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ABSTRACT: Albeit bioprocess kinetics are typically predicted ((Eesimsnaimessss

using empirical and unstructured models, a gap still exists in —— — e e
connecting bioprocess performance to the molecular events that = = = Pamerrenmeton ) gy [N J S
control the efficiency of bioethanol production using Saccharomyces aa EIJ S D Hi
cerevisiae. Herein, a hybrid genetic regulatory network (GRN)— E,,m.,, i ‘ { e
bioprocess model is proposed, predicting transcription from - - 3 1 =
important genes (HXK2, PDCS, and ADHI) involved in the & e —— L
glucose-sensing, glycolysis, and bioethanol production processes, + p— ™ = o
associating glucose consumption as well as biomass and bioethanol [ S DU — Al =
production rates to the regulatory events that control bioprocess - - ) MULN G

kinetics. Parameter estimation and validation of the hybrid GRN—
bioprocess model were conducted in batch trials supplemented
with varying glucose contents via quantification of gene tran-
scription levels. Calculation of the normalized root mean square error (NRMSE) confirmed that the hybrid model developed could
accurately predict bioethanol production as opposed to the Monod model. NRMSE values ranged between 0.57—0.91 and 0.60—
10.09 for the hybrid and Monod models, respectively, indicating enhanced performance of the novel approach proposed, which
improved biomass concentration prediction by 89.4%, glucose concentration prediction by 16.2%, and bioethanol concentration
prediction by 60.7% in the experiment conducted using an initial glucose content of 40 g L™'. The hybrid model introduced
nonconstant transcription-dependent biomass and product yields as novel functions regulated by the plethora of interactions
between the regulatory molecules of the pathways involved, offering substantially improved bioprocess prediction. The proposed
framework advances our comprehension of the dynamic properties of bioethanol fermentation via consideration of complex cellular
mechanisms controlling the synthesis of rate-limiting enzymes, which are typically ignored by the empirical/unstructured models
often applied, providing a systematic understanding of bioethanol manufacture.

1. INTRODUCTION (GRNs), where genes are transcribed into mRNA and further
translated into proteins. The complexity of GRNs involving
diverse types of molecules underscores their significance in
developing advanced mathematical models that capture diverse
biological functions.” Moreover, considerable progress has
been attained utilizing analytical and computational methods
to describe the response of complex GRNs in S. cerevisiae,
including Bayesian networks, Boolean networks, and ordinary
differential equations (ODEs).””"' Bayesian models are
computationally demanding for complex systems and large
data sets,"*™'* while Boolean models oversimplify complex
biological processes due to their binary nature (true or false).

Bioethanol stands as a prominent alternative to the use of
fossilized hydrocarbons, incorporating renewable nature and
eco-friendly features." The rapid development of microbial
bioethanol production has demonstrated that Saccharomyces
cerevisiae constitutes an important candidate for scaling up
biofuel production, utilizing glucose as the primary energy
source via alcoholic fermentation.” The industrial application
of the aforementioned yeast could be attributed to properties
that include efficiency in a wide range of temperatures (25—39
°C), the capacity to grow under acidic environments with a pH
range between 4—6, and tolerance to diverse types of
stresses.”

Previous studies have established that biosynthesis products
are usually coupled to microbial growth kinetics and thus
account for the fact that the synthesis of specific intracellular
molecules in mathematical models could enhance the
prediction of the kinetic properties of a microorganism.””’
Gene expression is regulated by genetic regulatory networks
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Given these limitations, genetic circuits that include ODEs
demonstrate enhanced biological realism in comparison with
other models, potentially attributed to the intracellular
processes considered that account for the inherent complex-
ities of gene expression, protein interactions, and feedback
loops.' '

Integrating advanced genetic techniques with mathematical
models can advance our comprehension of biological
processes, enhancing biological understanding from descriptive
to mathematical reasoning.'” Although a wide range of
Monod-based or other unstructured mathematical models
have been employed to predict fermentation using the
industrial workhorse S. cerevisiae,'®'? in batch fermentation,
multiple reactions occur in a short period of time, resulting in a
complex biosystem controlling bioprocess performance.”’
Thus, a gap still exists in linking the performance of
bioprocesses employing specific strains to the molecular events
that regulate the efficiency of bioethanol production.

Monitoring the dynamic response of mRNA expression by
important genes for bioethanol fermentation was driven by the
fact that mRNA serves as a class of biomolecules, exerting
control over the subsequent processes that regulate protein
synthesis and enzymatic activity,”*” constituting mRNA not
only as a valuable marker for assessing gene regulatory events
but also as an effective element for predicting bioprocess
reaction kinetics.”” Thus, striving to construct a hybrid model
that applies ODEs to simulate molecular events, employing
Hill functions as input functions, may provide a more accurate
description of the cooperative interactions of DNA elements
inside the cell.*”**® The current study established a hybrid
model connecting molecular to macroscale events in S.
cerevisiae during bioethanol fermentation. The construction
of a GRN model inclusive of expression from critical pathways,
such as the glucose-sensing process, the pathway of glycolysis,
and the bioethanol production route, constitutes an innovation
aiming at advancing the understanding of intracellular activities
pertinent to bioprocess kinetics. The hybrid GRN—bioprocess
model proposed was subsequently parametrized and validated
by using three distinct batch experiments with different initial
glucose concentrations. Furthermore, the prediction of the
hybrid model was compared against the Monod model, which
has been previously used to simulate bioethanol fermentation

26—28
processes.

