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Abstract

:

Biochemical processes present complex mechanisms and can be described by various computational models. Complex systems present a variety of problems, especially the loss of intuitive understanding. The present work uses fractional-order calculus to obtain mathematical models for erythritol and mannitol synthesis. The obtained models are useful for both prediction and process optimization. The models present the complex behavior of the process due to the fractional order, without losing the physical meaning of gain and time constants. To validate each obtained model, the simulation results were compared with experimental data. In order to highlight the advantages of fractional-order models, comparisons with the corresponding integer-order models are presented.
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1. Introduction


Scientists have found that many diseases which affect the circulatory and the digestive systems are caused by the high intake of sugars. An initiative was taken by several countries in order to decrease the amount of sugar used in foods by using alternative natural sweeteners, such as mannitol and erythritol. It has been proven that natural sweeteners provide both a low glycemic index and a small number of calories.



Lactic acid bacteria (LAB) are known to produce erythritol and mannitol in dough preparations, hence they are being added to bakery products to add nutritional value and promote several positive health effects. Furthermore, since mannitol and erythritol are natural sweeteners, their use lowers the amount of sugar needed to prepare the products. One of the most used LAB is Lactobacillus plantarum. This bacterium is adaptable to other microorganisms and environments and is often used in food fermentation processes. Lactobacillus casei, also recognized for its adaptability, is used mainly in the dairy industry due to its capability to metabolize different carbohydrates. The difference between the two bacteria is that L. plantarum has a fast growth and its fermentation is anaerobic, while L. casei is characterized by aerobic fermentation and grows slowly.



The production of functional foods requires ingredients which are rich in nutrients (such as carbohydrates, vitamins, lipids, etc.). It has been proven by nutritionists that soybeans are an excellent source of most nutrients, and there have been reports that their active component (isoflavones) has positive effects on many diseases caused by a high consumption of sugar. For this reason, f soy flour can be introduced in wheat flour in order to increase the bioactive characteristics of the final bakery products.



The primary cause of dental caries, obesity, type 2 diabetes, cancer, and cardiovascular diseases is the consumption of foods with a high sugar content [1,2]. To decrease the consumption of added and free sugars, taking into account the instructions by the World Health Organization (WHO), several countries are adopting regulations for lowering the sugar intake of the population, especially children [3]. The incorporation of alternative natural sweeteners (i.e., polyols), like mannitol or erythritol in bakery products, presents various favorable effects [4]. The digestion of these non-nutritive sweeteners is not entirely attainable by humans, and the majority is excreted unaltered in urine, providing a low source of calories and a low glycemic index [5].



Traditional food upgrading helps to enhance the nutritional values of foodstuff by providing several health-promoting effects [6]. Fermented foods frequently contain polyols, because they are the metabolic product of several starter cultures. The incorporation of LAB capable of producing mannitol or erythritol in dough preparations can contribute to the significant reduction of added sugars in bakery products [7]. L. plantarum, used in vegetable and other food fermentations, is a facultative heterofermentative bacterium and possesses competent adaptability to other microorganisms and environments. L. casei, also an adaptive bacterium mainly used in the dairy industry, is capable to metabolize different carbohydrates and has heterolactic and homolactic characteristics [8]. L. plantarum grows faster with mainly anaerobic fermentation, while L. casei grows more slowly, and its fermentation is aerobic [9].



Soybean, of the Fabaceae family, is often used in the production of functional foods because it is rich in nutrients such as carbohydrates, lipids, proteins, minerals, vitamins and bioactive components such as isoflavones (30% daidzein and 60% genistein) [10]. Isoflavones possess many health-promoting properties, exerting positive effects against cancer, cardiovascular disease, hypercholesterolemia, osteoporosis, and atherosclerosis [11]. The integration of soy flour in wheat flour is advantageous nutritionally, and the β-glucosidase enzyme from LAB can increase the aglycone content of dough by also increasing the bioactive and functional characteristics of bakery products [12].



Fractional calculus is a generalization of ordinary calculus which introduces derivatives and integrals of fractional order. Fractional calculus represents a very broad research field dealing with derivatives of arbitrary order [13]. Applications can be found in different research fields, ranging from systems engineering [14] to chemical and biochemical applications [15].



The goal of this paper was to optimize the mannitol and erythritol synthesis processes using different types of bacteria. To fulfil this objective, multiple models were created for each bacterial type. Second-order models were developed, which are widely used in technological process modelling. For each dataset, fractional-order models were also developed, being recognized for their good phenomenological description [13,14,15]. Fractional-order models maintain the physical meaning of the gains and time constants, varying only the model order. The model validation was realized in comparison with experimental data. Using the best models, optimum process values were established.



