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a FEAT by E FI IT

µ F ctE by i Et SI

no te one canshowVar If 4
2n

but Vain becomesnot necessarily smallerthelarger u

accordingto our model theri's are normallyand independently distributed

need tocheck if thisholds for ourdata
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testassumptionofindependencei
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Homework
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4 Backtracking
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test howreliable estimate was
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