2. EXPERIMENTAL SECTION

2.1. Microorganism and Growing Conditions. S.
cerevisiae strain DSMZ 2155 was obtained from the Leibniz
Institute DSMZ-German Collection of Microorganisms and
Cell Cultures (Braunschweig, Germany). The yeast was
maintained at —80 °C in glycerol stock cultures, and prior to
the experiment, it was cultured in a liquid medium consisting
of (g L™"): glucose 20, yeast extract 10, and peptone 20. The
inoculum was incubated at 30 °C in an orbital shaker stirred at
100 rpm for 18 h. All chemicals used were purchased from
Sigma-Aldrich Company Ltd. (Dorset, UK) and were of
ANALAR grade.

2.2. Batch Bioethanol Fermentations. Bioethanol
fermentations were conducted in batch mode using 250 mL
serum bottles. Precultured cells were harvested via centrifuga-
tion at 4000 rpm for 15 min, and 1 g of wet biomass was
transferred to serum bottles, which were tightly sealed with
screw caps and contained 250 mL of fermentation media.
Fermentations were conducted using liquid media, which were

prepared in 50 mmol L™! citrate buffer at pH 4.8 and consisted
of (g L™"): yeast extract 10, peptone 20, and varying glucose
concentration (20, 40, and 60 g L") depending on the
requirements of each experiment. All experiments were
performed in triplicate, while two samples were analyzed for
each replicate, constituting analyses of 18 samples at each time
point. All fermentations were conducted at 30 °C in an orbital
shaker and stirred at 100 rpm until glucose depletion.

2.3. Isolation of Total RNA, cDNA Synthesis and Real-
Time RT-qPCR (RT-qPCR). RT-qPCR analysis was performed
to determine the mRNA expression levels of hexokinase 2
(HXK2), pyruvate decarboxylase 5 (PDCS), and alcohol
dehydrogenase 1 (ADH1) genes in the experiments conducted.
During the sampling process, duplicate samples of 2 mL were
collected at each time point and centrifuged at 9000 rpm for 10
min at 4 °C, and the supernatant solution was removed.
Subsequently, the cell pellet was immediately quenched in
liquid N, for 10 min and stored at —80 °C until further use.
Total RNA was isolated from quenched cells, using RNeasy
Mini Kit (Qiagen, Germany) according to the manufacturer’s
instructions and eluted in 40 uL of RNAase-free water.”’
Following the extraction process, total RNA was used for
cDNA synthesis, which was conducted using SweScript RT II
First Strand cDNA Synthesis Kit (Servicebio, China) and an
Oligo (dt) 18 primer (100 uM) applied to obtain the highest
yield of full-length cDNA.***'

For RT-qPCR analysis, 1.4 L of cDNA (40 ng uL™") was
mixed with 10 L of FastGene ICGreen 2X PCR Universal
Mix, 0.8 yL of forward primer (10 gM), 0.8 uL of reverse
primer (10 yM), and 7 yL of nuclease-free water. The primer
sequences used are displayed in the Supporting Information
(Table S1). RT-qPCR reaction was carried out according to
the following protocol: predegeneration at 95 °C for 2 min,
followed by 40 cycles of degeneration at 95 °C for S s and
annealing-extension at 60 °C for 30 s. A melting curve was
generated for each reaction in order to ensure the specificity of
each PCR product. cDNA synthesis and RT-gPCR were
performed using a SensoQuest labcycler (SensoQuest GmbH,
Géttingen, Germany) and qTower’G real-time PCR (Analytik
Jena, Jena, Germany), respectively. RDN18 was used as the
housekeeping gene, and its expression was employed to
normalize the cycle threshold (CT) values of all genes tested
(egs 1-3). Crgene corresponds to the CT values of HXK2,
PDCS, and ADHI, respectively, while Cr . indicates the CT
value obtained for RDN18. The sample obtained at 0 h was
used as the calibrator in eq 2 to normalize the ACy ., value of
each gene at all time points assessed. Subsequently, the
normalized level of each gene’s mRNA expression (NE

)
gene
was calculated using eq 3.”'

ACT,gene = CT,gene - CT,ref (1)

AACT e = ACq e — ACq gope(calibrator, time 0 h)

)
__ ~—AACT,gene

NEgene =2 (3)
2.4. Determination of Biomass, Glucose, and Bio-
ethanol Concentration. Culture samples were collected
aseptically and centrifuged at 9000 rpm for 10 min. The
resulting supernatant was collected and filtered by using 0.2
um syringe filters to quantify the glucose and bioethanol
contents. The cell pellet was utilized to determine the biomass
concentration, using a V-770 UV-—visible/NIR spectropho-
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Table 1. Model Parameters and Estimated Values

symbol definition equation  value symbol

Pu maximal activity of HXK2 [h™'] 4,6 2223 ngp

ngy steepness of the function of S and 4,6 7.99 Kyp
HXK2 [-]

Ksu activation coefficient of HXK2 by S 4,6 3.98 ap

ay mﬁf\jﬁ degradation rate of HXK2 4,6 8.74 Pa

Ky activation coefficient of HXK2 [—] 4 0.03 fg,

ny steepness of the function of HXK2 4 7.98 K

Pcer maximal activity of G6P [h™'] S 2.11 fga

nggep  Steepness of the function of S and S 8 Kya
G6P [—]

