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Abstract17

Background18

The yeast Saccharomyces cerevisiae, commonly used in industry, exhibits com-19

plex metabolism due to the Crabtree effect, fermenting alcohol even under aerobic20

conditions when glucose exceeds 0.10-0.15 g/L. The heat released by the biolog-21

ical activity is a signal very easy to collect, given the minimal instrumentation22

requirements. However, this heat depends on the activated metabolic pathways23

and provides only an indirect indicator, that cannot be used in a simple way. This24

study demonstrated the potential of a mechanistic model to control the process25

by measuring the heat released by the biological activity.26

Results27

The complexity arising from coexisting metabolic pathways was addressed by a28

comprehensive model of Saccharomyces cerevisiae together with the heat of reac-29

tion included in a rigorous enthalpy balance of the bioreactor. Batch cultures30

were performed in an insulated bioreactor to trigger a temperature signal. The31

heat of individual metabolic pathways was determined by inverse analysis of these32

tests using Particle Swarm Optimization (PSO): -101.28 ±0.02kJ/mol for anaer-33

obic fermentation, -231.27±0.06kJ/mol for aerobic fermentation, and -662.94 ±34

0.54kJ/mol for ethanol respiration. Finally, the model was successfully applied35

and validated for online training under different operating conditions.36

Conclusions37

The model demonstrates remarkable accuracy, with a mean relative error under38
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0.38% in temperature predictions for both anaerobic and aerobic conditions.39

The viscous dissipation is a key parameter specific to the bioreactor and the40

growth conditions. However, we demonstrated that this parameter could be fit-41

ted accurately from the early stages of the experiment for further prediction of42

the remaining part. This model introduces temperature, or the thermal power43

required to maintain temperature, as a measurable parameter for online feedback44

model training to provide increasingly precise feed-forward control.45

Keywords: yeast, fermentation, heat of reaction, metabolic pathway, modeling,46

calibration47
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Abbreviations48

A Heat exchanging area (m2)
Cp Specific heat (J/kg/K)
EtOH Ethanol concentration (g/L)
F Volumetric flow (m3/s)
Glc Glucose (kg/m3 = g/L)
Glcc Mean value of the glucose transition range (kg/m3 = g/L)
Gly Glycerol concentration (kg/m3 = g/L)
h Specific enthalpy (J/kg)
hdry Specific enthalpy of dry air (J/kg of dry gas)
H Enthalpy of reaction (J/mol)
RH Relative humidity
kLa Overall oxygen transfer rate (s−1)
L Latent heat coefficient (J/kg)
M Molar mass (kg/mol)
O2 Oxygen concentration (kg/m3 = g/L)
O∗

2 Oxygen saturation concentration (kg/m3 = g/L)
P Pressure (Pa)
q Mass flow (kg/s)
qh Heat power (W)
Q Biological heat released (J)
R Volumetric growth rate (kg/m3/s)
S Substrate concentration (kg/m3 = g/L)
SD Standard deviation
T Temperature (�)
X Yeast concentration (kg/m3)
Y Biological yield coefficient (kg/kg)/Absolute moisture content (kg of vapor/kg of dry gas)
V Volume (m3)
Greek symbols
α Sharpness of transition function
∆ Variation
µ Specific growth rate (s−1)
λf Transition function
ρ Density (kg/m3)
ω Water mass content in gas (kg of water/kg of gas)
Subscripts
1 Anaerobic fermentation (ANF)
2 Aerobic fermentation (AF)
3 Glucose respiration (GR)
4 Ethanol respiration (ER)
a Air
atm Atmospheric
Ax Anaerobic operating condition mode
cold Relative to the cold finger
cond Condensation
dry Dry gas (air or nitrogen)
e Experimental
ext Associated to laboratory room
g Gas
in Inlet
ℓ Liquid water
loss Losses to the environment
m Model
out Outlet
Ox Aerobic operating condition mode
stor Stored
sv Saturated vapor
visc Viscous dissipation
w Water
yeast Associated to yeast activity

49
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1 Background50

The yeast Saccharomyces cerevisiae is one of the most commonly used yeasts in the51

industry (Parapouli et al, 2020; Guo et al, 2023; Nya and Etukudo, 2023). However,52

this yeast exhibits a somewhat complex metabolism due to its positive response to the53

Crabtree effect. This yeast carries out alcoholic fermentation under anaerobic condi-54

tions but can do so under aerobic conditions when the glucose concentration exceeds55

0.10-0.15 g/L. When the glucose concentration is below these values, it solely performs56

respiration (Verduyn et al, 1984). Hence, during aerobic conditions, the metabolism57

of this yeast will be primarily governed by glucose concentration, which can be regu-58

lated by the feed input. However, this would require continuous control of the glucose59

concentration in the medium to program the feeding accordingly. In this sense, sev-60

eral methods have been developed to control yeast metabolism using variables that61

can be directly measured during cultivation: dissolved oxygen, optical density, Raman62

spectroscopy, pH, pressure, exit gas composition, and metabolic heat flow (Lee et al,63

1999; Claes and Van Impe, 2000; Türker, 2004; Ingledew and Lin, 2011; Biener et al,64

2012; Yang et al, 2024). The latter method is notably simple due to its minimal65

instrumentation requirements, primarily grounded on the consistent heat production66

accompanying microbial metabolism. An additional benefit of utilizing biological heat67

as a metabolism indicator is its capacity to offer insights into the stoichiometry and68

kinetics linked to the process, allowing immediate observation of changes upon the69

activation of the metabolic pathways, according to the operating conditions (Auber-70

son and Von Stockar, 1992; Duboc et al, 1998; Von Stockar et al, 2006; Maskow et al,71

