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Abstract

BACKGROUND—Demography is an inherently spatial science, yet the application of spatial
data and methods to demographic research has tended to lag that of other disciplines. In recent
years, there has been a surge in interest in adding a spatial perspective to demography. This sharp
rise in interest has been driven in part by rapid advances in geospatial data, new technologies, and
methods of analysis.

OBJECTIVES—We offer a brief introduction to four of the advanced spatial analytic methods:
spatial econometrics, geographically weighted regression, multilevel modeling, and spatial pattern
analysis. We look at both the methods used and the insights that can be gained by applying a
spatial perspective to demographic processes and outcomes. To help illustrate these substantive
insights, we introduce six papers that are included in a Special Collection on Spatial Demography.
We close with some predictions for the future, as we anticipate that spatial thinking and the use of
geospatial data, technology, and analytical methods will change how many demographers address
important demographic research questions.

CONCLUSION—Many important demographic questions can be studied and framed using
spatial approaches. This will become even more evident as changes in the volume, source, and
form of available demographic data—much of it geocoded—further alter the data landscape, and
ultimately the conceptual models and analytical methods used by demographers. This overview
provides a brief introduction to a rapidly changing field.

1. Introduction

Demographic research involves the study of complex patterns of interrelated social,
behavioral, economic, and environmental phenomena. Thus, scholars have increasingly
argued that spatial thinking and spatial analytical perspectives have important roles to play

IThis paper is intended as both a stand-alone resource and as an introduction to a special collection in Demographic Research
focusing on “advanced methods in spatial demography.”
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in uncovering answers to demographic questions (Moss 2007a; Logan, Zhang, and Xu 2010).
Spatial demography is concerned with the spatial analysis of demographic processes and
outcomes, and has typically drawn on macro-level or ecological data. A new journal, Spatial
Demography, has defined spatial demography as the “spatial analysis of demographic
processes.” In recent years, the revival in spatial demography (Voss 2007a) has been
supplemented by the integration of micro- and macro-demography, and the linking of data
on people to data on places (Entwisle 2007). This integration has led many demographers to
express an interest in harnessing geospatial technologies to collect, manage, and analyze
new forms of geospatial data that could prove helpful in addressing research and policy
questions. Demographic research depends on the collection and analysis of individual- and
contextual-level data across a wide range of spatial and temporal scales. Indeed, this is
evident in demographic research on issues such as racial/ethnic segregation and other forms
of social stratification and inequality, health behaviors, morbidity and mortality, fertility,
family structure/transitions and aging, and population-environment interactions (Entwisle
2007). As we acquire more fine-tuned and linked spatial and temporal data, the ability to
understand migration and mobility will be enhanced. Entwisle (2011) highlighted several
new areas for exploration, including the following: life-course transitions and spatial
mobility, social and spatial mobility, neighborhoods and migration, social networks and
migration, tourism and ecological impacts, and the distributional and mobility implications
of climate change.®

Researchers from many different social science fields have already added spatial analysis to
their methodological arsenals, having realized that the spatial perspective can serve as a
potential incubator for innovative social science and interdisciplinary research (Goodchild et
al. 2000; Goodchild and Janelle 2004; 2010; Janelle and Goodchild 2011; Butz and Torrey
2006). While interest in spatial demography has been evident throughout the history of the
core discipline of demography, the degrees to which spatial thinking and different forms of
spatial analysis have been utilized have been very uneven (Weeks 2004; Voss 2007a; Castro
2007). In the 1990s—a boom period for GIS and spatial analysis across many social
sciences—very few empirical publications in demographic research embraced the emerging
forms of geospatial data or incorporated spatial thinking and modeling.® There were several
notable exceptions, such as Anderton et al. (1994) and Entwisle et al. (1996); and there were
several specialized edited books, particularly in the area of population and environment
research (see Liverman et al. 1998).

4The new journal will be launched in early 2013: See: http://spatialdemography.org/. Voss (2007, p. 458) defines spatial demography
as “the formal demographic study of areal aggregates, i.e., of demographic attributes aggregated to some level within a geographic
hierarchy.” Voss’s article briefly discusses other definitions of spatial demography.

Entwisle’s comments were part of a presentation at the Future Directions in Spatial Demography Specialist Meeting (Santa Barbara,
CA) in December 2011. This presentation and others, plus more than 40 short position papers, are available at http://ncgia.ucsb.edu/
8rojects/spatial—demography.

Consider a comparison between demography and the adoption of spatial analysis in the fields of public health and epidemiology. In
the latter, spatial analysis grew rapidly during the late-1990s, spurred on in part by the emergence of new forms of data, geospatial
data warehouses, and specialized journals, such as the /nternational Journal of Health Geographies (Cromley and McLafferty 2011).
Two areas of public health significance that have seen particularly rapid growth in the use of GIS, innovative geospatial databases, and
advanced spatial analysis include two dimensions of the obesity epidemic: physical activity (PA) research and studies of food
environments. In examples of early work in these areas, geospatial data were used to create objective measures of the physical
environment, such as walkability (Saelens et al. 2003) and built retail environments, or the density of fast food outlets and/or grocery
stores (Morland et al. 2002; Austin et al. 2005; and Zenk et al. 2005). The field of obesity research and GIS has grown rapidly in the
past five years (Matthews 2012).
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The most recent surge in interest in adding a spatial perspective in the population sciences
has been driven by the ready availability of geospatial data and the refinement and
emergence of GlScience tools to analyze them, including geographic information systems
(GIS), spatial analysis, and spatial statistics (de Smith et al. 2007; Matthews 2011a). This
paper has three main sections. First, we provide an introduction to the recent re-emergence
of spatial demography that includes a general overview of some of the advanced spatial
analytic methods now available to demographers: specifically, spatial econometrics,
geographically weighted regression, multilevel modeling, and spatial pattern analysis. While
our emphasis is on methodology, in the overview we stress the importance of the insights
gained by applying a spatial perspective to demographic processes and outcomes. Our goal
is not to provide a comprehensive overview, but rather to offer examples from a diverse
selection of demographic research areas. In the second part of our paper, we provide some
brief background information on the Demographic Research Special Collection on “Spatial
Demography,” as well as a description of each of the accompanying papers, including a
summary of each paper’s substantive findings. In the final section of this paper, we offer
some predictions for the future, as we anticipate that new forms of spatial data and new
methods (and method integration) will be used to address many of the most important
demographic research questions of the early 215t century.

2. Demography as a “spatial science”

Menken, Blanc, and Lloyd (2002), in a review of training and support for population
scientists, stated that “the broadening of the field has also necessitated the acquisition of
additional skills and familiarity with the concepts and tools of related disciplines.” Spatial
analysis is one such area, as demographers may benefit from acquiring spatial analysis skills
and understanding spatial concepts. But this is easier said than done. The improved
application of geospatial data and spatial methods to demographic research has been
repeatedly identified as a critical methodological challenge facing demographers (NICHD
2002).7 Five to 10 years ago, the availability of graduate-level training in GIS in general,
and of specific courses in advanced spatial data analysis with significant social science or
demographic content, was limited. The current situation (as of 2012) is not much better, and
the dearth of spatial analysis training at all educational levels (pre-university, undergraduate,
and postgraduate) dominated the discussion at a recent specialist meeting of almost 50
demographers and geographers on the Future of Spatial Demography (see Matthews,
Janelle, and Goodchild 2012).

