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gllamm model

log likelihood = -655.68101

y Coef. Std. Err. z P>|z| [95% Conf. Interval]

lbas .8849558 .1314142 6.73 0.000 .6273888 1.142523
treat -.9295086 .3928139 -2.37 0.018 -1.69941 -.1596075

lbas_trt .3384994 .1974394 1.71 0.086 -.0484747 .7254735
lage .4767799 .3536353 1.35 0.178 -.2163326 1.169892
visit -.2664214 .1646942 -1.62 0.106 -.5892161 .0563734
_cons 2.100037 .2147934 9.78 0.000 1.67905 2.521025

Variances and covariances of random effects

***level 2 (subj)

var(1): .25162631 (.05813468)
cov(1,2): .00289385 (.08872316) cor(1,2): .0079133

var(2): .5314739 (.22938506)

The standard deviations are
√

0.25162631 = 0.50 for the random intercept and√
0.5314739 = 0.73 for the random slope, respectively. The delta method was used to

obtain the standard errors. As shown in Table 1, the parameter estimates agree closely
with those of Breslow and Clayton. For comparison, using non-adaptive quadrature
with 8 points per dimension (not shown) produces baseline and treatment parameter
estimates of 1.04 and −0.85, whereas 20 points per dimension gives 0.90 and −1.21,
respectively.

4.2 Logistic regression example

Rodriguez and Goldman (1995) simulated data to produce the same structure as data
from the 1987 Guatemalan National Survey of Maternal and Child Health. The outcome
of interest, whether the women received prenatal care, was simulated for 2,449 births
(level 1) by 1,558 women (level 2) from 161 communities (level 3). A logistic regression
model with one covariate at each level and random intercepts at levels 2 and 3 was used

ηijk = β0 + β1x1ijk + β2x2jk + β3x3k + u
(2)
jk + u

(3)
k

where i indexes the births, j the mothers, and k the communities.

The first of the simulated datasets (available from
http://www.blackwellpublishers.co.uk/rss/Readmefiles/goldman.htm)
has been analyzed by Browne and Draper (2002) using MQL-1, PQL-2, and MCMC with
a diffuse prior. Their parameter estimates are given in Table 2 where it is clear that
the PQL-2 parameter estimates are better than the MQL-1 estimates, as expected, but
both methods underestimate the variances considerably.
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Table 2: Parameter estimates for data simulated by Rodriguez and Goldman (1995)

True MQL-1 PQL-2 MCMC GQ AGQ

(10 points) (5 points)

β0 0.65 0.491 (0.149) 0.641 (0.186) 0.675 (0.209) 0.688 (0.207) 0.673 (0.202)
β1 1.0 0.791 (0.172) 0.993 (0.201) 1.050 (0.225) 1.042 (0.221) 1.047 (0.221)
β2 1.0 0.631 (0.081) 0.795 (0.099) 0.843 (0.115) 0.834 (0.112) 0.839 (0.112)
β3 1.0 0.806 (0.189) 1.06 (0.237) 1.124 (0.268) 1.127 (0.260) 1.120 (0.260)
σ2

2 1.0 0.000 (-) 0.486 (0.145) 0.921 (0.331) 0.886 (0.288) 0.881 (0.286)
σ2

3 1.0 0.546 (0.102) 0.883 (0.159) 1.043 (0.217) 0.974 (0.197) 0.990 (0.203)

We can fit the three-level random intercept model in gllamm by specifying the level
2 and 3 clustering variables, mother and comm in the i() option and the logit link and
binomial family in the link() and family() options, respectively. We will first use
10-point quadrature per dimension:

. gllamm care x1 x2 x3, i(mother comm) link(logit) family(binom) nip(10)

number of level 1 units = 2449
number of level 2 units = 1558
number of level 3 units = 161

Condition Number = 4.1067459

gllamm model

log likelihood = -1414.064

care Coef. Std. Err. z P>|z| [95% Conf. Interval]

x1 1.042056 .221363 4.71 0.000 .6081927 1.47592
x2 .8335885 .1122263 7.43 0.000 .613629 1.053548
x3 1.127113 .2596609 4.34 0.000 .6181868 1.636039

_cons .6881888 .2067724 3.33 0.001 .2829223 1.093455

Variances and covariances of random effects

***level 2 (mother)

var(1): .88572327 (.28812319)

***level 3 (comm)

var(1): .9736015 (.19671434)

The parameter estimates, in particular the variance estimates, are closer to the true
values than the corresponding PQL-2 estimates. Increasing the number of quadrature
points to 20 requires 20 × 20 = 400 evaluations of the integrand and is relatively slow.

We may be able to achieve good accuracy with a lower number of quadrature points
using adaptive quadrature. With 5 points (requiring 5 × 5 = 25 evaluations) we get
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. gllamm care x1 x2 x3, i(mother comm) link(logit) family(binom) nip(5) adapt

number of level 1 units = 2449
number of level 2 units = 1558
number of level 3 units = 161

Condition Number = 4.0249554

gllamm model

log likelihood = -1413.9554

care Coef. Std. Err. z P>|z| [95% Conf. Interval]

x1 1.04719 .2211608 4.73 0.000 .613723 1.480657
x2 .8386616 .1116788 7.51 0.000 .6197751 1.057548
x3 1.120168 .2597512 4.31 0.000 .6110646 1.629271

_cons .6726168 .2021648 3.33 0.001 .276381 1.068852

Variances and covariances of random effects

***level 2 (mother)

var(1): .8807801 (.28636287)

***level 3 (comm)

var(1): .98965411 (.20299419)

The estimates are very similar to the 10-point non-adaptive quadrature estimates. In-
creasing the number of quadrature points to 30 per dimension for non-adaptive quadra-
ture and to 11 per dimension for adaptive quadrature gives essentially the same results.
Therefore, we believe that the estimates are reliable.

5 Discussion

As far as we know, this is the first implementation of adaptive quadrature for multilevel
generalized linear mixed models. Adaptive quadrature appears to be suitable when
the posterior distribution is close to normal and when it is highly nonnormal, whereas
ordinary quadrature fails in the first situation and PQL fails in the second. Adap-
tive quadrature is computationally more efficient than ordinary quadrature and other
computer intensive methods such as MCMC. Another advantage of adaptive quadra-
ture is that it provides a value for the maximized log likelihood useful for example for
likelihood-ratio tests. In contrast to ordinary quadrature, adaptive quadrature also ap-
pears to give good parameter estimates for linear models, and although computationally
less efficient than other methods such as IGLS, this will be useful for complex multilevel
latent variable models that cannot yet be handled by other software. Extensive simu-
lation studies are required to assess the performance of adaptive quadrature in a wide
range of situations.

Although we have only discussed adaptive quadrature in the context of estimating
generalized linear mixed models, gllamm allows this method to be used for estimat-



S. Rabe-Hesketh, A. Skrondal, and A. Pickles 19

ing general multilevel latent variable models, including multilevel factor models and
multilevel structural equation models; see Rabe-Hesketh et al. (2002). In addition to
counts and dichotomous outcomes, gllamm can handle continuous, censored, ordinal,
and nominal responses and rankings, see Skrondal and Rabe-Hesketh (2002), as well as
continuous and discrete time survival data, see Rabe-Hesketh et al. (2001d).

A problem with gllamm is that it can be very slow, particularly if the models include
many random effects. This is partly because gllamm is written in ado code, which needs
to be interpreted by Stata while the program is running. Fortunately, Stata Corporation
is converting parts of gllamm to internal code, which should result in a considerable
increase in speed.
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