2011; Biener et al, 2012).72

This method has already been used as a reliable biomass monitoring tool and as73

a key part of a robust control strategy for aerobic fed-batch cultures, where the dilu-74

tion rates were controlled by estimating the specific yeast growth rates as a function75

of the metabolism heat release. The capacity to maintain yeast growth by glucose res-76

piration using heat measurements as indirect means to determine and regulate the77

system was proved in Biener et al (2012). Similarly, in less complex strains such as78

Escherichia coli, Candida utilis, Kluyveromyces marxianus, and Pichia pastoris this79

technique has been successfully tested (Biener et al, 2010; Schuler et al, 2012). Never-80

theless, applying this technique to Saccharomyces cerevisiae for ethanol production,81

under aerobic conditions becomes more complex due to the coexistence of metabolic82

pathways based on the same substrate (e.g., glucose fermentation and glucose respi-83

ration, ethanol production and ethanol respiration) (Sonnleitner and Käppeli, 1986;84

González-Hernández et al, 2022).85

Undoubtedly, a viable solution to tackle this challenge lies in mechanistic model-86

ing. This approach allows the prediction of crucial biological and physical variables87

during fermentation accounting for substrate limitations and the inhibition effect of88

ethanol. Owing to the application of these predictive tools, real-time physical param-89

eters such as temperature can be used to determine the specific contributions of each90

metabolic pathway by inverse analysis. Accordingly, this study proposes a compre-91

hensive model considering the metabolic pathways of yeast Saccharomyces cerevisiae,92

their associated biological heat and the physical transfers within the bioreactor to pre-93

dict the temperature. To archive this goal, the model combines a mechanistic model94
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of the metabolic pathways with an enthalpy model involving the heats of reaction.95

Several cultures with contrasted conditions were performed in an insulated bioreactor:96

this allows the biological heat released during the culture to trigger a temperature sig-97

nal. Through inverse analysis, parameters poorly documented in the literature, such98

as reaction enthalpies associated with each metabolic pathway, as well as the physical99

parameters of the bioreactor, are estimated.100

2 Materials and methods101

2.1 Experimental setup102

A 5-liter Sartorius Biostat B Plus bioreactor (Fig. 1) was used in batch mode for103

cultivating the Saccharomyces cerevisiae strain IOC Fizz+ (active dry yeast), which104

is alcohol-resistant up to 14% vol. and possesses the killer factor (K2)(González-105

Hernández et al, 2022). The fermentation utilized a YPD culture medium with varying106

glucose concentrations (15-30 g/L), 20 g/L of peptone, and 20 g/L of yeast extract.107

The bioreactor was stirred at 295 rpm, with continuous injection of 500 cm3/min of108

air for the aerobic process, while the same flow of nitrogen was used for strict anaer-109

obic conditions. Foaming was controlled by adding silicone antifoam (Chem-Lab). A110

cooling finger was attached to the gas outlet to reduce ethanol and water losses. In111

the bioreactor, pH and dissolved oxygen levels were measured using internal Hamilton112

electrodes, while temperature was monitored using an internal Sartorius Pt-100 probe.113

The inlet and outlet gas humidity and temperature were measured using SHT85 Sen-114

sirion sensors (letters S in Fig. 1). The room temperature was also recorded during115

all experiments using an SHT85 sensor placed near the bioreactor. For this study, the116

Biostat was not used to regulate the bioreactor temperature. Instead, the bioreactor117

was insulated to generate the temperature signal used throughout this work.118
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Fig. 1 Schematic representation of the insulated bioreactor indicating all the terms involved in the
enthalpy balance.

It is important to note that, due to the use of an in-house insulated bioreactor that119

could not be autoclaved, cleaning was carried out with 70% ethanol. Additionally, to120

minimize the risk of bacterial contamination, each experiment began with 1 liter of121

preculture at 50 g/L ethanol to avoid contamination at the beginning of yeast growth.122

This preculture was then diluted to the required volume with YPD medium.123

2.2 Analytical methods124

Measurements were performed in duplicate using samples at various dilutions for all125

biological variables, resulting in standard deviations consistently below 5%. The values126

reported in the analysis represent the mean of these measurements, ensuring their127

precision and reliability for model implementation.128

2.2.1 Yeast concentration129

Yeast concentration was determined by centrifuging bioreactor samples at 2 �and130

5800Ö g for ten minutes in a Centrifuge 5804 R Eppendorf, drying them in a Memmert131

oven at 105 �for seven days, and then weighing.132

2.2.2 Glucose, ethanol, and glycerol concentrations133

Glucose, ethanol, and glycerol concentrations were measured using high-pressure liquid134

chromatography (HPLC) with refractive index detection, utilizing a Thermo Scientific135

UltiMate 3000 with a Bio-Rad Aminex HPX-87H column. The mobile phase was 2 mM136
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H2SO4 at 0.5 mL/min, with the column at 30 �. Supernatants were filtered through137

a Whatman Spartan 0.20 µm/30 mm syringe filter before HPLC analysis.138

3 Theoretical formulation139

The biological formulation comes from a previous work (González-Hernández et al,140

