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Abstract: Yeast batch fermentation is widely used in industrial biotechnology, yet its per-
formance is strongly influenced by temperature and nitrogen availability, which affect
growth kinetics and metabolite production. The development of predictive models that
accurately describe these effects is essential for automating and optimizing fermentation
design, reducing trial-and-error experimentation, and improving process efficiency and
product quality. However, most mathematical models focus on primary metabolism and
lack a systematic approach to integrate the effects of temperature. Existing models often
rely on empirical corrections with limited predictive power beyond specific experimental
conditions. Furthermore, there is no unified framework for optimizing fermentation pro-
cesses while accounting for the temperature-dependent metabolic responses. We addressed
these gaps by developing a temperature-dependent kinetic model for nitrogen-limited
batch fermentation by Saccharomyces cerevisiae. The modeling approach is based on ad-
vanced systems identification, integrating identifiability analyses (structural and practical),
multi-experiment parameter estimation, and automated model selection to determine the
most appropriate temperature dependencies for key metabolic processes. Validated across
five industrial S. cerevisiae strains in an illustrative example related to wine fermentation,
the model exhibited strong predictive performance (NRMSE < 10.5%, median R? > 0.95)
and enabled simulation-based process optimization, including nitrogen-supplementation
strategies and strain selection for improved fermentation outcomes. By providing a system-
atic modeling framework that accounts for temperature effects, this work bridges a critical
gap in predictive modeling and advances the rational design and control of industrial
fermentation processes.

Keywords: system identification in fermentation; predictive modeling of yeast metabolism;
temperature control in bioprocesses; optimization of nitrogen-limited fermentations;
Saccharomyces cerevisiae metabolism; secondary metabolism

MSC: 92-10; 92B05; 92C75; 93B30; 90C31; 90C11

1. Introduction

Yeast batch fermentation is essential for industrial biotechnology, facilitating the effi-
cient conversion of substrates into desired products. Its relevance spans various industries
including the production of biofuels, pharmaceuticals, food, food ingredients, beverages,
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and specialty chemicals [1,2]. The yeast Saccharomyces cerevisiae, commonly known as
baker’s yeast, plays a critical role in various industrial applications. However, beyond its
role in the production of industrially relevant primary metabolites (ethanol, glycerol, succi-
nate), S. cerevisiae is also central to the synthesis of secondary metabolites of high industrial
value. These compounds not only contribute to the aroma and flavor of food and beverages
but also serve as key ingredients in the pharmaceutical, cosmetic, and bio-based chemical
industries [1,3,4]. Understanding the production of primary and secondary metabolites is
crucial for optimizing industrial fermentation processes for various applications.

Interestingly, the performance of fermentation processes is strongly related to abiotic
factors such as temperature [5,6] or nitrogen availability [7,8]. The activity of S. cerevisiae is
highly temperature dependent, affecting the rate at which sugars are converted to ethanol.
Lower temperatures (around 10-15 °C) result in slow fermentation and can lead to a
higher retention of aromatic compounds [9]. In contrast, high temperatures considerably
reduce process time and might increase the yield of some higher alcohols [10]. In addition,
insufficient levels of assimilable nitrogen contribute to stuck or sluggish fermentations [7].
A minimum of 120-140 mgy /L assimilable nitrogen is required to achieve a standard
fermentation rate in batch fermentation. In media that may lack this key nutrient, such as in
industrial wine fermentation, it has become common practice to supplement the medium
with nitrogen sources during the process [11].

Mathematical modeling is a valuable tool for understanding the complexities of
yeast fermentation processes, offering the potential for rational design, optimization, and
control [12]. Several models have been developed to simulate batch fermentation using S.
cerevisiae [13,14], each of which offers specific strengths.

However, despite significant advances in modeling, considerable gaps remain, partic-
ularly in modeling secondary metabolism. Most existing models focus on the kinetics of
metabolites associated with yeast growth and energy production, capturing aspects of pri-
mary metabolism such as the production of ethanol, glycerol, and succinate. These models
are formulated as sets of ordinary differential equations to describe yeast growth, nutrient
uptake, and products release. Some models use the logistic growth model to describe yeast
growth [15,16], explicitly incorporating temperature-dependent kinetic parameters. How-
ever, the reliance on logistic growth limits their applicability to the specific fermentation
medium. More mechanistic alternatives use Monod-type formulations to describe yeast
growth as limited by specific substrates (sugars and/or nitrogen) [13,14,17,18]. Coleman
etal. [13] or David et al. [18] explored the role of temperature by calibrating the Monod-
based model for different temperature conditions, obtaining distinct parameter sets for
each temperature. Although this allows the model to fit multiple datasets, its applicability
remains restricted to the specific yeast strain and tested temperature conditions.

Only a limited number of models account for the production of secondary metabolites
including aromatic compounds. These models use discontinuous implementations in
various phases with descriptions based on empirical formulations [19] or more mechanistic
kinetic formulations [20]. Only recently, Moimenta et al. [21] proposed a continuous kinetic
model that describes the production of various primary and secondary metabolites. The
model incorporates an empirical representation of metabolic regulation as a clue to initiate
or repress the release of specific compounds at different stages of the process. These
models are well suited to explain fermentation for different yeast species. However, they
are not well suited for process optimization because they do not account for the role of
abiotic factors. In most cases, they have not been tested under different initial conditions
(fermentation medium composition or yeast inoculum); therefore, their extrapolation
capabilities have not been fully determined.
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In this study, we propose a model that accounts for the role of temperature, the addi-
tion of nitrogen, and production of various secondary metabolites. A critical aspect of this
study is model identification, which integrates structural and practical identifiability analy-
ses and multi-experimental parameter estimation [22]. We also propose the formulation
and solution of a mixed-integer nonlinear dynamic optimization problem to automatically
select the formulation for the temperature dependence and kinetic parameters of the model.

The model was validated for an industrially relevant example: wine fermentation.
We considered five industrial S. cerevisiae strains under different temperature and sugar
conditions, demonstrating strong predictive performance and applicability across diverse
fermentation settings. We further illustrated its ability to predict and mitigate stuck fer-
mentations, providing insight into nitrogen limitation and temperature-induced metabolic
changes that can hinder process completion. Additionally, the model facilitates multi-
objective process optimization, allowing for the rational selection of yeast strains and
operating conditions to achieve specific production goals, such as balancing ethanol yield,
fermentation time, and secondary metabolite composition.

