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Abstract 

This research aimed to automate the fitting of kinetic models using genetic algorithms (GAs) to 

optimize the estimation of kinetic parameters—the reaction rate constant (k) and the initial value of 

total titratable acidity (TTA, C₀)—and enhance predictive accuracy. Experimental data were 

collected from bananas (Musa paradisiaca L.) at ripening stage 2 on Von Loesecke scale, measuring 

TTA at specific intervals, and three kinetic models—zero-order, first-order, and second-order—were 

fitted. For optimization, Python-based GA was used to minimize the mean squared error (MSE) and 

evaluate performance based on R2, AIC, and BIC. Results indicated that while the zero-order model 

provided the best statistical fit (R2 = 0.918, lowest AIC and BIC), validation on unseen data favored 

the second-order model, which exhibited superior predictive accuracy (test R2 = 0.9349, lowest test 

MSE). The integration of GAs enhanced the robustness of kinetic fitting by effectively navigating 

parameter space and avoiding local minima, outperforming traditional optimization methods, 

demonstrating their ability to refine parameter estimation and improve model generalization. Future 
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research should explore hybrid models that combine mechanistic kinetic equations with machine 

learning techniques (e.g., neural networks, or support vector regression), to better capture the 

biochemical processes underlying acidity changes in bananas. 

Keywords: ripening kinetics, genetic algorithms, parameter estimation, post-harvest modeling, 

TTA decreasing, food quality. 

Resumen 

Esta investigación tuvo como objetivo automatizar el ajuste de modelos cinéticos mediante 

algoritmos genéticos (AG) para optimizar la estimación de los parámetros cinéticos — constante de 

velocidad de reacción (k) y valor inicial de la acidez total titulable (ATT, C₀)—, y mejorar la precisión 

predictiva. Se obtuvieron datos de ATT de plátanos (Musa paradisiaca L.) en etapa 2 de maduración, 

según la escala de Von Loesecke, y se ajustaron los modelos cinéticos de orden cero, de primer y 

segundo orden. Se implementó AG en Python para minimizar el error cuadrático medio (MSE) y 

evaluar el desempeño en función de R2, AIC y BIC. Los resultados muestran mejor ajuste (R2 = 0.918, 

menor AIC y BIC) en el modelo de orden cero, mientras que la validación con datos no vistos 

favoreció al de segundo orden (R2 = 0.9349, menor MSE). La integración de AG mejoró la robustez 

del ajuste cinético, demostrando mejor estimación de parámetros y la generalización del modelo. 

Investigaciones futuras deberían explorar modelos que combinan ecuaciones cinéticas mecanicistas 

con técnicas de aprendizaje automático (por ejemplo, redes neuronales o regresión de vectores de 

soporte), para capturar mejor los procesos bioquímicos subyacentes a los cambios de acidez en 

plátanos. 

Palabras clave: cinética de maduración, algoritmos genéticos, estimación de parámetros, 

modelado poscosecha, disminución de TTA, calidad de los alimentos. 

1. Introduction 

     The kinetic analysis allows for monitoring and predicting food quality changes during storage, 

making it highly valuable in food research and industry. By using kinetic models to study 

parameters like total titratable acidity (TTA), scientists can quantify quality loss and establish shelf-

life based on the degradation of food products (Contreras-López et al., 2022; Poonnakasem et al., 

2018; Olivera et al., 2013). These models effectively describe changes in texture and color in various 

foods, providing insights into degradation rates and the effects of environmental factors (Yang and 

Xu, 2021; Jaimez-Ordaz et al., 2019). Additionally, integrating kinetic models with sensory 

evaluations and quality assessments enables the development of comprehensive tools for quality 

management, helping the industry meet regulatory standards and consumer expectations 

(Kaczmarek and Muzolf-Panek, 2021; Stangierski et al., 2019; Guo et al., 2018). This predictive 

capability ensures product quality, enhances consumer satisfaction, and supports the industry’s 

commitment to safety, innovation, and sustainability by reducing postharvest losses and improving 

resource efficiency through informed decision-making. TTA, in particular, is a relevant quality 

indicator because it reflects changes in organic acid content. These changes influence flavor, 

freshness perception, and microbial stability and are directly associated with ripeness and 

senescence (Odediran et al., 2023; De Souza et al., 2022). However, despite the growing interest in 
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modeling quality changes in fruits, limited studies have focused on automating the parameter 

optimization process using genetic algorithms (GAs) specifically for titratable acidity kinetics in 

climacteric fruits. This study addresses this gap by presenting a replicable and structured 

computational framework for fitting kinetic models, applied to bananas as a representative system. 

Bananas (Musa sapientum L.) are an excellent model for studying food systems due to their high 

perishability and the extensive biochemical changes they undergo during storage. As climacteric 

fruits, bananas continue ripening after harvest, with processes such as starch breakdown into simple 

soluble sugars and increased soluble pectin contributing to fruit softening and flavor enhancement 

(Dos Santos et al., 2019; Kaka et al., 2019; Zomo et al., 2015). Organic acids, such as malic acid, fluctuate 

throughout the ripening process, initially increasing and subsequently declining as senescence 

approaches, which is closely linked to TTA (Gutierrez-Aguirre et al., 2023; Coelho De Queiroz et al., 

2019), as malic acid—the predominant acid in bananas—is progressively metabolized through 

enzymatic decarboxylation and transamination reactions. During ripening, increased activity of 

enzymes such as NADP-malic enzyme and malate dehydrogenase contributes to malic acid 

degradation, reducing the total acid content and decreasing TTA (Zhou et al., 2023; Onik et al., 2019). 

