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Solid-state fermentation (SSF) is a promising technology for bioproduct generation within a circular bioeconomy
framework, but its commercial application remains limited by heat and mass transfer constraints. In this study,
we present a comprehensive experimental methodology for estimating key parameters required for modelling
SSF processes. The objective of this study is to establish an experimental methodology for determining model
parameters and, through a sensitivity analysis, evaluate their influence on the validation of a mathematical
model for SSF processes. Using sophorolipid (SL) production by Starmerella bombicola as a case study, we
determine thermal properties, kinetic parameters, and transfer coefficients, and validate them through tem-
perature profile simulations in a 22-L bioreactor. The experimentally determined values were: specific heat
capacity of 1.55 J g~! °C™!, thermal conductivity of 0.127 W m™! °C™!, heat transfer coefficient of
9790 + 2.25 W m ™~ °C™!, mass transfer coefficient 0.00189 + 0.00078 S’l, metabolic heat yield of 1.34 x 107
J kg™! biomass and a specific growth rate of 0.389 h™!. A sensitivity analysis identifies microbial growth kinetics
and heat yield as the most critical parameters influencing model accuracy, while thermal and transport pa-
rameters show low sensitivity. This integrated approach provides both a robust modelling framework and spe-
cific values applicable to SSF-based SL production, supporting scale-up efforts and adaptation to other solid
matrices or microbial systems.

1. Introduction as substrates or structural support (Arora et al., 2018; Hamidi-Esfahani

et al., 2004; Casciatori et al., 2016). This strategy not only mitigates the

Solid-state fermentation (SSF) involves growing microorganisms on
a moist, porous matrix composed of substrates, nutrients, and a support
material, which can be either inert or a substrate itself. The matrix
contains enough water to support microbial growth, but there is no free-
flowing water. During fermentation, microorganisms consume the sub-
strates along with the oxygen supplied to the reactor, to produce the
desired bioproduct, as well as CO,, water, and metabolic heat
(Raghavarao et al., 2003; Finkler et al., 2021). SSF enables the pro-
duction of diverse bioproducts such as enzymes, biopesticides, or bio-
surfactants, using a variety of substrates with diverse characteristics
including lignocellulosic residues and oil cakes (Kumar et al., 2021;
Sanchez et al., 2024). Due to its ability to valorise solid waste and
biomass, SSF has great potential to support the transition towards a
circular bioeconomy. A defining characteristic of SSF is the use of
low-cost, renewable materials, predominantly agro-industrial residues,
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environmental footprint associated with waste accumulation but also
enables the recovery of value-added products from materials that would
otherwise be discarded. Consequently, SSF contributes to more sus-
tainable bioprocessing by aligning waste valorisation with resource
efficiency.

However, several significant challenges need to be addressed for the
full implementation of SSF at a commercial scale (Raghavarao et al.,
2003; Kumar et al., 2021; Arora et al., 2018). The three-phase hetero-
geneity, solid compactness, and low thermal conductivity of the organic
matrix contribute to metabolic heat accumulation, further raising the
process temperature. This uncontrolled temperature rise can i) deacti-
vate or kill the microorganisms, thus decreasing productivity, ii) dena-
ture the target bioproduct or iii) dry out the solids due to water
evaporation. A decrease in the moisture content of the solid hinders
nutrient absorption and diffusion (Sanchez et al., 2024; Hamidi-Esfahani
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et al., 2004). In addition, water plays a crucial role in fermentation, not
only by facilitating microbial growth and metabolic activity but also by
contributing to the cooling process through evaporation. Thus, main-
taining appropriate moisture levels is essential for the success of the SSF
process.

Effective control of the SSF process requires robust engineering ca-
pabilities to manage heat transfer within the reactor. In this context,
mathematical modelling is being employed as a valuable tool to predict
process performance, paying special attention to the evolution of tem-
perature and moisture based on energy and mass balances. Beyond
prediction, such models also support decision-making by enabling the
optimisation of bioreactor design and operation, as well as the assess-
ment of aeration strategies in terms of their effects and energy costs,
thereby providing a basis for evaluating the sustainability of the process.
In addition, they provide a cost-effective means of rapidly evaluating
design and operational strategies, allowing the rapid identification of
strategies with the greatest potential to mitigate overheating, without
relying solely on large-scale experimental trials (Ashley et al., 1999).

Despite growing interest, only a few studies have developed SSF
models. One of the most complete approaches is that of Casciatori et al.,
(Casciatori et al.,, 2016), who implemented a two-phase and
two-dimensional mathematical model to describe the heat and mass
transfer in a SSF system with one single substrate (Casciatori et al.,
2016). A comprehensive mathematical model of an SSF bioreactor
typically requires two sub-models, one describing the growth kinetics of
the microorganism and the other describing the energy and mass bal-
ances, as well as transport phenomena (Kumar et al., 2021; Arora et al.,
2018; Mitchell, 2006). The level of detail in each sub-model is deter-
mined by the simplifications and assumptions applied during model
development. Such models rely on multiple system-specific input values,
including physico-chemical properties of the solids, transport co-
efficients, and microbial growth parameters. Machine learning (ML)
approaches are increasingly relevant in bioprocesses, as they can
compile experimental data and transform it into predictive models. In
SSF, ML has so far been applied primarily to support experimental
decision-making. For example, ML was used to analyse data from 410
Maotai-flavor Baijiu samples, enabling the classification of diverse base
types and improving blending efficiency and quality control (Yang et al.,
2025). In another application, ML was employed to model, predict, and
optimize the combination and concentration of surfactants and meta-
bolic inducers within a predefined multi-substrate blend, with the aim of
maximizing lipase production (Amenaghawon et al., 2024). Despite
these advances, ML has not yet been applied in SSF to predict mass or
energy transfer within the solid matrix during the fermentation process.

Beyond the complexity of the mathematical modeling itself, an
additional limitation in SSF modeling is the lack of standardized meth-
odologies for determining key parameters (Mitchell et al., 2023), such as
thermal properties of the solids. As previously mentioned, ineffective
heat transfer in SSF is primarily due to the poor thermal conductivity of
the solids (Casciatori et al., 2013; Zhang et al., 2017; Casciatori et al.,
2014). The value of thermal conductivity largely depends on the
composition of the solids, the moisture content, and the porosity of the
solid structure. For this reason, several studies have focused on
measuring thermal conductivity at different moisture levels and poros-
ities to establish reliable correlations (Casciatori et al., 2013; Zhang
et al., 2017). In addition to thermal conductivity, the specific heat ca-
pacity of the solid is a relevant parameter, which is directly related to the
accumulation of energy within the solid phase during fermentation and
plays a key role in understanding the thermal dynamics of the process.

Transport coefficients, such as those for mass and heat transfer, also
require careful estimation. Various approaches have been reported for
this purpose. Von Meien and Mitchell, utilized empirical equations
derived from experimental studies on the drying of corn (Von Meien and
Mitchell, 2002). Alternatively, Casciatori et al., (Casciatori et al., 2016)
used a theoretical approach based on dimensionless numbers. In this
case, the Nusselt number was used to estimate the heat transfer
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coefficient, while the Sherwood number was employed for the mass
transfer coefficient. An alternative method estimated transfer co-
efficients using drying, cooling and heating experiments on an abiotic
fermentation bed. Based on a two-phase model and experimental data,
the coefficients were estimated. The approach focused on validating the
model’s accuracy when predicting temperature evolution within the bed
(Finkler et al., 2021).

Another critical parameter is the specific growth rate, which in-
fluences metabolic heat production and is also strongly affected by
temperature and moisture content (Hamidi-Esfahani et al., 2004; Mad-
dikeri et al., 2015). While calculating this rate from biomass data is
conceptually simple, biomass quantification in fermented solids remains
a challenge due to system heterogeneity and biomass penetration into
the substrate. Common methods involve measuring microbial compo-
nents like glucosamine, ergosterol, or enzyme activity but these are
time-consuming and impractical for real-time monitoring, limiting their
application for process control (Hamidi-Esfahani et al., 2004; Scotti
et al., 2001; Abd-Aziz et al., 2008; Nout et al., 1987; Rodriguez-Ro-
driguez et al., 2010; Feng et al., 2005; Cérdova-Lopez et al., 1996;
Favela-Torres et al., 1998). Alternatively, indirect methods such as
monitoring oxygen consumption, COy production, or metabolic heat
offer real-time process insights, allowing operational adjustments.
Moreover, correlating these indirect indicators with actual biomass
concentration is not straightforward. Although these do not cover the
high diversity of solid matrices composition based on
non-lignocellulosic wastes. Therefore, to accurately apply mass and
energy balances, it is crucial to know all relevant parameters specific to
the mathematical models. Additionally, there is no clear consensus on
how to calculate all required parameters or how to incorporate them
into comprehensive SSF models.