By providing a systematic modeling framework that integrates temperature effects
into predictive modeling, this study bridges a critical gap in fermentation process modeling
and advances the rational design, control, and automation of industrial yeast fermentation
processes, thereby improving both efficiency and product quality. The proposed approach is
relevant for understanding yeast metabolism but also provides a foundation for optimizing
biotechnological processes in which temperature plays a critical regulatory role.

2. Materials and Methods
2.1. Experimental Materials and Methods

Yeast Strains and Inoculation. Five commercial Saccharomyces cerevisiae strains were
used in the present study. The yeasts are denoted as Yeast1 to Yeast5. The yeasts were ob-
tained as active dry yeast (ADY) and inoculated following the manufacturer’s rehydration
protocol (15 g/hL ADY, 37 °C, 20 min) with GO-Ferm® Protect (30 g/hL), Lallemand SA,
Montreal, QC, Canada.

Fermentation medium composition. Fermentations were carried out using a medium
emulating wine, synthetic grape must (SGM) adapted from [23], containing 210 g/L or
250 g/L of total sugars (glucose and fructose in equal proportions), 150 mgy /L of assimil-
able nitrogen in the form of amino acids and NH4Cl, and adjusted to pH 3.3. Additional
components included malic acid (6 g/L), citric acid (6 g/L), phosphate and sulfate salts,
trace elements, vitamins, and phytosterols, to support anaerobic growth.

Fermentation Conditions. Fermentations were conducted in 250 mL laboratory bot-
tles (Schott-Duran) fitted with airlocks at three different temperatures (12 °C, 18 °C, or
25 °C). The temperatures were selected to reflect realistic industrial conditions commonly
encountered in wine fermentation, particularly within the range known to significantly
influence metabolic outcomes and flavor-profile formation. Wineries usually select lower
temperatures (in the range of 15 °C-20 °C for white wines); we also included 25 °C to
ensure a more flexible approach in predicting yeast behavior response to temperature vari-
ations and promote the formation of higher alcohols [24]. This broader range (12 °C-25 °C)
allows for better process design adaptability. Fermentation kinetics were monitored by
CO, production (mass loss), and samples were collected at defined CO; release stages
(eight sampling times). Nitrogen supplementation (20 g/hL Nutrient Vit™, Lallemand SA,
Montreal, QC, Canada) was applied at inoculation and at 1/3 fermentation completion.

Metabolite Analyses. Amino acids and ammonia were quantified by UPLC (Dionex
Ultimate 3000) after derivatization [25]. Sugars, organic acids, and fermentation by-
products were measured using HPLC (Thermo Fisher Scientific-ES, Madrid, Spain) with
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RI and UV detectors, using a HyperREZ XP Carbohydrate HT column and sulfuric acid
mobile phase (0.6 mL/min, 50 °C). Aromatic compounds (higher alcohols) were analyzed
by gas chromatography (TRACE 1600, Thermo Fisher) using headspace solid-phase mi-
croextraction (HS-SPME) with a PDMS fiber. Separation was performed on an Agilent HP
INNOWax column with helium as the carrier gas.

2.2. Theoretical Materials and Methods

The model identification process followed an iterative procedure [22], ensuring
both theoretical soundness and predictive accuracy. The procedure consists of the
following steps:

2.2.1. Model Formulation

The dynamics of a biological system is characterized by the vector of state variables
x € X C R™, which is the unique solution of the set of nonlinear ordinary differential equations.

x =f(x,u,6,t) (1)

where x = %, u € U C R™ corresponds to the external factors and 8 € @ C R
is the vector of the model parameters, where 6 is the feasible parameter space and ¢
represents time.

In addition, given an experimental scheme, with 7, experiments, n observables per
experiment e and n¢’ sampling times per experiment e and observable 0, y*° € Y C R
will regard the vector of n¢° discrete-time measurements, as follows:

y(te°,u,0) = g“°(x(u, 6,t2°),0,t); s=1,...,n%° ()

where t$° regards the s sampling time for observable o in experiment e. Thus, every
experimental (measured) data will be denoted as ym¢” and, similarly, the corresponding
model predictions will be denoted as y5°.

2.2.2. Structural Identifiability Analysis

This step, often overlooked, determines whether it is possible to assign unique values
to parameters within a given model-observable pair under ideal experimental conditions,
thus ensuring that the model structure allows for unambiguous parameter inference. Al-
though the structural identifiability of general nonlinear dynamic systems remains an open
question, several software tools facilitate this analysis. In this study, we consider two
alternatives: GenSSI2 [26] and SIAN [27]. GenSSI2 is based on the generating series ap-
proach, and, if successful, it guarantees global identifiability, implying that the parameters
can be uniquely determined within the entire feasible region. This is based on symbolic
manipulation of the model equations. In contrast, SIAN is a symbolic numeric randomized
algorithm that combines differential algebra and Taylor series approaches with a Monte
Carlo randomized approach. Owing to the incorporation of the numeric randomized
algorithm, SIAN has good scalability properties.

2.2.3. Parameter Estimation

Given the measurements, the aim is to estimate the unknown model parameters 6 to
minimize the distance between the data and model predictions, as measured by the widely
used weighted least-squares function:

ne mg ng
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where g¢° corresponds to a weighting coefficient, which in this study, corresponds to the
maximum measured data g5° = max(g¢°), Vs.

The problem is then formulated as a nonlinear optimization problem, where the
decision variables are the parameters 6, and the objective is to minimize ;5o subject to
the system dynamics in Equations (1) and (2) and the upper and lower bounds for the
parameters: 8y < 0 < 0.

2.2.4. Practical Identifiability Analysis

Using the Fisher information matrix (F) [28], it is possible to quantify the uncertainty
of the parameters by computing confidence intervals and identifying potential correlations
between parameters that may affect reliable estimation.

The Fisher information matrix is defined as follows:

s s
o] 5]

F=¢( @
where £ is the mathematical expectation for the optimal parameters values 6*.

The confidence interval (p;) associated with each parameter estimate can be obtained
using the covariance matrix:

+t] 5,/ Cii ®)

where 7 /o 1s given by the Student’s t distribution, v = N; — 17 degrees of freedom, and
(1 — a)100% is the confidence interval selected, typically 95%. The covariance matrix can
be approximated using the Cramer-Rao inequality as follows:

C>F(67) (6)

2.2.5. Cross-Validation

The predictive capability of the model is evaluated using a leave-one-out cross-
validation approach. In this methodology, independent datasets were omitted during
the calibration phase and subsequently used to validate the model under untested condi-
tions. Specifically, at each iteration, a single experiment was excluded from the training
dataset, and the model was then trained on the remaining data while being tested in the
excluded experiment. The root-mean-square error (NRMSE) was computed to compare the
model performance between the training and testing datasets.