The paper is structured in three parts. After this introduction, Section 2 discusses the materials and methods used to produce the results, which are presented in Section 3. The work ends with concluding remarks.




2. Materials and Methods


The present research used lactic acid bacteria producing erythritol and mannitol on a vegetable substrate i.e., wheat flour and soybean (in different concentrations). The lactic bacteria used were L. plantarum and L. casei. Based on the obtained results, the optimization of the fermentation and composition of the substrate was pursued using the same bacteria together with the yeast Saccharomices cerevisiae. In each experiment, erythritol, mannitol, and secondary metabolites were quantified, following fermentation on the plant substrate. Erythritol and secondary metabolites were quantified using high-performance liquid chromatography (HPLC). The microorganisms were studied on 3 different doughs containing 10% soybean flour and 90% wheat flour, 5% soybean meal and 95% wheat flour, or 100% wheat flour. During lactic fermentation, the samples were taken at regular intervals (0 h, 2 h, 4 h, 6 h, 8 h, 10 h, 24 h) from all the above-mentioned environments. In these samples, it was possible to determine the viability of microorganisms, their rate of multiplication, adaptation in the new environment, but also the content of the metabolites of interest for this research, i.e., erythritol and mannitol.



In order to optimize the production of erythritol and mannitol, two important aspects were considered: the microorganisms’ metabolic activity and the parameters of fermentation process. The objective of the fermentation process was to favor the growth of L. plantarum and L. casei by using only the mentioned raw materials (wheat and soy flour). The final products obtained with the raw materials presented qualities which depended on the fermentation time, and most of them were associated with the metabolites synthesized during fermentation.



In recent years, a lot of work has been being carried out in physics and biophysics to create models for biological and complex processes. In many cases, linear differential equations provide highly successful models, but these models describe only the basis of many physiological systems. Many trials have been made using models with probabilistic, chaotic, and even fractal measures. Problems occur when the complexity of the model requires too much computational power or the obtained model is applicable using a narrow range of parameters. It is widely considered that fractional-order models can be applied on multiple scales not requiring multiple definitions of the model’s properties, thus reducing computations. A disadvantage of the fractional models is that some properties of differentiation are lost, which makes check-ups necessary to determine whether the obtained mathematical operations are allowed. Many papers have described successful models for different dynamic systems. The wide variety of applications extend from neural systems, for which Gaussian distribution and weighted summation of exponentials proved to provide incomplete explanations, to different bioengineering applications. Using fractional-order models, complex systems can be simulated with electrical systems containing capacitors and inductors.



The behavior of biotechnological systems has memory or aftereffects. If the output of a system at a certain time depends only on the input at that specific time, then such systems are said to be memoryless systems. On the other hand, if the system uses previous values of the input in order to determine the current value of the output, then such systems are considered systems with memory [13,14,15], which is the case of biotechnological systems. The modelling of these systems by fractional-order differential equations has more advantages than the classical integer-order mathematical modelling, in which such effects are neglected. Also, the fractional-order models are at least as stable as their integer-order counterparts [16,17,18]. It is also proven that in real-life situations, the created fractional-order mathematical models allow displaying some extra cases regarding the mathematical model equilibrium point stability region. For all these reasons, fractional-order mathematical models are more realistic and feasible [17,18,19].



The mathematical definition of the fractional-order model uses the Gamma function. For that equation, the Laplace transform is applied, giving the equation bellow [20]:


  L  {   t  − k    }  =   Γ  (  1 − k  )     s  1 − k     ,   k < 1  



(1)






   s  k − 1   =  1  Γ  ( k )  Γ  (  1 − k  )      ∫  0 ∞     a  k − 1     s + a     d a  



(2)







Equation (2) is obtained from Equation (1) by changing the order of integration between a and t. Using the Stieltjes transform on Equation (2) gives the final form of the fractional derivative operator:


   s k  =  1  Γ  ( k )  Γ  (  1 − k  )      ∫  0 ∞   τ  − k    (    τ s   τ s + 1    )    d τ  τ   



(3)







As a suitable mathematical model is essential for process optimization and prediction, the present research deals with an alternative tool, based on the use of fractional-order differential equations for biochemical processes identification, using experimental data. Matlab® software (version R2019a, 1994–2020 The MathWorks, Inc., Natick, MA, USA) was used to perform the modeling, analyses, and plots. For fractional-order approximation, a toolbox for Matlab was used, namely, ninteger, a freely downloadable toolbox from the Internet [21].



