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Theory / Method / Workflow

This study develops a comprehensive machine learning (ML) framework to accurately predict
geothermal potential in sedimentary basins. Using data from 301 wells in Alberta's Lower
Cambrian sandstone, six advanced algorithms—SVR, DT, RF, GBDT, XGBoost, and LightGBM—
were systematically benchmarked to predict Total Heat Capacity from integrated geological and
engineering parameters (Fig.1). A rigorous protocol including a blind test set ensured robust
evaluation. The optimal model was then interpreted using SHAP analysis to quantify and rank the
influence of input features.

Results, Observations, Conclusions

The systematic comparison of six machine learning algorithms revealed a clear performance
hierarchy. Among all models, XGBoost emerged as the optimal predictive engine for this
geothermal regression task, delivering superior and robust performance. On the hold-out test set,
it achieved a coefficient of determination (R?) of 0.88 and a root mean square error (RMSE) of
0.12. Critically, this high level of accuracy was confirmed on a completely independent blind
dataset, where the model maintained an R? of 0.86 and a mean absolute percentage error (MAPE)
of less than 8% (Fig.2). This demonstrates exceptional generalization capability, confirming the
model learned the underlying physical relationships rather than memorizing training data. The
other ensemble methods (Random Forest and GBDT) also showed strong results, while simpler
models like Decision Tree and SVR exhibited significantly lower predictive power for this complex,
non-linear problem.

Beyond prediction accuracy, the application of SHAP (SHapley Additive exPlanations)
interpretability analysis provided transformative insights into the model's decision-making
process. The analysis quantitatively deconstructed the influence of all input features, identifying
a dominant control triad: Extraction Depth, Reservoir Temperature, and Effective Geothermal
Reservoir Thickness (Fig.3). These three parameters collectively accounted for over 75% of the
feature importance, establishing their paramount role in controlling geothermal productivity in this
setting. SHAP dependency plots further elucidated the specific nature of these relationships,
revealing a strong positive monotonic relationship for depth and temperature, and a non-linear,
"diminishing returns" effect for reservoir thickness beyond approximately 120 meters.
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In conclusion, this study demonstrates that a carefully constructed ML workflow, combining
rigorous algorithm benchmarking with advanced interpretability techniques, can serve as a
powerful tool for sedimentary geothermal assessment. The final model provides not only a high-
fidelity predictive tool for Total Heat Capacity but also delivers quantifiable, actionable geological
intelligence. The identified key controls and their functional relationships offer a direct scientific
basis for prioritizing data acquisition, defining economic cut-offs, and de-risking exploration
strategies in analogous plays.

Novel/Additive Information

This work moves beyond conventional ML application by integrating rigorous multi-algorithm
benchmarking with advanced model interpretability (SHAP) for geothermal prediction. It delivers
a validated, end-to-end workflow that not only identifies the optimal predictive model (XGBoost)
but also quantitatively deconstructs the "black box" to rank and elucidate the key subsurface
controls. This framework provides a practical tool for rapid, insight-driven sweet-spot identification
and risk reduction in sedimentary geothermal plays.
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Fig. 1—Geological information in the studied region. The base map represents (a)Total Heat Capacity; (b) Effective
thickness; (c) Temperature; (d) Depth; (e) Porosity; (f) Utilization Factor. The inner plot shows the location of the
studied region in Canada.
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Comparison of Machine Learning Algorithm Performance
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Fig. 2—Scatter Plot Comparison of Predicted vs. Actual Values for Each Algorithm
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Fig. 3—Global Feature Importance Bar Chart Based on SHAP Values




