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« Some properties of the Pearson’s X? statistic:

» X? typically close in size to the deviance. Why?
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. ! oy TF™ Deviance residuals:
» We can define Pearson residuals under model S as: deﬁmdﬁ,om*,,,&,,3;47
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> So, Pearson’s X? is analogous to the residual
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Approach 1: proportion of deviance explained

&

0z;=2,
I DS Q 1 Q I DS * DS LE@check_f{:sw
amﬁ& null _ null * 1 -~ . n ==
Dy Dy Do Do —*:-—m ~R*in LM
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N = Generalization to binomial case: gy g5, £ = 'ﬁ:("i) pic - p fi=dir
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» For sparse data (i.e., n; is small), it is quite common to ,_,é
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