Pre prints.org

Article Not peer-reviewed version

Determination of Variable Humidity
Profile for Lactic Acid Maximization in
Fungal Solid-State Fermentation

Maria Carla Groff - , Sandra Edith Noriega , Laura Rodriguez , Benjamin Kuchen , Gustavo Scaglia
Posted Date: 22 March 2024
doi: 10.20944/preprints202403.1330.v1

Keywords: dynamic optimization; lactic acid; Rhizopus oryzae; solid-state fermentation; variable humidity
profile

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions.of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 March 2024 d0i:10.20944/preprints202403.1330.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Determination of Variable Humidity Profile for
Lactic Acid Maximization in Fungal Solid-State
Fermentation

Maria Carla Groff 123*, Sandra Edith Noriega 4, Laura Rodriguez !, Benjamin Kuchen 12 and
Gustavo Scaglia 23

I Instituto de Biotecnologia, Facultad de Ingenieria, Universidad Nacional de San Juan (IBT-FI-UNS]J), San
Juan 5400, Argentina; mcarlagroff@gmail.com (M.C.G.); laurirodriguez@gmail.com (L.R);
benjaminkuchen@gmail.com (B.K.)

2 Consejo Nacional de Investigaciones Cientificas y Técnicas (CONICET), Buenos Aires 1425, Argentina;
gscaglia@unsj.edu.ar (G.S.)

3 Instituto de Ingenieria Quimica, Facultad de Ingenieria, Universidad Nacional de San Juan (IIQ-FI-UNS]J),
San Juan 5400, Argentina

4 Instituto de Investigaciones en Ciencias Quimicas, Facultad de Ciencias Quimicas y Tecnolégicas,
Universidad Catolica de Cuyo (IICQ-FCQT-UCCuyo), San Juan 5400, Argentina; sandraneb@yahoo.com
(SEN.)

* Correspondence: mcarlagroff@gmail.com; Tel.: +54 9 264 543-6303

Abstract: Solid-state fermentation (SSF) is the bioprocess where microorganisms are cultivated in the absence of
free water under control conditions. Lactic acid can be produced by fermenting grape stalks with Rhizopus oryzae
in SSF. During the microorganism growth, the temperature and water content of the solid bed fluctuate, leading
to areas of either dry or excessive moisture in the solid substrate. Therefore, it's crucial to control the supply of
water to the matrix. In this work, we obtain lactic acid through SSF of grape stalks using Rhizopus oryzae NCIM
1299. The SSF was conducted at a fixed temperature of 35 °C, with three constant relative humidity levels: 50, 65,
and 80 %RH. Mathematical models, including the Logistic and First Order Plus Dead Time models for fungal
biomass growth and the Luedeking and Piret with Delay Time model for lactic acid production, were adjusted
to kinetic curves. Growth kinetic parameters (Xmax, pmax, Tp, To, Ypx and td) were determined for all conditions.
These kinetic parameters were then correlated with relative humidity using a second-degree polynomial
relationship. We observed a decrease in Xm« with increasing %RH, while the value of Yy« increased at
higher %RH. Finally, the optimal variable relative humidity profile was obtained by applying the Dynamic
Optimization Technique, resulting in a 15.30% increase in lactic acid production.

Keywords: dynamic optimization; lactic acid; Rhizopus oryzae; solid-state fermentation; variable humidity profile

1. Introduction

The transition towards an eco-friendly world has been a topic of discussion for many years.
However, efficient strategies must be implemented for a sustainable planet to become a reality in the
short term. Based on this, the bioeconomy suggests the development of green technologies for a
sustainable production of bioproducts from agricultural wastes, emerging as a sustainable alternative
to traditional linear production [1]. Agricultural wastes are the residues from the growing and
processing of raw material such as fruits, vegetables, meat, poultry, dairy products and crops [2].
They can be solid, liquid or slurries and their characteristics define the type of processing to be
applied: energy production (by incineration), composting, animal feed, extraction of added value
compound (bio-compounds) or inoculation with appropriate microorganisms (bacteria, yeasts or
fungi) to obtain metabolite by biotransformation [3].