While the provision of GIS and spatial analysis courses is one dimension of training, the
inclusion of spatial thinking and analytical methods in demography textbooks is also
essential. Within standard demography textbooks, the treatment of spatial analysis is scant to
say the least. Indeed, in the most widely known textbooks on demographic techniques and
methods, references to spatial analysis are indirect and usually arise as part of a discussion
of the geographical hierarchies of census data, or in conjunction with national and sub-
national (i.e., regional) attribute data. This is quite a serious instructional gap for a field that

7The NICHD/DBSB (2002) report also noted that spatial demographic research needed to address issues of theory, improving data
accessibility and compatibility with spatial techniques, and fostering interdisciplinary research.
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is an “inherently spatial science, since it almost always deals with human populations in a
defined geographic region” (Weeks 2004, p. 381). John Weeks’ own Population is a rare
exception among textbooks on demographic methods and techniques, as the ninth edition,
which appeared in 2006, included a few pages devoted to GIS, geospatial data, and spatial
analysis (although in later editions this coverage expanded considerably). Namboodiri
(1991) included a chapter, entitled “Spatial Distribution,” which provided an introduction to
spatial methods that could be applied to demography.8 In sum, a specialist textbook on
“spatial demography” currently does not exist (it should be noted, however, that there are
publications on spatial population analysis and developments in spatial demography [Rees
and Wilson, 1977; Woods and Rees, 1986], as well as on multiregional demography [Rogers
1975, 1995] and applied population geography (Plane and Rogerson 1994)). The emphasis
in these earlier textbooks was on demographic data about places rather than on the
utilization of spatially explicit models, which emerged later due to developments in
geospatial databases, GIS, spatial analysis, and spatial statistics.

Although demography textbooks on GIS and spatial analysis are scant, the perspective from
the G1S/spatial analysis side is little a better. Perhaps the best term to describe the coverage
of spatial analysis in the GIS/spatial analysis textbook market is “bifurcated.” At one end of
the spectrum, there are numerous introductory GIS textbooks and workbooks that
increasingly focus on applied social, health, and even demographic issues. However, in these
introductory texts the treatment of spatial analysis beyond cartography, spatial querying,
overlay, and buffer analysis is either non-existent or minimal. At the other end of the spatial
analysis textbook market, there are the advanced spatial statistics texts; Cressie’s (1991)
classic text on Statistics for Spatial Dataimmediately comes to mind. More specifically,
there are several spatial econometric texts (Anselin 1988; LeSage and Pace 2009), although
again these texts barely address demographic research questions. To say that a complete
bifurcation has taken place would be an exaggeration, as there are a few high-end/
intermediate texts (Bailey and Gatrell 1996; Haining 2003; O’Sullivan and Unwin 2010),
primers (Fotheringham, Brunsdon, and Charlton 2002; Bivand, Pebesma, and Gomez-Rubio
2008), handbooks (Anselin and Rey 2010; Fischer and Getis 2010; and, Fotheringham and
Rogerson 2009), and focused applications in demography-related fields, such as the book on
GIS and Public Health by Cromley and McLafferty (2002; second edition, 2011). This
advanced and intermediate literature was picked up by a small set of demographers, and the
recent emergence of spatial demography can be traced back to two special journal issues
offering a taste of the potential for innovative population research. Both special issues
appeared under the general rubric of spatial demography: the special issues of the
Proceedings of the National Academy of Sciences (PNAS) edited by Wachter (2005) and a
special issue of Population Research and Policy Review edited by Voss (2007b).

Voss’ essay, “Demography as a spatial social science” (Voss 2007) is a useful landmark
paper that reminds demographers of our strong spatial heritage. While Voss focused on
academic research in the 20t century, the origins of spatial thinking and analysis in
demographic research can be traced back to at least the period of /a statistique morale in

8Namboodiri’s chapter discusses spatial data, spatial probability models and point pattern analysis, spatial autocorrelation, cross-
product statistics, spatial regression, and methods for dealing with correlated error terms.
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France (1820s and 1830s), and especially to the work of Guerry, D’Angeville, Duplin, and
Quetelet (see Robinson 1982). Voss (2007a) predicted an exciting future for quantitative
spatial demographers.9 The Weeks (2004) paper was equally important, as it provided an
overview of how demography can gain from the incorporation of spatial thinking, and of the
role spatial analysis can play in the development and testing of demographic theory.19 In a
similarly important synthesis, Castro (2007) provided detailed reviews of spatial
perspectives and model applications structured around demography’s core areas—fertility,
mortality, migration, and population models—all with a focus on the implications for
population policy research.11

Many of the early adopters of spatial analysis in demography drew upon specific geospatial
data sets, utilized non-census data/units of analysis (as well as census data/units), and
adopted fairly rudimentary forms of spatial analysis—from overlay, buffering, and spatial
joins (for building contextual databases and descriptive analysis)—but only a relatively
small number had adopted more advanced geostatistics and point pattern analysis (e.g.,
Castro et al. 2006) and spatial regression (e.g., Morenoff 2003; Voss et al. 2006; Chi and
Zhu 2008). Increasingly, researchers across the population sciences are developing
innovative ways to both harness and analyze geospatial data on the social, built, and physical
environment contexts of individual lives.

While these special issues and related activities are indicative of the rapid growth in interest
in spatial demography, much has changed in the past five years. In the following section, we
provide a brief overview of the main methodological approaches used in spatial integrated
demographic research, and a discussion of how these methods have been applied in some of
the most recent publications in our field.

2.1 Spatial analysis

A prerequisite for spatial analysis of any form—whether basic or advanced—is the
availability of information on locations (i.e., places, variously defined), the attributes of
those locations (e.g., poverty rates, educational attainment, or disease prevalence), and the
functional and geographic connections between locations (distance, adjacency, or
hierarchical structures). The diversity of the spatial analytical methods available to
demographic researchers is certainly wide, and it continues to expand; see the recent
handbooks by Anselin and Rey (2010), Fischer and Getis (2010), and Fotheringham and
Rogerson (2009). These new opportunities for demographers are also a function of the
different types of analytical units and emerging data formats used in formal spatial analysis:

9Further evidence of innovative and high-quality spatial demography can be found in Matthews’ (2011) annotated bibliography on
spatial analysis in the social and demographic sciences, which includes summaries of up to 100 books, articles, and resources that
focus mainly on spatial inequality, residential segregation, demography, and crime. Some of these studies are referred to in later
sections of this paper. A version of this annotated bibliography is available from the author.

Logan et al. (2010) and Logan (2012) also provide an important—and a more cautious—review of both the challenges and the
opportunities that confront spatial demographers and sociologists, respectively (for a review of the challenges and opportunities in
social epidemiology and preventive medicine, see Matthews, Moudon, and Daniel 2009).

Weeks’ focused on fertility in Egypt, but his chapter was part of an edited collection on spatially integrated social science, a
collection that included several papers by leading U.S.-based demographers and sociologists covering the spatial analysis of
substantive areas such as neighborhood crime, race/ethnic segregation, migration, fertility decline, and population and environment
research.
11Both Weeks and Castro provided coverage of international demographic research, unlike Voss, who focused mostly on U.S.
research.
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specifically, point data (e.g., disease cases), line data (e.g., networks, routes), spatial
continuous or field data (e.g., accessibility surfaces), and area or lattice data (e.g., mortality
rates, poverty).

