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ABSTRACT

Bioethanol is a fuel of great economic and environmental importance for Brazil, being the subject of extensive research on its
bioconversion. In this study, the fermentative kinetic parameters for bioethanol production by Saccharomyces cerevisiae NP 01
were estimated using sweet sorghum juice as substrate in a batch bioreactor. The mathematical modeling was performed using
the Markov chain Monte Carlo method with the Metropolis-Hastings algorithm. The estimates fit the experimental data, considering
a 99% credible interval, showing excellent fit for biomass growth, substrate consumption and for ethanol production, validated
according to the metric of relative root mean square error, with values below 10%. These results significantly contributed to a
better understanding of the bioprocess.
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1 INTRODUCTION

Bioethanol is currently one of the main biofuels under research due to its wide industrial applicability, especially in the automotive
and alcoholic beverages sectors®2. The production of bioethanol is predominantly carried out from sugarcane and corn. However,
several studies are being conducted to explore other feedstock sources, such as sweet sorghum juice (SSJ), due to the
advantages offered by sweet sorghum (Sorghum bicolor L. Moench). This crop requires fewer fertilizers for production, has a
shorter production cycle, and consumes less waters3. Like sugarcane and corn, sweet sorghum uses glucose as its main carbon
source®. It is typically produced through the fermentation of sugars by traditional or genetically modified yeasts, such as
Saccharomyces cerevisiae. This bioprocess involves the conversion of glucose by yeast, under anaerobic conditions, to form
ethanol®®.

Despite the significant advantages offered by bioethanol production through SSJ, some challenges are encountered, such as low
sugar yield and ethanol production in comparison to sugarcane*. which make it difficult to expand on an industrial scale.
Mathematical modeling can minimize these issues by employing the Markov chain Monte Carlo method with the Metropolis-
Hastings algorithm (MCMC-MH), enabling the estimation of unknown kinetic parameters and optimization of the targeted process.
This probabilistic technique is based on applying prior distributions to obtain estimated parameters from posterior distributions,
according to Bayes’ theorem. By utilizing this technique, it is possible to predict experimentally unknown values and improve
yield”89,

Therefore, this study aims to estimate the kinetic parameters of ethanol production through the conversion of SSJ by
Saccharomyces cerevisiae NP, as previously described in the literature®, using an adapted mathematical model and applying
MCMC-MH to investigate the kinetic behavior of the bioprocess in a batch bioreactor.

2 MATERIAL & METHODS

Experimental data on the bioconversion process of SSJ into bioethanol in a batch reactor, using Saccharomyces cerevisiae NP
01, were obtained from the literature® and were mathematically modeled using adapted differential equations from the literature®
for cell growth, substrate consumption, and product generation. A mass balance was performed through the interaction of biomass
(X), substrate (S), and product (P) concentrations, according to the Eqgs. (2-4).
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The microbial growth model disregards cell death and the effects of primary and secondary metabolites were adapted from the
Luedeking-Piret equation!!. Substrate consumption was considered for both cell growth and maintenance, with ethanol being the
considered product. The specific microbial growth rate (u) was adapted from the Monod equation'?, accounting for inhibitory
effects of substrate and product concentrations, as described in Eq. (1). The experimental measurements used in this work were
obtained by SALAKKAM et al. (2023)°%. Computational simulation was conducted using Bayesian statistics of the posterior
probability distribution, Eq. (5). For the MCMC-MH method, a 99% credible interval (Cl) was considered?®.
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The relative root mean square error (rRMSE) was chosen for model validation, as described in Eg. (6)*2.
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3 RESULTS & DISCUSSION

The experimental measurements obtained by SALAKKAM et al. (2023)° were used to estimate the parameters of the sweet
sorghum juice conversion process into ethanol. Figure 1 shows ethanol production, biomass growth, and substrate consumption.
It is observed that the experimental data are within the 99% credible interval, demonstrating a good fit of the mathematical model
and indicating that the MCMC-MH method was effective in estimating.
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Figure 1: Comparison of the model prediction (solid lines), experimental data (markers), and credible interval (dashed lines) for biomass,
ethanol and substrate concentrations.

