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There is long-standing evidence for the existence of geographical inequalities in health. Multiple conceptual
frameworks have been proposed to explain why such patterns persist. The methodological design for these stud-
ies is often not appropriate for identifying causal effects of neighborhood context, however. It is possible that
findings that show the importance of neighborhoods could be subject to confounding of individual-level factors,
neighborhood sorting effects (i.e., health-selective migration), or both. We present an approach to investigat-
ing neighborhood-level factors that provides a stronger examination for causal effects, as well as addressing
issues of confounding and sorting. We use individual-level data from the British Household Panel Survey
(1995-2008). Individuals were grouped into quintiles based on the median house price of an individual’s lower
super output area as our measure of neighborhood socioeconomic context. Multivariate propensity scores were
used to match individuals to control for confounding factors, and logistic regression models were used to esti-
mate the association between destination of migration and risk of poor health (up to ten years following migra-
tion). Initially, we found some evidence that poorer neighborhoods were associated with an increased risk of
poor health. Following controlling for an individual’s health status prior to migration, the influence of neigh-
borhood socioeconomic context was statistically nonsignificant. Our findings suggest that health-selective
migration might help to explain the association between neighborhood-level factors and individual-level
health. Our study design appears useful for both identifying causal effects of neighborhoods and accounting for
health-selective migration. Key Words: health, longitudinal, matching, migration, neighborhood.
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Hay evidencia de vieja data de la existencia de desigualdades geogrificas en salud. Se han propuesto
multiples marcos conceptuales para tratar de explicar por qué persisten tales patrones. Sin embargo, el
diseno metodoldgico de estos estudios con frecuencia no es apropiado para identificar los efectos causales
del contexto vecinal. Es posible que los hallazgos que muestran la importancia de los vecindarios podrian
estar sujetos a confusién de los factores de nivel individual, la clasificacién vecinal de los efectos (i.e., la
migracién selectiva por salud), o ambos. Presentamos un enfoque para investigar los factores de nivel
vecinal que provee un examen mds fuerte de los efectos causales, al tiempo que enfrenta problemas de
confusién y clasificacién. Utilizamos datos a nivel individual de la Encuesta del Panel Britdnico de
Hogares (1995-2008). Los individuos se agruparon en quintiles basados en la media del precio de la viv-
ienda del 4rea de salida de capa mds baja de un individuo, como nuestra medida del contexto
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socioeconémico vecinal. Los puntajes de propensién multivariada se usaron para emparejar los individuos
con el fin de ejercer control de los factores de confusién, y se usaron modelos de regresion logistica para
calcular la asociacién entre el destino de la migracién y el riesgo de mala salud (hasta por los siguientes
diez anos de la migracién). Inicialmente hallamos alguna evidencia de que los vecindarios mds pobres
estaban asociados con un incremento en el riesgo de mala salud. Siguiendo al control hecho sobre el
estatus de la salud de un individuo antes de la migracién, la influencia del contexto socioeconémico veci-
nal resultd ser estadisticamente no significativa. Nuestros descubrimientos sugieren que la migracién
selectiva por salud podria ayudar a explicar la asociacién entre los factores a nivel de vecindario y la
salud a nivel de individuo. El diseno de nuestro estudio parece util para identificar los efectos causales de
los vecindarios y para tomar en cuenta la migracién selectiva por salud. Palabras clave: salud, longitudinal,

emparejamiento, migracion, vecindario.

he existence of health inequalities between
poor and affluent neighborhoods is well docu-
mented. For example, there is an estimated gap
of nine and seven years in life expectancy at birth for
males and females, respectively, between neighbor-
hoods in the most versus least deprived deciles in
England (Office for National Statistics 2016). Early
debates focused on whether explanations for these pat-
terns were due to compositional (i.e., individual-level)
or contextual (i.e., area-level) factors. The growth of
multilevel modeling helped researchers attempt to sep-
arate out these two factors, consistently finding sup-
port for contextual explanations suggesting that the
social environment mattered (Mitchell 2001; Riva,
Gauvin, and Barnett 2007). Multiple processes and
mechanisms have been proposed to explain the role of
neighborhood socioeconomic context for health,
including living in stressful environments (Kaplan
et al. 2013; Nieuwenhuis, Hooimeijer, and Meeus
2015), a lack of social capital or cohesion (N. Pearce
and Davey Smith 2003; Uphoff et al. 2013), and
greater accessibility to unhealthy foods (Smith et al.
2016).
There are three main explanations for the existence
of health inequalities across neighborhoods:

1. Neighborhoods influence health. A vast amount of
evidence, which appears consistent across out-
comes, methods, and contexts, would support
this explanation (Pickett and Pearl 2001; Riva,
Gauvin, and Barnett 2007; Oakes et al. 2015;
Schiile and Bolte 2015; Arcaya, Tucker-Seeley,
et al. 2016).

2. Neighborhood effects reflect individual-level con-
founders. Where neighborhood effects are
detected, they might merely represent unknown,
unmeasured social characteristics of individuals
that are merely correlated with measures of
neighborhood socioeconomic context. This is

commonly referred to as the compositional
explanation for neighborhood effects. If the
design of the study does not fully account for
such confounding factors, results that suggest the
importance of neighborhood socioeconomic
context might be misleading (Westfall and
Yarkoni 2016). To analyze neighborhood effects,
researchers might have been relying on only
observational data that might not capture or
poorly measure the true construct of interest.
A large proportion of the evidence base also
draws on cross-sectional data, which cannot be
used to identify causal effects because such data
only present relationships at a single point in
time (i.e., they cannot separate out cause and
effect, for which you need temporal data). These
issues have led to calls for greater focus on longi-
tudinal life course studies to tease out the com-
plex contextual effects of neighborhoods on
health (Oakes et al. 2015; Morris, Manley, and
Sabel 2016).

. Individuals with poor health become sorted into

deprived neighborhoods. Migration patterns are
important for understanding the population
structure of an area because the characteristics
of migrants are different from those of nonmi-
grants. Life events (e.g., childbirth, marriage,
divorce), demographic (e.g., age, income, occu-
pation, marital status), geographical (e.g., ser-
vice, employment, or family location), and
cultural factors (e.g., neighborhood satisfac-
tion, moving up the “housing ladder”) each
influence the propensity for individuals to
migrate (Morris, Manley, and Sabel 2016).
Migration will therefore affect the population
structure of both the origin and destination of
movement patterns (Norman, Boyle, and Rees
2005). If migrants differ from nonmigrants in
terms of their demographic characteristics and
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these characteristics are also associated to
health outcomes, then migratory patterns will
indirectly introduce bias into understanding
the impact of neighborhoods. For example, the
most mobile population groups are the young,
and because they tend to also be healthy, high
inmigration of such individuals will make an
area seem healthier than it actually is. Previous
research suggests that migratory patterns might
exaggerate the relationship between neighbor-
hood socioeconomic context and health
(Brimblecombe, Dorling, and Shaw 1999,
2000; Norman and Boyle 2014; although see
Geronimus, Bound, and Ro 2014). The system-
atic sorting of individuals with poor health
into poorer neighborhoods is termed health-
selective migration (Brimblecombe, Dorling, and
Shaw 1999; Green et al. 2015; Arcaya, Graif,
et al. 2016).

Our article presents one approach to tackle the second
and third explanations to evaluate the contribution of
the first explanation.

Our approach is influenced by the Moving to
Opportunity (MTO) experiment. MTO was funded
by the U.S. federal government between 1994 and
1998 to provide rental subsidies to individuals in
poor areas on the condition individuals moved to a
less deprived area (vs. a control group of no subsidy
and a second intervention group with no restriction
on location for using the subsidy to migrate to).
The experiment was set up as a randomized control
study, allowing for the program to be evaluated
independent of confounding factors. Individuals
who migrated to less deprived areas were associated
with improved physical and mental health (albeit
not for all health outcomes), although adolescent
males were found to have poorer mental health fol-
lowing migration (Leventhal and Brooks-Gunn
2003; Kling, Liebman, and Katz 2007; Ludwig et al.
2011). The MTO study provides some of the stron-
gest evidence of the causal effects of neighborhood
socioeconomic context (Sampson 2012; Oakes et al.
2015) and has also been used to show the role of
health sorting into neighborhoods (Arcaya, Graif,
et al. 2016). The MTO demonstrates the usefulness
of testing for neighborhood effects through experi-
mental designs involving migration (i.e., individuals
changing their neighborhood context). Running
randomized experiments to test different aspects of
neighborhood features in varying contexts would be

time consuming, unfeasible, expensive, and poten-
tially unethical, however (Stuart 2010; McCaffrey,
Ridgeway, and Morral 2014). Analyzing observa-
tional data to estimate the causal effect of neigh-
borhood socioeconomic context on health avoids
these issues and also allows the use of data that are
more generalizable to the wider population.

We propose using a matching methods frame-
work to examine migration as a quasi-experiment
(Green et al. 2015). Because migrating individuals
move from one neighborhood socioeconomic con-
text to another, accounting for differences in char-
acteristics between migrants allows us to isolate the
impact of neighborhood socioeconomic context on
health through accounting for any selection bias
(Johnson, Oakes, and Anderton 2008; Stuart 2010;
McCaffrey, Ridgeway, and Morral 2014). Ignoring
the issue of selection bias violates the assumptions
of many regression-based methods and is an issue
often ignored in the neighborhood effects literature
(Ho et al. 2007; van Ham and Manley 2012; Oakes
et al. 2015).

The aim of our study is to explore the association
between neighborhood socioeconomic context (as
measured using house price data) and poor health
among individuals migrating internally between differ-
ent neighborhood socioeconomic contexts using a
matching methods framework of analysis.

Method
Data

Data were taken from the British Household Panel
Survey (BHPS). The BHPS is a large (mean annual
sample size = 14,272) annual panel survey that ran
between 1991 and 2008 before being incorporated
into the survey “Understanding Society.” We selected
the BHPS because it contains information on both
health and migration. The survey is also representative
of Great Britain (and the UK from 2001). Special
license access was granted by the Economic and Social
Data Service, which provided data on the geographical
location of individuals for each wave.

Our outcome variable was self-reported health sta-
tus. Individuals were asked to rate their health using a
Likert scale (excellent, good, fair, poor, very poor). We
created a dichotomous variable indicating an individu-
al’s qualitative sense of whether he or she was in poor
health, which we coded as 1 when individuals reported
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that their health was fair, poor, or very poor and 0
when it was good or excellent. The approach is based
on common practice in previous research (Jylha
2009). Previous research has demonstrated that self-
rated health is a useful predictor of actual health (Idler
and Benyamini 1997; Jylha 2009) and it has been use-
ful in previous neighborhood effects research (Pickett
and Pearl 2001; Riva, Gauvin, and Barnett 2007).

Choice of covariates was limited to variables present
at each wave, but covariates were selected to account for
characteristics strongly associated with health and that
could account for differences in individuals’ migration
patterns. We included the following variables: age, sex,
ethnicity (defined as ethnic minority or not), highest
level of education (categorized as no qualifications,
below degree level, and degree, equivalent or higher),
and whether an individual smoked or not. Age, sex, and
ethnicity are nonmodifiable personal characteristics that
are associated with health status (Jylha 2009). Age dis-
plays a positive association with ill health, with older
adults being more likely to report poor health. It is also
strongly associated with migration (Morris, Manley, and
Sabel 2016). Females have a greater likelihood of rating
their health as poor. Ethnic minorities have also been
associated with poorer health (Geronimus, Bound, and
Ro 2014; Darlington-Pollock et al. 2016). Education
reflects an individual’s own socioeconomic status because
higher education allows access to higher paid occupa-
tions (Malmstrom, Sundquist, and Johansson 1999;
Green et al. 2014). Finally, smoking displays one of the
strongest behavioral associations to poor health (Shaw,
Mitchell, and Dorling 2000; Lawlor et al. 2003) and has
been previously shown to contribute to selective migra-
tion patterns (J. R. Pearce and Dorling 2010). These var-
iables have all been previously identified as important
controls for understanding the association between
neighborhood socioeconomic context and poor self-rated
health (Malmstrom, Sundquist, and Johansson 1999).

Lower super output areas (LSOAs) were chosen as
the geographical scale for the analysis. LSOAs are
administrative zones created to disseminate data and
were designed to have similar population sizes
(approximately 1,600) and be socially homogenous
(Martin 2002). These factors make them useful for
assessing the contribution of neighborhood to health.
We used 2001 LSOA boundaries and kept their geo-
graphical boundaries fixed to their 2001 boundaries
throughout the period of the BHPS so that our geo-
graphical scale remained constant to allow for fairer
comparisons between years of our measure of neigh-
borhood socioeconomic context.

House price data from the land registry (1995—
2008) were used as our measure of neighborhood socio-
economic context. Although using house price data to
measure neighborhood socioeconomic context is some-
what reductionist, few other data sources were avail-
able annually at small geographical zones for the
period of the BHPS. House prices are a useful measure
for socioeconomic context because house prices reflect
both income and wealth within a neighborhood, as
well as a qualitative sense of neighborhood desirability.
Neighborhood house price metrics have been demon-
strated to be associated with self-rated health within
cities (Moudon et al. 2012; Jiao et al. 2016). Less
work has been undertaken to explore their usefulness
at the national level. Median house price at each year
was calculated for LSOAs (through linking postcodes
of house prices to LSOA boundaries) and we then
grouped LSOAs into quintiles within each year to
allow us to make relative comparisons between years.

We restricted our analysis to data collected between
1995 and 2008 because this was the time period during
which neighborhood-level data were available. Data
for all years were converted from long to wide format.
We set the first wave where an individual recorded
that he or she had migrated since the previous wave as
the baseline and followed individuals over time (i.e.,
baseline was coded as time point O, with each subse-
quent year following migration a one-unit increase).
For individuals who moved multiple times in the
survey, we took only their first migration and did not
consider subsequent years of data following additional
migrations (i.e., if an individual moved every two years
during the survey, he or she only contributes two per-
son years following his or her first migration in our
analysis). A total of 9,225 individuals who were
matched to geographical data migrated at any point in

the BHPS (31.7 percent).

Statistical Analysis

The fundamental barrier to making causal inferences
about human behavior is that no true counterfactual
can be observed (Ho et al. 2007; McCaffrey et al.
2013). In this case, we only observe individuals’ actual
neighborhood moves and health, not what would have
happened to their health if they migrated to a different
neighborhood socioeconomic context. Matching meth-
ods address the lack of a counterfactual observation by
comparing individuals who are similar in their underly-
ing propensity to move to various contexts but are
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different in terms of their neighborhood socioeconomic
context (Stuart 2010; Green et al. 2015).

We matched individuals using a multinomial pro-
pensity score (Imbens 2000; Imai and van Dyk 2004;
McCaffrey et al. 2013). Propensity score methods oper-
ate by fitting regression models predicting the selection
process (in our case quintile of median house price for
the neighborhood individuals migrated to) across a
series of covariates. The model can then be used to pre-
dict the probability (recorded as a weight) that an indi-
vidual would migrate to a particular quintile of house
price based on its observed covariates (Rosenbaum and
Rubin 1983; McCaffrey, Ridgeway, and Morral 2014).
These weights can then be applied in subsequent analy-
ses to balance observations and minimize their differen-
ces so that the main difference between observations is
the factor of interest (in our case, the quintile of
median house price of the neighborhood an individual
migrated to). The result of any subsequent analysis is
independent of the covariates used for matching indi-
viduals (Ho et al. 2007; Stuart 2010).

We use the approach set out in McCaffrey et al.
(2014), who used generalized boosted models (GBMs)
to fit the multinomial propensity score. GBM is an
iterative machine learning approach that uses multiple
regression trees to assess the similarities between cate-
gories in terms of their covariates. Dissimilarity
between covariates was measured using the mean
Kolmogorov—Smirnov statistic. We also use the aver-
age treatment effect (ATE) as our estimand, which in
the context of our study corresponds to the differences
in mean values of covariates between each quintile of
house price (Rosenbaum and Rubin 1983; Imai and
van Dyk 2004; Ho et al. 2007).

We matched individuals on the median house price
quintile of the neighborhood to which they migrated,
predicted by age, sex, ethnicity, education, whether an
individual smoked or not, and the quintile of median
house price of the neighborhood from which they
migrated. We also separately matched individuals on
whether they reported that their health was poor at the
time point prior to migration (including the other cova-
riates) to reduce the impact of health-selective migra-
tion. We present the two matching models separately
to assess the impact of health selective migration.
Matching was undertaken on characteristics of individ-
uals in the year prior to migration (i.e., “pre-exposure”
to the new neighborhood type), which is necessary for
defining a causal model (Imbens 2000; Stuart 2010).

Matching requires observations to be complete for

each variable (McCaffrey et al. 2013). All cases with

missing data were dropped from the regression analyses.
Table 1 reports sample size in terms of years following
migration. Sample size decreased by the number of years
following migration partially due to attrition and individ-
uals entering the panel at differing years. As we matched
on covariates prior to migration, this also constrained our
sample size. The degree of missing data reported in
Table 1 should be regarded as a limitation of our study
and might have introduced bias into our estimates.

Logistic regression was then used to examine how
our predictor variable, the quintile of median house
price of the neighborhood to which an individual
migrated (i.e., socioeconomic context), is associated
with our outcome variable (an individual’s risk of poor
health). We fit a separate logistic regression model for
each time point separately because a single longitudi-
nal model was a poor fit of the data. As such, our
results examine whether health status at any year
within a ten-year period can be explained by the
neighborhood socioeconomic context to which an
individual migrated. The models were weighted using
the weights created in the matching process. Because
the matching process accounts for each of our covari-
ates, there is no need to further control for their effects
in our models (Ho et al. 2007), and sensitivity analy-
ses showed that including them did not alter our find-
ings. We also stratified our regression models by
median house price quintile of the origin neighbor-
hood, after removing this variable from the matching
model, to explore whether our results varied between
particular combinations of neighborhood socioeco-
nomic context for origin and destination.

All analyses were performed using the statistical

software R (R Core Team 2016).

Table 1. Sample size by number of years in relation to
migration

Year in relation ~ Total N in regression N in regression

to move data (Model 1) (Model 2)
-1 7,515
0 9,225 4914 4,908
1 7,807 4,272 4,267
2 6,907 3,833 3,830
3 6,080 3,399 3,396
4 5,343 3,034 3,031
5 4,649 2,723 2,721
6 3,974 2,399 2,397
7 3,325 2,040 2,038
8 2,779 1,683 1,682
9 2,205 1,300 1,300
10 1,820 1,008 1,008
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Results

Table 2 describes the characteristics of our analyti-
cal sample. Key differences between migrants and the
entire BHPS sample included that migrants were
younger and more likely to smoke. In terms of educa-
tion, a smaller proportion of individuals with no quali-
fications migrated, and a larger proportion of
individuals with a secondary level of education did
move. There was little difference by sex, ethnicity, the
percentage with poor health, and quintile of median
house price in a neighborhood. These differences are
in line with past research into the characteristics of
migrants (Morris, Manley, and Sabel 2016).

Table 3 presents the number of individuals who
were identified as having migrated at baseline by
the quintile of neighborhood median house price of
the neighborhood from which they originated and the
quintile to which they migrated. The largest flow of
migrants for each quintile was to a neighborhood of
the same quintile. The transfer within the same quin-
tile was largest for Quintile 5 (the areas with the low-
est median house prices), with 57 percent of
migrations at baseline remaining in the same quintile.
The percentage of same-quintile moves was also high
(43 percent) for the most affluent areas (Quintile 1).
The next most common type of flow was to a quintile
on either side of the origin quintile. This is most nota-
ble in Quintile 3 (i.e., the areas in the middle of the
distribution for median house price), where 46 percent

Table 3. Origin and destination of migrants by quintile of
neighborhood house price

Origin (quintile)

1 2 3 4 5

Destination (quintile) 1 339 221 146 73 32
2 219 336 241 128 84
3 126 219 311 274 146
4
5

78 111 255 453 361
21 53 108 253 814

of migrations were to either Quintile 2 or 4. There
were few individuals who migrated between the
extremes (i.e., from Quintile 1 to 5 or vice versa).
Table 4 includes the results from the first model
matching on all covariates other than health status
prior to migration. Overall, there are few significant
associations found across each model. There was some
evidence of the negative impact of neighborhood
socioeconomic context on health. In the first wave of
data collected after an individual migrated (equivalent
to zero years following migration, as migration was
recorded as being in-between waves), individuals who
had moved to areas with the lowest median house pri-
ces (i.e., were in Quintile 5) were 31 percent more
likely to be in poor health (odds ratio [OR] = 1.310,
95 percent confidence interval [CI], [1.062, 1.614])
than compared to those who moved to areas with the
highest median house prices (Quintile 1). Three years

Table 2. Analytical sample characteristics of the British Household Panel Survey and at baseline for migrants

Average throughout

Baseline characteristics of

Missing data (%) at baseline  Sample size of complete records

BHPS migrants (migrants) (migrants)

Age (M) 45.5 36.1 0.01 7,514
Male (%) 46.0 46.0 0.31 7,492
Ethnic minority (%) 2.7 2.8 8.58 6,870
Education (%) 1.98 7,366

No qualifications 233 16.3

Secondary level 39.3 47.2

Degree or higher 374 36.5
Smoker (%) 26.5 31.8 0.65 7,466
Poor health (%) 324 30.6 0.31 7,492
House price 7.54 6,948

quintile® (%)

1 (highest) 15.7 15.6 ,

2 17.7 18.4

3 20.5 20.2

4 21.9 22.8

5 (lowest) 24.1 22.9

“Destination for movers.
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following migration, individuals who had migrated to
the poorest areas (Quintile 5) at baseline were 29.7
percent more likely to report that their health was
poor (OR = 1.297, 95 percent CI, [1.074, 1.610]) com-
pared to those who migrated to the most affluent areas
(Quintile 1). In between zero and three years following
migration, positive associations for Quintile 5 were
also detected, but these associations were not signifi-
cant (one year following migration: OR = 1.200, 95
percent CI, [0.959, 1.509]; two years following migra-
tion: OR = 1.160, 95 percent CI, [0.917, 1.470]). We
also found that individuals who migrated to the middle
quintile of areas (Quintile 3) at baseline were 31.5 per-
cent more likely to report poor health (OR = 1.315,
95 percent CI, [1.074, 1.610]) than individuals migrat-
ing to the most affluent areas (Quintile 1). No other
associations were statistically significant.

Table 4 also shows results from the same analysis
presented earlier but with individuals additionally
matched based on their health status prior to migra-
tion. We included the variable to test whether the
associations found in Table 4 were consistent follow-
ing accounting for potential health selective migra-
tion. Associations between low neighborhood
socioeconomic status and subsequent poor health were
statistically nonsignificant after we added baseline
health status to our matching model. The association
for individuals who migrated to the middle quintile of
areas (Quintile 3) compared to the most affluent areas
to health three years following migration not only
remained statistically significant, but its effect size
increased to 1.54 (albeit the CI, [1.083, 2.191], overlap
the previous estimate).

We also stratified our analyses by the quintile of
median house price for the neighborhood of origin to
explore whether the effects varied by combination of
origin and destination neighborhood socioeconomic
context. The results were mainly insignificant with
wide Cls. This was in part due to small sample sizes
between each combination of neighborhood contexts,
which was compounded by the decreasing sample size
over time (see Table 3). Given their high uncertainty,
we chose not to report them.

Discussion

Our study presents an approach to exploring the
role of neighborhood socioeconomic context on
health. We found little evidence for any association
between quintile of median neighborhood house price

and health at least up to ten years following migration
following the inclusion of an individual’s health status
prior to migration. Although we did detect a single
sole association even after accounting for health selec-
tive migration and the direction of the association is
in the expected direction, we posit that the association
might be spurious. The strengths of our study lie in its
study design and use of fine-scale longitudinal data.

The lack of evidence of neighborhood socioeco-
nomic contextual effects following controlling for
health status prior to migration suggests that health-
selective migration is an important phenomenon that
might help to explain findings from previous studies
that have examined the role of neighborhood effects.
It indicates that geographical inequalities could be
explained by the sorting of unhealthy and healthy
individuals into poorer and affluent areas, respectively.
Our results support the analyses of Norman, Boyle,
and Rees (2005) and Norman and Boyle (2014), who
showed that the process of health-selective migration
exaggerated the relationship between neighborhood
socioeconomic context and health. We build on their
work through using single-year time points compared
to ten-year periods, demonstrating that this process
occurs in the short term to support their longer term
findings. Brimblecombe and colleagues also claimed
that selective migration over the life course accounted
for all geographical inequalities in mortality in Britain
at a spatial scale larger than ours (Brimblecombe,
Dorling, and Shaw 1999), although they subsequently
found that the process was influenced by early life
(social) conditions (Brimblecombe, Dorling, and
Shaw 2000). Similar observations of the importance of
health-selective migration have also been made in
Canada, New Zealand, and the United States (J. R.
Pearce and Dorling 2010; Arcaya, Tucker-Seeley,
et al. 2016; Darlington-Pollock et al. 2016; Smith
et al. 2016; although see Geronimus, Bound, and Ro
2014).

There are several mechanisms that help explain the
sorting process of individuals of poor health migrating
to deprived neighborhoods. Housing costs (i.e., house
prices, rental prices, or the stock of affordable housing
options in less deprived areas) have been shown to be
an important factor in understanding the sorting pro-
cess (Baker et al. 2016) and was the mechanism tar-
geted in the MTO study to tackle socioeconomic
inequalities (Sampson 2012). Individuals of low socio-
economic status will be limited in the neighborhoods
they can afford to live in as result, hence becoming
sorted into deprived neighborhoods. With individuals
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Table 4. Results from a series of logistic regression models (undertaken separately by year since migration) predicting whether
an individual’s health status was poor by the neighborhood socioeconomic context of the destination of their migrations

Matching without health status Matching including health status
Model Odds ratio 95% confidence intervals  p value Model Odds ratio 95% confidence intervals p value
0 years since migration 0 years since migration
Quintile 2 1.091 0.897 1.325 0.383 Quintile 2 1.154 0.821 1.622 0.408
Quintile 3 1.135 0.943 1.367 0.182 Quintile 3 1.186 0.859 1.638 0.300
Quintile 4 1.072 0.893 1.287 0.458 Quintile 4 1.086 0.788 1.497 0.613
Quintile 5 1.310 1.062 1.614 0.012 Quintile 5 1.253 0.883 1.776 0.206
1 year since migration 1 year since migration
Quintile 2 0.995 0.808 1.226 0.961 Quintile 2 0.970 0.677 1.389 0.867
Quintile 3 1.001 0.822 1.220 0.989 Quintile 3 0.954 0.680 1.340 0.787
Quintile 4 1.012 0.832 1.230 0.907 Quintile 4 0.981 0.699 1.377 0.913
Quintile 5 1.200 0.959 1.501 0.111 Quintile 5 1.088 0.754 1.571 0.651
2 years since migration 2 years since migration
Quintile 2 0.886 0.716 1.097 0.268 Quintile 2 0.807 0.558 1.167 0.254
Quintile 3 1.062 0.868 1.298 0.560 Quintile 3 1.054 0.747 1.488 0.765
Quintile 4 0.928 0.760 1.134 0.466 Quintile 4 0.867 0.612 1.228 0.422
Quintile 5 1.161 0.917 1.470 0.214 Quintile 5 1.083 0.744 1.576 0.678
3 years since migration 3 years since migration
Quintile 2 1.044 0.841 1.296 0.697 Quintile 2 1.089 0.745 1.591 0.660
Quintile 3 1.315 1.074 1.610 0.008 Quintile 3 1.540 1.083 2.191 0.016
Quintile 4 1.166 0.951 1.429 0.140 Quintile 4 1.293 0.903 1.852 0.160
Quintile 5 1.297 1.023 1.645 0.032 Quintile 5 1.335 0.905 1.971 0.146
4 years since migration 4 years since migration
Quintile 2 1.134 0.892 1.441 0.305 Quintile 2 1.265 0.826 1.939 0.280
Quintile 3 1.111 0.886 1.393 0.362 Quintile 3 1.154 0.771 1.728 0.487
Quintile 4 1.127 0.898 1.414 0.301 Quintile 4 1.201 0.800 1.802 0.376
Quintile 5 1.189 0.924 1.530 0.178 Quintile 5 1.159 0.756 1.776 0.498
5 years since migration 5 years since migration
Quintile 2 1.039 0.809 1.334 0.765 Quintile 2 1.130 0.730 1.748 0.583
Quintile 3 1.024 0.806 1.301 0.845 Quintile 3 1.052 0.692 1.598 0.813
Quintile 4 1.021 0.806 1.294 0.864 Quintile 4 1.063 0.699 1.616 0.774
Quintile 5 1.095 0.843 1.422 0.499 Quintile 5 1.060 0.686 1.638 0.792
6 years since migration 6 years since migration
Quintile 2 1.075 0.830 1.392 0.583 Quintile 2 1.162 0.740 1.825 0.515
Quintile 3 1.057 0.827 1.350 0.660 Quintile 3 1.079 0.703 1.657 0.727
Quintile 4 1.146 0.898 1.462 0.275 Quintile 4 1.265 0.822 1.946 0.285
Quintile 5 1.250 0.944 1.656 0.119 Quintile 5 1.373 0.863 2.185 0.181
7 years since migration 7 years since migration
Quintile 2 1.074 0.810 1.423 0.621 Quintile 2 1.156 0.708 1.885 0.562
Quintile 3 1.041 0.797 1.361 0.768 Quintile 3 1.026 0.643 1.638 0.914
Quintile 4 1.084 0.827 1.420 0.560 Quintile 4 1.141 0.711 1.832 0.584
Quintile 5 1.090 0.797 1.491 0.590 Quintile 5 1.028 0.614 1.718 0.917
8 years since migration 8 years since migration
Quintile 2 0.865 0.633 1.181 0.361 Quintile 2 0.795 0.459 1.375 0.412
Quintile 3 1.153 0.861 1.544 0.339 Quintile 3 1.217 0.737 2.009 0.443
Quintile 4 0.989 0.737 1.328 0.942 Quintile 4 0.917 0.552 1.525 0.739
Quintile 5 1.180 0.841 1.657 0.338 Quintile 5 1.213 0.692 2.127 0.500

(Continued on next page )
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Table 4. Results from a series of logistic regression models (undertaken separately by year since migration) predicting whether
an individual’s health status was poor by the neighborhood socioeconomic context of the destination of their migrations

(Continued)
Matching without health status Matching including health status

Model Odds ratio 95% confidence intervals  p value Model Odds ratio 95% confidence intervals p value

9 years since migration 9 years since migration
Quintile 2 0.771 0.547 1.088 0.139 Quintile 2 0.666 0.364 1.218 0.187
Quintile 3 1.177 0.853 1.624 0322 Quintile 3 1.254 0.725 2.169 0.418
Quintile 4 1.010 0.728 1.403 0.950 Quintile 4 0.998 0.568 1.754 0.994
Quintile 5 1.012 0.678 1.510 0.955 Quintile 5 0.910 0.480 1.724 0.773

10 years since migration 10 years since migration
Quintile 2 0.795 0.555 1.140 0.213 Quintile 2 0.748 0.399 1.401 0.364
Quintile 3 1.168 0.829 1.645 0.375 Quintile 3 1.304 0.732 2.324 0.368
Quintile 4 1.033 0.732 1.457 0.855 Quintile 4 1.038 0.579 1.862 0.900
Quintile 5 0.899 0.603 1.338 0.599 Quintile 5 0.827 0.433 1.580 0.565

Note: Quintile 1, which is the highest median house price quintile, is the reference category for each model.

of low socioeconomic status also more likely to have
poorer health (Malmstrom, Sundquist, and Johansson
1999; Geronimus, Bound, and Ro 2014), health-selec-
tive migration reflects the process of sorting by socio-
economic status rather than health. It is also plausible
that as individuals become ill, they experience a loss
of income if they cannot work and might begin to drift
to areas with lower house prices. Boyle, Norman, and
Rees (2002) also demonstrated that individuals who
migrate to social housing (which are typically located
in deprived neighborhoods) are more likely to be of
poor health, partly because disabled people received
priority for social housing.

The sorting process is also influenced by migration
patterns taking place in the opposite direction. One of
the dominant migratory processes is of younger (and
hence healthier) migrants moving to less deprived
areas (Norman, Boyle, and Rees 2005). If younger and
healthier migrants are moving to more affluent areas,
then it might shift the population structure of deprived
areas toward unhealthier populations. The interacting
process of poorer individuals drifting to poorer neigh-
borhoods, combined with younger and healthier popu-
lations migrating to less deprived neighborhoods, will
exaggerate the relationship between health and neigh-
borhood socioeconomic context (Norman and Boyle
2014). It might also contribute to mechanisms such as
house prices (and affordability), where less deprived
areas become more desirable and house prices increase
(and vice versa; Baker et al. 2016). The poor are not
also just drifting to the poorest areas but are also most
likely to migrate within the same quintile (see

Table 3), suggesting that they are less upwardly
mobile.

The decision for migration might also help to
explain patterns. Difficult life events (e.g., divorce,
unemployment, housing eviction) have been shown to
influence an individual’s propensity to migrate and
might offer some explanation for selective migration
effects given their independent association with men-
tal health (Tunstall et al. 2015). Migration types that
are associated with negative reasons are more stressful
(Morris, Manley, and Sabel 2016), and stress has an
established biological pathway to affecting health.
Reason for migration helps to explain why short-dis-
tance moves are more strongly associated to poorer
health outcomes than longer moves, because even
though longer moves are more disruptive, they are
more likely to be due to positive reasons (e.g., new
jobs; Boyle, Norman, and Rees 2002).

So does this put the knife in the neighborhood
effects literature? Not exactly. What we call for is
greater consideration of study design when analyzing
similar research questions with observational data.
Multilevel modeling revolutionized the field of health
geography for understanding the role of neighborhood
context on health (Mitchell 2001). These approaches
are still important and have led to a great deal of dis-
covery (Pickett and Pearl 2001; Riva, Gauvin, and
Barnett 2007; van Ham and Manley 2012; Oakes et al.
2015; Arcaya, Tucker-Seeley, et al. 2016; Schiile and
Bolte 2015). We need to be thinking through how
best to identify causal effects, however, if we are to
progress our understanding. Identifying causal
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mechanisms is necessary to be able to design effective
policies. Our study therefore forms part of a small but
growing literature trying to understand new methodo-
logical applications for teasing out causal effects
within health geography (van Ham et al. 2012).

Our approach builds on a larger and more estab-
lished literature across social epidemiology applying
propensity score matching to understand (and control
for) selection bias (Mansson et al. 2007; Walsh et al.
2012; Oakes et al. 2015). We add to these previous
approaches through using a multinomial approach
rather than dichotomizing neighborhood socioeco-
nomic context into a binary measure that might over-
simplify its role. Our results also support similar
epidemiological evidence demonstrating how useful
matching is to reduce the effects of selection bias that
can otherwise exaggerate the importance of socioeco-
nomic context (Johnson, Oakes, and Anderton 2008).

[t is plausible that the drive to identify neighbor-
hood effects is an elusive question to be chasing. Both
our approach and other similar techniques such as
multilevel modeling seek to control for the role of
individual-level factors to separate out neighborhood
effects. Can we really separate out these two factors?
They are often not mutually exclusive; social and spa-
tial processes typically operate together (Mitchell
2001). For example, although we account for educa-
tional attainment in the matching process, we also
ignore the fact that geography plays an important role
in determining the educational opportunities afforded
to individuals (Rees, Power, and Taylor 2007). There
are also wider issues of what constitutes neighborhoods
(Kwan 2012), the scales at which they operate (Flow-
erdew, Manley, and Sabel 2008), and how they relate
to varying outcomes over time (Musterd, Galster, and
Andersson 2012). Identifying the contribution of
neighborhoods and geography to understanding health
is difficult at best.

Even if neighborhoods and geography did not mat-
ter, this does not rule out their usefulness, particularly
within a policy setting (van Ham and Manley 2012).
Individuals reside in neighborhoods, and it is these
neighborhoods that display distinct geographical pat-
terns. Neighborhoods are the “lens” through which we
view the world. It will always be useful to consider
neighborhoods, particularly when targeting policies.
Indeed, it can often be easier to implement some inter-
ventions aimed at improving individual health
through targeting specific areas than compared to
targeting individuals (Dummer 2008). We do not live
in a social vacuum independent from our local

surroundings, however, so it is unlikely that geography
does not imprint on our lives to some degree.

There are several limitations to our study. Our mea-
sure of health status is self-reported and therefore
might be subject to bias. Replicating our study using
objective measures will be important for future
research. It will also be important to expand on the
number of outcomes measured, particularly as the role
of selective migration has been shown to differ
between general and mental health outcomes (Tunstall
et al. 2014). Our study uses data on migrants to focus
on the role of neighborhood and reduce other con-
founding factors; however, the approach might be less
generalizable to the wider population (e.g., see
Table 2). Missing data were also an issue and particu-
larly attrition, as it has been previously shown that
individuals who migrate have increased probability of
exiting panel surveys like the BHPS (Uhrig 2008).
Although we account for health status prior to migra-
tion, there was some moderate correlation between
health status at baseline and at each time point. Future
research should build on our approach to address these
issues and understand how it might bias our estimates
of neighborhood socioeconomic context or health
selective migration.

We only consider the impacts on health up to ten
years following migration. It could be that ten years is
too short to detect the influence of neighborhood
socioeconomic context. Many chronic health condi-
tions develop over longer periods and so our analyses
might be inadequate to detect such processes. Neigh-
borhood stressors are unlikely to have a sudden impact
on health; rather, their adverse effects are more likely
to accumulate over longer time periods, with most the-
ories assuming medium- to long-term exposures before
health effects materialize (Musterd, Galster, and
Andersson 2012; van Ham and Manley 2012; Geroni-
mus, Bound, and Ro 2014). Understanding the tim-
ings, durations, and thresholds for how different
neighborhood characteristics affect health throughout
the entire life course is required to evaluate their rela-
tive contributions. Residential mobility will be impor-
tant in these life course analyses given that individuals
migrate between multiple different neighborhood con-
texts (Norman, Boyle, and Rees 2005; Morris, Manley,
and Sabel 2016). Although we do not find any evi-
dence for neighborhood effects in particular combina-
tions of migrations between differing socioeconomic
contexts, we feel that exploring this feature with larger
data sets would be an important opportunity for future
research.
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Using only house price data as a proxy measure to
examine neighborhood socioeconomic context is
reductionist. Although neighborhood house price is
a valid measure, as house prices reflect the wealth
and income of residents, as well as neighborhood
desirability, it only represents one aspect of neigh-
borhood socioeconomic context. As such, it avoids
the inherent complexities of how neighborhood
effects (and migration) might influence health by
ignoring other mechanisms such as access to
unhealthy foods (Smith et al. 2016) or level of social
capital (N. Pearce and Davey Smith 2003; Uphoff
et al. 2013). The decision was borne out by data
availability issues because there are few other annual
neighborhood data sources. We also ignore how indi-
vidual-level factors might mediate or moderate
neighborhood effects. For example, adolescents with
resilient personalities can buffer negative neighbor-
hood effects through building capacity to cope with
neighborhood stressors (Nieuwenhuis, Hooimeijer,
and Meeus 2015). The simplicity of our approach for
measuring neighborhood socioeconomic context
requires improving to develop our analytical
approach in future research (van Ham and Manley
2012), and it might be that our approach requires
combining with methods such as structural equation
modeling to be able to tackle such complexities of
neighborhood socioeconomic context.

Similarly, the simplicity in our measure of neigh-
borhood socioeconomic context is problematic
through using a single administrative geographical
zone (LSOAs) for identifying neighborhoods.
Although the geographical identifiers were the small-
est scale made accessible for the data, it is unlikely
that LSOAs reflect the lived contextual experiences
of neighborhoods because they were designed for data
dissemination (Martin 2002). The spatial uncertainty
in the contextual influence of neighborhoods, and
how this varies temporally, is termed the wuncertain
geographic context problem (UGCoP; Kwan 2012). The
spatial delineation of the geographic boundaries
might restrict our ability to make accurate inferences
about neighborhood effects. The complexity of the
issue is compounded because residents of the same
neighborhood might be subject to different contex-
tual exposures (Kwan 2012; van Ham and Manley
2012). Contextual exposures could operate at varying
scales or geographical extents. Future research will
need to combine UGCoP issues with the previous
criticism of accounting for the complex nature of
socioeconomic context, to accurately identify the

role of neighborhoods. Using residential mobility
within our approach could be a useful means for
assessing both UGCoP and the role of additional
mechanisms that capture neighborhood socioeco-
nomic context.

In conclusion, we present findings from an alterna-
tive approach for estimating the causal role of neighbor-
hoods for understanding whether it influences an
individual’s health. Our findings suggest that social
inequalities in health status might be explained by the
health status prior to migration indicative of health
selective migration. Given that the vast evidence that
demonstrates the importance of neighborhood socio-
economic context often does not account for selective
migration, it is possible that the evidence base is slightly
misleading. Although our study does not rule out the
contribution of neighborhood-level factors toward
health, we hope that it can be a useful approach for
exploring how geography influences health.

References

Arcaya, M. C., C. Graif, M. Waters, and S. V. Subrama-
nian. 2016. Health selection into neighborhoods
among families in the Moving to Opportunity program.
American Jowrnal of Epidemiology 183 (2): 130-37.

Arcaya, M. C., R. Tucker-Seeley, R. Kim, A. Schnake-
Mahl, M. So, and S. V. Subramanian. 2016. Research
on neighborhood effects on health in the United
States: A systematic review of study characteristics.
Social Science & Medicine 168:16-29.

Baker, E., R. Bentley, L. Lester, and A. Beer. 2016.
Housing affordability and residential mobility as
drivers of locational inequality. Applied Geography
72:65-175.

Boyle, P., P. Norman, and P. Rees. 2002. Does migration
exaggerate the relationship between deprivation and
limiting long-term illness? A Scottish analysis. Social
Science & Medicine 55:21-31.

Brimblecombe, N., D. Dorling, and M. Shaw. 1999. Mortal-
ity and migration in Britain: First results from the Brit-
ish Household Panel Survey. Social Science & Medicine
49:981-88.

. 2000. Migration and geographical inequalities in
health in Britain. Social Science & Medicine 50:861-78.

Darlington-Pollock, F., P. Norman, A. Lee, C. Grey, S.
Mehta, and D. Exeter. 2016. To move or not to move!
Exploring the relationship between residential mobil-
ity, risk of cardiovascular disease and ethnicity in New
Zealand. Social Science & Medicine 165:128—40.

Dummer, T. J. B. 2008. Health geography: Supporting pub-
lic health policy and planning. Canadian Medical Asso-
ciation Jowrnal 178 (9): 1177-80.

Flowerdew, R., D. ]. Manley, and C. E. Sabel. 2008. Neigh-
bourhood effects on health: Does it matter where you

draw the boundaries? Social Science & Medicine
66:1241-55.




12 Green, Arcaya, and Subramanian

Geronimus, A. T., J. Bound, and A. Ro. 2014. Residential
mobility across local areas in the United States and the
geographic distribution of the healthy population.
Demography 51 (3): 777-809.

Green, M. A., S. V. Subramanian, M. Strong, C. Cooper, A.
Loban, and P. Bissell. 2014. “Fish out of water”: A
cross-sectional study on the interaction between social
and neighbourhood effects on weight management
behaviours. International Journal of Obesity 39:535-41.

Green, M. A., S. V. Subramanian, D. Vickers, and D. Dorl-
ing. 2015. Internal migration, area effects and health:
Does where you move to impact upon your health?
Social Science & Medicine 136-137:27-34.

Ho, D., K. Imai, G. King, and E. Stuart. 2007. Matching as
nonparametric preprocessing for reducing model
dependence in parametric causal inference. Political
Analysis 15:199-236.

Idler, E. L., and Y. Benyamini. 1997. Self-rated health
and mortality: A review of twenty-seven community
studies. Jowrnal of Health and Social Behavior 38 (1):
21-37.

Imai, K., and D. van Dyk. 2004. Causal inference with gen-
eral treatment regimes: Generalizing the propensity
score. Journal of the American Statistical Association 99
(467): 854-66.

Imbens, G. 2000. The role of the propensity score in estimat-
ing dose-response functions. Biometrika 87 (3): 706-10.

Jiao, J., A. Drewnoski, A. Moudon, A. Aggarwal, J.-M.
Oppert, H. Charreire, and B. Chaix. 2016. The
impact of area residential property values on self-
rated health: A cross-sectional comparative study of
Seattle and Paris. Preventive Medicine Reports
4:68-74.

Johnson, P. J. O., J. M. Oakes, and D. L. Anderton. 2008.
Neighborhood poverty and American Indian infant
death: Are the effects identifiable? Annals of Epidemiol-
ogy 18 (7): 552-59.

Jylha, M. 2009. What is self-rated health and why does it
predict mortality? Towards a unified conceptual model.
Social Science & Medicine 69:307-16.

Kaplan, S. A., V. Madden, T. Mijanovich, and E. Purcaro.
2013. The perception of stress and its impact on health
in poor communities. Journal of Epidemiology & Com-
munity Health 38:142—49.

Kling, J. R., J. B. Liebman, and L. F. Katz. 2007. Experimen-
tal analysis of neighbourhood effects. Econometrica 75
(1): 83-119.

Kwan, M.-P. 2012. The uncertain geographic context prob-
lem. Annals of the Association of American Geographers
102 (5): 958-68.

Lawlor, D. A., S. Frankel, M. Shaw, E. Ebrahim, and G.
Davey Smith. 2003. Smoking and ill health: Does lay
epidemiology explain the failure of smoking cessation
programs among deprived populations ? American Jour-
nal of Public Health 93 (2): 266-170.

Leventhal, T., and J. Brooks-Gunn. 2003. Moving to oppor-
tunity: An experimental study of neighborhood effects
on mental health. American Jouwrnal of Preventive Medi-
cine 93 (9): 1576-82.

Ludwig, J., L. Sanbonmatsu, L. Gennetian, et al. 2011.
Neighborhoods, obesity, and diabetes—A randomized

social experiment. New England Jowrnal of Medicine 365
(16): 1509-19.

Malmstrom, M., J. Sundquist, and S. Johansson. 1999.
Neighborhood environment and self-reported health
status: A multilevel analysis. American Journal of Public
Health 89 (8): 1181-86.

Mansson, R., M. Joffe, W. Sun, and S. Hennessy. 2007. On
the estimation and use of propensity scores in case-con-
trol and case-cohort studies. American Journal of Epide-
miology 166 (3): 332-39.

Martin, D. 2002. Geography for the 2001 Census in Eng-
land and Wales. Population Trends 108:7-15.

McCaffrey, D., B. Griffin, D. Almirall, M. Slaughter, R.
Ramchand, and L. Burgette. 2013. A tutorial on pro-
pensity score estimation for multiple treatments using
generalized boosted models. Statistics in Medicine 32
(19): 3388-3414.

McCaffrey, D., G. Ridgeway, and A. Morral. 2014. Propen-
sity score estimation with boosted regression for evalu-
ating causal effects in observational studies.
Psychological Methods 9 (4): 403-25.

Mitchell, R. 2001. Multilevel modeling might not be the
answer. Environment and Planning A 33:1357-60.

Morris, T., D. Manley, and C. E. Sabel. 2016. Residential
mobility: Towards rogress in mobility health research.
Progress in Human Geography. Advance online version.
doi:10.1177/0309132516649454

Moudon, A., A. Crook, J. Ulmer, P. Hurvitz, and A. Drew-
noski. 2012. A neighborhood wealth metric for use in
health studies. American Jowrnal of Preventive Medicine
41 (1): 88-97.

Musterd, S., G. Galster, and R. Andersson. 2012. Temporal
dimensions and measurement of neighbourhood effects.
Environment and Planning A 44:605-27.

Nieuwenhuis, ]., P. Hooimeijer, and W. Meeus. 2015.
Neighbourhood effects on educational attainment of
adolescents, buffered by personality and educational
commitment. Social Science Research 50:100-109.

Norman, P., and P. Boyle. 2014. Are health inequalities
between differently deprived areas evident at different
ages! A longitudinal study of census records in England.
Health & Place 26:88-93.

Norman, P., P. Boyle, and P. Rees. 2005. Selective migra-
tion, health and deprivation: A longitudinal analysis.
Social Science & Medicine 60:2755-71.

Oakes, J. M., K. Andrade, I. Biyoow, and L. Cowan. 2015.
Twenty years of neighborhood effect research: An
assessment. Current Epidemiology Reports 2:80-87.

Office for National Statistics. 2016. Healthy life expec-
tancy at birth and age 65 by upper tier local authority
and area deprivation: England, 2012 to 2014. http://
www.ons.gov.uk/peoplepopulationandcommunity/
healthandsocialcare/healthandlifeexpectancies/bulle
tins/healthylifeexpectancyatbirthandage65byuppertier
localauthorityandareadeprivation/england2012t02014
(last accessed 3 May 2017).

Pearce, J. R., and D. Dorling. 2010. The influence of
selective migration patterns among smokers and
nonsmokers on geographical inequalities in health.
Annals of the Association of American Geographers 100
(2): 393-408.


http://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/healthandlifeexpectancies/bulletins/healthylifeexpectancyatbirthandage65byuppertierlocalauthorityandareadeprivation/england2012to2014
http://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/healthandlifeexpectancies/bulletins/healthylifeexpectancyatbirthandage65byuppertierlocalauthorityandareadeprivation/england2012to2014
http://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/healthandlifeexpectancies/bulletins/healthylifeexpectancyatbirthandage65byuppertierlocalauthorityandareadeprivation/england2012to2014
http://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/healthandlifeexpectancies/bulletins/healthylifeexpectancyatbirthandage65byuppertierlocalauthorityandareadeprivation/england2012to2014
http://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/healthandlifeexpectancies/bulletins/healthylifeexpectancyatbirthandage65byuppertierlocalauthorityandareadeprivation/england2012to2014

Internal Migration and the Causal Effect of Neighborhood Socioeconomic Context and Health 13

Pearce, N., and G. Davey Smith. 2003. Is social capital the
key to inequalities in health? American Jowrnal of Public
Health 93 (1): 122-29.

Pickett, K. E., and M. Pearl. 2001. Multilevel analyses of
neighbourhood socioeconomic context and health out-
comes: A critical review. Journal of Epidemiology &
Community Health 55:111-22.

R Core Team. 2016. R: A language and enwvironment for statis-
tical computing. Vienna, Austria: R Foundation for Sta-
tistical Computing. https://www.R-project.org/ (last
accessed 17 May 2017).

Rees, G., S. Power, and C. Taylor. 2007. The governance of
educational inequalities: The limits of area-based ini-
tiatives. Journal of Comparative Policy Analysis: Research
and Practice 9 (3): 261-74.

Riva, M., L. Gauvin, and T. A. Barnett. 2007. Toward the
next generation of research into small area effects on
health: A synthesis of multilevel investigations pub-
lished since July 1998. Jowrnal of Epidemiology & Com-
munity Health 61 (10): 853-61.

Rosenbaum, P., and D. Rubin. 1983. The central role of the
propensity score in observational studies for causal
effects. Biometrika 70 (1): 41-55.

Sampson, R. J. 2012. Moving and the neighbourhood glass
ceiling. Science 337:1464-66.

Schiile, S. A., and G. Bolte. 2015. Interactive and indepen-
dent associations between the socioeconomic and
objective built environment on the neighbourhood
level and individual health: A systematic review of
multilevel studies. PLoS ONE 10 (4): e0123456.

Shaw, M., R. Mitchell, and D. Dorling. 2000. Time for a
smoke? One cigarette reduces your life by 11 minutes.
BM]J 320:53.

Smith, K. R., H. Hanson, B. Brown, C. Zick, L. Kowaleski-
Jones, and ]. Fan. 2016. Movers and stayers: How
residential selection contributes to the association
between female body mass index and neighborhood
characteristics. International Jowrnal of Obesity 40 (9):
1384-91.

Stuart, E. 2010. Matching methods for causal inference:
A review and a look forward. Statistical Science 25
(1): 1-21.

Tunstall, H., J. Pearce, N. Shortt, and R. Mitchell. 2014.
The general and mental health of movers to more- and
less- disadvantaged socio-economic and physical envi-
ronments within the UK. Social Science & Medicine
118:97-107.

Tunstall, H., N. Shortt, ]J. Pearce, and R. Mitchell. 2015.
Difficult life events, selective migration and spatial

inequalities in mental health in the UK. PLoS ONE 10
(5): e01265617.

Uhrig, S. C. N. 2008. The nature and causes of attrition in
the British Household Panel Study. https://www.iser.
essex.ac.uk/research/publications/working-papers/iser/
2008-05 (last accessed 3 May 2017).

Uphoff, E. P., K. Pickett, B. Cabieses, N. Small, and ]J.
Wright. 2013. A systematic review of the relationships
between social capital and socioeconomic inequalities
in health: A contribution to understanding the psycho-
social pathway of health inequalities. International
Jowrnal for Equity in Health 12:54.

van Ham, M., and D. J. Manley. 2012. Neighbourhood effects
research at a crossroads: Ten challenges for future research.
Environment and Planning A 44:2787-93.

van Ham, M., D. Manley, N. Bailey, L. Simpson, and D.
Maclennan. 2012. Neighbourhood effects research: New
perspectives. London: Springer.

Walsh, M. C., A. Trentham-Dietz, P. Newcomb, R. Gang-
non, and M. Palta. 2012. Using propensity scores to
reduce case-control selection bias. Epidemiology 23 (5):
772-73.

Westfall, J., and T. Yarkoni. 2016. Statistically controlling
for confounding constructs is harder than you think.
PLoS ONE 11 (3): e0152719.

MARK A. GREEN is a Lecturer in Health Geography in
the Department of Geography & Planning at the
University of Liverpool, Liverpool L69 7ZT, UK. E-mail:
mark.green@liverpool.ac.uk. His research focuses on under-
standing the determinants of social and spatial inequalities
in health, with particular interest in obesity and physical
inactivity.

MARIANA ARCAYA is an Assistant Professor at the
Department of Urban Studies & Planning at MIT, Cam-
bridge, MA 02139-4307. E-mail: marcaya@mit.edu. Her
research explores the dynamic relationships between geo-
graphic contexts, particularly neighborhoods and health.

S. V. SUBRAMANIAN is Professor of Population
Health and Geography at Harvard T. H. Chan School
of Public Health, Department of Social and Behavioral
Sciences, Boston, MA 02115-6096. E-mail:
svsubram@hspph.harvard.edu. His research interests sur-
round using multilevel models to understand the social
determinants of health, particularly nutritional inequal-
ities among children and adults.


https://www.R-project.org/
https://www.iser.essex.ac.uk/research/publications/working-papers/iser/2008-05
https://www.iser.essex.ac.uk/research/publications/working-papers/iser/2008-05
https://www.iser.essex.ac.uk/research/publications/working-papers/iser/2008-05

