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Abstract

Biogas production estimation has been one of the most important and challenging objectives for
anaerobic digestion processes due to the complexity of its dynamics and the lack of high-quality
open-access datasets. This study presents a hybrid modeling framework that combines a mechanistic
model, based on ordinary differential equations (ODE), with a machine learning model. Rather
than relying exclusively on experimental data, the proposed approach leverages physics-informed
synthetic data generation, complemented by a lag-based feature engineering to capture inherent
temporal dependencies in the process dynamics available in operational data of a bio-digester. Two
configurations were evaluated: a baseline model and an enhanced version incorporating lag features
and simplified temperature profile. While the improved model achieved high predictive performance
(R2 = 0.97885, RMSE = 131.80[L/d]), additional analyses reveal that this performance is partly driven
by temporal memory and remains sensitive to noise and feature composition. Instead of presenting the
model as a final solution, this work frames it as a step toward practical digital twin implementations,
acknowledging the gap that still exists between simulation-based accuracy and real-world reliability.

Keywords: biogas production; machine learning; surrogate model; digital twin; bio-digester; biogas
prediction; methane production

1. Introduction
The biogas generation process is a natural phenomenon that occurs in a variety of anaerobic envi-

ronments, [1]. These include marine and freshwater environments, sediments, wastewater treatment
plant sludge, etc. Interest in the process stems primarily from the following reasons. On the one hand,
a high degree of organic matter reduction is achieved with a small increase—compared to aerobic
processes—in bacterial biomass. On the other hand, biogas production can be used to generate various
forms of energy (heat and electricity) or processed as automotive fuel. Nevertheless, biogas has a
lower calorific value than natural gas, and in specific applications, such as automotive fuel, treatment
is necessary to improve its quality, [2].

Energy production from the anaerobic digestion has been used worldwide for over 30 years,
[3]. Its viability and profitability depend not only on the amount of biogas produced, the available
technology, and the efficiency of the wastewater treatment operation, but also on external parameters
such as the local cost of energy production and available energy resources, [4]. Besides the economic
advantages, biogas has also yielded environmental benefits, [5]. Anaerobic digestion represents a
mature yet still evolving technology for renewable energy production. Predicting methane yield
remains challenging due strong nonlinearities and environmental coupling. Anaerobic digestion is a
biological process where organic carbon is converted through subsequent oxidation and reduction
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to its more oxidized state (CO2) and its more reduced state (CH4). A wide range of microorganisms
catalyzes the process in the absence of oxygen. Nitrogen, hydrogen, ammonia, and hydrogen sulfide
are also generated in smaller quantities (typically less than 1% of the total gas volume). The mixture of
gaseous products is called biogas, and the anaerobic degradation process is often also referred to as the
biogas process, [6]. Estimating biogas production in an anaerobic digester is a complicated problem
because the system is not only chemical nor only biological, but a microbial ecosystem highly related
to biochemical reactions, mass transfer and variable physicochemical conditions, [7]. Current society
requirements demands high efficiency biogas production to be implemented in anaerobic digesters of
wastewater treatment plants, [8]. Therefore, innovative solutions must be developed in the short term,
[9].

Recent advances in machine learning, particularly deep learning architectures, have shown
promising results in modeling temporal dynamics [10]. Nevertheless, some open problems are still
challenging. In [11], the optimization of biogas production for treating domestic wastewater is studied
using different machine learning models (XGBoost and PSO), pointing out that limitations on the
volume of the training data influenced the performance of the model predictions. J. Schulz et. al. [12]
investigated the features of Carbon to Nitrogen ratio of the substrates that can be used for long-term
continuous Anaerobic co-digestion. In general, the study of sensors calibration and fouling, modeling
and optimization approaches together with the lack of high quality standardized datasets are current
trends in the literature, [13]. Some solutions using frontier technologies such as digital twins, [14]
might help to shorten the implementation curve provided AI-based models are accurate and simple
enough to be implemented in real-time biogas production processes.

