Discussion of the paper by Pardoe and Weidner

It gives me great pleasure to discuss the interesting application of mul-
tilevel random effect modelling to crime data given in Pardoe and Wei-
dner. Random effect modelling is increasing in popularity in virtually
all application areas as applied researchers realise the importance of ac-
counting for the structure of the data they have collected and any non-
independence that exists. Even within the area of crime and justice,
multilevel models are used for many problems as diverse as assessing
determinants of inmate violence (Huebner, 2003) to looking at disorder
in city neighbourhoods (Sampson and Raudenbush, 1999). Pardoe and
Weidner give an extensive list of further uses within this application area.
Much of this increase in interest can be attributed to user-friendly soft-
ware packages that are accessible to applied researchers. From a classical
point of view packages like HLM (Raudenbush et al., 2001) and MLwiN
(Rasbash et al. 2000) have offered users methods for finding maximum
likelihood estimates for random effect models for several years, and with
the incorporation of some random effect modelling in virtually all gen-
eral statistics software packages we can expect far more analyses being
published that use such methods.

The incredible increase in the speed of modern computers has al-
lowed Monte Carlo Markov chain (MCMC) methods to not only be-
come computationally feasible but to produce estimates in a reasonable
time for realistic applied problems. The advent of the WinBUGS pack-
age (Spiegelhalter et al. 2003) and the incorporation of some MCMC
methods in packages like MLwiN (Rasbash et al. 2000) has introduced
MCMC methods, and to a certain extent Bayesian statistics to a large
community of applied users. MCMC methods have advantages over most
algorithms that give likelihood-based estimates, in particular in the way
that algorithms can be easily ‘bolted together’ to fit additional model
features. Pardoe and Weidner illustrate this with their incorporation of
missing data imputation within their model structure. The other main
advantage of MCMC methods is that as they are simulation-based they
output chains of values from the posterior distribution of their unknown
parameters. This allows easy derivation of posterior distributions of
functions of parameters and this property is illustrated well by Pardoe
and Weidner in their figures of odds ratios.

In my discussion I would like to talk about four statistical topics
touched on in this paper; firstly the authors talk briefly about sensitivity
analysis and so I have a few comments on the sensitivity of prior distri-
butions; second the authors introduce an interesting univariate missing
data step into their model and I will describe some alternatives; thirdly



the authors present a single model with some justification of exclusion
of certain terms but no model comparison which merits some comment.
Finally I will discuss the authors use of interaction terms in the model.

1 Prior sensitivity

One major issue when using the Bayesian approach is the incorpora-
tion of prior distributions for the unknown parameters in the model.
The Bayesian approach has the advantage that if we have additional
information about parameter values that we can incorporate this infor-
mation into our modelling via prior distributions. Some Bayesians will
argue that we always have prior knowledge about the unknown parame-
ters in our model however often this information may be in fact that we
think all (or at least a large range of) values are equally likely for the
parameter. Thus there is a need for ‘diffuse’ or flat priors to express our
ignorance about the parameters prior to collecting the data. For certain
types of parameters, for example variance matrices, there is still some
debate on what is a sensible prior to use to represent ignorance. Par-
doe and Weidner’s model contains 13 sets of correlated random effects,
«; and these result in a 13*13 variance matrix, I'"! which they give an
inverse Wishart prior.
I'” Wishart(R, K)

When discussing prior distributions they state that ‘with small sam-
ples this choice can be critical, but with larger samples (such as in this
application) the choice is less crucial’. It should of course be noted here
that the important sample size here is the number of counties (39) and so
I would contend that in this example this is small given that a 13*13 ma-
trix is being estimated from just these 39 counties and hence the choice
of prior is important. Browne and Draper (2000) look at simulations of
a continuous multilevel model which contains a 2*2 variance matrix and
compare two inverse Wishart priors showing some of the biases that can
occur in small samples. Pardoe and Weidner give values of 10 along the
diagonal of R and zeroes elsewhere which should be justified. I would
be interested in seeing how much is in fact gained by including all 13
sets of random effects and whether a simpler model here would be more
appropriate given the fairly small number of counties. Other approaches
to finding a prior for variance matrices include the approach of Barnard,
McCulloch and Meng (2000) that considers instead the decomposition
of the prior parameters into a set of standard deviations and correla-
tions which the researcher may find easier to attribute prior estimates
to. It appears in fact that estimation of the variance matrix I'"! is not



