐coding

genes using eggNOG‐mapper (Cantalapiedra et al., 2021) was carried

out with Kyoto Encyclopedia of Genes and Genomes (KEGG)

(Kanehisa et al., 2016) and Carbohydrate‐Active enZymes (CAZy)

databases (Cantarel et al., 2009), providing information on cellular

pathways and CAZy.

2.4.2 | Reconstruction of GSMMs

Nonredundant protein sequences were filtered from concatenated

protein sequences of three parallel samples, and used as the input for

automatic GSMM reconstruction by CarveMe (Machado et al., 2018).

In addition to protein sequences, other inputs were chemically

defined media (CDM) for gap filling and the universal bacterial

template. The CDMwas adopted from the coculture metabolic model

of cheese starter in Özcan et al. (2021). The universal bacterial

template used for reconstruction was specialized for Gram‐positive

bacteria.

For refinement of GSMMs, the growth function (biomass

synthesis, vGrowth) should be set as species‐specific (see Supporting

Information, Section 1). The stoichiometric coefficients in ST's growth

function were adjusted based on measured biomass composition

(Pastink et al., 2009), and the growth‐associated adenosine

triphosphate (ATP) requirement was adopted from the GSMM of S.

thermophilus CH8 (Rau et al., 2022). Due to data limitation, the

biomass composition in LB's growth function was set according to

the default of Gram‐positive bacteria (Magnúsdóttir et al., 2017), and

the growth‐associated ATP requirement was adopted from the

GSMM of Lactobacillus plantarum (Teusink et al., 2006). On the basis

of functional annotation of protein‐coding genes (Section 2.4.1),

reactions included erroneously were removed and missing reactions

were added (see Supporting Information, Section 1). In addition, to

characterize the proteolysis activity in the coculture system, a self‐

defined reaction named “PROLYSIS” that utilizes the casein peptide

was added to the GSMM:

⋯

PROLYSIS: Casein peptide C H N O S

α alanine βarginine ε valine.

( 141 270 35 73 1)

→ + + +

Stoichiometric coefficients (α β, , …) in the reaction were approxi-

mated from fractions of amino acid in the casein protein of cow milk

(Landi et al., 2021) (see Supporting Information, Section 1). The

boundary of the flux through casein peptide utilization in each

GSMM was set based on the proteolytic activity of each species (see

Supporting Information, Section 3 and Figure S3B).

2.4.3 | dFBA and proteome allocation constraint

To simulate the growth of bacteria and the production of target

metabolites in time, dFBA was adopted, as a combination of FBA and

differential‐equation‐based dynamic system modeling (Henson &

Hanly, 2014). The code of model implementation can be found at

https://github.com/SizheQiu/MetaStLbCom. The intracellular meta-

bolic fluxes of a species j were computed by parsimonious FBA,

maximizing the growth rate vj Growth, while minimizing the total sum of

individual fluxes (vj i, for reaction i in species j), based on the

assumption that the cell minimizes the use of enzyme‐catalyzed

reactions due to the limited cellular recourse (Equations 1 and 2),

subject to mass conservation (Equation 3), in which Sj represented

the stoichiometric matrix. The concentration change of metabolites

and biomass in the extracellular space was modeled by differential

equations to account for biomass accumulation (Equation 4) and

exchange fluxes of the metabolite e from major species (Equation 5).

