
SERIES EDITOR’S INTRODUCTION

In the modeling of human behavior, context can be terribly important.
Individual action may be determined by independent variables operat-
ing at different levels, from the micro to the macro. For example, the
campaign dollars that a voter contributes to a candidate could be a func-
tion of individual characteristics (e.g., the voter’s income and education)
and group characteristics (e.g., the voter’s neighborhood or professional
associations). Given these possible effects from different levels, the
researcher might estimate an ordinary least squares (OLS) regression model,
V = a + bI + cS + dN + eP + u, where V, I, and S = individual-level mea-
sures on contributions, income, and education, respectively; N and P =
group-level measures of the neighborhood and the professional association,
respectively; b and c = parameters of individual effects; d and e = parameters
of contextual effects; and u = error. Such an approach can be useful, and
is explicated in an earlier monograph in the series by Iversen, Contextual
Analysis, No. 81.

But, in the presence of multilevel effects, it can be difficult for OLS to
meet the classical regression assumptions. In particular, having individu-
als in the same group will likely lead to violation of the assumption of
uncorrelated errors. This circumstance, which is fully treated here, requires
multilevel modeling with maximum likelihood estimation (MLE). Multi-
level models are sometimes called other things—hierarchical linear models,
random coefficients models, mixed effects models—and the approach may
be single equation- or simultaneous-equations. The focus of Dr. Luke is on
single-equation, regression-style, two-or three-level modeling. He uses very
effectively the example of pro-tobacco voting by members of Congress as
a function of individual-level (e.g., PAC contributions) and aggregate-level
(e.g., the home state) characteristics, offering an MLE of effects from the two
levels, and providing an excellent discussion of goodness-of-fit measures—
deviance, Akaike Information Criterion (AIC), and Bayesian Information
Criterion (BIC).

Various extensions of the technique are provided. For instance, the use of
generalized hierarchical linear models (GHLM) for estimation in the case
of discrete or non-normal dependent variables is offered. Furthermore, there
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is discussion of longitudinal data where time is nested within person, as
in a health survey panel with respondents interviewed multiple times and
having considerable variability in their missing data. Such a condition is
difficult to treat with the standard repeated-measures MANOVA, but it can
be handled with multilevel modeling. Also, the autocorrelation problem,
typical of longitudinal data, receives explication. In the field of multilevel
modeling, issues of design and analysis are rapidly evolving, which makes
for much new and changing software. Fortunately, then, Dr. Luke provides a
detailed look at two popular packages—HLM and R/S-Plus—and provides
a table and discussion of more specialized programs, including those in SAS
and SPSS. For researchers who want a sophisticated discussion of multilevel
models in plain language, this is their monograph.

—Michael S. Lewis-Beck

Series Editor
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