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Abstract
Biohydrogen production through dark fermentation represents a promising approach for

renewable energy generation and organic waste valorization. However, the complex nonlinear
relationships between fermentation conditions and biohydrogen production make accurate
prediction challenging. This study develops and evaluates a machine learning framework for
predicting cumulative biohydrogen production from the dark fermentation of food waste. A
database of 177 experimental observations collected from the literature was established,
including fermentation temperature, pH, substrate concentration, fermentation time, and
encoded substrate type as input variables. Three supervised learning algorithms, namely
Artificial Neural Network (ANN), Random Forest (RF), and Support Vector Regression
(SVR), were developed and optimized using Grid Search combined with five-fold cross-
validation. Model performance was assessed using the coefficient of determination (R?), Root
Mean Square Error (RMSE), and Mean Absolute Error (MAE), while experimental and
predicted kinetic profiles were used for additional visual assessment. SHAP analysis was
subsequently applied to the best-performing model to investigate the relative contribution of
the main numerical input variables. The results showed that all three models achieved high
predictive accuracy, with ANN providing the best performance on the independent test set,

achieving an R? of 0.9967, an RMSE of 0.3204 mL/L, and an MAE of 0.1641 mL/L. RF also
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demonstrated strong predictive capability, whereas SVR exhibited comparatively higher
prediction errors. SHAP analysis identified fermentation time as the most influential variable,
followed by substrate concentration, pH, and temperature. Overall, the results demonstrate
the potential of optimized machine learning models, particularly ANN, for accurate prediction

and interpretation of biohydrogen production from food waste dark fermentation.

Keywords: Biohydrogen production; Dark fermentation; Food waste; Machine learning;
SHAP.

1. Introduction

Dark fermentative biohydrogen production has emerged as one of the most promising
biological routes for sustainable hydrogen generation owing to its ability to convert
biodegradable wastes into a clean and renewable energy carrier under relatively mild
operating conditions [1,2]. Compared with conventional hydrogen production
technologies, dark fermentation offers several advantages, including lower energy
requirements, simultaneous organic waste treatment, and reduced greenhouse gas
emissions [3,4]. Among the various biodegradable feedstocks investigated for
biohydrogen production, food waste has attracted particular attention due to its high
biodegradability, abundant availability, and rich carbohydrate content, making it an
attractive substrate for large-scale hydrogen production while contributing to circular
economy and waste management strategies.

Despite these advantages, the dark fermentation of food waste remains a complex
biochemical process influenced by numerous interacting operational and substrate-
related parameters [5]. Process variables such as temperature, initial pH, fermentation
time, substrate concentration, inoculum characteristics, and the physicochemical
composition of food waste collectively affect microbial metabolism and hydrogen
production [6]. Moreover, food waste itself is highly heterogeneous, with significant
variations in carbohydrate, protein, lipid, and moisture contents depending on its origin
and composition [7]. These complex and nonlinear interactions make the prediction of
biohydrogen production particularly challenging and limit the applicability of
conventional empirical correlations.

Traditionally, biohydrogen production has been investigated using kinetic and
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mechanistic models, including first-order kinetics and the Modified Gompertz equation,
which have provided valuable insights into microbial growth dynamics and hydrogen
evolution [8-11]. Although these approaches remain indispensable for understanding the
fermentation mechanism, they generally rely on simplifying assumptions and require
parameter estimation procedures that may not adequately capture the complex nonlinear
relationships between multiple operational variables [12]. Their predictive capability
may therefore decrease when experimental conditions vary significantly across different
studies. As a result, data-driven approaches have increasingly attracted attention as
effective alternatives for modeling complex fermentation systems.

Recent advances in machine learning (ML) have demonstrated significant potential for
predicting biohydrogen production because these techniques can capture complex
nonlinear relationships directly from experimental data without requiring explicit
mathematical descriptions of the biological process [13, 14]. Several supervised learning
algorithms, including Artificial Neural Networks (ANN), Support Vector Machines (SVM),
and Random Forest (RF), have been successfully applied to bioenergy-related
applications, providing accurate predictions and fast computational performance [15,16].
Recent years have witnessed a growing interest in applying machine learning techniques
to model and predict biohydrogen production from various biological processes. As
summarized in Table 1, ANNs have been the most widely adopted approach owing to their
ability to capture the nonlinear behavior of fermentation systems. More recently, other
supervised learning algorithms, including SVM and RF, have also demonstrated
competitive or even superior predictive performance under certain operating conditions.
Despite these encouraging advances, existing investigations have generally focused on
individual machine learning models or specific fermentation systems, while
comprehensive comparative evaluations of optimized machine learning algorithms using
a unified and heterogeneous biohydrogen dataset remain limited. This highlights the need
for further studies aimed at systematically assessing different predictive models under
the same experimental framework.

