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Abstract: This study presents an ordinary differential equation (ODE) based hybrid kinetic-metabolic
model to predict the time evolution of biomass, glucose, hyaluronic acid (HA), and lactic acid dur-
ing fermentation by Streptococcus equi subsp. zooepidemicus. The model incorporates simplified
metabolic pathways and estimates the qualitative dynamics of internal, unmeasured metabolites in-
volved in glycolysis, biomass synthesis, and HA production. Special emphasis is placed on the en-
ergetic molecules ATP/ADP, as well as the coenzymes NADH/NAD*, which are involved in redox
reactions. These molecules have been shown to play regulatory roles in metabolism. The model pre-
dictions closely match the experimental data and provide insights into how varying glucose levels affect
intracellular metabolic fluxes.
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Abbreviations: HA: Hyaluronic acid; MW: molecular weight; LA: Lactic acid; UDP: Uridine diphos-
phate; UTP: Uridine triphosphate; ADP: Adenosine diphosphate; ATP: Adenosine triphosphate;
HPLC: High performance liquid chromatography; GLU: Glucose; GLE: Extracellular glucose; G6P:
Glucose-6-phosphate; F6P: Fructose-6-phosphate; PYR: Pyruvate; PEP: Phosphoenolpyruvate; NAG:
UDP-Glucoronic acid; AGL: UDP-N-acetylglucosamine; MSE: Mean squared error.

1. Introduction
Hyaluronic acid (HA), a member of the glycosaminoglycan family [1], is a natural linear copoly-

mer [2] composed of a repeating disaccharide unit of $-1,4-d-glucuronic acid and S-1,3-N-acetyl-
glucosamine joined alternately by glycosidic bonds [3]. Hyaluronan polymers typically contain 500
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to 50,000 monosaccharide units per molecule. The polymers have an average molecular weight (MW)
of 10*-107 Da [4]. HA is naturally found in vertebrates, bacteria, and mammals. In the human body,
HA is abundant in the skin [5], umbilical cord blood [6], intra-articular cartilage [7], skeletal tissues,
cardiac valves, aorta, lungs, ear fluid, etc. [8].

HA is a biomaterial with applications in the cosmetic and food industries and the biomedical field.
The biomedical uses of HA are vast and include treatments for arthrosis and scars from surgery, aids
for cutaneous atrophy and the loss of collagen, plastic surgeries , viscosupplementation, carriers for
drug delivery, immune-suppressors, anti-inflammatory agents, etc. [9].

Typically, HA is extracted from the tissues of animals such as rooster combs, and bovines, from
which most heavy MW-HA is produced [10]. However, the quantity of tissues from animal sources
is scant, the risk of viral infections is high, and the purification steps are costly [11]. Given these
limitations, microbial fermentation has emerged as a viable alternative, because the yields are usually
higher, the production costs are lower, and the purification processes are more efficient than animal
sources [12].

Fermentation is more suitable for large-scale production due to the remarkable productivity of HA
using bacterial strains. In particular, Streptococcus zooepidemicus is currently used for industrial
HA production [12]. However, this fermentation mainly produces lactic acid, which further com-
plicates downstream processing [11]. Optimization represents one of the main challenges in the ap-
plied research of HA production, as it is crucial to obtain HA with high-quality control and affordable
prices [13].

Mathematical modeling of bioprocesses has a long and remarkable history, with notable contri-
butions from various fields including microbiology, ecology, biophysics, chemistry, statistics, control
theory, and mathematical theory [14]. Recently, innovative approaches utilizing “black boxes” such as
machine learning, artificial intelligence, and data-driven models have emerged [14]. However, these
methodologies often cannot enhance our understanding of the underlying biochemical systems. Bastin
and Dochain [15] note that the general state-space model can be complex and may involve numerous
differential equations. Nevertheless, there are many practical applications where simplified models
suffice. For instance, Rathinavelu et al. [16] introduced a hybrid modeling approach, referred to as a
“grey-box” model, which integrates both non-parametric (data-driven) and parametric (mechanistic)
elements. This combination serves as a strategic means to address the inherent limitations of either
approach when used alone [17].

In the context of production, mathematical models can significantly deepen our understanding of
the underlying systems and help identify potential improvements in the production processes. Ex-
isting models for HA production encompass various methodologies, including those based on mass
balance equations, neural network frameworks, and metabolic flux calculations that use stoichiometric
invariances derived from metabolic pathway analysis. Modeling cellular metabolism is essential in
biotechnology and metabolic engineering, as these models can facilitate the enhancement of current
production methods and support the development of new processes [18].

