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Let P = {P (·|θ̃)}θ̃∈Θ be a parametric family of distributions, with corresponding pdfs/pmfs

{f(·|θ̃)}θ̃∈Θ. Suppose that we have a random sample X1, ..., Xn from a distribution that is a

member of that family, say P (·|θ̃(0)), with pdf/pmf f(·|θ̃(0)). Let `(θ̃) be the log-likelihood

as a function of the parameter θ̃ = (θ1,. . . θp)
T (the true parameter is θ̃(0) = (θ

(0)
1 ,. . . θ

(0)
p )T ).

Fisher Information Matrix

The Fisher information matrix is defined as:
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Notice that since {Xi}n
i=1 are iid, we have that I(θ̃(0)) = nF (θ̃(0)), where Fij(θ̃

(0)) =
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}
, for any k ∈ {1, ...n}.

A useful relationship

It can be shown that:
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Asymptotic Normality of the MLE

Suppose that ϑ̃n is the maximum likelihood estimator of θ̃(0) based on a random sample
{Xi}n

i=1. Then,
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Estimating Fisher Information

As before, suppose that ϑ̃ is the maximum likelihood estimator of θ̃(0) based on a random
sample {Xi}n

i=1. An estimate of F (θ̃(0)) is given by1:
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1Obviously, nF̂ (θ̃(0)) = Î(θ̃(0))
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