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Abstract 

Sub-Saharan Africa is rich in agricultural biomass, yet its biogas utilization is far below its 

potential. Most earlier studies failed to identify the nonlinear, multi-factor relationships 

that shape real national biogas yields and fully clarify this imbalance. This study con-

structs a 2007–2023 panel dataset for ten sub-Saharan African countries, merging agricul-

tural output, socioeconomic, and infrastructure metrics. Gradient Boosting model and 

SHapley Additive exPlanations (SHAP) analysis are applied for empirical evaluation. 

SHAP analysis confirms that charcoal consumption yields the largest contribution to bio-

gas production, with a mean absolute SHAP value of 1.018. The correlation between the 

two variables is negative under the threshold and becomes positive beyond this critical 

level. Urbanization has an inverted U-shaped correlation with biogas output, and the mar-

ginal contributions of predictors vary substantially across sampled countries. Instead, 

fragile supply chains, rural labor loss, and fierce competition in clean energy markets curb 

local biogas production. Forecasts show that regional biogas output will continue to fall 

until 2030. Targeted national policies matching each country’s core influencing factors are 

therefore urgently required. 
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1. Introduction 

Energy poverty refers to the lack of adequate and reliable energy services and repre-

sents a severe development challenge in the Africa. Millions of people in Africa lack access 

to modern energy, with sub-Saharan Africa (SSA) being the most severely affected [1]. 

Energy poverty exacerbates various development difficulties in Africa, while also hinder-

ing global sustainable development and increasing climate change risks [2]. The United 

Nations Sustainable Development Goal (SDG) 7 aims to ensure access to affordable, reli-

able, sustainable, and modern energy for all [3]. 

SSA is endowed with abundant energy resources, yet its per capita access to clean 

energy is the lowest in the world. Currently, over 600 million people in the region lack 

access to electricity, presenting a stark contrast between resource reserves and actual en-

ergy availability [4]. Due to the lack of access to modern energy, rural areas in most sub-

Saharan African countries rely heavily on traditional biomass fuels, such as firewood, 
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charcoal, and dung cakes. The long-term use of these fuels not only increases the risk of 

respiratory health problems but also leads to vegetation destruction, soil erosion, and 

other environmental issues, exacerbating global environmental degradation and climate 

change [5–7]. With the growth of the population and income, the demand for modern 

energy in Africa will continue to increase, and energy demand is expected to rise by one-

third between 2020 and 2030 [8]. As a clean energy source, biogas can effectively alleviate 

energy poverty in African countries [9,10]. There are significant differences in the devel-

opment of the biogas industry across countries worldwide. In Europe and the United 

States, biogas facilities are large-scale plants. As of 2017, Europe’s electricity generation 

from biogas had reached 64 terawatt-hours, accounting for 70% of the global biogas power 

generation [11]. In contrast, in Asia and Africa, biogas installations are mostly small-scale 

household digesters, focusing on meeting household needs such as cooking and lighting 

[12]. Since 2008, multiple international organizations have supported and funded biogas 

projects in Africa. Among them, the Africa Biogas Partnership Programme (ABPP) has 

been implemented in Ethiopia, Kenya, Tanzania, Uganda, and Burkina Faso, resulting in 

the construction of over 70,000 biogas digesters by 2019 [13]. According to relevant stud-

ies, utilizing biomethane generated from African crop residues in combined heat and 

power (CHP) systems could produce 395 PJ of electricity annually, meeting 16.3% of Af-

rica’s electricity demand [14]. If all dairy cattle manure in Africa were processed in biodi-

gesters and the resulting biogas used for power generation, the electricity generation po-

tential could meet 14% of Africa’s total electricity demand, equivalent to 54% of the elec-

tricity demand in SSA (excluding South Africa) [15]. Effectively converting biomass re-

sources into energy would actively improve the lives of millions of Africans, thereby help-

ing the continent break free from energy poverty. The suitable tropical climate and agri-

culture-driven industrial foundation of the SSA region create favorable conditions for the 

development of biogas technology [16]. In addition to providing energy, biogas also 

brings a range of benefits, including increasing household income, enhancing environ-

mental performance, reducing labor costs, and improving residents’ health [17–19]. De-

spite the abundant biomass resources, great development potential, and the implementa-

tion of several international aid projects in SSA, the overall development level of biogas 

technology in Africa remains low due to constraints such as economic development levels, 

technological shortcomings, inadequate policies, and weak infrastructure [20,21]. 

Regarding the driving factors of biogas development, Kelebe et al. and Berhe et al. 

approached the issue from the perspective of farmers’ adoption behavior and found that 

household biogas adoption is influenced by multiple factors, including social, demo-

graphic, environmental, and access to basic infrastructure. These factors include the age 

of the household head, household size, education level, number of cattle owned, distance 

to firewood, and access to electricity, roads, and credit [22,23]. Kamp et al. employed Stra-

tegic Niche Management (SNM) and the Multi-Level Perspective (MLP) to analyze the 

driving factors of biogas development in Ethiopia, such as climate, policies, and resources, 

as well as bottlenecks, including low purchasing power and technological mismatches 

[24]. For the analysis and prediction of driving factors in biogas energy, Senol et al. used 

Artificial Neural Networks (ANNs), autoregressive integrated moving average (ARIMA), 

and linear regression models to estimate and evaluate the biogas potential from cattle ma-

nure in Turkey [25]. Yan et al. calculated the biogas production capacity from agricultural 

waste in China and explored the correlation between actual rural biogas output and its 

influencing factors [26]. In contrast, in SSA, relevant research exhibits clear limitations. 