Despite the growing application of machine learning in biohydrogen prediction, most
existing studies have focused on generalized models developed using datasets composed

of diverse organic substrates. While these models provide broad applicability, they may
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not fully capture the specific characteristics of individual feedstocks. In particular, food
waste exhibits distinct physicochemical properties and biodegradation behavior that
strongly influence hydrogen production. Consequently, developing machine learning
models specifically trained on food waste datasets may improve prediction accuracy
while providing reliable tools for process optimization. Furthermore, comparative
evaluations of different machine learning algorithms using a unified food waste database
remain limited.

Motivated by these challenges, the present study develops a machine learning framework
for the accurate prediction of biohydrogen production from the dark fermentation of food
waste. A comprehensive database was compiled exclusively from published experimental
studies involving food waste under various operating conditions. Three supervised
learning algorithms, namely Artificial Neural Networks (ANN), Random Forest (RF), and
Support Vector Regressor (SVR), were developed and comparatively evaluated using five-
fold cross-validation and multiple statistical performance metrics. In addition, SHAP
(SHapley Additive exPlanations) analysis was employed to interpret the predictions of
the best-performing model and identify the most influential operational variables

affecting biohydrogen production.

Table 1 Representative studies on machine learning applications for biohydrogen production prediction and optimization.

Reference Biohydrogen Machine Main objective Main findings

process / Feedstock  learning
models

[17] Photo-fermentation ANN Prediction of hydrogen ANN accurately predicted hydrogen
production under production and successfully generalized
different operating from laboratory to outdoor conditions.
conditions.

[18] Confectionery ANN Prediction of hydrogen The ANN model achieved excellent

wastewater yield predictive performance using COD, pH, and
volatile fatty acids as input variables.

[19] Dark fermentation of ANN, Fuzzy Comparative prediction of The fuzzy logic model provided higher

coffee mucilage Logic biohydrogen production prediction accuracy than ANN for the
investigated dataset.

[20] Dark fermentation ANN, SVM Modeling and SVM produced more accurate predictions
optimization of hydrogen than ANN, demonstrating its suitability for
production nonlinear fermentation systems.

[21] Dark fermentation ANN, SVM, RF Comparative evaluation of Random Forest achieved the highest

machine learning

prediction accuracy among the evaluated
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algorithms models.

[22] Photocatalytic Multiple ML  Performance comparison Bayesian Regularized Multilayer
hydrogen production models of predictive models Perceptron exhibited the best predictive
from wastewater performance.

[23] Dark fermentation ANN coupled Process optimization Hybrid ANN-GA effectively optimized

with  Genetic operating conditions and enhanced
Algorithm hydrogen production compared with
conventional optimization methods.

[24] Organic waste dark ANN Prediction of biohydrogen =~ ANN successfully predicted biohydrogen
fermentation production from production from diverse organic wastes,

heterogeneous substrates ~ demonstrating  good  generalization
capability.

[25] Organic waste dark BO-ANN- Generalized  prediction BO-ANN-Gompertz successfully predicted
fermentation Gompertz framework for cumulative  cumulative biohydrogen production from

biohydrogen production

diverse organic wastes, demonstrating

impressing generalization capability.

2. Materials and Methods

The methodology adopted in this study was designed to develop reliable predictive

models for estimating cumulative biohydrogen production from the dark fermentation of

food waste. The different stages of the study were organized into a sequential workflow,

beginning with the collection and preparation of experimental data and followed by

model development, hyperparameter optimization, performance evaluation, and model

interpretation. Three machine learning approaches, namely Artificial Neural Network

(ANN), Random Forest (RF), and Support Vector Regression (SVR), were considered and

evaluated under the same methodological framework. A schematic overview of the

complete workflow is presented in Figure 1.
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Figure 1 Methodological framework adopted for the development and evaluation of the machine learning models.
2.1.  Data collection

The dataset used in this study was compiled from six peer-reviewed articles published
between 2015 and 2023 [26-31], reporting batch dark fermentation experiments using
food waste as the substrate. A total of 177 experimental observations were extracted from
the cumulative biohydrogen production curves reported in these studies. Each
observation corresponds to the cumulative hydrogen production measured at a specific
fermentation time under defined operating conditions.

To ensure the development of a substrate-specific predictive model, only studies
investigating food waste were considered. The selected publications provided sufficient
experimental information to reconstruct the cumulative hydrogen production profiles
together with the corresponding operating conditions. Figure 2 illustrates the data
collection procedure, while the characteristics of the selected studies are summarized in

Table 2.
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Figure 2 Data collection procedure for constructing the machine learning dataset for biohydrogen prediction.

