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ABSTRACT 

This study presents a random forest regression machine learning model developed to predict the biochemical methane potential 
(BMP) of various agricultural feedstocks using cellulose, hemicellulose, and lignin content as independent variables. The model 
demonstrated strong performance on an independent test dataset, achieving R² score, RMSE and MAE of 0.84, 284.31 Nm³ 
CH₄/ton fresh mass (FM), and 171.66 Nm³ CH₄/ton FM, respectively, confirming the model's accuracy and consistency. SHAP 
analysis revealed that hemicellulose content is the most significant predictor of BMP, with lignin and cellulose also contributing 
notably. These findings align with existing literature on the possible recalcitrant nature of different feedstocks and suggest that 
lower levels of these predictor components enhance BMP. The model's capacity to predict BMP based on biomass characteristics 
without extensive experimental trials highlights its potential to optimize anaerobic digestion systems and improve the efficient 
utilization of agricultural residues as renewable energy sources. 
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1 INTRODUCTION 

Biogas production through anaerobic digestion has emerged as a promising renewable energy solution, converting diverse organic 
feedstocks into methane-rich biogas.1,2 To quantify the biodegradability of these feedstocks, numerous studies have conducted 
experimental Biochemical Methane Potential (BMP) tests under anaerobic digestion conditions.3,4 BMP tests determine the 
maximum methane generation from a single substrate on a laboratory scale 5, and international inter-laboratory studies have 
optimized protocols and defined best practices.3 However, these tests are complex and time-consuming6, necessitating accurate 
and timely BMP predictions for the design, optimization, and management of efficient biogas production systems. 

Recent research emphasizes the significant impact of lignocellulosic composition—specifically the proportions of cellulose, 
hemicellulose, and lignin—on the biomethane production potential of various feedstocks, including agricultural residues, energy 
crops, lignocellulosic biomass, manure, and slurries.2,5 In a recent study, predictive models were developed to estimate the BMP 
of lignocellulosic feedstocks based their chemical composition, using machine learning models augmented with Generative 
Adversarial Network (GAN) data.6 However, our study presents a robust random forest regression model designed to predict BMP 
for a wide range of agricultural biogas feedstocks, offering insights into the influence of cellulose, hemicellulose, and lignin content 
on biomethane production. The model's performance, evaluated using key metrics and SHAP analysis, contributes to optimizing 
anaerobic digestion systems and the efficient use of diverse agricultural feedstocks. 

2 MATERIAL & METHODS 

The dataset utilized in this study was sourced from the comprehensive database developed by Lallement et al. (2023)5, featuring 
detailed biomass characteristics and corresponding BMP values. This study focused on three key predictors: cellulose, 
hemicellulose, and lignin contents, with BMP as the target variable. To ensure consistency in BMP predictions across various 
feedstocks, units were standardized from normal cubic meters of methane per ton of volatile solids (Nm³ CH₄/ton VS) to per ton 
of fresh mass (Nm³ CH₄/ton FM), using the specific VS content of each sample. Similarly, cellulose, hemicellulose, and lignin 
measurements were converted from grams per 100 grams of dry matter (g/100g DM) to grams per 100 grams of fresh mass 
(g/100g FM) to account for moisture content variations. During preprocessing, four outliers were removed from an initial 131 data 
points, resulting in 127 data points for model development. Descriptive statistics indicated a wide range of cellulose (2.3 to 53 
g/100g FM), hemicellulose (1.2 to 21.4 g/100g FM), and lignin (2.3 to 39.7 g/100g FM) contents and BMP values (171 to 3010 
Nm3 CH4/ton FM). 

For model development, the independent variables were normalized, and the dataset was split into training (70%) and test sets 
(30%). The training set was further divided into training and validation sets (80% and 20%, respectively). The random forest 
regression algorithm, implemented using Python and libraries such as pandas, NumPy, and scikit-learn, was employed to train 
the model. A 5-fold cross-validation technique assessed the model's learning curve and potential overfitting or underfitting. 
Additionally, Shapley Additive Explanations (SHAP) analysis8 provided insights into the importance of input variables in the 
model's predictions. The model's accuracy was evaluated using the coefficient of determination (R²), Root Mean Squared Error 
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(RMSE), and Mean Absolute Error (MAE) on both validation and independent test datasets, ensuring robust predictive 
performance and generalization capabilities. 