Most studies focus on micro-level surveys of household adoption behavior or provide 

qualitative explanations at the macro level. Quantitative cross-country analyses based on 

national macro-level panel data combined with actual biogas production are relatively 

rare, and there is insufficient analysis of macro-level driving mechanisms and country-
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specific heterogeneity. Furthermore, existing research largely employs traditional linear 

statistical models for static analysis, without considering the nonlinear interactions among 

multiple factors. The research content has long remained at the level of estimating theo-

retical biogas potential and recoverable potential [13–15], failing to integrate realistic con-

ditions such as social, economic, and infrastructural factors to assess and predict achieva-

ble biogas potential. Research focusing on sub-Saharan African countries is particularly 

lacking. Given the reality of abundant biogas resources but low actual utilization rates in 

this region, existing studies have not been able to provide sufficient explanations through 

quantitative data analysis. Ihsan Pence et al. and Angelique Mukasine et al. both adopted 

static cross-validation without temporal testing, SHapley Additive exPlanations (SHAP) 

decomposition, or medium-to-long term extrapolation [27,28]. Although Zeydin Pala 

identified the generalization flaws of static validation, it only performed basic feature 

analysis and failed to construct temporal validation and extrapolation frameworks [29]. 

Therefore, this study integrates gradient boosting model with SHAP, adopts leave-one-

year-out (LOYO) cross-validation, and combines compound annual growth rate (CAGR) 

and ARIMA dual extrapolation models to establish an integrated analytical framework 

for biogas driving factors. 

This study focuses on sub-Saharan African countries. It employs machine learning 

models and SHAP to investigate the impacts of multidimensional indicators, including 

agricultural production, socioeconomic conditions, resources, and infrastructure, on ac-

tual biogas production. It aims to reveal the country-specific heterogeneity in the domi-

nant factors of actual biogas production across different sub-Saharan African nations and 

to forecast biogas production in the near term. The findings will provide quantifiable ev-

idence and scientific support for the differentiated formulation of biogas development 

strategies in sub-Saharan African countries. 

2. Materials and Methods 

2.1. Study Area and Data Sources 

This study selects ten sub-Saharan African countries: Burkina Faso, Cameroon, Ethi-

opia, Ghana, Kenya, Nigeria, Rwanda, Senegal, Tanzania, and Uganda. The sample has 

good regional representativeness and complete biogas data. These agricultural countries 

have abundant biogas feedstocks, with practice and experience on biogas projects. Cover-

ing East, West, and Central Africa with diverse populations and biogas development lev-

els, the sample eliminates regional sampling bias and guarantees reliable results. 

This study takes the annual actual biogas production of each country from 2007 to 

2023 as the dependent variable, with relevant data sourced from the statistical website of 

the International Renewable Energy Agency (IRENA). Relatively complete and continu-

ous panel data are publicly available for all selected research countries, which can provide 

solid data support for empirical analysis. Based on existing research findings and regional 

development characteristics, an explanatory variable system is constructed comprising 12 

indicators selected from three dimensions: agricultural production, socioeconomic condi-

tions, and resources and infrastructure. Biomass is the basic feedstock for biogas, and ag-

ricultural outputs reflect the regional raw material supply. Agricultural indicators include 

crop residues, livestock manure, and total agricultural output. Socioeconomic indicators 

are urbanization rate, per capita GDP, agricultural labor, and rural population: the first 

two reflect economic levels and farmers’ investment capacity, and the others represent 

energy demand and labor supply. Resource indicators include rural electricity, clean 

cooking, charcoal and firewood consumption. Firewood and charcoal use reflect rural re-

liance on traditional energy, and rural energy facilities directly restrict biogas populariza-
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tion. As household income, poverty, and energy infrastructure cannot be directly quanti-

fied across countries, we use per capita GDP and urbanization rate to proxy income and 

poverty, and rural clean cooking and electrification to reflect energy infrastructure. 

The original data for all indicators are sourced from publicly available data platforms, 

such as the Food and Agriculture Organization of the United Nations statistical database 

(FAOSTAT), the World Bank database, and the United States Department of Agriculture 

database (USDA). The units and sources of the data used in this study are presented in 

Table 1. 

Table 1. Units and sources of dependent variables and characteristic variables. 

Date Type Unit Source 

Total biogas production 1000 m3 IRENA [30–37] 

Crop residue quantity kt FAOSTAT [38] 

Livestock manure quantity kt FAOSTAT [38] 

Total crop output $1000, constant 2015 prices USDA [39] 

Total animal output $1000, constant 2015 prices USDA [39] 

Urbanization rate % World bank [40] 

GDP per capita constant 2015 international $ World bank [40] 

Total agricultural labor 1000 persons USDA [39] 

Rural population person World bank [40] 

Rural electricity access % of rural population World bank [40] 

Rural clean cooking access % of rural population World bank [40] 

Charcoal consumption  TJ FAOSTAT [38] 

Note: Since official data on crop residue and livestock manure volumes are unavailable, this study 

adopts six major African food and cash crops (maize, millet, rice, sorghum, potato, sweet potato, 

sugarcane) and six typical livestock species (cattle, sheep, goats, pigs, poultry, horses) for estimation. 

Calculations of crop residues refer to Table S1, Equations (S1) and (S2). Those for livestock manure 

are available in Table S2 and Equation (S3). Crop yield and livestock population data are retrieved 

from FAOSTAT. Crop residue types and residue-to-product ratios are from References [41,42], and 

daily livestock manure production is from Reference [43]. 

2.2. Data Preprocessing and Variable Screening 

To eliminate the interference of missing original data, dimensional differences, and 

multicollinearity on model accuracy and stability, this study performed preprocessing 

steps, including the removal of missing values, numerical feature standardization, and 

logarithmic transformation of the dependent variable. 