The following inclusion criteria were applied during the literature survey:

e Batch dark fermentation experiments using food waste substrates.

o Availability of cumulative hydrogen production profiles over the fermentation

period.

e C(Clear reporting of the main operating parameters, including temperature, initial

pH, substrate concentration, and hydraulic retention time.

o Sufficient experimental information to reconstruct the dataset for machine

learning modelling.

Table 2 Statistical summary of the machine learning dataset.
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Variable Unit Role Min. Max. Mean

Initial pH - Input 45 7.9 6.3

Temperature °C Input 30 55 38.0

Substrate concentration gCODL™ Input 0.26 147.50 46.73

Hydraulic retention time h Input 15 250 38.0

Cumulative H, production mLL™ Output 0 2548.5 420.5

As shown in Table 2, the dataset covers a broad range of operating conditions
representative of both mesophilic and thermophilic dark fermentation processes. The
wide variation in substrate concentration, pH, fermentation time, and cumulative
hydrogen production enhances the diversity of the dataset and improves the ability of the

machine learning models to learn the underlying nonlinear relationships.
2.2. Exploratory Data Analysis (EDA)

Prior to model development, an exploratory data analysis (EDA) was performed to assess
the quality and characteristics of the collected dataset. This step aimed to examine the
distribution of the input and output variables, identify potential outliers or
inconsistencies, verify the absence of missing values, and evaluate the overall variability

of the experimental data.

The exploratory analysis was carried out using Python visualization libraries. As
illustrated in Figure 3, the dataset covers a broad range of operating conditions, including
different food waste categories, fermentation temperatures, initial pH values, substrate
concentrations, and cumulative biohydrogen production levels. No significant missing
values or abnormal distributions were observed. The substantial variability of the
experimental conditions and hydrogen production values provides a diverse dataset for
model training and contributes to improving the generalization capability of the

developed machine learning models.
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Figure 3 Multidimensional exploratory analysis of the experimental dataset.

2.3. Correlation Analysis

Correlation analysis was performed to examine the linear relationships among the
numerical variables included in the dataset prior to machine learning model
development. In addition to provide an initial understanding of the data structure, this
analysis helps identify potential multicollinearity between predictor variables and offers
preliminary insights into their relationships with cumulative biohydrogen production.
Pearson's correlation coefficients were calculated for all numerical variables, including
fermentation time, temperature, initial pH, substrate concentration, and cumulative

hydrogen production.

Figure 4 presents the Pearson correlation matrix as a heatmap, providing a preliminary
overview of the linear relationships among the numerical variables. The results indicate
that cumulative hydrogen production exhibits a moderate positive correlation with
fermentation time, reflecting the progressive accumulation of hydrogen during the
fermentation process. Initial pH also shows a positive correlation with hydrogen
production, whereas substrate concentration displays a relatively weak correlation,

suggesting that its effect may depend on interactions with other operating parameters.
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Temperature exhibits a slightly negative correlation within the collected dataset. Overall,
no strong multicollinearity was observed among the predictor variables, indicating that
each input variable contributes complementary information to the machine learning

models.

Time(s) 1.00
0.75
T(°) 0.50
0.25
pH 0.00
—-0.25
SC(g/ml) —0.50
—-0.75
H2 —1.00

Figure 4 Heatmap of the Pearson correlation matrix for the numerical variables.

Since Pearson correlation only captures linear relationships, the influence of the different
variables on model predictions is further investigated using SHAP analysis, which
accounts for complex nonlinear interactions. Furthermore, as the food waste type is a
categorical variable, it was not included in the Pearson correlation analysis but was

incorporated as an input feature during machine learning model development.
2.4. Data preprocessing

Prior to model development, the collected dataset was preprocessed to ensure
consistency and compatibility with the machine learning algorithms. Since the data were
compiled from multiple literature sources, several preprocessing steps were performed,

including the standardization of measurement units, encoding of categorical variables,
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and scaling of numerical features. These procedures ensured that all input variables were

represented in a consistent format suitable for model training.

2.4.1. Data Standardization

Because the experimental data were collected from different published studies, some
variables were reported using different measurement units. To ensure consistency across
the dataset, all substrate concentrations were converted to g COD L™, while cumulative
hydrogen production was expressed in mL L™*. Temperature and fermentation time were
standardized to °C and hours (h), respectively. The pH values required no conversion
because they were already reported on a standardized scale. This standardization step

ensured the comparability of experimental observations from different sources.

2.4.2. Categorical Variable Encoding

The food waste type was included as a categorical input variable in the machine learning
models. Since machine learning algorithms require numerical inputs, the different food
waste categories were transformed into numerical labels using Label Encoding. Each
category was assigned a unique integer identifier while preserving its categorical nature.
This encoded variable was subsequently used as an input feature during model

development together with the numerical operating parameters.

2.4.3. Feature Scaling

To improve model training and ensure numerical consistency among the input variables,
the numerical features were normalized using the Min-Max scaling technique. This

method transforms each variable into the range [0,1] using Eq. (1).