In our overview, we have chosen to focus on the recent advances in the spatial analysis of
social science data in four methodological areas: spatial economics, geographically weighted
regression, multilevel or hierarchical models, and spatial pattern analysis. Of these,
multilevel modeling, increasingly incorporating Bayesian methods for estimating prior
distributions and place effects, has been the most popular and the best known in
demography-related journals (Entwisle 2007). However, the other spatial methods are also
starting to appear in the demographic literature with more frequency.

2.2 Spatial econometrics

Spatial econometrics accounts for spatial effects in regression analyses (Anselin 2010).
Ultimately, if geography or place matters (and it frequently does), then things that are more
related geographically (i.e., more proximate geographically) are also correlated in other
ways. Therefore, assumptions about the independence of covariates and about the
independence and distribution of error terms are violated in an Ordinary Least Squares
(OLS) regression framework. Spatial effects can be roughly divided into two main types:
spatial dependence (or spatial autocorrelation) and spatial heterogeneity (Anselin 2010).
Furthermore, spatial econometric methods can be split into three main categories: model
specification (sometimes informed by specification testing), model estimation, and spatial
predictions.

Model specification usually involves the incorporation of spatial weights matrices to account
for the influence of neighboring regions on the variable of interest in the region of interest
(Anselin 2003). Spatial weights for neighbor effects can be attributed to dependent and
independent variables, as well as to error terms. Spatial dependences often are not
homogenous across large geographical regions, and some methods (e.g., geographically
weighted regression (GWR); see later section) have been increasingly used for modeling the
varying strength of covariate effects on dependent variables (Fotheringham 2009). Model
estimation has largely depended on various methods of moments and maximum likelihood
estimation (MLE), with ever more sophisticated methods emerging as computational power
has increased. For a discussion on spatial prediction, see Kelejian and Prucha (2007).

Many of the most recent advances in spatial econometrics are in the formal results relating
to the asymptotic attributes of MLE and the generalized method of moments (GMM)
estimation (Lee 2003; 2004; 2007). Other advances have recently been made in model
specification beyond spatial lag and spatial error models. Some of these advances have
included variations of classic models; for example, Kelejian and Prucha (2002) describe a
spatial lag model in which all of the observations are neighbors of each other. Still other
advances have involved the extension of GMM to a spatial moving average process,
including an endogenous spatial lag, for spatially explicit panel data (Fingleton 2008) as
well as variance covariance matrix specification (LeSage and Pace 2007). Spatial models for
flows, for panels, and for latent variables are growing in use (Elhorst 2003, 2010; Anselin,
Le Gallo, and Jayet 2008).
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Bayesian methods in spatial regression analysis are also being used more widely
(Schabenberger and Gotway 2005). In a recent study, Savitz and Raudenbush compared
OLS, an empirical Bayes estimator with the independence assumption, and an empirical
Bayes estimator incorporating spatial dependence for modeling neighborhood environments
(Savitz and Raudenbush 2009). The Bayesian method that incorporated spatial dependence
was found to be superior to the OLS and the non-spatial Bayes method, especially in
situations in which the sample sizes are small and the spatial dependence is strong.

Spatial regression approaches are beginning to appear in population-related research (Moss
2007). In a recent paper, Voss et al. (2006) provided a demonstration that should convince
demographers and social scientists to examine spatial autocorrelation in their data, and to
explicitly correct for spatial externalities on variables that are spatially referenced. The
authors applied exploratory spatial data analysis (ESDA) and spatial regression analysis to
examine inter-county variation in child poverty rates based on an earlier study by Friedman
and Lichter (1998). They found that the explicit acknowledgement of spatial effects in an
explanatory regression model considerably improved earlier published results, as it shifted
“wrong sign” parameters, reduced the residual squared error, and eliminated any substantive
residual spatial autocorrelation.

Sampson, Morenoff, and colleagues have all explored and documented the contribution of
spatial regression applications in the Project on Human Development in Chicago
Neighborhoods (PHDCN) (Sampson, Morenoff, and Earls 1999; Morenoff, Sampson, and
Raudenbush 2001; Morenoff 2003). These researchers also used a coupling of multilevel
models and variables derived from spatial weights. Their clearly framed analysis helped to
introduce spatial externalities to neighborhood research.12 For example, in their paper on
“spatial externalities,” they found that social capital and collective efficacy for children are
relational in character and operate at a higher level of analysis than the individual or the
local neighborhood (Sampson, Morenoff, and Earls 1999). This team has also utilized ESDA
approaches (e.g., the local Moran’s 1) and spatial regression—including lag and error
models, as well as spatial regime models—to look at the spatial dynamics of urban violence
(Morenoff, Sampson, and Raudenbush 2001) and birth weight (Morenoff 2003). Their
findings indicated that contextual effects on the individual-level outcomes of interest (e.g.,
birth weight) extend to the social environment beyond the immediate neighborhood.

Substantively, spatial regression methods are currently being used to investigate a wide
range of topics in the social and health sciences. For example, recent papers have examined
fertility, migration, mortality, health, population growth, and gender biases in education. A
recent study by Echavarri and Ezcurra investigated the potential relationship between
education and the sex ratio at birth in India (Echavarri and Ezcurra 2010). Previous research
into this potential relationship had been inconclusive, and had not incorporated spatial

Lytis important to note that around the same time we see several applications of spatial econometric methods in sociology/crime-
related studies, with some based on close collaboration between Luc Anselin and sociologists, criminologists, and demographers. For
example, in macro-level crime research, Messner et al. (1999) found evidence of strong positive spatial autocorrelation of homicide
rates, and that some of the relations between homicide and its covariates are not stable across space. In a related paper, Baller et al.
(2001) re-examined the impact of conventional structural covariates on homicide rates, and explicitly modeled spatial effects.
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effects. Using a spatial regression model, the authors found an inverse U-shaped curve for
the literacy rate and the sex ratio at birth.

Recently, there have been several methodological papers on applications of spatial
regression in demography-related areas, including several studies that integrated social and
environmental data. Anselin and Le Gallo (2006) reported on the sensitivity of hedonic
models of house prices to the spatial interpolation of measures of air quality in Southern
California. They observed a high degree of residual spatial autocorrelation, which warranted
the inclusion of a spatially lagged dependent variable in their regression models. In an
innovative paper, Pais and Elliott (2008) combined census data and biophysical data on wind
speed in models of the spatial variation in hurricane damage and recovery in four regions of
the United States during the early 1990s. Other recent applications of spatial econometrics
include a study by De Jong et al. (2006) of spatial dependence and diffusion in state welfare
policies in the U.S., and an analysis by Yang, Jensen, and Haran (2011). After comparing
three different spatial econometrics models (error, lag, and generalized) with OLS models in
their study of social capital and mortality, Yang and colleagues concluded that advanced
spatial regression methods facilitated a better understanding of the data, and yielded
unbiased analytic results and an optimal model fit.