2.3. Numerical Methods and Tools

In this work, we used the AMIGO2 toolbox (https://sites.google.com/site/amigo2
toolbox accessed on 1 April 2025, [22]) to automate model identification. The AMIGO2 tool-
box is a comprehensive software package tailored for dynamic modeling, optimization, and
control in systems biology. It facilitates parameter estimation, sensitivity and practical iden-
tifiability analyses, and various statistical assessments for evaluating goodness of fit.The
system of ordinary differential equations (ODEs) was solved using the CVODES solver [29],
which is automatically integrated into AMIGO2. CVODES is part of the SUNDIALS suite of
ODE solvers, combining two numerical methods: the Adams-Moulton multistep method
and the backward differentiation formula (BDF), along with the nonlinear iteration method
and the capability to compute parametric sensitivities. The method implements error
control, taking into account the relative and absolute integration tolerances set by the user
(rtot/atot = 1.0 x 1077, in this work). The nonlinear optimization problem was addressed
using the hybrid metaheuristic enhanced scatter search (eSS) method [30].
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3. Results
3.1. Model Formulation

In this study, we formulated a temperature-dependent model to describe yeast batch
fermentation, integrating both primary and secondary modeling components. The primary
model captures key biological and biochemical processes, including biomass growth,
nutrient uptake, and metabolite production, whereas the secondary model characterizes
the temperature dependence of the kinetic parameters. Figure 1 shows a conceptual
representation of the model.

YAN
\¢ »
',\B:,Biomass , Gn;s
» growth Fermentation - e
[ N N4 °
Biomass ® (
° ° )' % Glyc
decay o ° op o° \}
2 |soamyl
¢ alcohol
o e \¢
% Succmate

®
Glucose Fructose '.‘.
UEthanol

Figure 1. A conceptual representation of the proposed model. This model describes yeast batch
fermentation dynamics and captures key metabolic and physiological processes. Biomass growth is
influenced by yeast assimilable nitrogen (YAN); glucose and fructose serve as primary substrates for
fermentation. The conversion of sugars through fermentation leads to the production of ethanol and
carbon dioxide along with various metabolic by-products, including succinate, isobutanol, isoamyl
alcohol, glycerol, acetate, and 2-phenylethanol. The model also incorporates a regulatory component
(Gn,s) representing gene-expression changes associated with nitrogen and sugar availability, which
impact metabolic fluxes and fermentation efficiency. The model takes into account the role of
temperature in the process dynamics.

The primary model builds upon previously developed models [21] and consists
of a system of ordinary differential equations (ODEs) that govern the dynamics of key
state variables:

e Cell growth and viability (X, CFU/L): describes the proliferation of viable yeast cells
capable of fermentation.

e Uptake of substrates: represents the consumption sugars (Glx and F, g/L) and yeast-
assimilable nitrogen (YAN, g/L) required for cellular metabolism.

*  Production of primary metabolites: includes the production of ethanol (Eth, g /L), carbon
dioxide (CO;,, g/L), glycerol (Gly, g/L), succinate (Succ, g/L), and acetate (Ace, g/L).

*  Production of aromatic and secondary metabolites: includes isoamyl alcohol
(Isoamylol, g/L), isobutanol (Isobutanol, g/L), and 2-phenylethanol (PhenEth, g/L),
which contribute to the aromatic profile.

*  Gene regulation state (Gy s): Represents metabolic changes in response to nitrogen
and sugar starvation, influencing the production of specific metabolic products.

The model also incorporates operational inputs, such as temperature (T, °C), nitrogen
supplementation, and the timing of nutrient addition (f,44, h). All these factors significantly
impact fermentation kinetics and product composition.

To account for the role of temperature in fermentation dynamics, we introduced a
secondary model that determines how the specific kinetic parameters (growth, transport,
and yield) in the primary model are affected by temperature.
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3.2. Primary Model: Core Fermentation Dynamics

3.2.1. Modeling Viable Biomass Formation During Nitrogen-Limited Fermentations
Viable cell dynamics was modeled using a Monod-type equation, assuming that yeast-

assimilable nitrogen acts as the limiting substrate associated with cell division. The second

term accounts for cellular decay, which we assume is proportional to the cellular density.

ax
o = (e —kd)-X @)
dYAN U
at 7YXN . ®
YAN

W= e AN Tk ©)

where 0y is the maximum specific growth rate in (h™1; ky = 0.01 (gn/L) the Monod
parameter as estimated by Coleman et al. [13]; kd (h™1) the cell decay parameter and Yy
(gcru/gnN) the nitrogen to biomass yield.

3.2.2. Modeling Fermentation Rate

The sugar concentration comprises glucose and fructose, which are metabolized
through the glycolytic pathway into various metabolites. Sugar uptake was described
following the Michaelis-Menten model, considering the role of ethanol as a non-competitive
inhibitor of sugar uptake.

dGlx Glx
gr UmaxGlx X- Glx + ksgra “PEtn (10)
dF F
Jf = T UmaxF X- Fksr “PEm (11)

Umax,Glx ((?F%X//LL}I) and Uy r (%) correspond to the maximum uptake rates for glucose
and fructose, respectively, and ksg;, and ksr are the Michaelis-Menten constants in g /L.

During fermentation, glucose and fructose are uptaken by specific hexose transporters
(the HXT family) via facilitated diffusion. However, as ethanol accumulates, there is a
certain inhibition of transport. We assume non-competitive inhibition, that is, ethanol
accumulation produces changes in the conformation of transporters, reducing transport
efficiency even when glucose or fructose are available [31]. This is modeled by incorporating
the inhibition term ¢y, as follows:

1
PEn = 13 I (12)

ke
with kg; (g/L) the strength of the inhibitory effect.

3.2.3. Modeling Cellular Regulation as a Consequence of Nutrients Starvation

In anaerobic fermentation, yeast metabolism is primarily governed by the availability
of sugars and nitrogen sources, with regulatory mechanisms that ensure efficient energy
production and survival under nutrient limitations. When nitrogen is available, yeast cells
prioritize biomass formation, increasing protein synthesis, nucleotide biosynthesis, and
amino-acid metabolism, which are essential for rapid growth. Once nitrogen is limited and
as the sugar level decreases, cells transition to a quiescent metabolic state, known as the
stationary phase, and metabolism is redirected toward the production of glycerol, acetate,
or phenylethanol, ensuring redox homeostasis [20].
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To account for these regulatory changes, we used an additional state Gy s whose
dynamics is controlled by two empirical functions, ¢ and ¢s, to represent the depletion of
YAN and sugar concentrations:

dGn s

T = (PN ds =GN s) Toy (13)
ith
" _,__YAN ”
IN=l - AN TN
Glx+F
¢s =1 Gt Pk (15)

where g, ¢ is an adimensional parameter that controls the velocity of regulation; ks and
k,s are the half-saturation constants in g/L in the sigmoidal functions (¢n and ¢s) that
regulate the nitrogen and sugar concentration needed to induce the transcriptional changes
associated with the stationary phase.