X' = X — Xmin (1)

Xmax — Xmin

Where x is the original value, x,,,;;, and x,,,4, are the minimum and maximum values of the

corresponding feature, and x’ is the normalized value.

Feature scaling prevents variables with large numerical ranges from dominating the
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learning process and contributes to improve the convergence and predictive performance

of machine learning algorithms [.

2.5. Machine Learning Framework

A machine learning framework was developed to predict cumulative biohydrogen
production from food waste by dark fermentation using the collected experimental
dataset. Three representative supervised learning algorithms, namely Artificial Neural
Networks (ANN), Random Forest (RF), and Support Vector Regressor (SVR), were
selected because of their ability to model complex nonlinear relationships between

operating conditions and hydrogen production.

2.5.1. Model Development and Cross-Validation

The predictive performance of the developed machine learning models was evaluated
using a five-fold cross-validation (5-fold CV) strategy. Cross-validation provides a reliable
assessment of model generalization by reducing the dependence of the results on a single

train-test split while minimizing the risk of overfitting.

In the adopted procedure, the dataset was first divided into a training set (80%) and
untouched test set (20%). Then the 5-fold CV was performed only within the training set
by randomly dividing it into five approximately equal subsets. During each iteration, four
subsets were used for model training , whereas the remaining subset was reserved for
validation. This process was repeated five times, allowing each subset to serve once as the
validation set. The predictive performance obtained in the five iterations was then
averaged to provide a robust estimate of the generalization ability of each machine
learning model. A schematic representation of the adopted cross-validation procedure is

presented in Figure 5.

12

Nour Elislam MOUGARI et al. International Conference on Fossil and Renewable Energies



Dataset (177 observations) ]

v

etatl Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
eration (~35 obs.) (~35 obs.) (~35 obs.) (~35 obs.) (~35 obs.)
Iteration 1 Validation Training Training Training Training
Iteration 2 Training Validation Training Training Training Porformancolevaltation
The performance metric
2 -
Iteration 3 Training Training Validation Training Training  [UBMEEIMEERRS) IS

computed in each
iteration and averaged
Iteration 4 Training Training Training Validation Training over the 5 folds to obtain
the final score.
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Figure 5 5-Fold Cross validation procedure.

2.5.2. Artificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are powerful supervised learning algorithms capable
of modeling complex nonlinear relationships between input and output variables [32]. An
ANN consists of interconnected neurons organized into an input layer, one or more
hidden layers, and an output layer. During the training process, the network learns the
underlying relationship between the predictor variables and the target output by
iteratively adjusting the connection weights to minimize the prediction error. The output
ofaneuroninagiven layer is calculated by applying an activation function to the weighted

sum of the outputs from the preceding layer, as expressed by:

nl-1

» _ W=D O
hO = £ wPRE + b )
i=1

where hj(l)is the output of neuron j in layer |, wi(;)is the weight connecting neuron i of the

previous layer to neuron j, bj(l) is the corresponding bias, and f denotes the activation

function.

Owing to their flexibility and strong approximation capability, ANNs have been widely

applied to modeling complex biological and biochemical processes, including bioenergy
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production [33,34].

In this study, a Multi-Layer Perceptron (MLP) was employed to predict cumulative
biohydrogen production from food waste dark fermentation. The model received the
encoded food waste type together with the operating parameters as input features, while
cumulative hydrogen production was considered as the target variable. The network was
trained using the Adam optimization algorithm, and its hyperparameters were optimized
through Grid Search combined with the five-fold cross-validation procedure described
previously. The optimal ANN configuration was subsequently used for model

performance evaluation.
2.5.3. Random Forest (RF)

Random Forest (RF) is an ensemble learning algorithm that combines the predictions of
multiple decision trees to improve predictive accuracy and reduce overfitting [35]. Each
tree is independently trained using a bootstrap sample of the training dataset, while a
random subset of input features is considered at each split. The final prediction is
obtained by averaging the outputs of all decision trees using Eq. (3), resulting in a robust
model capable of capturing complex nonlinear relationships while maintaining good

generalization performance.

1 &
() = 1= ) T 3)

where T) (x) represents the prediction of the k-th decision tree for input vector x, and N

is the total number of trees in the forest.

In the present study, the RF model was developed to predict cumulative biohydrogen
production from food waste using the encoded food waste type together with the
operating parameters as input variables. Bootstrap sampling was employed during
training, and the optimal hyperparameters, including the number of trees, maximum tree

depth, minimum samples required for node splitting, and minimum samples required at
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leaf nodes, were determined using Grid Search combined with the five-fold cross-
validation procedure. The optimized RF model was subsequently evaluated and

compared with the developed models using the selected performance metrics.
2.5.4. Support Vector Regressor (SVR)

Support Vector Regression (SVR) is a supervised machine learning algorithm derived
from Support Vector Machines (SVM) and adapted for regression problems [36]. Unlike
conventional regression methods, SVR aims to determine a regression function presented
in Eq. (4) thataccurately predicts the target variable while maintaining a predefined error
tolerance. By employing kernel functions, SVR can effectively capture complex nonlinear
relationships between the input variables and the output, making it particularly suitable

for modeling nonlinear engineering and biological processes.