These chemical transformations also involve changes in pH and Total Soluble Solids (TSS), both 

critical quality attributes during ripening. The gradual reduction in acidity, alongside an increase in 

TSS and sugar content, imparts the characteristic sweetness and flavor of ripe bananas, making them 

more appealing to consumers (Nguyen et al., 2023; Aquino et al., 2017; Zomo et al., 2015). 

Additionally, the interplay between pH and the catalytic activity of cell wall enzymes can influence 

the fruit’s texture, color, and stability during storage. Monitoring these biochemical changes—such 

as variations in pH, TSS, color, firmness, and TTA—allows for understanding ripening dynamics, 

optimizing postharvest treatments, and extending the shelf-life of bananas (Novita et al., 2024; Dos 

Santos et al., 2019). 

Several studies have demonstrated that TTA is closely related to other physicochemical parameters 

during fruit ripening and storage. In bananas, TTA has shown a direct correlation with TSS during 

early ripening stages, and an inverse correlation with firmness and skin color development, 

reflecting progressive senescence (Coelho De Queiroz et al., 2019; Aquino et al., 2017). TTA also tends 

to decline after an initial increase, indicating metabolic transformations such as the conversion of 

organic acids and sugar accumulation. Similar relationships have been reported in other climacteric 

fruits, where TTA is inversely associated with pH and firmness, and directly with respiration rate 

and ethylene production (Odediran et al., 2023). These correlations highlight the role of TTA as an 

integrative indicator of postharvest quality. Therefore, improving the prediction of TTA through 

kinetic modeling contributes to a better understanding of ripening dynamics in banana and similar 

fruit systems. 

Performance metrics such as coefficient of determination (R2), Mean Squared Error (MSE), Akaike 

Information Criterion (AIC), and Bayesian Information Criterion (BIC) are determinants for 

evaluating the quality of kinetic model fitting by balancing accuracy and simplicity. R2 quantifies the 

variance explained by the model, with higher values indicating better fit (De-Graft H., 2017), while 

MSE measures the average squared residual error, with lower values reflecting improved accuracy 

(Collenteur, 2021). AIC and BIC, on the other hand, penalize model complexity to prevent 

overfitting, with AIC favoring models that balance fit and parameter usage and BIC imposing stricter 

penalties to promote simplicity (Hoekstra et al., 2023; Corrales et al., 2015). Together, these metrics 

ensure robust model selection, where R² and MSE assess goodness-of-fit, and AIC and BIC enhance 
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interpretability and generalizability. The integrated use of these criteria has been theoretically 

supported in model selection literature (Vrieze, 2012), and applied in food systems such as drying 

kinetics modeling (Souza et al., 2019). More recently, their continued relevance has been 

demonstrated in predictive modeling and longitudinal data analysis across various disciplines 

(Hoekstra et al., 2023; Zhang & Meng, 2023). 

Kinetic models, including zero-order, first-order, and second-order, are frequently used in food 

science to understand and model quality product changes, allowing preservation optimization. Also, 

these models enable describing the flavor development and evaluating nutrient stability (Contreras-

López et al., 2022; Hazrat et al., 2022; Buehler and Mesbah, 2016). While these models have broad 

applications, traditional parameter estimation methods like ordinary least squares (OLS) face 

limitations, including assumptions of error normality and challenges in parameter identifiability for 

nonlinear systems (Chai et al., 2024; Manzhula et al., 2024). Advanced techniques, such as Bayesian 

optimization, provide robust alternatives for addressing these challenges and improving model 

validation (Luciano and Svoboda, 2024; Taylor et al., 2023; Jorayev et al., 2022). These techniques have 

demonstrated significant predictive accuracy and efficiency advantages, particularly in systems with 

complex or non-linear behaviors. For instance, Bayesian optimization has been shown to reduce the 

number of required evaluations by over 90 % compared to grid or random search methods, while 

improving convergence toward optimal solutions (Taylor et al., 2023). Additionally, in multi-

objective optimization scenarios, Bayesian approaches have increased parameter estimation 

accuracy, such as conversion and yield in chemical processes, by up to 10–20 %, while reducing 

processing times by several hours (Jorayev et al., 2022). These outcomes support the relevance of 

Bayesian optimization in enhancing the reliability and performance of predictive models in food and 

biological systems. 

GAs are automated tools for kinetic model fitting in food science, offering advantages over 

traditional methods like ordinary least squares (OLS). Inspired by natural selection, GAs evolve 

populations of candidate solutions through operations such as selection, crossover, and mutation, 

iteratively optimizing model parameters based on a defined fitness function (Xu, 2022; Fischer et al., 

2021). Unlike gradient-based approaches, which are often limited by local minima and sensitivity to 

outliers such as OLS, GAs explore complex, multidimensional parameter spaces globally by 

maintaining diverse solution populations and evaluating multiple performance metrics 

simultaneously (Wrzecionek et al., 2021; Turgut, 2018; Umbarkar et al., 2015), ensuring a thorough 

search for the global optimum (Wrzecionek et al., 2021; Zarejousheghani et al., 2016). This robustness 

has enabled the successful application of GAs in modeling nonlinear and multistep reaction kinetics, 

including optimized kinetic parameters for enzymatic biodiesel production (Zarejousheghani et al., 

2016)., and polycondensation and triglyceride epoxidation reactions (Kousaalya et al., 2019). 