As can be observed, from the vast majority of alternatives that can be applied to the valorization
of agro-industrial waste, bioprocesses are part of a promising, profitable, and viable alternative to
obtain a wide variety of biobased products. The development of biobased products promotes a
sustainable economy without dependence on petrochemical-derived fuels, representing an estimated

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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market volume of USD 429.5 billion in 2024, with a compound annual growth rate (CAGR) of 6.96%
(2024-2029) [4]. Despite the growth trend of this market, it is considered that it has not yet taken off
due to the difficulty in: obtaining affordable and sustainable raw materials from reliable sources,
ensuring good yields at larger scales, and having a concrete demand from consumers [5]. Therefore,
biotechnological advances are crucial to reducing production costs, improving yields, and making
this market attractive to future investors.

A significant contribution that would enhance the biotechnological advances is the
implementation of optimization and control strategies for bioprocesses. Process control is a necessary
tool to ensure the stability of any system, including bioprocesses, as they are regulated by a complex
interaction between the physical, chemical, and biological conditions of the fermentation
environment and the biochemical processes that occur within microorganisms [6]. Bioprocesses can
take place in liquid phase (submerged fermentation, SmF) or solid phase (Solid State Fermentation,
SSF), with SmF being more widely used because different large-scale operations are easier to carry
out in liquids: such as pumping, sterilization and parameter control [7]. However, SSF has advantages
that make it a tempting bioprocess: the use of a small amount of water in the process and high
metabolite volumetric productivity [8].

Lactic acid (LA) is one of the few biobased organic acids that can be produced by fungal SSF
from different inexpensive agricultural residues and food waste, such as sugarcane bagasse and juice,
corn grain, among others [9]. Since a few years ago, various biotech companies have been actively
investing in the commercialization of bio-based LA, such as: NatureWorks LLC (United States),
Corbion-Purac (The Netherlands) and Galactic S.S (Belgium). The most significant demands for LA
in the global market come from the food industry, cosmetics, and pharmaceuticals, having gained
great importance in recent years its use as a precursor of the biopolymer polylactic acid (PLA), and
also its use as a fundamental part of Natural Deep Eutectic Solvents (NADES) being a type of green
solvents [10].

The performance of SSF can be affected by biological factors (type of microorganism, inoculum
concentration, type solid substrate type), physicochemical factors (moisture content of the solid bed,
pH, temperature, aeration, particle size, gas composition), and mechanical factors (application or
absence of mixing and type of bioreactor employed) [11]. Based on this, it is necessary to ensure that
the temperature and moisture of the solid bed are maintained within an operational range that favors
the growth of the microorganism and the production of the bioproduct [12].

Temperature and relative humidity (or moisture of solid substrate) tend to fluctuate significantly
in SSF due to the heterogeneity present in the system (characterized by the existence of gas phase,
low moisture phase and agro-industrial solid). This complexity adds difficulty to the phenomena of
heat and matter transfer, resulting in localized temperature increases and humidity decreases (due
to water evaporation and microbial consumption), which negatively influences the growth of the
microorganism and the productivity of the bioproduct [13]. Therefore, matrix water supply should
be controlled.

In SSF bioreactors, it is most common to control the conditions of the inlet air, including flow
rate, relative humidity (RH), and temperature, to manage the conditions within the solid bed. This
can be done in two ways: either controlling the humidity of the air while keeping its temperature
constant, or controlling the temperature of the air while keeping its humidity constant [14]. However,
in most fungal SSF studies, the variation of the moisture solid substrate was manually studied,
conditioning its humidity at the beginning of fermentation, and then keeping a constant relative
humidity airflow [15-19].

The air conditioning configurations can vary from simple systems where air enters through a
blower, to a system with an air filter, followed by a humidification tank with porous plate
(humidifier); to alternatives where humidification columns are used, along with hot and cold water
tanks with solenoid valves that allow mixing these water streams to condition the air temperature.
The choice between one configuration or another will depend on criteria such as economic
performance, capital cost of the devices, and operational costs (blowing the air, heating or cooling the
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air, producing steam, and heating water) [14]. Based on this, it would be feasible and simple to use
air with a variable relative humidity percentage throughout the SSF.