As identification technique, a fully recurrent neural network with one hidden layer was used. The cost function for training is the sum of mean squared errors:


  C F =  1 N    ∑   i = 1  N   ε i   ε i T  =  1 N    ∑   i = 1  N   (   y i  −   y ^  i   )    (  y i  −   y ^  i  )  T   



(4)




where N is the number of training samples, y is the measured output, and    y ^      is the output of the neural network.



As simulation toolbox, a modelling tool previously developed [22] was used.




3. Results


For the kinetics study of production, in each case, an integer-order model was developed using the Identification Toolbox from Matlab®, having the form:


  H i  ( s )  =  k   (   T 1  s + 1  )   (   T 2  s + 1  )     



(5)







The experimental data, in all cases, suggested that an overdamped transfer function was suitable for modelling such processes. Additionally, a second-order model was selected for simplicity. In cases where this simple model was not suitable, a third-order model was developed:


  H i  ( s )  =  k   (   T 1  s + 1  )   (   T 2  s + 1  )   (   T 3  s + 1  )     



(6)







The second stage of the research consisted in establishing fractional-order models in a form similar to transfer functions (5) or (6):


  H f  ( s )  =  k   (   T 1   s α  + 1  )   (   T 2   s β  + 1  )     



(7)






  H f  ( s )  =  k   (   T 1   s α  + 1  )   (   T 2   s β  + 1  )   (   T 3   s χ  + 1  )     



(8)







The integer- and fractional-order models have the same number of time constants, T1 and T2 for transfer function (5) and (7), and T1, T2, and T3 for transfer functions (6) and (8), and an additional gain k. For the fractional-order transfer function (7) or (8), two or three supplementary model parameters were introduced, i.e., the fractional orders α, β, and χ It was expected that using these extra model parameters, a better fit would be obtained, although the overall structure of the fractional-order model was maintained simple as in the integer-order case, with the same physical interpretation of time constants and gains.



3.1. Case 1: L. Plantarum


Using the L. plantarum bacterium, three experiments were made. The first one used 100% wheat flour. The following models were, obtained described by the integer-order transfer function (9) and the correspondent fractional-order transfer function (10).


  H i  ( s )  =   3.1969    (  2.6 s + 1  )   (  3 s + 1  )   (  3 s + 1  )     



(9)






  H f  ( s )  =   3.1969    (  23.4  s  1.405   + 24.6  s  1.85   + 8.6  s 3  + 1.295  )     



(10)







In Figure 1, the behavior of the two transfer functions for the first set of experimental data can be seen. The fractional-order model (green line) followed the pattern of the experimental data (red dots). After 30 h, the model decreased slightly, which was not observed for the simpler model (blue line), considering its simple form. The mean squared error for the fractional-order model was 0.0048 and that for the integer-order model was 0.1207. The two dotted lines in Figure 1 represent similar fractional-order models with the same time constants, but their exponents are increased by 3% for the blue dotted line and decreased by 3% for the red dotted line. The intermediary orders are presented in green. The behavior of all fractional-order models was similar. Depending on the values chosen for the exponents, the model could reach its maximum value faster or slower. After 30 h, all three fractional systems started to decrease from their maximum value, a property which could be hardly found in integer-order models. The next figures contain the same elements and have been denoted with the same types of line and color.



The next set of data used the same bacterium, but the flour mixture contained 95% wheat flour and 5% soy flour. The obtained models are transfer functions (11) and (12):


  H i  ( s )  =   3.2553    (  6.5 s + 1  )   (  6.5 s + 1  )     



(11)






  H f  ( s )  =   3.2553    (  42.5  s  2.335   + 13  s  1.13   + 1.045  )     



(12)







In Figure 2 are presented the corresponding simulation results, for both integer- and fractional-order model. By comparing their behaviors and computing the mean squared error, it was concluded that the fractional-order model was more accurate than the simple, integer-order one. For the fractional-order model, the mean squared error was 0.0029, while for the integer-order model, it was 0.1516. In this case, the model represented by the red dotted line remained at its maximum value for longer, not decreasing for the entire simulation time.



For the last experiment with this type of bacterium, the flour mixture contained 90% wheat flour and 10% soy flour. The developed models are presented in Equations (13) and (14):


  H i  ( s )  =   3.2109    (  2 s + 1  )   (  2 s + 1  )   (  2.6 s + 1  )     



(13)






  H f  ( s )  =   3.2109    (  10.4  s  1.285   + 14.4  s  1.45   + 6.6  s 3  + 1.15  )     



(14)







Figure 3 presents the corresponding experiment results for the first type of bacterium examined. The models had similar behaviors as those observed in the first experiment, experiencing a decrease after a certain time, which with the simple model was more difficult to achieve. The mean squared error for the fractional model was 0.0758 and that for the integer-order model was 0.1628. The behavior of the fractional-order models was in this case similar to that of the first experiment. This similarity was observed in most of the following simulations.




