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Normal distributions
Mean = 0
Standard deviations = 1

[0.97, 03, 0.83, 0.77, 0.63, 0.57]
[1.85, -129, -0.97, -0.73, -0.53, -0.34, -0.17]

[0.56, 0.62, 0.68, 0.73, 0.85, 0.91, 0.87] (Probability)

[0.15, 0.3, 045, 0.62, 0.81, 1.04, 1.34, 1.85] (Z-score)
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