In this study, we proposed a simple and innovative method aimed at maximizing LA production
derived from solid state fermentation of grape stalk (a byproduct of the wine industry in San Juan,
Argentina), employing Rhizopus oryzae NCIM 1299 (from Centro de Referencia de Micologia, Facultad
de Ciencias Bioquimicas y Farmacéuticas, Universidad Nacional de Rosario, Rosario, Argentina).

2. Materials and Methods

The general procedure for obtaining a variable relative humidity profile that maximizes LA
production is described in Figure 1:

d
Fungal % = fmax (1 - x:_m) X, X@ =X, 1)
; —_
Biomass ‘:_’:'+l‘l = ri na (E — £g), X(0) = X, )
— L4 »
Lactic - P
o adad R PO)=F, =0 ()
Max : R2

Hybrid technique

PARAMETRIC _ R T R :
IDENTIFICATION @_lll D W et ittty © W

Monte Carlo  Genetic Algorithm "‘

2 grade polynomial
model

quality and inequality constraints

Ymax > 0 1/h 5 ¥pg, > 0.008 g DB /g GS

OPTIMAL CONTROL
PROBLEM

Initial conditions

Objective function
+ X, = 0.008 g DB/g GS + tp =0h ; £ =0h

Max @ J =[LA(t)]
P, =0glA/zGS Y, #0gLA/gDB ; t; 20k
T —35°C
RH vs time 50% = RH = 809%
Orthogonal Polynomial | - —
and Fourier Series |
technique -

Figure 1. Procedure applied to obtain the variable relative humidity profile of the SSF to maximize
LA production. Where: dX/dt: R. oryzae growth rate [g dry biomass/g dry grape stalk-h, g DB/g GS-h],
X: fungal biomass concentration obtained for a specific amount of time [g DB/g GS]; pimax: maximum
specific growth rate [1/h]; Xmax maximum biomass concentration [g DB/g GSJ; Xo: R. oryzae inoculum
[g DB/g GS], to: the time range in which there is no fungal biomass growth (latency phase) [h]; tp: the
parameter of the bioprocess that provides information on the speed of growth up to Xmax [h]; dP/dt:
the LA production rate [g LA/g GS-h]; Ypx: the LA yield [g LA/g DB]; Po: the initial LA concentration
[g LA/g GSJ; td: the time difference between when LA production and biomass generation starts [h]
and t: time [h].

2.1. Experimental Data of SSF

As shown in Figure 1, the workflow diagram of the study was based on experimental data from
the growth kinetics of R. oryzae NCIM 1299 1299 on grape stalk. Growth experiments were conducted
in Petri dishes by membrane filter culture system, using grape stalk (as solid substrate) and agar agar
(as gelling agent), methodology detailed in [20]. This system was used because it mimics the
conditions in SSF and it is a simple manner to collect the biomass off the filter without penetrating
through the structure of the grape stalk. Samples were taken every 12 h, and the dry biomass of R.
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oryzae was quantified by gravimetry [16] and the concentration of LA by spectrophotometric
technique [21].

It was chosen to work by manipulating the ambient relative humidity (RH) and not the moisture
substrate, because RH is the manipulable parameter in a bioreactor through the injection of saturated
air into the bioprocess, whereas moisture substrate can be conditioned at the beginning of the SSF
and maintained at an optimal level using humidified air [22]. Therefore, it can be assumed that the
solid substrate and the fungus are at the ambient temperature and relative humidity of the air in the
incubation chamber due to the following considerations:

a) To avoid the effect of the moisture gradient that may occur in the substrate of SSF, agar was
chosen as it is a strong gelling agent with a high water retention capacity (up to 20 times its own
weight) [23]. Additionally, a sufficient layer of culture medium (Agar+GS) was placed to ensure
that it does not influence mass transfer effects.

b) The nylon filter (0.2 um porosity) placed between the culture medium and the fungus allows the
fungus to grow under the existing ambient conditions above the nylon filter. However, at the
same time, the fungus is in indirect contact with the culture medium, which contains retained
water for the proper metabolic development of the fungus.

