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#1299 fFoleE o F A3
Model Train Test
RMSE (C) R? RMSE () R?
Linear Regression 2.1505 0.782 2.2088 0. 815
K-Nearest Neighbors 1.9474 0. 821 2.3338 0.794
Gradient Boosting 1. 8438 0.840 2.0651 0.839
TPOT 1.9843 0.814 2.0658 0.838
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