While it appears that the importance of space in regression methods is now widely
recognized in the social sciences, the choice of areal unit remains problematic (i.e.,
modifiable areal unit problem, or MAUP, see Openshaw 1984). However, the next two
methods we will discuss, GWR and multilevel modeling, have largely been developed to
cope with issues of scale. More specifically, both the GWR and multilevel approaches
attempt to link macro-level to micro-level analyses, albeit in different ways (Entwisle 2007;
\oss 2007).

2.3 Geographically Weighted Regression

Across the sciences, techniques have recently emerged for examining local relationships in
data based on analytical approaches that focus on subsets of data (e.g., locally weighted
scatterplot smoothing (LOWESS), a technique developed by Cleveland 1979). Techniques
for the analysis of local spatial relationships also have been developed recently (for an
overview, see Lloyd 2011).

The standard procedure in the vast majority of empirical analyses of spatial data is either to
calculate a global statistic or to calibrate a global model. The term —global” implies that all
of the data are used to compute a single statistic or model, and that the relationships between
variables in the model are stationary across the study area. Such a procedure is flawed when
the relationships being measured vary over space. Geographically Weighted Regression
(GWR) is an exploratory statistical technique that allows for variations in relationships over
space to be measured within a single modeling framework (Fotheringham, Brunsdon, and
Charlton 2002). The output from GWR is a set of surfaces that can be mapped and
measured, with each surface depicting the spatial variation of a relationship. Standard global
modeling techniques, such as OLS or spatial regression methods, cannot detect
nonstationarity, and thus their use may obscure regional or local variation in the
relationships between predictors and the outcome variable. Public policy inferences based on
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results from global models in which nonstationarity is present but not detected may be quite
poor in specific local/regional settings (Ali, Patridge, and Olfert 2007). It is important to
note that GWR is an exploratory technique, and, as with ESDA and spatial econometric
approaches, the insights gained from GWR can be utilized to improve model specification in
global models.13

Several recent publications have demonstrated the analytical utility of GWR in demographic
research. A paper by Icik and Pinarcioglu (2006) illustrated the utility of GWR. Their
investigation showed the unique spatial heterogeneities in fertility decline in the different
regions of Turkey over the last few decades. In the absence of locally varying estimates, a
model of fertility change in Turkey would look strikingly different from the local reality
(I¢ik and Pinarcioglu 2006). Others demographers have also utilized GWR. Johnson et al.
(2005) used both global and local spatial statistics to look for spatio-temporal patterns in
migration in the American Southwest. This approach allowed the investigators to examine
dynamic migratory patterns of spatial and temporal clustering.

There have also been recent applications of GWR in health research. Edwards et al. (2010)
and Fraser et al. (2012) looked at childhood obesity in two different parts of England (Leeds
and Bristol, respectively), and showed that different covariates can be important in different
regions. This implies that public health and policy research should take into account regional
variations in the causes of health problems. A further example of the application of GWR in
health research can be seen in a paper by Shoff et al. (2012). In their study on prenatal care
utilization, the researchers illustrated how the nuanced nature of GWR can be useful for
health care implementation. The study was supported by previous (mostly non-spatial)
research, but allowed for more place- specific variation, which is important for on-the-
ground planning and the implementation of policies (Shoff et al. 2012). Yang, Chen, and
colleagues applied Poisson GWR regression to study the spatial nonstationarity of social
determinants of cardiovascular mortality as a result of extreme (cold) weather events in
Taiwan (Yang et al. 2009; Chen et al. 2010). In a recent paper, Gebreab and Diez Roux
(2012) demonstrated the importance of using spatial heterogeneity when seeking to
understand and eliminate racial disparities in coronary heart disease mortality between
blacks and whites across the United States. And Yang and Matthews (2012) used GWR on
individual-level data to examine local variation in health service distrust among the elderly
in Philadelphia.

GWR has been applied in other demography-related areas as well. Mennis and Jordan
(2005) showed that the relationships among race, class, employment, urban concentration,
and land use with air toxic release density in New Jersey vary significantly over space. Graif
and Sampson (2009) were among the first researchers to utilize geographically weighted
regression (GWR) methods in a study of crime; their findings suggested that the same

13As noted by a reviewer, GWR papers that find that parameter coefficients vary across space have a tendency to focus on this result,
but do not always seek to explain their results with further analyses. It is important that GWR and ESDA methods are utilized to help
improve model specification, and that efforts be made to find explanations. This discussion parallels discussions of spatial scale, units
of analysis, and the MAUP. It also reinforces the need to think about the geography of “effective” units prior to analysis, and also to
experiment with different scales and aggregations (see also Flowerdew, Manley, and Sabel 2008, Riva et al. 2008, Mobley, Kuo, and
Andrews 2008, and Spielman and Yoo 2009).
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neighborhood characteristics differentially predict homicide rates in different parts of
Chicago.

Mennis (2006) observed that GWR analyses and interpretation are largely dependent on
GWR maps, and that such maps can be problematic if they illustrate the size of parameter
estimates while failing to illustrate their relative significance. This has been a problem in
many early publications based on GWR methods (even in the classic text by Fotheringham,
Brunsdon, and Charlton 2002). Using an empirical example, Mennis illustrated several
potential methods for addressing these issues, including the use of multiple colors and
varying hues (Mennis 2006) based on bivariate mapping techniques. The mapping of local
GWR statistics by combining local parameter estimates and t-values on a single map is
discussed further in Matthews and Yang (2012). Bivariate mapping techniques have recently
been implemented in published research (e.g., Shoff et al. 2012; Chen et al. 2012).

There have, however, been certain drawbacks to using GWR. While GWR has been shown
to be an extremely valuable tool, it can be extremely difficult to implement, especially in the
case of large data sets. This is mainly because of two inherent problems. First, the
construction of a GWR requires the calibration of the spatial weighting function (one for
each different bandwidth, etc.). Second, for each bandwidth a new set of regressions are
calculated for each location. Even if only one bandwidth is used, this process is
computationally demanding. In most cases, it is necessary to optimize the bandwidth size
because of a lack of a priori specification.

In a paper by Harris et al. (2010), the authors proposed a solution that incorporates several
processors in order to “grid-enable” the process. Essentially, their solution is to run different
aspects of the GWR on different processors. These processors could be stratified by
bandwidth (since locations that are far apart are less likely to be related), and/or by the
vectors in the distance matrix. After each processor has completed its component of the
analysis, the results can be pooled for the final GWR analysis. One problem with doing
either one or the other (bandwidth or matrix stratification) is that the distance weights are
dependent on the bandwidth. The authors suggested that it would be computationally more
efficient to recalculate the matrix for each iteration of the bandwidth optimization (Harris et
al. 2010). Harris and colleagues then offered a case study using grid-enabled GWR in which
R looked at several demographic characteristics in relation to higher education attainment.
The results were not surprising, and the output was typical of GWR. What was, however,
surprising was the size of the data set they were able to use for their analysis (n=31,378).
While the calculation of multiple regressions is the most computationally demanding
component of GWR, in this case even the spatial matrix was enormous (matrix = n2). The
ability to use such a large data set was even more impressive given the memory limitations
associated with using R. Harris and colleagues were able to do this by remotely accessing
several processors on the UK’s National Grid infrastructure (NGS). Unfortunately, the NGS
is only accessible by affiliates of UK universities and institutions, and funding for the multi
R environment has been cut (Harris et al. 2010).14

14Technological developments in data storage and handling will continue to change the nature, scale, and scope of data analysis.
These developments are important but cannot be covered in this paper.
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GWR is an exploratory tool for exploring spatial nonstationarity (Péez, Long, and Farber
2008; Wheeler and Paez 2010). It is important to note that limitations associated with GWR
model include multicollinearity, kernel bandwidth selection, and multiple hypothesis testing
(Wheeler and Tiefelsdorf 2005; Wheeler 2007, 2009; Cho et al. 2009; Jiang et al. 2010;
Paez, Farber, and Wheeler, 2011). Interested readers are encouraged to explore the R
package gwrr (http://cran.r-project.org/web/packages/gwrr/authored by Wheeler) that
includes diagnostic tests for collinearity in GWR models (see also Wheeler 2007).