of great interest to the authors since they do not quote estimates for the
matrix anywhere in the paper. Such estimates can be used to find out
the importance of the county in accounting for variability of the response
through the variance partition coefficient (see Goldstein et al. 2002). I
did however like the use of figures (3-7) to explain the main effects and
cross level interactions.

2 Missing data imputation methods

One advantage of the authors MCMC approach is that they can build in
an imputation step directly into their algorithm to account for missing
data. This means that rather than throwing away any records containing
some missing data or running some imputation to create one or many
‘complete’ datasets prior to estimating their model, the authors can
instead treat the missing data as additional parameters to be estimated
by the model. In their dataset the authors have 5 binary predictor
variables that contain missing data which range in quantity from 0.1%
missing for the predictor IMALE to 32.3% missing for the predictor
IPPRIS. For each predictor they fit a logistic regression model based
on a choice of predictors (from the remaining 7 complete predictors)
that appear to be correlated with the particular predictor. Although it
is sensible not to have predictors with missing data being used in the
prediction of other predictors there still may exist correlations between
these predictors and the authors avoid attempting to model this in their
modelling. Looking at the predictors (containing missing values) the
largest correlation is 0.27 between IACTCJS and IDETAIN which might
improve prediction of missing values. To include correlations between
the missing predictors the authors could use the latent variable approach
of Chib and Greenburg (1998) to fit a multivariate probit model for the
missing responses. Alternatively they could treat the 5 binary predictors
as a multinomial response with 32 (2°) possible responses and then the
missing responses would each take values from a subset of the possible
responses depending on which predictors are missing. This approach
would I suspect however be more difficult to implement. One reason the
authors may not have considered fitting a multivariate probit model is
that this is difficult to fit in the WinBUGS software they are using.

A final point on the missing data that needs considering is the dif-
ferences that exist between the counties in the dataset. Examining the
data it is clear that the predictor variables have different distributions
in each county, for example the percentage of IBLACK=1 ranges from
15.3% to0 90.0% at the county level. However the amount of missing data
is also dependent on the county in question, for example in county 12



the predictor IPPRIS is totally missing and so is being predicted from
the other counties where it is present. Given that some of the counties
also have 100% of their non-missing observations having IPPRIS=1 but
only a small number of observations non-missing it would be interesting
to find out why in these cases the variable is missing. It would also be
worth investigating if there are particular county policies on data col-
lection for certain predictor variables that would influence whether an
observation is missing.

3 Model Selection

I would like to have seen more information given on why the authors
came up with their final model. These days there are many MCMC
methods that include model selection in the modelling process. For
example reversible jump MCMC (Green 1995) can be used to perform
model averaging over a family of plausible models. There also exist diag-
nostics for example the DIC diagnostic of Spiegelhalter et al. (2002) that
allow comparisons to be made between alternative models. Although I
commend the authors for their model assessment (section 5 of the pa-
per) which is often neglected I would have preferred to have also seen
some more evidence of model selection and some evidence that the large
number of random effects in their model is really required.

4 Interaction terms

The authors model contains a phenomenal number of interaction terms.
In fact only five possible ‘cross-level” interactions (interactions between a
predictor variable at the individual level and a predictor variable at the
county level) are discounted and the reasons for these omissions are given
in the paper. I was surprised by the number of interactions included,
particularly as very few of them appear to be statistically significant.
On this point I question why the authors highlight in bold posterior
means that are bigger than their standard deviations; why not choose
the more common two standard deviations? My other main surprise in
the authors approach to interactions is the neglect of standard inter-
actions. For example have the authors tested for a simple interaction
between predictor variables such as IBLACK and IPPRIS? This would
seem equally as important to me as the cross-level interactions that the
authors focus on.
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