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Introduction and Disclaimer

gllamm is a Stata program to fit GLLAMMs (Generalised Linear Latent and Mixed Models).

GLLAMMs are a class of multilevel latent variable models for (multivariate) responses of mixed
type including continuous responses, counts, duration/survival data, dichotomous, ordered and
unordered categorical responses and rankings. The latent variables (factors or random effects) can
be assumed to be discrete or to have a multivariate normal distribution. Examples of models in this
class are multilevel generalised linear models or generalised linear mixed models, multilevel factor
or latent trait models, ordered latent class models and multilevel structural equation models.

Chapter 1 of this manual describes the models, Chapter 2 describes the program and subsequent
chapters give examples. The examples are arranged in chapters according to the structure of the
models (chapters 2 to 5) and, for complex response processes, according to the type of response
(chapters 6 to 9). There are obvious gaps in these chapters and we hope to include more examples
soon.

Potential users of gllamm are reminded to be extremely careful if using this program for serious
statistical analysis. It is the user’s responsibility to check that the models are identified, that the
program has converged, that the quadrature approximation used is adequate, etc. The manual pro-
vides quite a number of examples of different model structures where gllamm yields results identical
to those reported elsewhere obtained using more specialized programs. Though this provides some
validation of the code, nonetheless some bugs may remain. Both the program and the manual will
continually be updated.

Bug reports, comments and suggestions are all welcome! Please contact Sophia Rabe-Hesketh
at spaksrh@iop.kcl.ac.uk. We would also be grateful if you could let us know of any publications
(including ‘in press’) using gllamm.

The program and this manual can be downloaded from

http://www.iop.kcl.ac.uk /iop/departments/biocomp/programs/gllamm.html

where the data used in the examples of this manual are also available. An older (out of date) version
of the program (gllammé) is available via the Stata Technical Bulletin (Rabe-Hesketh, Pickles and
Taylor, 2000).

We would like to acknowledge Colin Taylor for his help in the early stages of gllamm develop-
ment, in particular his guidance on recursive programming and quadrature.
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Chapter 1

Generalised linear latent and mixed
models

GLLAMMs (Generalised Linear Latent And Mixed Models) are a class of multilevel latent vari-
able models for (multivariate) responses of mixed type including continuous responses, counts,
duration/survival data, dichotomous, ordered and unordered categorical responses and rankings.
Examples of models in this class are multilevel generalised linear models or generalised linear mixed
models, multilevel factor or latent trait models, ordered latent class models and multilevel structural

equation models.
GLLAMMSs can be defined by specifying:

1. The conditional expectation of the responses given the latent and observed explanatory vari-
ables,

2. The conditional distribution(s) of the responses given the latent and observed explanatory
variables,

3. Structural equations for the latent variables including regressions of latent variables on ex-
planatory variables and regressions of latent variables on other latent variables,

4. The distributions of the latent variables.

These specifications are covered in Sections 1.1 to 1.4.
Terminology: latent variables and levels

The models include latent or unobserved variables represented by the elements of a vector u. As
we will see later, the latent varia le an e inter reta le a ran e et ran inter e t an
e dent r atr an e il etheeter inter han ea | .

In addition, the latent variables can vary at different ‘levels’ so that we can have level 2 factors,
level 3 random effects, etc. In the case of hierarchical data, the term ‘level’ is often used to describe
the position of a unit of observation within a hierarchy of units, typically re ecting the sampling
design. Here level 1 units are nested in level 2 units which are nested in level 3 units, a typical
example being pupils in classes in schools. In this context, a random effect is said to vary at a
given level, e.g. at the school level, if it varies between schools but, for a given school, is constant
for all classes and pupils belonging to that school.

e il e theter levelt reert the iwin a mnit ithin the tr t re a el,
not necessarily within the sampling structure of the data. The models assume that [ er level

7
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nit are n iti nall in e en ent idven the hi her level latent varia le an the e lanat r
varia le . An example where the distinction between the levels of a hierarchical data structure and
the levels of the model becomes important are multivariate multilevel models. Here the variables
of the multivariate response are often treated as level 1 units so that the levels of the model do not
correspond with the levels re ecting the hierarchical structure of the data (except, possibly in the
case of repeated measures or longitudinal data).

We refer to a particular response simply as , omitting subscripts for the units of observation. The
conditional expectation of the response given two sets of explanatory variables x and and the
vector of latent variables u is specified via a link function () and a linear predictor as

( xu ) (1.1)
where the link can be any of the links used in generalised linear mixed models. For a model
with  levels, and latent variables at level , the linear predictor has the form
x (1.2)
with the first element of set to 1, i.e.
1 (1.3)
The elements of x are explanatory variables associated with the ‘fixed’ effects is the th

latent variable at level and u in equation (1.1) is the vector of latent variables,

u ) (1.4)

Each latent variable is multiplied by a linear combination of explanatory variables . Here
the superscript of denotes that the corresponding latent variable varies at level (generally,
will vary at a lower level than ). The vector in (1.1) has the same structure as u. The latent
variables at the same level are generally mutually correlated whereas latent variables at different
levels are independent.

The model in equation (1.2) includes multilevel generalised linear models (or generalised linear
mixed models) and multilevel factor models as special cases.

There are a large number of books on multilevel models, see for example Bryk and Raudenbush
(1992) and reft and De Leeuw (1998) for texts on linear multilevel models and Sni ders and Bosker
(1999), Longford (1993), Goldstein (1995) and McCulloch and Searle (2001) for texts on both linear
and generalised linear multilevel models.

rite na ltilevel enerali e linear el 1 enerali e linear 1 e el 1 1
e nee lanat r wvaria le r ea h latent varia le  ith 1 that the latent varia le
an e inter rete a a Tan e dent T ran ! e. Multilevel generalised linear models

are therefore a special case of GLLAMMSs with
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x (1.5)
where, typically, 1 so that there is a random intercept at each level. Omitting the random
terms yields a generalised linear model.

An example of a three level model (using subscripts for levels 3,2,1, respectively) with

random intercepts at levels 2 and 3 and a random coefficient at level 2 is

x (1.6)

(Here and were set to 1.)