Three experiments were carried out in an incubator (SEMEDIC, L-291PH) with temperature and
humidity control, using a fixed temperature of 35 °C following three constant relative humidity
values: 50, 65, and 80 %RH. These conditions were chosen based on others fungal SSF works. Firstly,
a study on the effect of humidity (45 to 85% w/w) on the production of LA produced by R. oryzae in
pineapple residues was taken as a basis [18]. Also, in [19], the influence of wheat moisture on cellulase
production by Aspergillus oryzae was studied using four moisture levels, 50, 60, 70, and 80 %, while
maintaining the temperature constant at 35 °C. Another study utilized moisture levels of 30, 40, 50,
and 60 %, but also varying the temperature by 20, 30, 40 and 50 °C, to evaluate the effect of humidity
on enzyme production by Aspergillus niger [16].

2.2. Mathematical Modeling and Parametric Identification

Once the experimental data from the bioprocess were obtained, mathematical models were
chosen to adequately represent the kinetic behavior of fungal biomass production and lactic acid
production. Mathematical models were adjusted to these kinetic curves: on the one hand, the Logistic
(see equation 1 from Figure 1) and First Order Plus Dead Time (FOPDT) model (see equation 2 from
Figure 1) models were used to describe biomass generation, and on the other hand, the Luedeking
and Piret with Delay Time model (LPWDT) model (see equation 3 from Figure 1) was applied to
describe LA production [24,25].

In equations 1 to 3 of Figure 1, the kinetic parameters highlighted in yellow are those that need
to be optimized to obtain the best value of the coefficient of determination R? for each model: Xmax,
Hmax, tp, to, Ypx, and ta. To achieve this objective, a hybrid algorithm [26] was applied, which combines
a probabilistic method, Monte Carlo Method, that generates an initial population of parameters
randomly through a random algorithm and selects the best ones. Then, this group of parameters is
refined using an evolutionary optimization technique, Genetic Algorithm Method, which solves
search and optimization problems based on the genetic process of living organisms.

The mathematical models for each kinetic growth and LA production were fitting with Matlab
R2015a software.

2.3. Humidity Polynomial Relationship with the Kinetic Parameters

Once the values of the kinetic parameters that maximized the R? value of each mathematical
model were elucidated, they were related to the relative humidity using a second-degree polynomial
relationship:
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where £ is the kinetic parameter (pmax, Xmax, tp, to, and Ypx), a1, az, and as are the adjustment parameters,
and RH is the relative humidity. The Matlab R2015a curve fitting tool was used to obtain the graphs,
by applying a grade 2 polynomic regression.

Mathematically, polynomials can be applied to different systems under study, with no limitation
on application whether the substrate is liquid or solid. Our team has been working on polynomial
fitting in other systems, such as the biocontrol of wine spoilage yeasts and the study of the variation
of kinetic parameters obtained at different pH levels [27].

Regarding SSF, the use of polynomials was implemented to establish a relationship between the
kinetic parameters of mathematical models and relative humidity, rather than to describe the kinetics
of the fermentation process.

2.4. Optimal Control Problem Statement and Lactic Acid Maximization Using Dynamic Optimization

The statement of the optimal control problem (OCP) was established in Figure 1. The OCP
consists of setting the objective function, in our case, maximizing the concentration of lactic acid at
the end of the fermentation (120 h), by finding the optimal profile of relative humidity over time. To
do this, clear initial conditions, equality constraints, and inequality constraints of the bioprocess were
outlined (see Figure 1).