∀ ∈Maximize v j major species,j Growth, (1)

∑Minimize v ,
i

j i, (2)

S v = 0,j j (3)

d Biomass

dt
v Biomass

[ ]
= [ ],

j
j Growth j, (4)

∑
d M e

dt
v Biomass

[ _ ]
= [ ].

j
j EX M e j, _ _ (5)

Furthermore, proteome allocation was implemented to constrain

reaction fluxes of the central carbon metabolism (Regueira et al., 2021;

Zeng & Yang, 2020). Proteome was divided into sectors of inflexible

housekeeping (Q), anabolism (A), transportation (T), catabolism (C), and the

free sector. The upper bound of all flexible sectors combined

was assumed to be 50% of the total proteome (Equations 6 and 7).
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The proteome cost on each reaction was computed as the ratio of the

flux to the multiplicative product of enzyme activity, ai, and saturation

degree, σi (Equation 8). The enzyme saturation degrees (σi), except for

that of the lactose transporter, are unknown and were set to 0.5,

assuming they are similar to glycolytic enzymes in Escherichia coli which

were reported to be mostly half‐saturated (Bennett et al., 2009). For the

milk environment, the saturation degree of the lactose transporter (σLT )

was assumed to be 1 as it was considered to be fully saturated by

abundant lactose; when the concentration of lactose was low, σLT was

assumed to follow Michaelis–Menten kinetics, σ =LT
Lactose

Lactose K

[ ]

[ ] + m
. The

activities of the ribosome for the anabolism sector (aribosome) and acid

exportation for lactic and acetic acids (aacid_T ) were collected from the

literature (Regueira et al., 2021; Schumacher, 2018). Other enzyme

activity values were obtained from BRENDA Enzyme Database (Chang

et al., 2021) (Table S5). For the uptake of amino acids, the flux was

constrained by Michaelis–Menten equation (v S

S K

[ ]

[ ] + m

max ). The vmax of amino

acid uptake in ST was obtained from average amino acid uptake upper

bounds in Özcan et al. (2021), but for LB, the vmax was estimated based

on a reported growth rate value on a defined medium (for more details

see Supporting Information, Section 3 and Figure S3A). The Michaelis–

Menten constant Km was set based on average parameter values

obtained from BRENDA and SABIO‐RK (Wittig et al., 2018) (Table S5).







P

p
P

p p p p
1g DW

= 50%
1g DW

+ + + + ,
total

Q
total

C A T Free (6)

p p p
P

0 < + + ≤ 50%
1g DW

,C A T
total

(7)

∑p
v

σ a
p

v

a
p

v

σ a

v

σ a
= , = , = + .C

i

i i
A

Growth

ribosome
T

LT

LT LT

acid T

acid T acid T

_

_ _

(8)

The activity of lactose uptake incorporated inhibition by

undissociated lactate (LacH), the product of glycolysis under anaerobic

conditions. The exponential decay equation (9) to model the inhibition of

lactose transporter activity was adopted from Vereecken and Van Impe

(2002) and Aghababaie et al. (2015). The minimal activity of lactose

transport aLT
min was set to maintain the growth rate at the stationary phase

when pH is around 4.5 (see Supporting Information, Section 3 and

Figure S3C). The concentration of undissociated lactate was computed

using Henderson–Hasselbalch equation (10), pK = 3.86a , and pH

was approximated as a linear function of lactic acid concentration,

pH C Lac C= [ ] +1 2 (Figure S1), with measured lactic acid concentrations

and pH (Sections 2.2 and 2.3). Such inhibition coefficient, e k LacH(− [ ])LacH ,

was also applied to amino acid uptake rate and casein peptide utilization

rate, and similar to aLT
min, the minimal rate, vmin, was set (see Supporting

Information, Section 3).

a a e a= max( , ),LT LT
k LacH

LT
0 (− [ ]) minLacH (9)

LacH
Lac

[ ] =
[ ]

10
.

pK− a
(10)

3 | RESULTS

3.1 | Metagenomic analysis of the yogurt starter
culture

Taxonomic classification by different tools on assembled metagen-

omes of three samples of the yogurt starter showed that S.

thermophilus (ST) and L. delbrueckii subsp. bulgaricus (LB) were two

major species that contributed to more than 95% of the overall

taxonomy abundance. The genomic abundance ratio of ST and LB in

the microbial community was approximately 100:1 (Figure 2a).

