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Within the last few years, geographers and researchers in other cognate disciplines
with geographic concerns have begun to use multilevel models. While there are sev-
eral useful existing introductory accounts of these models in the geographical litera-
ture, this paper secks to extend them in three main ways to clarify and emphasize
further the substantial opportunities they afford. First, it focuses on how multilevel
models are centrally concerned with modeling population heterogeneity as a function
of predictor variables. Second, it considers and illustrates a number of specific inter-
pretive issues that can arise when conducting multilevel analyses of place effects.
Lastly, it traces some more general, conceptual issues surrounding the use of multi-
level models in geographical research. The arguments made are illustrated through an
analysis of variations in drinking behavior using data from a typically complex, large-
scale survey; particular attention is given to the inclusion of categorical predictors.

Multilevel models are now being used by geographers in certain subdisciplinary
areas, most especially political (for example, Jones, Johnston, and Pattie 1992;
Carmines, Huckfeldt, and McCurley 1995; Charnock 1996) and health geography
(for example, Congdon 1995; Duncan, Jones, and Moon 1995; Gould and Jones 1996;
Langford and Bentham 1997; Shouls, Congdon, and Curtis 1996; Verheij, de Bakker,
and Groenewegen 1999). Such models have also been taken up by researchers in
other cognate disciplines with intersecting geographic interests and concerns. In
health studies, for example, they have been employed by epidemiologists, public
health practitioners, community psychologists/health promotion specialists and
health economists (for example, Von Korff et al. 1992; Hedeker et al. 1994; Carr-Hill
et al. 1994; DiezRoux 1998; Reijneveld 1998).

The key motivating reason for using multilevel models in this work has been to in-
vestigate the extent and nature of spatial variations in individual outcome measures.
More specifically, while often there is unequivocal evidence that individual outcomes
are different in different places, the source of such differences remains far from clear.
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In Britain, for example, it is well established that there is a North-South divide in life
expectancy with those in the North tending to live shorter lives (Britton 1990). One
explanation for such a difference might be “compositional” effects—there is a clus-
tering of people in the North who, because of individual characteristics (for example,
low social class), are more likely to die younger. On the other hand, they may arise
from “contextual,” “area,”or “ecological” effects associated with the characteristics of
places themselves rather than just the type(s) of people that they contain.

One obvious research question is the relative contribution of compositional and
contextual factors. Due to several technical reasons, this is better answered using
multilevel models rather than traditional single-level techniques (DiPrete and For-
ristal 1994; Hox and Kreft 1994). Multilevel modeling is, however, more than simply
a means of separating compositional and contextual effects in overall terms. First, it
provides a way of assessing for which types of people contextual effects matter. In-
stead of there being simple, overall differences between places, there may be impor-
tant people-place interactions: contextual effects may not be the same for all types of
people. Second, it offers a way of showing whether the differences between individu-
als themselves are too complex to reduce to simple summary “averages.” Multilevel
models are, therefore, a means of investigating complex between-place and between-
people differences. They provide a way of explicitly modeling heterogeneity.

This paper seeks to clarify and elaborate this view and consider the potential and
opportunity that multilevel modeling holds. It is not an introductory account, but a
development of such accounts that already exist in the geographical literature (for ex-
ample, Jones 1991; Jones and Duncan 1996; Bullen, Jones, and Duncan 1997). This
development occurs in three main ways and corresponds with how the rest of the
paper is structured. First, the paper focuses explicitly on how multilevel models are
centrally concerned with modeling population heterogeneity as a function of predic-
tor variables. Second, it outlines a number of specific interpretive issues that can arise
when conducting multilevel analyses of place effects. Each is illustrated through an
analysis of variations in drinking behavior using data from a typically complex, large-
scale data set and one of the most popular specialized software packages. Third, it
traces some important general conceptual issues relating to the use of multilevel
models in geographical research. This emphasizes further the capacity and usefulness
of the technique as well as signaling broader points of debate and reflection.

MULTILEVEL ANALYSIS: MODELING AVERAGES, MODELING HETEROGENEITY

We will begin by considering a simple analysis of drinking behavior. More specifi-
cally, motivated by recent arguments for a contextual understanding of health and
health behavior (Blaxter 1990), our concern is with establishing how alcohol con-
sumption differs between people of different ages and whether geographies of drink-

ing relate to people’s age. We begin with a single-level regression model:

Y = Boxo + By + (&) (1)

where y, is the number of units of alcohol consumed in a week by an individual, 7, x,
is a set of 1s to represent the constant, and x, is the continuous predictor variable,
age. In such a model, if the predictor variable age, x,, is centered about its mean, B,
the intercept, gives the average weekly alcohol consumption for a person of average
age. The slope, B, gives the average change in alcohol consumption for a unit change
in age. :

T%u's model provides estimates of the “average” age-alcohol relation, but it does not
allow for heterogeneity either between places nor between individuals within places.
As the two parameters, B, and B, are fixed—that is, they are not subscripted and only
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take one value—the model assumes there is one “universal” alcohol consumption-age
relationship: thus, differences between places in the alcohol-age relation are not per-
mitted. The model also does not allow heterogeneity between individuals. While the
parameter, €, captures the differences between individuals not accounted for by the
fixed parameter, age, it is summarized by a single variance term, 62. Such ho-
moskedastic assumptions may be quite unrealisitic. People of different ages may be
differentially variable in their alcohol consumption. While young people may have
similar drinking habits, older people may be much more variable; put another way,
between-individual variation may change according to age. .

In contrast to the single-level model outlined above, multilevel models are con-
cerned with modeling both the average and the variation around the average. To do
this, they consist of two sets of parameters: those summarizing the overall, average re-
lationship(s); those summarizing the variation around the average at both the level of
places and people. This latter set come to form equations that give the total amount
of variation at a level as a function of predictor variables. Returning to our example,
we could specify the variation in alcohol consumption between places, j, as a qua-
dratic function of age, x,, by writing the equation:

variation between places = Yo + Yixyy + Yoxly - (2)

We could also specify the variation between individuals as a quadratic function of age,
x,, by writing the equation:

variation between individuals = hgxg; + Mxyy + Agxdy . (3)

Each equation consists of three parameters, one of which is associated with the con-
stant, xo, while the remaining two are associated with age, x;. Such equations are con-

sistent with the following fully specified multilevel model:

Y5 = Bovoy + Bixiy + (Hofoy T My + Euftoy + Ergftry) - (4)

In this model, where i represents individuals and j places, the parameters B, and B,
are fixed and give the average alcohol consumption-age relationship. The remaining
subscripted terms in the brackets are random (where random means allowed to vary)
and represent the differences in alcohol consumption between places and between
individuals. In terms of the former, shown by the parameters with a single j subscript
for places, there are two terms—jly,; associated with xgy, and ; associated with x5!
Making the usual IID assumptions, these terms can be summarized in a set of
variance-covariance terms: G, 05y, and Gq,;. Following a well-known result (Weis-
berg 1980), the combined variability for two random variables is given by:

var(lly, Hy;) = Opo¥oy + 20u0u%1y + ofixdy . (5)

Thus, the total between-place variation is a quadratic function of age based on the
variance term for each variable and its covariance. This corresponds with equation (2)
such that Y, represents 6%, v, is twice the covariance G,,,, and ¥, is 63;.

In terms of differences between individuals, there are also two terms. Thus, mak-
ing the same assumptions and following a similar procedure, we obtain:

'In this case, both parameters have a straightforward interpretation: py is the difference in alcohol con-
sumption for ‘:ﬁerson of average aﬁe ina 1[_:a.rtm.lla.r lace from the national value, f3,, while j;; represents
the extent to which the place-specific alcohol-age relation differs from the national relation, B;.
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var(gy, €15) = O2fto; + 20eerxyy + Ooixdy . (6)

The total between-individual variation is a quadratic function of age and, so, corre-
sponds with equation (3), such that A, represents 0%, A, is twice the covariance G,
and A, is 62;.