3.2.4. Modeling Metabolite Production During Fermentation

We modeled the production of the metabolites, assuming that their production is
proportional to sugar uptake and considering that they are released into the medium at
different stages. The equations read as follows:

Ethanol : % = Y- (% + %) (16)

CO;, : difz = —Yco,- (df% + i—f) (17)

Succinate : % = —Ysucc (% + %) (18)
Glycerol : % = Y- (% + %) (1-Gnygs) (19)
Acetate : d?tce = Yae (% + %) (1-Gnys) (20)
Isoamyl alcohol : % = —Yisoamol" (% + %) (21)
Isobutanol : % = —Yisobutol® (% + %) (22)
Phenylethanol : @ = —Yppenetn (% + %) (1-Gnys) (23)

with Ygs, Yeo,, Ysuce, Yaiys Yaces Yisoamols Yisobutol a0 Yppenern, represent the yields of each
metabolite in g/ gsugar- Because of the stoichiometry of the reaction, we can fix Yco, = Ygy,.

3.2.5. Model Structural Identifiability

The proposed model consists of a set of 13 ordinary differential equations and 36 kinetic
parameters. Note that most states in the model can be measured, with the exception of gene
regulation (Gy s). Structural identifiability analysis using GenSSI revealed that the model
is, at least, locally identifiable. The complexity of the model resulted in a highly nonlinear
symbolic system of equations involving the parameters, which is not solvable by the
MATLAB 2022b symbolic manipulation toolbox; therefore, global structural identifiability
cannot be guaranteed. The combined symbolic-numerical approach implemented in SIAN
enabled a complete analysis guaranteeing global structural identifiability.
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3.3. Secondary Model: The Role of the Temperature

By integrating a temperature-dependent secondary model, we ensured that the pri-
mary model is dynamically adapted to different temperature conditions, allowing for an
improved prediction of fermentation kinetics across a range of environmental settings. We
considered two alternative formulations for temperature dependence: (1) the Arrhenius-
based model that describes the exponential relationship between reaction rates and temper-
ature, which is commonly used for biochemical kinetics (6; ;4 = A; + Biexp(C;/T)); and
(2) the quadratic function model (6; ror = A; + BT + C;T?) inspired by the Ratkowsky
model [32], which captures nonlinear temperature effects and offers flexibility in describing
yeast metabolic responses within the operational temperature range.

To automatically select the best temperature-dependent model, we defined the biolog-
ical parameters as follows:

0:(T) = we,0; 4 + (1 — we,)0; roF (24)

where 6;(T) are the set of parameters that could depend on temperature; 6; ra and 0; oF
refer to the secondary models Arrhenius (A) and quadratic (QF), respectively; wg, regards
a binary parameter equal to 1 for Arrhenius and 0 for the quadratic function model.

The optimal secondary model for each parameter along with its corresponding un-
known parameters were estimated by solving a mixed-integer nonlinear optimization
problem. The objective was to simultaneously identify the structure of the model and its
associated parameters, minimizing the discrepancy between the experimental data and the
predictions of the model.

Given the measurements, the aim is to estimate some or all of the parameters 0 plus
the model-selection parameters wy to minimize the distance between the data and model
predictions, as measured by the widely used weighted least-squares function:

ne Mo ”s 2

() mg’
JLs0(6ws) = 2o 2. 2 W wg —J (25)

e=1o0=1s=1

where g¢° corresponds to a weighting coefficient that, in this study, corresponds to the
maximum measured data g5° = max(g<°), Vs.

The problem is then formulated as a mixed-integer nonlinear optimization problem,
where the decision variables are the parameters [6, wy] and the objective is to minimize J; 5o
subject to the system dynamics in Equations (1) and (2) and the upper and lower bounds for
the parameters: 8; < 6 < 0y and wy = [0, 1]. To solve the problem, we used a metaheuristic
enhanced scatter search (eSS) [30] as implemented in the AMIGO2 toolbox [22].

3.4. Model Selection and Validation

We used a multi-experiment calibration scheme to select the best combination of
the primary and secondary models and estimate the corresponding parameters. For
each of the five yeast species, we used six different time-series datasets corresponding to
different experimental conditions: three isothermal temperature conditions (12, 18, and
25 °C) and two different fermentation media with different initial sugar concentrations,
210 and 250 g/L. Two nitrogen supplements were added in all experiments. One at the
beginning of the process and another at the first 47 or 47.5 h, depending on the initial sugar
concentration (210 or 250 g/L), respectively. Remark that time-series data are available for
glucose, fructose, CO,, ethanol, succinate, glycerol, acetate, isoamyl alcohol, isobutanol
and 2-phenylethanol. Time-series data for YAN were obtained using time-series data for
ammonia and amino acids. Initial biomass is also available.
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Figure 2 shows the normalized root-mean-square error (NRMSE) values for the cal-
ibration and validation datasets during the leave-one-out cross-validation process for
each strain. The data points represent individual cross-validation experiments. Each
experiment was identified by an ID identifier, representing a specific dataset excluded
during cross-validation. For calibration, the best scenario corresponds to Yeastl (ID2) with
NRMSE = 6.5%, and the worst corresponds to Yeast5 (ID2) with NMRSE = 8.9%. Yeast3
(ID3) showed the lowest NMRSE value of 5.2% for the validation. In contrast, Yeast4 (ID2)
resulted in an NMRSE value of 10.5%. The NRMSE is on the order of magnitude of the
experimental error, which underscores the good predictive performance of the model under
varying validation conditions, and ensures robustness across species.