3.2. Case 2: L. Casei


The next group of experiments used the L. casei bacterium and the same mixtures as a substrate. The first models used the 100% wheat flour mixture:


  H i  ( s )  =   3.781    (  2.5 s + 1  )   (  3 s + 1  )   (  2.5 s + 1  )     



(15)






  H f  ( s )  =   3.781    (  18.75  s  1.36   + 21.25  s  1.8   + 8  s  2.5   + 1.27  )     



(16)







As in the previous case, the fractional-order model was more accurate compared to the simple model. The errors were 0.0083 for the fractional-order model and 0.1879 for the integer-order model. The comparative results are shown in Figure 4.



The next model used a mixture of 95% wheat flour and 5% soy flour. In this case, the integer- and the fractional-order models obtained were:


  H i  ( s )  =   3.6946    (  2 s + 1  )   (  3 s + 1  )   (  3 s + 1  )     



(17)






  H f  ( s )  =   3.6946    (  12  s  1.16   + 16  s  1.8   + 7  s  2.5   + 1.1  )     



(18)







In this case, the mean squared errors for both models were small, i.e., 0.0056 for the fractional-order model and 0.0611 for the integer-order one. Both models behave in a similar manner. However, as it is also indicated in Figure 5, the fractional-order model approximated better the experimental data and thus represented a better choice.



The last experiment used 90% wheat flour and 10% soy flour and produced the following results regarding the integer- and fractional-order models:


  H i  ( s )  =   3.6385    (  9 s + 1  )   (  9 s + 1  )     



(19)






  H f  ( s )  =   3.6385    (  81  s  2.25   + 18  s  1.25   + 1.29  )     



(20)







In the last experiment, the two models behave differently. The behavior of the fractional-order model was more accurate than that of the integer-order one. The error for the fractional-order model was 0.0034 and that for the classical model was 0.3829. The results are presented in Figure 6.




3.3. Case 3: L. Casei + L. Plantarum


The following experiments used contain both types of bacteria. The first set of data were obtained using 100% wheat flour. The following integer-order and fractional-order models were obtained:


  H i  ( s )  =   3.13    (  6.5 s + 1  )   (  6.5 s + 1  )     



(21)






  H f  ( s )  =   3.13    (  42.25  s  2.375   + 13  s  1.14   + 1.06  )     



(22)







In this particular case, the mean squared error for the fractional-order model was 0.0042, while that for the integer-order model was significantly larger, equal to 0.1523. The comparative simulation results against the experimental data are presented in Figure 7.



The next experiment used 5% soy flour and 95% wheat flour. Two models were determined here, and the results are indicated in Figure 8. The two models are:


  H i  ( s )  =   3.7107    (  4 s + 1  )   (  8 s + 1  )   (  0.5 s + 1  )     



(23)






  H f  ( s )  =   3.7107    (  29.75  s  1.39   + 67.25  s  2.75   + 16  s  3.03   + 1.215  )     



(24)







In this case, in the first part of the simulation, both models had small errors. However, the fractional-order model was able to follow the decreasing slope of the experimental results, unlike the integer-order model. The mean squared errors were 0.001 in the case of the fractional-order model and 0.0159 for the integer-order one.



The last models created used 10% soy flour and 90% wheat flour. The following transfer functions were obtained:


  H i  ( s )  =   3.9740    (  6.3 s + 1  )   (  3.7 s + 1  )   (  0.7 s + 1  )     



(25)






  H f  ( s )  =   3.9740    (  16.317  s  1.27   + 30.31  s  2.9   + 10.7  s  2.6   + 1.1  )     



(26)







In the last case, the mean squared errors of the two models were higher than those measured previously. The error of the fractional-order model was 0.1469, while that of the other model was 0.2676. In this case, the simple form of the integer-order model failed to cover all experimental points, as indicated in Figure 9.



All these results are summarized in Table 1.



The well-known disadvantage of fractional-order models is complexity. The integer-order approximation which gives proper results is very important for simulation and process optimization. For this reason, different approximations of fractional orders were applied for every identified fractional-order model, and the execution time for a step response was measured. The results are presented in Table 2. It can be concluded that the computational costs are not relevant for these models.



For computational cost evaluation, each fractional-order model was approximated with integer-order elements having n = 2, 4, 6, 8, 10 elements. The results are presented in Table 3.



It can be concluded that by using a larger approximation number, the error decreased, but after n = 6, the differences were too small or smaller than 10−4. Naturally, the downside of using a larger value is the more complex form of the approximated transfer function, but this does not affect the execution time of the algorithm, as presented in Table 2.