In summary, the fixed parameters (B,, B,) give the overall, average alcohol con-

. sumption—age relationship while the random parameters combine to form quadratic

functions representing the differences between places and between individuals.? Two
important points follow from this. First, the size and magnitude of the random para-
meters reflect the particular relationships found. As an illustration of this, Figure 1
graphs one set of possible results. Figure 1(a) shows the shape of the between-place
variation in relation to age; Figure 1(b) shows the shape of the between-individual
variation; while Figure 1(c) plots the overall relationship (solid line) and the corre-
sponding 95 percent confidence intervals for the place-level population heterogene-
ity (dashed lines): these are approximated as the fitted line based on the fixed-part
terms plus and minus 1.96 times the square root of the estimated between-place vari-
ation around the line. From the graphs, we see that both between-place variation (1a)
and between-individual variation (1b) are a decelerating function of age. Such a situ-
ation would occur when all variances are nonzero and both covariances are negative;
it would imply that older people have more similar drinking habits and that between-
place differences are smaller for such people. As (1c) shows, these differences occur
around an overall relationship in which older people drink less (a positive fixed inter-
cept and a negative fixed slope). This graph also confirms that in the population the
greatest differences between places are for the young. The second point is that the
functions estimated are conditional on all the other parameters in the model. Thus,
when a series of fixed-part predictors describing individual characteristics are in-
cluded (for example, gender, social class, educational background, housing tenure,
and age), we obtain estimates of between-place heterogeneity that take account of
compositional factors. In other words, we have estimates of contextual effects.

Specifying the variation between individuals and between places as quadratic
functions may not always be appropriate. Rather than between-place or between-
individual differences increasing (or decreasing) at an accelerating (or decelerating)
rate, they may change in a linear fashion. To handle this situation, rather than speci-
fying quadratic variance functions as in (2) and (3) we would specify linear ones:

variation between places = Yroy + Yy )

(a) Between-place (b) Between-individual (c) Overall relationship

Variation
Variation

Age Age

Fic. 1. Results Based on Quadratic Functions

The sign of the covariance term(s) is obviously of key interpretative imgortance. If it is positive, varia-
tion increases as the predictor variable increases. If it is negative, variation decreases as the predictor vari-
able increases.
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variation between individuals = hxgy + Ay, . (8)

Although we would write the same overall model as equation (4) we would only esti-
mate one variance and one covariance at each level rather than a full set of variances-
covariances. Thus, we would specify:

var(ly, Wy) = Ghucto; + 2000151y 5 (9)

var(eoij, 31;']') = G%;Oxmj + 2Cpe1%1; (10)

where, as before, the parameters here correspond with those in the equivalent equa-
tions, (7) and (8).

Although estimating a covariance when there is only one variance might seem con-
tradictory, such a specification is entirely feasible (Goldstein et al. 1998) and usefully
emphasizes the “true” meaning of random parameters. While on some occasions [for
example, equation (5) and equation (13) later] they are individual terms with singular,
accepted meanings—variances and covariances—thinking of them more generally as
constitutive elements of overall variance functions is more accurate [as given by
equations (2) and (3) (quadratic) and (7) and (8) (linear)].® By extension, it is the
functional form as a whole that has actual substantive meaning. Researchers should
not simply look at individual parameters [for example, the 0%, and 63, of equation
(5)] but need to consider the estimates for the function as a whole.

This deeper understanding has been downplayed in most existing accounts of mul-
tilevel analysis in the geographical literature. In such accounts, notions of higher-level
(between-place) variation have been developed through ideas of distributions of
place-specific slopes and intercepts. While a useful heuristic device for introductory
purposes, such ideas can lead to a misplaced emphasis on random parameters having
specific individual meaning (varying slopes, varying intercepts) and relating to spe-
cific individual places (those sampled). The perspective developed here has empha-
sized that parameters must be seen within overall variance functions. From such a
perspective, not only does the linear formulation appear quite reasonable, but the
whole idea of between-individual variation also makes more sense since specific
level-1 slopes and intercepts [€,; and €5 in equation (4)] are never meaningful.

Figure 2 illustrates one set of possible results for a model based on linear variance
functions. For both between-place variation (2a) and between-individual variation
(2b), these are negative. As before, they would be based on nonzero variances and

(a) Between-place (b) Between-individual (c) Overall relationship

Variation
Variation

Age Age

Fic. 2. Results Based on Linear Functions

3Wwithin the multilevel literature, it is usual to use the terms variances and covariances throughout
though quotes are put around “covariance” to show when this term is a convenience. In the remainder of
this paper, we follow this convention.
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negative “covariances,” though now there would only be two of the former, one at
each level. The differences again occur around an overall relationship in which older
people drink less (2¢).

Rather than specify quadratic or linear functions, it may, of course, be appropriate
to specify constant functions so that the between-place and between-individual varia-
tion is unchanging with age. Thus, we would specify:

variation between places = Yoy 5 (11)

variation between individuals = Axg; (12)
which would correspond with

o2 okoy (13)
and

O 2oy (14)

while the overall model would be simplified to

Yy = Boxoy + Byt (Mopos + €oioy) - (15)

In this most simple case, therefore, the variance function at each level consists of only
one parameter associated with x; since the differences are unchanging with age. Re-
garding equation (13), there are still place differences but these are held to be the
same at all ages. Put differently, there are no differential geographies of drinking ac-
cording to age: places that are high for the youngest are also high for the eldest.
Equation (14), meanwhile, obviously corresponds with the usual assumption of ho-
moskedasticity in single-level regression. As before, one set of possible results for this
model can be graphed and this is done in Figure 3. These confirm that while there
are both differences between places (3a) and people (3b) these do not change with
age. Accordingly, the 95 percent “tramlines” for place-level population heterogeneity
are parallel (3c).

Crucially, since they are based on random parameters, the variance functions relate
to the broader population rather than simply the specific people or places sampled.
This way of handling heterogeneity is in direct contrast to long-standing techniques
such as ANOVA/ANCOVA and to more recent ones such as the expansion method
(Cassetti and Jones 1992), both of which can involve expanding the number of fixed-
part parameters through the inclusion of dummy or indicator-coded variables to de-

(a) Between-place (b) Between-individual (c) Overall relationship

g N % N
1 o
s s
Age Age Age

Fic. 3. Results Based on Constant Functions
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note particular places. As Jones and Bullen (1994) reveal, such approaches are nei-
ther efficient nor parsimonious. More significantly, since they use traditional OLS es-
timation procedures, they are unable to handle between-individual heterogeneity
since this violates the assumption of homoskedasticity. At the same time, inferences
of between-place heterogeneity are based only on the specific places explicitly identi-
fied and not the wider population from which they are drawn. The multilevel ap-
proach, meanwhile, involves expanding the number of random terms, making
iterative estimation procedures necessary. Both between-individual and between-
place heterogeneity are easily accommodated and inferences are made for the
broader population. It should, however, be noted that, at the place-level, predictions
of specific relationships (the ;s and the uljs) can be obtained once the overall vari-
ance functions have been estimated.* In light of this, a multilevel estimation proce-
dure can be viewed as a two-stage process. In the first, the overall variance functions
are estimated together with the fixed-part parameters. In the second, these overall
summaries are combined with place-specific information to derive predictions of
place-specific intercepts and slopes. If a particular place has few observations or if
there is little variation in the predictor variable(s), the predictions for such a place will
be down-weighted or shrunk toward the overall fixed relationship (Morris 1983). A
reliably estimated within-place relationship will, however, be largely immune to this
shrinkage. In Bayesian terminology, these predictions are known as the posterior
residual estimates.® .