2.4 Multilevel modeling

The emergence of multilevel modeling and the multilevel framework has generated what has
been described as a “tidal wave” and an “explosion” of research in demography and social
epidemiology (Pebley and Sastry 2004; Entwisle 2007; Glass and McAtee 2006).1° A
methodological focus on multilevel or hierarchical modeling is relevant when examining the
effects of contextual factors on social behavior played out at a lower level. It is also
important when assessing to what extent individual behaviors and demographic and health
outcomes are influenced by an individual’s own characteristics, and by the attributes of the
larger geographic area (i.e., a neighborhood or community, a village district, or state).

Multilevel models originated largely in education research, with its systematic collection of
hierarchically nested data: students within classrooms, within schools, within school
districts, etc. (Goldstein 2010). Some of the advances in multilevel modeling have come in
the form of model estimation methods. Estimation for the multilevel model has frequently
been done using Maximum Likelihood Estimation (MLE), Restricted Maximum Likelihood
(RML), as well as Bayesian and bootstrapping methods. MLE depends on algorithms that
are designed to iteratively step through potential values, recording the value at which the
likelihood has reached its maximum. Such algorithms include the Newton-Raphson
algorithm, the Fisher scoring algorithm, the EM algorithm, and the Iterative Generalized
Least Squares method (Dedrick et al. 2009). RML uses maximum likelihood to estimate
variance parameters, which are subsequently used to estimate fixed effects covariates. Both
MLE and RML are dependent on large sample sizes. However, Bayesian estimation,
frequently using the Gibbs sampler or other Markov Chain Monte Carlo (MCMC)
simulation methods, offers an attractive alternative when sample sizes are small. However,
the hefty computational demands associated with Bayesian methods make them hard to use
when samples are large. Bootstrapping offers an alternative to dealing with uncertainty in
variance and standard error estimation, especially in cases in which the data are non-normal.
The aforementioned methods of estimation have largely grown out of computational ability.

While the integration of individual and contextual data is a well established methodological
area within population science (Entwisle 2007), some potential conceptual and technical
challenges remain in integrating multilevel analyses techniques and GIS/spatial analysis
(Subramanian, Jones, and Duncan 2003; Chaix, Merlo, and Chauvin 2005; Chaix et al.

15Demography has a long-standing interest in context. For example, while most studies of maternal and child health outcomes focus
on individual-level data from large-scale surveys, population scientists have a long- established interest in contextual issues and
multilevel modeling (Entwisle, Mason, and Hermalin 1986; Entwisle, Casterline, and Sayed 1989; Entwisle et al. 1997; Hirschman
and Guest 1990; Pebley, Goldman, and Rodriguez 1996; Sastry 1996; Degraff, Bilsborrow, and Guilkey 1997; Stephenson and Tsui

2002).
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2005; Macintyre and Ellaway 2003; Diez Roux 2003). To some extent, nested data are
inherently spatial. Statistical methods that incorporate neighborhood, city, or regional effects
are in essence considering the effects of places and spaces on their outcome(s) of interest
(Jen, Jones, and Johnston 2009). Some of the advances along these lines have come in the
form of understanding the proper measurements and definitions of such spaces (Chaix et al.
2009; Matthews 2011b). While traditional demography has looked at de jure classifications
of place (census tracts, etc.), demographers are increasingly realizing that legal and political
boundaries frequently have little to do with actual lived spaces. Furthermore, many social
scientists and health researchers, as well as a growing number of population scientists, are
working in regions that do not have synonymous spatial categories: that is, they are finding
that neighborhoods and other administratively bounded areas may have different meanings
in some of the non-industrialized and/or industrializing nations than they do in the developed
world.

Another way of investigating context is to look at the variation within areal units, rather than
only the linear relationships between covariates and areal units. For example, research into
neighborhood effects is popular in social epidemiology. Neighborhoods offer a context in
which covariates can influence health outcomes in the individuals who live within their
borders. However, it can be naive to label neighborhoods as “healthy” or “unhealthy” since
the variance in outcomes within a neighborhood can be extremely high. Therefore, the
inclusion of measurements of variance in contextual effects is important, and can be
included in multilevel models (Merlo et al. 2006).

Although it can be argued that multilevel modeling is inherently spatial, the inclusion of
spatially explicit data, perhaps especially in demography, has been comparatively rare.
However, a few studies have tried to integrate spatial and multilevel models. Among the
most creative of these (and the closest coupling of the two approaches) is from Chaix and
colleagues (Chaix et al. 2005; Chaix, Merlo, and Chauvin 2005). Rather than using arbitrary
areas to define neighborhood contexts, the authors of this highly original paper
operationalized neighborhood context as a “continuous” surface surrounding individual
residences. Their spatial mixed models provided information not only on the magnitude, but
also on the scale of spatial variations; and they provided more accurate standard errors for
risk factor effects in studies of both mental disorders in Malmo (Sweden) and of health care
utilization in France. For example, they found that place indicators better explained
variations in health care utilization when measured across continuous space, rather than
within an administrative area. Their work suggested that, in neighborhood studies, “a deeper
understanding of the spatial variations in health outcomes may be gained by building notions
of space into statistical models and measuring contextual factors across continuous space”
(Chaix et al. 2005).

In another innovative paper, Borgoni and Billari (2003), noting the unlikely assumption of
spatial independence in traditional multilevel models, used a spatially explicit approach in
studying unprotected intercourse in Italian women. Divino and colleagues used a Bayesian
method for dealing with mortality rates from small geographical regions and small
populations, focusing on mortality rates in Italy for the year 1991 (Divino, Egidi, and
Salvatore 2009). They incorporated a multilevel model that borrowed information from
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neighboring sub-regions in order to account for both spatial heterogeneity and homogeneity.
Typically, such studies are plagued with problems relating to over-dispersion in settings of
low intensity in mortality (in this instance, younger age groups).

Theoretical and conceptual models, based on socio-ecologic models or frameworks, rely on
multilevel data structures that allow for an examination of individual behaviors embedded
within hierarchical and non-hierarchical contexts (Glass and McAtee 2006; Entwisle 2007).
In Glass and McAtee (2006), the potentially relevant processes operated at the micro, meso,
and macro levels. The application of multilevel models in demography spans a wide array of
core topics, and much research has been linked to the innovative utilization of new forms of
data (e.g., satellite, built environment, crime) in which contextual attributes are derived from
external data sources linked to the individual through shared geocodes, instead of being
derived from the aggregation of individual data values observed within a higher level unit.
We will return to the issue of the use of innovative geospatial data in our discussion of the
papers in the special collection, and in our final section on the future of spatial demography.