In food-related applications, GAs have been used to optimize fermentation kinetics in cocoa 

processing, where they effectively estimated key parameters such as the maximum specific growth 

rate (μmax) and saturation constants (Ks), yielding reliable predictions of metabolite production and 

supporting process scale-up and control (López-Pérez et al., 2018). Additionally, they are 

increasingly applied in food engineering tasks such as thermal degradation modeling, drying 

optimization, and process control (Koop et al., 2024). GAs have also been employed to model the 

polycondensation of citric acid with glycerol, a reaction relevant to developing edible coatings and 

biodegradable food packaging matrices. These examples highlight the flexibility and robustness of 

GAs in modeling complex reaction systems in food science (Wrzecionek et al., 2021). 
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GAs and other predictive tools have been increasingly employed to model post-harvest changes’ 

kinetics in climacteric and non-climacteric fruits under controlled temperatures. These methods help 

predict quality attributes, optimize storage protocols, and explore the genetic basis of post-harvest 

traits. Tools such as artificial neural networks, fuzzy logic, adaptive neuro-fuzzy inference systems, 

and GAs have been applied to model parameters like chilling injury, moisture loss, and firmness 

(Salehi, 2020). Predictive models have also distinguished ripening behaviors in melons and tracked 

changes in texture and physiology during storage (Tijskens et al., 2008). In blueberries, GAs have 

supported breeding strategies by identifying traits linked to superior post-harvest quality (Casorzo 

et al., 2024), while in barley, they have been used to monitor fungal development (Wawrzyniak, 

2023). In climacteric fruits, strategies to delay ethylene-driven ripening have benefited from 

physiological, molecular, and computational approaches, reinforcing the utility of predictive 

modeling for quality control (Alonso-Salinas et al., 2024). Altogether, these studies highlight the 

growing relevance of GAs and machine learning in post-harvest quality prediction across plant 

systems. 

It is hypothesized that the automation of kinetic model fitting using genetic algorithms enables more 

efficient parameter estimation and allows for accurate modeling of TTA decreasing in bananas 

during post-harvest ripening. 

Based on the above, this study aimed to model the decrease in TTA in bananas (Musa paradisiaca L.) 

by automating the fitting of zero-order, first-order, and second-order kinetic models. A Python script 

was developed to implement GAs, which optimized the kinetic parameters—initial TTA (C₀) and 

reaction rate constant (k)—by minimizing the MSE between experimental and predicted values. 

Model performance was assessed using R², AIC, and BIC to explore a broader solution space and 

enhance the predictive capacity of kinetic analysis. 

2. Materials and methods 

2.1 Samples 

     The bananas (Musa paradisiaca L., Cavendish variety) used in this study were sourced from the 

central supply market of Pachuca de Soto, Hidalgo, Mexico. The fruits were selected based on visual 

uniformity (color and size), corresponding to ripening stage 2 of the Von Loesecke scale 

(Khodabakhshian and Baghbani, 2021), indicative of early post-harvest ripening, and were used 

without prior washing, peeling, or chemical treatment. The samples were transported to the 

laboratory in a tray without packaging or refrigeration, approximately five minutes after purchase. 

2.2 Experimental conditions and storage setup 

     The experiment was conducted in the common-use laboratory of the Área Académica de Química 

at the Universidad Autónoma del Estado de Hidalgo, Mexico. Whole, unpeeled bananas were placed 

directly on clean laboratory work tables, maintaining a 30 cm separation between fruits to promote 

adequate airflow and avoid physical contact. Although no specialized monitoring equipment was 

installed, ambient temperature and relative humidity were recorded using publicly available 

internet-based data corresponding to the study location. These environmental conditions averaged 
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21  ±  1  °C and 57  ±  1  % relative humidity throughout the 16-day storage period. While direct 

verification was not possible, the laboratory environment remained stable, and the primary objective 

focused on modeling TTA degradation, making the referenced data appropriate for contextualizing 

the storage conditions. 

During the storage period, the fruits progressed naturally from ripening stage 2 to stages beyond 7 

on the Von Loesecke scale. By the end of the 16-day period, the bananas exhibited brown to black 

peels, a very soft pulp and signs of fermentation, such as an alcoholic odor. These characteristics are 

consistent with late senescence under non-refrigerated conditions. Despite these advanced changes, 

TTA was successfully measured at all time points, enabling a continuous and reliable kinetic analysis 

throughout the study. 

2.3 Total Titratable Acidity 

     The bananas’ TTA was measured in triplicate at specific time intervals: days 0, 1, 2, 3, 6, 7, 8, 9, 10, 

13, 14, 15, and 16. These systematic measurements tracked changes in acidity over time, offering 

valuable insights into the ripening process. 

TTA was determined by titration with 0.01 mol/L NaOH after macerating the samples in distilled 

water, following the procedure described in previous researches (García-Curiel et al., 2023; Barreto 

Ferreira and Faria Freitas, 2019). The titration was performed using a 50 mL manual glass burette 

(PYREX®, Corning Inc., USA, 2020) held in place with a burette clamp on a universal stand. The 

Erlenmeyer flask (PYREX®, Corning Inc., USA, 2020) containing the sample and a magnetic stir bar 

was placed on a magnetic stirrer with hot plate (Thermo Scientific® Cimarec™+, Waltham, MA, USA, 

2020), operating at 400 rpm to ensure constant mixing under ambient conditions. All volumetric 

glassware used was previously calibrated. The results were expressed as grams of malic acid per 100 

grams of banana.  

