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ABSTRACT

The sugar and alcohol industry uses highly developed ethanol production processes, but the complexity of the process can lead
to low predictability in fermentations, causing problems in subsequent stages. Tools that make it possible to predict the behavior
of fermenters in adverse situations are extremely useful. In this context, Dynamic Flux Balance Analysis (dFBA) is a promising
tool, allowing yields to be estimated based only on substrate consumption kinetics, without the need for extensive experimental
data. This study evaluated the effectiveness of dFBA integrated with kinetic models to predict yields in batch fermentations.
Experimental data was obtained from two batch fermentations using Saccharomyces cerevisiae in stirred tank bioreactor using
molasse as substrate to reproduce industrial conditions. The kinetic model was adjusted to predict cell, substrate and ethanol
concentrations over time. The simulation with dFBA showed good accuracy, with a mean deviation of 1.09 g.L in ethanol
concentration, and 0.80 g.L™ for cell concentration. These results highlight the potential of dFBA to predict results and optimize
fermentation processes.
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1 INTRODUCTION

Sugarcane plays a very important role within the food and energy context in Brazil. With an annual processing of 705 million tons
of sugarcane?!, the Brazilian sugar-alcohol sector has more than 340 active production units, making Brazil the world's largest
producer of sugar, with 46 million tons per year, and the second largest producer of ethanol, with 24.9 billion liters?.

Most Brazilian mills use the Mellet-Boinot process to produce ethanol 2. As this is a process that often has complex configurations,
mixing continuous and batch stages, the predictability of fermentations is an important factor in plant efficiency. However,
accurately predicting product and cell yields during this process can be challenging due to the complexity of metabolic interactions
and variations in experimental conditions. Traditionally, yields are obtained through experiments, but these methods can be limited
in their ability to predict results under conditions other than those tested.

A promising approach to overcome these limitations is dFBA, which consists of a mathematical modeling technique that uses
information about an organism's metabolic pathways to predict metabolic flows 2 and, consequently, product and cell yields. This
technique makes it possible to simulate different cultivation conditions, offering a valuable tool for optimizing fermentation
processes. Recent studies prove the effectiveness of using dFBA for various applications. Oliveira et al. 4 developed a predictive
control for fermentation using Saccharomyces cerevisiae based on the use of dynamic flux balance analysis (dFBA), employing
the Yeast8 model to create an economic parameter-based predictive control tool. Moreno-Paz et al.> uses dFBA to predict yeast
growth in response to different industrial conditions.

For this work, a batch fermenter model was developed to represent the concentrations of ethanol, substrate, and cells over time
in the fermentation of molasses under industrial conditions. This model was integrated with dFBA to allow the calculation of the
yields. Subsequently, two batches were conducted in a stirred tank reactor to adjust the model for one of them and predict the
concentration behavior over time for the other, using both the model adjusted with experimental yields and the model with
predicted yields from dFBA.

2 MATERIAL & METHODS

The experimental data was obtained from simple batch fermentations carried out in a 5 L stirred tank bioreactor with medium
recirculation and agitation. Two fermentations were carried out (B1 and B2), using the yeast Saccharomyces cerevisiae baker's
yeast, with an initial cell concentration of 15 g/L and a Total Reducing Sugars (TRS) concentration of 150 g.L"*. Samples were
taken at 30-minute intervals and cell concentrations were quantified by UV-VIS spectrophotometry at 600 nanometers using
optical density. Substrate and ethanol concentrations were determined by high-performance liquid chromatography (HPLC) on a
Waters 2695 chromatograph with a RezexTM ROA-Organic acid H+ ion exclusion column®,

The modeling of the fermentation process was developed in Python, using the Scipy library, based on mass and energy balances
applied exclusively to the fermenter. The model was adjusted so that the kinetics are based on glucose consumption, as shown
equations 1-3.
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Where X is the cell concentration (g.L™?), S is the substrate concentration (g.L™), P is the product concentration (g.L™), Yy is the
cell yield per substrate consumed and Ypg is the product yield per substrate consumed. ug is the substrate specific consumption
rate (h™1), which was adapted from the model proposed by Mesquita®, where the cell growth rate is transformed into the speed of
glucose consumption through the experimental yield term (Eq. 4).
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Where, unqx is the maximum specific cell growth rate(h'?, K; is the saturation constant (g.L™), Sy, is the substrate inhibition
constant (g.L™?), Sy, is the product inhibition constant (g.L™?).

