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where γt =
¡
ξt,η

>
t

¢>
denotes the model parameters and gt (ηt, exit, eyit) some

functions of (ηt, exit, eyit). For example, if yit and xit are all continuous,
we can set gt (ηt, exit, eyit) = η>xtexit + η>yteyit with ηt = ¡

η>xt,η
>
yt

¢>
. More

complex forms of gt (ηt, exit, eyit) as well as cases with other types of yit and
xit, such as binary, are similarly considered. Under MMDP, we have (see
exercise):
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pis (γs) , (4.88)

2 ≤ t ≤ m, 1 ≤ i ≤ n

where γ =
¡
γ>1 , . . . ,γ

>
m

¢>
. Thus, we can estimate πit from pit in (4.87)

using the above relationship.
Note that when modeled by (4.87) and (4.88), πit in theory ranges be-

tween 0 and 1. However, xit can be assumed to be bounded and the
requirement πit ≥ c > 0 is satisfied for all practical purposes. Note also
that when πit is estimated by (4.88), the asymptotic variance in (4.83) or
(4.85) is likely to underestimate the variability of bβ. Unlike the parameter
vector α in Gi, the variability of bγ cannot be ignored even for √n-consistent
estimate. If bγ is obtained from GEE or maximum likelihood method, we
can readily find the asymptotic variance of bβ obtained from (4.82) with γ
substituted by bγ.

Let bγ be the solution to the equation: un (γ) =Pn
i=1 uni (γ) = 0, where

uni is the score (for maximum likelihood estimation) or score-like vector
(for GEE estimation) for the ith subject (1 ≤ i ≤ n). As in the proof of
Theorem 1 of Section 4.3.2, let un and wn denote the normalized versions
of un and wn in (4.82), that is,
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Then, by a Taylor series expansion, we have
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