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Abstract
Designs for 0tting a generalized linear model depend on the unknown parameters of the model.
The use of any design optimality criterion would therefore require some prior knowledge of the
parameters. In this article, a graphical technique is proposed for comparing and evaluating designs
for a logistic regression model. Quantiles of the scaled mean-squared error of prediction are
obtained on concentric surfaces inside a region of interest, R. For a given design, these quantiles
depend on the model’s parameters. Plots of the maxima and minima of the quantiles, over
a subset of the parameter space, produce the so-called quantile dispersion graphs (QDGs). The
plots provide a comprehensive assessment of the overall prediction capability of the design within
the region R. They also depict the dependence of the design on the model’s parameters. The
QDGs can therefore be conveniently used to compare several candidate designs. Two examples
are presented to illustrate the proposed methodology.
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1. Introduction
Since the introduction of generalized linear models (GLMs) by Nelder and Wedderburn (1972), the focus of attention in optimal design theory has shifted from the
traditional linear model to these more general models. However, the main design optimality criteria, such as A-, D-, E-, and G-optimality, that is, the so-called alphabetic
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optimality, remain the same as in linear models. These criteria focus entirely on the precision of parameter estimates, which is measured by the asymptotic variance–covariance
matrix of the estimates. But, unlike linear models, designs for GLMs depend on the
unknown parameters of the 0tted model. This dependence problem causes great diJculty in the construction and evaluation of designs. Common approaches to solving this
problem include sequential generation of designs and the use of the Bayesian methodology. In the 0rst approach, initial values of the parameters are used as “best guesses”
to determine a “locally” optimal design. Response values are then obtained on the
basis of the generated design. In the next stage, updated estimates of the parameters
are developed and then used to determine additional design points, and so on. The
implementation of such a strategy is feasible provided that the response values in a
given stage can be obtained in a short time, as in sensitivity testing (see Young and
Easterling, 1994). In the Bayesian approach, a prior distribution is assumed on the parameters, which is then incorporated into an appropriate design criterion by integrating
it over the prior distribution. For example, one criterion maximizes the average over the
prior distribution of the logarithm of the determinant of Fisher information matrix. This
criterion is equivalent to D-optimality in linear models. Bayesian versions of other
alphabetic optimality criteria can also be used such as A-optimality. The Bayesian
approach was discussed by several authors including Chaloner (1987), Chaloner and
Larntz (1989, 1991), Mukhopadhyay and Haines (1995), and Chaloner and
Verdinelli (1995).
In this article, we consider the problem of discriminating among designs for logistic regression models. These models are appropriate for binary data situations which
are frequently encountered in dose–response, quantal response, and success–failure
experiments (see, for example, Carter et al., 1986; Vidmar et al., 1992;
Piegorsch, 1998).
Since in small samples the parameter estimates for a logistic regression model are
biased, we consider the mean-squared error of prediction (MSEP) as a criterion for
comparing designs. The MSEP incorporates both the variance and bias associated with
the estimated mean response. As in any other design criterion for GLMs, the MSEP
depends on the unknown parameters of the model. A graphical procedure is introduced
for comparing designs using the so-called quantile dispersion graphs (QDGs) of the
MSEP. These graphs provide an assessment of the overall prediction capability of a
given design through a visual display of the MSEP. They also give a clear depiction
of the dependence of the design on the model’s parameters. Khuri and Lee (1998)
used a graphical procedure for comparing designs for nonlinear models. The proposed
graphical procedure generalizes the work of Khuri and Lee (1998) by addressing nonnormality and nonconstant error variance.
The remaining portion of this article is organized as follows: in Section 2, a general expression for the MSEP is developed for GLMs. An application of this expression to logistic regression models is presented in Section 3. The graphical approach
based on the QDGs is described in Section 4. Two examples are presented in Section 5 to illustrate the use of the QDGs. Finally, concluding remarks are given in
Section 6.