In summary, multilevel analysis is centrally concerned with modeling population
* heterogeneity, both at the level of people and at the level of places. This is achieved
through the specification of variance functions based on random parameters. Noth-
ing new or different is involved in extending them to three or more levels. Crucially,
the technique contains no built-in assumptions about the heterogeneity that exists at
a particular level; instead, the researcher can specify different functional forms at
each level to see which receives the best empirical support from the data. While
here we have shown cases where the functional form is the same at each level, in re-
ality they might be different. Such a two-level situation is shown in Figure 4. Here,
the between-place variation increases with age according to a quadratic function

(a) Between-place (b) Between-individual (c) Overall relationship

Variation
Variation

Age Age
Fi1G. 4. Results Based on Quadratic Function at Level 2 and Linear Function at Level 1

“It should be noted that these have deliberately not been included on F‘ifures 1-3 (cf. existing introduc-
tory accounts referred to earlier) so as to emphasize the key concept of modeling population heterogeneity
rather than plmciﬁc relations. '

SBy usin(% shri e estimators, multilevel models have the potential to avoid the misestimation prob-
lems caused by small numbers and sampling fluctuations in traditional methods based on single-levefsep-
arate regressions. It should be noted, however, that their use does not find favor with everyone and it is
important to appreciate how they work; as de Leeuw and Kreft (1995, p. 184) note in relation to work on
school performance, it helps to explain “the frustration of the principal of an excellent school who sees the
predictions of success of her students shrunken towards the mean.” A fuller discussion of shrinkage esti-
mators within multilevel models can be found in Jones and Bullen (1994) and more attention is given to
using the predictions that they generate later in this paper.
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(4a) while the between-individual variation decreases with age according to a linear
function (4b). In 4c, the dashed lines represent 95 percent confidence intervals for
individual-level population heterogeneity around six place-specific lines and the
overall line. While older people are less variable, there are greater place differences
for such people.

INTERPRETING HIGHER-LEVEL HETEROGENEITY

Approaching multilevel analysis from the perspective developed in the preceding
section emphasizes the way in which it offers an extremely flexible and versatile tech-
nique for investigating heterogeneity. Such flexibility and versatility does bring with it
certain demands and consequences. In this section, we use a “real”® multilevel analy-
sis of alcohol consumption to outline and illustrate three particular situations that re-
searchers should be mindful of. From the outset, we should make it clear that this is
not done to diminish the value of multilevel modeling for geographical research;
rather, it is meant to help geographical researchers appreciate more fully the oppor-
tunities that the technique presents. :

The analysis that we consider is based on data from the first British Health and
Lifestyle Survey (HALS1) (Cox et al. 1987). This is a complex, large-scale, hierarchi-
cally structured data set that, as well as having been widely used (for example,
Humphreys and Carr-Hill 1991; Duncan, Jones, and Moon 1993, Lewis and Booth
1994; Mitchell et al. 1998), is typical of survey data sets used in other research areas.
It is based on a multistage (hierarchical) sampling design of individuals within elec-
toral wards (small administrative units) within constituencies (larger political units)
which we have further nested within regions. Thus, in the present analysis, three-
level models are specified based on a structure consisting of 6,211 individuals at level
1 (all those who completed a drink diary), nested within 396 electoral wards at level 2,
nested within 22 regions at level 3 as defined by The Economist classification (John-
ston, Pattie, and Allsopp 1988). The response variable is continuous and represents
the number of units of alcohol consumed in a week. The analysis was performed
using the MLwiN software package (Goldstein et al. 1998).

Different Implementations

One usual starting point in multilevel analyses is to estimate what is known as a null
model. This is an extremely simple model and is similar to that given in equation (15),
that is, the variation at each level is summarized by a single parameter. There are,
however, no predictor variables; only the constant is included. Thus, as well as esti-
mating the grand mean, such models provide an estimate of the total variation at each
level without taking account of population composition. As already stated, if a range
of individual predictor variables is then included, it becomes possible to see how
compositional factors affect the degree of variation at each level. More specifically, it
shows whether geographies remain that do not relate to the types of people in partic-
ular places.

Table 1 gives the results for alcohol consumption in HALSI before and after in-
cluding a set of predictor variables for age, gender, social class, employment status,
housing status, marital status, ethnicity, household income, and age leaving school.
This list of variables is in accordance with those normally used in public health/epi-
demiological research. In contrast to econometric applications, price is not included.

5By “real” we mean that we have not manipulated the data in any way to produce the situations that we
consider. Instead, they occurred naturally during a period of data analysis conducted by the authors. That
said, however, our intention here is not fo offer a definitive analysis of drinking behavior but to represent
situations that may arise in any typical piece of large-scale survey analysis using multilevel techniques.
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TABLE 1
Results for the Constant Variation Models without (Column A) and with (Column B) Level-1 Predictors

(A) (B)
Fixed Effects
Level-1 (Individual)
Constant 11.88 (0.37) 5.31 (0.57)
Age —0.10 (0.02)
Gender
Male 11.94 (0.38)
Social Class
I&II —-0.41 (0.52)
111 nonmanual -1.46 (0.61)
V&V -0.08 (0.53)
Missing -2.42 (1.39)
Employment Status
nemployed 2.55 (0.87)
Housing Status
Local Authority renter 1.63 (0.50)
Other renter 0.87 (0.72)
Missing —4.72 (3.45)
Marital Status
Single 2.86 (0.58)
Widowed 1.63 (0.88)
Divorced/Separated 3.89 (0.80)
Ethnici
Nonwhite ~7.10 (1.40)
Missin: -5.28 (2.18)
Household Income
Low (=£415 per month) -1.74 (0.53)
High (=£996 per month) 247 (0.59)
Missing -0.12 (0.54)
Age Leaving School
16 -1.21 (0.50)
Post-16 —0.85 (0.57)
Missing -7.89 (4.54)
Random Effects
Level 3 (Region)
Constant, 6%, 1.83 (0.90) 1.57 (0.76)
Level 2 (Ward)
Constant, 6%, 2.54 (1.38) 1.67 (1.11)
Level-1 (Individual) :
Constant, 6%, 253.2 (4.69) 209.3 (3.88)
NOTE: Esti P units of alcohol; figures in p b are standard errors.

This may seem to be a significant omission in terms of compositional effects. From a
multilevel perspective, however, the price of a good can be thought of more as an
area-level characteristic rather than an individual one—places might matter not only
through shaping consumption tastes/preferences but also through influencing price-
setting mechanisms. While there may be accompanying endogeneity problems (an
issue considered later in relation to other research), an interpretation of price as, in-
trinsically, local and relative does seem reasonable for our purpose here and fits with
existing research on the patterning of health-related behaviors rather than the analy-
sis of consumption functions for particular goods.

Apart from age, which was represented as a continuous variable centered about its
mean, the other variables are represented by dummy/indicator-coded variables con-
trasted with the base category of a forty-six-year-old employed woman who left school
before the age of sixteen, is married, does not belong to an ethnic minority, and lives
in an owner-occupied household with average income (£416—£995 per month), the
head of which is in social class III-manual. This base category represents the individ-
ual characteristics that occur most frequently among all respondents to the survey
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and the estimates shown in Table 1, column B, represent differences from these. To
test their significance, the ratio of an estimate to its standard error can be calculated;
if the result is more than *2, the estimate can be judged to be significantly different
from zero at the 0.05 level. The findings are substantially in accordance with estab-
lished research: alcohol consumption is greater for men, for the unemployed, for
local authority renters, for those not married, and for those in high-income house-
holds.

Of most significance, given our focus here, however, is that including these predic-
tors leads to a reduction in the size of both higher-level random terms. Neither
higher-level term is large in relation to its standard error or to the estimate of level-1
variation and, on the basis of a 2 test, only the region level intercept has marginal sig-
nificance (p=0.04). According to these results, therefore, it seems that places—be
they wards or regions—do not play any substantial independent role in shaping indi-
vidual drinking behavior.? In short, there are no strong geographies of drinking aris-
ing from place-contingent social and economic processes.

Following the early applications in educational research (for example, Raudenbush
and Willms 1991), it was considered that, like here, adding individual-level predictors
could only lead to a reduction in higher-level variation. It is, however, possible for
higher-level variation to increase after considering population composition. Thus,
genuine contextual effects can be hidden or masked by not allowing for social and de-
mographic composition just as easily as false contextual effects can be exaggerated.
While this has been found in other health geographic research (Shouls, Congdon,
and Curtis 1996), it is perhaps best illustrated through house prices (Jones and Bullen
1993). Places with genuinely high house prices may, for example, be characterized by
smaller, and usually cheaper, properties. Thus, Kensington, and other areas like it in
London are obviously expensive, but when account is taken of what is being sold
there (small apartments), they are even more expensive. If there are several such
areas, between-place variation can increase once composition is taken into account.