The substrate consumption rate is then inserted into the dFBA model as a boundary condition through the substrate assimilation
reaction, making it possible to estimate the other internal balances to maximize cell growth and obtain the flows of cell products
and by-products. With these flows, yields are calculated in relation to substrate consumption, allowing for a detailed and dynamic
analysis of the fermentation process. The dFBA model used in this work was IMM904, which represents the metabolism of the
yeast Saccharomyces cerevisiae with 1577 reactions and 1226 metabolites. To simulate an anaerobic environment, the oxygen
flow was set to zero, and other nutrients were added to represent a complex environment, as described by Lino et al.”, such as
sugarcane molasse.

The model without the use of dFBA only considers the equations described by Mesquita®, which quantifies cell growth and uses
the yields (Yys and Yps) calculated experimentally.

3 RESULTS & DISCUSSION

The kinetic model parameters (Equation 4) were estimated using data from fermentation B1, obtaining the following values: p,qx
=0.2464 ht, K, =7.0186 g.L %, S), =1568.8 g.L* and Py, = 150.26 g.L™*. Additionally, the initial real concentrations of cells, sugars,
and ethanol in both experiments were estimated, with values of X =13.42 g.L "1, S=127.40 g.L"}, and P =5.80 g.L™! for B1 and X
=13.69g.L*, S=110.05g.L %, and P = 3.56 g.L* for B2.

Using the estimated initial values for B1 and the experimental one for B2, it was possible to simulate the fermentations using both
the estimated yields (model A) and the yields predicted by FBA (model B). For this, at each time iteration, the value corresponding
to the glucose consumption flux was passed to the metabolic flux model, previously configured for anaerobic conditions, as
described by Lino’, allowing the quantification of all cellular fluxes, which enables the calculation of yields. With the obtained
values, the variations in cell and product concentration were defined. Figure 1 presents the data showing the behavior of cell,
ethanol and sugar concentrations over time for the experimental data, simulated with estimated yields and with yields calculated
using dFBA, for both batches.

The adjusted kinetic model was able to accurately predict the behavior of cell, substrate, and ethanol concentrations over time in
both batches, including the final fermentation time. The simulation using FBA proved to be very effective in predicting fermentation
behavior. The ethanol concentration showed a mean square deviation of 1.10 g.L"* for the model A and 1.09 g.L* for model B for
the B2 fermentation. For cell production, the deviation was 0.54 g.L** (model A) and 0.96 g.L"* (model B). For B1, the deviations
were 0.85 g.L't (model A) and 1.15 g.L** (model B) for ethanol and 0.44 g.L™* (model A) and 0.80 g.L'* (model B) for cells. This
shows that the prediction capacity of both models are similar. This accuracy demonstrates the potential use of dFBA to predict
cell behavior in different experimental conditions, opening possibilities for its use in process optimization applications.

It is worth noting that the deviation can still be reduced by better defining the anaerobic conditions of the process. This is possible
by identifying and quantifying substances present in the molasse, which is a complex compound rich in nutrients®, which can be
defined within the boundary conditions of the metabolic model, similar to what was done by Lino?, but for the specific medium
used in the experiment.
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Figure 1 Cell (X), substrate (S) and ethanol (P) concentrations over time for experimental data (dots), simulated with experimental yields
(dashed) and simulated with yields calculated by FBA (solid line). B1 represents the adjusted batch and B2 the predicted batch.

4 CONCLUSION

The simulation using the dFBA model demonstrated reasonable accuracy, with an average deviation of only 1.15 g.L in predicting
the final ethanol yield under the same conditions as the adjustment, and 1.09 g.L™* for a different cultivation scenario, compared
to 0.86 g.L'* and 1.10 g.L* without FBA. For cell concentration, the average deviation for dFBA model was 0.80 g.L"! for B1 and
0.96 g.L* for B2. These results highlight the potential of dFBA as a powerful tool for predicting metabolic outcomes under
conditions different from experimental data, as well as its applicability in optimizing fermentation processes. The integration of
FBA with kinetic models offers a robust and accurate approach to predicting yields in fermentation processes.
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