Ksgep  activation coefficient of G6P by S [—] S 0.1 fp s

nycer  Steepness of the function of HXK2 S 8.08 Kpu
and G6P [—]

Kygep  activation coeflicient of G6P by S 0.55 o,
HXK2 [~]

Agep mRNA degradation rate of G6P [h™'] S 11.69 B,

ng steepness of the function of G6P [—] S 8.08 K,

Kg activation coefficient of G6P [—] S 0.11 Y'x/s

s steepness of the function of § and 6 2.5 Kpx
HXK2 [~]

Ksm activation coefficient of HXK2 by S 6 9.8 B

Br maximal activity of PDCS [h™] 7 1851 K,

figp steepness of the function of S and 7 4.99 Y px
PDC5 [-]

Kp activation coefficient of PDCS by S 7 1474 K,

definition equation  value
steepness of the function of HXK2 and PDCS [—] 7 7.27
activation coefficient of PDCS by HXK2 [—] 7 4.82
mRNA degradation rate of PDCS [h™'] 7 0.73
maximal activity of ADHI [h™!] 8 2.94
steepness of the function of S and ADHI [—] 8 7.94
activation coefficient of ADHI by S [—] 8 15.11
steepness of the function of HXK2 and ADHI [—] 8 1.58
activation coefficient of ADHI by HXK2 [—] 3.75
steepness of the function of PDCS and ADHI [—] 8 1.64
activation coefficient of ADHI by PDCS [—] 0.81
mRNA degradation rate of ADHI [h™'] 8 0.37
maxir{lum specific growth rate of biomass based on PDCS 9 1.42

(h™']
saturation constant for PDCS [—] 9 1.18
transcription-dependent biomass yield [gy g5 9 0.21
saturation constant for HXK2 [—] 10 1.14
maximum specific growth rate of biomass based on glucose 10 0.45
availability [h™']

saturation constant of glucose [g L™'] 10 0.83
transcription-dependent product yield [gp gx~'] 11 4.96
saturation constant for ADHI [—] 11 1.62

tometer (JASCO Corporation, Tokyo, Japan) correlating the
optical density (600 nm) obtained and the dry weight of S.
cerevisiae using a previously established calibration curve.

High-pressure liquid chromatography (HPLC) analysis was
employed for the determination of glucose concentration using
a Shimadzu Nexera 40 system (Shimadzu, UK) equipped with
a Shimadzu RID-20A detector, a Shimadzu SOL-40 C
autosampler, and a RHM column oven. The column was
eluted isocratically at a rate of 0.5 mL min~' employing an
organic analysis column (Rezex RHM-Monosaccharide H+
(8%) column, Phenomenex) with sterilized water at 40 °C and
10 uL of injection volume. Bioethanol production was
monitored through gas chromatography (GC) using a
Shimadzu GC-2014 (Shimadzu, Milton Keynes, UK) with a
flame ionization detector and a 30 m long Zebron ZB-$§
capillary column (Phenomenex, Macclesfield, UK) with 0.25
mm internal diameter. The bioethanol content of the samples
was extracted into hexane employing vortex agitation to mix 1
mL of filtered sample with 2 mL of solvent, and 1 uL of the
extract was injected. The temperature of the column was
maintained constant at 40 °C for 2.5 min, followed by an
increase of 30 °C min™" up to 160 °C, while it was maintained
at 160 °C for an additional 5 min.

3. THEORETICAL BASIS

3.1. Statistical Analysis of mRNA Expression Data.
The objective of statistical analysis was to elucidate the relative
mRNA expression profile of all genes. One-way ANOVA
analysis was conducted using a significance level set at p < 0.0S.

3.2. GRN—Bioprocess Model Predicting Relative Gene
Expression. The initial steps of the model development

process involved the establishment of gene expression eqs (eqs
4—8) derived from biological knowledge, using Hill functions™”
as input functions for each gene. Glucose concentration
constitutes an important variable, while additional parameters
employed for each gene included the maximal activity (), the
degradation rate (a), the Hill coefficient (n) that determines
the steepness of each function, and the activation coefficient
(K) that is influenced by the relative expression of any other
gene involved.”” Model parameters presented in Table 1 were
determined by fitting model predictions against the data
obtained from a batch experiment that employed a 20 g L™
initial glucose concentration. The relative mRNA expression of
the HXK2 gene in eq 4 presents the gene’s activity affected by
glucose-6-phosphate (G6P) to describe an oscillatory response
of HXK2 based on Goodwin’s approach.*® The abundance of
the metabolite G6P implemented in the phosphorylation of
glucose inhibits HXK2 through a feedback loop, causing
deceleration in the glycolysis process for a specific period of
time.”* Another possible scenario suggests that the accumu-
lation of G6P leads to the accumulation of trehalose-6-
phosphate, which inhibits the enzyme activity of HXK2 and
decreases the glycolysis rate.”> Moreover, G6P has been
proposed to regulate glucose repression through the pathway
of SNF1/Migl, which is responsible for responding to glucose
availability, affecting the utilization of different carbon
sources.’® Based on these findings, HXK2 can control the
glycolysis rate influenced by the oscillatory response of the
system.”?”*® Nonetheless, when the relative mRNA ex-
pression of the gene does not exhibit oscillatory behavior,
due to the presence of higher than 20 g L™' glucose
concentrations, eq 4 is replaced by eq 6 in the model, where
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HXK2 activity is stimulated solely by the presence of the
substrate. The activity of PDCS and ADHI is expressed in eqs
7 and 8, respectively.

