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Measurements of neighborhood exposures likely vary depending on the definition of “neighborhood” selected.
This study examined the extent to which neighborhood definition influences findings regarding spatial accessibility
to tobacco retailers among youth. We defined spatial accessibility to tobacco retailers (i.e., tobacco retail density,
closest tobacco retailer, and average distance to the closest 5 tobacco retailers) on the basis of circular and network
buffers of 400 m and 800 m, census block groups, and census tracts by using residential addresses from the 2008
Boston Youth Survey Geospatial Dataset (n = 1,292). Friedman tests (to compare overall differences in neighbor-
hood definitions) were applied. There were differences in measurements of youths’ access to tobacco retailers ac-
cording to the selected neighborhood definitions, and thesewere marked for the 2 spatial proximity measures (both
P < 0.01 for all differences). For example, the median average distance to the closest 5 tobacco retailers was
381.50 m when using specific home addresses, 414.00 m when using census block groups, and 482.50 m when
using census tracts, illustrating how neighborhood definition influences the measurement of spatial accessibility
to tobacco retailers. These analyses suggest that, whenever possible, egocentric neighborhood definitions should
be used. The use of larger administrative neighborhood definitions can bias exposure estimates for proximity
measures.

exposure science; modifiable areal unit problem; neighborhood; spatial scale; spatial zone; tobacco retailers;
uncertain geographic context problem

In 1923, sociologist Roderick McKenzie wrote, “Probably
no other term is used so loosely or with such changing con-
tent as the term neighborhood, and very few concepts are
more difficult to define” (1, pp. 334–335). It is therefore
not surprising that the neighborhood definitions used in spa-
tial epidemiology vary widely (2, 3). As such, there are many
approaches to delineating the spatial extent of a neighbor-
hood from which measures of the built environment are de-
rived. Because the neighborhood definition (defined here as
a unit around an individuals’ home) in a study is applied to
all study respondents, the findings can be erroneous if the
“wrong” definition is selected. It is also important to note
that the measurements of neighborhood exposures likely vary
depending on the definition of neighborhood selected. This
problem is well known among geographers and is referred

to as the “modifiable areal unit problem” (4–6). The mod-
ifiable areal unit problem has both a scale component and
a zone component (4–6). A related (but conceptually dis-
tinct) methodological problem is the “uncertain geographic
context problem,” which, in part, articulates that a problem
in neighborhood health research is the spatial uncertainty in
the actual areas that exert contextual influences on the indi-
viduals being studied (7, 8). The modifiable areal unit prob-
lem and the uncertain geographic context problem are indeed
2 important and different problems in spatial epidemiology,
and addressing 1 does not necessarily mean addressing the
other (7, 8).

Nondifferential misclassification of the neighborhood-
level exposure, when the same neighborhood unit is selected
for all participants, would occur to the same degree in each
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outcome group, and therefore could result in an underestima-
tion of a true association (9). Indeed, simulation research (10,
11) suggests that defining neighborhoods with too large a
spatial unit will result in underestimation of the neighbor-
hood effect (i.e., the effect of a particular neighborhood
characteristic on a health outcome). The examination of con-
textual exposures by using administrative areas, including ad-
ministrative centroids, could be useful if that is the finest
spatial information available, but could be problematic. It is
plausible that the exact location of an address could be quite
far (e.g., 1,000 m) from the centroid of a spatially aggregated
unit such as a US census tract or county, highlighting poten-
tial spatial misclassification in health and related research. Al-
though a few studies demonstrate that there can be large
distances between specific home addresses and proxy admin-
istrative definitions of their neighborhoods (such as census
tracts) (12, 13), few have quantified whether the neighbor-
hood exposure effect estimate varies by the neighborhood
definition, especially by using statistical methods that rely
on hypothesis tests (14–22). The vast majority of studies
that have examined whether the neighborhood exposure esti-
mate varies by neighborhood definition have used simple de-
scriptive statistics (e.g., means, medians) (15–22). Some
studies have examined correlations between the neighbor-
hood exposure estimates among different neighborhood def-
initions (14, 18, 19, 22). These statistical methods, although
useful and important, are crude and do not indicate which of
the neighborhood definitions are different from each other.
It is also important to note that most studies examine neigh-
borhood definitions across administrative boundaries only or
across egocentric neighborhood definitions only (10). Few
studies have simultaneously examined differences between
administrative boundaries and egocentric neighborhood
definitions (10).
The objective of this study, therefore, was to evaluate the