The practice of first fitting null models and then adding a range of theoretically rel-
evant individual-level variables is, therefore, a good one as any changes in the esti-
mates of between-place variation will reveal the precise eftect of compositional
factors, and, by extension, how places matter. While many researchers have, in fact,
followed this procedure, it is crucial that the importance of doing so is appreciated
and understood. In broader terms, what is really at issue is whether the fixed-part of
the model is well specified (that is, many appropriate and relevant individual-level
predictors have been included). Not only does this secure a more faithful estimate of
contextual differences, it also removes support for the argument that apparent con-
textual effects are simply a result of misspecified individual effects (Hauser 1970).

While model B in Table 1 took account of population composition, it remained ex-
tremely simple in terms of modeling between-pﬁlce heterogeneity: that is, only a con-
stant function was specified. Thus, according to this model the variation between
places is the same for all types of people. Such an assumption should not remain
untested, for it can mean that important place effects remain hidden. Unfortunately,
many applications, particularly, but not exclusively, the earlier ones, have not taken
advantage of this important, additional capacity. Earlier, we considered only the case

"For parameters in the random part of the model, the simple significance test just outlined should only
be regarded as a rough rule of thumb. A more reliable testing procedure based on y? statistics is available
within MLwiN and has been used here.

en the response is continuous, it is possible to calculate the proportion of total variation attributed
to each level by dividing the amount at that level by the total amount across all levels; this is also a measure
of the degree of intracéss autocorrelation. Contrary to Duncan, Jones, and Moon (1993), this procedure
cannot be followed when multilevel logit models are fitted to binomial responses since the level-1 variation
is calibrated on a different scale (proportional) to the higher-level variation (logit). Snijders and Bosker
(1999) do, however, provide alternative methods of calculation.
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where complex between-place heterogeneity is modeled as a function of a continuous
individual predictor, age. Now, we consider categorical variables. As an example, we
relate drinking behavior to social class where people are classified according to a sim-
ple upper- and lower-social class dichotomy.® Using dummy/indicator-coding such
that x, is defined as a set of 1s as usual, while x, is set to 1 when an individual belongs
to the high-social-class category and is 0 otherwise, we can follow the same procedure
as before to produce a model in which we allow for complex between-place hetero-
geneity on the basis of social class, such that

Y5 = Boxoy + Bitag + (Hoftoy + Wity + &) - (16)°

Again, the fixed parameters give the average values. Given the coding procedure
used, B, will represent the average alcohol consumption for a low social class individ-
ual while B, will give the average differential in alcohol consumption for high social
class individuals. As before, two random variables summarize the between-place vari-
ation and we can specify either a full quadratic or a linear function. In the case of the
former, we would estimate three parameters such that, given the coding procedure
used, the variation for low-social-class people would be estimated directly by 62,
while the degree of variation for high social class people would be given by the full

function:!!
O2te; + 20,051y T Opxdy (17)

In the case of the linear model, we would estimate only two parameters: variation for
low-social-class people would again be given directly by 6%, while variation for high-
social-class people would now be given by the function

Gﬁoxoy + ZGuOHle?-j . (18)

Of course, a constant function could also be specified by estimating only a single
term, Gﬁo, which would take us back to a model like equation (15) and the presump-
tion that between-place variation is unchanging by social class type. Due to the cod-
ing procedure used, parameters for the category representing the constant (low social
class) are estimated directly, while those for the other category (high social class) are
estimated as differentials from these. Thus, the average alcohol consumption for high
social class is not simply B, but B, + B;. At the same time, the between-place variation
for high social class is not simply 6%; but the appropriate linear or quadratic function
as a whole.

Returning to the analysis of alcohol consumption in HALSI, whilst between-place
variation could be considered in relation to any of the individual level predictors we
will explore differences on the basis of social class categorizations. Consequently, a
series of models are formed based on the procedure just outlined for specifying be-

°It is also possible to consider place effects in terms of subgroups of the population based on classifica-
tions consisting of more than two cate%ories (for example, low/middle/high) or more than one characteris-
3;:1 (for example, social class and age). For reasons of c]grity and space, we outline only the simpler cases in

s paper.

1‘EI‘OP mirror the empirical analysis, this model assumes there is no complex heterogeneity between peo-
ple; this assumption is relaxed later.

11As with continuous predictors, the covariance term is of key interpretive importance. If it is positive,
then high-social-class people will be more variable than low-social-class, but places that have high alcohol
consumption for one type will tend to have hi%h consumlption for the other. A negative covariance could
imply that either high-social-class people are less variable in their alcohol consumption across places or
that places that have high consumption for one type have relatively low consumption for the other. The
exact interpretation can only be reached by considering all three random terms simultaneously.
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tween-place heterogeneity as complex, nonconstant functions of dummy/indicator-
coded categorical predictor variables. More specifically, linear and quadratic func-
tions based on a series of dummy/indicator variables showing four categories of social
class—I&II, III manual, IV&V, and Missing—are specified while the constant repre-
sents the base category, III manual.!?

After exploring a series of different models, it is apparent that at the ward level the
most parsimonious specification involves fitting a quadratic function for social class
IV&YV, and a more simple linear one for the other dummy/indicator-coded categories.
The full results for this model are given in Table 2. As can be seen, all of the level-2

TABLE 2
Results for the Complex Level-2 Variation Model

Fixed Effects
Level-1 (Individual)
Constant 5.31 (0.57)
Age -0.09 (0.01)
Gender
Male 11.93 (0.38)
Social Class
1&I1 -0.54 (0.51)
I1I nonmanual -1.48 (0.58)
V&V -0.16 (0.58)
Missing -2.48 (1.36)
Employment Status
nemployed 2.45 (0.87)
Housing Status
Local Authority renter 1.45 (0.51)
Other renter 1.12 (0.71)
Missing -5.15 (3.41)
Marital Status
Single 2.87 (0.57)
Widowed 1.60 (0.88)
Divorced/Separated 3.98 (0.80)
Ethnici
Nonwhite -6.95 (1.39)
Missin: -5.22 (2.17)
Household Income
Low (= £415 per month) -1.66 (0.53)
High (= £996 per month) 2.46 (0.58)
Missing -0.06 (0.53)
Age Leaving School
16 ~1.20 (0.49)
Post-16 —0.63 (0.56)
Missing -8.08 (4.44)
Random Effects
Level 3 (Region)
Constant, 6% 1.20 (0.61)
Level-2 Random Part (Ward)
Constant, 0%, 6.30 (2.32)
Constant/I&II, 6,,0,; —4.46 (1.55)
Constant/III nonmanual, G, -8.83 (1.82)
Constant/IV&YV, Gyoys 0.27 (2.38)
IV, Gfm 16.33 (6.95)
Constant/Missing, Gy, -4.50 (4.26)
Level-1 Random Part (Individual)
Constant, 6%, 206.8 (3.92)

NotE: Estimates represent units of alcohol; figures in parentheses are standard errors.

12The social class categorization used was based on that applied in the survey that follows the Registrar
General’s classification. Social class III manual was chosen as tﬁe base category as it was the most prevalent
group amongst the respondents. The small number of individuals (2.1 percent) who were in full-time edu-
cation or the military, were unclassifiable, or had never been in an occupation formed a separate group
which is here given the title Missing,
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random terms except one display a range of values substantially different from zero.
Furthermore, on the basis of a % test, all of the terms are significant except the two
“covariances” between the base category, III manual, and IV&V and Missing (the
terms Gy, and Gyg,4 in Table 2). Thus, while on average social class differences are
not marked (see fixed effects), there are important differences between places. Con-
sequently, if we had fitted only a single-level model we would have found a set of av-
erage relationships suggesting class is unrelated to alcohol consumption, but these
would hide important place-specific differences.