To avoid the impact of multicollinearity among independent variables on model sta-

bility, the Pearson correlation coefficient method was used for initial feature screening, 

with |r| ≥ 0.8 set as the criterion for high collinearity. For groups of variables with high 

collinearity, the indicator with a stronger correlation with the dependent variable (total 

biogas production) was retained, whereas redundant variables with weaker correlations 

were removed. 

To further validate the effectiveness of variable selection, the Variance Inflation Fac-

tor (VIF) was used for collinearity diagnosis. When VIF < 10, there is no significant multi-

collinearity among the variables, allowing them to be used for model training and analysis. 

2.3. Research Framework 

2.3.1. Machine Learning Models 

To comprehensively compare the biogas prediction performance of various algo-

rithms and enrich the model comparison framework, this study adopted tree-based en-

semble machine learning models as the core prediction approaches, with three groups of 

https://doi.org/10.3390/su18147365


Sustainability 2026, 18, 7365 5 of 21 
 

https://doi.org/10.3390/su18147365 

benchmark models incorporated to horizontally verify the predictive effectiveness and 

robustness of the core models. The core tree-based ensemble models consisted of Random 

Forest, Gradient Boosting Regression (GBR), Extreme Gradient Boosting (XGBoost), and 

Light Gradient Boosting Machine (LightGBM). Such models exhibit strong capacities for 

nonlinear fitting, feature interaction capture, and noise resistance, which fit the multidi-

mensional, nonlinear cross-country panel data characterized by intricate variable interac-

tions in this study and ensure favorable prediction accuracy. 

The benchmark models were categorized into three groups as follows: 

(1) Classical panel econometric benchmark models, including Pooled Ordinary Least 

Squares (Pooled OLS) and Fixed Effects (FE) regression; 

(2) Regularized linear models, including Ridge regression and Lasso regression; 

(3) Nonlinear machine learning benchmark models, including Support Vector Regres-

sion with Radial Basis Function kernel (SVR, RBF kernel) and K-Nearest Neighbors 

(KNN), to complete the comparison system. 

Since the study sample covers multiple countries and considering the significant in-

herent differences among countries in terms of resource endowment and economic devel-

opment foundation, this study employs one-hot encoding to account for country fixed 

effects. This approach removes the interference of country-specific differences within a 

unified modeling framework, thereby improving the model accuracy. The model uses 

five-fold cross-validation for training and evaluation to prevent overfitting and ensure the 

stability and comparability of results. All the models were implemented in Python 3.9.5 

with scikit-learn (v1.6.1), XGBoost (v2.1.4) and LightGBM (v4.6.0). 

2.3.2. Model Training and Hyperparameter Tuning 

To guarantee the reproducibility of the experiments, the dataset was randomly split 

into training and test sets at an 8:2 ratio with shuffling. A unified global random seed, 

SEED = 42, was used in this study. For all machine learning models, a 60-iteration random 

search algorithm combined with a shuffled 5-fold cross-validation was adopted for auto-

matic hyperparameter optimization. The maximum cross-validation R2 was used as the 

optimization objective to screen the optimal hyperparameter combination for each model. 

In terms of benchmark econometric models, Pooled OLS and FE regressions con-

tained no tunable hyperparameters and were fitted using ordinary least squares. The reg-

ularization coefficient α of the regularized linear models was searched over the log-scale 

range of 10−3 to 103. The hyperparameter search spaces for tree-based ensemble models 

were set as follows: for Random Forest, n_estimators was selected from {50,100,200}, and 

max_depth ranged from 3 to 5. Gradient Boosting, XGBoost and LightGBM shared iden-

tical basic search ranges: n_estimators ∈ {50,100,200}, learning rate between 0.05 and 0.2, 

and max_depth from 2 to 5. The subsample ratio with candidate values {0.6, 0.8} was only 

tuned for Gradient Boosting and XGBoost. The additional L1 and L2 regularization terms 

of XGBoost and LightGBM were tuned within the log interval of 10−2 to 10. For SVR, the 

penalty coefficient C was scanned logarithmically from 10−1 to 103, with multiple kernel 

parameter γ for joint optimization. The number of neighbors for KNN ranged from 3 to 

10, and two weighting schemes, uniform and distance, were compared simultaneously. 

2.3.3. Model Performance Evaluation 

To comprehensively and objectively compare the fitting accuracy and predictive per-

formance of the four machine learning models, several metrics are selected for evaluation: 

coefficient of determination (R2), root mean square error (RMSE), mean absolute error 

(MAE), and symmetric mean absolute percentage error (SMAPE). 
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The R2 value ranges between 0 and 1. The closer the value is to 1, the better the 

model’s fitting effect and the stronger its ability to explain data variability. RMSE and 

MAE can intuitively reflect the absolute deviation between the model’s predicted values 

and the actual observed values. The lower the indicator values, the higher the numerical 

fitting accuracy of the model. SMAPE eliminates the influence of unit and magnitude dif-

ferences in the data, objectively measuring the relative prediction error of the model. The 

lower the value, the stronger the model’s generalization performance. The relevant for-

mulas are shown in Equations (1)–(4). Models with no predictive value and unsatisfactory 

fitting accuracy are hierarchically eliminated based on the above indicators, while the 

model with optimal predictive performance is retained for temporal robustness testing. 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 (1) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)

2

𝑛

𝑖=1

 (2) 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑛

𝑖=1

 (3) 

𝑆𝑀𝐴𝑃𝐸 =
1

𝑛
∑

|𝑦𝑖 − 𝑦𝑖̂|

(|𝑦𝑖| + |𝑦𝑖̂|)/2

𝑛

𝑖=1

× 100% (4) 

where yi and 𝑦𝑖̂ are the observed and predicted values of the i-th observation, respec-

tively, 𝑦̅ is the mean of the observed values, and n is the total number of observations. 

