and Y in simple.tpl. In that example, we could have found an analytical expression for
the marginal distribution of (X, Y ), because only normal distributions were involved. For
other distributions, such as the binomial, no simple expression for the marginal distribution
exists, and hence we must rely on admb to do the integration. In fact, the core of what
admb-re does for you is automatically calculate the marginal likelihood during its effort to
estimate the hyper-parameters.
The integration technique used by admb-re is the so-called Laplace approximation [12].
Somewhat simplified, the algorithm involves iterating between the following two steps:
1. The “penalized likelihood” step: maximizing the likelihood with respect to the random
effects, while holding the value of the hyper-parameters fixed. In simple.tpl, this
means doing the maximization w.r.t. x only.
2. Updating the value of the hyper-parameters, using the estimates of the random effects
obtained in item 1.
The reason for calling the objective function in step 1, a penalized likelihood, is that the
prior on the random effects acts as a penalty function.
We can now return to the role of the initial values specified for the random effects in
the .pin file. Each time step 1 above is performed, these values are used—unless you
use the command line option -noinit, in which case the previous optimum is used as the
starting value.
Empirical Bayes is commonly used to refer to Bayesian estimates of the random effects,
with the hyper-parameters fixed at their maximum likelihood estimates. admb-re uses
maximum aposteriori Bayesian estimates, as evaluated in step 1 above. Posterior expectation
is a more commonly used as Bayesian estimator, but it requires additional calculations, and
is currently not implemented in admb-re. For more details, see [12].
The classical criticism of empirical Bayes is that the uncertainty about the hyper-parameters
is ignored, and hence that the total uncertainty about the random effects is underestimated.
admb-re does, however, take this into account and uses the following formula:
−1
 0
 2
∂u
∂u
∂ log p(u |, data; θ)
+
cov(θ)
(3.1)
cov(u) = −
∂u∂u0
∂θ
∂θ
where u is the vector of random effect, θ is the vector of hyper-parameters, and ∂u/∂θ is
the sensitivity of the penalized likelihood estimator on the value of θ. The first term on the
r.h.s. is the ordinary Fisher information based variance of u, while the second term accounts
for the uncertainty in θ.

3.8

Building a random effects model that works

In all nonlinear parameter estimation problems, there are two possible explanations when
your program does not produce meaningful results:
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