The most widely studied models for HA production are those grounded in mass balance equations,
which consider global kinetics using approximate bioreaction rates, similar to the Monod or Haldane
models, to capture the dynamics of observable species, such as substrates, products, and biomass.
Several researchers, including Don and Shoparwe [19], Vazquez et al. [20], Amado et al. [21], Oz-
can et al. [22], and Rohit et al. [23], have proposed logistic equations to model HA production by
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S. zooepidemicus using various carbon sources such as glucose, sucrose, or molasses. For instance,
Don and Shoparwe [19] utilized an integrated Luedeking-Piret type equation to model HA production
alongside cellular growth and glucose consumption with S. zooepidemicus ATCC 39920, while Ozcan
et al. [22] analyzed the Luedeking-Piret model and its modified version. Liu et al. [24] explored a
Monod-type kinetic model to describe the cell growth rates and HA formation from sucrose. Recently,
Flores-Méndez et al. [25] introduced a mathematical model which utilized the Haldane-Egamberdiev
kinetic law and elucidated how glucose inhibition affects specific rates, with lactic acid having a par-
ticularly detrimental effect on both cell growth and HA production. An alternative approach involves
artificial neural networks, where differential equations link specific rate parameters to state variables,
thus allowing for predictive modeling of the HA concentration. Liu et al. [26] advanced this approach
by modeling the effect of amino acid supplementation on HA production in S. zooepidemicus using a
quantum particle swarm optimization algorithm alongside a radial basis function neural network.

While mathematical models for HA production have the potential to enhance our understanding of
metabolic processes and suggest improvements, there is a notable scarcity of comprehensive studies
in this area. Such models provide valuable insights to systematically explore the complex topology
of metabolic pathways; however, understanding the kinetics of these pathways is equally essential.
Cooney et al. [27] developed an extended structured two-compartment model that considered two sub-
strates and multi-product HA fermentation under conditions of both anaerobic and aerobic growth. The
model utilized the synthesizing components of the cell (ribosomes, mRNA, tRNA, various enzymes,
etc.), in which the primary constituent was the protein-synthesizing system, made up of about 60%
RNA. The two-compartment model framework was found to be robust, easily adaptable, and capable
of predicting the transient consumption of substrates and the formation of products. Similarly, Shah
et al. [28] analyzed metabolic flux at different levels of glycolytic pathway inhibition to understand
its effect on flux distribution in the metabolic network. Fong Chong and Nielsen [29] constructed a
metabolic flux model aimed at estimating intracellular fluxes and validating the measurement consis-
tency, with a focus on key pathways including the Embden-Meyerhof-Parnas pathway, the pentose
phosphate pathway, and the reactions responsible for the formation of fermentation products (lactate,
formate, acetate, ethanol, N-acetylglucosamine, and glucuronic acid) in S. zooepidemicus. Their work
evaluated the metabolic flux from glucose and maltose substrates. Additionally, Gao et al. [30] con-
ducted a metabolic network analysis based on the quasi-steady-state hypothesis, which estimated the
distribution of metabolic network flow according to the stoichiometric ratio of each reaction in the
metabolic pathway at different stages and culture conditions.

In conclusion, while various mathematical modeling approaches have been applied to enhance HA
production, further investigation into the synergies between mechanistic and data-driven models, par-
ticularly regarding their integration and potential limitations, is essential to advance the field. Identi-
fying these gaps may lead to improved modeling techniques and, subsequently, a better understanding
of the production process itself. In our current work, we develop and test a mathematical model that
integrates kinetic and metabolic pathways approaches to predict the dynamic behavior of measured
substrate, biomass, and product concentrations. The model considers the qualitative dynamic behav-
ior of unmeasured internal metabolites, including both energetic molecules ATP/ADP, as well as the
coenzymes NADH/NAD®, which are involved in redox reactions. These molecules have been shown
to play regulatory roles in metabolism.
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2. Materials and methods

2.1. Fermentations data set

Flores-Méndez et al. [25] performed experiments to analyze the effect of different initial concen-
trations of glucose and lactic acid (LA) on S. zooepidemicus biomass growth and HA production (see
Figure 1). In the present work, we used this experimental data set to test our proposed mathematical
model.
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Figure 1. Experimental data for glucose (m), lactic acid (a), hyaluronic acid (O), and biomass
(V). Initial glucose concentration of: (a) Experiment 1: 9.3 g/L., (b) Experiment 2: 21.1
g/L, (c) Experiment 3: 31.9 g/L, (d) Experiment 4: 39.1 g/L, (e) Experiment 5: 45.5 g/L,
and (f) Experiment 6: 59.9 g/L..