Detailed taxonomic profiles computed by mOTUs and KRAKEN‐2.0

can be found in Table S3. The finalized MAGs, obtained through

binning, bin refinement and reassembly, showed high completeness,

low contamination, and good continuity (Figure S2). In MAGs of ST

and LB from three parallel samples, 2499 and 1801 nonredundant

protein‐coding genes were identified (Figure 2b), and functionally

annotated. KEGG pathway annotation indicated that ST contained a

higher amount of genes for amino acid metabolism compared to LB

(Figure 2c). In the CAZy annotation, more CAZy were identified in

ST's genome, and a significant enrichment of Carbohydrate‐Binding

Module Family 41 was observed (Figure 2d), which was a module of

approximately 100 residues found primarily in bacterial pullulanases

(Lammerts van Bueren et al., 2004).

3.2 | Reconstruction of GSMMs with proteome
allocation constraints for the yogurt starter culture

Two individual GSMMs for the dominant species in the yogurt starter

culture, that is, ST and LB, were reconstructed (see Section 2.4.2). In

reconstructed GSMMs, reactions assigned with gene–protein‐

reaction relations were around 60% in both models. About 25%

gap‐filled reactions, without genomic basis, were added into the

model for a complete metabolic network and the rest were boundary

reactions for metabolite exchange (Figure 3a). Classical FBA without

additional constraints can only predict an untightened solution space

of metabolic fluxes, but fails to account for metabolic capacities of

enzymes (Sánchez et al., 2017) and global regulation of proteome

sectors (Zeng & Yang, 2020) as described in Section 2.4.3. Therefore,

in this study, proteome allocation constraints were integrated into

classical FBA to explain the preference for lactic acid production by

LABs that is energetically less favorable than acetic acid production.

To implement proteome allocation constraints, enzyme activities of

reactions in central carbon metabolism were mapped to the

reconstructed metabolic network (full names of reactions can be

found in Table S4), and proteome costs for producing 1 unit of the

flux of lactic acid and acetic acid from pyruvate could be computed

(Table S6). The proteome cost of lactic acid production per unit flux is

0.0071mg E/g DW, the same for ST and LB. For acetic acid, the

proteome cost is 0.1218mg E/g DW in ST, but gets much larger in

LB due to the lack of pyruvate formate lyase (PFL),

0.6843mg E/g DW. In short, the proteome cost of lactic acid
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production in LABs is much smaller than that of acetic acid

production, though the latter pathway has a higher energy (ATP)

yield.

To check the validity of reconstructed GSMMs, FBA with

proteome allocation constraints was performed for ST and LB on

complete CDM (Rau et al., 2022) and milieu proche du lait (MPL)

medium (Chervaux et al., 2000) (Figure 4a,b). For ST, the growth rate

reported by Rau et al. (2022) on complete CDM was 0.98 h−1 (Rau

et al., 2022), and proteome‐constrained FBA, with a fixed upper

bound of amino acid uptake rate from Özcan et al. (2021), predicted a

close value, 1.2 h−1. Due to lack of similar amino acid uptake rate data

measured or estimated for LB, the upper bound was estimated in this

work by fixing LB's growth rate on MPL medium, reported to be

0.7 h−1 (Chervaux et al., 2000) (see Supporting Information, Section 3

and Figure S3A). The predicted lactic acid yield ratio from lactose

consumed (mol lactate/mol lactose) was 1.6919 for ST and 1.9305

for LB, which was consistent with the experimental measurement

(Table S1) as well as with previous studies (Ghasemi et al., 2009;

Özcan et al., 2021; Rau et al., 2022). Due to the lack of PFL

(Figure 3b), lb was predicted to have no ability to produce formic acid

as well as a much smaller yield of acetic acid compared with ST. Apart

from predicting the formation of lactic, acetic, and formic acids,

proteome‐constrained FBA also predicted the secretion fluxes for

various flavor compounds, including 4‐hydroxy‐benzyl alcohol and

succinic acid for ST, and 2‐methylbutanoic acid, 2‐methylpropanoic

acid, 3‐methylbutanoic acid, and 2‐oxobutanoate for LB (Figure 4a,b).

