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ABSTRACT 
In the field of biochemical process design, the accurate modeling of microbial growth is essential 
for the development and optimization of biological reactors used in the production of high-value 
compounds. Achieving this objective requires a detailed understanding of how environmental 
factors—such as pH and nutrient availability—influence microbial dynamics across the four dis-
tinct growth phases: lag, exponential, stationary, and death. Traditionally, reactor design relies 
heavily on the Monod model, which provides a simplified representation of microbial growth, fo-
cusing primarily on the exponential phase under constant operating conditions (1). However, this 
model presents substantial limitations when applied to dynamic environments where key param-
eters vary over time. To overcome these constraints, the present study proposes a data-driven 
modeling approach using a multilayer perceptron (MLP) artificial neural network for the predic-
tion of microbial growth trajectories under varying pH conditions and substrate compositions. 
The yeast strain Candida guilliermondii was selected as the model microorganism due to its in-
dustrial relevance. Experimental growth data were collected through optical density measure-
ments using a Multiskan™ FC Microplate Photometer (Thermo Scientific), covering a pH range 
from 6.0 to 8.5 and two substrate scenarios: pure xylose, and a 1:2 glucose–xylose mixture. The 
experimental data were used to train the MLP neural network, which generated predictive mod-
els capable of estimating growth behavior under the specified input conditions. This modeling 
approach enables the simulation of microbial growth curves at any given time point within the 
defined parameter space, providing a more flexible and comprehensive tool compared to classi-
cal models. The results of this study demonstrate that the proposed MLP-based model is a pow-
erful computational tool for both the design and real-time control of bioprocesses. The integra-
tion of these tools into predictive control strategies is a key aspect of the bioprocess research. 
The model's versatility and its ability to predict microbial behavior make it a very important tool 
for bioreactor control. 
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INTRODUCTION 
The design and operation of biological reactors 

critically depend on an accurate representation of mi-
crobial growth kinetics. These kinetics directly deter-
mine reactor productivity, stability, and control perfor-
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mance. Among the most widely adopted kinetic formu-
lations, the Monod model remains a foundational tool 
due to its simplicity and interpretability. Nevertheless, 
its validity is constrained to dilute systems, constant 
environmental conditions, and predominantly the expo-
nential growth phase. Consequently, significant uncer-
tainty arises when Monod-based models are employed 
for predicting microbial behavior under dynamic condi-
tions, particularly during the lag and stationary phases. 

In recent years, surrogate modeling techniques 
based on artificial intelligence and machine learning 
have emerged as promising alternatives for represent-
ing complex biological phenomena. Neural network–
based models are capable of learning nonlinear relation-
ships directly from experimental data without requiring 
explicit mechanistic assumptions. This makes them 
particularly suitable for systems involving multiple sub-
strates, inhibitory effects, high substrate concentra-
tions, and environmental variability. 

Previous studies have explored surrogate models 
for microbial and microalgal growth under limited and 
mostly static conditions. For instance, Lee et al. (2015) 
reviewed kinetic models for microalgae cultivation, while 
Akkermans and Van Impe (2018) investigated the effect 
of pH inhibition using mechanistic approaches. More 
recent works have applied data-driven techniques to 
microbial systems; however, these efforts typically fo-
cus on one or two growth phases or assume fixed oper-
ating conditions. Notably, Murrieta-Dueñas et al. (2022) 
proposed a neural network approach to describe expo-
nential growth under dynamic conditions, yet a compre-
hensive representation of the full growth trajectory re-
mains largely unexplored. 

To the best of the authors’ knowledge, no previous 
study has demonstrated the prediction of multiple mi-
crobial growth phases under simultaneously varying pH 
and substrate conditions using a single surrogate model. 
Therefore, this work aims to fill this gap by developing 
an MLP-based surrogate model capable of predicting 
the complete microbial growth trajectory of Candida 
guilliermondii under dynamic environmental conditions. 

METHODOLOGY 
Figure 1 illustrates the overall methodology adopt-

ed in this study, which consists of two main stages: (i) 
experimental data acquisition and (ii) surrogate model 
development. 

Experimental Design 
Microbial growth experiments were conducted un-

der controlled laboratory conditions to generate high-
resolution kinetic data. The experimental matrix included 
pH values ranging from 6.5 to 8.5 and two substrate 
formulations: pure xylose and a glucose–xylose mixture 

(1:2). Cultivations were performed over a 24-hour period 
to capture the lag, exponential, and stationary growth 
phases. Optical density measurements were collected 
every 15 minutes in triplicate to ensure reproducibility 
and statistical robustness. 