4. Conclusions


In order to optimize the chosen biochemical process and predict different evolutions, mathematical modelling was realized. In the present work, integer-order and fractional-order models were presented. The classical integer-order models were established with the specific toolbox in Matlab®. The fractional-order models were developed using artificial intelligence. The results proved the superiority of the models created with fractional-order tools in comparison with classical integer-order ones.
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Figure 1. Comparison between simulated and experimental data for experiment 1 using Lactobacillus plantarum. 
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Figure 2. Comparison between simulated and experimental data for experiment 2 using L. plantarum. 
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Figure 3. Comparison between simulated and experimental data for experiment 3 using L. plantarum. 
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Figure 4. Comparison between simulated and experimental data for experiment 1 using Lactobacillus casei. 
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Figure 5. Comparison between simulated and experimental data for experiment 2 using L. casei. 
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Figure 6. Comparison between simulated and experimental data for experiment 3 using L. casei. 
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Figure 7. Comparison between simulated and experimental data for experiment 1 using both types of bacteria. 
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Figure 8. Comparison between simulated and experimental data for experiment 2 using both types of bacteria. 
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Figure 9. Comparison between simulated and experimental data for experiment 3 using both types of bacteria. 
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Table 1. Mean square errors for each experiment.






Table 1. Mean square errors for each experiment.





	Experiment
	100% Wheat
	95% Wheat
	90% Wheat





	Experiment with L. plantarum
	0.0048 for Fractional 0.1207 for Integer
	0.0029 for Fractional 0.1516 for Integer
	0.0758 for Fractional 0.1628 for Integer



	Experiment with L. casei
	0.0083 for Fractional 0.1879 for Integer
	0.0056 for Fractional 0.0611 for Integer
	0.0034 for Fractional 0.3829 for Integer



	Experiment with L. casei + L. plantarum
	0.0042 for Fractional 0.1523 for Integer
	0.0010 for Fractional 0.0159 for Integer
	0.1469 for Fractional 0.2676 for Integer
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Table 2. Algorithm execution time depending on the fractional-order approximation n.
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Experiment

	
Approximation Order n

	
100% Wheat Execution Time

	
95% Wheat Execution Time

	
90% Wheat Execution Time






	
L. plantarum

	
2

	
0.630840

	
0.553088

	
0.622764




	
4

	
0.628559

	
0.561806

	
0.619775




	
6

	
0.666731

	
0.548033

	
0.622020




	
8

	
0.651018

	
0.571900

	
0.657854




	
10

	
0.638888

	
0.619697

	
0.623748




	
L. casei

	
2

	
0.633670

	
0.672707

	
0.553984




	
4

	
0.674323

	
0.624525

	
0.563766




	
6

	
0.617245

	
0.645090

	
0.560314




	
8

	
0.669795

	
0.611367

	
0.571462




	
10

	
0.627036

	
0.795508

	
0.633211




	
L. casei + L. plantarum

	
2

	
0.564722

	
0.685146

	
0.634549




	
4

	
0.693730

	
0.619232

	
0.624525




	
6

	
0.573994

	
0.664748

	
0.645380




	
8

	
0.605419

	
0.621814

	
0.668827




	
10

	
0.567797

	
0.618991

	
0.621872
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Table 3. Algorithm mean squared error (mse) for different fractional-order approximations n.






Table 3. Algorithm mean squared error (mse) for different fractional-order approximations n.





	
Experiment

	
Approximation Order n

	
100% Wheat mse

	
95% Wheat mse

	
90% Wheat mse






	
L. plantarum

	
2

	
0.1400

	
0.0804

	
0.1996




	
4

	
0.0079

	
0.0027

	
0.0173




	
6

	
0.0047

	
0.0027

	
0.0154




	
8

	
0.0047

	
0.0029

	
0.0155




	
10

	
0.0048

	
0.0029

	
0.0155




	
L. casei

	
2

	
0.2003

	
0.0753

	
0.1427




	
4

	
0.0113

	
0.0067

	
0.0051




	
6

	
0.0083

	
0.0550

	
0.0036




	
8

	
0.0083

	
0.0056

	
0.0034




	
10

	
0.0083

	
0.0056

	
0.0034




	
L. casei + L. plantarum

	
2

	
0.0857

	
0.2726

	
0.4376




	
4

	
0.0036

	
0.0045

	
0.1472




	
6

	
0.0039

	
0.0010

	
0.1437




	
8

	
0.0041

	
0.0010

	
0.1460




	
10

	
0.0042

	
0.0010

	
0.1469
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