Cross Validation Leave-one-out all strains

1.0- ®Yeast1

'D%|D5 @ Yeast2
Yeast3
10.0+ lD% DS @ Yeast4
. D4 ID% Yeastb
X ID6 |pg D
wi 9.0 [ ] g
%]
s ID3
X D2 ID1
=3 8.0/@10g ® p2 ID11D4
5 Experiment conditions:
= ID5 ID3 T
5 i (] D2 S(0): Initial sugar
=]
370 03 DE ID1: S(0)=210 g/L - T=12°C
ID5® 0} ID2: S(0)=250 g/L. - T=12°C
D1d® ID4 ID3: S(0)=210 g/L- T=18°C
6.0 s ID4 |p3
O ° o'’ ° ID4: S(0)=250 g/L - T=18°C
- ID5: S(0)=210 g/L. - T=25°C
. ID6: S(0)=250 g/L - T=25°C
65 7.0 75 8.0 85 9.0

Calibration (NRMSE, %)

Figure 2. A comparison of normalized root-mean-square error (NRMSE) values for validation and
calibration during leave-one-out cross-validation procedure. Data points represent the experiments
excluded during validation, with identifiers (IDs) ranging from 1 to 6, corresponding to the experi-
ment left out in each cross-validation iteration. The results show that the NRMSE is between 6.5%
and 9% in calibration and between 5% and 10.5% in validation.

We also calculated the mean and median of R? for all strains and measured variables
(see Supplementary Table S1). The median values for all species are above 0.95. The
quality of fit is visually good (see Supplementary File Figures S1-510), and the model
effectively captures the temperature dependence for almost all observables, even when
using independent datasets to verify the predictive capabilities.

In terms of R?, the model shows a lower precision for isoamyl alcohol with values
ranging from 0.78 to 0.88 depending on the yeast species and the experiment. We obtained
R? values lower than 0.8 for some species or experimental conditions, in particular for the
predictions of isobutanol, 2-phenylethanol, and acetate. However, these values were ob-
tained for cases with a significant noise-to-signal ratio (with experimental errors exceeding
100% in some sampling times). This experimental variability arises from the volatile nature
of these compounds, which inherently introduces significant measurement uncertainty.

Tables 1 and 2 present the optimal parameter values, associated confidence intervals,
and secondary models for two representative strains, Yeast1 and Yeast4. The corresponding
data for the other species are provided in Supplementary Table S2. The optimal parameter
values indicate that the maximum growth rate depends on temperature, in accordance with
the Arrhenius model, whereas most of the transport and yield coefficients exhibit quadratic
temperature dependence. A few exceptions were observed, where the temperature depen-
dence was linear, such as the succinate yield for both strains and the isoamyl alcohol and
isobutanol yields for Yeastl. The ethanol yield appeared to be temperature independent for
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all yeasts considered in this study. Note that the practical identifiability analysis concluded
that the mechanism of transport inhibition due to ethanol production was not relevant and
could be removed from the model without affecting the quality of fit.

Table 1. Temperature-independent parameters of the model for Yeast1 and Yeast4: optimal values and
associated confidence intervals (%). Confidence intervals marked with the symbol “—" correspond
to parameters whose values were fixed during optimization.

Yeastl Yeast4

0 Description (0*) CI (%) (6*) CI (%)
kn Monod parameter (g/L) 0.01 — 0.01 —

kd Cellular decay (h~1) 2.08-1073 48.12 2231073 34.79
Yin Biomass yield (gCIfT“L 1.00 - 1012 56.92 458101 65.50
ksgiy | Michaelis-Menten glucose half saturation (g/L) 100.00 78.20 70.47 68.25
ks Michaelis-Menten fructose half saturation (g/L) 24.51 85.95 13.30 102.19
Teys | Gene-regulation parameter 0.062 40.31 0.047 27.64
kN Nitrogen repression half saturation (g/L) 0.50 104.81 0.52 61.92
kys Sugar repression half saturation (g/L) 1000.00 49.06 1000.00 25.79

Table 2. Temperature-dependent parameters of the model for Yeastl and Yeast4. The best secondary
model is reported with the optimal parameters value plus their associated uncertainty. The best fit
corresponds to a temperature-independent yield of ethanol. Dependency in some cases appears to

be linear.
Yeastl Yeast4
Parameter Description o* 0*(%) 2nd 0* 6*(%) 2nd
Model Model
Hmaxaa = 0.045 14.9 Hmaxaa = 0.052 23.75
Umaxa(T) Max specific Wmaxap = 14.85 67.99 A Umaxap = 44.53 104.97 A
growth rate Hmaxac = 107.96 11.67 Hmaxac = 134.33 15.84
UMarGixa = 7.25-1071% | 87.38 UMaxGlxa = 1.11-10713 | 108.77
Oparci(T) | Max glucose UMaxClxg = 1.52-10712 107.88 QF UnaxGlxg = 1.74-10712 | 175.09 QF
uptake rate UmarGlxc = 1.51-1071 94.84 Umarcixe = 1.74-1071 | 148.50
UMarpa = 2.01-107 4 72.08 UMaxea = 3.59 10714 78.36
OMaxe(T) Max fructose Uparrp = 4.31-10718 86.49 QF UMaxpB = 6.75-10713 100.36 QF
uptake rate Unaxrc = 4.69 - 10712 74.51 Uaxrc = 7.00 - 10712 89.82
Y (T) Ethanol yield Yeune = 0.457 2.26 cte Yeime = 0.457 2.06 cte
Ygiya = —7.10-107% 58.50 Ygiya = —2.80-107* 105.27
Yaiy (T) Glycerol yield Yoy = 2.30-1072 50.41 QF Yoy = 4.90-1073 217.08 QF
Yeiyc =2.30-1072 50.41 Yyc = 1.80-107! 49.78
Yace, = —247-1073 146.74 Yace, =420-107° 56.88
Y (T) Acetate yield Yace, =4.84-107* 234.65 QF Yace, = —2.37-1073 41.61 QF
Yace, =2.00-1072 61.56 Yace, =440-1072 28.54
YSchA =0 - YSuccA =0 -
Ysucee(T) Succinate yield | Ysueep = 9.27-1075 24.16 Linear Ysueep = 1.68-107% 15.16 Linear
Ysyueec = 2.30-1073 17.28 Ysuecec = 1.60-1073 26.94
YIsoamolA =0 - YIsmszlA =-292. 1076 12.89
Yisoamytot (T) | Isoamylol yield | Yysoumor = 1.38 - 1075 32.77 Linear Yisoamoip = 1.12-107* 7.50 QF
Ysoamoic = 4.85-1074 17.74 Yisoamoic = —2.92-1076 | 12.89
Yppenma = —1.92-1076 | 114.03 Yphenetna =0 —
YPhenEth(T) PhenEth yleld YPhenEthB =1.18- 10_4 58.81 QF YPhEnEthB =0 — cte
Yppenethe = —1.92-1076 | 114.03 Yphenetne = 2.02-1073 26.40
YIsobutalA =0 - YISDbuoIA = —822- 1077 44.07
Ylsobutol (T) Isobutanol Yield YlsobutulB =513 1076 15.39 Linear YIsobutolB =337 1075 39.77 QF
Yisoputolc = 3.15-1075 43.79 Yisobutolc = —1.30-10~% | 88.05
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3.5. Species-Specific Response

Temperature-dependent parameters provide valuable insights into strain-specific
differences during fermentation. Figure 3 illustrates the temperature dependence of key
metabolic parameters for all yeast strains.