To address these challenges, the present study proposes a compre-
hensive methodology for determining and integrating critical parame-
ters into SSF models. The main objective is to provide a comprehensive
experimental framework for parameter estimation, enabling the imple-
mentation of a mathematical model for an SSF system. An additional
goal is to report the resulting values of these parameters and coefficients
for the specific case of sophorolipid (SL) production from sunflower oil
cake, and to evaluate, through a sensitivity analysis, their influence on
the validation of a mathematical model for SSF.

For this, we build upon previous research on glycolipid biosurfactant
production (Rodriguez et al., 2021; Oiza et al., 2024; Eras-Munoz et al.,
2024). Specifically, the system focuses on the production of sopho-
rolipids (SLs) using the well-known yeast Starmerella bombicola, with a
solid matrix composed of sunflower oil cake as a hydrophobic carbon
source, glucose as a hydrophilic carbon source, yeast extract and urea as
nitrogen sources, and wheat straw as an inert support. The diacetylated
lactonic C18:1 congener is consistently reported as the predominant SL.
This SSF system has been operated at laboratory scale and scaled up to
22-1 and 100-L bioreactors, where the aforementioned challenges have
been encountered (Rodriguez et al., 2021). The production of Bacillus
thuringiensis (Bt)-derived biopesticides at a 100-L scale was successfully
implemented (Mejias et al., 2025). However, at this and larger scales, it
becomes necessary to introduce higher aeration rates or alternative
cooling mechanisms, since the capacity for heat dissipation through the
bioreactor walls decreases as the reactor diameter increases. For
instance, Pilot et al., (Pitol et al., 2016) regulated air temperature to
effectively control heat accumulation and optimize enzyme activity in a
200-L SSF system. However, to the best of our knowledge, there are no
reports describing the operation of packed-bed SSF systems at industrial
scale (in the order of m®). This lack of information highlights the
importance of developing robust process models to guide scale-up and
predict performance under large-scale conditions.

The parameters estimated in this study will be validated using the
mass and energy balance equations proposed by Casciatori et al.,
(Casciatori et al., 2016) and a sensitivity analysis will be undertaken as
well (Casciatori et al., 2016). The mathematical model employed in this
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study is based on the one proposed by Casciatori et al (Casciatori et al.,
2016)., with two key modifications: the inclusion of basal metabolic
heat in the solid-phase energy balance, and the incorporation of solid
concentration as a function of the two main substrates, biomass and
product. In addition, the estimated values of all key parameters and
transfer coefficients are reported for this SSF system, providing a useful
reference for future modelling efforts. Finally, the methodology pro-
posed herein is intended to be adaptable to other SSF systems involving
different substrates, microorganisms, and targeted bioproducts.

2. Materials and methods
2.1. Materials

The winterization sunflower oil cake (WOC) was provided by the oil
refinery LIPSA (Lipidos Santiga S.A., Barcelona, Spain). The wheat straw
was provided by the veterinary department of the UAB (Universitat
Autonoma de Barcelona). D-(+)-Glucose (99.5%), urea (99.0%), cyclo-
hexane HPLC (99.9%), methanol HPLC (99.9%), absolute ethanol HPLC,
acetonitrile HPLC (99.9%), formic acid HPLC, potassium hydroxide
(85%), glycerol (99.5%) and ergosterol (95%) were all purchased from
Sigma-Aldrich (Barcelona, Spain). Soy peptone and agar-agar powder
for bacteriology were purchased from Scharlab. Yeast extract and malt
extract were purchased from Fisher BioReagents.

2.2. Yeast strain and inoculum preparation

Starmerella Bombicola ATCC 22214 was obtained from the American
Type Culture Collection (Manassas, USA). The microorganism was
conserved as glycerol stocks at —80 °C. The strain was grown for 48 h at
30 °C on agar streak plates containing (g L™!): 10 of dextrose; 5 of
peptone; 3 of malt extract, 3 of yeast extract; and 20 of agar. Then, with
the support of a loop full, the microorganism was transferred from the
agar streak plate into a 500 mL Erlenmeyer flask with 100 mL of sterile
medium. The composition of the medium was: 10 g L™} of dextrose,
10 g L~ ! of peptone, 5 g L ! of malt extract and 3 g L ™! of yeast extract.
In addition, 10 g L! of glucose was also added. Immediately, the culture
was incubated in an orbital incubator shaker at 30 °C, 180 rpm for 48 h.

2.3. Solid-state fermentation

SSF experiments were conducted to validate the mathematical model
and to estimate key model parameters, including microbial kinetics and
the yield of biomass production related to glucose consumption, as well
as SL production related to the fat consumption. The solid matrix
composition was divided into the glucose as hydrophilic carbon source
(0.11 g g~ total), the WOC as hydrophobic carbon source (0.52 g g~*
total), urea (0.0011 g g’1 total) and yeast extract (0.011 g g’1 total) as
nitrogen and nutrients sources and the wheat straw as solid support
(0.36 g g total), all values in dry basis. The moisture content was
adjusted to 75% of water holding capacity (WHC) of the wheat straw
(2.93 g water g~ wheat straw) in all experiments. The solid matrix and
the aqueous solution were separately autoclaved at 121 °C for 20 min.

Solid-state fermentation experiments were carried out in self-made
0.5 L cylindrical polyvinylchloride packed-bed bioreactor, with a total
weight mass of 68.67 g, operated in thermostatic baths at 30 °C, as
previously described in literature (Eras-Munoz et al, 2024,
Jiménez-Penalver et al., 2016). Under sterile conditions, the solid and
aqueous solution were mixed and inoculated with 6.4 mL of
S. bombicola. Humidified air was supplied from the bottom at a flow rate
of 30 mL min ! using a mass flow controller (Bronkhorst, Spain) unless
otherwise indicated. The exhaust air exited the reactor from the top,
passed through an Erlenmeyer flask used as a water trap, and reached an
oxygen sensor (Alphasense, UK) to monitor oxygen content. The
solid-state fermentation process was monitored for 11 days to evaluate
the yield of biomass production related to glucose consumption and SL
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production related to the fat consumption. For this purpose, nine 0.5 L
packed-bed reactors were prepared, with one reactor sacrificed at each
sampling point to analyse specific parameters at days 0, 1, 2, 3,4, 5, 6, 7,
and 11. The parameters measured included colony-forming unit (CFU),
pH, and moisture, glucose, fat, and SL crude.

On the other hand, the experiments for the validation of the math-
ematical model based on the obtained parameters were carried out in a
22-1 bench-scale packed-bed bioreactor. This bioreactor consisted of a
cylindrical stainless-steel equipped with a perforated plate at the bottom
part to separate the solid matrix from the distribution of humidified air.
Detailed operating conditions are available in our previous work
(Rodriguez et al., 2021). The solid fermentation matrix had a total mass
of 2713 g, and was inoculated with 0.279 L of S. bombicola for a total
2992 g. The oxygen concentration in the exhaust gases was on-line
monitored and used to calculate the oxygen uptake-rate (OUR) and
the cumulative oxygen consumption (COC). Furthermore, temperature
sensors (standard Thermochron iButton device, Maxim Integrated, U.S.)
were placed in three axial positions and three radial positions of the
reactor to monitor the evolution during the fermentation process. Room
temperature (Fig. S1 in supplementary material) was continuously
measured throughout the experiment, as it varied over time due to
changing weather conditions. This time-dependent profile was incor-
porated in the simulations instead of assuming a constant value. Tem-
perature peaks were observed during periods when the reactor was
exposed to direct sunlight in the afternoon during the experiment.

2.4. Extraction and quantification of sophorolipids

Crude SL extraction was obtained through solid-liquid extractions in
duplicate using ethyl acetate as solvent (Eras-Munoz et al., 2024;
Jimeénez-Penalver et al., 2016; Rodriguez et al., 2021). Briefly, 10 g of
crushed fermented solid were mixed with 100 mL of ethyl acetate (1:10,
w v™1) using an orbital shaker at 200 rpm, 25 °C for 1 h. Subsequently,
anhydrous sodium sulfate was added to remove residual moisture from
the extract. Solvent extractions were filtered through a Whatman filter
paper Grade 1 and concentrated by rotary evaporation under vacuum at
40 °C and 20 rpm. The crude SL obtained after solvent evaporation was
washed with 40 mL of n-hexane (1:4 w v_1) to remove any oily residue
such as fatty acids from the fermentation process. Finally, the crude SL
samples were stored at 4 °C for further analysis such as SLs mix
quantification.