The predicted responses to the change in the presence of

methionine and formic acid by ST and LB show their essential

nutrient requirements for cellular growth and potential metabolic

interactions (Figure 4c,d). The growth rate of ST increases with the

increasing concentrations of methionine (Figure 4c), whereas other

amino acids have little impact (Figure S4), suggesting that the GSMM

of ST predicts that ST in the starter culture is auxotrophic for

methionine and prototrophic for all other 19 essential amino acids.

On the other hand, the GSMM of LB reveals its auxotrophy for

numerous amino acids (Figure S5), which is consistent with the

(a)

(b) (c)

(d)

F IGURE 2 Results of metagenomic analysis. (a) Taxonomic classification and genomic abundance, s1–s3: yogurt starter samples 1–3.
(b) Pan‐genome of identified protein‐coding genes from three parallel samples. (c) KEGG pathway and (d) carbohydrate active enzyme
annotations for both species. CAZy, Carbohydrate‐Active enZymes; KEGG, Kyoto Encyclopedia of Genes and Genomes; LB, Lactobacillus
delbrueckii subsp. bulgaricus; MAG, metagenome‐assembled genome; mOTUs, operational taxonomic units; ST, Streptococcus thermophilus.
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finding in previous studies that Lactobacillus species developed

proteolytic ability to compensate for their amino acid auxotrophy

(Raveschot et al., 2018). The estimated amino acid auxotrophy in ST

and LB by varying amino acid supply is consistent with the

auxotrophy calculated by ReFramed (https://github.com/

cdanielmachado/reframed) (Machado, 2023). In the in silico milk

environment that has no purine (adenine, guanine, and xanthine) to

mimic the nutrient composition of actual reconstituted milk used for

yogurt fermentation, LB's growth is promoted by the increase of the

concentration of formic acid (Figure 4d). In contrast, when purines

are supplied, formic acid has little influence on LB's growth rate,

which validates the previous finding that LB requires formic acid to

synthesize DNA/RNA materials in environments with low levels of

purines (Suzuki et al., 1986). Succinctly, the potential metabolic

interactions of ST/LB community in the yogurt starter culture

inferred by the GSMMs reconstructed in this study can be

summarized as the following: ST provides formic acid for LB to

synthesize DNA/RNA materials, and LB utilizes casein proteins to

supply methionine to ST; they both consume lactose and produce

lactic acid, which in turn inhibits their growth (Vereecken & Van

Impe, 2002) (Figure 4e).

The addition of proteome constraints allows the model to

account for the metabolic switch from acetic acid production to lactic

acid production in ST when its growth rate increases with the

increase of carbon source concentration, which has been demon-

strated in Regueira et al. (2021) with a generic LAB‐GSMM that can

respond to the change of glucose concentration (Regueira et al., 2021)

(Figure 4f,g). The proteome costs allocated to acetate and lactate

productions are computed as the proteome cost of PFL, pyruvate

dehydrogenase (PDH), phosphotransacetylase, and acetate kinase,

and that of lactate dehydrogenase (Figure 4h). In general, only two

moles of lactic acid can be produced from the fermentation of one

mole of lactose. The predicted ratio of acetic acid produced to lactose

consumed sometimes exceeds 2, which results from the metabolism

of other nutrients in the in silico culture medium (Figure S6). With

LB's GSMM, proteome‐constrained FBA could not demonstrate a

growth rate triggered a metabolic switch from acetic acid production

to lactic acid production due to the much larger protein requirement

of converting pyruvate to acetyl‐CoA by solely PDH in LB (Figure 3b)

and the biosynthetic requirement of fatty acids (Figure S7). When the

uptake of lactose provides enough carbon flux that exceeds the

biosynthetic requirement of fatty acid, a surplus flux will be predicted

to go through acetic acid production (Figure S7).