N
fG) = ) (@ = €)K (e, x) + b Q
i=1

where a; and a;are the Lagrange multipliers, K(x;, x)is the kernel function, x;, x

represents the support vectors, and b is the bias term.

In this study, the SVR model was developed to predict cumulative biohydrogen
production from food waste using the encoded food waste type together with the
operating parameters as input variables. The model hyperparameters, including the
regularization parameter, kernel type, kernel coefficient, and e-insensitive loss
parameter, were optimized using Grid Search combined with the five-fold cross-
validation procedure. The optimized SVR model was subsequently evaluated and

compared with the ANN and RF models using the selected performance metrics.
2.5.5. Hyperparameters optimization

The predictive performance of machine learning algorithms strongly depends on the
selection of appropriate hyperparameters. Therefore, hyperparameter optimization was

performed using the Grid Search approach combined with the five-fold cross-validation
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procedure described previously. Grid Search systematically evaluates all possible
combinations of predefined hyperparameter values and selects the configuration that
provides the best cross-validation performance. The hyperparameter search space
considered for the ANN, RF, and SVR models is summarized in Table 3. The ranges
presented in Table 03 were discretized into multiple candidate values, and all possible
hyperparameter combinations were systematically evaluated using Grid Search with five-
fold cross-validation. The optimal hyperparameters identified through Grid Search were

subsequently used to train the final ANN, RF, and SVR models.

Table 3 Hyperparameter search space considered for Grid Search optimization of the ANN, RF, and SVR models.

Model Hyperparameter Search space
Hidden layer 1 neurons 5-100
Hidden layer 2 neurons 5-50
ANN
Activation function (Layer 1) ReLU, Tanh, Sigmoid
Activation function (Layer 2) ReLU, Tanh, Sigmoid
Number of trees (n_estimators) 50-400
Maximum tree depth (max_depth) 10-50
RF
Minimum samples for split (min_samples_split) 2-20
Minimum samples per leaf (min_samples_leaf) 1-10
Regularization parameter (C) 0.01-100
Epsilon (€) 0.001-0.1
SVR
Kernel coefficient () 0.001-10
Kernel function Linear, Polynomial, RBF

The optimal hyperparameter values selected for each model are reported in the Results

and Discussion section.
2.6. Model Performance Evaluation

The predictive performance of the developed machine learning models was evaluated
using three widely adopted statistical indicators: the coefficient of determination (R?), the
root mean squared error (RMSE), and the mean absolute error (MAE). These metrics
provide complementary information regarding the accuracy and generalization capability

of the predictive models.

The coefficient of determination (R*) measures the proportion of the variance in the
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experimental data explained by the model, with values closer to 1 indicating better
predictive performance. The RMSE evaluates the average magnitude of the prediction
errors while assigning greater weight to large deviations, whereas the MAE represents
the average absolute difference between the predicted and experimental values. The

three performances metrics are defined as follows:

I (T ) 5)
=t i —)?
= (©)
RMSE = ;Z(yi—ﬁ)z
(7)

n
1
MAEz—Z =P
e 1Iyl yil
—

where y; and J; represent the experimental and predicted cumulative biohydrogen
production, respectively, y~ is the mean of the experimental values, and n is the total
number of observations. The values of these metrics were averaged over the five cross-

validation folds to provide a robust assessment of model performance.
2.7. Model Interpretation Using SHAP

To improve the interpretability of the predictive models, SHapley Additive exPlanations
(SHAP) were employed to analyze the contribution of the input variables to the model
predictions. Based on cooperative game theory, SHAP quantifies the individual
contribution of each feature to the predicted output, enabling both global and local

interpretation of the model.

In this study, SHAP analysis was performed on the best-performing machine learning
model identified during the comparative evaluation using Eq. (8). This analysis was used
to determine the relative importance of the operating parameters and food waste type in
predicting cumulative biohydrogen production and to provide insights into the influence

of each input variable on the model predictions.

17

Nour Elislam MOUGARI et al. International Conference on Fossil and Renewable Energies



M

) = Ef Gl + ) dm (8)

m=1

where f(x) is the final predicted value for a given input x, E[f (x,)] is the expected model
output across the entire dataset (baseline prediction), ¢,, :is the Shapley value

corresponding to the mt feature.