The experimental conditions used by Flores-Méndez et al. [25] is summarized below:
Inoculum: Streptococcus equi subsp. zooepidemicus ATCC 35246 was inoculated (10% v/v) in
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the reactor production medium. Batch Fermentation: Batch cultures were grown at 37 °C, 300 rpm,
pH of 7, one vvm airflow, and 5% dissolved oxygen in a working volume of 2 L. The culture medium
consisted of the following yeast extract (10 g/L); NaCl (2 g/L); K,HPO, (2.5 g/L); MgSO, - 7H,0 (2.5
g/L); and glucose with varying initial concentrations (Experiment 1: 9.3 g/L, Experiment 2: 21.1 g/L,
Experiment 3: 31.9 g/L, Experiment 4: 39.1 g/L, Experiment 5: 45.5 g/L., and Experiment 6: 59.9
g/L). Analysis methods: The biomass content was determined by the dry weight, while HA, glucose,
and organic acids were quantified by high performance liquid chromatography (HPLC). Further details
can be found in [25].

2.2. Mathematical modeling

2.2.1. Simplified pathways
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Figure 2. The biological synthesis pathway of hyaluronic acid in Streptococcus zooepidemi-
cus. Modified from [31].

Figure 2 shows the HA biosynthetic pathway in S. zooepidemicus alongside simplified pathways
of biomass growth, acetic acid and LA production from glucose and proteins. In S. zooepidemi-
cus, HA is produced from the precursors uridine diphosphate (UDP)-glucuronic acid and UDP-N-
acetylglucosamine [5]. HA is mainly synthesized in the plasma membranes by HA synthase [7], which
is an enzyme that catalyzes the polymerization of both substrates [3]. The journey of HA biosyn-
thesis commences with the phosphorylation of glucose by hexokinase, which leads to the production
of glucose-6-phosphate (G6P). Then, the synthesis pathway bifurcates into two distinct routes [4],
which is similar to what occurs for the metabolism of carbohydrates in purple non-sulfur bacte-
ria (PNSB), where the G6P either goes to the Embden-Meyerhof-Parnas pathway in both metabolic
pathways or to the Entner-Doudoroff pathway, where it becomes 6-phosphogluconate, which goes to
the pentose phosphate pathway (oxidative phase and then non oxidative phase) in the PNSB [32].
Meanwhile, in our study, it diverges in the HA synthesis pathway, which can be divided into two
sets. In the first set of reactions, G6P metamorphoses into glucose-1-phosphate. UDP-glucose py-
rophosphorylase steps in, which adds UTP to glucose-1-phosphate, culminating in the production of
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UDP-glucose [31]. Finally, thanks to the mediation of UDP-glucose dehydrogenase, UDP-glucose
undergoes oxidation to transform into UDP-glucuronic acid. In the second pathway, phosphoglucoiso-
merase facilitates the transfer of G6P to fructose-6-phosphate (F6P); then, an amido group is added to
yield glucosamine-6-phosphate [4]. A phosphate group rearrangement by phosphoglucosamine mu-
tase produces glucosamine-1-phosphate. The acetylated form of this compound is created in the next
step by phosphoglucosamine acetyltransferase. Finally, N-acetylglucosamine-1-phosphate pyrophos-
phorylase activates the intermediate by adding UTP, which yields the second HA precursor, UDP-
N-acetylglucosamine [33]. After synthesizing the two precursors, HA synthase polymerizes them to
produce the HA polymer [4].

Showing similar results, Klamt et al. [34] worked with a kinetic model of a stoichiometric reac-
tion network composed of only seven reactions. They focused either on purely respiratory or purely
photosynthetic growth, where the main activity of the electron transport chain (ETC) was located ei-
ther exclusively in the cytoplasmic membrane or the intracytoplasmic membranes. They argue that a
compartmentalized model would not change the main results and found that the stoichiometric model
could only show the potential behavior of the ETC. They had to include regulatory pathways within
the model to study the driving forces, electron flows, and redox states under different conditions.

As depicted in Figure 2, the HA production is a complex process that involves several steps inside
microorganisms. To model this complex system, we start with a simplified version of this metabolic
pathway, shown in Figure 3, whose overall reactions are given in Table 1, where intermediate reactions
have been grouped to obtain the overall reactions containing bifurcation points for some reactants or
products. In general, the simplified pathway can be split into three groups of reactions: 1) R1, R2, R3,
R4, and RS are associated to glucose metabolism; 2) R6, R7, and R8 are associated to HA production;
and 3) R9 and R10 describe the biomass growth. In particular, reaction R1 describes the transformation
of intracellular glucose (GLU) to G6P mediated by glucokinase and one ATP, while R2 represents the
G6P reaction to produce F6P mediated by phosphoglucoisomerase. On the other hand, the consecutive
reactions of F6P to 3-phosphoglycerate to phosphoenolpyruvate (PEP) are grouped in only one overall
reaction described by R3, while R4 describes the reaction of PEP to produce pyruvate (PYR) mediated
by pyruvatekinase and one ADP. The transformation of PYR to LA mediated by lactate dehydrogenase
and NADH is represented by RS, while the precursors of HA are obtained in R6 and R7. In particular,
R6 condensates the reactions of FOP to glucosamine-6-phosphate to N-acetylglucosamine-6-phosphate
to N-acetylglucosamine-I-phosphate to UDP-N-acetylglucosamine (AGL) in only one overall reaction,
while R7 groups the reactions of G6P to glucose-I-phosphate to UDP-Glucose to UDP-Glucoronic
acid (NAG). These two pathways require UTP and produce UDP; However, to simplify the model and
reduce the number of species, we consider ATP and ADP instead. Finally, R8 describes HA production
from AGL and NAG, while the biomass can be produced by two pathways, R9 and R10, from G6P
and PEP together with PYR and NAD", respectively. All reactions in Table 1 are balanced in molar
units. However, the biomass shown in reactions R9 and R10 are in mass units, since the exact apparent
MWs for the microorganisms are not available; additionally, it is unknown how much G6P and PEP are
consumed per mole of NAD™ consumed, since proteins, lipids, and other compounds are also involved
in cell growth. Thus, reactions R1 to R8 have well-established stoichiometric coefficients, while R9
and R10 have biomass growth yield coefficients (i.e., Ygep/pyr and Ygep/x for R9, and Ypgp/pyr and
Ypep/x and Ygep/x for R10, respectively).
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Table 1. Simplified overall reactions inside the cells.