(A) muMax (T) (B) vMaxGilx (T) (C) vMaxF (T) (D) YEth (T)
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Figure 3. Temperature dependence of key metabolic parameters across yeast strains. The figure
presents the dependence of model parameters on temperature for five different yeast strains. (A) The
specific growth rate (jpay, (h™1) ) follows an Arrhenius-type behavior, with Yeast3 and Yeast4
demonstrating the highest adaptability at higher temperatures. (B) The maximum glucose uptake
rate (UptaxGixs (CgF%//{“h)) follows a convex parabolic trend, increasing with temperature, with Yeast4

exhibiting the highest uptake capacity. (C) The maximum fructose uptake rate (v MaxF/ (%))
follows a similar trend, confirming glucose preference across all strains. (D) The ethanol yield
(YEthr (8Em/ gsugar)) remains constant across temperatures, with minor strain-dependent differences.
(E) Succinate yield (YSuCC, (gsucc/ gsugar)) increases with temperature, with 2 being the most efficient
producer at 25 °C. (F) Glycerol yield (Yg 1y, 8aly/ 8sugar)) follows a QF function for most strains, with
Yeast3 achieving the highest yield at Ty, = 16.2 °C, while Yeast5 maintains a stable production across
all temperatures. (G) Isoamyl alcohol yield (Yisoamol, (81soamol / 8sugar)) increases with temperature
for most strains, but Yeast4 shows optimal production at a lower temperature (Topr = 19.2 °C).
(H) Acetate yield (Yace, (8ace/8sugar)) generally decreases with temperature, following a QF trend,
except for Yeast5, where a linear decrease suffices. (I) Isobutanol yield (Ylsobutolr (81sobutol / gsugar))
increases with temperature, except for Yeast4, which displays optimal production at Tpp; = 20.5 °C.
(J) 2-phenylethanol yield (Ypjength, (8PhenEth/ 8sugar)) follows a QF trend, with a sharp increase at
higher temperatures.

The specific growth rate (yp141) follows the Arrhenius equation and increases with
temperature for all species. However, at 25 °C, strain-dependent differences become more
pronounced, suggesting varying levels of thermal adaptability. Yeast3 and Yeast4 show
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the highest adaptability, with growth rates increasing around 5.0-fold. Yeast5 exhibits the
lowest relative increase (4.2-fold), indicating a lower thermal sensitivity.

The maximum sugar uptakes (vp1,xG1 and vaxr) follow a convex parabolic shape, with
temperature playing a critical role. Glucose is consistently preferred over fructose, and both
are fully consumed at the end of fermentation. Yeast4 shows the highest increase in sugar
uptake, suggesting a superior ability to accelerate fermentation at higher temperatures.

The ethanol yield (Ygy,) remains constant for all strains, with only slight dif-
ferences between them (<2.25%). The highest ethanol yield is observed for Yeast5
(Y = 0.467 gEih / 8sugar), while the lowest is observed for Yeast1 (Ygy, = 0.457 ggi / 8sugar)-

Strain-dependent differences become more evident in the production of glycerol,
acetate, or succinate. In terms of glycerol yield, except for Yeast5, all strains follow a
QF function, indicating temperature-dependent regulation. Optimal glycerol production
temperatures vary between strains: Yeast3 (T, = 16.2 °C) exhibits the highest glycerol
yield (Yciy,max = 0.208 gGly / §sugar), While Yeast5 maintains a nearly constant yield. No-
tably, Yeast4 displays an optimal glycerol production temperature below the studied range
(Topt = 8.6 °C), suggesting a preference for cold fermentations. In most strains, the acetate
yield decreased with temperature, following a QF function, whereas a linear decrease was
sufficient for Yeast5. Yeast3 and Yeastl exhibit the highest acetate production at lower
temperatures, while Yeast5 is the least efficient producer. The succinate yield increases with
temperature, with a linear or QF trend. The highest succinate production is observed at
25 °C, with Yeast2 being the most efficient producer and Yeast1 the least.

Temperature plays a crucial role in the production of isoamyl alcohol, isobutanol,
and 2-phenylethanol, generally following a QF function, although simplifications to linear
trends were possible for some strains. Production increases sharply with temperature, with
maximum rates typically achieved above 25 °C. Yeast4 diverges from this trend, showing
optimal production at lower temperatures: isoamyl alcohol at 19.2 °C and isobutanol at
20.5 °C, suggesting that it could be advantageous for cold fermentations.

3.6. Model Applications: Simulation Case Studies
3.6.1. Managing Stuck Fermentations

Here, we demonstrate the capacity of the model to manage and mitigate stuck/sluggish
fermentations. An extreme scenario was considered, where the initial level of assimilable
yeast nitrogen (YAN) is 70 mg/L, while the sugar concentration in the medium was set
under normal conditions (210 g/L). The fermentation process was simulated at 20 °C,
using Yeast4 as an illustrative example. As shown in Figure 4, the model predicts that
fermentation does not reach completion, leaving a residual sugar concentration of 29.60 g /L
after 900 h. This nutrient limitation affects yeast metabolism, preventing sufficient sugar
uptake and leading to prolonged fermentation times and reduced ethanol production.

In industrial settings, nitrogen supplementation (in organic and/or inorganic forms)
is a common strategy to prevent fermentation failures. By simulating various supplemen-
tation scenarios before fermentation begins, it is possible to tailor nitrogen-management
strategies to specific conditions. To illustrate this capability, we used the model to examine
the impact of different nitrogen supplementation timing.

Figure 4A presents model predictions under different nitrogen-supplementation
strategies, comparing the stuck fermentation case (no nitrogen addition) with fermen-
tations where nitrogen was added at three different times: at the beginning of the process
(taga = 0h), during the stationary phase (f,3; = 45 h), and after the stationary phase
(t244 = 100 h). Without nitrogen supplementation, fermentation failed to reach tgy (time to
deplete 90% of initial sugars), confirming the persistence of stuck fermentation conditions.
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(A) Model predictions for different YAN

Model simulations suggest that nitrogen addition significantly influences the duration
of fermentation. Adding nitrogen 56 mgn /L at t,;; = 0 h results in the shortest fermenta-
tion time (377.1 h), demonstrating that early intervention accelerates fermentation kinetics
more effectively. Later additions at t,;; = 45 h and ¢,45; = 100 h still enhance fermentation
completion but with lower efficiency, reaching 383.1 h and 408.7 h, respectively.