3. Results and discussion

This section presents and discusses the results obtained from the developed machine
learning models for predicting cumulative biohydrogen production from food waste dark
fermentation.

3.1. Hyperparameter optimization

The predictive performance of machine learning algorithms is strongly influenced by the
selection of suitable hyperparameters. Therefore, Grid Search combined with five-fold
cross-validation was employed to determine the optimal hyperparameter configuration
for the ANN, RF, and SVR models. The optimal values obtained after the optimization

process are summarized in Table 4.

Table 4 Optimal hyperparameters selected by Grid Search for the developed machine learning models.

Model Hyperparameter Optimal value
Hidden layer 1 neurons 36
Hidden layer 2 neurons 26

ANN
Activation (Layer 1) ReLU
Activation (Layer 2) Tanh
Number of trees (n_estimators) 120
Maximum tree depth (max_depth) 25

RF
Minimum samples for split (min_samples_split) 6
Minimum samples per leaf (min_samples_leaf) 2
Regularization parameter (C) 45.3471
Epsilon (g) 0.02395

SVR
Gamma (y) 0.0785
Kernel RBF

The optimal hyperparameter configurations obtained through the Grid Search procedure
are summarized in Table 04. For the ANN model, the optimization process identified an

architecture composed of two hidden layers with 36 and 26 neurons employing ReLU and
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Tanh activation functions, respectively. This architecture provides sufficient
representational capacity to capture the nonlinear relationships between the operating
conditions and cumulative biohydrogen production while maintaining a reasonable level
of model complexity.

For the RF model, the optimal configuration consisted of 120 decision trees with a
maximum depth of 25, a minimum of six samples required to split an internal node, and
two samples per leaf. These settings provide a good balance between prediction accuracy
and model generalization by limiting excessive tree growth while preserving the diversity
of the ensemble.

Regarding the SVR model, the optimization process selected the RBF kernel together with
aregularization parameter (C) of 45.3471, an e-insensitive loss parameter of 0.02395, and
a kernel coefficient (y) of 0.0785. The selection of the RBF kernel confirms the nonlinear
nature of the relationship between the input variables and biohydrogen production, while
the optimized hyperparameters provide an appropriate compromise between model
flexibility and generalization capability.

The schematic architectures of the three developed machine learning models are

presented in Figures 06, 07, and 08, respectively.

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer
(5 features) (36 neurons) (26 neurons) (1 neuron)

Temperature (°C) —>Q ( \( 7

Substr'ate Cumulative
Concentration (gll.) H, Production
: (mL)
Fermentation
Time (h)
Food Waste Type .
(encoded)
Vo T ) o (" E 7'-1
| Activation: ReLU | Activation: Tanh | Linear |
Figure 6 Schematic architecture of the Artificial Neural Network model.
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Figure 8 Schematic architecture of the Support Vector Regression model.

3.2. Quantitative assessment of model performance

The predictive performance of the developed ANN, RF, and SVR models was quantitatively
assessed using three statistical indicators: the coefficient of determination (R?), root
mean square error (RMSE), and mean absolute error (MAE). The quantitative

performance of the three developed machine learning models is summarized in Table 05.

Table 5 Performance of the developed ANN, RF, and SVR models for biohydrogen production prediction.
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Model Dataset MAE (mL/L) RMSE (mL/L) R?

ANN Training 0.1630 0.3175 0.9985
Testing 0.1687 0.3319 0.9833
All data 0.1641 0.3204 0,9967
RF Training 0.2251 0.4513 0.9570
Testing 0.2235 0.4376 0.9271
All data 0.2248 0.4486 0.9580
SVR Training 0.7132 0.9064 0.9492
Testing 0.7056 0.8986 0.9146
All data 0.7116 0.94927 0.9406

Overall, the three models were able to reproduce the experimental cumulative
biohydrogen production with different levels of accuracy. However, clear differences in
predictive performance were observed among the investigated approaches. The overall
performance ranking was ANN > RF > SVR, with the ANN providing the most accurate
predictions, achieving the best performance, with an (R%) of 0.9967, an RMSE of 0.3204
mL/L, and an MAE of 0.1641 mL/L. These results indicate a very close agreement between

the predicted and experimental cumulative biohydrogen production values.

The RF model ranked second, achieving an (R?) of 0.9580, an RMSE of 0.4486 mL/L, and
an MAE of 0.2248 mL/L. Although its performance was lower than that of ANN, the
relatively low error values demonstrate that RF was also able to capture the nonlinear

relationships between the fermentation conditions and biohydrogen production.

In contrast, SVR provided the lowest predictive accuracy among the three models, with
an (R?) of 0.9406, an RMSE of 0.9094 mL/L, and an MAE of 0.7116 mL/L. Nevertheless,
the obtained (R?) confirms that SVR was still capable of explaining a substantial

proportion of the variability in the experimental data.