Places (wards) may, then, play an independent role in shaping alcohol consump-
tion: certain social class groups are not drinking the same amount everywhere. These
results will be interpreted further in the next section. For the moment, however, let
us emphasize the broader issue articulated in this section. Different implementations
can generate quite different interpretations. If only simple models based on constant
functions are estimated, the results obtained can be misleading. On their own, simple
models do not show the need for more complex ones. More complex models, de-
pending on the results obtained, however, will show the value of more simple ones. In
light of this, therefore, researchers need to ensure that their models are realistically
complex (Best et al. 1996) without, at the same time, being overly complex (Jones and
Duncan 1996, p. 103).

Different Software Packages

As already noted, when using categorical predictors based on dummy/indicator
coding, values for the base category are estimated directly while those for the re-
maining categories are estimated as differentials from these. Using x, to represent the
base category, III manual, and x, to x, to represent the remaining categories—I&II,
III nonmanual, IV&V, and Missing, respectively—the between-ward variation for
each socidl class category according to the model in Table 2 is given by

1II manual: Gﬁoxoﬁ ; (19)
1&I1: Gty + 20,0u%yy (linear) ; (20)
III nonmanual: GJgte; + 20y0.a%sy (linear) ; (21)
IV&V: Gﬁoxo,-j + 20,0.5%35 + Gﬁgxw (quadratic) ; (22)
Missing; Gyotoy + 20,0u4%4y (linear) . (23)

Given that the predictor variables only take the value 0 or 1, the equations above re-
duce to the appropriate random parameter(s). Thus, for the model in Table 2 we ob-
tain the results shown in Table 3.

TABLE 3

Between-Ward Variability in Alcohol Consumption for the Different Social-Class Categories

Social Class Category Total Variation Relevant Terms (Functional Form}

III manual 6.30 oy

&Il -2.62 6% + 20,0y (Linear)

111 nonmanual -11.36 6% + 20,0, (Linear)

V&V 23.17 O%p + 2003 + 023 (Quadratic)

Missing -2.70 024 + 20,0u4 (Linear)
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These results confirm the interpretation just made. Certain groups—social class
IV&V and III manual—seem to display substantial degrees of between-ward variabil-
ity in alcohol consumption. Unfortunately, however, such results cannot be accepted
readily since the totalp variation for three social class categories is estimated as nega-
tive. In substantive terms, negative values like these do not have any sensible mean-
ing; instead, they are a sign of model misspecification: Such results also draw
attention to some important differences between two of the main specialized soft-
ware packages currently available.

In the present case, the results arise because of large negative values for the para-
meters we have been calling “covariances.” It is also possible that the parameters we
have been calling variances might (also) be negative. Sometimes, either situation
might not indicate a problem because, as we have kept emphasizing, it is the function
as a whole that matters. Thus, while specific parts of the function, including the vari-
ances, may take negative values, the overall total variation could remain positive. Cru-
cially, however, different software packages have different ways of handling individual
negative variance parameters. In HLM (Bryk et al. 1986), one of the two main pack-
ages and the one widely used in North America, they are simply not allowed. Al-
though understandable given that such results might appear nonsensical,'® this does
mean that researchers lose a useful diagnostic: as de Leeuw and Kreft (1995, p. 185)
put it, a “better indication that something is wrong.” MLwiN, the other main package
and the one used here, meanwhile, does allow them but, in default mode, will reset
them (and any associated covariances) to zero. While the user can choose to override
this, no formal notification is given if this is not done and resetting is initiated auto-
matically by the software.

Thus, although not made particularly clear in the literature to date, the issue of
negative variances is an important one. MLwiN users, in particular, need to be aware
that whenever zero estimates for higher-level variances and covariances are obtained,
models should be reestimated with the “allow negative variances” option selected.
Doing this will help establish whether the terms really are zero or whether they have
been set to zero by the software. This situation illustrates a more general, fundamen-
tal point. Choosing which software package to use is an important decision that can
have a large influence on the results obtained. To ensure accurate inferences are
made, researchers need to be aware of the way in which the particular package cho-
sen operates. As de Leeuw and Kreft put it:

some may think, it is (equally) irrelevant which computer program is used to compute
the estimates. But this is true in the same sense that it is irre}i)evant which means of trans-
portation you use to get to work. Eventually you will get there all right, no matter what
means of transportation you use, but walking takes hours, the bus is unpleasant, and an
old car breaks down all the time. (de Leeuw and Kreft 1995, p. 184)

Actually, there is even more to it than this. While a range of multilevel modeling
software packages are presently available, only MLwiN and BUGS (Gilks et al. 1993)
can perform all of the analyses discussed in this paper. Continuing de Leuuw and
Kreft's metaphor, therefore, certain modes of transport will not take you to all places.
A detailed overview and comparison of some of the packages available is presented by
Kreft, de Leeuw, and Van der Leeden (1994) and a full discussion is also available in
de Leeuw and Kreft (1995) though these are now becoming dated given the new
functionality of more recent software releases.

Different Overall Specifications

Negative variances/variance functions are, therefore, an important indicator that
population heterogeneity is not being correctly specified. One possible cause is that

B3From the perspective developed here, such confusion should be much less likely.
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no account is taken of complex forms of variation between individuals. Ignoring such
variation can also lead to exaggerated estimates of place differences as heterogeneity
between different levels can be confounded: what may seem between-place variation
may be within-place, between-individual variation. The model’s overall specification
at each and every level, therefore, also has important bearing on how we interpret the
importance and size of place effects.

To date, the published literature overall and the geographical literature in particu-
lar has focused on the elaborations of the higher-level random terms so as to capture
between-context heterogeneity. Indeed, this is all the current version of the HLM
package can handle. Between- individual variation has, meanwhile, tended to be
modeled only according to simple, constant variance functions [equation (14)]. As a
matter of routine practice, however, researchers should estimate models in which be-
tween-individual heterogeneity is specified according to complex linear and quadratic
functions for those individual predictor variables for which it might be expected to be
substantial. If this is not done, then models are only taking into account composi-
tional effects in terms of simple overall averages (the fixed parameters in the model)
rather than also in terms of how types of people vary among themselves. If such vari-
ation is important yet remains ignored, it is another way in which compositional fac-
tors can produce artifactual place-effects.

While we have considered only the case where complex between-individual het-
erogeneity is modeled as a function of a continuous individual predictor, it can also be
modeled as a function of categorical predictors. This presents some issues since indi-
viduals can only be in one category on any single dimension, making it impossible to
estimate all three terms required by the quadratic function (Goldstein 1995). A linear
model can, however, be estimated in one of two ways and we shall now show these by
extending our example based on a simple high/low social class categorization.

First, we can create two dummy/indicator variables, 2, and 2y, where z,; = 1 if
low social class, 0 if high social class and gy = 1 if high social class, 0 if low social
class, and specify the following functions at level 1:

variation (low social class) = Mzy ; (24)
variation (high social class) = hyz; . (25)

Two separate variances would, therefore, be estimated, giving the overall model:
Y5 = Boxoy + Bixyy T (Mooy + Myny + €215 + €529y) (26)
such that the variance of each group is given directly, that is, 62, and 6% respectively.
Alternatively, we can maintain a dummy/indicator coding approach and model the
differences between categories by specifying what is the level-1 equivalent of the lin-
ear formulation for between-place heterogeneity based on categorical predictors de-

scribed earlier. Thus, we retain %o and the dummy/indicator-coded variable, x5, and
model the total variance at level 1 as

var(Egoy + E3%1y) = Optoy + 20e0eiXyy - (27)
As equation (27) shows, we omit the variance of €,; and estimate only

var (gy) = 0% (28)
and

cov (Eg€15) = Oeoe (29)



294 / Geographical Analysis

which gives the overall model:

Y5 = Boxoy + Brrry + Mooy + My + €ty + €xyy) (30)

The separate between-individual variances can then be derived with the variation for
low social class being given by 6%, and the variation for high social class by 6%, +
20601 This procedure—modeling the difference in variability between categories and
then deriving the variances indirectly—can be easily extended to more than two cat-
egorlifs with the variances for the additional categories being derived in the same
way.