2.3.4. Temporal Robustness Test 

This study adopted LOYO cross-validation to assess the temporal generalization of 

the optimal model selected by 5-fold cross-validation. The samples were grouped by ob-

servation year: in each iteration, one year’s observations served as an independent test set, 

and the rest for training. Full-year temporal validation yielded averaged fold metrics for 

evaluating the temporal prediction stability of the model. 

Owing to sharp fluctuations in the early data, a segmented analysis was conducted 

for 2012–2023 (a stable period) to evaluate the model performance under milder data dis-

tribution shifts. Significant annual shifts in biogas driving factors increase cross-year ex-

trapolation difficulty, and the 2012–2023 results better reflect the practical long-term pre-

dictive capacity of the model in real scenarios. 

2.4. Model Interpretability Analysis 

Machine learning models commonly suffer from a “black box” problem, where good 

model fit contrasts with poor interpretability of the specific mechanisms of each variable. 

Based on the optimal machine learning model, this study introduces the SHAP (v0.49.0) 

interpretability algorithm. Relying on the Shapley value principle from game theory, it 

comprehensively explains the non-linear effects, interactions, and country-specific differ-

ences in each characteristic variable on biogas production in SSA through global feature 

importance analysis, partial dependence plot analysis, and cross-country heterogeneity 

analysis, achieving visual interpretation of the model results. 
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2.5. Forecast Analysis of Future Production 

This study adopts the year-on-year geometric mean growth rate method, namely the 

CAGR approach, as the primary scheme to extrapolate all explanatory variables. We es-

tablished an ARIMA extrapolation method for comparison, with the same model order 

and constraints as the CAGR approach. The two sets of extrapolated variables were fed 

into the same gradient boosting model for comparison. Equations (S4) and (S5), and the 

corresponding constraints are detailed in the Supplementary Materials. 

Extrapolation rests on steady growth assumptions, yet socioeconomic indicators are 

disturbed by policies, economic shocks, and technological changes, yielding high predic-

tive uncertainty. Biased socioeconomic extrapolation introduces systematic errors that ac-

cumulate annually in long-term biogas projections. We generate 95% confidence intervals 

via 1000 residual bootstrap resamples to quantify forecast volatility. Full CAGR formulas, 

ARIMA specifications, and bootstrap procedures are available in Supplementary Mate-

rial. 

3. Results 

3.1. Multicollinearity Test and Variable Selection 

The Pearson correlation coefficient matrix in Figure 1 shows that some characteristic 

variables among the 12 initial indicators exhibit high linear correlations. Directly includ-

ing them in the model would cause multicollinearity issues, compromising model stabil-

ity. Based on the screening criterion of |r| ≥ 0.8, for groups of variables with high correla-

tion, redundant variables were removed. Ultimately, six variables were eliminated, and 

six core explanatory variables were retained: livestock manure quantity, total crop output, 

urbanization rate, rural clean cooking access rate, rural electricity access rate, and charcoal 

consumption. 

To test the validity of the screened variable set, a VIF test was further conducted. The 

results are shown in Table 2. The VIF values of each variable range between 4.06 and 8.45, 

all below the critical value of 10, indicating no significant multicollinearity among the se-

lected core explanatory variables. They are therefore suitable for model training. 

Table 2. Variance inflation factor test results of variables 

Variable VIF 

Rural electricity access 8.45 

Livestock manure quantity 7.59 

Urbanization rate 7.11 

Charcoal consumption 5.80 

Rural clean cooking access 5.72 

Total crop output 4.06 
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Figure 1. Pearson correlation coefficient matrix of characteristic variables. 

3.2. Optimal Model Selection 

3.2.1. Multi-Model Performance Comparison 

All candidate models in this work were optimized via RandomizedSearchCV with 

5-fold cross-validation to eliminate bias from default hyperparameters. The hyperpa-

rameter search ranges for each algorithm are listed in Table S3, and the optimal hy-

perparameter combination of each model was retained to calculate the prediction evalu-

ation indicators. 

This study compares the predictive performance of tree-based ensemble models, 

conventional panel models, regularized linear models, and typical machine learning al-

gorithms (KNN and SVR), with all evaluation metrics summarized in Table 3. Collec-

tively, tree-based ensemble algorithms yield higher prediction accuracy than all alterna-

tive modeling strategies, as shown in the density scatter plot in Figure 2. 
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Figure 2. Scatter density plot of biogas fitting for four tree-based machine learning models. 

Gradient Boosting model presents the optimal performance, with an average R2 of 

0.892 and the minimum log-RMSE and log-MAE among all candidate models. XGBoost 

and LightGBM show the second and third highest R2, respectively, whereas Random For-

est performs the worst within the tree ensemble group. Meanwhile, the Gradient Boosting 

model achieves an SMAPE of 1.21%, indicating an extremely low overall prediction error. 

Relying on layer-wise iterative fitting strategies, Gradient Boosting can identify complex 

nonlinear variable interactions, yielding superior fitting accuracy and generalization sta-

bility. 

In contrast, other model categories have conspicuous defects. Pooled OLS yields an 

R2 of 0.096, while the fixed-effects model produces a negative R2. Additionally, both mod-

els feature extremely large standard deviations, which demonstrate that linear panel mod-

els fail to capture the nonlinear characteristics of the dataset. Constrained by linear as-

sumptions, Ridge and Lasso regressions only achieve an average R2 of 0.6, with limited 

explanatory power for the dependent variable. The R2 values of KNN and SVR are both 

below 0.8, accompanied by higher log-RMSE and poor generalization stability, indicating 

inferior overall predictive performance compared with Gradient Boosting model. Specif-

ically, KNN relies on local samples for prediction and cannot effectively identify global 

https://doi.org/10.3390/su18147365


Sustainability 2026, 18, 7365 10 of 21 
 

https://doi.org/10.3390/su18147365 

data patterns, whereas SVR is highly sensitive to hyperparameter configurations and out-

liers, resulting in a much lower fitting ceiling. After a comprehensive comparison, Gradi-

ent Boosting model is selected as the optimal prediction model in this study. 