Multilevel generalised linear models are sometimes defined by first writing down the relationship
between the response variable and the level 1 covariates, where some coefficients vary at level
2. Models for these coefficients are then specified where the coefficients are regressed on level 2
covariates and have level 2 residuals, etc. For a two-level linear model (using subscripts and for
levels 3 and 2), the relationship between the response variable and the level 1 covariates has the
form

(1.7)

where some of the parameters (here the intercept and slope) vary between level 2 units as indicated
by the subscript. Regressions of these parameters on level 2 covariates are then specified with
residual error terms at level 2, e.g.,

(1.8)

Again, some parameters may vary between level 3 units (here they do not) in which case regressions
for these parameters are specified. This method of model specification is used, for example, in Bryk
and Raudenbush (1992) and in the HLM program (Bryk et al ,1996).

When a multilevel model has been specified in the way described above, we can substitute the
models for the coefficients into the model for the observed responses to obtain the re e r ,a
single model equation having the form of equation (1.5). Substituting the expressions for and

into the first equation, we obtain:

(1.9)

By forming a new variable , it is easy to see that this equation is a special case of
equation (1.5). (Note that the level 1 error term  does not appear in (1.5) because it is not part
of the linear predictor in the generalised linear model formulation.)

We have only used one explanatory variable per latent variable to set up these standard models.
However, the use of several explanatory variable enables us to allow the random effects variances to
vary between groups of individuals. For example, consider a two level random intercept model. If
the level 1 units are the measurement occasions of a longitudinal study and the level 2 units are
children, we can allow the intercept variance to differ between boys and girls by defining dummy
variables for boys and girls, say and , respectively, and specifing

x ( ) (1.10)
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so that the random intercept variance is var( ) for boys and var( ) for girls. Heteroscedas-
ticity of the random effects can be specified at any of the levels. In addition, we can allow the level
1 variances to differ (see Section 1.2).

Examples of multilevel generalised linear models are given in Chapter 3. Papers using gllamm
for multilevel generalised linear models include Rabe-Hesketh et al (2001c) and Leese et al (2001)
for applications in psychiatry and Dohoo et al (2001) and Stryhn et al (2000) for applications in
veterinary medicine.

For a treatment of factor models for normal and non-normal responses, see Bartholomew and nott
(1999). Multilevel factor models for continuous data are discussed in Longford (1993).
treatin the varia le a  ltivariate re n e a level nit in a  ltilevel ata et the

ri inal nit e e level nit  an e nin a T Triate varia le atr el

an e e ne . As mentioned earlier, we will use the term ‘level’ to refer to the position of a latent
variable in the structure of the model for a non-hierarchical multivariate dataset consisting of
responses to questionnaire items by sub ects, the common factor will be a level 2 latent variable.
To see this, consider a simple example. Let there be up to  variables 1 observed on
each individual and stack the variables into a single response vector indexed . This is shown in
the table below:

sub ect variable

1 1 1 0
1 2 0 1
2 1 1 0
2 0 1

A single level unidimensional factor model can be written as

(1.11)
where 1 and with
1 ifp
0 otherwise (1.12)
In equation (1.11), is the intercept, is the common factor and is the factor loading

for the th variable. The scale of the factor is identified through the constraint that the first factor
loading equals 1. For normally distributed responses, the specific factors are simply the level 1 error
terms  since . In factor models for non-normal responses, the level 1 variability is
implicit in the distribution family of the chosen generalised linear model (see Section 1.2).

A two factor model at a single level can be defined as

( ) ( ) (1.13)
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Here, some of the variables would typically load on factor 1, and the others on factor 2,

(The dummy variables and must be defined appropriately). Certain restrictions need
to be imposed on the factor loadings and/or the covariance matrix of the factors for these higher
dimensional factor models to be identified.

A two level factor model (unidimensional at levels 1 and 2) can be defined as

( ) (1.14)

where are dummy variables for the items as in equation (1.12), is the lower level

common factor, is the higher level common factor and , , etc. are specific factors at
the higher level. The level 3 latent variables are assumed to be mutually independent.

Although this method of defining factor models through the use of dummy variables is not very
elegant, a great advantage of the specification is that missing values on any of the variables are
allowed and pose no extra problem in the estimation. Since estimation is by maximum likelihood,
the parameter estimates are consistent if the data are missing at random (MAR), see Little and
Rubin (1987). In addition, unlike the usual model specification for structural equation models,
this setup allows unbalanced longitudinal data to be modelled where individuals are measured
at different sets of time points. In addition, hybrid models, containing both factors and random
coefficients at several levels can easily be defined using this setup.

Examples of factor models are given in Chapter 4. Rabe-Hesketh and Skrondal (2001) discuss
the use of factor models (estimated in gllamm) for structuring the covariance matrix of multivariate
categorical responses.

The conditional distribution of the responses given the explanatory variables and random effects is
specified via a family and a link function (see McCullagh and Nelder, 1989). Currently available
are the following links and families:

Links
identity Families
reciprocal Canssian
logarithm
ogi gamma

. Poisson
probit . binomial
scaled probit
complimentary log-log

For ordered and unordered categorical responses, the following models are available:

Polytomous responses
ordinal logit

ordinal probit

ordinal compl. log-log
scaled ordinal probit
multinomial logit
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Offsets can be included in the linear predictor and linear constraints applied to any of the
parameters.

For the Gaussian and gamma distributions as well as the scaled probit link, the variance param-
eter can be allowed to differ between groups of observations or to depend on explanatory variables,
therefore allowing for level 1 heteroscedasticity.

The available links and families allow many different response processes to be modelled includ-
ing continuous responses, dichotomous or ordinal responses, counts, continuous or discrete time
(interval censored) to event (survival) data and first choice and ranking data.

Different links and families can be combined for different responses in order to model responses
of mixed type. This allows many different types of problems to be modelled, for example logistic
regression with measurement errors in a continuous covariate. Mixing of the identity link and Gauss
family with the probit link and binomial family allows censored normally distributed responses to
be modelled (as in tobit), e.g. when there are ceiling and/or oor effects.

Examples of models using particular links and families can be found using the Index. The
analysis of continuous survival times is discussed in Chapter 7 and the analysis of nominal responses
and rankings is discussed in Chapter 9. Examples of models with mixed responses are discussed in
Chapter 6.

Leese et al (2001) use gllamm to specify heteroscedasticity at levels 1 and 2. Rabe-Hesketh
and Pickles (1999 2001) mix the identity and logit links to estimate logistic regression models with
covariate measurement error. Rabe-Hesketh et al (2001d) analyse different types of discrete time
survival models and Skrondal and Rabe-Hesketh (2001) analyse nominal data and rankings.

