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Rice production in West Africa is highly influenced by environmental factors and climate variability. This study evaluates the performance of 13 machine learning (ML) models in predicting rice yield variability across three rice-growing environments: Irrigated Lowlands (IL), Rainfed Lowlands (RL), and Rainfed Uplands (RU). The results indicate that traditional linear models (Linear Regression, LASSO, and Elastic Net) underperform, while ensemble models such as XGBoost, Gradient Boosting Regressor (GBR), Random Forest Regressor (RFR), and HistGradientBoostingRegressor (HGBR) provide more accurate predictions. A stacked ensemble model, integrating these top-performing models, further enhances accuracy. The study identifies key factors influencing rice yield, including nitrogen and phosphorus fertilizer inputs, soil water-holding capacity, and climatic variables like temperature and rainfall. Climate change projections suggest a significant decline in rice yields by 2100, particularly in rainfed environments. These findings highlight the need for climate-resilient rice production strategies and data-driven policy interventions.
Introduction: 
Rice is a staple food for millions in West Africa, yet its production is vulnerable to climate variability and environmental constraints. Accurately predicting rice yield is essential for ensuring food security and guiding agricultural policies. Machine learning (ML) offers a promising approach to analyzing yield variability and forecasting climate change impacts. This study applies ML models to identify key yield determinants and assess future yield trends under changing climate conditions.
Objectives :
· Evaluate the performance of ML models in predicting rice yield across diverse rice-growing environments.
· Identify the key environmental and agronomic factors influencing rice yield variability.
· Assess the projected impacts of climate change on rice production in West Africa by 2100.
Methodology : Rice yield data from IL, RL, and RU environments across West Africa were used. Thirteen ML models, including linear regression (LR, LASSO, Elastic Net), support vector regression (SVR), decision trees (CART), k-nearest neighbors (KNN), multilayer perceptron (MLP), and adaptive boosting (ABR), were trained and tested. A stacking ensemble model was developed using the four best-performing models. Model performance was evaluated using root mean square error (RMSE) and R². Feature importance analysis identified key yield drivers. Climate change impacts were assessed based on projections of temperature and precipitation changes under different climate scenarios.
Findings: The ensemble model demonstrated high accuracy for rice yield prediction, with R² values of 0.91 in irrigated lowlands during the dry season, 0.86 in the rainy season, 0.91 in rainfed lowlands, and 0.80 in rainfed uplands. The primary determinants of rice yield were nitrogen (N), phosphorus (P), and potassium (K) fertilizer inputs. Soils, climate, and management practices explained rice yield variability, with contributions varying across systems.
These results emphasize the importance of management practices, especially in irrigated systems. Climate conditions had a stronger impact on yield variability in rainfed environments, underscoring the need for climate-resilient agricultural practices.
Significance of the work for policy and practice: This study demonstrates the potential of machine learning and big data in predicting crop yields and assessing climate change impacts. The findings provide critical insights for developing data-driven policies and climate-adaptive strategies to ensure sustainable rice production in West Africa.


	
