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Ximin= np.min(data L+,03)
Ximax = np.max(data L:,01)
X min= np.min(datar:,11)
X2wPx= np.max(datar:,13)

%= np. (nspace(ximmn, ximax, 50)

X2= np. [mspace (xeann, xomax, $0)

XXI, X¥2 = np. mesignd (%, X2)

Xprediction = np. hstaek | (xx1.feshapec-L.0, xc.feshape . 1)

from skigam. lmear_model Tmport LinearRegression
prediction =np. zeros(Clom (xaflattenc ) , K-1))
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