2022). In the present work, the heat of each metabolic pathway and the bioreactor141

global enthalpy balance were added. For the development of the rigorous enthalpy142

balance, capable of predicting the evolution of temperature over time, the following143

assumptions hold:144

1. Perfectly stirred bioreactor,145

2. Airflow at the saturated vapor pressure before the condenser,146

3. Condensed water in the cooling system returns to the bioreactor at 10 �,147

4. Constant viscous dissipation without considering the influence of medium proper-148

ties variation throughout the fermentation process,149

5. Constant heat exchange coefficient between the reactor and the surroundings.150

3.1 Biological model151

The anaerobic metabolic pathway (ANF) must be included in the model even under152

aerobic conditions (Eq. 1). During aerobic fermentation (AF) by Saccharomyces cere-153

visiae (when glucose levels exceed 0.10-0.15 g/L) (Eq. 2), the oxygen demand can154

surpass the available aeration capacity. This can lead to simultaneous anaerobic155

fermentation, as evidenced by glycerol production (Eq. 1). At lower glucose concentra-156

tions (below 0.10-0.15 g/L), yeast growths by glucose respiration (GR) (Eq. 3), shifting157

to ethanol respiration (ER) under aerobic conditions once glucose is depleted (Eq. 4).158

These intricate dynamics are addressed in the comprehensive biological model devel-159

oped in a previous work (González-Hernández et al, 2022). The heat of each reaction160

were added in the present formulation:161

Glc
µ1−→ Y1X/GlcX + Y1EtOH/GlcEtOH + Y1Gly/GlcGly +∆H1 (1)

Glc+ Y2O2/GlcO2
µ2−→ Y2X/GlcX + Y2EtOH/GlcEtOH +∆H2 (2)

Glc+ Y3O2/GlcO2
µ3−→ Y3X/GlcX +∆H3 (3)

EtOH + Y4O2/EtOHO2
µ4−→ Y4X/EtOHX +∆H4 (4)

The whole system of differential equations can be expressed in matrix form as162

the multiplication of the transpose of the stoichiometric matrix by the rate vector163

that includes the kinetics rates of these four metabolic pathways (R1 to R4) and the164

aeration process (Ra):165
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d

dt


Glc
O2

EtOH
Gly
X

 =



− 1

Y1X/Glc
0

Y1EtOH/Glc

Y1X/Glc

Y1Gly/Glc

Y1X/Glc
1

− 1

Y2X/Glc
−
Y2O2/Glc

Y2X/Glc

Y2EtOH/Glc

Y2X/Glc
0 1

− 1

Y3X/Glc
−
Y3O3/Glc

Y3X/Glc
0 0 1

0 −
Y4O2/EtOH

Y4X/EtOH
− 1

Y4X/EtOH
0 1

0 1 0 0 0



T

×


R1

R2

R3

R4

Ra

 (5)

The kinetics rate expressions of the model are provided in Appendix A. It is worth166

mentioning that this model allows each metabolic pathway to be automatically acti-167

vated or deactivated as growth conditions change (González-Hernández et al, 2022).168

By adding the enthalpies of reaction, this biological model can predict the contribution169

of each metabolic pathway to the heat power released by the biological activity:170

qh,bio = −V

 R1

Y1X/Glc

∆H1

MGlc︸ ︷︷ ︸
ANF

+
R2

Y2X/Glc

∆H2

MGlc︸ ︷︷ ︸
AF

+
R3

Y3X/Glc

∆H3

MGlc︸ ︷︷ ︸
GR

+
R4

Y4X/EtOH

∆H4

MEtOH︸ ︷︷ ︸
ER


(6)

3.2 Enthalpy balance171

The system considered in this balance is the liquid present in the bioreactor, whose172

temperature is simply denoted as T . The heat capacity of the liquid is supposed173

to be the same as that of liquid water. The overall enthalpy balance links the time174

change of the system enthalpy to the heat generated by the biological activity and175

the physical exchanges. The latter include thermal losses, viscous dissipation, the heat176

required to heat the airflow and the latent heat of vaporization needed to saturated177

this airflow. The temperature (Tin) and relative humidity (RHin) of the aeration178

air flow of aeration entering the bioreactor are measured during the process by the179

Sensirion sensor. The gas is expected to separate from the liquid at the temperature180

of the liquid and saturated vapor pressure. Then, the cold finger changes this enthalpy181

before the gas flow leaves the reactor but does not affect the system enthalpy. Besides,182

condensed water returns to the system at the cold finger temperature. This system is183

schematized in figure 1.184

The air enthalpy used classical references for zero enthalpy (air at 0°C and liquid water185

at 0°C). The rigorous expressions of the enthalpy fluxes should involve the flow rate186

of the dry gas (air or nitrogen), as this is a constant value at steady-state, despite the187

change of vapor content (evaporation or condensation). This quantity also ensures the188

additivity of gas and vapor enthalpies when using the absolute moisture content of189

the gas (Y = ρv/ρdry). The complete balance finally reads as follows:190
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d(ρℓV hℓ)

dt
= qh,bio + qh,visc − qh,loss + qh,aeration + qh,cond (7)

Where the enthalpy fluxes read as:191

qh,loss = Ahh(T − Text) (8)

qh,aeration = qdry(hdry,in − hdry,out) (9)

qh,cond = qℓ,condhℓ,Tcold
(10)