2.5. Physicochemical parameters of the solid

2.5.1. Heat capacity of the solid

The heat capacity of the solid was estimated using a differential
scanning calorimeter (DSC 823e, Mettler Toledo). The samples were
crushed in order to minimise sample heterogeneity and left to dry at 100
°C for 24 h. Next, the samples were left to dry at 100 °C for 24 h. Then,
the sample was weighed in an aluminium crucible and sealed with
aluminium lid. The DSC equipment was purged with dry nitrogen at a
flow rate of 10-5 mL min~! throughout the analysis. The sapphire
standard measurement method involves performing isothermal holds
before and after the temperature ramp of interest. Specifically, the first
isothermal step was conducted at —15 °C for 10 min, followed by a
heating ramp from 15 °C to 80 °C with a rate of 10 °C min~!, and a final
isothermal hold at 80 °C for 10 min. The equation applied to calculate
the specific heat capacity was the following:

<HFSample) x <MSapphire> x CP
Sapphire
HFSapphire MSample PP

Where HFSample is the heat flow of the sample (mW), HFSapphire is the
heat flow of the blank (mW), MSapphire is the mass of the blank (mg),
MSample is the mass of the sample (mg) and CpSapphire is the specific
heat capacity of the blank (J g~} °C™1). The resulting specific heat

Cp= (€8]
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capacity was obtained as a function of temperature in the range of 25 °C
to 75 °C.

2.5.2. Thermal conductivity of the solid

The thermal conductivity was determined using a thermal properties
analyser (Isomet 2114 Applied Precision). The thermal analyser was
connected to a needle probe which must penetrate the sample to ensure
complete contact. A total of three measurements were performed.

2.6. Calorimetry

Calorimetry experiments were designed to quantify metabolic heat
production. These experiments were conducted in a 0.5 L Dewar® vessel
(KGW Isotherm) as to maintain near-to-adiabatic conditions. A silicone
stopper with three openings was used: two main openings served as air
inlet and outlet, while a smaller opening allowed for real-time temper-
ature measurement via a sensor. To ensure airflow direction from bot-
tom to top, a tube was inserted into the centre of the vessel, extending to
its lowest part for optimal air distribution. During the experiments, the
oxygen content in the exhaust air was monitored, and the OUR was
calculated. Additionally, temperature evolution inside the Dewar was
tracked using button sensors.

The accumulated heat (W) in the calorimeter was calculated using
the equation proposed by Cooney et al., (Cooney et al., 1968):

Qacc=K-S 2

where K is the heat capacity of the system (J °C™!) and S the heating rate
(°C s71). The system’s heat capacity was determined by summing the
heat capacities of the solid and the calorimeter. The heating rate was
obtained from the slope of the temperature-time curve, based on the
observed temperature increase due to metabolic heat production. Once
metabolic activity decreased, the heating rate declined accordingly.
Finally, the metabolic heat yield (J g~! 0,) was calculated from the slope
of the accumulated heat versus the oxygen consumption rate. A pre-
liminary test was conducted to assess the adiabatic performance of the
calorimeter. For this, 450 mL of ultrapure water at 50 °C was added to
the vessel, which was sealed with the silicone stopper, and the tem-
perature evolution was monitored over time. To account for heat losses,
a heat loss term (Qr) was introduced into the energy balance of the solid
phase (Supplementary material S4). This term was estimated using the
experimental temperature profile and the fminsearch optimization tool
in Matlab. The resulting heat loss term reflects the thermal losses asso-
ciated with the calorimeter’s silicone cap and aeration ports and was
subsequently incorporated into the final energy balance. The heat loss
transfer coefficient was estimated as 13.68 + 0.23 W m™> °C™L. Thes
equipment was used for the estimation of metabolic heat and mass and
energy transfer coefficients as described below.

2.7. Mass and energy coefficients

The methodology described by Finkler et al., (Finkler et al., 2021)
was adapted and implemented in our system for the experimental esti-
mation of heat and mass transfer coefficients using the experimental
temperature profiles at the central point of the calorimeter. Equations
are described in Supplementary Material, S5-S8. A total set of six cooling
experiments were performed by placing 68 g of solids at 40-54 °C in the
calorimeter, supplying cool air (room temperature) and monitoring
temperature evolution. Two significant modifications were introduced
to the original methodology. First, the cooling experiment was con-
ducted under near-to-adiabatic conditions in a 0.5 L calorimeter, instead
of a non-isolated bioreactor, to prevent heat dissipation to the sur-
roundings. Second, the solid sample was inoculated to maintain the
same nutrient composition and moisture content as in the fermentation
process. The inoculated mixture was prepared as described in Section
2.3 and then autoclaved at 121 °C for 20 min for these abiotic
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experiments. The calorimeter was supplied with humidified air at
30 mL min~}, and the system's temperature evolution was recorded
using button sensors (Thermochron iButton, Maxim Integrated, U.S.).

2.8. Kinetic model and yields estimation

2.8.1. Biomass estimation

Biomass was measured using the ergosterol content and the total
colony-forming units (CFUs). Before ergosterol extraction, all samples
were ground to minimize variability. Each sample was analysed in
duplicate for a more accurate ergosterol quantification, following the
methodology described by Rodriguez et al., (Rodriguez-Rodriguez et al.,
2010). For extraction, 0.5 g of each sample was placed in a 15 mL glass
centrifuge tube (KIMBLE HS), and 1 mL of cyclohexane along with 3 mL
of a 10% w v KOH solution in methanol were added. The extraction
process consisted of two steps: first, samples were sonicated in an ul-
trasonic bath (P Selecta Ultrasons) for 15 min, followed by incubation in
a thermostatic bath (Osaka TS) at 70 °C for 90 min. Afterward, 1 mL of
distilled water and 2 mL of cyclohexane were added, and the tube was
vortexed for 30 s at 35 Hz, then centrifuged at 3500 rpm for 5 min at 16
°C. The organic phase was transferred to a new 5 mL vial using a glass
Pasteur pipette. This extraction step was repeated twice more by adding
2 mL of cyclohexane to the aqueous phase. The collected organic phase
was stripped with nitrogen at 60 °C using a dry block heater. The residue
was then dissolved in 1 mL of methanol at 40 °C for 15 min, vortexed for
30 s at 35 Hz, and transferred to 1.5 mL Eppendorf tubes. The samples
were subsequently centrifuged (Fisher Scientific AccuSpin Micro) at
6000 rpm for 3 min at 4 °C, and the supernatant was transferred to
amber HPLC vials. Ergosterol analysis was performed using a Dionex
3000 Ultimate HPLC equipped with a UV detector at 282 nm. Each
sample (40 uL) was injected into a Kinetex 5 um EVO C18 100 A column
(250 mm x 4.6 mm). The mobile phase was acetonitrile, and Chrome-
leon software was used for data analysis.

Total dry biomass and total CFUs were measured at different inoc-
ulum concentrations of S. bombicola (200, 400, 600, 800, and 1000 uL).
For higher concentrations, the inoculum was centrifuged and diluted
with liquid medium at 50% and 10%. A calibration curve was generated
to correlate total dry biomass with total CFUs by extracting from a solid
inoculated with a known amount of dry biomass. For dry biomass
determination, different inoculum concentrations were placed in 1.5 mL
Eppendorf tubes, centrifuged at 6000 rpm for 10 min at 20 °C, and the
supernatant was discarded. The pellet was resuspended in 1 mL of water
and transferred to pre-weighed aluminium trays, which were dried at
105 °C for 24 h before weighing. For CFU quantification, the same
inoculum concentrations were added to pre-autoclaved solid substrate.
Biomass extraction (1:10, w v ) was performed using Ringer solution (a
sterile saline solution). The mixture was shaken in an orbital incubator
at 200 rpm, 25 °C for 20 min and then serially diluted (1:10, v vh.
Subsequently, 100 pL of each dilution was plated on agar and incubated
at 30 °C for 48 h. After incubation, colonies were counted using a
Schuette counter (Gottingen, Germany).

2.8.2. Kinetic model

The kinetic study was conducted by analysing CFU content at two-
hour intervals during the microorganism's exponential growth phase
in 6 solid-state fermentations under controlled temperature and mois-
ture conditions. The mass composition of the solid and the operational
conditions were the same as described in Section 2.3. The initial biomass
concentration in all experiments was 4.91 + 2.36 x 10° total CFUs. The
selected temperatures were 20, 25, 30, 35, and 38 °C, while the moisture
content values were 0.635, 0.923 and 1.095 kg water kg™! total dry
solids.

Five packed-bed bioreactors were set up, and oxygen consumption
was continuously monitored. Once the exponential phase began, a small
solid sample (representing less than 10% of the total solid volume) was
taken from one of the reactors for the analysis of both CFUs and
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ergosterol content. The reactor was then reconnected to the oxygen
supply. After two hours, a second solid sample was taken from the same
reactor for the same analyses. Since sampling twice exceeded 10% of the
total solid content, that reactor was no longer used for further sampling.
This sampling strategy was then sequentially repeated with the
remaining reactors, allowing for the analysis of two time-separated
samples per reactor. This kinetic study also provided insights into the
relationship between OUR and biomass production.

2.8.3. Elemental analysis

Elemental analysis of carbon, hydrogen, nitrogen and sulfur (C,H,N
and S) in S. bombicola was conducted by combusting dried and ground
samples at 1200 °C in an oxygen atmosphere, followed by quantification
through gas chromatography. The analysis was performed using a CHNS
Thermo Scientific Flash 2000 analyzer at the Servei d’Analisi Quimica of
UAB.

