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Linear Regression 96.95 148.78 0.596
(£ 12.87) (+28.08) (+0.085)

Decision Tree 49.64 120.90 0.704
(£ 12.94) (£31.82) (£0.177)

Random Forest 42.42 88.66 0.848
(£ 8.28) (+23.06) (£0.081)
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