GLU + ATP

G6P

F6P + ADP + 2NAD”

PEP + ADP

PYR + NADH

G6P + ATP + NAD"

F6P + ATP

AGL + NAG

YG6p/pYRG6P + PYR + NAD*
YpEp/pYRPEP + PYR + NAD*

G6P + ADP

F6P

2PEP + ATP + 2NADH
PYR + ATP

LA + NAD"

AGL + NADH

NAG

HA + 2ADP

YG6P/XX + NADH
YpEp/XX + NADH

(RI)
(R2)
(R3)
(R4)
(RS)
(R6)
(R7)
(R8)
(R9)
(R10)

GLE

Figure 3. Simplified metabolic pathway.

2.2.2. Balances

To model the dynamical behavior of biomass growth, glucose consumption, HA, and LA produc-
tion, we proposed a semi-structured model based on mass balances that takes the simplified metabolic
pathway presented in the previous subsection into account. To achieve this goal, we consider the

following assumptions:

A1l. The extracellular glucose (GLE) enters the cells by facilitated diffusion.

A2. The biomass concentration, [X], as well as the extracellular concentrations of glucose, [GLE],
hyaluronic acid, [HA], and lactic acid, [LA], are measured and well known, while the intracellu-
lar concentrations are unmeasured; therefore, instead of using mass or molar concentrations, we
used the following internal variables: {Gru, {Gep> {rep» {pEP> {PYR> {AGL> {NAG» {ATPs {ADP> {NADH>
and {xap+, Which are correlated with (but not necessarily equal to) the intracellular molar concen-
trations of glucose, glucose-6-phosphate, fructose-6-phosphate, phosphoenolpyruvate, pyruvate,
UDP-N-acetylglucosamine, UDP-Glucoronic acid, ATP, ADP, NADH, and NAD™, respectively.
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A3. Under the operational conditions, the intracellular biochemical reactions described in Table 1 only
take place in one direction (i.e., they can be considered to be irreversible), and the specific reaction
rates, r; fori = 1,2,..., 10, can be expressed with elementary kinetics. This assumption comes
from the fact that most of the reactions depicted in Figure 2 are enzyme-catalyzed and are part of
larger unidirectional cycles, such as Krebs’ cycle.

A4. The sum of intracellular phosphorated metabolites (i.e., ATP, ADP, AGL, and NAG) and the sum
of the intracellular metabolites (i.e., NADH and NAD™) are proportional to the biomass concen-
tration. Thus, if the biomass grows, then the amount of these metabolites also increases propor-
tionally. In particular, we assume that when the biomass grows, the metabolites that increase

inside the cells are both ADP and NAD™.

Taking the Assumptions A1-A4 into account, the mass balances of the extracellular concentrations,
the biomass, and the internal variables are as follows:

d [GLE]
dt
d[LA]
dt
d [HA]
dt
d[X]
dt
dlcLu
dt
dlcep
dt
dlrep
dt
d{PEP
dt
déPYR
dt
dlacL
dt
dinaG
dt
darp
dt
d{napH
dt

—JoL,

Is,

rg,

YGep/xro + Ypep/xrio — kp [X],
—r1 + JaL,

r1 — r2 — 16 — YGep/PYRT9,
Iy —7r3—1ry,

2r3 — r4 — Ypep/pYR710
4y —Fs5 —T9 —ryo,

Te —Ts,

r7 —rs,
—r1+r3+ry—rg—ry,

21’3—I’5+I’6+l"9+7"10,

2.1)
(2.2)
(2.3)
(2.4)
(2.5)
(2.6)
2.7)
(2.8)
(2.9)

(2.10)

(2.11)

(2.12)