2.5 Spatial Pattern Analysis

A wide range of methods now exist for analyzing spatial clusters of point data, such as
disease or crime events (see Gatrell et al. 1996; Kulldorff 1997, 1998), in which the goal is
to discover whether the observed events exhibit any systematic pattern, as opposed to being
distributed at random within a study area. Point-based cluster detection methods include
those developed to detect overall clustering in a study area, those used to identify cluster
locations (elevated rates), and those used to assess clustering around point sources (e.g., a
hazardous facility). The branch of statistical theory that deals with continuous field variables
is geostatistics (Issaks and Srivastava 1989; Cressie 1993). Rather than focus on
observations as the location of events, geostatistical methods aim to understand the spatial
distribution of values of an attribute of interest over an entire study region, given values at
fixed sampling points. Geostatistics is based on the assumption that at least some of the
spatial variation in an attribute can be modeled by random processes with spatial
autocorrelation, and can be used to provide accurate and reliable estimations of attribute
values at locations in which no measurements are available. The developments in the
materials and methods for geospatial data have facilitated the adoption, particularly in spatial
epidemiology, of advanced techniques for spatial pattern analysis, spatiotemporal analysis,
and Bayesian mapping and modeling (Gatrell et al. 1996; Elliott et al. 2001; Diggle 2003;
Lawson, Brown, and Rodeiro 2003; Banajee, Carlin, and Gelfand 2004; Lawson 2006).

Recent applications of spatial pattern analysis techniques in demography include the use of
kriging and the use of local statistics of spatial association (the G* statistic (Getis and Ord
1992; Ord and Getis 1995)) to study malaria transmission in the Brazilian Amazon (Singer
and Castro 2001; Castro et al. 2006). This research, which is relevant to the crafting of
malaria mitigation policies, included spatial statistical analysis. The results revealed that the
early stages of frontier settlement are dominated by environmental risks related to ecosystem
transformations that promote the larval habitats of Anopheles darlingi. As forests are cleared
and agriculture, ranching, and urban development spread, malaria transmission is
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substantially reduced, and the risks of new infection are largely driven by human behavioral
factors.

Urban sociologists have long been interested in the race and ethnic structure of
neighborhoods and communities. The main methodological issues confronting researchers
analyzing race/ethnic segregation revolve around the definition of geographic boundaries
and segregation measures. Efforts to address these methodological issues have led to the
development of new ways to explore and analyze segregation that focus on spatially derived
measures and/or techniques. Applications of ESDA and of local statistical analysis to race/
ethnic diversity and segregation can be found in Frank (2003), Brown, and Chung (2006);
and in non-U.S. examples, such as in Borruso (2009) and in Johnston, Poulson, and Forrest
(2010). Frank (2003) and Brown and Chung (2006) employed spatial autocorrelation and
ESDA methods to describe and compare socioeconomic and racial residential patterns using
global and local spatial statistics. Johnston and colleagues (2011) offered an innovative
method for classifying —ethnoburbs,” or wealthy sub-units of ethnic minorities nested
within larger suburbs in New Zealand. Because these ethnoburbs have low population
densities and are thus difficult to capture with global statistics, a localized method for
studying them was introduced (Johnston, Poulson, and Forrest 2011).

The reliable and meaningful measurement of residential segregation is essential when
studying the causes, patterns, and consequences of racial and socioeconomic segregation.
Currently, the most common conceptualization of residential segregation is based on the
dimension of evenness (Reardon and O’Sullivan 2004), and the most popular measure of
residential segregation is, in general, the Index of Dissimilarity, D. This measure is
computationally straightforward to calculate from census data. While the Index of
Dissimilarity was originally applied to a comparison of two different population groups,
most often whites and blacks, recent studies have extended this measure to the multi-group
context (see Reardon and Firebaugh 2002 for an overview). Geographers have extended the
Index of Dissimilarity in a different way by explicitly incorporating the spatial dimension
(Wong 2002 2004). An emerging preference in the race/ethnic segregation literature is
another evenness measure, the Entropy Index (or the Information Theory Index). The
Entropy Index, referred to as Theil’s A, measures the weighted average deviation of
difference between an areal unit’s group proportions and that of a larger area (e.g.,
metropolitan area). Entropy or race/ethnic diversity is greatest when each group is equally
represented in the area. Two recent evaluations of segregation indices found that both the
spatial and aspatial versions of A are conceptually and mathematically superior to the more
popular Index of Dissimilarity, D (Reardon and Firebaugh 2002, Reardon and O’Sullivan
2004). The spatial A has been defined and applied in Reardon et al. (2008) and in Lee et al.
(2008).

In a very recent and highly innovative study, Spielman and Logan (2012) posed the
following question: “How can we use the social composition of areas at different scales to
identify neighborhoods and determine what defines them?” That is, using an eco-centric
perspective, they explored how segregation (by socioeconomic indicators or race/ethnicity)
can vary by spatial scale. They drew on 19th-century individual-level U.S. census data. By
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using individual-level data, researchers have the flexibility to study intergroup relations from
a spatial perspective, unconstrained by administrative boundaries or by scale.

3. Background to the Special Collection

Inevitably, there are holes in the coverage of methodological topics that fall under the rubric
of spatial demography. Our goal in Section 2 was not to be comprehensive, but rather to
illustrate the main strengths of each focal technique, to point out some of the weaknesses
and challenges that remain, and to synthesize the application of specific forms of spatial
analysis to demographic research questions. We hope that these brief overviews achieved
those aims. To further demonstrate the value of a spatial perspective in demographic
research, we now briefly introduce the papers included in the Special Collection on “Spatial
Demography.”

The four main analytical areas described thus far (spatial econometrics, geographically
weighted regression, multilevel modeling, and pattern analysis) formed the basis of a series
of summer workshops offered at both Pennsylvania State University and the University of
California Santa Barbara (2008—2011)16. The primary goal of these workshops was to teach
and train researchers in specific techniques, thereby helping to create a cohort of scholars
familiar with spatial thinking, geospatial data, and analytical methods.17 A more ambitious
goal was to generate evidence that the workshops made a difference in the field of
population science; specifically, that attendees would engage in demographic research that
adopted spatial analytic tools. A call for papers targeting past workshop attendees was
distributed in Spring 2011, with full papers to be submitted by September 1, 2011. The
papers included in this Special Collection are a subset of the papers received. The common
denominator of all of the submitted papers was that they were led by scholars early in their
careers who participated in at least one of the four advanced spatial analysis Workshops.18 In
the remainder of this section, we provide a short overview of each paper.

While the diversity of methods available to spatial demographers cannot be captured in a
handful of papers, these studies can provide a flavor of the methods that exist and of how
they can be applied. Collectively, demographers investigate many different questions about
many different types of places. Thus, it is no surprise that the published papers vary in terms
of outcome and substantive theme, scale of analysis, geographical focus, the type of data
used, the integration of data from multiple sources, 19 temporal coverage, and the spatial

16The Advanced Spatial Analysis for Population Scientists workshop series was supported by a training grant from the Demographic
and Behavioral Science Branch of the Eunice Kennedy Shriver National Institute of Human Health and Child Development. The
NICHD Award R25 HD057002 - Principal Investigator: Stephen A. Matthews.