M — 5. [I{H‘Gép]nH.Gép .
dt " [KH,Gsp]nH'“P + [G6P]"H.Ger
[S]"s,H o [HXI{Z]”H
[Kq "t + [ST5# | [K,]"™ + [HXK2]"™
4)
d[G6P] — ﬂGéP. [HXK2]- ES] 5,G6P _
& [Kg gepl™c + [S]™scor
g LGOPT
" K™ + [G6PT* (s)
dHXI _ 5 N R
de [Kg pp 172 + [S]52
(6)
dcs) | dsre
dt P [Ks,p]"s"’ T
J‘:HXKZ] 'H,P : ~ aP[PDCS]
[Kyy ™" + [HXK2]""
(7)
[HXK2]"A

d[ADH1] _ 5 [S]"s4 . .
dt AR 41" + [SI54 [Kyy 4]"™4 + [HXK2]"on

[PDCS]™4
[Kp 41" + [PDCS]™

] — a,-[ADH1]
(8)

3.3. Hybrid GRN-Bioprocess Model. The main
objective in the current work was to link macroscale events,
such as biomass production (X), glucose consumption (S), and
bioethanol production (P), to the transcriptional responses of
the GRN model constructed, as shown in eqs 9—11. In the
context of eq 9, the expression of PDCS was correlated with
pyruvate and biomass production. Moreover, HXK2 tran-
scription serves an important role in initiating the glycolysis
pathway, and its inclusion in the hybrid model (eq 10) was
necessary, as it regulates glucose consumption. The gene
associated with bioethanol production, denoted as ADH1, was
implemented in eq 11, where it was linked to product
(bioethanol) formation.

d[x] _ p;[PDCs] _
dt  [PDCS] + K, (9)
d[s] 1 [HXK2] By [S]
& v \[HXK2] + K J ST+ K X

X/S HX 2

(10)

dlP] _ .  [ADH1]  d[X]
dt "X lapH1] + K, dt (11)

3.4. Monod Model. The Monod model presented in eqs
12—15 could be employed to simulate the concentrations of
biomass, glucose, and bioethanol in the bioprocess, respec-
tively.”**”*? The specific growth rate (1) is defined in eq 12,

Hma is the maximum specific growth rate, S constitutes
substrate concentration, Ky comprises the saturation constant,
X is the biomass concentration, Yy,s denotes the biomass yield,
P is the product concentration, and Yy is the product yield.”®
The main difference between the structure of eqs 9—11 and
those of the Monod model (eqs 12—15) lies in the
incorporation of the predicted relative mRNA expression of
each gene, as derived from eqs 4—8.

p=p s

K + [S] (12)
dxy _
o M (13)
dis] _ 1 dix]
dt Yy dt (14)
el _ . diX]
a7 (15)

3.5. Parameter Estimation and Assessment of the
Hybrid GRN'Bioprocess and Monod Models. The
numerical solution of the system of coupled ODEs (eqgs
4—15) was obtained using the ode4S solver of MATLAB
(version R2022b, Mathworks). The values of model
parameters were obtained by fitting model predictions against
the experimental data under batch operation using MATLAB
linear least-squares curve fit algorithm Isqcurvefit.*’ Initial
parameter guesses were set to the mean between the lower and
upper bound values for each parameter, with available
literature values serving as a basis for optimization. The
optimization process refined these parameters to minimize the
discrepancy between the model’s prediction and the
experimental data. The optimized parameters obtained from
fitting the model to the experiment conducted using an initial
concentration of 20 g L™ were subsequently used without
further modifications to provide model predictions in experi-
ments conducted using initial glucose concentrations of 40 and
60 g L™". The Isqcurvefit solver minimizes the error between
the observed data points (y,,,;) and the model’s prediction for
all time points i = 1,--, ni based on the parameter values
f(x,-,params), as given by eq 16. Once the parameters were set,
the sole variable that differed between each model prediction
was the initial glucose concentration.

Isqcurvefit error = Z [y, = f(x, params)]*
- (16)

As a metric of quality of the fit to the observed data, the
NRMSE (normalized root mean square error) metric was
employed to conduct a comparative analysis between Monod
and the hybrid GRN—bioprocess models. The NRMSE is
related to the Isqcurvefit error, and it is defined in eq 17, where
Yobmax ADd Yo min compute the maximum and minimum
experimental data values, respectively. If the prediction
algorithm exhibits a zero NRMSE value, a flawless model is
indicated, while a value approaching unity signifies that the
model’s prediction exhibits errors that are comparable to the
variability of the experimental data. On the contrary, when the
NRMSE value exceeds unity, the model deviations from the
experimental data surpass the range of the values observed,
rendering it unfit for practical use.”>"'
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Figure 1. Construction of the GRN model. (a) Schematic overview of the key signal transduction events in two major sugar signaling pathways
(Snf3/ Rgt2 and Snfl/ Mig) in S. cerevisige. Arrows with arrowheads: signaling and induction; arrows with hammerheads: repression; circles with P:
phosphorylation; circles with Ub: ubiquitination; and purple circles: important genes of glycolysis pathway and bioethanol production process. (b)
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Figure 1. continued