3.3 | Dynamic simulation of growth kinetics and
metabolism of ST/LB coculture

The dynamic simulation of yogurt fermentation was performed using

the initial conditions of the coculture experiment in Oliveira et al.

(2012). The simulation was validated by comparison with reference

experimental data of bacterial biomass, lactose, and lactic acid

concentrations, also from Oliveira et al. (2012) (for more details see

Supporting Information, Section 2). The accuracy of the simulation

was assessed and demonstrated by R2 values, which were all around

0.8 (Figure 5a–d).

(b)(a)

F IGURE 3 Properties of reconstructed GSMMs of the yogurt starter culture. (a) Status of metabolic reaction curation: Green, reactions with
gene–protein‐reaction rules; Red, reactions that were gap‐filled; Blue, exchange reactions at boundary. (b) Enzyme activities mapped to the
central carbon metabolic network (full names of reactions can be found in SI, Table S4), only ST has pyruvate formate lyase (PFL) reaction. Big
nodes, primary metabolites; small nodes, cofactors. ACKr, acetate kinase; FBA, flux balance analysis; GSMM, genome‐scale metabolic model; LB,
Lactobacillus delbrueckii subsp. bulgaricus; LDH, lactate dehydrogenase; PDH, pyruvate dehydrogenase; PTAr, phosphotransacetylase; ST,
Streptococcus thermophilus.
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Overall, the model, without parameter recalibration using the

reference experimental data, adequately captured the initiation

of the exponential growth phase and the transition to the

stationary phase for both ST and LB, as well as the protocoopera-

tion between the two species (Figure 5a,b). The accumulation of

formic acid (produced by ST) initiates the exponential growth of

LB by activating its synthesis of purines, whose natural concen-

tration is too low to support the growth of LB in the milk

environment. In return, the activation of growth and metabolism

of LB with strong proteolytic activity enhances the growth rate of

ST by supplementing methionine, which is also limited in the milk

environment (Figure 5e,f). With the accumulation of lactic acid,

the growth rates of ST and LB are both progressively inhibited.

Finally, their growths are halted, as shown by the stationary

phase (Figure 5a–c).

3.4 | Prediction of the impact of different initial
ST/LB inoculation ratios on the fermentation behavior

Perturbations on the initial inoculation ratio of ST and LB of the

yogurt starter culture were conducted to investigate its impact on

the fermentation behavior. The total initial biomass concentration of

the coculture was fixed at 0.18 g dry weight (DW)/L, the same as the

initial condition setting in Section 3.3. The simulated growth curves

of ST and LB from different initial ST/LB inoculation ratios

demonstrate the mutual dependence of ST and LB in the coculture

(Figure 6a). When the initial ST:LB inoculation ratio is modulated to

increase from 1 to 10, the proteolytic activity of the microbial

community becomes weaker due to the decrease of the initial

biomass concentration of LB, and correspondingly, the growth of ST

is also reduced due to lowered supply of methionine; When the initial

(a)

(c)

(b)

(d) (e)

(f) (g) (h)

F IGURE 4 Model predictions of the metabolic fluxes on the chemically defined medium. (a, b) Predicted uptake and secretion fluxes
of (a) ST on complete CDM and (b) LB on MPL medium. (c, d) Assessment of (c) the requirement of methionine by ST (v average( ) = 0.2mmol/g DWhmax ,
Kaiser et al., 2015; K average( ) = 0.001mMm , Özcan et al., 2021) and (d) the requirement of formic acid by LB (v K= 0.3mmol/g DWh, = 15mMmmax ;
Schmidt & Beitz, 2022). SIM, simulation is shown in dotted lines. (e) Potential metabolic interactions of ST/LB coculture. (f–h) The response of ST to the
increase of lactose concentration (K = 10mMm ; Poolman et al., 1995): (e) predicted growth rates, (g) fluxes through acetic/lactic acid productions, and
(h) proteome costs allocated to biosynthetic pathways of acetic and lactic acids. 2mba, 2‐methylbutanoic acid; 2mpa, 2‐methylpropanoic acid; 2obut,
2‐oxobutanoate; 3mba, 3‐methylbutanoic acid; 4hba, 4‐hydroxy‐benzyl alcohol; CDM, chemically defined medium; LB, Lactobacillus delbrueckii subsp.
bulgaricus; MPL, milieu proche du lait; MPL, milieu proche du lait; ST, Streptococcus thermophilus; succ, succinic acid.
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(a)