Herein we aim to improve biogas estimation using lag-based training vectors. To avoid the lack
of accurate and enough datasets, in this work, we propose a biogas estimation surrogate model based
on machine learning. Unlike prior studies, our approach explicitly addresses data scarcity through
synthetic data generation, temporal dependencies via lag-based modeling, as well as mechanistic
consistency through ODE constraints. The model was trained using a set of data obtained from the
solution of a set of differential equations with experimentally validated parameters. Our analysis
indicates that biogas estimation can be achieved with more than 97% of accuracy. The rest of the
work is structured as follows. Section 2 describes the proposed methodology while Section 3 depicts
the corresponding results to validate our approach. Section 4 presents a brief discussion and, finally
Section 5 closes the paper with conclusions and future work.

2. Methodology
2.1. Experimental Design

To systematically evaluate the predictive capacity of the proposed surrogate model for the swine
farm bio-digester, in this case methane is the produced biogas, the methodological framework was
structured into two progressive experiments:

• Base model: 30,000 registers were generated using different stoichiometric and kinetic parameters
based on the real bio-digester by means of the ODEs (1), (2), (3), (4) and features in terms of inflow
and the organic substrate concentration S1 to produce biogas calculated through the equation
(5). An Extreme Gradient (XGBoost) model was trained and tested using a sequential 80/20 split,
respectively.

• Lag-based improved model: 10,000 registers were generated incorporating a dynamic seasonal
temperature factor to perturb the microbial kinetic rates and simulate real-world environmental
exposure. To capture this physical complexity, integrating thermodynamic interaction variables
and historical lags of the biogas production. The inclusion of this auto-regressive feature is valid
given that this information is available in real world applications, it is calculated through equation
(5). An XGBoost model was trained and tested using a sequential 80/20 split to evaluate the
system’s inertial memory and prevent data leakage.
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2.2. Mathematical Modeling and Mass Balance

The physical and biochemical dynamics of the anaerobic digestion process (acidogenic and
methanogenic phases) were simulated using a system of ODEs (1), (2), (3), (4). Given that the real rural
bio-digester operates with a plug-flow hydrodynamic regime, the total reactor volume (Vtotal) was
spatially discretized into a series of Continuous Stirred-Tank Reactors (CSTRs). For this study, the
system was divided into N = 3 interconnected sub-reactors.

The general mass balance for any given state variable within the i-th sub-reactor is consistent
with the fundamental principle of accumulation (Accumulation = Inflow - Outflow + Net Reaction)
which is described by the following system of ODEs:

dX1,i

dt
= Dsub(X1,i−1 − X1,i) + µ1,iX1,i (1)

dX2,i

dt
= Dsub(X2,i−1 − X2,i) + µ2,iX2,i (2)

dS1,i

dt
= Dsub(S1,i−1 − S1,i)− K1µ1,iX1,i (3)

dS2,i

dt
= Dsub(S2,i−1 − S2,i) + K2µ1,iX1,i − K3µ2,iX2,i (4)

where X1,i and X2,i for i = 1, 2, ..., N denote the acidogenic and methanogenic biomass concentrations,
respectively, for the i − th biodigester. S1 represents the organic substrate concentration measured as
Chemical Oxygen Demand (COD), and S2 defines the Volatile Fatty Acids (VFA) concentration. Dsub is
the local dilution rate for each sub-reactor, calculated as D × N (The global dilution D is defined as the
flow rate Qin divided by the total volume Vtotal). This formulation implies a reduction in the effective
residence time within each sub-reactor, consistent with the representation of reactors in series.

For the first sub-reactor (i=1), the feed concentrations correspond to the raw inputs (S1,0=S1in and
S2,0=S2in), assuming a biomass-free feed stream (X1,0 and X2,0 = 0).

Methane production is calculated using equation (5)

CH4 =
N

∑
i=1

K4µ2,iX2,iVsub (5)

2.3. Microbial Kinetics and Thermodynamic Perturbation

Microbial growth kinetics were modeled using the Monod equation for the acidogenic phase
(6) and the Haldane inhibition model for methanogenesis (7). To improve the performance of the
surrogate model, two scenarios were formulated. The base model analysis considered standard kinetic
rates without environmental perturbations as expressed in equation (6) and equation (7).

µ1,i = µmax1

(
S1,i

Ks1 + S1,i

)
(6)

µ2,i = µmax2

 S2,i

Ks2 + S2,i +
S2

2,i
KI

 (7)

where µmax represents the maximum specific growth rates under standard conditions, Ksi for i = {1, 2}
denotes the half-saturation constants, and KI is the inhibition constant due to Volatile Fatty Acids
(VFA) accumulation.