Books on structural equation models include Dunn, Everitt and Pickles (1993) and Bollen (1989).
The models discussed so far can be viewed as a measurement models specifying the relationship
between observed responses (or indicators) and latent and observed explanatory variables. In
addition, we can specify relationships among the latent variables as well as regressions of latent
variables on explanatory variables. These relationships can be written as a matrix equation for the
vector of latent variables u whose  elements are the latent variables varying at levels 2 to

u ) (1.15)

(Remember that the latent variables can be interpretable as variance components, factors or
random coefficients.) The ‘structural’ equation for the latent variables has the form

u u (1.16)

where is an upper diagonal matrix, is a vector of covariates, isan design
matrix and is a vector of  errors of disturbances where each element of varies at the same
level as the corresponding element of u.

The regressions of latent variables on other latent variables must be such that the elements
of the u vector within a given level can be permuted in such a way to make the  matrix upper
diagonal. This implies that there are no simultaneous effects with latent variable 1 regressed on
latent variable 2 and vice versa. The expression for the th element of u can be substituted into
the expression for 1th element which can be substituted into the expression for 2nd
element, etc. (i.e., the relationship is recursive). When these expressions for the latent variables
are substituted into equation (1.2), we obtain an equation of the same form as equation (1.2) with
constraints among the parameters.
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Since the lower level latent variables come before the higher level ones in the u vector, an upper
diagonal matrix ensures that lower level latent variables can be regressed on higher but not the
reverse since it would not make sense to regress a higher level latent variable on a lower level one.

MIMIC (Multiple Indicator Multiple Causes) models are factor models (where observed variables
are indicators of the factor) combined with regressions of factors on explanatory variables (the
explanatory variables are the causes). Here, there are no relationships among the latent variables
and instead of equation (1.16), we only require simply the equation

u (1.17)

An example of a MIMIC model is described in Section 6.1.

Combining (1.16) with (1.2) and making use of the ability to model responses of mixed types allows
a very large range of latent variable models to be defined, see Rabe-Hesketh et al (2001a). For
example, a level 2 random coefficient in a survival model may be regressed on a level 3 factor whose
(level 3) indicators are dichotomous. A chapter on these models will be added soon.

The structure of the latent variables is specified by the number of levels (and the variables defining
these levels, e.g. pupil, school etc.) and the number of latent variables at each level. Latent
variables at the same level are assumed to be correlated with each other, unless the user specifies
zero correlations. The latent variables at different levels are assumed to be independent (except if
a lower level latent variable is explicitly regressed on a higher level one). The interpretation of the
latent variable as a factor or random coefficient depends on the form of the linear predictor in (1.2).

If a latent variable is regressed on (another) latent or observed variable, we need to specify the
distribution of the disturbances otherwise we specify the distribution of u directly. The latent
variables at a level may be assumed to have a

multivariate normal distribution with zero mean and covariance matrix at level

discrete distribution, having non-zero probability on a finite number of points (of dimension-
ality equal to the number of latent variables, , at level )

The discrete distribution can be interpreted as representing a number of latent classes which
are homogeneous in the unobserved characteristics represented by the latent variable, e.g. in their
intercepts.

If the number of points, or masses, is chosen to achieve the largest possible likelihood, the
nonparametric maximum likelihood estimator (NPML) is achieved (Lindsay et al, 1991). The
Gateaux derivative method can be used to determine the number of masses required for the NPML
solution (see Heckman and Singer (1984), Follmann and Lambert (1989) and Davies and Pickles
(1987))). Starting with a small number of masspoints, say two, the likelihood is maximized. A
further point is introduced if a location can be found at which introduction of a very small new mass
increases the likelihood when all other parameters are held constant at their previous maximum
likelihood values. If such a location can be found, a new point is introduced and the likelihood
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maximized. The starting values are the parameters estimates of the previous model with a new
mass at the location yielding the greates an increase in log-likelihood. This procedure is repeated
until no location can be found at which introduction of a small mass increases the likelihood.

Most examples in the manual assume multivariate normally distributed latent variables except
for the examples in Chapter 5 and Section 9.4. Papers using gllamm with discrete random effects
include Maughan et al (2000) on latent tra ectory models, Rabe-Hesketh and Pickles (2001) and
Rabe-Hesketh et al (2001c) on nonparametric maximum likelihood estimation and Rabe-Hesketh
and Pickles (1999) on a latent transition model.



Chapter

& ro ram

The gllamm program runs within Stata 6 or 7 (StataCorp. 2001) using a similar syntax to Stata’s
own estimation commands. After estimating a model using gllamm, gllapred can be used to obtain
the posterior means and standard deviations of the latent variables.

gllamm uses Stata’s ml with method d to maximise the likelihood. (See the Stata reference manuals
underml andma m e for details of the modified Newton Raphson algorithm, see also Gould and
Sribney (1999)). For a 2-level model, the likelihood is given by

( xu) (u)u (2.1)

where ( x u) is the conditional density of the response variable given the latent and explana-
tory variables and (u ) is the prior density of the latent variables. When the latent variables are
discrete, the integral becomes a sum of the form

( x u ) (2.2)

where the locations and masses  are freely estimated. For a single normally distributed latent
variable, the same expression is used to approximate the likelihood, where locations and masses
are given by Gaussian quadrature.

If there are 1 correlated (multivariate normal) latent variables at level 2, we express them
as a linear combination of uncorrelated random effects v, u v where is a lower triangular
matrix. The multiple integral is then approximated by summing over v using nested
sums. The elements of are estimated by gllamm and the covariance matrix of the random effects
is given by so that is simply the Cholesky decomposition of the covariance matrix.

Ordinary Gaussian quadrature sometimes performs poorly because there are insufficient loca-
tions  under the peak of the integrand in (2.1). Adaptive quadrature (Naylor and Smith, 1982 Liu
and Pierce, 1994) can be used to scale and shift the locations for each latent variable  according
to the spread and location of the integrand with respect to . The integrand is propor-
tional to the oint posterior density of the latent variables. Therefore appropriate scale and location
parameters are the posterior standard deviations and means of v. Since these quantities depend on
the parameter estimates, gllamm iterates between updating the parameter estimates for given
and and updating the  and for given parameter estimates. See Rabe-Hesketh et al (2001)
for details.