(2.13)

where JgL is the specific flow of extracellular glucose into the cells, which, according to Assumption

Al, is given by

Mathematical Biosciences and Engineering

Jor = k¢ (IGLE] — m{gLu) »

(2.14)
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where kg is the glucose diffusion coefficient, and m is an intra-extracellular glucose equilibrium con-
stant associated to the facilitated diffusion.
Due to Assumption A3, the kinetic rates are as follows:

r = kileLudarp, (2.15)

ra = kalceps (2.16)

rs = kslreplaDpluap:s (2.17)

re = kalpepdapp, (2.18)

rs = ks{pyrR{NADH, (2.19)

re = kelceP{NAD*{ATP, (2.20)

r1 = kilrep{atp, (2.21)

rs = ks{acLdNAGs (2.22)

ro = kolpyrR{G6P{NAD > (2.23)

ro = kiolpyrEPEPNADY S (2.24)

where k; fori = 1,2, ..., 10 are the specific reaction rate constants. In addition, due to Assumption A4,
the following must hold:

@[X] = {arp + {app + {acL + {NaG> (2.25)

BIX] = Inabu + {NaD*s (2.26)

where « and 8 are constants of proportionality. Notice that considering the balances for the biomass,
AGL, NAG, and ATP described in Eqgs 2.4, 2.10, 2.11, and 2.12, respectively, and the proportionality
of Eq 2.25, the balance for {spp has the form:

d{ADP
dt

=r-—-r3—r4+ 2r8aYG6p/Xr9 + aYPEp/er — kDa' [X] . (227)

Similarly, considering the balances for the biomass and NADH described in Eqs 2.4 and 2.13,
respectively, and the proportionality of Eq 2.26, the balance for {nyap+ 1s as follows:

ddnap
dt

= =2r3;+rs —re — (1 — BYGep/x) o — (1 — BYppp/x) r10 — kpBIX] . (2.28)

Therefore, Assumption A4 is fulfilled, because the metabolites that increase inside the cells are ADP
and NAD* when the biomass grows.

In summary, the proposed model is composed of the balances given in Eqs 2.1-2.13, 2.27, and
2.28, the glucose transport in Eq 2.14, and the reaction rates given in Eqs 2.15 and 2.16. This model
contains 19 parameters: ten specific reaction rate constants, k; for i = 1,2,3,...,10, two glucose’s
diffusion coefficients, kg and m, four growth yield coeflicients, Ygep/x, YGep/pyr, YrEP/X> and YpEp/pyR,
two proportionality coefficients, a and 3, and one coefficient associated to biomass death, kp.

Under the assumption of a quasi-steady state for the dynamic of the internal variables (i.e., {gLu,

Lceps Lrops CPEP> {PYR> AGL> {NAG»> {aTP, and {napH), the proposed model given in Eqs 2.1-2.13 reduces
to the following (see the section A of the Supplementary material for further detail):
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g0 g 0
diLA] Y, [GLE] 0
@ | = | EACLE L e — . 2.29
darfia] Yiua /oL T - {atp 0 ( )
dfl)t(] kg
e Yx/6LE kp [X]

Therefore, under the assumption of a quasi-steady state for the intracellular dynamics, the pro-

posed model has only one reaction rate, r; = k; [Ciluj] {arp, and variable biomass, LA, and HA
m+ = CATP
yield coefficients, Yiagie = Yia/oie (Qnap+date), Yiacie = Yiajore ({nap+dare), and Yx/gie =

Yx/cLe ({nap+{atp), Tespectively, that depend on the energetic and oxidative state of the microorgan-
isms. According to the model, these can vary with the initial state of the microorganisms and the
external glucose concentration. Due to the relations given in Eqs 2.25 and 2.26, {arp is proportional
to a fraction of the biomass concentration and reflects the energetic state inside the cells. Therefore,
ry has the following limit cases for the glucose consumption: when the cells have sufficient energy, in
such a way that {xrp > kgm/k,, the rate of glucose consumption approaches to r; = kg [GLE] and
only depends on the rate of glucose absorption; and for small cells’ energy (i.e., {arp < kgm/ky), it
holds that r; = % [GLE] {atp o« [GLE] [X], thus resembling a Monod-type saturation in the reaction
rate, which depends on the energy state of the microorganisms. Obviously, without the assumption of a
quasi-steady state, the proposed model can have a reacher behavior than what is described by Eq 2.29.

3. Results and discussion

3.1. Model predictions

In this work, we introduce a new approach to model the production of HA that considers kinetic
and metabolic pathways approaches. Diverging from Rathinavelu et al. [16], we present a unique
parametric model (based on data) that incorporates the process’s biochemistry and includes logical
considerations and mechanisms specific to the bacterial cell wall. Experimental data from experiments
1, 2, 4, and 6 were used to estimate the parameters of the proposed model. The fitting procedure
was performed with a least squares method using the Nealder-Mead minimization algorithm [35] (see
Sections B of the Supplementary material for further detail). Table 2 shows the values of the obtained
parameters and their confidence intervals [36]. This model demonstrates a mere 0.0278% difference
between the data and the proposed model, a result well within their reported range.