Surrogate Model Development 
The second stage involved the construction of a 

surrogate model using a multilayer perceptron neural 
network. The MLP was trained to approximate the non-
linear mapping between the input variables—time and 
pH—and the output variable, optical density (absorb-
ance). Different network architectures were evaluated 
by varying the number of neurons and activation func-
tions. Model performance was assessed using standard 
statistical metrics, including AIC, MSE, RMSE, and the 
coefficient of determination (R²). 

 
Figure 1. Methodology of Microbial growth trajectory 
approximation. 

Biochemical Experimentation 
Microbial growth is conventionally described 

through four distinct phases: lag, exponential, station-
ary, and death. The lag phase corresponds to the period 
immediately following inoculation, during which micro-
organisms adapt to the new environmental conditions 
and activate the metabolic pathways required for 
growth. Once adaptation is complete, the system enters 
the exponential phase, characterized by rapid cell divi-
sion and substrate consumption at an approximately 
constant specific growth rate. As nutrients become 
depleted and inhibitory metabolites accumulate, the 
system transitions into the stationary phase, where cell 
growth and death rates are approximately balanced. 
Finally, the death phase is marked by a progressive 
decline in viable biomass, resulting in a significant re-
duction or cessation of microbial growth. These phases 
constitute a generalized kinetic framework that applies 
to a wide range of microorganisms, including bacteria, 
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fungi, yeasts, and microalgae. 
In this study, the kinetic behavior of the yeast 

Candida guilliermondii was selected as the model sys-
tem. This microorganism is widely distributed in natural 
environments and can be readily isolated from fruits and 
berries with high sugar content. In addition, it is com-
monly found as part of the native microflora of human 
skin and mucous membranes. Beyond its ecological 
prevalence, C. guilliermondii is of considerable biotech-
nological interest due to its ability to act as a biological 
control agent and its well-documented capacity to bio-
convert xylose into xylitol, a high-value polyol with ap-
plications in the food and pharmaceutical industries. 
This metabolic capability relies on the efficient produc-
tion of enzymes and cellular energy required for pen-
tose assimilation. 

Under optimal conditions, C. guilliermondii exhibits 
maximal growth at approximately pH 7 and a tempera-
ture of 28 °C. However, industrial bioprocesses often 
operate under suboptimal or fluctuating environmental 
conditions. For this reason, the present work explores a 
broader pH range, from 6.5 to 8.5, in order to capture 
the adaptive kinetic response of the microorganism. 
These controlled pH variations enable the observation 
of different growth regimes over a 24-hour cultivation 
period, thereby generating a comprehensive dataset 
that spans multiple growth phases. 

Given the relevance of C. guilliermondii in xylose 
bioconversion, two substrate formulations were evalu-
ated: a culture medium containing xylose as the sole 
carbon source and a mixed-substrate medium consist-
ing of a glucose–xylose blend at a 1:2 ratio. The inclu-
sion of glucose aims to assess its influence on reducing 
the lag phase and accelerating the onset of exponential 
growth, a strategy commonly employed to enhance 
process productivity in mixed-sugar fermentations. 

All experiments were conducted in triplicate to en-
sure reproducibility and statistical reliability. Experi-
mental analyses were performed at the Microbial Inter-
action Laboratory of the National Technological Institute 
of Mexico, Irapuato campus. Microbial growth was 
monitored via optical density measurements at 600 nm, 
which served as a proxy for biomass concentration. 
Measurements were recorded every 15 minutes over a 
24-hour period at a constant temperature of 28 °C using 
a Thermo Scientific Multiskan™ FC Microplate Photome-
ter. Cultivations were carried out in multiwell plates, 
allowing for high-throughput data acquisition and con-
sistent experimental conditions across all runs. 

Microbial Growth Trajectory Approximation 
The second stage of the proposed methodology 

focuses on learning the underlying data patterns from 
the experimentally obtained microbial growth kinetics of 
C. guilliermondii. To this end, a data-driven surrogate 

model based on machine learning was developed using 
a multilayer perceptron (MLP) neural network. The well-
established capabilities of modern artificial intelligence 
techniques, particularly neural networks, provide an 
efficient and flexible framework for predicting microbial 
growth under previously unobserved combinations of 
operating conditions. 