15
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In (2.1), the contribution to the likelihood from the th level 2 unit is found by integrating
the product of the contributions from the level 1 units inside the level 2 unit over the level 2
random effects distribution. In a three level model, the contribution from a 3-level unit is found by
integrating the product of contributions from the level 2 units inside the level 3 unit over the level
3 random effects distribution. The likelihood for an n-level model is therefore computed using a
recursive algorithm.

The parameters are transformed to ensure that they lie within their permitted ranges. For the
normal (or gamma) density, the log of the standard deviation (or coefficient of variation) at level
1 is estimated to ensure a positive estimate on the natural scale. When quadrature is used, the
Cholesky decomposition of the covariance matrix of the random effects at each level is estimated to
ensure a semi positive definite covariance matrix. When there are no correlations, this corresponds
to estimating the standard deviations directly where the sign of these estimates is arbitrary. When

discrete mass-points are specified for the random effects at a level, 1 log odds are estimated
to give the  probabilities and 1 locations are estimated directly for each random effect. The
last location is determined by constraining the mean of the discrete distribution to zero. The
variance of the random effects distribution is not estimated directly but follows from the locations
and masses. The variances are estimated as

var( ) (2.3)

and the covariances are estimated as

cov( ) (2.4)

where and  are the estimated probabilities and locations. Instead of centering the location of
the discrete distribution around the mean, we can also estimate locations freely and remove the
corresponding fixed effects from the linear predictor. In the equations above, we must then replace
by .
Approximate standard errors for the back-transformed parameter estimates are obtained using
the delta-method (except for the variances and covariances of the discrete random effects distribu-
tions). Note that the standard error of variance estimates should not be used to construct Wald
tests because the null value is on the border of the parameter space. Likelihood ratio test should
be used instead, keeping in mind that the alternative hypothesis and p-value are one sided.
Linear constraints can be specified for the transformed versions of the parameters that are
used during maximisation. For example, two parameters can be set equal, a parameter can be
constrained to a particular value or one parameter can be specified to be twice as large as another.
The posterior means and standard deviations of the latent variables can be estimated for both
discrete and continuous latent variables using gllapred. If there is a single random effect in a two
level model, the posterior mean is estimated as

(2.5)

where is the estimated posterior probability that the latent variable equals  given by

( x )
( x )
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The version of the program described in this manual is available at
http://www.iop.kcl.ac.uk/IoP /Departments/BioComp/programs/gllamm.html

it can also be found by searching for the program gllamm at the Boston IDEAS archive maintained
by it Baum at

http://ideas.uqam.ca/ideas/search.html

An earlier verion ( anuary 2000) of gllamm was published in the Stata Technical Bulletin (STB
53, Sg 129) but this version is now out of date. A later version ( une 2001) is described in Rabe-
Hesketh et al (2001b) and (2001e).

The easiest way of installing the current version of the program is to use the net commands
from within Stata:

e rm P p la epar me mp pr gram
e de r e gllamm

e all gllamm

e ge gllamm

Where the last command is optional it downloads the auxiliary files. Alternatively, e
all from the IDEAS archive using:

e rm ) m ed e de
e dg

e de r e gllamm

e all gllamm

Another possibility is to store the files lla a , lla lla ,re 1 a , lla hl ,

lla re o« lla re hl (downloadable from the above web-sites) in the directory where personal

ado-files are stored (e.g. ad pl ) or to store them in any other directory and issue the
following command before using gllamm:

ad pa rna e

Once gllamm has been installed, help is available as for all of Stata’s own commands.

gllamm runs in Stata 6 and 7 (StataCorp, 2001). Anyone planning to use gllamm should know a
little bit about Stata to be familiar with features common to all estimation commands including
gllamm and to be able to prepare the data for analysis using gllamm, see the Appendix for a
brief introduction to Stata. Sections 2.3.1 and 2.3.2 describe the syntax of gllamm and gllapred
following the style of the Stata Reference Manuals.

For simple problems, gllamm is usually easy to use and does not take a very long time to
run. However, the program can be very slow when there are many latent variables in the model,
many quadrature or free mass-points, many parameters to be estimated and many observations.
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The reason for this is that numerical integration is used to evaluate the marginal log-likelihood
and numerical derivatives are used to maximise it. Roughly, execution time is proportional to the
number of observations and the square of the number of parameters. For quadrature, the time
is approximately proportional to the product of the number of quadrature points for all latent
variables used. For example, if there are two random effects at level 2 (a random intercept and
slope) and 8 quadrature points are used for each random effect, the time will be approximately
proportional to 64. Therefore, using 4 quadrature points for each random effect will take only about
a quarter (64/16) as long as using 8. For (2-level) discrete latent variables, the time is proportional
to the number of points, but the increase in the number of parameters must be taken into account.

An easy way to speed up the program is to collapse the data as much as possible and use
frequency weights (see for example Section 3.2.1). If there are several identical level 2 units, level
2 weights can be used. It is also a good idea to start with fewer integration points to obtain some
initial estimates and then pass these estimates as starting values to gllamm, increasing the number
of quadrature points (see for example Section 7.2.2). This way, the accuracy of the quadrature
approximation can be assessed (see also Section 2.3.3). It is also recommended to first estimate the
simplest model of interest (e.g. using very few predictors) and then introduce additional features,
again passing the parameter estimates from the simpler model to gllamm as starting values for the
more complicated model.

The program does not check whether a model is identified. sing the ra e option to monitor
convergence may help identify problems since warning messages that the log-likelihood is noncon-
cave may appear shortly before apparent convergence (if such messages appear in the beginning,
this is no cause for concern). gllamm prints out the condition number, defined as the square root of
the ratio of the largest to smallest eigenvalues of the Hessian matrix. From our experience so far,
large condition numbers do not necessarily imply poor identification however, it is unlikely that a
low condition number is obtained when the model is not identified.

The full syntax with all its options looks overwhelming because a single program can estimate such
a wide range of different models. For most models, the command would be no longer than a single
line and the syntax closely follows that of similar Stata commands. The reader may find it easier
to read Chapter 3 as an introduction to gllamm. This section on the syntax could be used as a
reference. To find examples in the manual of the use of particular options, also see the Index.