'{‘he importance of considering complex forms of between-individual variability
can be seen by further extending the analysis of alcohol consumption in HALSI.
Table 4 gives the results when between-individual heterogeneity is taken into ac-
count. This is done on the basis of gender as this was found to have the most substan-
tial effect. The second procedure summarized in equation (27) is adopted. As the
results show, not only are men likely to drink more on average (the ﬁxeg differential
effect for male, 11.86) they are also much more variable in their drinking habits.
Using the appropriate equations, the total between-individual variation for women is
48.5, while for men it is 377.1 [48.53+(2°164.3)]. As is also evident, the results for
the ward-level random-part have changed markedly. First, it can be seen that there is
now only one large negative value and, for this term, zero is within its 95 percent
credible interval. Thus, by taking into account between-individual variability, the
model is much better specified overall and we substantially reduce the problem of
negative variance functions. Second, we also see that the terms that were previously
estimated as significantly positive have reduced considerably; what seemed to be be-
tween-ward variability is actually an artifact of between-individual variability. Most
notably, therefore, allowing one variable (gender) to have complex variation at level 1
results in major changes in the parameters associated with another variable (social
class) at level 2. In short, the technique is flexible so that cross-confounding can be
considered by level and, simultaneously, by variable(s).

These results show clearly the importance of specifying models that take into ac-
count complex forms of between-individual variation. By so doing, not only do we
gain a valuable insight into differences between individuals that are substantively in-
teresting in their own right, but we are also more likely to have a well-specified model
in which place effects are correctly estimated. The present analysis provides a specific
illustration of the most likely outcome of a potentially general problem: the overesti-
mation of place effects when between-individual heterogeneity is ignored.

The model’s overall specification is also important in one other way. While so far we
have concentrated on modeling place effects through higher-level variance functions
based on random parameters, they can also be modeled by fixed parameters based on
variables describing place characteristics. Importantly, there are good grounds for
suggesting that such variables should always be considered. The reasons for this can
be found in a paper by Macintyre, Maclver, and Sooman (1993) considering area
variations in health status. As the authors emphasize, studies that attempt to classify
area variations into compositional and contextual components assume that the two ef-
fects can be easily separated. Strictly speaking, however, such a separation requires
that the type of areas in which people live is independent of their sociodemographic
characteristics. Given the often highly differentiated sociospatial structure of civil so-
ciety, this is somewhat unrealistic: certain types of people are more likely to live in
certain types of area.

“Overall, this second method is more flexible as it is reducible and should be used for complex classifi-
cations. For further details, see Woodhouse (1995) and Bullen, Jones, and Duncan (1997).
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TABLE 4
Results for the Model Including Complex Between-Individual Heterogeneity

Fixed Effects
Level-1 (Individual)
Constant 5.18 (0.33)
Age —-0.02 (0.01)
Gender
Male 11.86 (0.38)
Social Class
1&II -0.07 (0.33)
III non-manual -0.61 (0.39)
V&V -0.04 (0.36)
Missing -156 (0.81)
Employment Status
nemployed 2.74 (0.72)
Housing Status
Local Authority renter 0.17 (0.32)
Other renter 0.70 (0.46)
Missing -1.93 (2.43)
Marital Status
Single 2.27 (0.39)
Widowed 0.37 (0.52)
Divorced/Separated 2.55 (0.49)
Ethnici
Nonwhite -3.15 (1.00)
Missin . -3.99 (1.44)
Household Income
Low (= £415 per month) -0.89 (0.34)
High (= £996 per month) 1.94 (0.39)
Missing -0.12 (0.33)
Age Leaving School
16 —0.55 (0.32)
Post-16 0.41 (0.35)
Missing -6.94 (3.88)
Random Effects
Level 3 (Region)
Constant, 6%, 0.39 (0.23)
Level-2 Random Part (Ward)
Constant, o2, 0.26 (0.91)
Constant/I&II, Gy, —0.20 (0.65)
Constant/ITI nonmanual, Gyg.e 1.08 (0.85)
Constant/IV&V, G, 0.44 (1.01)
V&Y, 0‘2,.3 1.41 (2.42)
Constant/Missing, G,y -2.37 (1.52)
Level-1 Random Part rfﬁdividual)
Constant, 62 48.53 (1.34)
Constant/Male, Gygq; 1643 . (482)

Note: Estimates represent units of aleohol; figures in parentheses are standard errors.

This lack of independence between residential location and individual sociodemo-
graphic location has significant implications for research examining area variations in
general and, by extension, the use of multilevel models in geographical research. In
conceptual terms, researchers need to acknowledge that compositional and contex-
tual effects are often likely to be fused in some sense. In practical terms, this fusion
means that by including individual characteristics in multilevel models, researchers
may also in some way be taking into account place characteristics. If, however, these
place characteristics have not been explicitly identified, the model may overstate in-
dividual effects while place effects are understated. This situation is the equivalent of
model misspecification in single level regression due to omitted variables. As Deegan
(1976) and others have shown in this instance, bias occurs when omitted variables are
correlated with those included. Thus, by extension here, if we omit higher-level vari-
ables related to individual characteristics, and if both are related to the response,
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then bias can be anticipated. More specifically, should higher-level variance terms be
estimated as nonsignificant, it does not necessarily follow that there are no place ef-
fects; they may be being subsumed by the individual variables included.

Given this, researchers should routinely include relevant individual-level and
place-level predictors. This is achieved by simply extending the fixed-part of the
model to include higher-level variables.’® Moreover, when the individual-level pre-
dictors are categorical, interaction terms can be included to see whether the effect of
a higher-level variable is different for different types of people. Thus, returning to our
simplified example, we could extend the last overall model [equation 30)] to include
one higher-level variable, w;, measuring the percentage of low-social-class people in
a place, by writing the following:

Yy = Boxoy + Brryy + ooypgy + 0wy + (Hooy + My
+ Egrgy + E1xyy) - (31)

In this model, o; would give the effect of the socioeconomic ecology of places on al-
cohol consumption for low-social-class people while o, would show how different this
effect was for high-social-class people. More broadly, by explicitly recognizing the
character of places in terms of their social-class profile, we are in effect recognizing
that people belonging to certain social classes may live in particular t)ﬁ)es of places.
As this place effect, represented by the terms @, and 0s,, is now explicitly recognized
it will no longer be confounded with the individual effects for social class, the B, and
B, terms. Thus, fixed parameters associated with higher-level variables are an impor-
tant part of modeling place effects. As equation (31) also shows, however, such para-
meters do not supplant higher-level variance functions. Instead, the latter remain and
become conditional on both compositional and (fixed) contextual factors; they reflect
the variation between places unaccounted for by either individual-level or place-level
variables.

The possibility of misestimating place effects by omitting place-level variables from
the fixed part of the model can be illustrated by returning again to the analysis of al-
cohol consumption in HALS1. As we have seen, the previous set of results (Table 4)
seemed to suggest that local neighborhoods have little independent bearing on indi-
vidual drinking behavior. Extending the model to include a higher-level variable,
however, gives a different impression. The variable included is an index of depriva-
tion derived from ward data from the 1981 British Census. The index can be taken to
represent the broad socioeconomic ecology of the area in which respondents live; fur-
ther details of how it was constructed can be found in Duncan, Jones, and Moon
(1999). A full set of interaction terms is included to allow each of the social class
groups to have a different ward deprivation-alcohol relationship; the results obtained
when this is done are given in Table 5. The ward-alcohol relationships for different
social classes are shown graphically in Figure 5. It is clear from this graph that the dif-
ferences in alcohol consumption between the least (—10) and most (+10) deprived
wards are quite substantial. While there is some suggestion that the trend in con-
sumption with place-deprivation is less marked for those in social class I&II and even
reverses for the miscellaneous category, the results table shows that these differen-
tials are not significantly different from the base category of III manual. The depriva-
tion effect, therefore, does not seem to interact with individual social class. Table 5

151t should be noted that including place characteristics as higher-level variables in multilevel models
provides a more faithful estimate of their effect than if they are included within traditional single-level
models. For full technical details see Aitken and Longford (1986, p. 15); for several empirical illustrations
see Bryk and Raudenbush (1992).