The testing results further support the observed performance ranking. ANN maintained
a high predictive accuracy on unseen data, achieving an (R?) of 0.9833, an RMSE 0f 0.3319
mL/L, and an MAE of 0.1687 mL/L. RF and SVR obtained testing (R?) values of 0.9271 and
0.9146, respectively. The relatively small difference between the ANN training and testing

errors indicates good generalization, whereas the lower testing (R?) values obtained by
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RF and SVR suggest a greater reduction in predictive performance when applied to

unseen observations.

Overall, the results demonstrate that the optimized ANN provided the most accurate
prediction of cumulative biohydrogen production among the three investigated models,
followed by RF and SVR. The superior performance of ANN can be attributed to its ability
to represent complex nonlinear interactions among the fermentation parameters through

its multilayer architecture.

3.3. Visual assessment of model performance
To complement the quantitative evaluation, scatter plots were used to visually compare
the predicted and experimental cumulative biohydrogen production values for the ANN,
RF, and SVR models. The 45° reference line represents perfect agreement between
experimental and predicted values, such that points located closer to this line indicate
more accurate predictions.
Figure 9 presents the regression plots comparing the experimental and predicted
cumulative biohydrogen production for the three developed models. The dashed 45° line
represents the ideal case in which the predicted values exactly match the experimental
measurements. Overall, the three models reproduce the general trend of the experimental
data, although differences in the degree of dispersion can be observed.
As shown in Figure 9(a), the ANN model exhibits the closest agreement between
predicted and experimental values. The training and testing points are strongly
concentrated around the 45° line across the entire range of biohydrogen production, with
relatively limited dispersion. This visual observation is consistent with the excellent
statistical performance of ANN, characterized by the highest R* and the lowest RMSE and
MAE among the three models.
The RF model in Figure 9(b) also follows the experimental trend reasonably well,
particularly at higher production levels. However, a greater dispersion of the points is
observed compared with ANN, especially in the lower and intermediate ranges of
cumulative biohydrogen production. This greater scatter is consistent with the lower
predictive accuracy indicated by its statistical metrics.

As shown in Figure 9(c), the SVR model presents the widest dispersion around the ideal
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line. Although the overall relationship between predicted and experimental values
remains evident, several observations show noticeable deviations from the 45° line,
particularly at low and intermediate production levels. This behavior agrees with the
higher RMSE and MAE and the lower R? obtained for SVR.

Overall, the regression plots visually confirm the quantitative evaluation and support the
performance ranking of ANN > RF > SVR, with ANN providing the closest agreement

between predicted and experimental cumulative biohydrogen production.

(@ (b)
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Figure 8 Regression plots of predicted versus experimental cumulative biohydrogen production for (a) ANN, (b) RF, and (c) SVR

models.

3.4. Distribution of prediction errors
The distribution of prediction errors was further analyzed to assess the presence of
systematic bias and to complement the statistical evaluation of the developed models. The
residual error was calculated as the difference between the predicted and experimental
cumulative biohydrogen production values:

[Error = Hz (predicted) - Hz2 (experimental)]

(@ (b)
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Figure 10 Regression plots of predicted versus experimental cumulative biohydrogen production for (a) ANN, (b) RF, and (c)
SVR models.

Figure 10 presents the distributions of the percent relative error (PRE) obtained for the
ANN, RF, and SVR models, shown in Figures 10(a), 10(b), and 10(c), respectively.

The three models show their highest concentration of errors around 0%, indicating that
no pronounced systematic bias toward overprediction or underprediction is present.
However, differences in the spread and tails of the distributions are clearly observed. ANN
(Figure 10a) exhibits the most concentrated distribution around zero, with most errors
located within a relatively narrow range and only a few extreme observations. This

indicates a high degree of prediction consistency and agrees with its lowest MAE and
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RMSE values.

The RF model (Figure 10b) also shows a relatively high concentration around zero, but
with a broader distribution and more pronounced tails, indicating greater variability in
its prediction errors. The SVR model (Figure 10c) presents the widest error distribution,
with several observations showing relatively large positive and negative errors. This
broader spread is consistent with its higher MAE and RMSE and indicates less consistent
prediction accuracy compared with ANN and RF.

Overall, the error distributions complement the quantitative assessment and confirm the
performance ranking of ANN > RF > SVR, while also showing that the ANN predictions are

the most concentrated and consistent around the experimental values.