Although no separate reproducibility test was performed, all determinations were conducted under 

uniform laboratory conditions using the same equipment and operator, ensuring procedural 

consistency appropriate to the modeling scope of the study. 

2.4. Kinetic modeling of total titratable acidity in bananas 

    2.4.1 Data preparation 

    The TTA data for bananas was collected and organized by time intervals. To ensure consistency 

and reliability, the TTA measurements for each time point were averaged, resulting in a 

representative dataset for kinetic modeling. 

    2.4.2 Kinetic models 

    Three kinetic models—zero-order, first-order, and second-order — were employed to describe the 

changes in TTA over time (Table 1). In these models, Q(t) represents the critical quality attribute, 
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which is the TTA at time t (in days), while Q0 denotes the initial TTA, and k is the rate constant 

characterizing the speed of the reaction (Contreras-López et al., 2022). Each model was fitted to the 

averaged dataset using the OLS method. 

The observed TTA values were compared with the predictions generated by each kinetic model 

through scatter plots of the experimental data overlaid with the corresponding model predictions. 

For the zero-order model (Eq. (1)), TTA was plotted directly against time. In contrast, the first-order 

model (Eq. (2)) used the natural logarithm of TTA (ln(Q(t)) plotted against time, and the second-

order model (Eq. (3)) represented the reciprocal of TTA (1/Q(t)) plotted against time. 

 
Table 1. Kinetic models and their equations. 

Tabla 1. Modelos cinéticos y sus ecuaciones. 

Model Mathematical expression Eq. 

Zero-order 𝑄(𝑡) = 𝑄0 − 𝑘 ⋅ 𝑡 (1) 

First-order 𝑙𝑛𝑄(𝑡) = 𝑄0 ⋅ 𝑒−𝑘⋅𝑡 (2) 

Second-order 𝑄(𝑡) =
1

1 + 𝑄0 ⋅ 𝑘 ⋅ 𝑡
 

(3) 

    2.4.3 Model evaluation 

    The statistical summaries for each model were generated, including parameter estimates, standard 

errors, and goodness-of-fit metrics such as R2. 

2.5. Automated optimization and evaluation of kinetic models 

    2.5.1. Data splitting and optimization 

    The data preparation was carried out as described earlier, following the steps for calculating TTA 

values from the experimental data. Subsequently, the kinetic models outlined in Table 1 described 

the TTA changes over time, forming the basis for parameter optimization and model evaluation. 

The dataset was divided into training (80 %) and test (20 %) subsets using random splitting to ensure 

the robustness of the model evaluation process. The optimization of kinetic parameters, namely k 

(reaction rate constant) and Q0 (initial TTA), was performed using a genetic algorithm implemented 

with the DEAP library in Python. This algorithm aimed to minimize the MSE between the observed 

and predicted TTA values. Initially, a population of candidate solutions, each representing potential 

values of k and Q0, was generated. The fitness of each individual was evaluated through an objective 

function based on the Eq. (4) (Dong et al., 2017). 

  

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑄𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑,𝑖 − 𝑄𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑,𝑖)

2𝑛
𝑖=1          Eq. (4) 
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Subsequently, genetic operators, including selection, crossover, and mutation, were iteratively 

applied to evolve the population over 100 generations or until convergence. This iterative process 

enabled the exploration of a vast parameter space, ensuring the identification of the optimal set of 

kinetic parameters for each model. 

    2.5.2. Model evaluation 

    The performance of each kinetic model was evaluated using multiple metrics to assess accuracy 

and complexity. The MSE was calculated to quantify the average squared difference between the 

observed (Qobserved) and predicted (Qpredicted) values, providing a measure of the model’s prediction 

error (Eq. (4)). 

The R2 was used to measure the proportion of variance in the observed data explained by the model, 

indicating its goodness of fit. Higher values of R2 suggested better predictive performance. 

The AIC was also computed to evaluate the trade-off between model fit and complexity. It was 

calculated as described in Eq. (5) (Vaga et al., 2014; Zhang and Meng, 2023). 

  
𝐴𝐼𝐶 = 𝑛 ⋅ 𝑙𝑛(𝑀𝑆𝐸) + 2 ⋅ 𝑘        Eq. (5) 

where n represents the number of data points, MSE is the mean squared error, and k is the number 

of parameters in the model. 

The BIC was also calculated to incorporate the effect of sample size on model complexity. The BIC 

was calculated as described in Eq. (6) (Zhang and Meng, 2023; Brewer et al., 2016). 

  
𝐵𝐼𝐶 = 𝑛 ⋅ 𝑙𝑛(𝑀𝑆𝐸) + 𝑘 ⋅ 𝑙𝑛(𝑛)        Eq. (6) 

These metrics allowed for a comprehensive and balanced evaluation of the models. While the MSE 

and R2 assessed predictive accuracy, the AIC and BIC penalized unnecessary complexity (Brewer et 

al., 2016; Corrales et al., 2015). They ensured simpler models were favored for comparable accuracy 

and identified the most robust and efficient kinetic model for describing TTA dynamics. 