For the proposed model, nine parameters and their respective credible intervals were estimated, as presented in Table 1. These
parameters include the maximum specific growth rate (Umax), biomass inhibitory concentration for cell growth (Xinib), substrate
inhibitory concentration for cell growth (Sinib), product inhibitory concentration for cell growth (Pinib), Substrate saturation constant
(Ks), growth associated product formation rate (a), non-growth associated product formation rate (), biomass yield per substrate
(Yxs), and cell maintenance (m).

Upon analyzing the estimated parameters in Table 1, a significant affinity between the substrate and yeast can be observed,
evidenced by the low value of Ks close to zero'?. Additionally, the process of cell growth, substrate consumption, and ethanol
production exhibits slow kinetics, as indicated by the low value of pmax. The model also indicates a low value of cell maintenance,
a characteristic observed in Saccharomyces cerevisiae yeast as reported in the literature®.

The parameter estimates reveal significant inhibition values for biomass, product, and substrate. The parameter distribution
suggests a focus on the substrate curve, indicating that the microorganism concentrated substrate consumption for cell growth,
with minimal utilization for cell maintenance. This is consistent with the experimental values observed in the literature for the yields
Yxs and mS.



Table 1 Kinetic parameters estimated with 99% confidence interval and calculation of the rRMSE

Parameters Unit value Mean Cl 99%
omax ht 0.0011 [0.0010; 0.0014]
Xiniv g/lL 0.140 [0.106; 0.189]
Siniv g/lL 24.156 [16.419; 29.97]
Piniv g/L 106.923 [88.253; 126.868]

K g/lL 0.0698 [0.054; 0.0814]
a glg 9.190 [7,701; 11.017]
B a/g 0.049 [0.0371; 0.062]
Yxs glg 0.044 [0.038; 0.050]
m ht 0.0013 [0.0009; 0.0018]
rRMSE X rRMSE P rRMSE S
(Biomass concentration) (Ethanol concentration) (Substrate concentation)
9.41% 8.15% 7.55%

In addition to the parameters, Table 1 also presents the rRMSE results, indicating an excellent fit of the model to the biomass
growth curve, substrate consumption curve and for the ethanol production curve, with rRMSE values below 10%. These results
confirm the effectiveness of the proposed model in representing and predicting the sweet sorghum juice conversion process into
ethanol.

4 CONCLUSION

In this study, mathematical modeling was conducted to estimate fermentative kinetic parameters for bioethanol production from
SSJ using Saccharomyces cerevisiae NP 01 in a batch bioreactor. The proposed model underwent investigation through the
application of the MCMC-MH method, with experimental measurements within the 99% credible interval. The obtained estimates
of the kinetic parameters align with the evaluated process, showcasing the model's effectiveness in representing the bioprocess.
Data and modeling indicate that SSJ is a promising feedstock for bioethanol production, owing to its significant substrate-yeast
affinity despite exhibiting slow kinetics. Furthermore, the rRMSE results were deemed excellent (< 10%), further supporting the
accuracy of the mathematical model and the analyzed kinetic parameters in simulating the bioprocess.

REFERENCES

1 KORDALA, N., WALTER, M., BRZOZOWSKI, B. et al. 2024. 2G-biofuel ethanol: an overview of crucial operations, advances and
limitations. Biomass Conv. Bioref. 14, 2983-3006. https://doi.org/10.1007/s13399-022-02861-y

2 HAMDI, G.M.H., ABBAS, M. N. AND ALI, S. A. K. 2024. Bioethanol production from agricultural waste: a review. Journal of engineering and
sustainable development. 28, 02 (Mar. 2024), 233-252. https://doi.org/10.31272/jeasd.28.2.7