The MLP architecture employed in this study con-
sists of three main components: (i) an input layer, (ii) 
one or more hidden layers, and (iii) an output layer. Input 
signals are propagated forward through the network, 
where each neuron applies a nonlinear transformation to 
a weighted linear combination of its inputs. The final 
output of the network is a scalar value representing the 
predicted absorbance. In this work, the MLP is used as a 
nonlinear function approximator and predictive model to 
estimate the absorbance 𝛼𝛼 as a function of time 𝑡𝑡 and 
the pH of the culture medium. 

From a theoretical standpoint, a multilayer percep-
tron is a universal approximator of continuous nonlinear 
functions, which makes it particularly suitable for model-
ing complex biological and biochemical processes. For-
mally, the MLP implements the functional mapping de-
scribed by Equation (1), where the output is expressed 
as a composition of nonlinear activation functions pa-
rameterized by a set of weights and biases. 

This modeling approach allows the MLP to implicit-
ly capture phase transitions and nonlinear growth dy-
namics without explicitly segmenting the growth curve, 
thereby offering a significant advantage over classical 
kinetic models when dealing with dynamic and non-ideal 
operating conditions. 

From a formal perspective, the MLP implements 
the function described by Equation 1. 

𝑦𝑦 = 𝑓𝑓(𝑥𝑥,𝜔𝜔) Eq. (1) 

Where 𝑓𝑓 is a composition of nonlinear functions pa-
rameterized by weights and biases, ω. 

The experimental setup is as follows: The number 
of neurons in the hidden layer was varied to determine 
the optimal topological architecture for our artificial 
neural network. Three activation functions—Sigmoid, 
ReLu, and Tanh—were analyzed. We implemented the 
Adam optimizer to automatically adjust the learning rate 
of each parameter, allowing for faster and more stable 
convergence. The number of neurons is as follows: 2, 4, 
6, 8, and 10. We used a dataset of 540 feature vectors. 
We use the widely tested least squares function as the 
fitness function during the training stage. We validate 
our model using standard growth factors. We trained 
the machine learning model using three pH values (6.5, 
7.5, 8, and 8.5) and substrate formulations in the culture 
medium (xylose at 100% and glucose-xylose at a ratio of 
1:2). Our model predicts absorbance values for any 
combination of pH between 6.5 and 8.5, substrate (xy-
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lose or glucose-xylose), and timestamp (hours) between 
0 and 24.  

RESULTS 
In this work, a machine-learning–based framework 

was developed for the estimation and prediction of mi-
crobial growth kinetics, as schematically illustrated in 
Fig. 6. The proposed framework comprises two main 
stages: model training and model testing. During the 
training stage, experimentally obtained kinetic data are 
used to fit the parameters of the neural network and to 
quantify the training error, expressed in terms of the 
mean squared error (MSE train ). This stage results in 
the construction of the HC-MLP predictor model, which 
encapsulates the learned nonlinear relationship between 
the input variables and the microbial growth response. 

To rigorously assess the generalization capability 
of the trained model, the testing stage employs an inde-
pendent replicate of the experimental kinetic data that 
was not used during training. The prediction error ob-
tained at this stage, quantified as MSE test, provides an 
unbiased evaluation of the model’s predictive perfor-
mance. Based on the results of the testing stage, the 
final surrogate model is obtained. This surrogate model 
generates a continuous response surface that repre-
sents the MLP approximation of the output variable—
optical density (absorbance)—as a function of the input 
variables, time (t) and pH, for culture media containing 
xylose as the carbon source. 

A case study was conducted to evaluate the pre-
dictive capability of the proposed MLP framework. The 
objective of this analysis was to assess the model’s 
ability to accurately predict microbial growth for arbi-
trary combinations of pH and time within the studied 
domain. Specifically, the model was used to estimate 
absorbance values over a time horizon ranging from 0 to 
24 h and pH values between 6.5 and 8.5, assuming 
xylose as the sole substrate. To identify the optimal 

network topology, the number of neurons in the hidden 
layer was systematically varied, allowing for an evalua-
tion of the trade-off between model complexity and 
predictive accuracy.  

To select the most appropriate neural network ar-
chitecture, several complementary performance metrics 
were employed, including the Akaike information criteri-
on (AIC), mean squared error (MSE), root mean squared 
error (RMSE), and the coefficient of determination (R²). 
The AIC was used as the primary criterion for model 
selection, as it simultaneously accounts for goodness of 
fit and model parsimony by penalizing excessive com-
plexity. Lower AIC values indicate a more favorable 
balance between predictive accuracy and information 
loss. The MSE quantifies the average squared deviation 
between predicted and observed values and was pri-
marily used to compare model performance during the 
training phase. The RMSE, expressed in the same units 
as the experimental measurements, provides an intuitive 
measure of prediction error and was used for both vali-
dation and testing stages. Finally, the coefficient of 
determination (R²) evaluates the proportion of variance 
in the experimental data explained by the model, with 
values approaching unity indicating excellent agreement 
between predictions and observations. 