The set of kinetic parameters polynomials obtained previously, were the input data to obtain the
variable relative humidity profile. This profile was obtained applying the Dynamic Optimization
Technique, based on Fourier Series and Orthogonal Polynomials. The basis of this technique is to use
the first terms of the Fourier series to obtain a polynomial with a minimal number of parameters to
optimize. Then, a transformation is performed from the Fourier polynomial basis to an Orthonormal
basis. This results in a smooth relative humidity (RH) profile with low frequency (from a
mathematical perspective), providing a good representation of the system with a minimum number
of parameters to optimize. The complete mathematical description of this technique is sufficiently
detailed in [28].

Programming was carried out using Matlab R2015a software to obtain the variable relative
humidity profile.

3. Results and Discussion

3.1. Experimental Data of SSF, Mathematical Modeling and Parametric Identification

The Figure 2 presents the averages with their error bar of the R. oryzae experimental results at
the three % RH carried out:
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Figure 2. Mathematical models adjusted to R. oryzae growth kinetic curves at 50, 65 and 80 %RH.

It can be observed that there was not a significant difference in the growth kinetics carried out
at 65 %RH and 80 %RH levels, but a clear difference was observed at 50 %RH. This confirms that R.
oryzae NCIM 1299 preferred lower humidity levels for its proper development, indicating that SSF is
a suitable bioprocess for lactic acid production with this type of microorganism. This is further
confirmed by the values of the optimal kinetic parameters of the fitted models, as shown in Figure 2
and Table 1:

Table 1. Fungal growth kinetic parameters of mathematical models obtained at different constant
relative humidity.

Experimental R. oryzae Growth
Conditions Logistic Model FOPDT Model
T RH Xo Xinax Pmax R? ty to R?
50 0.080+0.002  0.270+0.008  82.77 4.50+0.12 7.00+£023 8355
35 65 0.008+0.002 0.065+0.002  0.370+0.011  91.68 3.50+0.11 3.00+£0.08 91.67
80 0.059+0.002  0.250+0.008  98.13  8.00+0.25 2.00+0.05 98.31

Regarding the adjustment of microbial growth models with the variation of RH, it is observed
that the R? values were similar for the Logistic model and FOPDT model, with a slight improvement
in R? when applying the FOPDT model. With these results, it is only reaffirming the convenience of
using the FOPDT model in the modeling of bioprocesses, due to the simplicity and wide knowledge
of this model in other branches of engineering, such as chemical or electronic processes, among others.

It is important to note that in the present study, no growth morphology variation was observed
in R. oryzae NCIM 1299 was observed, as it always grew in a mycelial form. In contrast, in the previous
study on the effect of temperature [25], there was a change in the morphology of the fungus, with
pellet growth observed at 40 °C and 50 %RH. This could indicate that there is no direct effect of RH
on fungal metabolism related to morphological changes, as is the case with temperature. Therefore,
it can be said that RH would not be a parameter to manipulate when studying the improvement in
LA productivity through the use of R. oryzae pellets.

Next, the Figure 3 presents the averages with their error bar of the LA experimental results at
the three RH carried out:
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Figure 3. Mathematical models adjusted to lactic acid production kinetic curves at 50, 65 and
80 %RH.

It can be seen that SSF carried out at 50 %RH and 65 %RH did not show significant differences
between them, while at 80 %RH, a considerable increase in LA production was observed. This could
be due to the fact that, at an 80 %RH, the fungus exhibited the lowest amount of biomass produced
(Xmax) compared to 50 %RH and 65 %RH (see Figure 2). This could be attributed to mycelium
compaction due to the high humidity content. Therefore, as biomass production was restricted, the
fungus dedicated itself to producing a greater quantity of the metabolite LA. This behavior was also
observed in [17], where the effect of humidity on the production of antioxidant naphtho-gamma-
pyrones and hydroxycinnamic acids by Aspergillus tubingensis in SSF was studied. Here, biomass
production decreased with increasing humidity, while metabolite production increased.

In Table 2, the models and parameters adjusted at each %RH worked on are presented:

Table 2. Lactic acid production kinetic parameters of mathematical models obtained at different
constant relative humidity.