The data need to be in ‘long’ form with all responses stacked into a single variable, see the
Appendix, Stata’s re ape command and the ‘data preparation’ sections in this manual. The full
syntax with all available options is

gllamm warli t e ran e , (varlit) _x ( ) e (ena e)

rrel a _ e (varna e) _e g (varna e) _am 1 (a ilie)

_(varna e) de m(varna e) 1 (lin ) 1 (varna e) e pa ded(varna e var

na estring) _ae aegr _(varna e) _re (emna e) p(trin) __p(

adap ge (emna e) _mar ( atna e) _ ra ( ) _xrm( atri)

1 g1l ( ) gaea ( ) _ear ( ) ma m e_p d 1
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leel( ) e rm all _rae lg e

o®

al d

where warli t gives the response variable followed by the explanatory variables associated with
the fixed effects. The families and links are:

families links
ga a _de
P lg
gamma re pr al
: mal 1g
pr

_11 (complimentary log-log)
1 g (o stands for ordinal)
pr
1
ml g
pr (scaled probit)
_pr (scaled ordinal probit)

Structure of the model

(varli t) gives the variables that define the hierarchical, nested clusters, from the lowest level
(finest clusters) to the highest level, e.g., pp 1 1la 1.

r ( ,.., ) specifies the number of latent variables at each level of clustering, i.e. for each
variable in (varli t). The default is r

e (e na e ) specifies the equation names (defined before running gllamm) for the linear predic-
tors multiplying the latent variables. The equations for the level 2 random effects a listed
first, followed by those for the level 3 random effects, etc., the number of equations per level
being specified in the r option. If required, constants should be explicitly included in the
equation definitions using variables equal to 1. If the option is not used, the latent variables
are assumed to be random intercepts and only one random effect is allowed per level. The
first lambda coefficient is set to one. The other coefficients are estimated together with the
(co)variance(s) of the random effect(s)

rrel may be used to constrain all correlations to zero if there are several random effects at
any of the levels and if these are modelled as multivariate normal.

ge (e na e ) specifies regressions of latent variables on explanatory variables. The second char-
acter of the equation name indicates which latent variable is regressed on the variables used
in the equation definition, e.g. a means that the first latent variable is regressed on a
and (without a constant).

ma r ( atri ) specifies a square matrix  of regression coefficients for the dependence of the
latent variables on other latent variables. The matrix must be upper diagonal and have
number of rows and columns equal to the total number of random effects. This option only
makes sense together with the rrel option.
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ra ( li t) specifies the constraint numbers of the linear constraints to be applied. Con-
straints are defined using the ra command see elp ra . To find out the
equation names needed to specify the constraints, run gllamm with the e and ra e
options.

a omits the constant term from the fixed effects equation.

e (varna e) specifies a variable to be added to the linear predictor with corresponding re-
gression coefficient fixed at 1 (e.g. log exposure time for Poisson regression).

( t) specifies that variables , , etc., contain frequency weights. The suffixes in the
variable names determine at what level each weight applies. (If only some of the weight
variables exist, e.g. only level 2 weights, the other weights are assumed equal to one.) For
example, if the level 1 units are occasions (or panel waves) in longitudinal data and the level
2 units are individuals, and the only variable used in the analysis is a binary variablere 1 |,
we can collapse dataset A into dataset B by defining level 1 weights as follows:

d re 1 d pa re 1

The two occasions for individual 1 in dataset A have the same result. The first row in B
therefore represents two occasions (occasions 1 and 2) as indicated by . The variable
pa labels the unique patterns of responses at level 1.

The two individuals 2 and 3 in dataset B have the same pattern of results over the measure-
ment occasions (both have two occasions with values 0 and 1). We can therefore collapse the
data into dataset C by using level 2 weights:

d pa re 1 dpa pa re 1

The variable dpa labels the unique patterns of responses at level 2 and indicates that

dpa 1 in dataset C represents one individual and dpa 2 represents two individuals, i.e.,
all the data for individual 2 are replicated once. Collapsing the data in this way can make
gllamm run considerably faster.

Densities links latent variable distribution and quadrature method
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am 1 (a ilie ) specifies the family (or families) to be used for the conditional densities. The

default is ga a . Also available are m al, p and gamma. Several families may
be given in which case the variable allocating families to observations must be given using
(varna e).

(varna e) isrequired if mixed responses requiring more than a single family of conditional distri-
butions are being analyzed. The variable indicates which family applies to which observation.
A value of one refers to the first family specified in am 1 | etc.

de m(varna e) gives the variable containing the binomial denominator for the responses whose
family was specified as binomial. The default denominator is 1.

1 (lin ) specifies the links to be used for the conditional densities ( de lg pr
lg re pr al 11 1 g , etc.). If a single family is specified, the default link is
the canonical link. Several links may be given in which case the variable allocating links
to observations must be given using 1 (varna e). Feasible choices of link depend upon
the distributions of the covariates and the choice of conditional error and random effects
distributions.

1 (varna e) is the variable whose values indicate which link applies to which observation.

e pa ded(varna e varna e trin ) is used together with the mlogit link and specifies that the
data have been expanded as illustrated below:

e rep ealer ele ed

where the variable e is the multinomial response (possible values 1,2,3), there p e
labels the original lines of data, al er gives the possible responses or ‘alternatives’ and
ele ed is an indicator for the response that was given. The syntax would be
epaded re p e ele ed m andal er wouldbe used as the dependent variable. This
expanded form allows the user to have alternative specific covariates, apply different random
effects to different alternatives and have different alternative sets for different individuals.
The third argument is  if one set of coefficients should be estimated for the explanatory
variables and m if one set of coefficients is to be estimated for each category of the response
escept the reference category.

a e aegr ( ) When the mlogit link is used, this specifies the value of the response to be used
as the reference category. This option is ignored if the e pa ded option is used with the
third argument equal to m.

(e na e) specifies that the log of the standard deviation (or of the coefficient of variation) at level
1 for normally (or gamma) distributed responses is modelled by the linear predictor defined by
e ame. This is necessary if the variance is heteroscedastic. For example, if dummy variables
for groups are used in the definition of e na e, different variances are estimated for different
groups.
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re (e na e ) specifies equation(s) for the thresholds for ordinal response(s). One equation
is specified for each ordinal response. The purpose of this option is to allow the effects of
some covariates to be different for different categories of the ordinal outcome rather than
assumming a constant effect - the proportional odds assumption if the ologit link is used.
ariables used in the model for the thresholds cannot appear in the fixed part of the linear
predictor.

p( trin ) if string is g, Gaussian quadrature points are used and if string is , the mass-points
are freely estimated. The default is Gaussian quadrature. With the p option, the p
mass-point locations are estimated the last being determined by setting the mean of the mass-
point distribution to 0. The p option can be specified to estimate p masses freely
- the user must make sure that the mean is not modelled in the linear predictor, e.g. by
specifying the option.

p( ) specifies the number of integration points or masses to be used for each integral or
summation. When quadrature is used, a value may be given for each random effect. When
freely estimated masses are used, a value may be given for each level of the model. If only one
argument is given, the same number of integration points will be used for each summation.
The default value is 8.

adap causes adaptive quadrature to be used instead of ordinary quadrature. This option cannot
be used with the p or p options.