(d) (e)

(b) (c)

(f)

F IGURE 5 Dynamic simulation results of ST/LB coculture (I C Biomass Biomass. . [ ] = [ ] = 0.09g DW/LST LB ). Comparison between simulated
and experimental growth kinetics of ST, R2 = 0.79 (a), and LB, R2 = 0.86 (b). Comparison between simulated and experimental concentration
profiles of lactic acid, R2 = 0.78 (c), and lactose, R2 = 0.85 (d). Simulated concentration profiles of formic acid, acetic acid (e), and methionine (f).
I.C., initial condition; LB, Lactobacillus delbrueckii subsp. bulgaricus; REF, reference data shown in dotted lines; SIM, simulation shown in solid
lines; ST, Streptococcus thermophilus.

(a)

(c)

(b)

(d)

F IGURE 6 Predicted growth kinetics of ST/LB coculture and lactic acid production with different initial ST:LB inoculation ratios. (a) Biomass
concentration profiles of ST and LB. (b) Bacterial community composition dynamics: the change of ST/LB ratio in time. Purple, ST; orange, LB;
dashed line, I.C. ST:LB = 10; solid line, I.C. ST:LB = 1; dot dash line, I.C. ST:LB = 0.1. (c) Lactic acid concentration profiles for different initial ST/LB
inoculation ratios. (d) The assessment of acidification rate for different initial ST/LB inoculation ratios with lactic acid levels at early stage
(T = 3 h), and later stage (T = 5 h). I.C., initial condition; LB, Lactobacillus delbrueckii subsp. bulgaricus; ST, Streptococcus thermophilus.

2194 | QIU ET AL.

 10970290, 2023, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/bit.28492 by T

est, W
iley O

nline L
ibrary on [14/11/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



ST:LB inoculation ratio is set to decrease from 1 to 0.1, the lowered

productivity of formic acid from ST makes LB enter the exponential

phase slower than that of the case with initial ST:LB = 1 (Figure 6a). In

addition, the simulation shows that, given a certain range of initial

ST:LB ratios (in this case, 0.1–10), ST will eventually become the

dominant species (Figure 6b), which agrees with the previous study

on the rods (LB) to cocci (ST) ratio in cheese fermentation (Yun

et al., 1995).

The predicted average acidification rates (lactic acid concentra-

tion/total fermentation time) in 5 h by different starter culture

compositions rank as follows: ST:LB = 1 > ST:LB = 2 > ST:LB = 5 >

ST:LB = 10 > ST:LB = 0.1 > ST:LB = 100 > ST:LB = 0.01 (Figure 6c,d).

At the early stage of yogurt fermentation (0–3 h), starter cultures

with the initial ST:LB ratio larger than 1 have more than twice the

lactic acid production rates, in contrast to starter cultures with the

initial ST:LB ratio lower than 1; later (3–5 h), the lactic acid

production rate of the starter culture with initial ST:LB = 0.1 catches

up (Figure 6d). To sum up, initial ST:LB = 1 is predicted to be optimal

for lactic acid production in 5 h if the initial total biomass is fixed at

0.18 g DW/L, and the acidification will generally be faster initially

when ST is the dominant species in the coculture. On the basis of

predicted acidification kinetics, the starter culture composition can

be designed for targeted acidification patterns, for example, ST:LB

ratio = 0.1 is suitable for slow acidification first but fast acidification

later.