Lactic Acid Production

Experimental Conditions Luedeking and Piret with Delay Time model
Logistic Model FOPDT Model
T RH Xo Yo/ R? Yyix ta R?
50 0.95 +0.027 8245 0.95+0.027 0 81.09
35 65 0.008+0.002 1.40 + 0.040 83.76  1.40+0.040 0 96.89
80 3.55 +0.370 8433 355+0.370 5+0.16 94.52

In all three conditions, there is an improvement in the R? values when using the FOPDT model
with LPwDT. The Yy values of both models clearly reflect the aforementioned suitability of working
at higher %RH to achieve higher AL productions, as shown in Figure 7.12. It is interesting to note
that at 80 %RH (see Table 2), there is a delay of f« =5 h, which reflects the difficult adaptation of the
fungus to high humidities, but which it later compensates with high LA yields.

3.2. Humidity Polynomial Relationship with the Kinetic Parameters

On page 237 of [29], Theorem 5.1.4 is found, which states that if a system is subjected to
presenting small variations in parameters, then the responses should not be very different from each
other. In this sense, if the RH changes very little, it is expected that the results will be very similar to
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the original experience. This suggests that if the parameters change following a certain function, this
function must be continuous with continuous derivatives. While the exact form of the function
representing the parameter variation is unknown by us, we can know that it will have the
aforementioned properties. Furthermore, it is possible to apply the Stone-Weierstrass Theorem
(Theorem 5.6, page 21, from [30]). This theorem states that real continuous functions defined on a
closed and bounded interval can be approximated as closely as desired by a polynomial. Additionally,
real-coefficient polynomials are dense in the set of continuous functions over a closed interval.

Based on this, a second-degree polynomial was chosen since the considered RH interval is 30 %
(from 50 to 80 %RH). In this interval, it is not expected that the parameters exhibit multiple local
maximum and minimum. What is expected is that the parameters show a maximum, a minimum, or
exhibit monotonic behavior, in which case the maxima or minima will be at the limits of the
considered interval. For all these reasons, a second-degree polynomial was used to fit the kinetic
parameters with temperature.

The need to use a higher order polynomial would be because we expect to obtain multiple
maxima and minima. It can be seen that the P3 polynomial of Legendre polynomials, for example,
has 3 roots in the considered interval; the P4 polynomial has 4 roots, and so on (Section 4.5, pages 226
to 230, from [31]). If we use more points to fit a higher order polynomial, it means that the parameter
could present, for example, two maxima and one minimum in the case of a 4th-order approximation,
which does not align with the assumptions of our work.

Therefore, Figure 4 shows the second-degree polynomials that related the variation of each
parameter versus relative humidity:
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Figure 4. Polynomial relation between the kinetic parameters and relative humidity.

As shown in Figure 4, a decrease in the value of Xux can be observed with the increase in RH,
which is consistent with what was reported in work [32], where they established that a higher water
activity in the solid bed favors fungal sporulation, while a lower water activity favors mycelial
growth. This could be due to an excess dissolution of the nutrients present in the SSF, which could
affect the amount of biomass obtained. Additionally, as reported in [33], in the case of aerobic fungi,
the increase in water content in the substrate hinders the stretching of the mycelium in the pores of
the solid substrate, since the oxygen diffusion rate in water is only 1/200,000 compared to that in air,
making the water film tension a limiting factor that affects mycelial extension. However, in [16] and

[34], the value of X increases with the increase in RH, although the humidity ranges studied were
from 30 to 60 % and from 45 to 65 %, respectively, considerably lower than those studied in the
present thesis, which ranged from 50 % to 80 % RH.
Regarding the FOPDT model kinetic parameters, it is observed that in relation to the parameter

tp, the best value (3.22 h) was obtained at 60.37 %RH, with the RH value being very close to that
obtained with the um« in Logistic model. In addition, a decrease in the value of to is observed with the
increase in %RH, reflecting a better adaptation of the microorganism with RH increases. Despite Xnuax
decreasing with increasing RH, contrary to the increase in to, it can be said that these are parameters
characterizing the behavior of the microorganism in different growth stages of the fungus, with fo
representing the adaptation phase of the fungus and Xwm representing the stationary phase. Therefore,

these relationships may be valid.