The kinetic modeling and optimization procedures were implemented using the Python 

programming language (version 3.12.2) within the Visual Studio Code integrated development 

environment (IDE, version 1.96.2). Anaconda (version 25.1.1) was employed as the package and 

environment manager to ensure compatibility and reproducibility across dependencies. The analysis 

relied on several Python libraries: ‘pandas’ (2.2.3) for data handling, ‘numpy’ (1.26.4) for numerical 

operations, ‘matplotlib’ (3.9.1) and ‘plotly’ (5.22.0) for data visualization, ‘scipy’ (1.15.1) and 

‘statsmodels’ (0.14.2) for statistical modeling, ‘sklearn’ (1.6.1) for model evaluation metrics, and 

‘deap’ (1.4) for implementing genetic algorithms. 

The analysis was performed on a personal computer running Linux Mint 22 “Wilma” (Ubuntu 24.04 

base) with Cinnamon desktop environment (version 6.2.9) and kernel 6.8.0-58-generic, using a 64-bit 

x86_64 architecture and GCC compiler version 13.3.0. This configuration ensured the computational 

efficiency and reproducibility of the modeling and optimization processes. 
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The dataset, containing time and TTA values and the analysis scripts, will be publicly available on a 

GitLab repository (https://gitlab.com/FoodChem-DataSci-Lab/kinetic-analysis-banana). This 

repository will enable interested researchers and practitioners to download, analyze, and implement 

the methodology for their studies or extend it to similar applications. This openness fosters 

transparency, reproducibility, and collaborative kinetic modeling and optimization advancements. 

2.6 Comparative analysis of model performance 

    To evaluate the effectiveness of the GAs-based optimization in improving kinetic model fitting, a 

comparative analysis was performed between models fitted using traditional methods (Trad) and 

those optimized with GAs. Four performance metrics were analyzed: R², AIC, and BIC. 

Quantitative comparisons were conducted using percentage and absolute differences between the 

values obtained by each fitting method. The percentage improvement in model accuracy was 

assessed by changes in R² and MSE, calculated using Eqs. (7) - (9), as follows: 

  

%𝛥𝑅2 = (𝑅𝐺𝐴𝑠
2 −

𝑅𝑇𝑟𝑎𝑑
2

𝑅𝑇𝑟𝑎𝑑
2 ) ⋅ 100        Eq. (7) 

𝛥𝐴𝐼𝐶 = 𝐴𝐼𝐶𝑇𝑟𝑎𝑑 − 𝐴𝐼𝐶𝐺𝐴𝑠        Eq. (8) 

𝛥𝐵𝐼𝐶 = 𝐵𝐼𝐶𝑇𝑟𝑎𝑑 − 𝐵𝐼𝐶𝐺𝐴𝑠        Eq. (8) 

 

3. Results and discussion    

Fig. 1 presents the experimental data of TTA in bananas alongside the fitted curves for three 

kinetic models: zero-order, first-order, and second-order. The zero-order model, shown in the left 

panel, assumes a constant rate of TTA degradation over time, resulting in a linear decline in TTA. 

This model provides the best statistical fit, with an R² value of 0.918 and an adjusted R² of 0.910 

(Table 2). It exhibits the lowest AIC (−104.0) and BIC (−102.9), indicating that it is the most 

parsimonious model. The estimated rate constant (k) is −0.0024 day⁻¹, suggesting a steady and 

uniform decrease in TTA regardless of its initial concentration. This behavior, visible as a straight 

line in Fig. 1a, is characteristic of zero-order kinetics and reflects a linear behavior, where the rate of 

change remains constant over time. In this context, it suggests that the overall decrease in acidity, as 

reflected by TTA, proceeds at a uniform rate regardless of the fruit’s evolving biochemical 

composition. 

The first-order model, shown in the middle panel, follows an exponential decay function, assuming 

that the rate of change in TTA is proportional to its current value. This model also shows a strong 

fit, with an R² of 0.913 and an adjusted R² of 0.905. However, its AIC (−47.67) and BIC (−46.54) values 

are higher than those of the zero-order model, suggesting that it may be less efficient in explaining 
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the observed variability. The estimated rate constant (k) is −0.0204 day⁻¹, indicating a more rapid 

decline in TTA at the beginning of storage. As seen in Figure 1b, this behavior reflects a dynamic in 

which the processes contributing to acidity loss are initially more active and gradually slow down, 

as expected in a first-order process. The enzymatic conversion of organic acids such as malic or citric 

acid into sugars or intermediate metabolites during ripening may explain this trend. Previous 

studies have shown that enzymes like malate dehydrogenase are transcriptionally regulated 

throughout ripening and contribute to the decline in TTA as part of a coordinated metabolic shift 

(García-Gómez et al., 2020; Gao et al., 2018; González-Agüero et al., 2016). 

The second-order model, presented in the right panel, was fitted using the inverse of TTA against 

time. Although this model achieves a relatively high R² value of 0.899, it has the weakest fit among 

the three, as indicated by the lowest adjusted R² (0.890). Furthermore, its AIC (10.13) and BIC (11.26) 

are higher than those of the other models, making it the least suitable for describing TTA degradation 

in bananas from a statistical standpoint. The positive rate constant (k = 0.1744 day⁻¹) suggests a 

nonlinear behavior in which the decrease in TTA progressively slows over time. This deceleration 

may reflect a cumulative or saturable pattern of acidity loss, potentially associated with the gradual 

depletion of acid-related compounds and the downregulation of metabolic activity involved in acid 

transformation. Although the model does not provide the best fit, its structure may be indicative of 

a more complex physiological process. This interpretation is supported by studies in climacteric 

fruits such as peach, mango, and tomato, which have shown that the decline in TTA during ripening 

slows as a result of both substrate depletion and reduced activity of organic acid-related enzymes 

(X. Jiang et al., 2023; Zhao et al., 2019; Batista-Silva et al., 2018; Rooban et al., 2016). 