The lag-based improved model incorporated a seasonal temperature factor to simulate real-world
environmental exposure and its direct impact on bacterial growth rates. It is important to note that,
although the model is simplified, this representation captures the dominant seasonal dynamics while
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providing a controlled and physically consistent perturbation framework for training and evaluating
the surrogate model. The modified kinetic equations are shown in equation (8) and equation (9):

µ1,i = (µmax1 · Tf actor)

(
S1,i

Ks1 + S1,i

)
(8)

µ2,i = (µmax2 · Tf actor)

 S2,i

Ks2 + S2,i +
S2

2,i
KI

 (9)

To model the annual environmental exposure of rural bio-digesters, the Tf actor was defined by a
cyclical model over a 365-day period as shown in equation (10):

Tf actor(t) = 1.0 + 0.15 sin
(

2πt
365

)
(10)

Finally, the total daily methane production (CH4), representing the system’s target energy yield,
was calculated using equation (5) where Vsub is the volume of each individual sub-reactor (Vtotal/N),
and K4 is the calibrated stoichiometric yield coefficient for methane.

2.4. Synthetic Data Generation

To train the XGBoost model, extended operational periods were simulated by numerically solving
the ODE’s system using the scipy.integrate.odeint library in Python. To reflect the real operation,
information from the records of the real bio-digester were considered using bounded normal distribu-
tions (empirical operation ranges), the numerical integration required defining an initial condition
vector (t = 0) for each sub-reactor, representing the starting biomass and substrate concentrations
inside the digester. Across all sub-reactors, the initial state was set to: X1 = 1.8 g/L, X2 = 0.8 g/L,
S1 = 1500.0 mg/L, and S2 = 10.0 mmol/L.

• Input flow rate (Qin): Modeled as N (4.5, 1.0) and physically constrained to the range [1.0, 8.0]
m3/d.

• Organic substrate loading (S1in): Modeled as N (2500, 500) and physically constrained to the
range [1000, 4000] mg/L.

Through this computational approach, two distinct datasets were generated and exported for the
machine learning pipeline:

• Base model: A dataset with 30,000 records with the exported feature space consisted of Simulation
Time (Time), Input Flow Rate (Q_in_m3_d), Organic Substrate Loading(S1_in_mg_L), and the target
variable Methane Biogas Production (CH4_Prod_L_d).

• Lag-based improved model: A dataset with 10,000 records with the exported feature space
included the thermodynamic perturbation, consisting of Simulation Time (Time), Input Flow
Rate (Q_in_m3_d), Organic Substrate Loading (S1_in_mg_L), the Seasonal Temperature Factor
(Temp_Factor), and the target variable methane biogas Production (CH4_Prod_L_d).

2.5. Feature Engineering and Machine Learning Architecture

To ensure model stability and eliminate the influence of the initial unsteady-state mathematical
start-up, a transient period was discarded from the synthetic datasets prior to the feature engineering
phase (the first 50 days for the base model and the first 100 days for the lag-based improved model).
To capture the system’s temporal dynamics and provide the predictive models with historical memory,
specific systematic lags vectors were engineered consistent with the available information in oper-
ational bio-digester. Lag intervals of τ = {1, 5, 10, 15, 20, 25, 30} days and τ = {1, 2, 3, 5, 10, 15, 20}
days were incorporated into the feature space for the base model and lag-based improved model,
respectively.
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For the base model scenario, the input feature vector xt constructed for any given day t resulted
in a 16-dimensional array, organized as shown in equation (11):

xt =
[
S1in(t), Qin(t), S1in(t − τ1), . . . , S1in(t − τ7), Qin(t − τ1), . . . , Qin(t − τ7)

]T (11)

where the lags set is defined as τ ∈ {1, 5, 10, 15, 20, 25, 30} days.
However, for the lag-based improved model, the Tf actor and its physical interactions with the

mass flows were considered. Additionally, the records of historical biogas production (CH4) were
considered. The inclusion of lagged methane production variables is consistent with real-world
operational scenarios, where historical biogas measurements are continuously monitored and readily
available. In this context, these variables provide valuable temporal information that enhances short-
term predictive performance. Therefore, this information allows the model to exploit inherent temporal
dependencies of the process, enhancing predictive capability within a realistic digital twin framework.