The consistency of predictions and experiments conducted at several initial glucose concentrations
demonstrate the robustness of our model and underscores the reliability of our approach. However, the
mean squared error (MRE) value decreases as the glucose concentration increases. In experiments 1
through 6, the MSE values are 0.0508, 0.0310, 0.0266, 0.0221, 0.0201, and 0.0163, respectively. This
fact could reflect a problem with the proposed model at low concentrations, though it may also be a
problem correlated with the increased uncertainty in the experimental data, as seen in the error bars in
plots (a,b,c,d-1) of Figure 4.
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Table 2. Model parameters and their confidence interval.

Parameter Value Parameter Value
Glucose diffusion coefficients
kg 0.7432 £ 0.1716h7" m 1.297 +5.391 x 1072
Kinetic constants
ki 1.128 £ 6.637 x 10° —L— ky 0.8348 +2.505 x 10" h!
ks 1187 x 107 £3.009 x 1074 —L— f, 10.86 + 6.086 x 107> —L—
ks 4.631 x 102 +£4.439 x 107 L kg 6.515x 1072 +4.962 X 1072 — mflz.h
ks 2.906x 1073 £2252 x 107 —=— kg 29511072 £ 1.162 x 107* ——
ko 9.345x 1075 £2.752 x 107 L fy 0.2077 = 1.175 x 107" L
kp 0+2985%x103h™!
Energetic and oxidative proportion
@ 29.10 + 1.022 x 10—2%0l B 41.07 + 4.670 x 10—2%"1

Growth yield coefficients
YGep/x 3.260 X 107 +9.623 x 1072 —= YpEp/x 0.2351 + 1.289 x 107! —=
YGGP/PYR 0.2009 + 1.603 x 1073 =& YPEP/PYR 1.184 +6.180 x 1072 £

mmol mmol

The values of the kinetic parameters obtained when adjusting the proposed model (see Table 2)
are of utmost importance. Notably, k¢ is 0.7432 h™!, which indicates efficient glucose consumption,
a characteristic of a bacteria whose feeding is by facilitated diffusion. Furthermore, kp is of the order
of 1072 h™!, which is a value so small that it is negligible, thus suggesting that cell death (due to
lysis or some other cause) was insignificant. Most parameters have a low correlation with each other
and a conservative confidence interval, except those associated with reactions R9 and R10 of biomass
growth and, to a lesser extent, reactions R6 and R7 associated with HA production (see Sections B of
the Supplementary material).

The value of « is 29% times smaller than 5, which shows a lower presence of ATP/ADP inside the
cell than of NAD*/NADH. In the literature, Buchholz et al. [37] reported the opposite, namely a 60%
increased presence of ADP /ATP compared to NAD*/NADH; thus, it should be considered that it is a
different microorganism and that no reports of the bacteria Streptococcus equi subsp. zooepidemicus
were found. Zbornikova et al. [38] measured these metabolites in E. coli, and there was 4.7 times
more NAD*/NADH activity than ATP/ADP for mucopyrin (+) strains. The opposite happened with
mucopyrin (-) strains, in which the ATP/ADP ratio was 3.2 times greater than NAD*/NADH.

Figure 4 compares the resulting model predictions and the experimental data of glucose consump-
tion, LA and HA production, and biomass growth. In all cases, how the model correlates with each
behavior is very noticeable, thus presenting a minimal difference in some points. The figure shows
that the maximum LA production was in experiment 5 at 12 h with 41.2 g/L.. For HA, the maximum
production was in experiment 6 at 12 h with 3.4 g/L. It is important to remark that experiments 3
and 5 were not used to fit the model; therefore, these experiments can be used to validate the model’s
predictability under experimental conditions different from those used in its fitting.

One feature of the proposed model is the prediction of the qualitative behavior of internal metabo-
lites. To analyze these internal metabolites, let us define the amount of internal metabolites per units

of biomass as xgLu = {ou/X, Xcep = {aor/X, Xpep = lrep/X, Xpep = {pep/X, Xpyr = {pyr/X,
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xacL = {acL/X, xnac = nag/X, xate = {ate/X, Xapp = {app/X, XxabH = {napu/X, and
xnapt = {nap+/X. The behaviors derived from the model for intracellular GLU, G6P, and F6P (xgy,
Xgep, and xgep) are plotted in the first row of Figure 5 (plots (a-1)—(a-6)). GLU shows the same con-
sumption behavior as that observed in the six experiments. As GLU transforms into G6P, the consump-
tion crossover from one generation to the other is evident in the six experiments, with G6P presenting
a peak at the stage when GLU is abruptly consumed. Subsequently, G6P becomes F6P, which is why
F6P presents a generational behavior throughout the six experiments.