As implied earlier in this paper, although it was possible to find training opportunities and resources to learn advanced spatial
analysis methods in the university sector, the commercial sector, and from textbooks; the opportunities were limited, costly, and rarely
targeted at population science research questions and applications. In 2005, we perceived a gap in the training of demography graduate
students and other population scientists in the application of advanced spatial analysis methods. Our goal was to fill this training gap
and to provide population scientists with exposure to advanced spatial analysis methods via a series of five-day workshops. Over four
years, more than 200 participants attended our workshops. Some useful Internet resources focusing on mapping, analysis, and training
can be found at the end of the reference list.

Many of the submitted papers owe their origin to the workshops, and included collaborations between researchers who first met at
these workshops. Other papers were based on ideas and ways of thinking about spatial data and analysis stimulated by the workshop
(by workshop leaders and instructors, but also, and arguably most importantly, through interaction with other workshop attendees from
different disciplines). While several papers were rejected during the review process, many of them are being revised and will likely be
re-submitted to other demography and demography-related journals.
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analytical methods used. Moreover, as several papers used a combination of methods, even
the grouping below (into the four main analytical areas) is somewhat arbitrary.

Spatial econometric papers:

The obesity epidemic is very complex, and researchers, including demographers, are
increasingly interested in exploiting new forms of spatial data and spatial analytic methods
to measure and explain the role of —neighborhood’ environments on obesity-related (and
other health) outcomes. Duncan et al. (2012) used an explicitly spatial approach to evaluate
the potential relationships between racial composition and socioeconomic disadvantage on
neighborhood walkability in Boston, Massachusetts (U.S.A). Some neighborhoods are
friendlier towards walking, and those that are friendlier are also more likely to have
populations with better health (including mental health), higher degrees of social capital, and
better economic incentives. Duncan and colleagues utilized exploratory spatial data analysis
methods, such as the Moran’s | statistic, to check for spatial autocorrelation in variables and
in the residuals of Ordinary Least Squares regression models, as well as to estimate spatial
lag and spatial error models (as needed). Their findings suggest that, in Boston, the
percentage of black people in a neighborhood is negatively associated with walkability.
Perhaps surprisingly, no significant relationship was found between walkability and either
socioeconomic disadvantage or the percentage of the population who are Hispanic. This
paper adds to the literature concerning neighborhood conditions, segregation, and health;
perhaps especially because of its spatially explicit framework and testing.

Other papers in the Special Collection also used ESDA and spatial econometric frameworks,
but these were often employed in conjunction with other techniques, particularly exploratory
GWR methods (see below).

GWR papers:

Shoff and Yang (2012) used a combination of OLS, exploratory GWR, and explanatory
spatial econometrics (spatial regime modeling) to look at variation in the teenage birth rate
across the United States. The U.S. has the highest teenage birth rate in the developed world,
an anomaly that has long been a topic of discussion among researchers and policymakers
alike. This study was one of the first to look at the entire U.S., and in particular to include a
focus on the non-metropolitan areas of the country, which are on average less well served by
the existing health infrastructure, and which offer limited economic and educational
opportunities for adolescents and young adults. As extrapolating findings from metropolitan
studies to nonmetropolitan areas can be problematic, it is important to understand how the
same predictors may matter differently across different types of places. The use of GWR
appears to offer both a theoretical and methodological advantage to the researchers, as local
contexts can lead to different factors having varying relationships within different
metropolitan/nonmetropolitan groupings. The authors used split-GWR models to explore the
varying relationships between race/ethnic, religious, and socioeconomic factors and teenage
birth rates. While noting that the use of split-GWR was interesting, the authors pointed out

L9wwhile this is not the focus of the Special Collection, we wish to note that the level of innovation in data use and data integration is
high in these papers. Demographic data have been linked to crime, housing, built environment, vegetation, and health data (among
other types), and data have been simulated.
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that it also presents new challenges and analytical issues (see earlier comments regarding
more testing required of different GWR forms). The exploratory GWR analysis was used to
justify the explanatory spatial regimes analysis. The authors divided the country into
metropolitan and non-metropolitan “regimes,” and were able to identify the varying role of
the Socioeconomic Disadvantage Index on teen birth rates between metropolitan and non-
metropolitan counties, with the index being shown to be significantly stronger in the former.
These and other findings have implications for researchers and policymakers seeking to
understand non-metropolitan teenage birth rates.

Arnio and Baumer (2012) utilized GWR, among other methods, to look at the interplay of
demography and crime (specifically homicide, robbery, and burglary crimes), in the context
of housing foreclosure in Chicago, Illinois, U.S.A., during the late-2000s. The authors
provided a theoretical justification for expecting spatial heterogeneity in neighborhood
crime. In this paper, the key demographic indicators— immigrant concentration, racial/
ethnic composition, and measures of social inequality socioeconomic disadvantage—are on
the right side of the regression equation. While the general relationships found between
demographic factors, foreclosure, and crime were not too surprising, the use of both
exploratory and explanatory techniques demonstrated the importance of “the local” fit as
opposed to a one-size-fits-all —global” model. For example, the authors found that the
relationship between social disadvantage and robbery, and also between residential stability
and burglary, were both significantly negative and significantly positive depending upon
where the local model was estimated. Thus, without a GWR model, a researcher or
policymaker might miss some important local complexities in the relationship between
demographics and crime.

Matthews and Yang (2012) is a paper accompanying this Special Collection. A major
challenge to users of GWR methods is how best to present and synthesize the large number
of mappable results, specifically the local parameter estimates and local # values generated
from local GWR models. The authors offered an elegant solution to this problem in which
local parameter estimates and local #values are simultaneously displayed on a single map
based on the use of data selection and transparency techniques (applied to county-level
mortality data in the U.S.). This method can help to focus attention on the areas of the map
(regions, neighborhoods) in which the parameter estimates are statistically significant.

Multilevel model papers:

Nawrotzki, Dickinson, and Hunter (2012) is an innovative demographic study that combined
the Madagascar Demographic and Health Survey (2008/2009) with remote sensing data on
vegetation cover to investigate whether access to livelihood capital (natural resources) differs
between migrants and non-migrants in rural Madagascar. The data analysis was based on a
two-level multilevel model framework (individuals within geographic clusters). The authors’
findings demonstrated the importance of natural resources as a livelihood asset, regardless of
migration status. The results indicated that migrants tend to have high levels of livelihood
capital compared to non-migrants; and that, in areas with high levels of natural capital,
migrants tend to have substantially higher levels of human capital than non-migrants. This is
important, policy-relevant research that can be useful for identifying groups that should be
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targeted by livelihood-enhancing programs, as well as for designing policies that protect the
natural resources and limit deforestation in disadvantaged rural communities.