With the following expressions for the the mass fluxes and the specific enthalpies:192

qdry = Fρdry (11)

qℓ,cond = qdry(Yout − Ycold) (12)

hdry,in = CpaTin + Yin(CpvTin + L0
v) (13)

hdry,out = CpaT + Yout(CpvT + L0
v) (14)

hℓ,Tcold
= CpℓTcold (15)

In equation (12), Yout and Ycold are computed assuming the air to be fully193

saturated, respectively at temperatures T and Tcold.194

The time derivative of the system enthalpy can be developed to distinguish the195

effects of temperature change and volume change:196

d(ρℓV hℓ)

dt
= ρℓV Cpℓ

dT

dt
+ ρℓCpℓT

dV

dt
(16)

Where the volume variation is negative, equal to the evaporation flux due to197

aeration:198

ρℓ
dV

dt
= qdry(Yin − Yout) (17)

See Appendix B for further detail of this enthalpy balance.199

3.3 Model calibration200

3.3.1 Heat balance without yeast201

The physical parameters of the bioreactor were obtained by inverse analysis using202

experiments without biological activity. For this purpose, a data set was gen-203

erated under different operation conditions –without stirring, with and without204

aeration(Table 1) –to isolate the phenomena in which the desired physical parameter205

is involved as far as possible. This greatly simplifies the energy balance, reduces inter-206

ference from other processes in the measurement,which increases accuracy. Therefore,207

the overall energy balance (Eq. 7) can be simplified:208
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d(ρℓV hℓ)

dt
= −qh,loss + qh,aeration + qh,cond (18)

The same operating conditions of the fermentation process were used (initial209

temperature, aeration intensity, etc.), where only the substrate and culture medium210

without yeast inoculation were employed, and therefore, the yeast activity was211

excluded from the model. A mixture of antibiotic (streptomycin at 400 µg/mL and,212

penicillin at 135 µg/mL) and antifungal (amphotericin B at 2.5 µg/mL) products was213

added to the bioreactor to avoid contamination.214

Table 1 Experiments carried out for the estimation of the physical
parameters of the heat balance without yeast activity.

Experiment Aeration Stirring Initial temperature (�) V (mL)
I no no 35 4344
II yes no 35 4344

Firstly, the external heat transfer coefficient was determined without agitation or215

aeration (Experiment I). Next, only aeration was activated (Experiment II) to validate216

the heat balance due to the airflow (enthalpy balance involving both the sensible and217

latent heat).218

3.3.2 Heat balance with yeast activity219

The biological heat for each metabolic pathway involved under complete anaerobic220

or aerobic conditions were progressively estimated by inverse analysis. For this pur-221

pose, five batch fermentation experiments (A to E) were conducted under various222

operating conditions to generate representative data and distinguish the phenomena223

considered in the model (different initial glucose, ethanol, and yeast concentrations,224

and oxygen availability (Table 2)) (González-Hernández et al, 2022). By varying the225

initial concentrations and oxygen availability in the system, we can produce different226

perturbations involving all parameters to be estimated. This approach is required to227

avoid over-parametrization during the fitting process (González-Hernández and Perré,228

2024). Contrary to experiments A to D, experiment E was carried out without gas229

injection. This set of experiments allowed the different metabolic pathways to vary in230

importance and time, which was required to identify the four heats of reaction.231

Table 2 Initial conditions of batch fermentation experiments performed under anaerobic and aerobic
conditions

Experiment O2 (mg/L) Glc (g/L) EtOH (g/L) Gly (g/l) X (g/L) T (◦C) V (mL)
A (Anaerobic) - 15.37 10.60 0.12 0.30 25.20 4365
B (Anaerobic) - 31.06 10.99 0.15 0.81 26.50 4075
C (Aerobic) 5.84 15.93 9.11 0.10 0.50 26.10 4242
D (Aerobic) 2.86 30.79 9.84 0.25 1.31 25.20 3309

E - 12.41 1.27 0.15 0.40 23.80 4279
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3.3.3 Parameter estimation232

Inverse analysis is based on a fitness function designed to quantify the difference233

between predicted and measured values. When several metabolic pathways coexist,234

the determination of unknown parameters becomes complex and must be carried out235

on several tests simultaneously. In this case, the fitness function must include several236

tests (ℓ = 1...L):237

fitness =
1

LN

L∑
ℓ=1

N∑
i=1

∣∣∣∣∣∣ T
(ℓ)
e(i) − T

(ℓ)
m(i)

T
(ℓ)
e,max − T

(ℓ)
e,min

∣∣∣∣∣∣ (19)

where T
(ℓ)
e(i) is the experimental temperature of experiment ℓ at time ti and T

(ℓ)
m(i)238

is the corresponding model output data. T
(ℓ)
e,max and T

(ℓ)
e,min are the maximum and239

minimum experimental temperature values registered during experiment ℓ.240

The model was implemented in Python using SciPy solve ivp function for solv-241

ing the ODE system with the LSODA integration method. Calibration was done with242

Particle Swarm Optimization (PSO) from the PySwarm package, with specific param-243

eter values for faster convergence. Parameter ranges were defined based on literature244

values. The uniqueness of the optimization solution was validated by the very low245

standard deviation values observed between ten iterations in each calibration process,246

which were computed using the std function from Numpy.247

3.3.4 Statistical analysis248

In this study, the mean relative error was employed as metric to assess the accuracy249

of the fitting process. The MRE for a single variable across multiple data points N is250

mathematically expressed as:251

MRE =
1

N

i=N∑
i=1

∣∣∣∣ye(i) − ym(i)

ye(i)