On the whole, the comparison of model performance indicates that the zero-order model best 

represents the experimental data, supported by the highest R², the lowest AIC and BIC values, and 

a consistent linear trend. Although the first-order model also shows a good fit, its higher information 

criteria values suggest a less parsimonious description of the observed TTA changes. The second-

order model, despite offering a biologically plausible framework for complex degradation dynamics, 

demonstrated a weaker statistical fit and higher prediction uncertainty. Therefore, a zero-order 

kinetic model appears to provide the most appropriate and statistically robust representation of 

titratable acidity degradation in bananas during ripening under the evaluated conditions. However, 

to improve the precision of parameter estimation and overcome potential limitations associated with 

traditional fitting methods, GAs were employed. 

The experimental TTA values obtained in this study (ranging from 0.45 to 0.90 g of malic acid per 

100 g of banana) are consistent with those reported in previous studies on climacteric fruits. For 

instance, a comparable decline in malic acid content during postharvest storage of bananas under 

physical treatments has been reported (Zhou et al., 2023), while TTA values between 0.60 and 1.20 g 

of malic acid per 100 g of pulp have been documented for ‘Maçã’ bananas stored at room temperature 

(Dos Santos et al., 2019). These comparisons support the physiological plausibility of the observed 

data and validate the modeling approach applied in this study. 
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Table 2. Kinetic model comparison for total titratable acidity. 

Tabla 2. Comparación de modelos cinéticos para la acidez total titulable. 

Model R² Adjusted R² F-statistic AIC BIC Intercept (C0) Rate constant (k) 

Zero Order 0.918 0.91 122.6 −104 −102.9 0.1385 −0.0024 

First Order 0.913 0.905 114.9 −47.67 −46.54 −1.9699 −0.0204 

Second 

Order 
0.899 0.89 98.28 10.13 11.26 7.1008 0.1744 

 

 

 

 

 

 

 

Figure 1. Kinetic model fitting for total titratable acidity (TTA) in bananas using classical models. TTA: Total 

titratable acidity, expressed as g of malic acid per 100 g of banana. Error bars represent the standard deviation 

of three replicates. 

Figura 1. Ajuste del modelo cinético para la acidez titulable total (TTA) en plátanos utilizando modelos clásicos. 

TTA: Acidez titulable total, expresada como g de ácido málico por 100 g de plátano. Las barras de error 

representan la desviación estándar de tres réplicas. 

 

Fig. 2 shows the predictive performance of three kinetic models—zero-order, first-order, and second-

order fitted to the TTA in bananas using genetic algorithms. This provides a more reliable assessment 

of model generalization, avoiding over-fitting to the training data. The left panel represents the zero-

order model, which maintains a linear decline in TTA with a train R2 of 0.9120 and a test R2 of 0.9126. 

Despite exhibiting a low MSE in the training set (1.1874×10−5), its test MSE increases to 2.6915×10−5, 

suggesting a slight decrease in predictive accuracy (Table 3). 

The middle panel presents the first-order model, where the decay follows an exponential trend. This 

model demonstrates improved predictive performance, with a test R2 of 0.9246, outperforming the 

zero-order model in predictive capacity. The test MSE decreases to 2.3204×10−5, further supporting 

its higher predictive reliability. Additionally, the first-order model has a slightly higher AIC 

(−108.5263) and BIC (−107.9211) than the zero-order model, indicating a modest increase in model 

complexity without significant over-fitting. 

The right panel illustrates the second-order model with the highest test R2 (0.9349) and the lowest 

test MSE (2.0029×10−5), indicating that it provides the best predictive performance among the three 
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models. Although its train R2 (0.8933) is slightly lower than the other models, the improved test 

results suggest better generalization. However, its AIC (−107.4819) and BIC (−106.8768) are higher 

than those of the zero- and first-order models, indicating that this model is statistically less 

parsimonious despite its predictive strength. 

These results highlight the importance of train-test validation when evaluating kinetic models for 

decreasing TTA. This step allows the model’s generalization ability to be assessed beyond the dataset 

used for calibration. Without this step, a model may exhibit excellent statistical fit (e.g., high R², low 

AIC) but fail to predict unseen data reliably, potentially leading to over-fitting and poor real-world 

applicability. In this study, validation revealed that although the zero-order model fitted the training 

data best, the second-order model showed superior predictive performance, emphasizing the need 

for this evaluation step (Sivakumar et al., 2024; Pandey et al., 2020). The initial analysis (Fig. 1) 

suggested that a zero-order kinetic model best represented TTA loss. However, when tested on 

unseen data, the second-order model demonstrated superior predictive performance. This indicates 

that the degradation of TTA may follow a more complex mechanism than a simple linear or 

exponential decay, warranting further exploration of higher-order or mechanistic models. 

 

Table 3. Predictive performance of kinetic models for total titratable acidity. 

Tabla 3. Rendimiento predictivo de modelos cinéticos para la acidez total titulable. 