In addition to fermentation duration, the final metabolite concentrations are also in-
fluenced by the timing of nitrogen addition. Figure 4A shows that ethanol production is
highest when nitrogen is added at t,3; = 0 h (10.95% v/v), while it remains lower in the
stuck fermentation case (10.45% v/v). Similarly, glycerol concentration increases with early
nitrogen addition (5.027 g/L at t,;; = 0 h vs. 4.116 g/L in the stuck case), suggesting that early
nitrogen supplementation improves glycerol synthesis. Succinate and acetate concentrations
are also affected, with higher levels of succinate observed in supplemented fermentations
(0.9432 g/L at t,3; = 45 h vs. 0.8993 g/L in the stuck case). Acetate also achieves the max-
imum concentration for the case of early supplementation (0.4264 g/L). The production of
higher alcohols, such as isoamyl alcohol and isobutanol, exhibits minor differences between
conditions, although a notable increase in 2-phenylethanol is observed when nitrogen is added
at t,5; = 0 h (0.06249 g/L) compared to stuck fermentation (0.05116 g/L).

Figure 4B compares the concentration dynamics of YAN, glucose, fructose, and ethanol
for stuck and early supplemented fermentations. Continuous lines represent fermentation
with early nitrogen supplementation (¢,;; = 0 h), showing a significant improvement in
sugar consumption and ethanol production. In contrast, dashed lines represent the stuck
fermentation scenario, where sugar depletion is severely delayed and ethanol yield remains
low due to nitrogen limitation. These results highlight the importance of early nitrogen
supplementation in preventing fermentation failure and optimizing metabolic performance.

(B) Dynamics of fermentation with and without

additions
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Figure 4. Impact of nitrogen addition on fermentation dynamics. (A) Model predictions for different
nitrogen supplementation strategies: no addition (stuck fermentation), and additions at t,5; = O h,
toqq = 45 h, and f,5; = 100 h. The results indicate that early nitrogen supplementation significantly
reduces fermentation duration. The stuck fermentation case results in incomplete sugar depletion
after 900 h. (B) A comparison of the fermentation dynamics between the stuck fermentation (dashed
lines) and the scenario with early nitrogen addition at t,3; = 0 h (continuous lines). Sugar depletion
and ethanol production are significantly improved when nitrogen is available from the start, showing
how early supplementation assists in preventing fermentation failure.

3.6.2. Selecting the Best Starter for Wine Fermentation

To demonstrate the application of our model in designing and automating the selec-
tion of fermentation processes, we present an industrial case study that simulates wine
fermentation. The aim is to decide which is the best yeast strain and operating temperature
to optimize the process. The evaluation criteria includes the duration of fermentation



Mathematics 2025, 13, 1373

15 of 20

(measured by the time required to reach a residual sugar level of 2 g /L), the minimization
of ethanol production, and sensory quality indicators.

With respect to sensory quality indicators, we considered the metabolites that con-
tribute both positively and negatively to the sensorial attributes. Glycerol is a key contribu-
tor to the smoothness, texture, and body of wine, which makes it particularly important
for low-body wines. Higher alcohols (isoamyl alcohol, isobutanol and 2-phenylethanol)
are desirable at concentrations below 300 mg/L, imparting pleasant fruity and floral notes.
However, levels above 400 mg/L introduce pungent, undesirable aromas [33]. Acetic acid,
a critical component that affects wine quality, is generally acceptable within the range
of 200 to 700 mg/L, with levels above 800 mg/L leading to perceptible and undesirable
vinegar-like aromas [33].

Therefore, the multi-objective optimization problem aimed to minimize ethanol pro-
duction and maximize glycerol production, while satisfying the sensory constraints of
maintaining higher alcohol concentrations below 300 mg/L and acetic acid levels below
700 mg/L. Among the feasible alternatives, the fermentation process with the shortest
duration will be chosen.

To provide a practical and interpretable means of solving the optimization problem,
we used a simulation-based approach. The simulation replicates a grape-must composition
of 250 mg/L yeast-assimilable nitrogen (YAN) and 210 g/L sugar, inoculated with an initial
yeast cell density of 1 x 10° cells/mL. Fermentation was evaluated over a temperature range
of 12-25 °Cin 1 °C increments for all yeast strains (Supplementary File Figures S11 and 512
show all results).

Figure 5 provides an overview of the yeast-selection process. Most yeast strains
produced substantial levels of higher alcohols, exceeding the acceptable threshold. In
contrast, Yeastl, Yeast2, and Yeast3 satisfied the constraint within specific temperature
ranges. Subsequent analysis indicated that to meet the constraints on higher alcohols and
acetic acid, fermentations led by Yeast1 should be operated within 12-19 °C, Yeast2 between
12-17 °C, and Yeast3 within 12-22 °C.
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Figure 5. Multi-objective yeast-selection process for wine fermentation. The figure presents simulated
values obtained at different temperatures ranging from 12 °C to 25 °C, with increments of 1 °C.
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(A) Higher alcohol concentrations for all available yeast starters, showing that Yeast4 and Yeast5
exceeded the predefined maximum for most temperature values. (B) Acetic acid production for
the three most promising yeasts (Yeastl, Yeast2, and Yeast3), ensuring compliance with the defined
sensory thresholds. (C) Ethanol production, highlighting that Yeastl and Yeast2 are the lowest
ethanol producers. (D) Glycerol production for the most promising yeasts, Yeastl and Yeast2.
(E) Fermentation duration, comparing process times for Yeastl and Yeast2 to identify the most
efficient option. Yeast strains violating constraints are marked with gray shadows, and the optimal
selection (Yeast1 at 19 °C) is highlighted.

Among these possibilities, the production of ethanol and glycerol was evaluated.
Yeast1 exhibited the lowest ethanol yield (~12% vol) while generating a higher amount
of glycerol compared to Yeast2 within the temperature range of 16-19 °C. In terms of the
duration of fermentation, Yeastl completed the process more rapidly at 19 °C, achieving
fermentation in approximately 400 h. Consequently, Yeast]l was determined to be the most
suitable option for the optimized fermentation process (Yeastl at 19 °C).

4. Discussion

Temperature is a critical factor that influences yeast fermentation, affecting both
primary and secondary metabolism. Previous studies have demonstrated its impact on
fermentation kinetics, metabolite production, and yeast physiology [5,6]. In the context of
mathematical modeling, the work by Coleman et al. [13] remains one of the most compre-
hensive attempts to account for the effects of temperature in yeast fermentation. However,
their approach relied on experimental-condition-specific parameters, limiting its predictive
power in broader applications. Henriques et al. [16] proposed a temperature-dependent
model using a multi-experiment parameter estimation approach. The production of ethanol,
glycerol, and acetate was considered. However, the model did not account for nitrogen up-
take, and thus the biomass model followed a logistic growth, which limits its applicability
to that specific fermentation medium.