2.8.4. Metabolic heat yield

To calculate the metabolic heat yield, we followed the methodology
developed by Cooney et al., (Cooney et al., 1968). In summary, this
approach involves periodically measuring the rate of heat production
and oxygen consumption throughout the fermentation process using a
dynamic calorimetric technique. The heat capacity in the calorimeter (J
h™!) is determined from the system’s heat capacity (J °C™1) and the
heating rate (°C h™!) using temperature sensors. Then, by plotting heat
accumulation against oxygen consumption, the resulting slope repre-
sents the metabolic heat yield (J mol~! Os). To apply this methodology,
SSF was carried out in four parallel replicates in 0.5 L packed-bed bio-
reactors. Every 12 h, one reactor was sacrificed to gather samples at
different metabolic activity points, then introduced into the calorimeter
to monitor the temperature evolution and OUR.

2.8.5. Heat yield from growth and maintenance

Another important parameter of the energy balance is the metabolic
heat generated due to the growth of the microorganisms (J kg
biomass). This parameter can be calculated either theoretically or
experimentally. The theoretical approach of this parameter is based on
the methodology described by J.E. Bailey and D.F. Ollis (James and
Bailey.). This approach involves calculating the metabolic heat yield
from oxygen consumption and the stoichiometry between oxygen con-
sumption and the microorganism’s cellular composition. Alternatively,
this yield can also be calculated experimentally, based on the mea-
surement of OUR and microbial growth.

Additionally, a term representing the heat generation from cellular
maintenance was incorporated into the energy balance of the solid
phase. This heat generation persists even if biomass concentration re-
mains constant. Conventional models assume heat production depends
only on biomass concentration changes, leading to incorrect predictions.
For this reason, an additional term was added to the energy balance, as
detailed in the supplementary material (equation S8). This term was
calculated using Eq. (3), which relates the previously determined heat
yield from oxygen consumption (Rp), and the specific basal oxygen
consumption rate (m,). It is also influenced by the total solid and
biomass concentrations. The (m,) term was estimated based on biomass
and OUR data from time-course experiments conducted between 72 and
120 h, corresponding to the stationary growth phase.

kwy kJ kg oxygen
Qr (F) =Ry (kg oxygen> X Mo (kg biomass x time

b kg biomass < S kg dry solid
kg dry solid m?3

2.9. Analytical methods

3

pH and dry matter (DM) were determined following standard
methodologies. Glucose quantification was performed using a YSI
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2950D biochemistry analyzer (YSI Inc./Xylem Inc., United States). For
glucose analysis, samples underwent solid-liquid extraction (1:10 wv™1)
at 50 °C and 200 rpm for 15 min, followed by filtration through a 0.45
pm RC membrane filter. Fat content was analyzed using the standard
Soxhlet extraction method, as described by the U.S. Environmental
Protection Agency (Method 9071B). Before extraction, dried and
crushed samples (5g) were loaded into cellulose cartridges and
extracted in a Soxhlet-E816 apparatus (Biichi Ibérica S.L.U, Spain) using
sequential n-hexane extractions for 5 h. All analyses were conducted in
triplicate. Porosity was estimated according to literature (Ruggieri et al.,
2009). The full characterization of the initial solid mixture for fermen-
tation is depicted in supplementary material Table S1.

2.10. Mathematical model validation and numerical solution

The adapted model by (Finkler et al., 2021) used for the estimation of
heat and mass transfer coefficients, the adapted model by Casciatori
et al., (Casciatori et al., 2016) used for the validation of the obtained
parameters, and the sensitivity analysis are presented in Section 3.7.

The four partial differential equations of the mathematical model
implemented by (Finkler et al., 2021) were solved using numerical
differentiation with the odel5s solver in Matlab® R2022 (MathWorks
Inc., Natick, Massachusetts, United States). Additionally, the fminsearch
function in Matlab® R2022 was employed to estimate the transfer co-
efficients and the specific growth rate. On the other hand, to solve the
four partial differential equations of the mathematical model imple-
mented by Casciatori et al., (Casciatori et al., 2016), a set of ordinary
differential equations were numerically integrated using the odel5s
function in Matlab® R2022, applying the finite volume approximation.

3. Results and discussion
3.1. Thermal properties of the solids

Solid-state fermentation induces dynamic changes in the solid matrix
due to microbial growth and airflow. Microbial activity leads to sub-
strate consumption, generating concentration gradients and metabolic
heat within the reactor. Additionally, airflow contributes to moisture
loss in the solid (Jin et al., 2017). These factors suggest that the thermal
properties of the solid, such as heat capacity and thermal conductivity,
may change during fermentation due to variations in temperature and
humidity. To assess these potential changes, both unfermented and
fermented samples (after four days) were analysed to determine any
significant differences. Besides, the effects of moisture content and
compaction on thermal conductivity were examined.

3.1.1. Specific heat capacity

Fig. 1 shows that the peak value of specific heat capacity of the un-
fermented sample is 1.88 J g~ ! °C~! at approximately 58 °C. In contrast,
for the fermented sample, the peak shifts to 65 °C with a slightly lower
value of 1.83 J g~ °C™. However, within the mesophilic temperature
range (25-45 °C), the specific heat capacity varies between 1.55 and
1.65 J g~! °C~L. This difference is below 10% and it is likely negligible.
A sensitivity analysis of the model should confirm the potential effects of
this variation. These values are comparable to those for wheat straw
(Koh et al., 2023), for lignocellulosic support materials (1.3-2.4 J g~
°C~1) (Tansel, 2023) and for wheat (2.7-3.3 J g_1 °c™1) (Vauris et al.,
2022).

3.1.2. Thermal conductivity

Table 1 shows that the difference in thermal conductivity between
the initial and fermented solid samples is negligible. However, a sig-
nificant difference was observed when comparing the dry, compacted
solid with the sample at the initial moisture (41.20%) and porosity
conditions of the fermentation process. This confirms changes in solids
composition such as fat reduction and biomass and SL increase are not
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Table 1

Thermal conductivity values for initial and fermented solids (average =+ stan-
dard deviation).

Sample Thermal conductivity (W m~! °C™1)

0.0513 £ 0.0002
0.0515 =+ 0.0001
0.1274 £ 0.0019

Initial mixture (dry and compact)
Fermented solid (dry and compact)
Initial (wet and non- compacted)

relevant, but a significant effect can be expected due to moisture
gradients.

Reported values for agro-industrial SSF samples also show that
thermal conductivity varies with moisture content. For example, sug-
arcane exhibits a thermal conductivity range of 0.057-0.439 W m
°C~! at 7-80% moisture. Values for orange pulp and peel range from
0.158 to 0.269 W m™! °C™! at 6-75% moisture, while wheat bran falls
within 0.210-0.326 Wm ™! °C~! at 3-37% moisture (Casciatori et al.,
2013). Additionally, the thermal conductivity of wheat bran varies be-
tween 0.108 and 0.747 Wm ™! °C~! depending on its porosity, which
ranges from 0.727 to 0.321 (Khanahmadi et al., 2005). This indicates
that a higher free-air porosity results in lower bulk density and, conse-
quently, reduced thermal conductivity, thereby playing a key role in
heat dissipation (Teresa et al., 2024). However, due to differences in
sample moisture content (dried vs. wet), the reported values are not
directly comparable, making it difficult to isolate the effect of porosity
alone. It is worth noting that the thermal conductivity values obtained in
this study fall within the lower end of the ranges reported for other
substrates, which may be related to the high fat content of the solids
used in our system. Vegetable oils such as sunflower oil have thermal
conductivities in the range of 0.17-0.21 W m ! °C™?, significantly lower
than those of water-rich or fibrous materials.

3.2. Estimation of mass and energy transfer coefficients

Each fermentation has unique thermal properties of the solid matrix,
involves different microorganisms and starts under varying initial con-
ditions such as temperature or moisture content. These variations can
affect the contact area at the solid-air interface, hindering the use of
reported transfer coefficients (Mitchell et al., 2023). Thus, the meth-
odology of (Finkler et al., 2021) was adapted to estimate the mass and
heat transfer coefficients by fitting a heat and mass transfer model to
data from cooling experiments under abiotic conditions. The model was
modified to include a heat loss term in the energy balance equation to
account for non-adiabatic conditions due to the calorimeter’s silicone
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cap and aeration ports (equation S4). Fig. 2 shows the experimental and
modelled solid temperature profiles during the cooling experiment. The
heat transfer coefficient was 9.79 x 10° & 2.25 x 10° Wm2°C", and
the mass transfer coefficient was 0.00189 + 0.00078 s~* and they can
describe the temperature decay under abiotic conditions.

These values are similar to, but lower than, those reported by
(Finkler et al., 2021) for a mixture of wheat bran, sugarcane bagasse,
and a solution of water with (NH4)2SO4 which yielded an energy transfer
coefficient of 1.68 x 10* W m~2 °C™! and a mass transfer coefficient of
0.000211 s~ 1. This difference could be attributed to the higher porosity
of the mixture used herein (0.88 vs 0.56 m° m’g), which results in a
lower transfer area available per unit volume. In contrast, Von Meien
and Mitchell (Von Meien and Mitchell, 2002) reported a heat transfer
coefficient of 4.73 x 10> W m~ °C™! by using empirical equations
derived from maize grain drying processes. This lower value is likely
related not only to the higher particle size and density of corn grain, but
also to differences in bed structure and flow conditions between grain
drying and SSF systems.