Logic representation of the transcriptional regulation in S. cerevisiae using logic gates representing the signaling pathways and glucose metabolism as
a set of genetic circuits transmitting signals between different molecular components. Arrows with arrowheads: signaling; red arrows: sensing
pathway; blue arrows: HXK2 expression; purple arrows: PDCS expression; and green arrows: ADH1 expression. O: INPUT,[_]: OUTPUT,
D: AND, D): NAND, DO: NOT. (c) Reduced logic representation, which includes expression from the genes selected (HXK2, PDCS, and
ADHI), omitting the rest of the regulatory events described in part (b). Glucose induces the expression of HXK2, which is implemented in an
inhibitory loop with G6P repressing HXK2 synthesis. Following the glycolysis pathway, pyruvate induces transcription from PDCS, and

subsequently, acetaldehyde assists in the expression of ADHI. (d) Hypothesized mechanism, describing the oscillatory behavior of HXK2, which is
involved in a negative feedback loop by G6P under specific glucose concentrations.

\/% Zin=1 [yob,i - f(xi; Params)]2

yob,max - yob,min (17)

NRMSE =

3.6. Biomass and Product Yield Calculation in the
Monod Model. The significance of yield requirements is
crucial in industrial fermentation, given that process yields are
not as easily amendable as compared to the production rate.*”
Monod related biomass formation to substrate consumption by
considering a constant term, known as the biomass yield,
defined as the rate of biomass production (dy) divided by the
rate of glucose consumption (ds) (eq 18). Monod also related
biomass production with product formation using the product
yield defined as the rate of product formation (dp) divided by
the rate of biomass production (dy) (eq 19)." Numerous
models assert that the biomass and product Zields remain
constant throughout the fermentation process.”** Following
the specific approach, the parameter estimation imposed on
eqs 18 and 19 provided the values of the constant yields related
to biomass and bioethanol production, which were equal to
0.23 gy g5~ ' and 2.09 gp gy, respectively.

dy

Yy, o= —

X/S dq (18)
d

Yo, x = d_P (19)
X

3.7. Biomass and Product Yield of the Hybrid GRN—
Bioprocess Model. The present study employed the hybrid
GRN-—bioprocess model to predict bioprocess yields as
variables based on the molecular phenomena controlling
each metabolic route. Thus, based on eqs 10 and 11, the new
transcription-dependent biomass (Y'x/s) and product (Y'p,yx)
yields were expressed based on eqs 20 and 21.

11 [HXK2]
Yy /s Yy /s [HXK2]-Kyye (20)
, ADHI1
Yo=Y P/X.Q
[ADH1]-K, (21)

3.8. Percentage of Improvement for Biomass,
Glucose, and Bioethanol Concentrations. The NRMSE
value was employed to assess the predictive capability of each
model according to the experimental data obtained, by
calculating the percentage of improvement for biomass,
glucose, and bioethanol concentration profile predictions of
the hybrid GRN—bioprocess and Monod models. In eq 22,

NRMSEMonod - NRMSEhybrid

percentage of improvement = X 100
NRMSE (1104

(22)

NRMSE,j,iq constitutes the NRMSE value of the hybrid
model regarding biomass, glucose, and bioethanol concen-
trations in each experiment. Similarly, NRMSE,,,,q4 was used
to express the corresponding NRMSE values derived from the
Monod model in each trial.

4. RESULTS AND DISCUSSION

4.1. Construction of the Genetic Circuit Model. During
alcoholic fermentation, glucose is utilized via the pathway of
glycolysis, which is essential for hexose conversion to
bioethanol.”> Based on glucose availability, three distinct
signaling cases have been documented: absence of glucose (0 g
L"), low glucose concentrations (<20 g L7'), and high
glucose concentrations (>20 g L_l).‘?’é’%’4 Glucose concen-
trations close to 20 g L™" could be classified as either low or
high, depending on the specific experimental conditions. The
onset of the glycolysis pathway occurs when the two hexose
transporter homologues (Snf3 and Rgt2) located at the plasma
membrane sense glucose outside the cell (Figure la). These
transporters are responsible for activating different HXTs
according to glucose availability.***” When the extracellular
environment lacks glucose, HXTs are repressed by the Rgtl
transcription factor in association with transcriptional repress-
ors Mth1 and Std1.>° In the presence of glucose, degradation
of Mthl and Stdl leads to Rgtl phosphorylation, and the
HXTs are activated,”’ while the glucose-dependent repressor
Migl represses expression from alternative carbon source
catabolic genes.52’53 At low glucose concentrations, Snf3
prompts the activation of HXT1 and HXT3, while at high
glucose concentrations, Rgt2 triggers transcription from HXT2
and HXT4.>* Following the sensing pathway of glucose,
extracellular glucose is transferred by HXTs inside the cell, and
it is subsequently phosphorylated predominantly by the
enzyme HXK2 to the metabolite G6P.” Following the
glycolysis pathway, the production of pyruvate, along with
other complex pathways, contributes to the activation of the
tricarboxylic acid (TCA) cycle.”® The TCA cycle, in
conjunction with the complex pathway of cAMP/PKA,
pyruvate, acetyl-CoA, and G6P, participates in biomass
synthesis during fermentative growth in S. cerevisiae.”>*®