The thermodynamic interaction variables were defined as IS1(t) = Tf actor(t) · S1in(t) and IQ(t) =
Tf actor(t) · Qin(t). Based on the refined lags set τ ∈ {1, 2, 3, 5, 10, 15, 20} days, the augmented input
feature vector xt expanded into a 40-dimensional array, organized as shown in equation (12):

xt =
[
S1in(t), Qin(t), Tf actor(t), IS1(t), IQ(t),

S1in(t − τ1), . . . , S1in(t − τ7),

Qin(t − τ1), . . . , Qin(t − τ7),

Tf actor(t − τ1), . . . , Tf actor(t − τ7),

IS1(t − τ1), . . . , IS1(t − τ7),

CH4(t − τ1), . . . , CH4(t − τ7)
]T

(12)

The XGBoost model was selected because of its robustness against overfitting and its capacity to
handle non-linear interactions without explicit scaling.

2.6. Model Training and Evaluation Metrics

To prevent data leakage and rigorously evaluate predictive performance, a sequential chronologi-
cal split was implemented for both experiments. The first 80% of the temporal registers were used for
model training, while the remaining 20% were reserved as an unseen testing set.

The hyperparameters of the XGBoost regressor were tuned for each experiment to balance learning
capacity and generalization:

• Base model configuration: The model used 1000 boosting rounds (estimators), a learning rate of
0.05, and a maximum tree depth of 5. Subsampling and column sampling by tree were both set
to 0.80. Early stopping was triggered if the validation loss did not improve for 50 consecutive
rounds.

• Lag-based improved model configuration: The model used 5000 estimators with a learning rate
of 0.01 and a maximum tree depth of 12. Subsampling and column samplings were set to 0.70,
with an early stopping patience of 100 rounds.

The performance of the model was assessed using the coefficient of determination (R2), the Root
Mean Square Error (RMSE), and the Mean Absolute Error (MAE), which are defined in equations (13),
(14), and (15), respectively:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (13)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (14)
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MAE =
1
n

n

∑
i=1

|yi − ŷi| (15)

where n represents the total number of observations in the testing set, yi is the ground-truth
biogas production generated by the phenomenological model, ŷi is the predicted biogas production by
the XGBoost model, and ȳ is the mean of the actual observed values.

3. Results
3.1. Synthetic Data Generation

Dataset generation described in section 2 was consistent with kinetic and stoichiometric parame-
ters of the real swine bio-digester based on the previous mathematical approximation developed by
Cardona [15]. Table 1 summarizes the parameters utilized for the simulation, highlighting the specific
adjustments made to the baseline parameters to prevent computational instability and accurately
reflect real-world biogas production which is often necessary according to the state of the art [13], [16].

Table 1. Kinetic, stoichiometric, and operational parameters utilized for the ODE numerical simulation.

Parameter Description Value Reference

K1
Organic matter

consumption yield 1.30 g/g [15]

K2 VFA generation yield 1.06 mmol/g [15]

K3
VFA consumption

yield 6.30 mmol/g [15]

µmax1

Maximum specific
growth rate
(acidogenic)

1.70 d−1 [15]

µmax2

Maximum specific
growth rate

(methanogenic)
0.84 d−1 [15]

Ks2
Saturation constant for

VFA 12.0 mmol/L [15]

Vtotal
Total bio-digester

volume 61.0 m3 [15]

Nreactors
Number of CSTRs in

series 3 [15]

K4
Methane yield

coefficient 0.18 mmol/g Calibrated 1

Ks1
Saturation constant for

organic matter 6000 mg/L Calibrated 2

KI
Haldane inhibition

constant 150 mmol/L Calibrated 3

1 Increased from the baseline 0.11 to reflect the real-world operational average of 4600 L/d. 2 Adjusted from 20,000 mg/L to
balance bacterial consumption and prevent rapid system acidification. 3 Increased from 50 mmol/L to enhance methanogenic
resilience against VFA toxicity ensuring stable oscillatory production.

