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More Least Squares




Last lecture: Least Squares
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Last lecture: Least Squares
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Demo: fitting Facebook stock data to a line
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[51: al = (fb_stock_data[:,0]).reshape([number_of_data_points,1])

a2 = np.ones([number_of_data_points,1])

A = np.hstack((al,a2))
b = (fb_stock_data[:,1]).reshape([number_of_data_points,1])

x = least_squares(A,b)
m = x[0]
¢ = x[1]

[7]: y_new = m*(fb_stock_data[:,0]) + c

[8]: plt.plot(fb_stock_data[:,0], fb_stock_data[:,1], 'g"')
plt.plot(fb_stock_data[:,0], y_new, 'r', linewidth=2.0)
plt.show()
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Let's go back fo least squaves for Avilakration:
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