∣∣∣∣ , (20)

To evaluate the overall fidelity of the model across all experimental conditions M252

and variables L, we introduced the global mean relative error (GMRE). The GMRE253

provides a holistic measurement of the model’s fitting performance and is defined as:254

GMRE =
1

ML

M∑
k=1

L∑
j=1

MRE
(k)
(j) , (21)

where ye(i) is the experimental data value −i of the variable −j (Glc, EtOH, Gly,255

X, and T ) in experiment −k, and ym is the model output data value −i of the variable256

−j in experiment −k.257
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4 Results and discussion258

4.1 Estimation of global heat transfer coefficient259

As previously explained, the global heat exchange coefficient to account for heat losses260

from the insulated bioreactor to the environment was estimated through inverse anal-261

ysis. This was done using the enthalpy heat balance model without biological activity262

and the experimental data generated without stirring nor aeration (Experiment I,263

Table 1). The global heat transfer coefficient was estimated at 0.74 ±0.00 W/K/m2(SD264

≈ 10−7). As seen in Fig. 2a, the heat balance model perfectly fits the bioreactor265

temperature (mean relative error of 0.44 %).266
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Fig. 2 Simultaneous temperature fitting to estimate the physical heat exchange without (a) and
with (b) aeration (experiments I and II, respectively). Respective contributions of the heat demands
due to thermal losses and aeration (c,d) (Text: Temperature of laboratory room (�), qh,aeration:
Heat power associated with aeration (W), qh,cond: Heat power associated with condensation (W)),
and qh,loss: Heat power losses to the environment (W)).

In Experiment II, aeration was added to thermal losses without stirring. As the267

enthalpy balance on air is completely determined by measured data (relative humidity268

and T) and by the assumption on condensation (Eqs. 9 and 10), no further parameter269

needed to be fitted. Hence, the prediction of Experiment II by the model using the270

parameter fitted in Experiment I ( the global heat exchange coefficient to the environ-271

ment) serves here as validation. Fig. 2b shows how the model effectively characterizes272

the temperature profile under these varying conditions, exhibiting a mean relative273

error of only 0.41 %. This outcome confirms the model’s reliability and corroborates274
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the accuracy of the value found for the global heat exchange coefficient. As can be275

seen in figures 2c and 2d, heat losses from the bioreactor to the environment and evap-276

oration associated with the aeration process are the main contributors to heat losses277

in the system.278

4.2 Heat of reaction for complete anaerobic conditions279

Under completely anaerobic conditions, a unique metabolic pathway is activated in280

the biological model (Eq. 1), since the aerobic processes are automatically deactivated281

in the mechanistic model due to the absence of oxygen. The biological model, with its282

reaction enthalpies, was coupled with the heat balance model to predict the temper-283

ature evolution. Using this combined model, the biological heat release and the heat284

generation due to viscous dissipation were estimated using inverse analysis combining285

experiments A and B. The viscous dissipation rate was found to be 0.97 ± 0.00 W286

(SD ≈ 10−4) and the fitting process resulted in biological enthalpies of ∆H1=-101.28287

± 0.02 kJ/mol of glucose, which falls well within the reported literature range of -288

71.5 to -119.2 kJ/mol of glucose (Williams, 1982). The low standard deviation values289

demonstrate the results quality and the relevance of the combined model. The model290

was able to reproduce temperature data with mean relative errors of 0.28 and 0.21291

% for experiments A and B, respectively. Fig. 3 illustrates the simultaneous temper-292

ature fitting to estimate viscous dissipation and metabolic heat release under various293

completely anaerobic conditions. Additionally, it displays the individual contribution294

of each heat exchange process.295
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Fig. 3 Simultaneous temperature fitting to estimate viscous dissipation and metabolic heat release
under different completely anaerobic conditions (a,b). Individual heat losses related to the insulated
bioreactor (c,d) (Text: Temperature of laboratory room (�), qh,N2: Heat power associated with
nitrogen injection (W), qh,cond: Heat power associated with condensation (W), and qh,loss: Heat
power losses to the environment (W)).

In Fig. 3a, while the temperature predictions are generally accurate, minor dis-296

crepancies with the experimental data arise in the first six hours. The abrupt changes297

in the external temperature recorded by the sensor are due to sunlight through the298

glass windows of the experimental room, and the inability of the model to account299

for a transient state inside the insulation (Eq. 8). Figure 4 depicts the evolution of300

glucose concentration and power released with the identified heat of reaction for exper-301

iments A and B. In both cases, the biological model predicts nicely the experimental302

kinetics of glucose consumption (9.76 and 17.44%, respectively (González-Hernández303

et al, 2022)). It is important to remark that the power magnitudes of the physical304

effects (Figs. 3c and 3d) are lower than those of the biological activity (Figs. 4a and305

4b), making a modest contribution to the overall enthalpy balance. This observation306

guarantees the relevance of the information used to determine the heat released by307

biological activity.308
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.