Starting values

r m( atri ) specifies the matrix (one row) to be used for the initial values. Note that the column-
names and equation-names have to be correct (see elp ma r ), unless the p option is
used. The matrix may be obtained from a previous estimation command using e(b). This is
useful if another explanatory variable needs to be added or the number of masses needs to be
increased. (The p option must be used of variables are dropped.)

1 g may be used withthe r m ma r option when parameter constraints are used to indicate
that the matrix of initial values corresponds to the unconstrained model, i.e. it has more
elements than will be estimated.

1 ) gives the number of parameters and the log-likelihood for a likelihood ratio test to
compare the model to be estimated with a simpler model. A likelihood ratio chi-squared test
is only performed if the 1 option is used.

ga ea ( ) may be used with method p or p options to increase the number
of mass-points by one from a previous solution with parameter estimates specified using
r mma r . The number of parameters and log-likelihood of the previous solution must
be specified using the 1 option. The program searches for the location of the new
mass-point by placing a very small mass at the location given by the first argument and
moving it to the second argument in the number of steps specified by the third argument. (If
there are several random effects, this search is done in each dimension resulting in a regular
grid of search points.) If the maximum increase in likelihood is greater than 0, the location
corresponding to this maximum is used as the initial value of the new location, otherwise
the program stops. When this happens, it can be shown that for certain models the current
solution represents the non-parametric maximum likelihood estimate.
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ear ( ) causes the program to search for initial values for the random effects at level 2 (in range
0 to 3). The argument specifies the number of random searches. This option may only be
used with p( ) and when r m( atri ) is not used.

stimation options and output

ma m e_p see ml. The most useful one is era e since by default the program does
not limit the number of iterations. If the matrix of initial parameter estimates specified
using the r m ma r option, the p option causes redundant parameters to be skipped
(ignored). The p option can be used if the matrix of starting values does not have the
correct equation and/or column names.

d 1 causes ml not to use the difficult option, see R maximise.
le el( ) specifies the confidence level in percent for confidence intervals of the fixed coefficients.

e rm causes the exponentiated estimates and confidence intervals of the fixed coefficients to be
displayed.

all causes all estimated parameters to be displayed in a regression table (including the raw
random effects parameters) in addition to the usual output.

ra e is one of the maximize options, see R maximize. In addition to displaying the details of
the maximum-likelihood iterations, it displays details of the model being fitted.

1 g suppresses output for maximum likelihood iterations.

e is used to prevent the program from carrying out the estimation. This may be used with
the trace option to check that the model is correct and get the information needed to set up
a matrix of initial values. Global macros are available that are normally deleted. Particularly
useful may be M_initf and M_initr, matrices for the parameters (fixed part and random part,
respectively).

e al causes the program to simply evaluate the log likelihood for values passed to gllamm using
the r mma r option.

causes the program to compute initial estimates of fixed effects only

d causes a dot to be printed (if used together with trace) every time the likelihood evaluation
program is called by ml. This helps to assess how long gllamm is likely to take to run and
reassures the user that it is making some progress when it is very slow.

After estimating the parameters of a model using gllamm, we can run the ‘post-estimation’ com-
mand gllapred to obtain predictions or estimates of the latent variables both in the continuous
and discrete case. Both posterior means and standard deviations of the latent variables are pro-
vided. In multilevel regression models, the posterior means are also referred to as empirical Bayes
predictions, shrinkage estimates, or higher level residuals. In factor models, the posterior means are
regression factor scores. The posterior standard deviations can be interpreted as standard errors
of the posterior means although they do not take into account the fact that the parameters are
estimated.



24 C TE T E @)

gllapred warna e P 1 pred adap

where varna e is the ‘prefix’ used for the variables that will contain the predictions.

The fixed effects part of the linear predictor is returned in varna e including the offset.

The posterior means and standard deviations of the latent variables are returned in varna em |,
varna em , etc. and varna e , warna e , etc., respectively, where the order of the latent
variables is the same as in the call to gllamm. In the case of quadrature, the number of
quadrature points used is also the same as in the previous call to gllamm.

p can only be used for two-level models estimated using the ip(f) option. gllapred returns the
posterior probabilities in varna el, varna e2, etc., giving the probabilities of classes 1,2,
etc. gllapred also prints out the (prior) probability and location matrices to help interpret
the posterior probabilities.

returns the scale. This is useful if the s() otion was used in gllamm to specify level 1 heteroscedas-
ticity.

1 pred returns the linear predictor including the fixed and random effects part where posterior
means are substituted for the latent variables or random effects in the random part.

adap if the gllamm command did not use the adapt option, gllapred will use ordinary quadrature
for computing the posterior means and standard deviations unless the adapt option is used
in the gllapred command.

Bock (1985) suggested that in most applications 10 quadrature are sufficient in one dimension, 5
per dimension in two and 3 per dimension in three or more dimensions. However, Bartholomew
(1987) points out investigations performed by Shea (1984) indicating that at least 20 points may be
necessary to achieve reasonable accuracy. Similarly, in logistic regression with covariate measure-
ment error problems, Crouch and Spiegelman (1990) suggest that 20 quadrature points or more are
often needed to adequately approximate the marginal log-likelihood. Skrondal (1996) carried out
a simulation for a two factor model with 3 ordinal items loading on each factor finding substantial
bias in the parameter estimates when only 5 quadrature points were used per dimension whereas
20 quadrature points performed adequately. In practice, the adequacy of the number of quadrature
points used in a particular application should be checked. A good discussion of potential numerical
problems with quadrature and suggestions for discovering these problems can be found in the Stata
Reference Manual (2001) under ad . There it is pointed out that the method works better
for small (level 2) cluster sizes or if the intraclass correlation is not too great. Intuitively, for a
simple two level random intercept model, this can be understood by imagining the oint conditional
distribution of the level 1 responses, ( x ) of a given cluster given the value of the
random intercept , plotted against the value of the random intercept. If the ‘true’ realisation
of the random intercept for that cluster is large, (i.e. the responses are all substantially ‘higher’
than the overall mean) the graph will have a sharp peak in the tail of the prior distribution ( )
of the random intercept. If we do not use sufficient quadrature points, there may not be enough
quadrature locations under the peak of the integrand, ( ) ( x ). Infact, since increasing
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the number or quadrature points increases mostly the range of locations rather than their density,
it may not be possible to adequately approximate the marginal likelihood using quadrature.