3.3. Biomass estimation

Ergosterol and total CFUs were selected for biomass quantification.
Other established methods, such as protein content analysis were dis-
carded because it could lead to overestimated results, as yeast extract is
present in the fermentation medium. Consequently, the measured pro-
tein would reflect not only the microbial protein but also the protein
from the yeast extract (Abdul Manan and Webb, 2018). Ergosterol is an
important sterol component of cell and mitochondrial membranes and
has been used to estimate fungal biomass concentration in various bio-
logical processes (Nout et al., 1987; Rodriguez-Rodriguez et al., 2010;
Mille-Lindblom et al., 2004). This compound is also employed for
quantifying yeast biomass and was selected in this study because the
Candida species possesses the gene ERG3 involved in ergosterol
biosynthesis (Hirayama et al., 2020; Vella et al., 2023). Fig. 3 shows the
correlation between dry biomass and both ergosterol concentration and
CFUs, based on inoculum samples of different concentration.

The primary objective of determining the amount of biomass was to
calculate the specific growth rate (u). During the kinetic experiment,
both ergosterol content and total CFU of all samples were collected
during the exponential phase. However, the biomass estimates based on
CFUs were consistently higher than those based on ergosterol. Several
factors may explain the lower biomass estimates from ergosterol. Firstly,
the physiological condition of yeast differs significantly between SSF
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Fig. 2. Experimental and modelled temperature of the solid for transfer coef-
ficient estimation.
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and submerged fermentation (SmF) systems. In SSF, cells experience
lower water activity, restricted oxygen diffusion, and heterogeneous
nutrient distribution, which can affect membrane composition and
reduce ergosterol synthesis. Secondly, SSF cells are more susceptible to
environmental stress or may enter stationary or sporulation phases
earlier, further lowering the ergosterol content per unit of biomass.
Furthermore, the solid matrix in SSF might impede solvent diffusion and
reduce extraction efficiency, leading to an underestimation of total
ergosterol. These combined effects suggest that the ergosterol-to-
biomass ratio is not consistent across fermentation methods and re-
quires specific calibration for each system. Although ergosterol is widely
used for biomass estimation in filamentous fungi, its application to yeast
remains poorly explored. In a previous study analysing biomass content
by ergosterol measurement in six fungal species and three yeast strains,
it was observed that ergosterol measurement tends to underestimate
biomass in yeast (Pasanen et al., 1999). The lower ergosterol content per
yeast cell is likely due to the higher cell concentration per dry mass in
yeast cultures compared to spore concentrations in filamentous fungi.
These findings support the view that ergosterol is a reliable indicator of
biomass for filamentous fungi, but less appropriate for yeast species.

For this reason, CFUs analysis was selected for this study, due to the
robustness of this parameter when quantifying the viable cell numbers of
the specific microorganism. Moreover, it allows detection of potential
contamination during fermentation.

3.4. Kinetic model

3.4.1. Growth rate

Currently, no specific growth rate values are available in the litera-
ture for S. bombicola in SSF systems. Although data exist for SmF, these
values are highly dependent on fermentation conditions such as sub-
strate type and stirring speed, and therefore cannot be reliably applied to
solid-state systems. The variability of growth rates across fermentation
types and conditions underscores the need for precise, system-specific
growth measurements. Determining the growth rate under SSF condi-
tions thus enhances the robustness and reliability of the modelling
approach.

Maddikeri et al., (Maddikeri et al., 2015) analysed the effect of using
waste cooking oil as a sustainable carbon source in a SmF under varying
stirring speeds on microbial growth and SL production under various
fermentation conditions. Increasing the stirring speed from 150 rpm to
300 rpm resulted in a rise in the specific growth rate from 0.053 h!to
0.058 h™!, attributed to reduced gas-liquid mass transfer resistance and
enhanced transport of biomass and carbon sources. However, any
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further increase in stirring speed did not lead to additional improve-
ments, possibly due to the fact that the mass transfer is no longer the rate
controlling mechanism above 300 rpm (Maddikeri et al., 2015). The use
of a pure substrate, such as sunflower oil, was also analysed. In this case,
the specific growth rate was 0.14 h™!, representing a 59% increase
compared to fermentation with waste oil. Yeast extract concentration
also influenced growth, with low concentrations leading to minimal
biomass accumulation and specific growth rate ranging from 0.14 h™! to
0.15 h~!(Garcia-Ochoa and Casas, 1999). These studies highlight the
sensitivity of p to process variables and reinforce the need to experi-
mentally determine growth kinetics for each system.

The logistic Eq. (4) is commonly used in SSF works (Mitchell et al.,
2004) and it was selected to describe the yeast growth rate in Fig. 4.

dx X

= X1 —
a PX g

) 4

The specific growth rate was calculated from biomass measurements
taken during the exponential phase of fermentation. Fig. 4 shows both
biomass accumulation and COC during the lag phase. As the figure
shows biomass levels remain stable during the first 10 h, corresponding
to the lag phase, when cells are adapting to the medium and operating
conditions. Around hour 10, the exponential phase begins and continues
until approximately hour 24, when the stationary phase is reached. COC
profiles match those of biomass. All kinetic experiments were concluded
at this point, as biomass data from the stationary phase are not suitable
for calculating p.

Based on the data presented in Fig. 4, the specific growth rate was
calculated as 0.389 h™!. This value is substantially higher than the
values for SmF described reported, which is consistent with other studies
comparing submerged and solid-state systems. For example, in a
comparative study on Aspergillus niger, SmF growth rates ranged from
0.083 h™! to 0.091 h™!, whereas SSF values were significantly higher,
ranging from 0.236 h™! to 0.323 h™!, an increase from 62% to 75%.
These differences are attributed to variations in water content and dis-
solved oxygen, which influence interactions between biomass and the
culture medium (Favela-Torres et al., 1998). A separate study further
demonstrated that both temperature and initial moisture content influ-
ence growth kinetics in SSF. At higher moisture levels, reduced porosity
can limit oxygen diffusion, negatively affecting growth. As expected, the
specific growth rate was found to depend strongly on both variables
(Hamidi-Esfahani et al., 2004).

3.4.2. Growth dependence on temperature
Preliminary experiments showed that at 42 °C, the OUR dropped

20 r 30
g_ + Biomass
3 16 coc . S 25
lU) 'Y ~
@ 20 =
2 ., 3
s : i

15 O
%‘ o
> 8- £
E L10 Q
» . o}
0 (@]
£ 4
5 : -5
m -
. . *
0 T T T T T T T 0
0 5 10 15 20 25 30
Time (h)

Fig. 4. Biomass and COC profile of the kinetic experiment at the
optimal conditions.
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sharply because S. bombicola could not withstand such high tempera-
tures. The profile of the temperature is presented in the supplementary
material (Figure S2). Therefore, 38 °C was chosen as the upper limit.
Fig. 5A shows the OUR profiles at different temperatures. The profiles at
25 °C and 30 °C are practically identical, indicating that S. bombicola, a
mesophilic strain, has an optimal temperature range between these
temperatures (Vedaraman and Venkatesh, 2010). However, growth at
30 °C showed slightly better adaptation, aligning with other studies on
SL production via SSF, which typically use this temperature as a stan-
dard operating condition (Rodriguez et al., 2021; Jiménez-Penalver
etal., 2016). At 35 °C, OUR decreased, suggesting that microbial growth
is reduced at high temperatures. This effect was even more pronounced
at 38 °C, where OUR dropped by 64% compared to 30 °C, confirming the
strain’s thermal sensitivity. On the other hand, at 20 °C, an extended lag
phase was observed, during which OUR remained low. Although cells
eventually adapted, the overall metabolic activity remained limited. The
lowest OUR values were recorded at the temperature extremes (20 °C
and 38 °C), accompanied by significantly reduced CFU counts—up to
one order of magnitude lower than at optimal temperatures.

The values from the exponential phase were used to calculate the
specific growth rate at each temperature (Fig. 5B). Eq. 5, a commonly
applied correlation to model microbial growth in SSF systems
(Hamidi-Esfahani et al., 2004) was fitted to the experimental data
yielding the following parameters: A = 4.11 x 10" s !, B = 8.78 x 10,
Epp = 68577 J mol ™!, Exp = 27444 J mol .

-E
1 Ax €xp <R[T+§173]>

Hope 1 1 B x exp(ﬁ)

Hr (5)

At 35 °C, p decreased by 33% compared to the 30 °C and at 38 °C, it
dropped to a level comparable to that observed at 20 °C. These results
suggest that growth outside the 20-38 °C range is negligible, supporting
the suitability of the selected range for kinetic modelling.