Table 3. Comparison of predictive performance for different models. 

Model Category Model R2 RMSE (log) MAE (log) 

Tree-based Ensem-

ble Models 

Gradient Boosting 0.892 ± 0.072 0.874 0.506 

LightGBM 0.824 ± 0.087 0.925 0.593 

XGBoost 0.884 ± 0.016 1.000 0.604 

Random Forest 0.765 ± 0.161 0.975 0.637 

Traditional Panel 

Models 

Pooled OLS 0.096 ± 1.054 1.390 0.984 

Fixed Effects Model −3.130 ± 5.087 1.163 0.901 

Regularized Linear 

Models 

Ridge 0.664 ± 0.071 1.266 0.911 

Lasso 0.654 ± 0.101 1.318 0.949 

Other Machine 

Learning Models 

SVR (RBF kernel) 0.765 ± 0.164 1.152 0.751 

KNN 0.790 ± 0.250 0.923 0.562 

3.2.2. Model Robustness Analysis 

The LOYO cross-validation method was adopted to test the robustness and stability 

of the Gradient Boosting time-series model. The validation results indicate that the global 

average LOYO R2 from 2007 to 2023 was −13.391, revealing poor overall robustness and 

generalization ability of the Gradient Boosting model. The negative R2 value was primar-

ily caused by time-series noise, abnormal driving factors, and inter-annual sample heter-

ogeneity in the early stage rather than model fitting failure. After eliminating disturbed 

data before the turning point, the segmented average LOYO R2 reached 0.738 during 2012–

2023, with a standard deviation of merely 0.324. This demonstrates that the Gradient 

Boosting model achieves favorable fitting accuracy with slight annual metric fluctuations 

and strong anti-interference performance in this period. In general, the Gradient Boosting 

model presents obvious temporal heterogeneity in robustness. Although it performs un-

stably in full-time-series modeling, it possesses satisfactory stability and reliability after 

2012, which can meet the requirements of subsequent time-series simulation and predic-

tive factor analysis. 

3.3. Analysis of Influencing Mechanisms Based on SHAP 

3.3.1. Global Feature Importance Analysis 

Interpretability analysis of the optimal Gradient Boosting model using SHAP was 

conducted to explore the influence intensity of each feature value on actual biogas pro-

duction. The results are shown in Figure 3. There were significant stepwise differences in 

the influence intensity of the six core variables on biogas production. Charcoal consump-

tion had the most significant impact on actual biogas production, with a mean absolute 

SHAP value of 1.018. Urbanization rate, total crop output, and rural electricity access ex-

erted the second-largest predictive impacts, with mean absolute SHAP values of 0.458, 

0.361, and 0.337, respectively. In contrast, livestock manure quantity and rural clean cook-

ing access had relatively weaker effects on actual biogas production, with limited contri-

butions. As visualized in the global SHAP dependence plots of Figure 4, charcoal con-

sumption, rural electricity access, livestock manure quantity, and rural clean cooking ac-

cess displayed identical low-range response patterns. Their SHAP values gradually in-

creased from negative to positive as feature values grew, implying a shift in marginal 

predictive correlation with biogas production. By comparison, urbanization rate and total 

crop output showed distinct threshold behavior: after reaching a certain critical level, 
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higher values corresponded to markedly negative SHAP values, indicating a negative 

marginal linkage with biogas output under high feature magnitudes. 

 

Figure 3. Global feature importance ranking for biogas production. 

  

Figure 4. SHAP beeswarm plot for global features of biogas production. 

3.3.2. Marginal Effect of Single Variable 

The SHAP dependence plots in Figure 5 explicitly characterize the marginal effect 

dynamics and critical threshold features of each explanatory core variable. 
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Figure 5. SHAP dependence plots for core influencing factors. 

Charcoal consumption exhibits obvious threshold segmentation characteristics. 

When its standardized value is less than zero, this factor persistently yields negative mar-

ginal predictive associations and corresponds to lower predicted biogas output. After ex-

ceeding the critical threshold, charcoal consumption maintains positive SHAP contribu-

tions and greatly increases the predicted biogas yield. 

The marginal predictive contribution of the urbanization rate shows a typical in-

verted U-shaped trend. At the preliminary urbanization stage, the rising proportion of the 

urban population continuously boosts positive SHAP values; after crossing the inflection 

point, its predictive contribution turns negative, and the magnitude of this negative mar-

ginal association becomes increasingly prominent. 

Rural electricity access rate presents a monotonically rising marginal effect. Low elec-

tricity coverage has obvious negative marginal predictive associations, whereas high cov-

erage yields persistent and stable positive predictive contributions. 

Standardized livestock manure exhibits mostly negative SHAP values below the zero 

threshold. After exceeding this threshold, its predictive contribution temporarily rises to 

positive, then declines back to negative as standardized values increase moderately, and 

rebounds positively again at high levels. 

Access to rural clean cooking exhibits negative marginal predictive associations at 

low levels and positive predictive contributions at high levels. Nevertheless, the overall 

intensity of the influence of this variable, whether negative or positive, remains relatively 

weak. 