Small-area estimation and point process papers:

The highly relevant and under- studied topic of spatial inequalities in child mortality within
urban areas was taken on by Jankowska, Benza and Weeks (2012). The lack of geospatial
data can present multiple methodological challenges. The authors addressed these challenges
by leveraging multiple data sets and pooling date over time. They applied and tested a low-
cost estimation method based on birth histories for creating small-area measures of mortality
among children under age five in Accra, Ghana (across multiple time periods, 1979-2006).
They concluded that the low-cost estimation method has potential, but they acknowledged
that more testing is needed to establish confidence intervals. The authors also compared the
variability and trends in mortality among children under age five across 16 zones within
Accra to a set of local environmental characteristics potentially linked to child mortality,
such as housing quality/slum, vegetation, and health facilities. Interestingly, while the
authors found the expected correlation between poorer environmental conditions and child
mortality, they also found when examining trends over time that child mortality rates were
improving in the poorest areas of the city, but were deteriorating in the higher SES areas.
The authors suggested that these findings could be attributable to effective interventions in
the slum or worst areas of the city, and to a lack of attention to the conditions found in some
non-slum or disadvantaged neighborhoods (i.e., to women who might benefit from
interventions but who live in areas that have often not qualified for or are excluded from
interventions.) It is precisely this degree of intra-urban variation and nuanced local
understanding that justifies investing in the development of small-area estimation methods of
child health and mortality. This work can open up new research questions for demographers.

Almquist and Butts (2012). Demographic phenomena are frequently recorded at an
aggregate level, limiting analysis of micro-social processes. The primary aim of this paper
was to evaluate a method for simulating the distribution of households in small areal units in
selected diverse contexts that represent urban, suburban, and rural areas. The authors used
point process models (Poisson [uniform], low-discrepancy sequence [quasi-random], an
inhomogeneous Poisson model [attraction]), and several statistical measures for point
processes to compare the expected distribution of household locations to actual locations at
three levels (i.e., block, block group, and tract) across the three diverse contexts. In all three
areas, and for all three models, the block level was found to have been the most consistently
simulated, while the attraction model appeared to have been superior in larger areal units. A
qualitative examination indicated that for large areal units, urban areas were the most
accurately simulated. The paper expanded the methodological application to include an
example that simulated a network diffusion process over a spatially simulated network. This
paper is of high practical value for demographic research, as it provides insight into methods
for simulating household locations when such data are unavailable (or confidential).
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4. Discussion: The near future in spatial demography

What does the near future hold for spatial demography? While demographers are well aware
that it is dangerous to make predictions, we can predict with some confidence that things
will change rapidly, as the geospatial data and methodological development environment is
dynamic. Indeed, one of the main reasons why we chose to compile the Special Collectionin
Demographic Research is because the field has changed so much, even in the last few years
(i.e., since recent academic reviews offered by Weeks 2004; Voss 2007; and Castro 2007).

While changes in data availability are not the focus of this paper, it must be emphasized that
the volume, sources, and forms of geospatial data are growing rapidly. Recent developments
in participant-generated data or volunteered geographical information (Goodchild 2007;
Elwood, Goodchild, and Sui 2012)—that is, data from Twitter feeds through to global
positioning system (GPS) traces—in next-generation wireless and sensor technologies, and
in data storage and handling (e.g., cloud computing, geospatial data warehouses, data mining
techniques, and relational databases) are already changing and will continue to change what,
how, and when we collect data on individuals and their environments. New data formats will
be tagged with both a geographic location and a time stamp, thus providing unparalleled
spatial and temporal precision. Recent research suggests there will be a new generation of
activity space studies that harness technologies—such as accelerometers, GPS, and smart
phones—to engage in continuous monitoring of people in places (heart rate, physical
activity, physical location), and/or in ecological momentary assessments of self-report
measures of psychological health at specific times and places (for applications in sociology
and demography, see Raento, Oulasvirta, and Eagle 2009; Palmer et al. forthcoming). These
technological developments, as well as new spatio- temporal precision, have enormous
potential to improve our functional understanding of human spatial behavior, and to
contribute to new ways of thinking about relative and absolute utilization and/or exposure to
place, as well as about issues of spatial embeddedness and of scales of analysis (Chaix et al.
2009; Matthews 2011b).

We also anticipate changes in how demographers conduct fieldwork as new data collection
technologies fundamentally change the quality, scope, and flexibility of measures we collect
and use for the social, built, and physical environments. That is, the collection of new types
of individual and area-based geospatial data will greatly facilitate the measurement of
appropriately defined contexts and individual exposure to contexts. In turn, this should
generate closer links between theory, data, and method in the multilevel analysis of
demographic and health outcomes (Entwisle 2007). Emerging statistical methods and new
types of data coupled with reciprocal enhancements in conceptual models will help to
promote spatially informed demographic research.

There is little doubt that the developments in data collection (e.g., the use of mobile
computing, remote sensing, wireless technologies, and volunteered geographic information)
foreshadow other innovative ways that geospatial data will be used in future demographic
research. In some instances, the new forms of data will provide opportunities for more
explicit spatial analysis using both exploratory methods and advanced spatial analytical tools
such as those highlighted in this paper. But, as we have noted, methodological developments
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also are dynamic. The analytical arsenal is expanding rapidly: among the recent
developments are spatial panel data models (Elhorst 2010), spatial filtering (Griffith 2010),
Bayesian hierarchical modeling (Banerjee, Carlin, and Gelfand 2004), and spatial scan
statistics (Jung, Kulldorff, and Klassen 2007). We have also recently seen the combination of
methods that were previously separate. For example, a small number of scholars have
explored the integration of quantile regression (Koenker 2005) with different spatial
techniques, such as simultaneous autoregressive modeling and spatial lag hedonic modeling
(Hallin, Lu, and Yu 2009; Kostov 2009; and Su and Yang 2007), M-quantile GWR (Salvati
et al. 2007), and Bayesian spatially varying coefficient process modeling (Reich, Fuentes,
and Dunson 2011). In addition, Chen et al. (2012) have developed a geographically weighted
quantile regression (GWQR) method and have applied it to the study of spatial inequality
and mortality in the United States.

An exciting research area is also emerging around the integration of detailed social and
spatial networks (Entwisle et al. 2007; McCarty et al. 2007; Butts and Acton 2011). Yet
another potentially interesting research area is forming around complex systems approaches
and techniques, such as agent-based models, autonomous agent models, and micro-
simulation. These approaches are filtering into many different fields of inquiry, and appear
to have wide applicability in a field like demography (Bruch and Mare 2006). As we strive
to gain a better understanding of levels of analysis, multilevel relationships, feedbacks, and
interactions, these methods can help focus our conceptual thinking, and encourage the
testing of alternative scenarios. With the right kinds of data, the adoption of complex
systems dynamics will be explored more fully by demographers.

This paper has offered a brief introduction to some of the advanced spatial methods now
available to demographers. The accompanying papers in this Special Collection provide
more detail on these selected methods, applying them to important demographic research
questions regarding teenage pregnancy in the U.S., child mortality in Accra (Ghana),
segregation and health in Boston (U.S.A.), migration and rural livelihoods in Madagascar,
settlement patterns in the U.S., and demographic correlates of crime in Chicago (U.S.A.).
We expect that upcoming cohorts of demographers will increasingly utilize new forms of
geospatial data and analyze them using spatially explicit methods. These shifts will
ultimately be reflected in publications, as well as in grant applications that generate new
demographic knowledge.
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