Although the model calibration demonstrates good accuracy in predicting the tem-309

perature inside the bioreactor, it is worth noting that they may be influenced by error310

propagation from the biological model. However, it’s important to highlight that the311

latter is quite accurate, reporting a global mean relative error in the most important312

variables of the system (glucose, yeast, ethanol and glycerol concentrations) of 6.84%313

(González-Hernández et al, 2022). It is also important to consider that viscous dissipa-314

tion is influenced by the density and viscosity of the mixture, which changes over time,315

while it was assumed constant in the model. In practice, viscous dissipation decreases316

with the consumption of reagents like glucose while ethanol, less viscous than glucose,317

and yeast are produced concurrently. While an elevated yeast concentration might318

imply an increased viscosity, its very low volumetric concentration between 2.06 and319

6.50 g/L at the end of the experiments (González-Hernández et al, 2022) cannot coun-320

terbalance the substitution of glucose for ethanol. Indeed, the glucose consumption321

rate exceeds the production rate of ethanol, by a factor roughly equal to 2.5 (see figure322

6), which in turn is higher than the yeast formation rate. Concerning the heat balance323

model, the most significant heat losses were due to heat losses to the environment and324
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evaporation associated with gas injection, confirming the results obtained previously325

in section 4.1.326

Temperature profiles can serve as indicators of metabolism. As evidenced in Figs.327

3a and 3b, both temperature profiles exhibit two phases: an exponential increase328

in temperature over time corresponding to anaerobic fermentation, followed by a329

declining temperature phase indicating glucose depletion. Temperature, as the sole330

parameter, does not immediately allow for a precise distinction of phase transitions.331

Nevertheless, the rate of temperature change is directly tied to the metabolic heat332

release (dQ/dt), which offers immediate insights into the process kinetics, indicating333

substrate limitation and progressive ethanol inhibition. Furthermore, as one unique334

pathway is active here, the total power generated QANF offers information on the335

process stoichiometry. Indeed, glucose consumption is derived from the following336

relationship:337

Glc =
MGlcQANF

V∆H1
(22)

where:338

339

QANF =

∫ t

t0

(dQ1/dt)dt (23)

Similarly, crucial metabolites like ethanol and yeast concentration can be deter-340

mined by knowing the corresponding stoichiometric yields in advance:341

EtOH = Y1EtOH/GlcGlc (24)

342

X = Y1X/GlcGlc (25)

Finally, it is essential to remark that extending the biological model to encompass343

the heat balance introduces temperature as a new, easy-to-measure, parameter with344

a great potential in process control.345

4.3 Heats of reaction under aerobic conditions346

Modeling the temperature behavior under aerobic conditions is more complex due to347

the involvement of several metabolic pathways. For example, the anaerobic pathway348

can coexist with aerobic metabolism when the oxygen demand exceeds the oxygen349

supplied by aeration. Consequently, under these conditions, the direct determination350

of the enthalpy of individual metabolic pathways under aerobic conditions is inher-351

ently challenging. To overcome this problem, the inverse procedure was carried out352

simultaneously on a set of two experiments (Experiments C and D).353

Thanks to the similarity in culture conditions regarding chemical and biological354

compositions between aerobic and anaerobic conditions, we employed the previously355

obtained physical parameters (thermal losses, viscous dissipation). It is important356

to note that, due to the Crabtree effect, glucose respiration is a metabolic pathway357

activated only during a very short time by the mechanistic model. Considering that our358

experimental information is the temperature level, an integrator of the heat flux, this359

short time is not enough to get accurate experimental information. This mathematical360
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degree of freedom could then be used misleadingly in optimization. To avoid over-361

parametrization, the enthalpy of glucose respiration was not fitted but taken from362

literature: ∆H3 = -1490.40 kJ per mole of glucose, as reported by Volesky et al (1982).363

This allowed the inverse analysis to focus on reaction enthalpies poorly documented364

in literature: glucose aerobic fermentation and ethanol respiration. Fig. 5 shows the365

simultaneous temperature fitting for estimating individual metabolic heat under dif-366

ferent aerobic conditions. The time evolution of the individual contributions of each367

heat exchange process and the respective contributions of each metabolic pathway are368

plotted in separate graphs (Fig. 6).369
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Fig. 5 Simultaneous temperature fitting for estimating individual metabolic heat release under
different aerobic conditions (a,b). Individual heat losses related to the insulated bioreactor (c,d) (Text:
Temperature of laboratory room (�), qh,aeration: Heat power associated with aeration (W), qh,cond:
Heat power associated with condensation (W), and qh,loss: Heat power losses to the environment
(W)).

The optimization process rapidly and effectively converged to a value of ∆H2 =-370

231.27±0.06 kJ/mol of glucose, and ∆H4 =-662.94±0.54 kJ/mol of ethanol, with371

mean relative errors of 0.24 and 0.38% for experiment C and D, respectively. The372

value obtained for the heat of reaction in aerobic fermentation (∆H2) is consistent373

with the findings of Volesky et al (1982); Auberson and Von Stockar (1992), as it is374

lower than that for aerobic respiration (∆H3). The obtained results validate the heat375

balance model developed in this study while confirming the quality of the biological376
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model (González-Hernández et al, 2022). Once again, the biological model exhibits377

remarkable precision, reporting a global MRE of 10.39 % under aerobic conditions.378
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Fig. 6 Distinct contributions of various metabolic pathways to the overall biological heat released
over time of experiments C and D (Q: Biological heat released (J), Glc: Glucose (g/L), EtOH: Ethanol
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.