F6P undergoes a series of transformations to reach PEP. One of those conversions involves splitting
the molecule from C6 to C3, thus doubling the number of moles. In the second row of Figure 5 (plots
(b-1)—(b-6)), we can see the behavior of PEP and its product, PYR (xpgp and xpyr). Both present similar
graphs, with a peak in the exponential phase because it is the stage in which the bacteria produce these
metabolites in excess. They will serve as a supply to produce biomass and LA. In the specific case of
PEP in experiments 3, 4, and 6, the model shows a slight peak in the latency phase; this generation of
excess PEP will serve the microorganism for cell replication in the exponential phase.

The central row of Figure 5 (plots (c-1)—(c-6)) shows the graphs of the model for the behavior
of AGL and NAG (xagL and xyac); remembering that HA is composed of equimolar chains of both
components, it is observed that there is more significant activity in AGL, which represents an overpro-
duction of one of the two. In fact, in the six experiments, NAG was consumed in its entirety. Therefore,
it is considered the limiting reagent in the fermentative production of HA.

From Figure 5(a-1) to (a-6), for all initial glucose concentrations, the consumption of glucose (GLU)
is total; the concentration of G6P increases, reaches the highest concentration around 7 hours, and
then decreases. While F6P accumulates during the run, the final concentration of F6P increases as the
initial glucose concentration increases. This is explained because glucose is transformed to G6P during
glycolysis and can take either the path toward the formation of polysaccharides of biomass or undergo
conversion to glucose-1-phosphate, then to UDP-glucose, then UDP-glucuronic acid (NAG), which is
the first precursor of HA. In contrast, fructose is converted to glucosamine-6-phosphate to form UDP-
N-acetylglucosamine (NAG) that goes to straight the formation of glycopeptide and, therefore, to the
formation of biomass [9, 31, 39]. Since the biomass does not significantly increase (2-3 g/L) with
an increasing initial glucose concentration (10-60 g/L), F6P is not converted to biomass; therefore,
it remains as F6P, and its concentration increases over time and with an increasing initial glucose
concentration.

The fourth row of Figure 5 (plots (d-1)—(d-6)) illustrates the behavior of metabolites associated with
primary energy, as per the proposed model (xarp and xapp). Two curves are depicted: ADP exhibits
a peak in the exponential phase that diminishes in the stationary phase, while ATP remains nearly at
zero, thus indicating no accumulation in the latency phase. In the exponential phase, ATP shows a
slight peak, which is consumed in the stationary phase.

The biosynthesis of hyaluronate in streptococci demands high energy, which competes against cell
growth for glucose as either an energy provider or precursor of sugar-UDP. It has been observed that
when glucose is limited, the bacterial growth is higher in optimal culture conditions (i.e., at pH 7 and
37 °C). In contrast, productivity and a higher MW of hyaluronate are obtained at sub-optimal growth
conditions because carbon and energetic resources are available for other processes when cells grow
slowly. By limiting the glucose conditions, the hyaluronate productivity decreases, followed by the
MW [8,39].
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LA is produced because NADH cannot re-oxidize to NAD™, although NAD* is required as an
electron acceptor for the posterior oxidation of pyruvate. In such conditions, pyruvate is reduced to
lactate by accepting electrons from NADH, thereby regenerating NAD™, which is required to continue
glycolysis [40]. Lactate is highly inhibitory on cell growth, thereby inducing a higher energy usage for
maintenance (ATP), and energy is used for maintenance instead of the development and production of
HA. As observed in Figure 5(e-1)—(e-6) the concentration of NADH is very high compared to NAD™,
which suggests that the high concentration of NADH could act as an inhibitor of growth and, therefore,
of HA production.

Besides, the broth viscosity reaches as high as 400500 mPas at 4-5 g/ HA, which causes poor
mixing and a low oxygen mass transfer rate; thus, HA production is severely limited [9,31] (Liu et al.
2011, Contreras-Mendoza et al., 2024).

NADH is a compound with antioxidant power that transfers hydrogen ions. Together with its ox-
idized version NAD™, we find them at the bottom of Figure 5 (plots e-1 to e-6) (xnapu and xnap+)-
NADH shows a representative generation behavior in the three phases. At the same time, its homolog
remains at constantly lower levels.

The specific reaction rates inside the microorganisms are defined as u; = r;/X, i = 1,2,...,10. In
Figure 6(a-1)—(a-6), u; represents the phosphorylation of glucose per biomass unit reaction, which
releases energy; in all the experiments, it shows the same behavior, namely peaking in the exponential
phase, and its activity grows as the extracellular glucose concentration increases. In the same graphics,
My 1s drawn to represent the conversion of glucose into fructose; this is the only reaction that doesn’t
involve an energetic biomolecule. Its behavior begins with a fall followed by a slight increase in
activity in the same phase as ;. This presumably indicates that the reaction that releases energy is
more efficient than the one that only involves an enzymatic process.

