Maximum likelihood
estimation
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Recap: ways of fitting linear regression models

Y = Bo+ B1Xi1 + PoXin + -+ BuXin+ e & 2 N(0,02)

We observe data (X1, Y1), (X2, Y2), ..., (Xn, Y,), where
X;=(1,X;1,...,X;x)’. Wewant to estimate
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Summary: three ways of fitting linear regression
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Minimize SSE, via derivatives of -
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Which of these three methods, if any, is appropriate for fitting a
logistic regression model? Do any changes need to be made for
the logistic regression setting?
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Step back: likelihoods and estimation

Let Y ~ Bernoulli(p) be a Bernoulli random variable, with
p € |0, 1]. We observe 5 independent samples from this
distribution:

Yi=1,Y,=1,Y;3=0,Y,=0,Y;=1

The true value of p is unknown, so two friends propose
different guesses for the value of p: 0.3 and 0.7. Which do you
think is a "better" guess?
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Definition: Let Y = (Y73, ..., Y, ) be asample of n observations,
and let f(y|6) denote the joint pdf or pmf of Y, with parameter(s)
6. The likelihood functionis ool Iy 4 b
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Example: Bernoulli data
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Example: Bernoulli data
Yi,...,Y; e Bernoulli(p), with observed data
Yi=1,Y,=1,Y3=0,Y,=0,Y5 =1

L(plY) = p*(1 — p)’
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Maximum likelihood estimator

Definition: Let Y = (Y73, ..., Y, ) be asample of n observations.
The maximum likelihood estimator (MLE) is

§ = argmax, L(0]Y)
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Example: Uni form(0, 0)
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