TABLE 5
Results for the Model Including Higher-Level Variables

Fixed Effects
Level-1 (Individual)
Constant 5.18 (0.33)
Age -0.02 (0.01)
Gender
Male 11.86 (0.38)
Social Class
I&II -0.07 (0.34)
1] non-manual -0.50 (0.40)
V&V -0.05 (0.37)
Missing -~1.51 (0.83)
Employment Status
nemployed ’ 2.72 (0.72)
Housing Status
Local Authority renter -0.12 (0.34)
Other renter 0.63 (0.46)
Missing -1.87 (2.43)
Marital Status
Single 2.26 (0.40)
Widowed - 0.40 (0.52)
Divorced/Separated 2.56 (0.50)
Ethnicity
Nonwhite -3.20 (0.99)
Missin: -3.82 (1.44)
Household Income .
Low (= £415 per month) -0.93 (0.34)
High (= £996 per month) 1.98 (0.39)
Missing -0.09 < (0.34)
Age Leaving School
16 i -0.52 (0.32)
Post-16 0.44 (0.35)
Missing -7.08 (3.89)
Fixed Effects
Level 2 (Ward)
Deprivation 0.16 (0.07)
Deprivation®I&II -0.13 (0.09)
Deprivation*IIInon-man 0.01 (0.10)
Deprivation*IV&V -0.03 (0.10)
Deprivation®Missing -0.20 0.23)
Random Effects
Level 3 (Region)
Constant, 6%, 0.29 (0.19)
Level-2 Random Part (Ward)
Constant, 6%, 0.15 (0.90)
Constant/I&KII, 6,0, -0.16 (0.64)
Constant/III nonmanual, Gy, 1.06 © (0.84)
Constant/TV&V, 6,0, 0.52 (1.00)
VA, 62, 118 (2.40)
Constant/Missing, Gy, -2.29 (1.50)
Level-1 Random Part &ndividual)
Constant, 62 48.61 (1.34)
Constant/Ma(ie, Ceoet 163.9 (4.81)

h are standard errors.

NoTe: Estimates represent units of alcohol; figures in p
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Fic. 5. Individual Social Class and Ward Deprivation Relationships for Alcohol Consumption

also confirms that individual effects can be misestimated if higher-level variables are
excluded as many of these have reduced, albeit slightly.

These new results further emphasize the way in which multilevel techniques provide
a flexible and powerful way of exploring complex people-place relationships. Specifi-
cally, here, they suggest that the character of the local neighborhood does play some
role in shaping drinking behavior. More generally, they confirm a crucial analytical
point: if higher-level variance terms are estimated as nonsignificant after including indi-
vidual level variables (Table 4), it does not necessarily follow that higher-level variables
should be ignored. Given this, therefore, the argument of Hauser (1970) by which
place effects can always be viewed as an artifact caused by the misspecification of indi-
vidual-level effects needs to be routinely applied the other way round. Omitted variable
problems may apply just as much at the contextual level as at the individual one.

SOME IMPORTANT GENERAL ISSUES

While illustrated through a particular example, the specific issues considered
above may arise during any multilevel analysis. Importantly, there are also other,
more general, issues surrounding the use of multilevel models that require careful
consideration. Until recently, researchers in many disciplines seem to have been car-
ried away in an enthusiastic rush to use the new technique and such issues have
tended to be ignored. As a series of papers in a special edition of the Journal of Edu-
cational and Behavioral Statistics emphasize, however, that period is now over and
multilevel models have been the subject of close scrutiny and critical appraisal (see,
for example, de Leeuw and Kreft 1995; Draper 1995; Mason 1995). In this section we
wish to consider three issues raised in recent debates surrounding the evaluation of
multilevel models that are of particular importance in geographical research.

Operationalizing Context

The first issue relates to operationalizing context in terms of the hierarchical struc-
ture of particular data sets (Mason 1995). For example, it is HALSI’s multistage sam-
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pling design that provides the structure for the present analysis. On practical
grounds, this strategy makes perfect sense. This practical convenience may, however,
be bought at a considerable cost in.theoretical terms for at least three reasons. First,
more often than not the structure derives from convenient administrative boundaries
and while these may capture some notion of geographical context at different spatial
scales, they often have no explicit justification in terms of the outcomes being stud-
ied. Second, such boundaries imply a functional carving up of space that does not rest
easily with Massey’s (1991, p. 277) argument that “localities are not simple areas you
can easily draw a line around.” Finally, if based only on broad spatial units there can
be no recognition that “every citizen lies at the center of a social experience produced
by a series of intersecting, overlapping, layered environments” (Huckfeldt, Plutzer,
and Sprague 1993, p. 365). Jones and Duncan (1996) have identified one possible so-
lution to these problems involving the use of Openshaw’s (1977) automatic zoning
procedure and multilevel models based on cross-classified structures (Goldstein
1994).

Unlike basic hierarchical structures where individuals nest within one and only one
context at each higher-level, cross-classified structures allow individuals to nest within
a number of overlapping, or crossed, contexts at each higher level. In fact, only re-
cently have such structures become computationally tractable and work is now ap-
pearing that details how they can be specified and applied (Jones, Gould, and Watt
1998). One particularly good illustration of their substantive value is Goldstein’s
(1995) work in education where he reports a cross-classified multilevel model in
which pupils are nested in primary schools that are crossed with secondary schools.
Undertaking a simple pupil-within-secondary-school analysis while allowing for abil-
ity on intake suggests substantial differences in progress between secondary schools.
The cross-classified analysis, however, shows that most of this difference is attribut-
able to the primary school level. Thus, explanations for between-school differences
need to be sought at more than the current school setting. In geographical research,
the possibility of looking in the wrong place is ever present. Failing to recognize over-
lapping/multiple contexts can be regarded as a potential source of misinterpretation
ancf misspecification in multilevel analysis. Cross-classified multilevel models, how-
ever, offer one important way of avoiding this.

Recent research has suggested that one other way of looking in the wrong place
may come from ignoring the immediate family context, that is, the household. Inter-
estingly, given our example, this has been prompted by research on drinking behavior
in Britain. Using a different national survey from that used here, Rice et al. (1998)
find that when households are incorporated as a level, between-local-neighborhood
differences are extremely small. Obviously, this has implications for our findings and
a number of both specific and more general points can be made. First, in our study
households could not be included as a level since only one person per household was
sampled in HALSI. Thus, due to the survey design, individuals and households were
confounded. As Rice et al. (1998, p. 974) note, this is quite usual in large-scale sur-
veys and emphasizes the need for survey design to be both practically and theoreti-
cally driven. Second, it should be noted that Rice et al.’s analysis considers only
simple, constant between-place variation. Furthermore, at no point in the analysis are
higher-level variables included. Given the findings here, these omissions may have as
much significance for understanding drinking behavior as failing to take account of
households. Third, there is no reason to believe that strong local geographies are al-
ways an artifact of ignoring households: multilevel research in other areas has, for ex-
ample, found important variation between places after taking into account significant
within-place, between-household variation (for example, Steele, Diamond, and Amin
1996; Pampalon et al. 1999).

The potential confounding effect of family factors has also been raised in recent



300 / Geographical Analysis

years in a broader literature that addresses the study of contextual effects in relation
to child and youth development [for a review see Duncan and Raudenbush (1999)].
Several workers have emphasized that since parents can, to some extent, choose
where to live, unobservable family factors can easily be mistaken for neighborhood
effects: as an example, parents who move to “better” neighborhoods might be those
who spend more time helping their children with their homework (for example,
Evans, Oates, and Schwab 1992). This issue—the endogeneity of contextual effects—
is under-researched and little considered. Here we would like to outline briefly cur-
rent thinking in this area while recognizing that debate on this complex issue is only
now starting to develop.