3.4.3. Growth dependence on water content

Moisture is another key parameter influencing the specific growth
rate, as observed in previous studies. In this work, OUR, total CFUs, and
specific growth rate were analysed at the reference moisture level (75%
of water holding capacity, equivalent to 0.923 g water g~! dry solids)
(Rodriguez et al., 2021), as well as at two additional levels: 50%
(0.635 g water g~ ! dry solids) and 90% WHC (1.095 g water g ! dry
solids). Fig. 6 shows the OUR profiles obtained for these three condi-
tions. The OUR at the reference value reached a higher peak, and the
exponential phase is shorter compared to the other conditions. At 50%, a
longer lag phase was observed, indicating that the low moisture content
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Fig. 6. OUR profile at different values of water holding capacity.

delayed microbial adaptation. Nevertheless, OUR values at 50% were
higher than those observed at 90%. At 90%, the lag phase was similar to
the reference value, but the OUR values obtained were lower.

The effect of moisture content on the specific growth rate was
quantified using Eq. 6, resulting in a coefficient of determination (R) of
0.987:

By = 0.73W; —0.264 (6)

At 50% WHC, the specific growth rate was a 46.9% lower than the
reference value observed at 75% WHC. In contrast, increasing the
moisture content to 90% led to a 29.1% increase compared to the
reference. At 50%, the specific growth rate reached values similar to
those obtained at 20 and 38 °C. This indicates that the moisture content
of the solid is a critical parameter during fermentation, when the solid
loses moisture by convection affecting the growth of the microorganism.

3.5. Yields

3.5.1. Heat yield from growth

Another key parameter is the yield relating metabolic heat produc-
tion to oxygen consumption. This value, closely linked to microbial
growth, was experimentally determined under specific conditions for
fermentation. Monitoring the OUR is essential, as it reflects both mi-
crobial activity and heat generation potential. Calorimetric experiments
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conducted in this study yielded a value of 9400 J g™ 05 + 263 J g~ 0.
Literature reports a value of 16250 J g1 O, for Aspergillus niger(Finkler
et al., 2021) and a value of 14375J g’1 Oz (Cooney et al., 1968).
Although few reference values are available, the value obtained in this
work falls within a reasonable range relative to previously reported
data. These results highlight the importance of experimentally deter-
mining system-specific values.

This heat yield from growth must be expressed in biomass mass units
rather than in terms of oxygen consumed. This conversion can be ach-
ieved through both experimental and theorical approaches. One of the
methods involves using a coefficient that relates biomass to oxygen
consumption: 1.314 kg of oxygen consumed per kg of biomass was ob-
tained by the kinetic study showed in Fig. 4. Then, the calculated heat
yield from growth is 1.24 x 107 J kg~! biomass.

On the other hand, the heat yield from growth can be calculated
using the methodology developed by James E. Bailey and David F. Ollis
(James and Bailey). For this approach, the elemental composition of
S. bombicola, determined through C, H, N, S elemental analysis, was used
to rewrite its empirical formula. The cellular composition was quantified
in molar percentages, and these values served as the basis for recalcu-
lating the remaining stoichiometric coefficients in the overall reaction
equation. The following equation was the result of this analysis.

CH; 79Np140062 +1.140,—CO, + 0.07N; + 0.9H,0 7

Eq. 8 represents the estimation of the metabolic heat produced per
unit of biomass based on the overall stoichiometry of biomass oxidation
in Eq. 7. The calculation uses the stoichiometric coefficients for biomass
and oxygen consumption, together with the metabolic energy released
per mole of oxygen consumed (3.01 %10° J mol ™! 0,), which corre-
sponds to the value of 9400 J g™* O,, as determined from the calori-
metric experiments described above. The total biomass mass is
estimated from the elemental composition of the biomass (C, H, N, O).
Thus, the heat produced per kilogram of biomass is obtained as:

(1.14mo0l0,)(3.01x105—% )

molO,

12+ (1.79)(1) + (0.14)(14) + (0.62)(16) g

— 7
= 1.34x10 kg biomass

(8)

This approach allows converting the heat released per mole of oxy-
gen consumed into a specific heat production coefficient (J kg™*
biomass), which is then used in the energy balance for the SSF system.

Both yields values obtained are very similar and fall within the range
of values reported in the literature (Finkler et al., 2021; Casciatori et al.,
2016; Von Meien and Mitchell, 2002). A sensitivity analysis performed
in the Section 3.7 will help to choose the suitable value. Although only
two specific yield values are commonly cited, they are frequently
applied across SSF modelling studies regardless of the microorganism
involved. For instance, a yield of 8.36 x 10° J kg~ biomass determined
for Rhizopus oligosporus (Sargantanis et al., 1993) was also used in a
modelling study involving the thermophilic fungus Myceliophthora
thermophila (Casciatori et al., 2016). Similarly, a yield of 1.54 x 107 J
kg’1 biomass from Gibberella fujikuroi (Mitchell, 2006) was adopted in a
model simulating Aspergillus niger (Finkler et al., 2021). Based on the
stoichiometric equation for the growth of S. bombicola, the yield of water
produced per unit of biomass can be calculated. The resulting yield is
0.63 kg water kg! biomass.

3.5.2. Basal metabolic heat

The term corresponding to metabolic heat production of the solid
phase in the energy balance was modified because it commonly assumes
that heat production depends mainly on the heat produced linked to
biomass growth (Casciatori et al., 2016; Von Meien and Mitchell, 2002).
However, this formulation implies that if there are no changes over time
in biomass concentration, the metabolic heat term becomes null. While
this may be appropriate for modelling the exponential growth phase, it
fails to capture metabolic heat production during the stationary phase.
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In the present study, where the target product is a secondary metabolite
predominantly synthetized during the stationary phase, it was essential
to incorporate this stationary stage into the model. To address this
limitation, a basal heat production term was incorporated to represent
ongoing cellular respiration and maintenance, which continue to pro-
duce heat even after the maximum biomass concentration has been
reached. This modification is consistent with experimental data showing
sustained metabolic heat production beyond the growth phase. The
mathematical formulation of this maintenance-associated heat term is
provided in the supplementary material (S8). This yield was determined
based on the OUR and biomass profiles obtained during the time course
experiment, specifically within the 72-96 h range. This period corre-
sponds to the temperature range where the biomass derivative remains
constant. The residual metabolic heat term was found to be 110 W kg ™!
biomass.

3.5.3. Substrate/biomass and product/substrate yields

During the solid-state fermentation process, S. bombicola uses
glucose as a hydrophilic carbon source for growth during the exponen-
tial phase. In contrast, SL production requires the metabolism of a hy-
drophobic carbon source, which in this study is the oil present in the
winterization oil cake. Although the yeast can also grow on glycerol
released from triglyceride hydrolysis, for simplification, it was assumed
that growth occurs only on glucose, while fat is hydrolysed during the
stationary phase, coinciding with SL production.

The glucose/biomass yield, Yg/p, defined as the amount of glucose
consumed per unit of biomass produced, was determined under refer-
ence conditions (30 °C and 75% WHC), yielding 2.88 g glucose g™?
biomass (Supplementary material Figure S3). Substrate/biomass yield
reports for S. bombicola in SSF are scarce in the literature. A value of
2.17 g glucose g~ ! biomass has been reported for SmF using in a 1 L
shake flasks (Ribeiro et al., 2013), which is 24% lower than the value
obtained here. In SmF, the homogeneity of the liquid medium facilitates
enhanced substrate availability and uptake. In contrast, the inherent
heterogeneity of SSF results in the development of nutrient concentra-
tion gradients, limiting substrate availability and accessibility to the
biomass. This difference in glucose distribution is a key factor explaining
the disparity in yield between the two systems. Moreover, such gradients
can cause localized metabolic variations, which remain a major chal-
lenge in SSF scale-up (Rahardjo et al., 2006).

Previous studies on SL production through SSF have highlighted the
critical role of fat content in enhancing yield. In particular, one study
reported that an optimal hydrophobic to hydrophilic substrate ratio of
1:4- corresponding to the highest fat and lowest sugar content — resulted
in the highest SL production (Jiménez-Penalver et al., 2016). Similarly,
in a comparative analysis using various hydrophobic waste-derived
substrates, the oil cake with the highest fat content led to the greatest
SL yield, further reinforcing the importance of fat-rich substrates in
optimizing SL biosynthesis under SSF conditions (Eras-Munoz et al.,
2024). In fact, SL biosynthesis begins with lipase activity, which pro-
motes the liberation of fatty acids, as SL production is directly linked to
fats degradation during the stationary phase of fermentation (Celligoi
et al., 2020).