Based on existing biological knowledge of the yeast’s
complex molecular pathways™® and the biochemical description
in Figure la, a single gene was hypothesized to produce the
rate-limiting enzyme controlling the rate of each process
(HXK2 for glycolysis, PDCS for biomass production, and
ADH] for bioethanol production). Thus, the GRN illustrated
in Figure 1b has been structured as a genetic circuit, which
includes logic gates that transmit signals between the different
molecules regulating transcription from the relevant rate-
limiting gene controlling each pathway. These signals may
invert the input (NOT), continue to the output only if two of
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Figure 2. GRN model simulation of transcription from key genes in the bioprocess. Simulations and experimental data of (a) HXK2, (b) PDCS,
and (c) ADHI transcription using 20 g L™ of glucose as well as (d) HXK2, (e) PDCS, and (f) ADHI transcription using 40 g L™" of glucose. The
results were obtained as an average of six individual measurements at each time point, and the error bars were calculated for standard deviation.
Experiments were performed at 30 °C and 100 rpm until glucose depletion.

the inputs are present in high concentration (AND), and invert
the output if two of the inputs are present (NAND).”” Glucose
is used as an input that affects the glucose-sensing process, the
activation of the HXTs, and the glycolysis pathway until
bioethanol production. Although regulation in each pathway is
more complex compared to the control of transcription from a
single gene considered in Figure lc, the objective here was to
simplify the biological behavior by limiting the number of
molecules included within the circuit, selectively incorporating
those deemed as the most important for each pathway. Thus,
expression from a single rate-limiting gene was hypothesized
and accounted for in each route. The simplified circuit (Figure
1c) included transcription from HXK2, PDCS, and ADHI,
while glucose constituted the input stimulating the whole
process.

The expression of the HXK2 selected is responsible for the
onset of glycolysis, and it can be influenced by glucose
availability,”™*” while an oscillatory transcriptional response is
expected only at low glucose concentrations as a result of cells
continuously adjusting their metabolic state to conserve
energy.”” Although glucose activates HXK2, the gene addi-
tionally participates in a negative feedback loop under a variety
of conditions.””®" One possible scenario suggests that the
abundance of the metabolite G6P inhibits HXK2 through a
teedback loop, thereby causing deceleration of the glycolysis
pathway (Figure 1d).°> By taking into account the diverse
range of factors that impact biomass production, transcription

from the specific gene was considered in the model, given that
biomass is produced following activation of the glycolytic
process and the TCA cycle. Moreover, the PDCS gene was
selected, given that it is expressed right after pyruvate
production and holds a crucial role in the production of
bioethanol, while it is additionally related to biomass
growth.””** The terminal gene integrated into the circuit
comprised ADHI, which encodes for the reduction of
acetaldehyde to bioethanol during the last step of bioethanol
production, and its expression is dependent on glucose
utilization.*> =’

The simulations presented in Figure 2 demonstrated that the
relative expression of mRNA produced during glucose
metabolism and the targeted genes related to bioethanol
production could be adequately predicted. The compared
NRMSE values for the relative expression of genes HXK2,
PDCS, and ADHI in the GRN model are presented as
Supporting Information (Figure S 1d), confirming that the
model accurately captured the experimental gene expression
data, including NRMSE values lower than 1. ANOVA
confirmed statistically significant differences in the mean
values of the data at the 95% confidence level (p < 0.05,
ANOVA analysis has been included as Supporting Information
in Table S2), confirming that the HXK2 gene exhibited
oscillatory behavior. Thus, at 20 g L™' initial glucose
concentration, three distinct time groups (0.5 + 1.5 h, 1 + 2
h, 3 + 4 h) that included similar mean values were monitored,
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Figure 3. Experimental data and hybrid model’s simulation of the bioprocess using S. cerevisiae during batch fermentation applying (a) 20 g L™,
(b) 40 g L7, and (c) 60 g L™" initial glucose concentration. The results were obtained as an average from six individual measurements at each time
point, and the error bars were calculated for standard deviation. Experiments were performed at 30 °C and 100 rpm until glucose depletion.
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Figure 4. Experimental data and Monod model simulation of the bioprocess using S. cerevisiae during batch fermentation applying (a) 20 g L™, (b)
40 g L™, and (c) 60 g L™ initial glucose concentration. The results were obtained as an average from six individual measurements at each time
point, and the error bars were calculated for standard deviation. Experiments were performed at 30 °C and 100 rpm until glucose depletion.

demonstrating significant differences between each group (p <
0.05). Subsequently, a small decrease in the HXK2 activity
shown in Figures 2a,d can lead to decreased utilization of
glucose by the glycolytic pathway, impacting the expression of
other genes for a specific period of time.”’ Based on PDCS
relative mRNA concentration prediction presented in Figure
2b for 20 g L™" and Figure 2e for 40 g L™" of initial glucose
concentration, the model was capable of predicting the gene’s
expression, but underpredicted the maximum expression level
monitored. Moreover, the activity of ADHI is presented in
Figure 2¢,f for 20 and 40 g L™" of initial glucose concentration,
respectively. Prediction of relative mRNA expression from
ADHI closely predicted the experiment conducted using a 20 g
L™ initial glucose concentration. However, although the
model could adequately predict the data obtained employing
40 g L' glucose, the relative mRNA expression was
overpredicted between 2 and 4 h of fermentation. Thus,
although the overall trend of the model’s prediction is accurate,
the slight discrepancies monitored could potentially arise due
to unknown molecular mechanisms influencing PDCS and
ADHI transcription, which have not yet been described in
detail.