3.2. Performance of the Base Model

The first XGBoost model was trained using the 16 features described in equation (11) which
contains current and lagged values of Qin and S1in. After training and testing procedures, the model
achieved a Coefficient of Determination (R2) of 0.6875, a Root Mean Square Error (RMSE) of 480.02
L/d, and a Mean Absolute Error (MAE) of 381.19 L/d.

The developed surrogate model approximates the real synthetic biogas production, oscillating
stably between 4,000 and 10,000 L/d. This behavior closely matches the real physical system which
reported averages of 4.6 m3/d with peaks from 6 to 8 m3/d as shown in Figures 1 and 2.
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Figure 1. Performance of the base XGBoost model for 100 days. Comparison between the synthetic data generated
by the ODEs and the surrogate model’s prediction (R2 = 0.6875).

Figure 2. Actual Methane Production vs Predicted value (Base Model). Comparison between current methane
production vs model’s prediction (R2 = 0.6875).

3.3. Performance of the Lag-based Improved Model

To improve the performance of the prediction, the lag-based model considered the biogas registers
of the target variable CH4 as detailed in section 2 included within the 40 features. After training and
testing, the model showed a significant improvement in predictive accuracy achieving an R2 score of
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0.9788, an RMSE of 131.80 L/d and a MAE of 85.48 L/d, the performance of the model in 100 days is
shown in Figures 3 and 4.

Figure 3. Performance of XGBoost model (Lag-base Improved Model). Comparison between the synthetic data
generated by the ODEs and the surrogate model’s prediction (R2 = 0.9788).

Figure 4. Actual Methane Production vs Predicted value (Lag-base Improved Model). Comparison between
current methane production vs model’s prediction (R2 = 0.9788).

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 April 2026 doi:10.20944/preprints202603.2505.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.2505.v1
http://creativecommons.org/licenses/by/4.0/


9 of 13

The model’s ability to maintain high fidelity tracking of methane production under dynamic
seasonal perturbations demonstrates that the lag components effectively act as a "microbial memory"
making it highly suitable for biogas prediction in rural anaerobic digestion processes. A comprehensive
comparison of the predictive performance metrics for both models (base model and lag-based improved
model) is summarized in Table 2.

Table 2. Comparison of the evaluation metrics for the machine learning models developed in base model analysis
and lag-based improved model.

Analysis Model R2 RMSE (L/d) MAE (L/d)

Base Model XGBoost (16
features) 0.6875 480.02 381.19

Lag-based Model XGBoost (40
features) 0.9788 131.80 85.48

3.3.1. Feature Importance and Microbial Memory

To understand the contribution of the every predictor variable, a feature importance analysis was
conducted as shown in Figure 5 (Only top 15 feature were plotted for clarity). The influence of each
variable was evaluated using the Normalized Gain metric, which quantifies the relative contribution
of each feature to the reduction of the model’s prediction error across all decision trees in the XGBoost.

Figure 5. Top 15 Feature Importance for the Lag-based Improved Model (XGBoost) evaluated by Normalized
Gain.

The results revealed the relative contribution and the top 6 features values were expressed in
the vector G for clearly visualization, directly mapped to the its associated feature in the vector xt.
Equation (16) synthesized the information.
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G =



44.36
11.68
6.90
6.15
4.04
4.04


% corresponding to xt =



CH4(t − 1)
CH4(t − 2)

S1in(t)
IS1(t)

S1in(t − 1)
IQ(t)


(16)

3.3.2. Five-Fold Cross-Validation

To rigorously validate the lag-based improved model, a 5-fold cross-validation adapted for time
series [17] was evaluated confirming the high predictive accuracy with an average
R2 = 0.9740 and an RMSE = 140.03 L/d, consistent with the standard 80/20 split validation (R2 = 0.9788
and RMSE = 131.80 L/d). Table 3 details the predictive performance across each fold.

Table 3. Time Series Cross-Validation (5 Folds) performance metrics for the Lag-based Improved Model.

Fold R2 RMSE (L/d)

1 0.9550 190.90
2 0.9774 130.79
3 0.9797 122.00
4 0.9796 121.08
5 0.9784 135.36

Average 0.9740 ± 0.0095 140.03 ± 26.00

4. Discussion
The presented results demonstrate the efficacy of a machine learning-based surrogate model for

predicting biogas production in anaerobic digesters. In the first analysis, the predictive performance
of the base model in terms of R2 was limited even by increasing the number of registers to train the
model (100,000 registers, R2=0.6949) as expressed in the sensitivity analysis in Figure 6, which confirms
the higher performance of the lag-base model (with only 10,000 registers achieved an R2=0.9788), in
addition, when implemented with 100,000 samples the improved model produced an R2=0.9939.