3.3. Lactic acid Maximization Using Dynamic Optimization

Once all the steps mentioned in Figure 1 have been applied, it is now possible to determine
whether the application of Dynamic Optimization technique achieves higher LA yields compared to
those obtained in the experimental phase. The variable RH profile obtained and the LA maximized

are shown in Figure 5:
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(a) (b)

Figure 5. Effect of RH profile application on LA production. (a) RH vs time (b) LA obtained at 80 %
RH and by applying a variable RH profile.

It can be clearly observed in Figure 5(a) that applying a variable RH profile results in savings in
terms of the amount of water required to humidify the SSF system. This can be estimated by
graphically calculating the area under the curve for both treatments, with 50 %RH as the lower limit
and 80 %RH as the upper limit, over the duration of the 120 h bioprocess. Thus, a 33 % decrease in
the amount of water required is obtained when applying the variable HR profile compared to the
constant profile (80 %RH). Therefore, the process with a variable RH profile would be more
environmentally friendly compared to the constant RH process.

It is important to note that most of the fungal SSF studies found so far have focused on the effect
of varying the initial moisture content of the solid substrate while keeping the humidified air flow
static throughout the bioprocess [15-19]. Furthermore, one study was proposed a humidity control
strategies based in capillary-water supply to control temperature and RH in SSF tray bioreactor [14].
No SSF studies with RH control strategies applying a variable RH profile were found. In this regard,
the present study is innovative as it proposes an alternative approach with a variable RH profile, a
biotechnological aspect that has not been extensively explored so far.

Figure 5(b) shows the LA production obtained after applying the dynamic optimization
technique compared to the LA production obtained at 80 %RH. It can be observed that the optimized
LA production accelerates from the beginning of the fermentation, with the parameter tz = 0. This
result indicates that the variable RH profile had a direct influence on the parameter t4, evidencing the
disappearance of a delay time between fungal biomass and LA production. Then, there is a clear
presence of an increasing ramp of LA production from 50 h, reaching 120 h with a 15.30% increase in
yield compared to the LA production curve at 80 %RH.

As mentioned earlier, manipulating the RH parameter is relatively easy, as the procedure for
injecting humid air is a simple technological process to implement [12]. Additionally, the humidified
air injection system allows for cooling of the system and provides oxygen in the case of aerobic SSF
[14]. Furthermore, implementing smooth and continuous variations of bioprocess parameters is more
suitable than applying step changes, as they can affect the final yield of the metabolite under study.

4. Conclusions

In this work, we presented a dynamic optimization strategy based on Fourier Series and
Orthogonal Polynomials, which allowed us to obtain a variable RH profile (smooth, continuous, and
differentiable) that maximized LA production. Under experimental conditions, the highest LA
production was 0.181 gLA/gGS at 80% RH and 35°C, while applying the variable RH profile resulted
in 0.2087 gLA/gGS at the end of the bioprocess, representing a 15.30 % increase. This optimized result
could not have been achieved without a methodologically appropriate approach in the experimental
stage, as it allowed us to fit mathematical models to the data obtained. The versatility of these models
lies in their ability to accurately represent reality, with intuitive and easy to calculate parameters. The
use of the hybrid parametric identification technique reduced the convergence time of the Matlab
R2015 software compared to traditional methods. The application of second-order polynomials to
relate the variation of kinetic parameters to relative humidity was appropriate and confirmed the
versatility of polynomials in describing the variability of kinetic parameters in a wide range of
biological systems. The strategy proposed in this work is considered to have great potential for
application in other bioprocesses, as they are generally nonlinear, highly variable, and complex
systems, as is the case of SSF. Based on the results obtained, our group intends to investigate in future
work the behavior of fungal bioprocesses for LA production by applying a variable profile of both
relative humidity and temperature. The objective will be to correlate the system's response to the time
variation of both parameters.
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