4.2. Hybrid GRN-Bioprocess Model Predicting
Macroscale Events. The results of the developed hybrid
model regarding the macroscale bioprocess performance are
illustrated in Figure 3. The parameter values were determined
by fitting the model in the experimental data obtained using an
initial glucose concentration of 20 g L' (Figure 3a). The
culture exhibited a lag phase of approximately 30 min, which

was followed by complete substrate consumption and
bioethanol production of 9.3 g L™". Although the mathematical
model closely predicted bioethanol and biomass formation, the
concentration of glucose was slightly underpredicted between
3 and 4 h of fermentation. Subsequently, to validate the
efficacy of the developed model, the fully parametrized hybrid
model was employed to predict the bioprocess using the data
of the experiment conducted using 40 g L™' as the initial
glucose concentration, confirming the predictive capability of
the hybrid approach (Figure 3b). Moreover, regarding the
experiment performed using an initial glucose concentration of
60 g L', although glucose concentration was overpredicted
between 1 and 3 h of fermentation, a close agreement was
observed between the model’s prediction and the experimental
data obtained (Figure 3c). Overall, the proposed hybrid
GRN-—bioprocess model demonstrated high fidelity in the
prediction of all batch trials performed, exhibiting an accurate
description of the biosystem under different experimental
conditions. The capacity of the hybrid model to accurately
capture the dynamics of the bioprocess and the underlying
molecular events demonstrated the robustness of the proposed
approach.

4.3. Monod Model Simulation and Comparison with
the Hybrid GRN—Bioprocess Model. Obtaining the Monod
model parameter values required the same fitting methodology
as that used for the new hybrid model. Thus, model parameter
values were determined by fitting the experimental data
obtained using an initial glucose concentration of 20 g L™} and
the parametrized model was applied to predict the experiments
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Figure 5. Simulations of biomass and product yields using Monod and hybrid GRN—bioprocess models. 20 g L™" of glucose: (a) Yy, (b) Yp/x, and

(c) Yps540 g L!

of glucose: (d) Yy/s, (&) Yp/x and (f) Yp/s 60 g L7

of glucose: (g) Yx/s (h) Yp/x, and (i) Yp/s. The red line in each graph

indicates the constant biomass and product yield based on the Monod model. The rest of the colors applied correspond to simulations conducted

aiming to predict biomass and product yields utilizing the hybrid model.

conducted employing 40 and 60 g L7' initial glucose
concentration. As shown in Figure 4a, the Monod model
accurately predicted the experimental data obtained using an
initial glucose concentration of 20 g L™" via application of the
following parameter values: = 0.53 h™", Ks = 0.63 g L™, Yy /s
=023 gy g ', and Ypx = 2.09 gp gx - All parameter values
were in agreement with the typical values reported in the
literature in similar Monod models.””*® However, as illustrated
in Figure 4b,c, for the experiments conducted employing 40
and 60 g L™" of initial glucose concentration, the model closely
predicted glucose concentration, while it showed limited
accuracy in predicting biomass and bioethanol concentrations.

Literature suggests a diverse array of statistical metrics to
evaluate the predictability and performance of mathematical
models based on experimental data, as well as for comparing
models to determine which best predicts the observed
data.'”*"**7% Given the nonlinear nature of the proposed
model, which includes molecular activities, the NRMSE metric
was selected to evaluate the quality and predictive capability of
the hybrid GRN—bioprocess and Monod models employed,
considering that the specific metric presents the relative value
of the absolute error.”' The compared NRMSE values for the
biomass, glucose, and bioethanol concentrations of the hybrid
GRN-bioprocess and Monod models are presented in the
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Supporting Information (Figure S1). In the experiment
conducted using an initial glucose concentration of 20 g L™,
the Monod model demonstrated satisfactory NRMSE values
for biomass, glucose, and bioethanol concentrations, which
accounted for 0.64, 0.66, and 0.61, respectively. However, in
the experiment performed using an initial glucose concen-
tration of 40 g L™, although the NRMSE value of glucose
concentration was 0.68, the biomass and bioethanol concen-
tration profiles provided NRMSE values that exceeded the
acceptable threshold value (7.08 and 1.73, respectively), which
is indicative of the Monod model failing to predict the
experimental data, as shown in Figure 4b. A similar response
applied to the NRMSE values obtained using the predictions in
the experiment conducted employing an initial glucose
concentration of 60 g L™', where the NRMSE values for
biomass and bioethanol concentration prediction comprised
10.09 and 1.89, respectively. However, the new hybrid model
included satisfactory NRMSE values (less than unity) for the
relative mRNA expression profiles predicted for each gene
considered in the GRN model (Supporting Information,
Figure S1). In the third experiment conducted using an initial
glucose concentration of 60 g L™, it could be noted that the
use of the hybrid model yielded an accurate fit with NRMSE
values similar to those reported in the rest of the experiments
presented.