In Figure 6(b-1)—(b-6), the reactions for us, u4, and us are plotted together, which provides a com-
prehensive view of the glycolysis process towards LA. Both u; and u4 require energy, with ps also
involving a reduction reaction, while us is the only reaction featuring oxidation. Their activity patterns
are similar, with p, exhibiting the highest activity, followed by us and us at the lower end. The series
of reactions that u; comprises may explain its lower activity than us. To carry out these reactions, us,
similar to u4, consumes the energy produced in ;.

Figure 6(c-1)—(c-6) represent the production of HA; the g plot shows the conversion from glucose
through glucuronic acid. These series of reactions realizes energy, and there is a reduction reaction
process. Interestingly, despite the difference in extracellular glucose concentration, the peak of ug is
between 13 and 17 in all experiments, which indicates that its activity is not affected by the external
glucose concentration. The activity of u; is so low that it confirms that the production of HA is limited
by the formation of N-Acetyl-D-Glucosamine, except for high initial concentrations of glucose, as
shown in experiment 6, where the activity of 7 is much greater than in the rest of the experiments.

For HA production, namely ug, we see a greater variety of behaviors. In the first two experiments, at
low glucose concentrations, it starts from a point where its activity declines until the exponential phase,
which presents a peak that grows as the initial glucose concentration increases. For the intermediate
experiments, a slight peak is observed in the latency phase, followed by a prominent peak in the
exponential phase. In experiment 5, only a prominent peak in the exponential phase exceeds the activity
of ue. Finally, in experiment 6, the graph starts from a high point from which it decays; in the change
it appears to have a peak close to that of us between the exponential and stationary phase.

Mathematical Biosciences and Engineering Volume 22, Issue 11, 2923-2943.
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The last plots of Figure 6 (from (d-1) to (d-6)) show the biomass formation represented for u9 and
U10; both have a reduction reaction process that balances the oxidation process for LA production. A
single peak can easily be perceived in the experimental phase of the first experiment. By increasing
the glucose intake, the plots change significantly. In experiments 2—4, the activity of ug starts at a
high point, where it decreases with an increase in the exponential phase; on the contrary, 1, starts at
a low point, after twhich it can be compared to ug. For these two parameters, experiment 5 shows the
same behavior, with the ug peak being a little bit higher than (. Finally, their behavior in experiment
6 is fascinating because both present two peaks of activity, one at the beginning of fermentation and
another more pronounced in the exponential phase.

The objective of graphing u against time is to obtain the value of u,,,, and, on the other hand, to
qualitatively observe whether any substrate or product exerts any inhibition phenomenon. The latter
would be observed in the case of decreases in y,,,,. In all the graphs, an increase in the maximum
values of p,,,, 1s generally observed when the glucose concentration increases, which does not cause
any type of inhibition on the components involved. In the cases where the initial lines that descend
are observed (Figure 6(a-3), (a-4), (a-6), (c-1), (c-2), (c-6), (d-2), (d-3), (d-4)), it would indicate that a
second substrate is finishing its degradation. These substrates often exert regulatory phenomena, which
causes the substrate of interest to degrade until this second substrate does so. This is different here. In
Figure 6(d-6), the presence of a second substrate related to uo is observed.

4. Conclusions

In this study, we introduced and validated a mathematical model that combined kinetic and
metabolic pathways to predict the dynamic behavior of biomass, glucose, HA, and LA concentrations
in fermentations of Streptococcus equi subsp. zooepidemicus. As depicted in Figure 2, the HA produc-
tion is a complex process that involves several steps inside microorganisms. However, we proposed a
simplified version of this metabolic pathway, depicted in Figure 3, where intermediate reactions were
grouped to obtain overall reactions that contained bifurcation points for some key reactants or products.
The proposed approach allows us to consider the qualitative dynamic behavior of key internal unmea-
sured metabolites associated with glycolysis, biomass growth, HA production, and cellular metabolic
regulation. These internal metabolites are the intracellular molar concentrations of glucose, G6P, F6P,
PEP, PYR, UDP-N-acetylglucosamine, UDP-Glucoronic acid, ATP, ADP, NADH, and NAD".

As seen in Figure 4, the model’s predictions aligned well with the experimental data, and the varia-
tions for the internal metabolites and their reaction rates can be used to understand how different initial
concentrations of glucose influence the metabolic pathways. In particular, energetic and oxidative
agents such as ATP/ADP and NADH/NAD™ play a crucial role in cellular metabolic regulation. Fi-
nally, the proposed model can be applied to improve existing HA production processes and to propose
new processes configurations and control strategies to optimize HA production.
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