3.3.3. Interactive Effects Between Variables 

The color gradients in the SHAP dependence plots (Figure 5) visually demonstrate 

the interactive relationships across different feature pairs. 

A positive buffering interaction exists between charcoal consumption and rural clean 

cooking access. Low charcoal consumption corresponds to negative SHAP values and 

lower biogas predictions. However, the popularization of clean cooking facilities can 
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weaken such negative marginal correlations. Areas with high charcoal consumption gen-

erally lack sufficient clean cooking infrastructure, which matches the intervals of maxi-

mum predicted biogas potential. 

For observations with high urbanization levels, higher total crop output corresponds 

to lower SHAP values. This finding reveals that high crop output coupled with excessive 

urbanization jointly generates combined downward marginal contributions to predicted 

biogas yields. The two variables exhibit a synergistic negative interaction within high-

value intervals. 

At low rural electricity access levels, samples with higher urbanization show stronger 

negative SHAP values, whereas highly urbanized samples produce substantial positive 

SHAP contributions when rural power coverage is elevated, indicating that complete ru-

ral electricity infrastructure serves as the key to counteracting the adverse impacts of ex-

cessive urbanization on biogas yield. 

Rural electricity access rate has a bidirectional positive moderating interaction with 

livestock manure. Improved rural electricity coverage can not only alleviate the negative 

effects caused by insufficient livestock manure supply, but also strengthen the positive 

predictive contributions from abundant livestock waste resources. 

A weak positive interaction was detected between rural clean cooking access and 

rural electricity access rate. 

3.3.4. Cross-Country Heterogeneity Analysis 

A cross-country feature importance analysis was conducted based on the prediction 

model constructed using actual biogas production data from ten sub-Saharan African 

countries. The results indicate significant cross-country heterogeneity in biogas produc-

tion patterns among the ten countries (Figure 6). 

 

Figure 6. Feature importance for biogas production in ten sub-Saharan African countries. 

Charcoal consumption was the dominant predictive determinant of actual biogas 

production in nine countries, except Rwanda, with mean absolute SHAP values ranging 

from 0.5 to 1.4 across these nations. It serves as the core predictor of biogas development 
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in most countries in this region, while the total crop output was the dominant factor shap-

ing biogas production in Rwanda. 

The influence intensity of each secondary factor presents prominent country-specific 

disparities. Urbanization rate functions as a secondary influencing factor in six countries: 

Ethiopia, Kenya, Uganda, Tanzania, Rwanda, and Nigeria. Total crop output constitutes 

a secondary predictive factor for biogas production in Burkina Faso and Cameroon, while 

rural electricity access exhibits comparable secondary predictive importance in Ghana 

and Senegal. Overall, rural clean cooking access rate and livestock manure quantity are 

low-to-moderate contributing variables in all surveyed countries, whose mean absolute 

SHAP values are generally less than 0.3, indicating their limited overall predictive power. 

Among all samples, livestock manure quantity ranks the lowest in feature importance for 

Uganda, Burkina Faso, Senegal, and Cameroon. For the remaining countries, rural clean 

cooking access rate exhibits the minimum feature importance, making it the weakest pre-

dictor to interpret variations in biogas output. 

3.4. Temporal Evolution and Forecast Analysis of Biogas Production 

Figure 7 shows the temporal evolution and annual growth rate changes in total bio-

gas production in the SSA region. From 2007 to 2010, the African biogas sector was in its 

initial development stage, with a low base but significant growth rate and rapid overall 

expansion. From 2011 to 2015, the growth rate of biogas production slowed down, but 

total production remained on a high-growth trajectory. After 2015, the growth rate de-

clined substantially and stabilized between 6% and 11%, indicating weakened growth mo-

mentum, with the first negative growth observed in 2023. The forecast results of the CAGR 

method indicate that after 2024, the total regional biogas production will gradually de-

crease, with the annual growth rate also turning from positive to negative, reaching 5.17 

× 107 m3 by 2030. According to IRENA statistics, the biogas production of the ten sub-

Saharan African countries in 2024 was 6.60 × 107 m3, showing a decline compared to 2023. 

The relative error between the model’s predicted biogas production for 2024 and the ac-

tual data was 0.28%, indicating the high reliability of the model’s predictions. In contrast, 

the forecasted biogas production for the future based on the ARIMA method was consist-

ently lower than that of the CAGR method (Figure S1). Specifically, in 2024, the biogas 

production predicted by the ARIMA method was about 6.42 × 107 m3, which is 3.01% lower 

than the CAGR prediction result and 2.74% lower than the actual data released by IRENA. 

By 2030, the ARIMA method predicts the total regional biogas production to drop to 4.58 

× 107 m3, which is 11.49% lower than the CAGR prediction result (5.17 × 107 m3), and the 

decline rate of the ARIMA prediction is significantly higher than that of the CAGR 

method. The 95% confidence interval width for the predictions was generally within a 

reasonable range, approximately 10% of the predicted value, suggesting controllable un-

certainty and good reliability of the results. 
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Figure 7. Historical total biogas production in SSA and CAGR-based GBR projections, 2024–2030. 

4. Discussion 

Global SHAP interpretability analysis showed that charcoal consumption was the 

primary predictive determinant of variations in biogas yield, with a mean absolute SHAP 

value of 1.018. The predictive attribution magnitude of the model’s predictions of biogas 

production was far greater than that of the other variables. SHAP dependence analysis 

indicated that low charcoal consumption was associated with lower predicted biogas pro-

duction, whereas high charcoal consumption was associated with higher predicted val-

ues. There was a significant and strong interaction effect between charcoal consumption 

and rural clean cooking access. Among regions with limited clean cooking coverage, low 

charcoal consumption is associated with smaller predicted biogas values. Most samples 

with medium and high charcoal consumption came from areas with low rural access to 

clean cooking, where charcoal consumption delivered its maximum positive marginal at-

tribution to biogas potential. Few observations simultaneously show high charcoal con-

sumption and widespread clean cooking access, which indicates two mutually exclusive 

pathways for rural energy development. Regions with low charcoal consumption and in-

adequate clean cooking facilities feature weak household energy demand and biogas 

adoption. In contrast, areas with heavy charcoal reliance and insufficient clean energy in-

frastructure form a strong demand for energy substitution, corresponding to a higher pre-

dicted biogas production potential. 