4.4. Prediction of Biomass and Product Yields Using
the Hybrid GRN—Bioprocess Model. Since the consid-
eration of constant biomass and product yields in the Monod
model resulted in inconsistencies of model prediction against
the experimental data, different studies have demonstrated that
incorporating nonconstant yields can significantly improve the
accuracy of model prediction. Similarly to the current work,
Koutinas et al.”* developed a hybrid GRN—bioprocess model
that substantially improved the prediction of m-xylene
biodegradation by Pseudomonas putida as opposed to the
Monod model, which overestimated biomass formation by
32%. The advanced performance of the hybrid approach was
achieved via application of nonconstant yields, which were
regulated by the synthesis of rate-limiting enzymes hypothe-
sized in each of the pathways considered in the GRN model.
Moreover, Tsafrakidou et al.”? proposed a refined Monod-
Logistic model incorporating a nonconstant product yield,
which adjusted Yy x as a function of the maximum substrate
concentration applied, effectively capturing the inhibition of
bioethanol production monitored at elevated substrate levels.
Thus, by calculating the hourly yield based on the experimental
data obtained, the prediction of biomass and product yields
using the hybrid GRN—bioprocess model was compared
against the yields considered in the Monod model (Figure S).

The simulations compared against the experimental data
demonstrated an overall time-dependent behavior. Aiming to
validate the predictive capability of the two models applied,
NRMSE calculations were conducted. As illustrated in Figure
S2 (Supporting Information), the NRMSE values for biomass
(Yx/s) and product yields (Yp/5) were acceptable, exhibiting
values below unity. Although Yy 5 and Yp/s could be efficiently
predicted by both the hybrid GRN—bioprocess and Monod
models, Ypx could be accurately described only by the
transcription-dependent yield expression employed in the
hybrid model. However, the hybrid GRN—bioprocess model
consistently outperformed the Monod model across all three
experiments (20, 40, and 60 g L™') conducted, achieving
biomass yield (Y'y;s) NRMSE values of 0.10, 0.21, and 0.10,

respectively. Nevertheless, the NRMSE values computed for
the Monod model ranged between 0.36 and 0.41. A similar
pattern was observed for the product yield Yy, where the
hybrid GRN-—bioprocess model exhibited NRMSE values
between 0.11 and 0.19, while the Monod model’s values
ranged between 0.34 and 0.42. On the contrary, regarding the
product yield (Yp/x), although the hybrid GRN—bioprocess
model demonstrated moderate predictive capability, incorpo-
rating NRMSE values of 0.33, 0.23, and 0.34 for the three
experiments conducted, the Monod model exhibited signifi-
cantly higher and less reliable NRMSE values (1.37—2.12).

The aforementioned results underscore the importance of
incorporating the transcription-dependent yields proposed in
this work to improve bioprocess prediction. The presence of
nonconstant yields can be considered to reduce the errors
often generated when constant yields are assumed.”> Thus, the
proposed hybrid GRN—bioprocess model has demonstrated
that although yield values can vary under different time periods
and conditions, the prediction of important regulatory events
could enable an accurate prediction of bioprocess yields during
bioethanol manufacture.

4.5. Comparing the Prediction of the Hybrid GRN—
Bioprocess and Monod Models. The percentage of
improvement of the hybrid GRN—bioprocess model against
the Monod model did not exhibit improvement in predicting
the experiment conducted using 20 g L™" glucose, given that
the predictions of both models were consistent with
experimental data. However, significant improvement was
noted in the experiment conducted using 40 g L' glucose,
where the hybrid GRN—bioprocess model enhanced by 89.4,
16.2, and 60.7% biomass, glucose, and bioethanol concen-
tration predictions, respectively. Similar improvements were
confirmed in the experiment performed using 60 g L™" glucose,
where the hybrid GRN—bioprocess model improved by 93.4,
4.7, and 51.9% biomass, glucose, and bioethanol concentration
predictions, respectively.

5. CONCLUSIONS

The notable accuracy of the modeling framework proposed in
predicting biosystem performance confirmed the significance
of employing descriptions of complex regulatory programs for
the realization of bioprocesses and their optimal design. The
hybrid GRN-—Dbioprocess model enhanced the predictive
accuracy of bioethanol manufacture via a simplified description
of the molecular events entailed, avoiding detailed representa-
tion of the system’s complex biological nature. ANOVA
analysis confirmed that the HXK2 gene exhibited oscillatory
behavior, while at an initial glucose concentration of 40 g L™/,
the model achieved improvements of 89.4, 16.2, and 60.7% in
the prediction of biomass, glucose, and bioethanol concen-
trations as opposed to the Monod model, respectively. The
construction of programmable biocatalysts for efficient
bioethanol manufacture will necessitate optimizing pertinent
GRNs and employing current knowledge of the causality and
connectivity of important circuit components that regulate the
production rate of value-added commodities to improve
mathematical model accuracy. Moreover, capturing non-
constant yields has been enabled, mitigating the errors
encountered when constant yields are assumed in unstructured
and empirical models, which could limit their relevance to only
a specific set of conditions. The hybrid GRN—bioprocess
model enables systemic understanding of the biosystem and, in
future research, will aim to employ the current modeling
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framework with significant advances in molecular biology to
further improve the design of optimal bioethanol manufacture
processes.
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