Figure 6. Performance of the models (R2) vs Number of registers

To evaluate the model’s reliability under unpredictable real-world weather, stochastic noise was
added to the temperature profile. As shown in Table 4, even with severe 20% daily temperature
variations, the lag-based model maintained high predictive accuracy (R2 = 0.9599). This minimal
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drop in performance demonstrates that the model is highly robust and avoids overfitting to idealized
conditions. Ultimately, it proves that the incorporated lag features successfully capture the system’s
historical memory, reflecting the natural thermal inertia of real biogas plants.

Table 4. Evaluation of the lag-based model’s robustness under stochastic temperature variations.

Temperature Noise Level R2 RMSE (L/d)

0% (Deterministic control) 0.9788 131.80
10% Stochastic noise 0.9682 169.50
20% Stochastic noise 0.9599 180.90

This contribution is highly valuable as it addresses a current challenge in the application of
artificial intelligence to anaerobic digestion: the lack of open-access training databases, as recently
highlighted in the state of the art [13]. By generating and utilizing the two synthetic datasets described
in this study, our methodological approach effectively addressed this limitation.

Furthermore, this methodology has the potential to optimize biogas production by allowing the
computational tuning of operational parameters prior to physical implementation, which translates
into significant cost reductions. Another key contribution is the model’s applicability to physically
implemented bio-digesters. By integrating real-world sensor data to create a surrogate model (Digital
Twin), operators can evaluate the system’s response to dynamic variations such as fluctuating organic
load inputs or substrate concentrations without risking the biological stability of the physical system.
Limitations of the proposed approach are identified as the capability to estimate more complex
biological dynamics.

Finally, while the initial base model performed acceptably, the lag-based architecture demon-
strated superior reliability and predictive accuracy by incorporating historical biogas production data,
a variable that is typically monitored and readily available in field operations. This was confirmed
by the importance of the feature analysis where the immediately preceding biogas production day is
alone responsible for 44.36% of the model’s overall predictive accuracy, the remaining percentage of
the predictive precision is distributed among the other 39 model’s predictors. This result highlights
the relevance of recent historical measurements in capturing the temporal dynamics of anaerobic
digestion processes, particularly for short-term forecasting scenarios in operational environment. The
additional validation scheme through time-series cross-validation (folds = 5) confirmed the high
predictive accuracy maintaining the R2 = 0.97 presented in the 80/20 split validation.

5. Conclusions
On the one hand, biogas estimation is a challenging problem due to the complex models involved

in the dynamics of the biochemical process. On the other hand, the lack of, quality and quantity enough,
data availability for biogas generation processes makes it difficult to train and validate machine learning
models to be useful in most applications. In the first stage of our proposal, the methodology renders
an option to consider differential equation models to generate synthetic data considering the kinetic,
stoichiometric and operational parameters of a state of the art real-world implemented bio-digester
to address the lack of high quality open-access datasets. Moreover, in the second stage, two machine
learning-based models that reflect the operational behavior of the physical system (according to the
biogas production) were obtained. While the base model performed acceptably, a 29% performance
improvement was achieved by properly including a historical memory by designing specific lag
vectors with the available information from the bio-digester operational data representing the main
contribution of this paper. Sensitivity analysis and uncertainty analysis under data quantity and noise
in temperature profile was performed, respectively, validating the robustness of our findings. Both of
the machine learning models were developed in terms of operational parameters such as the organic
substrate loading (S1in) and the input flow rate (Qin). This approach facilitates the implementation of a
digital twin, allowing operators to troubleshoot the system virtually before applying changes to the
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physical biodigester, which represents our primary direction for future work as well as considering
temperature perturbations in a more realistic strategy rather than the sinusoidal wave with noise, and
using the approach for other biogas production processes in wastewater treatment plants to validate
its implementation feasibility in such scenarios or considering modeling more complex models, as
microorganisms’ biological dynamics.
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