4 | DISCUSSION

Overall, this work presented the reconstruction of GSMMs for

the yogurt starter culture, that is, the coculture of ST and LB,

based on metagenomic analysis and provided a dynamic

metagenome‐scale metabolic modeling approach for simulating

the microbial growth and metabolism during the yogurt fermen-

tation process. Although community‐level FBA has already been

used in a few scenarios to simulate growth and metabolism

(Branco dos Santos et al., 2013; Khandelwal et al., 2013;

Sieuwerts, 2009), the model in this study, for the first time,

integrated constrained proteome allocation into dynamic

community‐level FBA. Different from the direct integration of

gene expression data into FBA, such as the work of Blasche et al.

(2021), the proteome allocation constraint aims to capture the

process of redistribution of proteome resources to each cellular

pathway at different growth stages; it does not directly incorpo-

rate gene expression data into the model but tightens the

solution space of fluxes by setting a global constraint on the

metabolic capacity. Also, this model introduced feed‐back

inhibition function on the enzyme activity, previously used in

modeling growth kinetics of LABs (Vereecken & Van Impe, 2002),

and effectively simulated the product inhibition by undissociated

lactic acid on the growth of LABs (Section 3.3). The proposed

dynamic model quantitatively demonstrated the metabolic mutual

dependence of ST and LB in the milk environment (Oliveira

et al., 2012; Sieuwerts, 2009), and provided confirmation of such

ecological interaction with data‐driven modeling.

Although the model showed good predictive accuracy in

bacterial growth and metabolism (Sections 3.2 and 3.3), it had

limitations in mainly three aspects: (1) MAG‐derived GSMMs of

ST and LB lacked accurate strain‐specific biomass compositions

and growth‐associated ATP requirements; (2) the model could not

yet predict fluxes through the biosynthesis of important flavor

compounds, such as methyl ketones, and the probiotic exopoly-

saccharides that are often produced in yogurt fermentation; (3)

no mechanistic representation of regulatory activities was

included in the current model. For instance, acidification by ST

was previously found to be stimulated by formic acid, casitone,

pyruvic acid, folic acid, and polysorbate 20 (Sieuwerts et al., 2010).

Monoculture of dominant ST and LB strains separated from the

starter culture will be needed to approximate the growth‐

associated ATP requirement from the carbon source utilized

(Teusink et al., 2006), and gas chromatography/mass spectrome-

try or HPLC can be used to quantify major components in cellular

biomass, that is, protein, DNA, RNA, lipids, and glycogen (Long &

Antoniewicz, 2014; Simensen et al., 2022). To resolve the other

two limitations, the proposed next step is to further refine the

established GSMMs by manually adding the biosynthetic path-

ways of flavor and probiotic compounds of interests and

implement dynamic regulatory FBA (Liu & Bockmayr, 2020) with

meta‐transcriptome profiling. For the current model, the failure

to predict active fluxes towards the formation of diacetyl and

acetoin was not caused by the lack of pathway reconstruction,

but the lack of a constraint to divert the downstream metabolic

flux to those biomass‐independent products.

Despite those several limitations remain to be overcome, the

genome‐scale metabolic reconstructions and the dynamic

community‐level FBA model for the classical yogurt starter culture

of ST and LB presented in this work have been shown to have the

potential to offer an efficient tool to guide engineering decisions in

fermentation processes, which could be used to address issues such

as the optimal initial biomass ratio of ST and LB to maximize the rate

of acidification or possibly other process targets (e.g., flavor

formation). Furthermore, the two‐species model can be expanded

by including GSMMs of other probiotic bacteria, for example,

bifidobacterium (Lamoureux et al., 2002), to simulate the fermenta-

tion dynamics of more complex starter cultures.
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