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Introduction: The transition toward sustainable energy systems has accelerated the deployment of thermochemical 

biomass conversion technologies such as pyrolysis, gasification, and hydrothermal liquefaction. These processes 

involve complex, nonlinear interactions among feedstock properties and operating conditions, limiting the 

effectiveness of conventional empirical modelling approaches. Machine learning (ML) has emerged as a powerful 

alternative, capable of capturing multivariate nonlinear relationships without explicit mechanistic assumptions. Recent 

studies have applied regression and ensemble-based ML models to predict biomass gasification product distribution 

and syngas composition with strong predictive performance (Li et al., 2023; Sakheta et al., 2024). However, 

comprehensive comparative evaluations of multiple algorithms under consistent validation and stability frameworks 

remain limited. Furthermore, model selection in thermochemical applications is often based solely on predictive 

accuracy, without assessing generalization stability, bias behaviour, or robustness across cross-validation folds. 

Therefore, this study systematically compares multiple regression-based ML models for predicting thermochemical 

conversion performance, evaluating accuracy, variance, and bias to provide evidence-based guidance for robust model 

selection in data-driven sustainable energy systems. 

 

Materials and Methods : A total of 148 experimental data points were compiled for syngas yield from waste biomass 

gasification, incorporating measured operational conditions and feedstock characterization parameters (Abioye, Harun, 

Arshad, et al., 2024; Abioye, Harun, Yusuf, et al., 2024; Ali et al., 2022; Kombe et al., 2022; Njuguna et al., 2023; 

Umar et al., 2024; Umar & Sulaiman, 2022). Input variables included proximate analysis (volatile matter, fixed carbon, 

ash), ultimate analysis (C, H, O, N, S), and reaction temperature, selected due to their established influence on 

thermochemical conversion performance. Prior to modelling, datasets were screened for missing values and normalized 

to ensure consistent feature scaling. Performance was evaluated using the mean coefficient of determination 

(R²_mean), mean explained variance score (ExplainedVariance_mean), standard deviation of the coefficient of 

determination across cross-validation folds (R²_std) to assess model stability, mean squared error (MSE_mean), mean 

absolute error (MAE_mean), and mean prediction bias (Bias_mean) to quantify predictive accuracy, error magnitude, 

variability, and systematic over- or under-estimation. 

 

Results and Discussion: Tree-based models demonstrated superior predictive capability, with Decision Tree achieving 

the highest R² (0.89) and lowest MSE (29.77), followed closely by Gradient Boosting (R² = 0.88) (refer to Table A1, 

figure A1). Regularized linear models exhibited slightly lower predictive accuracy (R² ≈ 0.85) but improved 

generalization stability, while polynomial expansion did not significantly enhance performance, suggesting complex 

nonlinear interactions beyond quadratic relationships. Quantile regression models behaved consistently with theoretical 

expectations, showing reduced accuracy at extreme quantiles. The residual distribution analysis further supports the 

superiority of nonlinear models for syngas yield prediction (Figure A2). As shown in the violin plots, tree-based models 

(Decision Tree and Gradient Boosting) exhibit residuals centered closely around zero with comparatively narrower 

interquartile ranges, indicating reduced systematic bias and improved predictive stability. In contrast, linear and 

regularized regression models display slightly wider residual spreads, while SVR shows larger dispersion and 

skewness, suggesting reduced robustness. Quantile regression models demonstrate progressively shifting residual 

medians as τ increases, consistent with theoretical expectations; lower quantiles (τ = 0.1–0.3) exhibit negative bias, 

while higher quantiles (τ = 0.7–0.9) show positive bias, reflecting distribution-sensitive prediction behavior (Figure 

A3). Heatmap showing pairwise Spearman correlation coefficients between proximate analysis parameters (volatile 
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matter, fixed carbon, ash content), ultimate analysis elements (C, H, O, N, S), and temperature (Figure A4). Strong 

positive and negative correlations are observed among compositional variables, particularly between carbon and 

oxygen (−0.96), nitrogen and sulfur (−0.93), and volatile matter and sulfur (0.85), highlighting significant nonlinear 

interdependencies and multicollinearity within the dataset. These strong correlations explain the limited performance 

of purely linear regression models and support the use of nonlinear and ensemble-based machine learning approaches 

for accurate syngas prediction. 

 

Conclusion: Multiple statistical and machine learning regression models were evaluated to predict syngas production 

from biomass gasification using experimental feedstock and process parameters. Tree-based algorithms, particularly 

Decision Tree and Gradient Boosting, demonstrated superior predictive accuracy, stability, and minimal bias compared 

to linear, regularized, support vector, and quantile regression models, highlighting the effectiveness of nonlinear 

ensemble methods in capturing the complex interactions of thermochemical systems. Future work should expand the 

dataset and validation scope while incorporating additional inputs and outputs to improve generalizability and support 

digital twin–based process optimization. 
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Appendix:  

Table A1. Comparison between theoretical predictions and experimental measurements. 

 

Model R2_mean Explained  

Variance_mean 

R2_std MSE_mean MAE_mean Bias_mean 

DecisionTree 0.888 0.894 0.0541 29.77 3.55 -0.060 

GradientBoosting 0.884 0.889 0.0479 31.05 3.74 -0.116 

Ridge 0.855 0.863 0.0226 39.22 4.99 0.159 

ElasticNet 0.855 0.862 0.0230 39.39 5.04 0.128 

BayesianRidge 0.853 0.861 0.0242 39.86 5.09 0.115 

Lasso 0.851 0.859 0.0254 40.36 5.15 0.086 

Polynomial_deg1 0.844 0.854 0.0319 41.74 5.20 0.207 

Linear 0.843 0.852 0.0301 42.47 5.20 0.181 

Polynomial_deg2 0.835 0.836 0.0430 49.75 4.74 -0.299 

QuantileReg_tau0.4 0.798 0.816 0.0844 53.69 5.30 -1.274 

QuantileReg_tau0.5 0.785 0.804 0.0717 57.23 5.41 -0.162 

QuantileReg_tau0.3 0.774 0.816 0.0837 60.33 5.68 -3.031 

QuantileReg_tau0.6 0.772 0.796 0.0787 60.77 5.49 1.313 

QuantileReg_tau0.7 0.733 0.791 0.0924 72.27 6.05 3.354 

QuantileReg_tau0.8 0.709 0.805 0.1211 79.05 6.50 4.812 

QuantileReg_tau0.2 0.708 0.797 0.1177 77.86 6.63 -4.550 

QuantileReg_tau0.9 0.658 0.823 0.1166 93.62 7.43 6.422 

SVR 0.638 0.691 0.0688 99.41 8.35 1.777 

QuantileReg_tau0.1 0.603 0.758 0.1405 106.43 7.71 -6.200 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Figure A1: Predicted versus actual syngas production using Decision Tree and Gradient Boosting models. 

 

Figure A2: Residual distributions across regression models. 

 

 

 

 

 



 

 

 

 

 

Figure A3: Residual distributions for quantile regression models. 

 

Figure A4: Spearman correlation coefficients among biomass compositional variables and process temperature. 