Model Train MSE Test MSE AIC BIC Train R² Test R² Optimized k Optimized C₀ 

Zero Order 1.1874×10−5 2.6915×10−5 −109.4115 −108.8064 0.912 0.9126 0.0024 0.1372 

First Order 1.2973×10−5 2.3204×10−5 −108.5263 −107.9211 0.9039 0.9246 0.02 0.1382 

Second 

Order 
1.4401×10−5 2.0029×10−5 −107.4819 −106.8768 0.8933 0.9349 0.167 0.1391 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Kinetic model fits for total titratable acidity (TTA) in bananas using genetic algorithms: Training and 

test data. TTA: Total titratable acidity, expressed as g of malic acid per 100 g of banana. Error bars represent the 

standard deviation of three replicates. 

Figura 2. Ajustes del modelo cinético para la acidez titulable total (TTA) en plátanos mediante algoritmos 

genéticos: datos de entrenamiento y prueba. TTA: Acidez titulable total, expresada como g de ácido málico por 

100 g de plátano. Las barras de error representan la desviación estándar de tres réplicas. 
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The results in Figs. (1) and (2) emphasize the necessity of selecting an appropriate kinetic model to 

describe the decreasing of TTA in bananas. While the zero-order model initially exhibited the best 

statistical fit based on R2, AIC, and BIC values (Fig. 1), its predictive performance on unseen data 

was lower than that of the other models, as indicated by an increase in test MSE (2.6915×10−5) (Table 

3), which suggests that although the zero-order model is parsimonious, it may not fully capture the 

complexity of TTA degradation. 

The first-order model demonstrated improved predictive performance, with a higher test R2 (0.9246) 

and a lower test MSE (2.3204×10−5) than the zero-order model, indicating that an exponential decay 

assumption better reflects the initial decline in TTA. However, the second-order model achieved the 

best predictive results, with the highest test R2 (0.9349) and the lowest test MSE (2.0029×10−5), 

suggesting that the degradation process involves more complex mechanisms. Nevertheless, its 

higher AIC and BIC values indicate an increased model complexity that may limit its practical 

application. 

To quantify the improvement achieved through GAs-based optimization, a comparative analysis 

was conducted using R², AIC, and BIC values from the traditional and optimized models. The first-

order model showed the most significant increase in explanatory power, with a 1.27 % increase in R² 

(from 0.913 to 0.9246), while the second-order model exhibited a 3.99 % improvement (from 0.899 to 

0.9349). Although the R² of the zero-order model decreased slightly by 0.59 % (from 0.918 to 0.9126), 

it still retained strong performance. 

In terms of model parsimony, all three models showed clear improvements after optimization. The 

AIC was reduced by 5.41, 60.86, and 117.61 units for the zero-, first-, and second-order models, 

respectively. Similarly, the BIC values were lowered by 5.91, 61.38, and 118.14 units, confirming that 

GA optimization enhanced the balance between model fit and complexity across all models. 

Among the models evaluated using GAs optimization, the second-order model yielded the highest 

coefficient of determination (R² = 0.9349) and the lowest MSE on the test data, suggesting that its 

nonlinear structure better captured the dynamics of TTA decline over time. This is also evident in 

Fig. 2, where the fitted curve for the second-order model closely follows the experimental points 

throughout the ripening period. 

The kinetic parameters obtained in this study, particularly the initial TTA (C₀ = 0.1391 g of malic 

acid/100 g) and the rate constant for the second-order model (k = 0.167 day⁻¹), fall within the ranges 

reported in previous studies on banana ripening under ambient conditions. For instance, titratable 

acidity values ranging from 0.60 to 1.20 g of malic acid per 100 g of pulp have been documented for 

‘Maçã’ bananas (Dos Santos et al., 2019), while values between 0.34 and 0.73 % have been reported 

for different banana cultivars depending on ripening stage (Aquino et al., 2017). Additionally, acidity 

values in ‘Prata Anã’ bananas showed similar declining patterns during storage at 23  ±  2  °C 

(Aquino et al., 2017). The observed decrease in acidity in these studies aligns with the nonlinear decay 

pattern captured by the second-order model in this work. These similarities support the 

physiological plausibility of the fitted model and reinforce the value of GAs-based parameter 

optimization for capturing complex postharvest transformations in climacteric fruits. 

Results highlight the advantages of GAs in kinetic fitting, as they facilitate a more robust exploration 

of the parameter space and mitigate local minima issues associated with traditional methods like 

OLS (Lei et al., 2018; Zarejousheghani et al., 2016). The ability of GAs to optimize multiple 
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performance metrics, including R2, MSE, AIC, and BIC, provides a comprehensive framework for 

model selection (Xue et al., 2023). Furthermore, their automated nature enhances efficiency and 

reproducibility, allowing for a systematic evaluation of complex kinetic models without extensive 

manual intervention (Chakrabarti et al., 2013). 

The observed discrepancy between statistical fit and predictive performance underscores the 

necessity of train-test validation in kinetic modeling. While the zero-order model may appear 

optimal based on training data, its reduced accuracy in test predictions suggests it oversimplifies the 

degradation process. Conversely, despite its greater complexity, the second-order model provides a 

more accurate representation of TTA degradation, reinforcing the need for robust optimization 

techniques like GAs to improve parameter estimation reliability (Razdan et al., 2023). 

Thus, integrating GAs in kinetic modeling enhances parameter estimation accuracy and model 

reliability. Although the zero-order model remains a practical option due to its simplicity, the 

predictive superiority of the second-order model suggests that TTA degradation follows a more 

intricate mechanism. Future studies could explore hybrid or mechanistic models to refine this 

understanding, leveraging GAs’ adaptability to gain deeper insights into food degradation kinetics. 