3 ROLZ, C., LEON, R., DE MONTENEGRO, A. L. M. 2019.Co-production of ethanol and biodiesel from sweet sorghum juice in two consecutive
fermentation steps,Electronic Journal of Biotechnology,Volume 41, Pages, https://doi.org/10.1016/j.ejbt.2019.05.002

4 PRASAD, S., SINGH, A., JAIN, N., et al. Ethanol production from sweet sorghum syrup for utilization as automotive fuel in India. Energy Fuel
2007;21(4):2415-20. https://doi.org/10.1021/ef060328z

5  SALAKKAM, A., PHUKOETPHIM N., LAOPAIBOON, P., et al. 2023. Mathematical modeling of bioethanol production from sweet sorghum
juice under high gravity fermentation: Applicability of Monod-based, logistic, modified Gompertz and Weibull models. Electron J Biotechnol
2023;64. https://doi.org/10.1016/j.ejbt. 2023.03.004

& LI, Y., SUN, H., ZHANG, Y., WANG, X., GAO, M., SUN, X., WANG, Q. 2024 Research progress for co-production ethanol and biobased
products, Industrial Crops and Products, Volume 212, 2024, 118351, ISSN 0926-6690, https://doi.org/10.1016/j.indcrop.2024.118351.

7 SAPUNOV, V. N., STEPACHEVA, A., SULMAN, E. M., WARNA, J., MAKI-ARVELA, P., SULMAN, M. G., SIDOROV, A. I., STEIN, B. D.,
MURZIN, D. Y., & MATVEEVA, V. G. 2017. Stearic acid hydrodeoxygenation over Pd nanoparticles embedded in mesoporous hypercrosslinked
polystyrene. Journal of Industrial and Engineering Chemistry, 46, 426—435. https://doi.org/10.1016/}.jiec.2016.11.013

8 VAN DE SCHOOT, R., DEPAOLI, S., KING, R., KRAMER, B., MARTENS, K., TADESSE, M. G., VANNUCCI, M., GELMAN, A., VEEN, D.,
WILLEMSEN, J., & YAU, C. 2021. Bayesian statistics and modelling. In Nature Reviews Methods Primers (Vol. 1, Issue 1). Springer Nature.
https://doi.org/10.1038/s43586-020-00001-2

9 VIEGAS, B.M., MAGALHAES, E.M., ORLANDE, H.R.B. ET AL. 2023. Experimental Study and Mathematical Modelling Of Red Mud Leaching:
Application Of Bayesian Techniques. Int. J. Environ. Sci. Technol. 20, 5533-5546, https://doi.org/10.1007/s13762-022-04346-X.

10 GERMEC, M., KARHAN, M., DEMIRCI, D., TURHAN, I. 2022. Kinetic modeling, sensitivity analysis, and techno-economic feasibility of ethanol
fermentation from non-sterile carob extract-based media in Saccharomyces cerevisiae biofilm reactor under a repeated-batch fermentation
process, Fuel, Volume 324, Part C, 2022, 124729, ISSN 0016-2361, https://doi.org/10.1016/j.fuel.2022.124729

1 LUEDEKING, R. AND PIRET, E.L. 1959. A kinetic study of the lactic acid fermentation. Batch process at controlled pHt. Biotechnol. Bioeng.,
1: 393-412. https://doi.org/10.1002/jbmte.390010406.

2. MONOD, J.L.1949. “The Growth of Bacterial Cultures.”

3 ZHOU, Y., LIU,Y.,WANG, D., DE, G., LI, Y., LIU, X., WANG, Y. 2021. A novel combined multi-task learning and Gaussian process regression
model for the prediction of multi-timescale and multi-component of solar radiation,Journal of Cleaner Production, Volume 284, 124710,ISSN 0959-
6526, https://doi.org/10.1016/}.jclepro.2020.124710

ACKNOWLEDGEMENTS

The authors thank the Federal University of Para (UFPA) and the Graduate Program in Biotechnology (PPGBIOTEC/UFPA).


about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank

