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Short Abstract

Identifying the determinants of mortality in the US counties is not an unexplored area; however,
previous studies often ignored the well-documented spatial dependence of mortality and focused on the
relationships between mortality and explanatory covariates within a county. We challenge the literature
by arguing that the mortality of a certain county should be associated with the features of its neighboring
counties, and examine our argument with spatial Durbin modeling. Our theoretical framework is drawn
from spillover and relative deprivation perspectives, and substantively, we found that the mortality of a
focal county is positively related to health insurance coverage rates and affluence in neighboring
counties and negatively associated with neighbors’ social capital and income inequality. The former
echoes the relative deprivation viewpoint, whereas the latter confirmed the spillover perspective.
Methodologically, spatial Durbin modeling outperformed the traditional analytic approaches in
ecological mortality research—ordinary least square, spatial error, and spatial lag regression.
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Introduction

Mortality is an overall assessment of population health in an area. In the past eight decades, the
United States (US) has witnessed an exceptional decrease in mortality, from almost 20 deaths to roughly
8 deaths per 1,000 population.' Despite the decrease in overall mortality over the years, disparities in
mortality have persisted along various dimensions, such as gender, race/ethnicity, and one understudied
dimension, geographic space.> For example, Cossman and colleagues reported that the spatial patterns
of all-cause mortality in the US counties have persisted in past 35 years and they further suggested that
“spatial autocorrelation must be explained by ecological mortality models” so that policymakers could
determine “where best to direct limited resources to specific unhealthy regions.”3

Identifying the determinants of mortality is not an unexplored area. Briggs and Leonard
examined the role of ecological structure in predicting variation in mortality, and found that
characteristics at the ecological level are strongly associated with mortality.* They concluded that
ecological socioeconomic characteristics (i.e., socioeconomic disadvantage) were strongly associated
with mortality, yet a substantial portion of mortality variation was not adequately explained by
socioeconomic characteristics alone.” Despite the weak ability to explain mortality variation,
socioeconomic conditions at the ecological level (e.g., poverty at tract or county level) have driven the
majority of subsequent mortality research following Briggs and Leonard. Studies found that residents in
socioeconomically disadvantaged areas have higher rates of mortality compared to their more affluent
counterparts.”’ Some scholars have also begun to investigate other potential factors, other than
socioeconomic characteristics, that may affect mortality® by revisiting the earlier finding by Briggs and
Leonard. To explain the remaining mortality variation, scholars have started to explore other potential
factors, such as social capital,>*! income inequality,**** and rurality.?

Although the studies discussed above have advanced our understanding of what the determinants
of mortality are, they largely overlooked two issues that may either undermine their conclusions or limit
the scope of mortality research. First, as noted by Cossman et al.,®> mortality is an ecological and spatial
feature of a population in a specific area, but a large body of mortality research has not yet incorporated
a spatial perspective in investigating the relationship between contextual characteristics and mortality
rates (cf. > > ). Without a spatial perspective, the persistent mortality pattern in the US may not be
explained and the previous findings may, thus, have relatively few implications for policymakers. As
Voss and his colleagues argued,*”™® demography is essentially a spatial science, and demographers
should be concerned with the potential biases associated with ecological data that have regularly been
used since the emergence of population studies. These biases mainly come from the spatial structure of
ecological data and may lead to incorrect estimates of the associations between independent and
dependent variables, and hence improper conclusions.? *2°

In addition to the methodological shortcoming, the second issue that has not been addressed in
previous work on finding the determinants of mortality is that these studies have limited the context to
the “immediate context” without investigating the impacts of the explanatory variables in “adjacent
areas.” Neglecting adjacent neighbors may undermine the understanding of spatial mortality disparity.
This theoretical issue has been emphasized in a review where the author urged health researchers to
move beyond typical within-context effects.?* Most, if not all, previous mortality studies attempted to
explain the mortality rate of a given area only with the characteristics within this area—a micro-
demography approach. We argue this approach may not be applicable in ecological mortality research as



mortality in the US has been found to be dependent spatially.> ?* In this study, we challenge the
literature by proposing that the determinants of mortality of a certain area could be explained not only
by the features of this area, but also by the characteristics of the surrounding neighbors, which is also
known as a spillover effect. To our knowledge, no mortality research has attempted to confirm our
argument, though the importance of neighbors has recently drawn researchers’ attention.?* %*

Our argument is grounded in the following theories. Social processes are spatially embedded,
and social relationships are likely to occur across the physical neighborhood boundaries. Thus,
“neighbors,” broadly defined, play an important role in understanding the social process within an area
beyond its own context. There are at least two potential mechanisms in which neighboring locations
matter. First, local institutional resources and changes occurring in a place can spill-over to its
neighbors. With this perspective, we can hypothesize that a high level of positive social conditions (e.g.,
social capital) in an area will spillover to its neighboring locations and hence, affect the outcome of
interest (i.e., mortality) in neighboring locations. Second, areas may have limited access to various
resources and they may compete with one another to secure the limited resources. This can lead to
relative deprivation in which the characteristics of neighbors can create dissatisfaction.” ?° Based on
this perspective, we can speculate that a high level of positive social conditions in an area may create a
sense of “relative deprivation” for its neighbors and in turn, influence neighbors’ outcome of interest. As
discussed previously, whether the social conditions in an area would have a spillover effect (positive
effect) or create a relative deprivation effect (negative effect) has yet to be empirically tested.

The goal of this study is to test our argument and address the methodological shortcoming
discussed previously with county level mortality data. Specifically, we will investigate if the mortality
rate of a county is associated with the features of surrounding counties after accounting for the
characteristics of the county. This study will directly respond to the call for actions by Cossman et al.
(2007) and advance our understanding of the determinants of mortality by moving beyond the effects of
immediate context to those of adjacent places. We will use spatial Durbin modeling®’ to reach our goal.

Method and Data
The spatial Durbin model“’ has been proven to outperform the spatial lag and spatial error model,

two widely used spatial analysis methods. Specifically, it has been demonstrated that the spatial Durbin
model is “the only means of producing unbiased coefficient estimates,” regardless of the true spatial
processes underlying the observed data.?® Moreover, under the spatial Durbin analytic framework, there
is no restriction imposed on the magnitude of the spatial effects, and both global and local spillover
effects are produced.?® These advantages have made the spatial Durbin model the state-of-the-art method
of spatial econometrics, and should be further promoted in applied research.?®

Three components comprise a spatial Durbin model: a spatial lagged dependent variable, a set of
explanatory variables of a spatial unit, and a set of spatial lagged explanatory variables, which can be
expressed as:
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where y denotes an n x 1 vector of the dependent variable (i.e., mortality), W is the spatial weight
matrix, Wy represents the spatial lagged dependent variable (endogenous interaction relationships), p
denotes an 1 x n vector of the effects of Wy, and [,, indicates an n x 1 vector of ones associated with the
intercept parameter a. X represents an n x k matrix of k explanatory variables, which are related to the



parameters B; WX reflects the spatial lagged explanatory variables (exogenous interaction
relationships), and 6 denotes an k x 1 vector of the effects of WX. The error tem, &, follows a normal
distribution with a mean 0 and a variance o21,,, where I, is an n x n identify matrix. The formula above
clearly demonstrates that the characteristics of a specific place (county in this study) and its neighbors
are simultaneously considered in the analysis. This paper will use this approach to explore whether the
mortality rate of a county is related to the features of its neighbors and if so, to answer how they are
associated.

Drawing from the Compressed Mortality Files maintained by the National Center for Health
Statistics,* we calculated the county-level five-year (2004-2008) age-sex adjusted mortality rate as our
dependent variable. We identified six groups of independent variables. Rural/urban residence is
measured with the rural-urban continuum codes developed by the Economic Research Service (ERS) of
the US Department of Agriculture.** The coding scheme is from 1 to 9 where 1 indicates the most
urbanized county and 9 is the most rural county. The percentages of non-Hispanic Black, Hispanic, and
non-Hispanic other races were included in the group of racial compositions. The percentage of non-
Hispanic white was not included to avoid multicollinearity. We also considered the health care
infrastructure of a county and measured this concept with the percent of population with health
insurance, the total number of medical doctors per 1,000 population, and the total number of hospital
beds per 1,000 population. Following Sampson et al. (1997), we created two variables to describe the
socioeconomic conditions of a county: social affluence and aggregate disadvantage.* As for the concept
of social capital, four indicators were used: social capital index developed by Rupasingha and colleagues
(2006), violent and property crime rates, and residential stability.*® These variables have been found to
be related to county-level mortality and to account for the geographic mortality disparity. The last
independent variable is income inequality, which was measured with the Gini coefficient to understand
the income distribution in a county.

Preliminary Findings

While the spatial Durbin model is the major model used in this study, we estimated three
additional regression models (OLS, spatial lag and spatial error model) to demonstrate that spatial
Durbin model empirically outperforms the conventional spatial regression methods. The spatially lagged
independent variables (features of neighboring counties) will be created based on the first-order Queen
adjacency matrix where two counties are defined as neighbors if they share a boundary or a vertex
geographically. As the spatial weights are assigned equally to each neighbor, the spatial lag independent
variables could be understood as the average value of the independent variables among neighbors. We
summarized the four regression models in Table 1. Several findings are notable: First and foremost,
spatial Durbin model has the lowest Akaike Information Criterion (AIC) value, indicating that it fits our
data best. The likelihood ratio tests further confirmed this conclusion. That said, taking the features of
neighboring counties into account provides a statistically meaningful improvement and explains the
spatial mortality variation better than other conventional methods. Second, we found strong evidence to
support our argument that the features of surrounding counties are important. Percent of population with
health insurance and affluence followed our relative deprivation argument. Specifically, within a
particular county, percent of population with health insurance was negatively related to mortality;
however, the percent of population with health insurance in neighboring counties was positively
associated with the mortality in this particular county. That means, in contrast to neighbors, if a county




was featured by a lower health insurance coverage rate, the mortality rate of this county is likely to
increase; and this relationship holds, even after controlling for other county level features. In the same
vein, one unit increase in the affluence score was associated with a 0.5 death per 1,000 population
decrease within a county, but the same increase in the affluence score of neighboring counties would
increase mortality rate by 0.2 death per 1,000 population. Third, the Gini coefficient seemed to have a
“spillover effect,” which is the most profound impact from neighboring counties on mortality. If the
inequality in neighboring counties increased by 0.1 unit, the mortality rate of a specific county would
decrease by 0.3 death per 1,000 population. It should be noted that inequality was positively associated
with mortality within a county as the literature suggested.

Fourth, comparing the spatial Durbin model with the other three regression models, we found
that the positive association between percent of Black population and mortality disappeared after
accounting for the features of neighboring counties. This finding implied that the positive association
found in other regression methods may be due to the spatial clustering of various social dimensions.
Fifth, we did not find the spillover effects for the total number of medical doctors and hospital beds per
1,000 population; and this may be explained by the fact that patients prefer local providers to avoid an
additional burden and inconvenience coming along with travel. Finally, high social capital index was
irrelevant to mortality within a county. However, the mortality of a county would decrease by roughly
0.2 death per 1,000 population with an increase of 1 unit in neighboring social capital index score,
another piece of evidence to bolster our hypothesis that spillover effect from neighbors really counts.

Table 1. Preliminary results of spatial Durbin model

OLs SpatialTLag  Spatial Emor Spatial Tharbin
Model Modell Model: MModel
Estimate Estimate Estimate Estimate Lag Estimate
Intercept TG 4 825%% B.T03FwE* 5625%%*
Rural/Urban Residence
Furality DO55%** D.040%** 0.030%* 0.007 0027
Racial/Ethnic Composition
Non-Hispanic Black 1.303%%% 0. 840Q%** 1542%%% 0421 0043
Hizpanic 3010w -1.440%%* -1. 760 0004 -1.316%**
Other Faces 0679* 1.49g%** 1922%%* 2.420%%% -3.407%**
Health Care Infrastructure
Health Insurance 0.001 D.014%%% 0.030%** 0041 %= 0.057*%*
MD per 1,000 0.035* 0.032* 0.032* D043+ 0019
Hospital Beds per 1,000 0.02]1%%* 0.017%** D.014%%* D.015%%* 0010
Socioeconomic Status
Affluence DG5g** 0.495%** 0351 %= -0.5320%% 0.20g***
Dizadvantage 0.300%** 0.204%** 0333%%* D316%** 0006
Social Capital
Social Capital Index 0. 180%** 0000 DOTgEEE 0027 -0.160%**
Violent Crime Eate 0.030% 0017 0023 0016 0026
Property Crime Eate 0.003 0.003 0.003 -0.001 0012
Stability 0.040 0028 0013 0.003 0027
Income Inequality
Giri Coefficient 2.340%%* 1.406%* 1.782%* 2.07]1*** -3 400%**
Bho (Spatial Lag) 0.428%** 0.430%%%
Lambda {Spatial Error) 0. 38G%**
AIC 87527 82436 82204 20664

*p<.05; #¥p=001; *¥*p<=0.001
TLikelihoodRatio {LE) tasts indicatad that Spatial Dhurhin fits databatterthan Spatial Lag Modal (LE=205 11, DF=14, p<0.001)
I Likelihood Ratio (LE) tasts indicated that Spatial Durbin fits data battar then Spatial Error Moeda (LE=120.93 DF=14, p<0.001)
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