In this study, we develop a generalized model that integrates temperature dependence
into a mechanistic description of nitrogen-limited batch fermentation for multiple yeast strains.
By combining multi-experiment parameter estimation with a systematic model-selection
approach, we have formulated a model that not only explains the role of temperature but also
accounts for the production of key secondary metabolites such as isoamyl alcohol, isobutanol,
and 2-phenylethanol—compounds that contribute significantly to the sensory profile of
fermented products [33]. Unlike empirical and discontinuous models [19], our formulation
mechanistically links secondary metabolite production to nitrogen and sugar availability
through regulatory effects [21]. This enables a more accurate and predictive framework for
understanding how fermentation conditions shape aroma profiles.

The model successfully described fermentation for five industrially relevant Saccha-
romyces cerevisiae strains under a range of temperatures (12-25 °C). Our leave-one-out
cross-validation results confirmed the robustness of the model, with normalized root-mean-
square error (NRMSE) values below 10.5% and median R? values above 0.95, supporting
its predictive capability. The model accurately captured sugar consumption, ethanol pro-
duction, and primary metabolite dynamics, even when tested against independent datasets.
R? values for some secondary metabolites, particularly isoamyl alcohol, isobutanol, and
2-phenylethanol, showed greater variability. Although the statistical indicator R?> may
appear to reflect a lack of adequacy of the model, the underlying noise in the experimental
data reduces the potential of any model to achieve a significantly better fit. This highlights
the challenge of modeling systems with inherently high variability and suggests that alter-
native evaluation metrics, such as the normalized mean-squared error, are better suited to
assess the performance of the model.
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Parameter identifiability analysis revealed that sugar transport inhibition by ethanol
played a negligible role, allowing us to remove the inhibition term from the model for all
strains without impacting the quality of fit. This is reasonable, as all the strains considered are
highly efficient fermentors, producing substantial concentrations of ethanol and thus adapting
to its presence [34]. Note that this inhibition might be necessary for other fermenting species
such as S. uvarum [21] or less tolerant non-Saccharomyces species. However, note that certain
decay is observed in all strains that might be the result of ethanol-induced stress [35].

Our results highlight strain-specific differences in fermentation behavior, particularly
in response to temperature. Although all strains exhibited an Arrhenius-type relationship
for growth rate, other metabolic parameters followed quadratic or linear temperature
dependencies, suggesting complex regulatory mechanisms beyond simple kinetic effects.
The ethanol yield remained largely temperature independent in all strains, indicating
that the efficiency of sugar-to-ethanol conversion is robust to temperature fluctuations,
consistent with previous findings in S. cerevisiae [35]. In contrast, glycerol production was
highly temperature dependent, with strain-specific optimal temperatures for maximal
yield, reflecting variations in redox balance at different temperatures in agreement with
previous results for Saccharomyces species [20]. Similarly, higher alcohols and acetate
showed strain-specific trends, with some strains favoring lower temperatures for their
production, a characteristic that could be exploited for cold fermentations to enhance
aromatic complexity [9]. These findings underscore the importance of strain selection in
optimizing fermentation for specific sensory and production goals.

One of the primary applications of this model is its ability to simulate and prevent stuck
fermentations, a common issue in winemaking and bioethanol production. Our simulations
demonstrated that when nitrogen levels were insufficient (70 mg/L), fermentation failed to
reach completion, leaving significant residual sugars, in good agreement with previous results
by Bely et al. and Bell et al. [23,36] who identified a minimum requirement of 140 mgy /L
assimilable nitrogen content necessary for reliable completion of alcoholic fermentation.

By testing different nitrogen supplementation strategies, we found that early nitrogen
addition (t = 0 h) resulted in the shortest fermentation duration while increasing the yields
of ethanol and glycerol. Later additions (t = 45 h and t = 100 h) also improved fermentation
kinetics, but were less effective than early supplementation. In particular, metabolite
profiles shifted according to nitrogen availability, and early supplementation favored the
production of glycerol, acetate, and 2-phenylethanol. These findings align with previous
studies [36,37] and emphasize the importance of nitrogen management in fermentation.

In contrast, the production of ethanol, succinate, isoamyl alcohol, and isobutanol
remained largely unaffected by the timing of nitrogen supplementation. This outcome may
be a a consequence of the model not explicitly accounting for the distribution of nitrogen
uptake into biomass and the production of individual aroma compounds. Further refine-
ment of the model, incorporating detailed nitrogen-uptake mechanisms, could enhance
its ability to predict the role of specific nitrogen sources in the biosynthesis of aromatic
compounds. Addressing this question is beyond the scope of this study, and remains an
avenue for future research.

We also used this model for multi-objective strain selection in a practical example
related to wine fermentation. By simulating different yeast strains at various temperatures,
we provide a practical and interpretable means of assessing the interaction between key
factors and identifying optimal conditions based on fermentation duration, ethanol yield,
glycerol production, and sensory quality constraints (higher alcohol and acetic acid thresh-
olds). These simulations were performed using constant temperature profiles, which are
in agreement with standard industrial winemaking practices. Yeastl at 19 °C emerged as
the best candidate for balancing ethanol production, glycerol production, and acceptable
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levels of higher alcohols and acetic acid. Yeast2 and Yeast3 were also viable options but
required stricter temperature control to meet sensory constraints. Yeast4 and Yeast5 con-
sistently exceeded the acceptable higher alcohol levels, making them less suitable for this
application. Our results in the context of the wine fermentation case study demonstrated
the potential of the proposed model-based approach for selecting yeast strains tailored to
specific grape must composition and production goals, enabling practitioners to optimize
process performance and efficiency while maximizing product quality.

5. Conclusions

This study presents a temperature-dependent kinetic model for nitrogen-limited
yeast fermentation validated for five industrially relevant strains. The model accurately
describes fermentation dynamics and provides a predictive framework for preventing
stuck fermentations, optimizing nitrogen management, and selecting yeast strains for
specific applications. By integrating this model into fermentation control systems, industry
stakeholders can enhance production efficiency, improve product quality, and reduce
operational costs. Future research should focus on novel experimental designs to elucidate
the role of different nitrogen sources in metabolism. An expanded description of nitrogen
metabolism could further improve predictive accuracy and provide greater flexibility for
process optimization.
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