Similarly to all previous tests, heat losses to the environment and latent heat of379

evaporation are the major contributors to the total heat loss (Figs. 5c and 5d). In380

both experiments, the heat released by the biological activity, shared among all active381

metabolic pathways with a predominance of aerobic fermentation, is much higher382

than the flux magnitude of the physical effects. Again, the temperature information383

is mainly tied to the biological activity, which explains the success of our identifica-384

tion procedure. In experiment C (Fig. 6a), the contribution of the anaerobic metabolic385

pathway is lower than in experiment D (Fig. 6b). This is explained by higher oxygen386

consumption due to a greater yeast concentration for the same oxygen input through387

aeration (González-Hernández et al, 2022). Under these conditions, due to the coex-388

istence of metabolic pathways, the use of the metabolic heat released to establish389

stoichiometric relationships to estimate glucose consumption is more complex. As can390
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be seen in Figs. 6a and 6b, the metabolic heat generated depends on the activity391

of each metabolic pathway. The glucose consumption under these conditions can be392

calculated as follows:393

Glc =
MGlc

V

(
QANF

∆H1
+

QAF

∆H2
+

QGR

∆H3

)
(26)

where:394

395

QANF =

∫ t

t0

(dQ1/dt)dt (27)

396

QAF =

∫ t

t0

(dQ2/dt)dt, (28)

397

QGR =

∫ t

t0

(dQ3/dt)dt, (29)

Similarly, the determination of ethanol and yeast concentration needs the prior398

knowledge of the corresponding stoichiometric yields:399

EtOH =
MGlc

V

(
Y1EtOH/Glc

QANF

∆H1
+ Y2EtOH/Glc

QAF

∆H2

)
(30)

400

X =
MGlc

V

(
Y1X/Glc

QANF

∆H1
+ Y2X/Glc

QAF

∆H2
+ Y3X/Glc

QGR

∆H3

)
(31)

The estimation of the stoichiometry of the process, as stated in Eqs. 26-31, requires401

the respective contributions of the individual metabolic heats. This is almost impos-402

sible in the presence of several coexisting metabolic pathways, as only the total403

metabolic heat can be measured. In these circumstances, modeling can take advan-404

tage of total metabolic heat as a new measurable response variable, together with405

substrate and product concentrations that can be measured online (e.g., by Raman406

spectroscopy for substrate and metabolite concentration (Yang et al, 2024)).407

On the other hand, considering the precision and robustness of the model, it could408

be utilized as a tool to design specific processes, for example aiming to avoid or pro-409

mote concurrent metabolic pathways, not only for Crabtree-positive yeasts but also410

for Crabtree-negative yeasts. The temperature profile, once again, demonstrates its411

utility as a qualitative metabolic indicator, showing an initial exponential tempera-412

ture increase followed by a slight decline with glucose depletion, transitioning into a413

linear growth behavior corresponding to ethanol respiration. It is noteworthy that, for414

the first time in the literature, such an extensive model is reported, encompassing the415

prediction of temperature over time, including the ethanol respiration process.416

4.4 Model training in a feedback application417

As possible application of the complete model, we propose here an example of online418

training. For that purpose, we used experiment E performed without gas injection. The419

headspace is just connected to the environment through filters. Despite the absence420

of aeration, oxygen present in the headspace of the bioreactor is transferred to the421
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liquid phase to support biological processes (with a specific rate of 2.10−4s−1, previ-422

ously estimated by La et al (2020) for the same experimental setup). This transfer423

is due to the gap of oxygen activity resulting from the biological consumption of424

dissolved oxygen and promoted by agitation. Consequently, aerobic and anaerobic425

metabolic pathways are activated simultaneously (Fig. 7d). However, the extent of426

aerobic metabolism is significantly reduced due to oxygen limitations primarily caused427

by the absence of aeration and the low transfer rate of oxygen (2.10−4 s−1) from428

the bioreactor headspace to the yeast medium. The presence of bubbles due to aera-429

tion lowers the apparent viscosity of the fluid. Consequently, the viscous dissipation430

obtained in the previous experiments (A to D) underestimates the viscous dissipa-431

tion in experiment E. The temperature prediction using the previous dissipation value432

(initial guess) underestimates the temperature (Fig. 7b).433
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Fig. 7 Estimating viscous dissipation over time for experiment E (without aeration) by training
the model over an increasing time range (a). Comparison between experimental data and model
predictions for the initial guess (0.97W) of viscous dissipation and the optimum value obtained by
online training (1.68W)(b). Individual heat losses related to the insulated bioreactor (c) and the
distinct contributions of various metabolic pathways to the overall biological heat released over time
(d) (Q: Biological heat released (J), Text: Temperature of laboratory room (�), qh,visc: Heat power
of viscous dissipation (W), qh,aeration: Heat power associated with aeration (W), qh,cond: Heat power
associated with condensation (W), and qh,loss: Heat power losses to the environment (W), Glc:
Glucose (g/L), EtOH: Ethanol (g/L), ANF: Anaerobic fermentation, and AF: Aerobic fermentation).
An animated presentation of this online training is available as supplementary information.