In addition to the core explanatory predictor, other variables also make heterogene-

ous marginal contributions to the model’s predictions of biogas production. Urbanization 

rate exhibited an inverted U-shaped functional association with predicted biogas produc-

tion. In the early stages of urban development, the predicted biogas production remains 

low. In Africa, residents in rural areas normally cannot afford a standard household bio-

gas system, with an upfront cost of $500–800, which is far higher than that of other clean 

cooking devices. Although household biogas is efficient and pays off within months, the 

full upfront cost of a biogas stove and digester totals six times the local households’ 

monthly income, compared with merely half a month’s income for a Liquefied Petroleum 

Gas (LPG) stove. This heavy upfront expense discourages households from adopting bio-

gas. Moderate urbanization corresponded to higher predictions, whereas excessively high 

urbanization corresponded to lower predictions. In moderate urbanization stages, this 

pattern may be accompanied by capital inflow, technology spillover, and upgrading of 
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energy services, which may favor biogas development, whereas excessive urbanization 

may be accompanied by labor shortages, limiting the routine maintenance of household 

biogas digesters [44]. SHAP analysis revealed an interaction effect between crop output 

and urbanization rate: higher crop output was consistently associated with lower pre-

dicted biogas production, possibly because, under urbanization pressure, more crop resi-

dues are diverted to livestock feeding and commercial processing, reducing the feedstock 

available for biogas fermentation. The SHAP results for rural electricity access show a 

nonlinear pattern: at the initial stage of electrification, the predicted biogas production is 

low, but after the access rate surpasses a certain activation threshold, the predicted pro-

duction rises with increasing access, suggesting a possible complementary predictive re-

lationship between improved electricity infrastructure and biogas development. Live-

stock manure showed relatively low SHAP predictive importance for biogas production, 

consistent with the documented inefficiencies in manure collection, storage, and transpor-

tation in the SSA region [45]. Rural access to clean cooking energy had the lowest SHAP 

importance across all explanatory variables. Notably, SHAP interaction effects revealed 

that the predictive contribution of livestock manure to biogas production increased along-

side higher rural electricity access, implying that improved power infrastructure can 

strengthen the predictive relevance of manure within the model. Meanwhile, the interac-

tive patterns of rural electricity access and urbanization rate illustrate that insufficient 

power supply amplifies the negative statistical correlation linking high urbanization to 

biogas output. For the interaction between rural clean cooking access and rural electricity 

access, most information embedded in the clean cooking variable overlaps with that con-

veyed by the electricity coverage indicator. 

In summary, the SHAP analysis indicated that crop yields and livestock manure had 

low predictive importance in the model, suggesting that, based on the statistical patterns 

of this model alone, feedstock availability was not the core factor constraining biogas out-

put. The model-derived associations indicate two possible restrictive mechanisms. First, 

inadequate supporting infrastructure for biomass utilization may prevent feedstocks from 

being fully converted into practical biogas production capacity. Second, the association 

patterns of high urbanization with lower predicted biogas production could be explained 

by labor shortages, insufficient digester maintenance, and inter-fuel competition. Com-

bined with the declining predictive contribution of charcoal consumption, these associa-

tions imply that weakening energy substitution demand and intensifying clean energy 

competition may impede the large-scale expansion of the biogas industry. 

Affected by the above constraints, the overall development quality of the biogas in-

dustry in sub-Saharan Africa is unsatisfactory, and the industry exhibits prominent insta-

bility. From 2007 to 2023, driven by local biogas projects and international aid, biogas out-

put in sub-Saharan Africa achieved rapid growth in the initial stage, followed by a slow-

down. Although the total installed capacity of biogas digesters has continued to rise, 

many early built facilities have been abandoned, resulting in poor long-term operational 

stability of the industry. The abandonment rate of biogas digesters in Kenya, Tanzania, 

and Uganda has reached 27% [46]. All explanatory variables in this model were forecasted 

via historical time series extrapolation, resting on the strict assumption of stable long-term 

trends. Biogas industry development is vulnerable to sudden energy policy adjustments, 

regional economic slumps, and affordable clean energy innovations, any of which may 

alter historical growth patterns. Model predictions based on all predictive drivers indicate 

that the growth rate of regional biogas output will approach zero, with the total output 

on a declining trend and rising risks of industry shrinkage. It is estimated that biogas out-

put in 2030 will decrease by approximately 16.8 million cubic meters compared with 2022, 

a volume sufficient to meet the daily cooking gas demand of 30,000 five-person house-

holds [47]. Extrapolation brings notable uncertainty to predictions: future biogas subsidies 
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or economic downturns cutting household investment in digesters could create large gaps 

between the real 2030 biogas output and our baseline forecast. Random shifts in policies 

and macroeconomics are the main causes of prediction errors, which may reduce or 

worsen the projected industrial decline risks. Constrained by overlapping adverse factors, 

the regional biogas industry suffers from insufficient growth momentum and continuous 

scale contraction, calling for targeted policy guidance and support. 

