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1 month 2 months 6 months 1 year
RMSE R? RMSE R? RMSE R? RMSE R?
SARIMA 6.065 -15.48  6.066 -14.33  6.008 -22.61 6.083 -26.79
SVR 3.222 0.9215 3.800 0.8698 4.208 0.8459 4.545 0.8554
GPR 4.330 0.9049 4.565 0.8940 4.331 0.8933 4.373 0.8857
LSTM (layer = 150) 3.130 0.3518 3.076 0.2719 3.076 0.0765 3.007 0.1520
LSTM (layer = 300) 3.036 0.9398 2.973 0.9586  2.960 0.9565 2.936 0.9645
Po-GPR 4.380 0.9060 4.589 0.8963 4.337 0.8960 4.412 0.8845
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