Unlike the approach used in experiments A to D, the model validation in this434

instance employed a progressive training process, demonstrating the model can be435

trained during a process for better control/command (Fig. 7a). The training process436

is focused on the viscous dissipation coefficient through an optimization process using437

the PSO method. Using the previous value of viscous dissipation as initial guess, the438

22



first instants of the process ([t0, ti]) are used to adapt the parameter, progressively439

increasing the number of experimental points as the time advances. Therefore, the440

training process reliability and thoroughness increase over time.441

The quality of the training process is supported by consistently low standard devi-442

ation values (SD<10−3W) observed throughout the optimization of each expanded443

range over time. The best fitted value using the complete data set gives a viscous444

dissipation coefficient of 1.68±0.00 W (SD ≈ 10−4), achieving to predict the tempera-445

ture inside the bioreactor with a mean relative error of 0.13%. Fig. 7a shows that the446

fitted value of viscous dissipation for online training is stabilized after approximately447

3 hours, suggesting that even a modest amount of experimental data is adequate for448

accurate predictions (an animation of this procedure is proposed as Supplementary449

Material). After this period, could be expected that the model is accurate enough for450

control/command. This characteristic highlights the potential of a mechanistic model451

of the metabolic pathways coupled with a comprehensive enthalpy balance for pro-452

cess control with online tuning. The measured temperature is first used to tune the453

model and then to control the process, for example to trigger flushing in a fed-batch454

reactor or to know when the process can be stopped. In industrial plants, the heat455

power needed to control temperature can be used instead of temperature. Thanks to456

a relevant mechanistic model, readily collected information could be used effectively457

to control the process. Finally, it is important to note that while estimating viscous458

dissipation through fitting during the validation process may be seen as a limita-459

tion. However, it also offers a significant advantage by enabling indirect estimation of460

the parameter using the model. This aspect should be addressed in future studies to461

further improve the model’s robustness.462

5 Conclusions463

This study introduces a comprehensive model of yeast that combines the main464

metabolic pathways of Saccharomyces cerevisiae, including the heats of reaction, and a465

rigorous enthalpy balance of the bioreactor. Using an insulated bioreactor in combina-466

tion with a mechanistic model, the individual metabolic heat was determined for the467

first time: -101.28±0.02kJ/mol for anaerobic fermentation, -231.27±0.06kJ/mol for468

aerobic fermentation, and -662.94±0.54kJ/mol for ethanol respiration. The model was469

calibrated and validated, accurately predicting bioreactor temperature for anaerobic470

and aerobic conditions (MRE below 0.38%). The viscous dissipation is a key param-471

eter specific to the bioreactor and the growth conditions. However, we demonstrated472

that this parameter could be fitted accurately from the early stages of the experiment473

for further prediction of the remaining part. This allows temperature, or the power474

needed to maintain temperature, to be introduced as a measurable response variable,475

improving model calibration and control potential.476

Supplementary information. An animated presentation of the online training477

process in a feedback application is available as supplementary information.478
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Appendix A Additional information of biological496

model497

Anaerobic fermentation process based on glucose498

499

R1 = µmax1M(Glc)I(O2)I(EtOH)X (A1)

Aerobic fermentation process based on glucose500

501

R2 = µmax2λfM(Glc)M(O2)I(EtOH)X (A2)

Respiration process based on glucose502

503

R3 = µmax3(1− λf )M(Glc)M(O2)I(EtOH)X (A3)

Respiration process based on ethanol504

505

R4 = µmax4M(EtOH)M(O2)I(Glc)I(EtOH)X (A4)
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where:506

M(S) =
S

KS,j + S
(A5)

I(S) =
Kinh

S,j

Kinh
S,j + S

(A6)

M(S) is the Monod limiting expression for substrate S, while I(S) is the Monod-507

variant inhibiting expression for substrate S. KS,j is the half-mean saturation508

coefficient for substrate S under anaerobic (j = Ax) or aerobic (j = Ox) conditions,509

while Kinh
S,j is the half-mean saturation coefficient for substrate S inhibition under510

anaerobic (j = Ax) or aerobic (j = Ox) conditions.511

λf =
1

2
{1 + tanh[α(Glc/Glcc − 1)]} (A7)

λf is the function used for describing the transition between glucose fermentation to512

respiration, Glcc is the glucose concentration value at which the transition takes place,513

and the α parameter, determines the sharpness of this transition. For this instance,514

the values of α = 150 and Glcc=0.125 g/L, as well as the stoichiometric and kinetic515

parameters of the biological model, were taken from González-Hernández et al (2022).516

Aeration process517

R5 = kLa(O
∗
2(T ) −O2) (A8)

where:518

kLa is the overall oxygen transfer rate (h−1) and O∗
2(T ) is the oxygen saturation value519

at temperature T .520

Appendix B Additional information on the521

enthalpy balance of the bioreactor522

The absolute vapor content of the air are respectively equal to:523

Yin =
RHinPsv(Ta,in)Mv

PatmMa
(B9)

Yout =
Psv(T )Mv

PatmMa
(B10)

Ycold =
Psv(Tcold)Mv

PatmMa
(B11)
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The latent heat of vaporization for water (kJ/kg) was assumed to vary linearly524

with temperature between 0 °C and 100 °C. In this linear relation, the temperature is525

in °C:526

Lv(T ) = 2503.0− 2.46T (B12)

The saturation vapor pressure of water in Pascal (N/m2) was estimated using the527

following correlation, where the temperature is the absolute temperature (K)(Sonntag,528

1990; Crétinon and Blanquart, 2007):529

ln(Psv(T )) = −6096.9385T−1 + 21.2409642− 2.711193.10−2 T

+ 1.673952.10−5 T 2 + 2.433502 ln(T ) (B13)

The following physical values were supplied to the code: Cpℓ ≈ Cpw=4184 J/(kg530

K), CpN2
=1040 J/(kg K), Cpa=1005 J/(kg K), MN2

=28.10−3 kg/m3, Mv=18.10−3
531

kg/m3, Ma = 29.10−3 kg/m3 and A=0.50 m2.532
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