Given the differences in the leading predictors of biogas production across countries, 

each nation should accurately identify its own development pain points and formulate 

targeted development strategies. For the nine countries dominated by charcoal consump-

tion, including Ethiopia, Kenya, and Tanzania, governments should scale up biogas facil-

ities to meet energy substitution demands and advance a steady energy transition to offset 

the adverse impacts of shrinking charcoal consumption on the biogas sector. Total crop 

output was the leading predictor in Rwanda. The country should optimize the allocation 

of crop straw resources, mitigate conflicts over competing biomass resources, and increase 

the conversion efficiency of crop straw into biogas. Urbanization served as a secondary 

driving factor in most countries studied. The biogas industry can take advantage of the 

capital and technological dividends brought about by urbanization to advance industrial 

standardization and large-scale deployment. Meanwhile, policymakers need to tackle 

challenges such as labor outflow and inadequate operation and maintenance of biogas 

facilities, stemming from excessive urban sprawl. For countries where rural electricity ac-

cess is a secondary predictor, improving the supporting power infrastructure in rural ar-

eas can effectively expand biogas production capacity. Furthermore, empirical evidence 

reveals that the overall clean energy market landscape across the region hinders biogas 

industry upgrading. Rural clean cooking penetration ranks the lowest in predictive im-

portance for biogas output in the six sampled countries (Ethiopia, Kenya, Tanzania, 

Rwanda, Ghana, and Nigeria), indicating that biogas faces competitive disadvantages 

within the local clean energy mix. These countries must strengthen the competitiveness of 

their biogas industries to prevent further erosion of market share by alternative energy 

sources, such as LPG. In the remaining countries, livestock manure had the weakest pre-

dictive importance; authorities should enhance manure collection systems to facilitate its 

conversion into biogas energy. However, the above policy implications rely on ten re-

gional countries and model assumptions, with limited generalizability. Moving forward, 

each country can adopt differentiated policy portfolios tailored to its dominant predictors 

to break through industrial constraints, fully unlock local biomass resource potential, al-

leviate rural energy poverty, and advance the achievement of the United Nations Sustain-

able Development Goal 7. This study constructs a differentiated framework for biogas 

development. That is consistent with recent African energy research. Existing studies op-

pose uniform, one-size-fits-all policies. Instead, they recommend targeted strategies tai-

lored to countries that depend on charcoal, crop waste, or limited livestock resources. Pre-

vious studies have overly relied on short-term donor aid and subsidies. Mutahi and 

Roopnarain et al. suggested boosting biogas dissemination via technical training and out-

reach [15,48], while Getaneh et al. argued that raising household income can also facilitate 

biogas adoption [49]. We extend targeted policy recommendations for country groups 

with distinct resource and energy usage characteristics, covering charcoal-dependent 

economies, crop-dominant countries, and regions with low penetration of clean rural 

cooking fuels. 

This study had several limitations. First, the research only covers 10 countries in sub-

Saharan Africa, and missing statistical data further reduce the generalizability of the con-

clusions. Second, due to the difficulty of quantifying core institutional and economic fac-

tors such as subsidies, financing access, institutional quality, and energy prices, the vari-

able system used in this study is somewhat limited. In addition, unpredictable policy 
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changes across countries may cause deviations in biogas output forecasts. Third, the 

SHAP analysis can only identify correlations between variables, rather than rigorous 

causal relationships. Fourth, the Gradient Boosting model exhibits prominent temporal 

heterogeneity. Temporal robustness tests reveal weakened predictive stability across 

2007–2023; reliable forecasts are confined to the steady 2012–2023 subperiod. The model 

generates credible temporal predictions only for later steady periods and fails to maintain 

consistent performance over the full temporal span. 

Future research can be expanded in four aspects. First, we should expand the sample 

of cross-country studies and conduct an in-depth analysis of regional heterogeneity. Sec-

ond, quantitative subsidies, financing, and institutional and infrastructure indicators 

should be introduced to distinguish the differential impacts of resource endowments and 

multi-dimensional policy interventions on the biogas industry and improve the rational-

ity of variable selection. Third, micro-survey data should be combined to conduct case 

studies on typical countries to deepen the understanding of the driving mechanisms of 

the biogas industry. Fourth, time-series modeling frameworks can be optimized to miti-

gate performance fluctuations caused by annual data distribution shifts and expand the 

time range for stable predictions. 

5. Conclusions 

This study applied Gradient Boosting and SHAP analysis to a 2007–2023 panel da-

taset of ten sub-Saharan African countries to quantitatively examine the predictive deter-

minants, cross-country heterogeneity, and near-term trends of actual biogas production. 

We demonstrated that charcoal consumption, rather than biomass resource endowments, 

is the dominant predictor of biogas production, with its association following a threshold-

dependent functional pattern that coincides with the dynamics of rural energy substitu-

tion. We further showed that the constraints on biogas development in the region arise 

primarily from inadequate biomass supply chains, weak infrastructure, rural labor out-

flow, and clean energy competition, rather than from raw material scarcity. 

The empirical findings have direct implications for energy policy in sub-Saharan Af-

rica. The pronounced cross-country heterogeneity in predictive association patterns 

points to the inadequacy of uniform regional strategies and calls for country-specific in-

terventions aligned with each nation’s top predictive variables. Countries where charcoal 

consumption is the primary predictive determinant should link biogas expansion to en-

ergy substitution demand. Those featuring crop output as the primary predictor should 

prioritize residue allocation efficiency. Four directions merit further investigation: opti-

mizing the time-series framework to broaden its reliable temporal scope, expanding the 

country sample to improve external validity, incorporating quantitative policy indicators 

to disentangle the effects of resource endowments and institutional interventions, and in-

tegrating micro-level survey data to advance mechanistic analysis of household-level dy-

namics governing biogas adoption and abandonment. 
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