For this reason, in this study, two key yields were determined: the
crude SL yield based on consumed fat. Notably, studies in the literature
frequently report SL production yields related to the total amount of the
substrates consumption, such as 0.175 g SL g*1 substrate (Parekh et al.,
2012). However, specific data on crude SL yield relative to fat utilized in
fermentation are limited. Under the evaluated fermentation conditions,
ayield of 0.73 g crude SL g~! fat was obtained (Supplementary material
Figure S4). These results are consistent with a previous study using the
same substrates, where a yield of 0.8085 g SL g™ ! fat was reported
(Jiménez-Penalver et al., 2016). The composition of the oil-
—particularly fatty acid chain length and degree of unsaturation—has
been shown to significantly influence SL production (Felse et al., 2007).
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3.6. First simulations of the mathematical model

Once all system-specific parameters had been determined, they were
validated by comparing the mathematical simulation with the experi-
mental temperature data measured at three axial positions (z/L=0.18;
z/L=0.55 and z/L=0.91) and three radial positions (r/R=0; r/R=0.5; r/
R=1) of the reactor. The implemented mathematical model was based
on the same mass and energy balances described by Casciatori et al.,
(Casciatori et al., 2016) considering the modifications specified in sup-
plementary material (S8).
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Fig. 7. Experimental and simulated profile of the solid temperature and OUR
along the axial axis of the reactor.
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At the bottom part of the reactor (z/L=0.18) (Fig. 7), both the
temperature and oxygen consumption profiles exhibited exponential
increases during the first 24 h of fermentation. The rise in oxygen con-
sumption is correlated with glucose consumption, which promoted
biomass accumulation within the reactor and raised the solid tempera-
ture due to the generated metabolic heat. A subsequent decrease of
approximately 2 °C at around 24 h coincided with the increase in airflow
rate, after which the temperature remained relatively stable, reflecting a
balance between metabolic heat generation and heat dissipation. Two
temperature peaks were observed, due to direct sunlight entering the
laboratory. The simulated profile followed the same pattern, with an
initial increase followed by a pronounced decrease after 24 h. However,
the maximum simulated temperature was ~7 °C lower than the exper-
imental, and the model predicted a sustained decline of ~28 °C, sug-
gesting an overestimation of energy losses associated with water
evaporation from the solid to the air. This aligns with previous studies
predicting the lowest temperature in the bottom of the reactor
(Rodrigues et al., 2022). As mentioned above, the effect of direct sun-
light was also captured by the simulations, though the predicted peaks
were smaller, likely because the room temperature sensor remained
shaded and did not reflect the higher wall temperatures caused by solar
exposure. This effect was observed across all three axial positions within
the reactor.

Fig. 7 (z/L=0.55) presents the OUR, the experimental solid-phase
temperature at the reactor centre, and the simulated temperature pro-
file for the 22-L bioreactor. The temperature peaked at 42.5 °C,
exceeding the optimal growth range and the critical threshold of 38 °C
associated with cell death, as identified in the kinetic study. To mitigate
this rise, airflow was increased at 24 h, resulting in a 6.5 °C drop over
16 h. This decrease was attributed to enhanced convective heat transfer,
which facilitated dissipation from the solid to the gas phase. Subse-
quently, the temperature stabilized at 35-36 °C until the end of the
fermentation. This behaviour can be explained by several factors. First,
both oxygen consumption and biomass accumulation entered a sta-
tionary phase around 60 h, indicating a stabilization of biomass pro-
duction. Consequently, heat production became primarily associated
with maintenance respiration, which generates less metabolic heat.
These effects explain the ~6 °C drop observed between 24 and 40 h.
However, due to the low thermal conductivity of the solid substrate,
residual heat could not be fully dissipated, and the temperature
remained within this range until the end of the process.

Model validation against experimental data showed good agreement.
Both experimental and predicted temperature profiles reached similar
peak values, with the model estimating a maximum value 2 °C lower
than the experimental measurement, which is considered acceptable.
The predicted peak occurred 5 h later than the experimental one, but
this discrepancy is within an acceptable range. Overall, the modelling
approach and the experimentally determined coefficients are considered
adequately validated. Both experimental and simulated profiles fol-
lowed a similar pattern in the upper section of the reactor (z/L=0.91).
The model overestimated the peak temperature by approximately 3 °C
without delays. The simulated response to increased airflow at 24 h was
consistent with the experimental observations.

The mathematical model was also validated at three radial positions.
Temperature sensors were placed at different radial locations along the
same axial level (z/L=0.5) to compare experimental measurements with
simulation results. Fig. 8 shows the experimental and predicted tem-
perature in three radial positions: at the centre (r/R=0), at the middle of
the radius (r/R=0.5) and in the internal wall of the reactor (r/R=1). The
model demonstrated a strong agreement with the experimental data
across all radial positions, successfully replicating all temperature peaks
observed during fermentation. Notably, it accurately predicted the
temperature at the reactor’s internal wall. Radial profiles revealed the
steepest gradients near the walls, with maximum values of 42 °C at r/
R=0 and 39 °C at r/R= 0.5, compared to 28 °C at the wall, indicating
that heat accumulates at the centre and dissipates outward.
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Fig. 8. Experimental and simulated profile of the solid temperature and OUR along the radial axis of the reactor.

To clarify the inclusion of the basal metabolic heat, Figure S5
(supplementary material) presents the experimental and simulated
temperature profiles at the three axial positions, considering a basal
metabolic heat equal to zero. At all three axial positions of the reactor,
the simulated temperature increased, however, the peak temperature
was lower than the experimental values. Furthermore, once this
maximum temperature was reached, the simulated profile decreased
abruptly until it approached the inlet air temperature. This temperature
dynamic occurs because the metabolic heat term in the balance is
directly related to the biomass growth. During the stationary phase,
however, the biomass remains nearly constant, causing this term to
become negligible. For this reason, the basal metabolic heat term during
the stationary phase of microbial growth was incorporated into the
energy balance of the solid phase.

Although the model accurately predicts the solid temperature pro-
file, this is only a first step in the modelling process. To validate the
reliability of the estimated parameters and assess the model’s suitability
for scale-up, a sensitivity analysis is required. This analysis helps iden-
tify how variations in specific parameters and operating conditions
affect the model’s predictions.

3.7. Sensitivity analysis

The mathematical model includes numerous parameters that influ-
ence the accuracy of its predictions. To evaluate the impact of each, a
sensitivity analysis was performed using both experimentally deter-
mined and literature-based values. The Euclidean norm and absolute
error between the experimental and simulated solid temperatures at the
centre of the reactor were calculated. The parameters selected for
analysis included the specific heat capacity, thermal conductivity, heat
yield from growth, microbial kinetic parameters (specific growth rate, A,
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B, Ea1, Eas), and the mass and heat transfer coefficients. Each parameter
was varied by —50%, —25%, + 25%, and + 100% from its experimental

Table 2

Euclidean norm and absolute error of the sensitivity analysis. For reference
values, Norm is 92.23 °C and error is 2.38%.

Parameter Reference Norm (°C) and absolute error (%)
value
-50% - 25% + 25% + 100%

Heat capacity (J 1.55 88.30 90.58 95.11 101.25

g loc™ 2.32 2.36 2.45 2.55
1.65 88.72 91.16 96.05 101.30
2.33 2.37 2.47 2.87

Thermal 0.127 84.97 88.72 97.99 116.09
conductivity 2.23 2.31 2.51 2.87
W m! ocfl)

Heat yield from 1.24 x 107 144.72 112.86 93.20 138.99
growth (J kg™ 3.45 2.62 2.46 3.25
biomass) 1.34 x 107 137.87 106.49 97.32 152.75

3.28 2.46 2.54 3.58

Specific growth 0.39 274.42 257.34 235.76 233.43
rate (h ™) 7.44 7.11 6.51 6.11

A (s’l) 4.11 x 107 154.77 113.68 86.50 113.14

3.13 2.58 2.35 291
B 8.78 x 10" 93.91 93.15 93.40 98.26
2.52 2.46 2.34 2.30
Ea; (J mol™1) 68577 571.36 495.14 405.24 407.49
8.65 8.51 11.15 11.21
Eaz (J mol™) 27444 407.49 407.49 160.85 160.85
11.21 11.21 3.40 3.40

Mass transfer 0.0019 92.46 92.33 92.10 91.79
coefficient 2.39 2.38 2.37 2.36
(]

Heat transfer 9790 93.03 93.32 92.15 92.44
coefficient (W 2.41 2.36 2.37 2.39

m—l cc—l)
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value. Results are summarised in Tables 2 and 3. For this, we will focus
on the temperature profile of the solid, which is a crucial variable for
reactor scale-up.

The first parameter analysed was the specific heat capacity of the
solid. As mentioned above, the experimental range was 1.55 and
1.65 J g~ ! °C™L. When no variation was applied to this parameter, the
predicted norm temperature and absolute error were 92.23 °C, and
2.38%, respectively, for a value of 1.55 J g’1 °Cc1;93.00 °C and 2.40%,
respectively, for a value of 1.65 J g~! °C™1. As observed in Table 2, an
increase in specific heat capacity led to higher norm and absolute error
values, however, the maximum variability between these values was
approximately 10%, indicating that this parameter is not sensitive
within the model. Given the negligible difference, a value of 1.55 J g~*
°C~! was selected for further analyses. In this case, the reported biblio-
graphic range for specific heat capacity (1.45-3.14Jg ! °C™1) lies
within the range observed in the tests (Vauris et al., 2022).

