Had we used a non-linear transformation, we would have gotten an x with a non-Gaussian
distribution. The way we obtain correlated random effects is also transformation based.
However, as we shall see in Chapter 4, transformation may “break” the separability of the
model, so there are limitations as to what transformations can do for you.

3.3

Correlated random effects

In some situations, you will need correlated random effects, and as part of your problem,
you may want to estimate the elements of the covariance matrix. A typical example is
mixed regression, where the intercept random effect (ui ) is correlated with the slope random
effect (vi ):
yij = (a + ui ) + (b + vi ) xij + εij .
(If you are not familiar with the notation, please consult an introductory book on mixed
regression, such [9].) In this case, we can define the correlation matrix


1 ρ
C=
,
ρ 1
and we want to estimate ρ along with the variances of ui and vi . Here, it is trivial to ensure
that C is positive-definite, by requiring −1 < ρ < 1, but in higher dimensions, this issue
requires more careful consideration.
To ensure that C is positive-definite, you can parameterize the problem in terms of
the Cholesky factor L, i.e., C = LL0 , where L is a lower diagonal matrix with positive
diagonal elements. There are q(q − 1)/2) free parameters (the non-zero elements of L) to be
estimated, where q is the dimension of C. Since C is a correlation matrix, we must ensure
that its diagonal elements are unity. An example with q = 4 is
PARAMETER_SECTION
matrix L(1,4,1,4)
init_vector a(1,6)
init_bounded_vector B(1,4,0,10)

// Cholesky factor
// Free parameters in C
// Standard deviations

PROCEDURE_SECTION
k=1

int k=0;
L(1,1) = 1.0;
for(i=2;i<=4;i++)
{
L(i,i) = 1.0;
for(j=1;j<=i-1;j++)
L(i,j) = a(k++);
L(i)(1,i) /= norm(L(i)(1,i)); // Ensures that C(i,i) = 1
}
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