3 RESULTS & DISCUSSION 

The random forest regression model developed in this study showed strong performance in predicting BMP of various feedstocks 
based on their cellulose, hemicellulose, and lignin content (Figure 1). On the validation set, the model achieved an R² score of 
0.88, indicating that it could explain 88% of the variation in BMP values. The RMSE was 242.90 Nm³ CH₄/ton FM, and the MAE 
was 192.63 Nm³ CH₄/ton FM. These metrics suggest that while the model captures the overall trend of BMP variation accurately, 
there remains a moderate level of error in individual predictions. 

To ensure the model's generalizability, its performance was also evaluated on an independent test set. The results revealed an 
R² score of 0.84, which, while slightly lower than the validation set score, still indicates strong predictive capability. The RMSE 
and MAE on the test set were 284.31 Nm³ CH₄/t FM and 171.66 Nm³ CH₄/t FM, respectively. These values are comparable to 
those from the validation set, underscoring the model's consistency and reliability across different datasets. 

 

Figure 1: The random forest regression model's R2 performance on (a) validation and (b) test datasets. 

The learning curve analysis demonstrated the model's robustness and capacity to generalize (Figure 2). The training score 
increased steadily with more training examples, indicating effective learning of data patterns. The validation score also showed 
strong performance, plateauing after an initial increase, which suggests that the model had reached optimal performance. The 
minimal gap between training and validation scores indicates a lack of overfitting, further validating the model's reliability in making 
accurate predictions on new data. 

 

Figure 2: Learning curves of the random forest regression model on the training set and cross-validation 

SHAP analysis was employed to interpret the model's predictions and assess the impact of each input variable (Figure 3). 
Aggregating SHAP values across the dataset provided insights into the overall significance of the input variables. Hemicellulose 
was identified as the most significant contributor to BMP prediction, with lignin and cellulose also playing important roles. 
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Biochemically, hemicellulose works with cellulose and lignin to provide structural integrity to plant cell walls, which resist 
degradation. 9,10 The SHAP values indicated that lower hemicellulose content typically led to higher BMP values. Similarly, lower 
levels of lignin and cellulose were associated with higher BMP, though to a lesser extent than hemicellulose. This suggests that 
low contents of these components in agricultural biomass could favor biodegradation and thus enhance BMP. Conversely, high 
levels of these components create barriers that hinder enzymes from accessing cellulose, thereby reducing BMP. The model 
effectively accounted for these intricate biochemical relationships, enabling accurate BMP predictions for various agricultural 
feedstocks. This highlights the potential of the model as a reliable tool for optimizing biomass utilization in methane production. 

 

Figure 3: Mean SHAP value plot depicting the average impact of hemicellulose, cellulose and lignin, and (b) SHAP Beeswarm 
plot showing the individual contributions of hemicellulose, cellulose and lignin to the model's predicted output. 

4 CONCLUSION 

This study's random forest regression model offers a promising method for predicting the BMP of various agricultural biogas 
feedstocks. The model demonstrated strong performance on an independent test dataset, with a high R2 value (0.84), low RMSE 
(284.31 Nm³ CH₄/ton FM), and MAE (171.66 Nm³ CH₄/ton FM), confirming its reliability and applicability. SHAP analysis identified 
hemicellulose as the most significant factor in BMP prediction, with lignin and cellulose also playing important roles. This insight 
aligns with existing literature on the recalcitrant nature of biomass with lignin, hemicellulose, cellulose contents. The model's ability 
to predict BMP based on biomass characteristics without extensive experimental trials saves valuable time and resources, making 
it a valuable tool for optimizing anaerobic digestion systems and utilizing agricultural residues as renewable energy sources. 
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