Lesaffre and Spiessens (2001) discuss this problem in relation to binary data with high intraclass
correlation and Albert and Follmann (2000) for Poisson responses. In the Poisson case, if the
responses (usually counts) are high, numerical problems with quadrature can occur also for smaller
clusters because the conditional distribution of a single level 1 unit can have a very sharp peak.
A method that is likely to work better than ordinary quadrature is adaptive quadrature (Liu and
Pierce, 1994) implemented in SAS PROC NLMI ED. This method has ust been implemented in
gllamm, see Rabe-Hesketh et al (2001e).

Obviously, problems with quadrature are likely with normally distributed responses. We would
therefore not recommend using ordinary quadrature. Adaptive quadrature may give good estimates
but it may be better to use software that does not use any approximations for normally distributed
responses (e.g. Mplus by Muthen and Muthen (1998), S-Plus lme, MLwiN (Goldstein, 1998), etc.)

A number of programs for generalised linear mixed models, including MLwiN and HLM use
M L/P L (Breslow and Clayton, 1993). Taylor expansions are used to linearise the relationship
between response and linear predictor both first and second order expansions are available in
MLwiN. The P L/M L methods work best if the level 2 clusters are very large in the case of
smaller clusters, the variances of the random effects tend to be underestimated (Lin and Breslow,
1995, Breslow and Lin, 1995, Rodriguez and Goldman, 1995).

Since quadrature tends to work better for smaller cluster sizes, P L may work well when quadra-
ture does not and vice versa. Rabe-Hesketh et al (2001c) Dohoo et al (2001) and Stryhn et al (2000)
compare quadrature with P L for particular examples using simulations. In Section 9.3.3 of this
manual, we compare M L/P L with quadrature in the case of nominal (unordered categorical)
responses.

The following papers evaluate the performance of nonparametric maximum likelihood (NPML):
Davies (1987), Hu et al (1998), Magder and eger (1996), Follmann and Lambert (1989), and
Rabe-Hesketh and Pickles (2001).
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Chapter

Multile el eneralised linear models

Three groups of sub ects, a group of patients with schizophrenia, their first degree relatives and an
independent control group, completed a neuropsychological test called the Tower of London. In this
computerised task, sub ects are given a starting arrangement of 3 disks on 3 rods and are asked to
move the disks among the rods to achieve a ‘target’ arrangement, if possible, in a specified minimum
number of moves. The level of difficulty is increased by increasing the minimum number of moves
required. We will analyse the binary response, whether the task was completed using the minimum
number of moves, for three levels of difficulty. Taking into account the nesting of sub ects in families,
this becomes a three level problem. (The data are also analysed in Rabe-Hesketh et al (2001c).)
We will use indices , and for families, sub ects and measurement occasions, respectively. The

binary responses may be modelled by a generalised linear mixed model with linear predictor
(3.1)

where and are dummy variable for the relatives and patients with schizophrenia, re-

spectively, is the random intercept for sub ect in family and is the random effect for

family . The random effects are assumed to be independently normally distributed.

The dataset is called ¢ erl ta. The responses are stacked into a variable called d 1m (dichotomised
tower of london moves). The variables d, am mand gr p are the sub ect, family and group
identifiers respectively and le el codes the levels of difficulty. A listing of these variables for
observations 19 to 27 is given below.

27
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A two-level model with a random effect for sub ects could be fitted using Stata’s 1 g command
with the following syntax:

The syntax for the same model using gllamm is

The syntax is therefore very similar to that of 1 g except that the logit link and binomial
family are specified as in Stata’s glm command and the p  option specifies the number or
quadrature points (‘integration points’) to be used.

The following output is obtained:

The number of level 1 units (here measurement occasions) and the number of level 2 units (here
individuals) are listed first, followed by the condition number and the log-likelihood. (The condition
number will be large when the Hessian matrix is nearly singular indicating that the model may not
well identified.)

The fixed effects estimates are given in the familiar format used in all of Stata’s estimation
commands. The variance of the level 2 (id) random effect is estimated as 1.675 with a standard
error of 0.662.
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We normally recommend that gllamm should be used with the ra e option. This provides
more information on how the syntax has been interpreted and shows the iterations of the maximum
likelihood procedure. sing this option makes it easier to assess how long the program will take
and to make sure that the model has been specified correctly. sing the above command with the

ra e option, gives the following output:
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The information that the equation for the fixed effects is - gr p. _ gr p- le el _
means that these are the column names of the parameter vector printed out in the iteration log.
The initial output also tells us that the standard deviation for the random effect has equation name

d and column name _ in the parameter vector. (The absolute value of this parameter should
be interpreted as the standard deviation it can also be negative.)

The initial values for the fixed effects are estimated using conventional logistic regression. An
arbitrary value of 0.5 is then used as the initial estimate of the standard deviation of the random
intercept. In the first iteration, this changes to 1.246. We can watch the change in parameter
values and log-likelihood until convergence.

We now consider a model that cannot be estimated in 1 g by introducing a random effect
for families. This gives a three level logistic regression model as in equation (3.1). Here the level 3
identifier, am m, is simply specified within the option:
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The variance at level 2 is estimated as 1.134 with a standard error of 0.689, and the variance at
level 3 is estimated as 1.134 with a standard error of 0.689. The output only shows the final results
of the estimation. Again, we would normally use the ra e option to check that the model was
correctly specified and to obtain the full iteration log. To check if 8 points were sufficient, we can
use the commands

Here, the vector of parameter estimates is stored in the matrix a and then passed to gllamm
as intial values using the r m option. sing 20 quadrature points (which takes a long time
since evaluation of the marginal likelihood requires summing 20 20 terms), some of the parameter
estimates change in the third decimal place. Increasing the number of quadrature points by another
10 gives negligible changes.

sing the e rm option when estimating the model or issuing the command gllamm e rm
after estimating the model gives the same output as above but with exponentiated estimates and
confidence intervals in the fixed-effects table.