Table 1 summarizes the values of all performance 
metrics for the several MLP architectures evaluated in 
this study. Each metric is reported for the training, vali-
dation, and testing stages, providing a comprehensive 
basis for selecting the optimal neural network configura-
tion.  

As evidenced by the results summarized in Table 1, 
configuration 2 exhibits the most robust and consistent 
performance across all selected evaluation metrics. This 
configuration yields the lowest Akaike information crite-
rion (AIC) value during the training phase (–1825.33), 
indicating an optimal trade-off between model fidelity 
and structural complexity. Comparable AIC behavior is 
observed in the validation and testing phases, which 

Table 1. Summary of the metrics that were obtained from the different architecture of the multilayer perceptron 
(MLP). 
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further suggests that the selected architecture general-
izes well beyond the training dataset. 

In terms of predictive accuracy, configuration 2 
achieves one of the lowest mean squared error (MSE) 
values, equal to 0.005842, demonstrating a high-quality 
fit to the experimental data. A similar trend is observed 
for the root mean squared error (RMSE), with values of 
0.074527 and 0.069864 obtained for the validation and 
testing stages, respectively. These low RMSE values, 
expressed in the same units as the measured absorb-
ance, confirm the model’s ability to accurately repro-
duce microbial growth dynamics across the studied 
domain. Furthermore, the coefficient of determination 
(R²) for this configuration approaches unity in all stages, 
indicating that the surrogate model explains nearly all of 
the variance observed in the experimental measure-
ments. 

Taken together, these results indicate that configu-
ration 2 provides the most favorable balance between 
predictive performance, model parsimony, and compu-
tational efficiency. Consequently, the optimal MLP ar-
chitecture corresponds to a network with two hidden 
layers comprising six neurons each, which minimizes the 
risk of overfitting while maintaining high predictive ca-
pability. 

Figure 2 illustrates the three-dimensional response 
surface generated by the surrogate model correspond-
ing to configuration 2 of the multilayer perceptron neural 
network. In this representation, the experimental data 
points are shown as blue markers, while the continuous 
surface depicts the MLP-based approximation of the 
microbial growth trajectory within the defined data do-
main. The smoothness and continuity of the predicted 
surface, together with its close agreement with the ex-
perimental observations, demonstrate the model’s abil-
ity to capture the underlying nonlinear kinetics of Can-
dida guilliermondii growth as a function of time and pH. 

As illustrated in Figure 2, red neuronal perception 
can effectively predict the four phases of microbial 
growth: lag, exponential, stationary, and death. This 
observation is consistent across the pH range analyzed 
in the experimental setting (6.5–8.5). The resulting 
model is able to predict the trajectory of microbial kinet-
ics from a point within the experimental data space. This 
trajectory can be verified by the gray line shown as an 
example in Figure 2. This trajectory can be verified at 
any point in the analyzed space and yields the corre-
sponding coordinate values. Therefore, if we are aware 
of this condition, we can predict the microorganism's 
growth phase and implement the appropriate control 
measures to ensure the highest possible yield of the 
biological reaction. 

 
Figure 2. Best surrogate model of configuration 2, for 
predicted microbial growth kinetics trajectory of 
Candida guillermondii. 

CONCLUSIONS 
This study presents a robust data-driven frame-

work for modeling microbial growth kinetics under dy-
namic environmental conditions using a multilayer per-
ceptron neural network. Unlike classical kinetic models, 
the proposed surrogate model successfully captures 
nonlinear microbial behavior across multiple growth 
phases without relying on restrictive mechanistic as-
sumptions. 

The results demonstrate that the MLP-based mod-
el provides accurate predictions of microbial growth 
trajectories for Candida guilliermondii under varying pH 
and substrate conditions. This approach significantly 
enhances the flexibility and predictive capability of ki-
netic modeling tools, making it particularly suitable for 
applications in bioreactor design, optimization, and real-
time control. 

From an engineering perspective, the developed 
surrogate model enables rapid scenario analysis and 
supports the automation of experimental workflows, 
thereby reducing experimental costs and development 
time. Future work will focus on extending the model to 
include additional environmental variables, such as tem-
perature and substrate inhibition, as well as integrating 
the surrogate model into advanced process control and 
digital twin frameworks for industrial bioprocesses. 
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