First, as Manski (1993) emphasizes, the only guaranteed solution to this problem is
the use of experimental or quasi-experimental data. Following Duncan and Rauden-
bush (1999), however, this gold standard is not, itself, without other problems (for ex-
ample, cost, representativeness, external validity). In view of this, a sensible approach
would be not to dismiss evidence from observational designs out of hand but to work
to ensure that such evidence is produced as carefully as possible. Presently, there are
three main ways this can be achieved within a multilevel context. First, and most sim-
ply in analytical (though not survey) terms, is the inclusion of data that “measure the
crucial omitted variables” (Duncan and Raudenbush 1999, p. 37). Second is the ap-
plication of specially developed multilevel instrumental variable estimation tech-
niques—one of the standard solutions to endogeneity problems in single-level
regression (Spencer 1999). Third is the use of longitudinal fixed-effects models based
on the nesting of panel observations for those who move neighborhoods within a
cross-classified structure (Rasbash 2000). While the second and third options are
technically complex and computationally intensive, they are the focus of ongoing re-
search and are likely to become more tractable, and widely used, with time.

Finally, we would like to note that while solutions such as cross-classified structures
certainly represent a new and important way of doing multilevel analysis, to us it does
seem rather limiting to think that these problems reduce completely to a technical fix.
Rather, we prefer to think of them as serving as a useful reminder that extensive,
quantitative techniques such as multilevel modeling represent space and context and
their effects in specific, particular ways (Dixon and Jones 1998).

Predictions and Uncertainty

The second issue arises from work focusing on the application of multilevel models
in performance measurement. Notions of composition and context as described ear-
lier in relation to geographical variations in individual outcomes have exact parallels
in research examining variations in institutional performance. For example, variations
in the performance of health service activities between different provider units (for
example, vaccination uptake rates in clinics; length of stay times in hospitals) can be
attributed to both the type of people particular units serve (compositional effects)
and the nature of the environment from and in which the service is provided (contex-
tual effects). To establish how well a particular unit is performing, adjustment must
be made for the type of people it serves. One way of doing this is through multilevel
analysis. In short, client-within-institution models need to be estimated including a
range of individual-level variables describing patient characteristics. Predictions for
specific institutions can then be obtained, conditional on patient composition, and
these can be ranked to construct the now familiar league tables (Goldstein and
Spiegelhalter 1996).

15This issue is unlikely to apply in the case of our empirical example in that people are unlikely to move
to a particular area on the basis of factors relating to alcohol consumption.
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Given this, it seems reasonable that the same procedure be used in geographical
applications to identify unusual and anomalous areas or places. Recent writings on in-
stitutional performance, however, offer important guidance that researchers need to
consider before doing this. First, it is apparent that there is, in some sense, a disjunc-
ture between using multilevel models to generate place-specific predictions and their
primary function of modeling population heterogeneity. As outlined earlier, since
multilevel analysis treats the places explicitly identified as a sample from a population
of places, the main focus is on the variability between places rather than the effects of
specific named places. Immediately, therefore, there is some conceptual distance be-
tween multilevel techniques and their use in identifying particular anomalous in-
stances.

In more practical terms, what needs to be remembered is that, while making pre-
dictions for specific places is possible based on shrinkage estimators, they are not sim-
ply point estimates; degrees of uncertainty are associated both with them and any
rankings that derive from them (Goldstein and Spiegelhalter 1996). As research on
educational performance is now showing, after careful modeling that adjusts for com-
positional factors and takes into account sample sizes, rankings carry such large un-
certainty bands that distinguishing between the performance of most institutions is
extremely difficult. For example, Draper (1995), commenting on work done by Gold-
stein and Thomas (1993) on school differences in pupil attainment, emphasizes that
when uncertainty is taken into account the resulting categorization of performance is
necessarily so broad that the majority of schools (70 percent) can be accurately lo-
cated only “somewhere in the middle of a large gray area” (Draper 1995, p. 133). This
is not a negative finding but is, instead, a positive, important result: schools might not
be as different as we might think.

This and other examples emphasize that, while multilevel analysis provides a ro-
bust way of investigating place heterogeneity in the population, care must be taken
when going beyond this to making specific statements about specific places. Crucially,
place-specific estimates depend upon the sample size in specific places. Places with
small sample sizes will have large confidence intervals; they will also contribute little
to the estimation of the population parameters given the precision-weighting estima-
tion procedure used. In brief, therefore, making comparisons between specific places
requires reasonable within-place sample sizes [Paterson and Goldstein (1992) sug-
gest a minimum of 25]. At the same time, there should also be as little difference as
possible in sample sizes between places if detailed comparisons are to be made.

Exchangeability Judgments

Finally, it is important to consider further the point of disjuncture just mentioned
. in relation to making place-specific predictions. Multilevel models treat the higher
level units as a sample drawn from a common population and inferences are made
about this population. However, just because multilevel models operate in this way
does not guarantee that they are appropriate in any particular instance. As Morris
(1995, p. 198) writes, “there are crucial exchangeability judgments embraced (in mul-
tilevel models) that sometimes are not carefully considered in applications.” Thus,
before using the technique, researchers need to be sure that, first, the sample of
places they are working with does, in general, come from (can be exchanged with/is
similar to) the population that they wish to make inferences about and, second, that
this holds true For each specific place for which they have data. If, for any reason, a re-
searcher believes that certain places are truly separate or that they come from differ-
ent populations, they should not be regarded as exchangeable with the remaining
random sample of places and they need to be treated as fixed effects. In our study, for
example, it might be that rural and urban places are so different that they comprise
two separate populations in such a way that one should be modeled using a
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dummy/indicator-coded variable in the fixed part. Whilst checking for this situation
can be done empirically after fitting a model and looking for outliers, there are dan-
gers to such an approach as the shrinkage estimation procedure will give a misleading
picture of similarity, especially when sample sizes between higher-level units are un-
balanced. As Draper (1995) points out, the only way to guarantee exchangeability is
by careful planning at the design stage before any data have been collected. Thus, re-
searchers must ensure that their study design involves collecting data from a repre-
sentative sample taken from a clearly defined target population.

Once again, therefore, there is a flexible solution within multilevel analysis: if, for
whatever reason, our data does contain untypical places, or two or more different
types of place, we can include appropriate dummy/indicator variables and interac-
tions as fixed terms, while still allowing the remaining places to form a higher-level
distribution. As before, however, this issue can also be thought of as prompting
deeper, more philosophical questions. For us, it extends beyond issues of research
design and takes us back to the heart of long-standing theoretical debates over gener-
alization and exceptionalism (Bunge 1966; Johnston 1985).

CONCLUSIONS

Multilevel models have several features that make them attractive in geographi-
cally based research. In this paper, rather than concentrate on repeating their techni-
cal advantages, we have sought to explain and emphasize further how, in more
general terms, they offer an extremely flexible, yet coherent framework for framing
and evaluating ideas about contextuality and variability. In doing this, we hope to have
shown that, as well as having the specific technical benefits well covered elsewhere in
the literature, such models encourage and foster rigorous thinking about places and
their effects.

As writers are increasingly recognizing, however, multilevel models are undoubt-
edly more complex, and, in the words of Draper (1995, p. 139), this opens “the possi-
bility of interpretive confusion and overstatement of what may be validly concluded
from a given body of evidence.” This paper has highlighted several issues that we be-
lieve geographical researchers using these techniques need to be particularly aware
of. Some of these are practical in nature and relate to model implementation and
specification. Alternatively, they may be associated with the design features of certain
software packages. Most importantly, the illustrative analysis emphasizes the key gen-
eral point that quite different substantive interpretations are possible depending on
which issues are considered and which are not. In the present instance, there may be
grounds for thinking that local neighborhoods play more of a role in shaping drinking
behavior, at least for certain types of people, than may immediately be apparent from
simple models, be they single or multilevel.

These issues should not be seen as invalidating the use of multilevel models in ge-
ographical research. In fact, they signal quite the reverse for, as the analysis presented
here shows, the flexibility and complexity of multilevel modeling can bring a range of
new and important insights. In comparison, standard OLS regression modeling does
seem over-reductionist, both in presuming that there are no differences between
places and that between-individual differences can be captured by a single, summary
measure. For these reasons, multilevel modeling techniques do, we believe, deserve
to be widely used by geographers and others doing geographic-related research. At
the same time, however, the present exposition should also serve as an important re-
minder that, like all statistical methods, multilevel models do need to be used “with
care and understanding” (Goldstein 1995, p. 13).
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