See Section 8.3 for an example of three level ordinal logistic regression.

Here we illustrate the use of random coefficient models for normally distributed responses. Note,
however, that we would normally not recommend using gllamm for normally distributed responses
since plenty of software exists for fitting such models without using approximations such as quadra-
ture. However, if gllamm is used, adaptive quadrature is likely to give better parameter estimates
than ordinary quadrature. With both methods, the user must ensure that sufficient quadrature
points are used.

The data for this section are the unior School Pro ect data from the MLn manual (Woodhouse,
1995). Maths results are available on pupils from different schools in the third and fifth years. We

will fit a linear regression model of the year 5 results, ma  , on the (mean centred) year 3 results,
ma , with a random intercept and a random coefficient of ma for schools. The model can be
written as

(3.2)
where indexes the schools and indexes the pupils, is the year 3 result and is the cor-

responding random coefficient. The two random effects are assumed to have a bivariate normal
distribution.
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A listing of the variables in the file ta is shown below for observations 87 to 95.

The variable contains level 1 weights and is equal to 1 for most pupils because there were only
a few instances of two pupils in the same school having the same result for ma and ma

When any of the random effects are not intercepts, we must specify the sets of variables whose
linear combination multiplies the random effects. This is done by defining equations prior to
running gllamm using the e command (still available in Stata 7 but undocumented). The syntax
is

eq na e var var ovar

The equation can now be referred to by its name and the variables on the right hand side will

be combined to form a linear combination as in equation (1.2). In the gllamm command, we
must first specify that there are two random effects at level 2 using the r option. We then
use the e option to specify that one of the random effects, the random intercept, multiplies a
variable, , equal to 1 and the other random effect, the random coefficient, multiplies ma
Initially, we will assume zero correlation between the random slope and intercept by using the
r option. The e g option is used to inform gllamm that the data are in collapsed form
and that represents frequency weights for the level 1 units. (gllamm will also look for a

variable, but if this is not found, as here, the level 2 weights will be assumed to be equal to 1.)
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The within-school (residual) level 1 variance is estimated as 26.94 with a standard error of 1.36

In order to interpret the level 2 variances, we need to consider that, in the e option,
equation _ was specified first, followed by equation _m . Therefore, the first random effect
is the random intercept (it multiplies ) and the second random effect to be the random slope
of ma . The random intercept variance, ar , is therefore estimated as 4.10 with a standard
error of 0.99 and the random slope variance, ar , is estimated as 0.037 with a standard error
of 0.020. The output reminds us that the covariance was fixed at 0.

Comparing the estimated variance of the random coefficient with its standard error (using a
Wald test) gives the impression that it is not significant at the 5 level. However, the variance
estimate is unlikely to be normally distributed and the Wald test is known to be invalid when
the null value is on or near the boundary of the parameter space. A likelihood ratio test should
therefore be used. The program estimates the Cholesky decomposition of the covariance matrix of
the random effects. Since the covariance was set to 0, the Cholesky decomposition is diagonal with
diagonal elements equal to the standard deviations (apart from the sign which may be negative).
We can obtain the standard deviation estimates and their standard errors using the all option:
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The standard deviation of the random coefficient is estimated as 0.193 with a standard error of
0.05 - this would be significant at the 5 level. ( 1 - is the log standard deviation at level
1.)

In order to carry out the likelihood ratio test, we will now fit the model without a random
coefficient for ma . It will be quicker to use as starting values the previous estimates, obtained
using e, and passed to gllamm using the r m and p options. Since the parameter vector
has equation name and column name for the intercept standard deviation estimate
(see above), we will use the option e — although this would normally not be necessary for
a random intercept model:

The likelihood ratio test is

showing that the effect of ma varies significantly between schools.

We now introduce a correlation between the random slope and intercept, using as starting values
the estimates from the model with uncorrelated slope and intercept (these estimates are still in the
vector a):
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The intercept and slope are highly negatively correlated (correlation -0.869). The difference in
log-likelihoods indicates that this correlation is highly significant.

Again, the Cholesky decomposition of the covariance matrix, , was estimated and the covari-
ance matrix and corresponding standard errors were computed from and its standard errors. To
view these ‘raw’ parameters, use the all option. Since the parameters have ust been estimated,
we can simply redisplay them in their raw form using the command gllamm all .

We will now use adaptive quadrature to improve the parameter estimates. We would recommend
always trying adaptive quadrature if the responses are continuous (or perhaps for any types of
responses). Simply run the same command as before but with the adap option.
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These estimates are close to those obtained using MLwiN, namely fixed effects (standard error):
0.6124 (0.04283) and 30.59 (0.3657), level 1 residual variance: 26.96 (1.343) and covariance matrix
of the random effects:
4585 (1 91) 0 3603 (0 1189)
03606 (0 1189) 0034 3 (001704)

We can use gllapred to obtain the posterior means (empirical Bayes predictions) of the random
effects:

This creates four variables, m and m containing the posterior means of the random intercept
and coefficient, respectively, and and containing the corresponding posterior standard de-
viations. (The final log-likelihood value returned by gllapred should be the same as that returned
by gllamm, otherwise there is a problem!)

alues of the posterior means are created for each observation in each school. This can be seen
by listing the same observations as before,

We can summarise the values of m and m for the 48 schools by first creating a dummy
variable, , that is equal to one for only one observation in each school:
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The variances of the posterior means are smaller than the estimated variances of the (prior)
distribution of the random effects. This is because the posterior means are ‘shrunken’ towards the
mean of the prior distribution, in this case 0. They are therefore sometimes referred to as hrin a e
eti at r.

We can use gllapred with the 1 pred option to get predicted values for each individual child
based on

(3.3)

where and  are the fixed parameter estimates and and are the posterior means of the
random intercept and slope, respectively.

We can plot the predictions agains ma for each school by first sorting the data by ma
within 1 and then using the e option which connects only groups of points for
which ma increases:

The resulting graph is shown in Figure 3.1.

Level 1 residuals could be computed by subtracting 1lp from ma . The empirical Bayes
estimates are sometimes considered level residuals. Outlying schools could be detected by dividing
the level residuals by the standard errors (the posterior standard deviations).

See also Section 5. for a discrete random effects version of this model.
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Figure 3.1: Predictions from random coefficients model for SP data.
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