A similar pattern was observed for thermal conductivity, although
with higher variation (up to 20%). Increasing thermal conductivity led
to a simulated temperature profile that underestimated experimental
data, due to enhanced heat dissipation. For example, using the literature
value of 0.747 Wm~1°C! (porosity 0.321) resulted in a norm 59.87%
higher than the one obtained with the experimental value (porosity of
0.88 m® voids m™3 bed). These results highlight the importance of
selecting reference values aligned with the physical properties of the
specific SSF system (e.g., porosity, moisture).

In contrast, modifying the heat yield from growth had a strong
impact, with changes in the norm and error reaching up to 50%
(Figure S6). Higher yields increased solid temperature due to greater
metabolic heat generation, while lower yields produced the opposite
effect. Literature values of 8.36 x 10° J kg~! biomass and 1.54 x 107 J
kg_1 biomass (Finkler et al., 2021) fall within the tested range. These
results highlight the strong influence of this parameter on model accu-
racy and suggest that relying solely on literature values may lead to
significant deviations from experimental data.

Similarly, the model proved highly sensitive to variations in the
specific growth rate of S. bombicola under SSF conditions, with norm and
error values increasing up to 2.5-fold (material supplementary
Figure 7). Using the SmF-based value of 0.14 h™? resulted in substantial
norm and error increases (Table 3), reinforcing the need for system-
specific experimental determination.

The equation that relates the specific growth rate to temperature
involves four parameters (A, B, Ex; and Ep»). Varying A by + 25%
slightly improved the norm, but a + 100% increase raised the norm by
22.7%, while a —50% decrease raised it by 67.8%. Using the

Table 3
Euclidean norm and absolute error of bibliographic values.
Parameter Value Norm/ Reference
Error
Thermal 0.747 229.83/ (Khanahmadi et al., 2005)
conductivity (W 6.25
mlec
Specific growth rate ~ 0.14 290.47/ (Garcia-Ochoa and Casas,
k™ 7.77 1999)
A (s’l) 2.69 x 107 232.99/ (Casciatori et al., 2016)
6.19
B 1.30 x 10%7 94,78/ (Finkler et al., 2021; Casciatori
2.33 et al., 2016; Von Meien and
Mitchell, 2002)
Ea1 (Jmol™ 1) 70225 167.79/  (Casciatori et al., 2016)
3.28
Ear (J mol’l) 28336 122.89/ (Casciatori et al., 2016)
2.95
Mass transfer 0.00021 92.70/ (Finkler et al., 2021)
coefficient (s~ 1) 2.40
Heat transfer 16842 92.54/ (Finkler et al., 2021)
coefficient (W 2.39

m—l ocfl)

632

Chemical Engineering Research and Design 228 (2026) 621-634

bibliographic value of 2.69 x 107 s! resulted in a 6.19% error. In
contrast, variations in B had negligible effects, suggesting that this
parameter does not require precise experimental determination. On the
other hand, the activation energy terms showed high sensitivity to the
model, confirming their critical role in describing temperature depen-
dence (Table 2). Small variations led to large deviations in the model
output, indicating that both coefficients must be estimated
experimentally.

Mass and heat transfer coefficients showed minimal effect on the
solid temperature profile. Their variation did not significantly change
norm or error values, although minor effects were observed in other
variables, such as moisture content. Similar outcomes were obtained
when using the bibliographic values reported by Finkler et al., (Finkler
et al., 2021).

As shown in the previous section, the addition of the basal metabolic
heat term proved to be critical, as confirmed by sensitivity analysis. For
instance, at the central point of the reactor, the calculated norm was
92.23 °C with an error of 2.38% when basal metabolic heat was
considered, whereas omitting this term resulted in a norm of 299.52 °C
and an error of 7.73%.

Despite the continued use of literature-derived reference values in
recent SSF modelling studies, this sensitivity analysis helps clarify which
parameters must be experimentally determined for each specific system,
and which can potentially be taken from existing data — particularly in
the case of temperature prediction at the centre of the reactor. As pre-
viously discussed, thermal properties such as specific heat capacity and
thermal conductivity showed only minor effects on the Euclidean norm
and absolute error compared to reference values (92.23 °C and 2.38%).
For example, varying the specific heat capacity within the bibliographic
range resulted in changes of less than 10%, suggesting that this
parameter does not significantly influence the temperature profile.
Similar observations have been reported in previous studies, where
changing the heat capacity from 1.0 to 4.0 J g~ °C~! had negligible
effects on solid temperature (Sangsurasak and Mitchell, 1998). Likewise,
using literature values for thermal conductivity—appropriately adjusted
to porosity and moisture—did not lead to substantial deviations. In
another study, varying thermal conductivity from 0.03to 1 Wm ™ °C™!
also showed minimal influence (Sangsurasak and Mitchell, 1998). In
summary, thermal property coefficients do not appear to require precise
experimental determination, and bibliographic values may be consid-
ered acceptable—provided they are adapted to the physical character-
istics of the system. This may help reduce the number of required
experimental analyses and associated costs. The same applies to the
mass and energy transfer coefficients, which showed low sensitivity in
the model.

However, when multiple bibliographic values are applied simulta-
neously, specifically, using the thermal and transfer parameters reported
by (Casciatori et al., 2016) while maintaining our own microbial kinetic
data, the cumulative effect becomes significant. Under these conditions,
the norm increases to 175.98 °C and the absolute error to 4.74%,
approximately doubling the baseline values, despite the microbial pa-
rameters being kept constant. This illustrates that even relatively
insensitive parameters can collectively introduce substantial deviations
if not selected carefully.

Figure S8 (supplementary material) compares the simulated tem-
perature profiles obtained using experimentally determined model pa-
rameters, bibliographic parameters, and the experimental temperature
profile. The bibliographic parameters used were taken from Casciatori
et al., (Casciatori et al., 2016) and included thermal properties such as
specific heat capacity (1.70Jg™! °C™!) and thermal conductivity
(0.065 Wm™! "C’l), as well as microbial growth-related parameters:
heat yield from growth, activation energies Ex; (70225 J mol 1) and Ex,
(283356 J mol_l), and the pre-exponential factors A (2.69 x107 s7H
and B (1.30 x10%) used in the temperature-dependence growth equa-
tion. The experimental value for the specific growth rate was retained.
As observed above, the results clearly demonstrate that the model using
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experimental parameters provides a significantly better fit to the
experimental data, particularly in predicting both the magnitude and
timing of the temperature peak. While the simulation based on biblio-
graphic parameters captures the general trend, it underestimates the
maximum temperature and exhibits an earlier decline than observed
experimentally. This discrepancy highlights the importance of param-
eter determination under specific experimental conditions, especially in
SSF processes, where heat generation is closely tied to microbial meta-
bolic activity and system-specific factors such as porosity, moisture
content, and heat transfer.

On the other hand, all parameters related to microbial kinet-
ics—including the heat yield associated with growth—must be deter-
mined experimentally for each SSF system. Even when literature values
originate from the same microorganism, the physiological differences
between SmF and SSF can render them unsuitable. Our sensitivity
analysis confirms that such discrepancies result in high norm values,
which preclude their direct application. Consequently, relying on kinetic
data from other strains or processes is not a viable strategy. A thorough
experimental characterisation of microbial kinetics is therefore essential
prior to modelling, as these parameters have the strongest impact on the
predicted solid temperature and are the most sensitive components of
the model.

4. Conclusions

This study proposes and implements a comprehensive methodology
for the determination of critical parameters for the mathematical
modelling of solid-state fermentation systems. Focusing on SL produc-
tion using S. bombicola, the methodology integrates experimental
determination of microbial kinetics, thermal properties, and transfer
coefficients into a two-phase model. The experimentally determined
values were: specific heat capacity of 1.55 J g~* °C™1, thermal conduc-
tivity of 0.127Wm™!' °C™!, heat transfer coefficient of 9790
+2.25 Wm~2 °C™!, mass transfer coefficient 0.00189 + 0.00078 s},
metabolic heat yield of 1.34 x 107 J kg~! biomass and a specific growth
rate of 0.389 h™!.The model accurately predicts the temperature profile
in a 22-L bioreactor, and the sensitivity analysis highlights the strong
influence of microbial growth parameters and heat yield on model
performance. In contrast, parameters such as specific heat capacity,
thermal conductivity, and mass and heat transfer coefficients showed
limited impact and may be estimated from literature when appropriately
selected. In addition, when literature-based parameters were used, the
resulting temperature profile showed lower agreement with experi-
mental data. In contrast, employing experimentally determined pa-
rameters provided a closer approximation to the experimental
temperature profile, highlighting the relevance of using specific values
to improve accuracy. This dual outcome — a robust methodology and
specific values for SSF-based SL production — provides a valuable tool
for future model-based scale-up and optimization of similar SSF
processes.
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