From a chemical perspective, while a zero-order kinetic model accurately describes the observed 

TTA degradation in the dataset, a second-order approach may better capture the underlying 

biochemical complexities when applied to unseen data. This discrepancy suggests that the apparent 

linear decline in TTA could arise from the interplay of multiple biochemical processes, which, when 

analyzed individually, exhibit nonlinear behavior. Banana ripening is a complex process driven by 

various biochemical reactions, including the degradation of organic acids, influenced by factors such 

as enzymatic activity, cellular respiration, and ethylene production (Zhou et al., 2023; Thakur et al., 

2019). 

Enzymatic activity plays a central role in TTA decreasing, with malic enzymes facilitating the 

breakdown of malic acid, the predominant organic acid in bananas (Zhou et al., 2023). This 

contributes to the overall decline in acidity, particularly in the early stages of ripening. Ethylene, an 

autocatalytic hormone, further accelerates acid degradation by regulating the transcription of genes 

associated with organic acid metabolism, including those coding for malate dehydrogenase and 

NADP-malic enzyme (Wei et al., 2023; Cordenunsi-Lysenko et al., 2019). Additionally, ethylene 

modulates other ripening-related processes such as starch-to-sugar conversion, softening, and 

changes in pigment synthesis, all of which influence the biochemical environment in which acid 

degradation occurs. Cellular respiration also consumes organic acids to generate energy, reducing 

TTA levels and reinforcing the link between ripening intensity and acidity loss (Ton Nu and 

Kobayashi, 2020). Together, these factors suggest that the degradation process is not strictly linear, 

but rather results from multiple overlapping reactions operating at different rates throughout 

ripening. The superior predictive performance of the second-order model in validation tests 

reinforces the idea that TTA decreasing follows a more intricate pattern, consistent with a dynamic 

and evolving metabolic context (X. Jiang et al., 2023; Zhao et al., 2019). 

While the experimental data’s statistical analysis is a zero-order kinetic model for TTA degradation 

in bananas, predictive validation suggests that a second-order approach may better represent the 

biochemical processes’ complexity. Further studies incorporating mechanistic models or hybrid 

approaches may provide deeper insights into the dynamic changes in acidity during banana 

ripening. 
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Integrating GAs into kinetic modeling refines parameter estimation and broadens the applicability 

of predictive models in food science. By leveraging these advanced optimization techniques, 

researchers can develop more robust models that account for variability in storage conditions and 

biochemical interactions (Zhong and Tian, 2011). Future research should explore combining data-

driven machine-learning methods with mechanistic models to enhance predictive accuracy and 

adaptability (Kousaalya et al., 2019). Such advancements will contribute to more effective post-

harvest management strategies, ultimately improving food quality and reducing economic losses in 

the industry (Zhong and Tian, 2011). 

These results underscore the methodological contribution of this study. Although genetic algorithms 

(GAs) have been previously applied in food-related modeling tasks, such as optimizing parameters 

in reaction kinetics or enhancing classification accuracy (Nirere et al., 2023; Ozbuyukkaya et al., 2021; 

Rivera et al., 2020), to date, no studies have been found that focus on their application to model 

acidity changes in climacteric fruits. In this study, the use of GAs led to improved fitting of the kinetic 

models, particularly in the second-order model, where the predictive R² increased to 0.9349 and the 

AIC and BIC values decreased significantly compared to traditional methods. These improvements 

align with the broader literature that highlights the ability of GAs to explore complex parameter 

spaces and reduce prediction error in non-linear systems. Thus, the present results contribute novel 

evidence supporting the integration of GAs in postharvest acidity modeling and reinforce their 

potential for improving the reliability of kinetic predictions in perishable fruit systems. 

4. Conclusion  

This study successfully automated the fitting of kinetic models to describe TTA degradation 

in bananas using GAs. Among the three evaluated models, the zero-order kinetic model exhibited 

the best statistical fit on training data (R² = 0.9120; AIC = −109.41; BIC = −108.81). However, test 

validation revealed that the second-order model achieved superior predictive performance (test R² 

= 0.9349; test MSE = 2.00×10⁻⁵), suggesting that the degradation process follows a more complex 

mechanism than initially assumed. 

These results emphasize the value of train-test validation to avoid overfitting and highlight the 

ability of GAs to enhance parameter estimation and generalization in food kinetic modeling. Despite 

the promising results, the study is limited by the scope of the data (single temperature, fixed ripening 

stage, and no cross-validation), which could be addressed in future studies. 

Future research should consider expanding the experimental design to include varying temperature 

and humidity conditions, extended storage periods, and larger datasets to improve model 

robustness and generalizability. Additionally, although this study was conceptual and 

methodological, focused on developing a replicable optimization framework, the practical 

usefulness of the GA-optimized models could be further strengthened through experimental 

validation using independent samples or external post-harvest conditions. Future work should also 

explore hybrid modeling approaches, such as those combining mechanistic kinetic equations with 

machine learning techniques (e.g., neural networks or support vector regression), better to capture 

the biochemical processes underlying banana acidity changes. Moreover, applying this methodology 

to other perishable fruits or complementary biochemical quality markers, such as texture, soluble 
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solids, or vitamin degradation, represents a promising avenue for advancing postharvest quality 

modeling and supporting data-driven decision-making in the food industry. 
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