3.5. SHAP Analysis for Model Interpretability
Since the ANN model achieved the best predictive performance among the three
evaluated algorithms, SHAP (SHapley Additive exPlanations) analysis was applied
specifically to this model to provide an interpretable description of the factors driving its
predictions. The objective was not to compare the interpretability of the three algorithms,
but rather to explain the behavior of the selected best-performing model and identify the
relative contribution of the main operating parameters to biohydrogen production. The
SHAP analysis was performed using the four numerical input variables: fermentation time
(Time), substrate concentration (SC), pH, and temperature (T). The categorical variable
representing the encoded substrate type was not included in this interpretability analysis.
SHAP values were used to evaluate both the relative importance of the variables and the
direction of their contributions to the ANN predictions.
3.5.1. Global Feature Importance

Figure 11 presents the global importance of the input variables based on their mean
absolute SHAP values (mean |SHAP|). Fermentation time showed the highest
contribution, with a mean |SHAP| value of 400, followed by, substrate concentration
(350), pH (210), and temperature (120).

The dominant influence of Fermentation time highlights the importance of the temporal
evolution of cumulative hydrogen production. Substrate concentration also shows a
substantial contribution, reflecting its role in determining the amount of available organic

matter and consequently the potential hydrogen yield. In comparison, pH and
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temperature exhibit lower mean absolute SHAP values, suggesting a comparatively
smaller contribution to the variation in the ANN predictions within the range of

experimental conditions represented in the dataset.

These results highlight the importance of accounting for the heterogeneity of food waste

when developing predictive models for dark fermentation.

Time
SC

Ph

160 260 360 460 SCIJO
mean(|SHAP value|) (average impact on model output magnitude)

o -

Figure 11 Global feature importance based on mean absolute SHAP values (mean |[SHAP]).
3.5.2. SHAP Summary Analysis

The SHAP summary plot presented in Figure 12 provides information on both the
magnitude and direction of the contribution of each input variable. Positive SHAP values
indicate a contribution toward higher predicted biohydrogen production, whereas
negative values indicate a contribution toward lower predictions.

Fermentation time exhibits the widest range of SHAP values and therefore the strongest
influence on the model predictions. It shows an overall positive tendency for higher
values, with higher time values generally associated with positive SHAP values, indicating
that longer fermentation times tend to contribute to higher cumulative hydrogen
production. Substrate concentration exhibits a highly dispersed SHAP distribution, with
both positive and negative contributions across different concentration levels, suggesting
anonlinear influence. The pH also presents variable contributions depending on its value,
with higher pH values generally associated with positive contributions and lower values
tending toward negative contributions. In comparison, the SHAP values associated with
temperature are more concentrated around zero, indicating a comparatively lower

influence on the model predictions.
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Figure 12 SHAP summary plot showing the contribution of the input variables to ANN predictions.
4. Conclusion
This study developed and evaluated a machine learning-based framework for predicting
cumulative biohydrogen production from the dark fermentation of food waste. An
experimental database was established from data reported in the literature, integrating
different foodwaste types and operating conditions. The collected data were
systematically preprocessed through unit standardization, categorical encoding, and
numerical normalization to obtain a consistent dataset suitable for machine learning
applications.
Three supervised learning models, namely Artificial Neural Network (ANN), Random
Forest (RF), and Support Vector Regression (SVR), were developed and optimized using
Grid Search combined with five-fold cross-validation. The results demonstrated that all
three models were capable of reproducing the experimental biohydrogen production data
with high accuracy. However, the ANN model provided the best overall predictive
performance, achieving an (R?) of 0.9833, an RMSE of 0.3319 mL/L, and a MAE of 0.1687
mL/L on the independent test set. RF also showed good predictive capability, while SVR
exhibited comparatively higher prediction errors.
The visual evaluation based on the regression plots and error distributions further
confirmed the quantitative assessment. The ANN model showed the closest agreement
between predicted and experimental values, with a more concentrated distribution of
errors compared with RF and SVR. These results further support the suitability of ANN
for predicting cumulative biohydrogen production from food waste under the range of
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experimental conditions considered in this study.

To provide insight into the factors governing the ANN predictions, SHAP analysis was
subsequently performed. Type of substrate and Fermentation time were identified as the
most influential variables, followed by substrate concentration, pH, and temperature. The
SHAP results also revealed nonlinear effects of several operating parameters, highlighting
the ability of the ANN to capture complex relationships that may not be adequately
described by conventional correlation analysis.

Overall, the results demonstrate that the proposed machine learning approach can
provide accurate and interpretable predictions of cumulative biohydrogen production
from dark fermentation of food waste. The developed framework may support the
preliminary assessment and optimization of fermentation conditions while reducing the
need for extensive experimental trials. It should be noted that the lower performance
observed for RF and SVR does not imply an inherent limitation of these algorithms for
biohydrogen prediction, as their performance depends on the dataset characteristics,
selected hyperparameter search space, and optimization strategy. Alternative
optimization approaches and broader search spaces may further improve their predictive

performance.

Future work should focus on expanding the database with additional experimental
studies and incorporating further biochemical and process-related parameters to

improve the generalizability and practical applicability of the predictive framework.
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