influence of commonly used administrative and egocentric
neighborhood definitions (i.e., census tract, census block
group, and egocentric buffers of various spatial scales and
zones) on measurements of spatial accessibility to tobacco re-
tailers by using addresses from the 2008 Boston Youth Sur-
vey Geospatial Dataset (a population-based sample of youth
in Boston, Massachusetts) and by using various statistical
methods (including those that rely on hypothesis tests). We
focused on youth because the neighborhood context might
be salient to them (i.e., they likely have restricted mobility be-
cause they often do not drive). Spatial accessibility to tobacco
retailers has been linked to tobacco use among youth (23–
28), which is the leading risk factor for preventable death
in the United States, including death from lung cancer and
other fatal cancers (29).

MATERIALS AND METHODS

Boston Youth Survey Geospatial Dataset

The address data used in this study are from the 2008 Bos-
ton Youth Survey Geospatial Dataset, which included 9th- to
12th-grade students in the Boston Public Schools who partic-
ipated in the 2008 survey and provided the nearest cross-
streets to their residential addresses (n = 1,292) (30–32).

Schools that served adults, students transitioning back to
school after incarceration, suspended students, and students
with severe disabilities were ineligible. In 2008, a total of
22 (of 32) eligible public high schools in Boston participated
in the Boston Youth Survey. Participating and nonparti-
cipating eligible schools did not have statistically significant
differences in key characteristics, including racial/ethnic com-
position of students and student mobility rates. To generate the
sample, we obtained a list of unique classrooms within each
participating school, stratified by grade. Classrooms were
randomly selected for survey administration. Every student
within the selected classrooms was invited to participate.
Selection of classrooms continued until approximately
100–125 students had been sampled per school. Of the stu-
dents enrolled in the classrooms selected for participation (n
= 2,725), 1,878 completed a survey (68.9% response rate).
The majority of nonparticipants (85.5%) were absent from
school on the day of survey administration. All geocoded par-
ticipants resided in Boston. Students’ addresses were geo-
coded to the nearest intersections to protect confidentiality.
More detailed information on sampling and geocoding is de-
scribed elsewhere (30–32).

Spatial accessibility to tobacco retailers

Geographical data on tobacco-selling retail outlets were
obtained and geocoded from the Cigarette and Tobacco Ex-
cise Unit of the Commonwealth of Massachusetts’ Depart-
ment of Revenue for July 1, 2006, to September 30, 2008.
These data pertain to retailers who had tobacco licenses in
Massachusetts during this time period and were restricted to
the city of Boston for the present study. From 2006 to 2008,
there were 787 licensed tobacco retailers in Boston.
We used ArcGIS, version 10.1, software (Environmental

Systems Research Institute, Redlands, California) to calcu-
late density of and distance to tobacco retailers for each
youth. The spatial density measurements were expressed as
the number of stores per km2. We also measured distance
to the closest tobacco retailer (in m), as well as the average
distance to the closest 5 tobacco retailers (in m) based on
the youth’s address. For the distance calculations, we used
network distances. Our approach of including both the dis-
tance to the closest retailer and the average distance to the
closest 5 retailers is consistent with the methodology of exist-
ing research on complexities in spatial distance measure-
ments (14, 33).

Neighborhood definitions: egocentric buffers and census
geography

Egocentric neighborhood definitions (also referred to as
“egocentric buffers” and “egohoods”) define a neighborhood
as a radius around a particular location, such as a home (20,
22, 34, 35). In this study, we calculated spatial accessibility
to tobacco retailers for each youth on the basis of the follow-
ing 4 egocentric buffers: a 400-m circular buffer, a 400-m
street-network buffer, an 800-m circular buffer, and an
800-m street-network buffer. We used distances of 400 m
and 800 m to define the neighborhoods because these rela-
tively short distances constitute a proximal neighborhood
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environment for youth (36, 37). We used both circular and
street-network buffers because past research studying neigh-
borhood effects on health has used both, and each has distinct
properties (22, 34). In line with previous research (16, 22, 31,
32, 34, 38), line-based network buffers were specifically used
in this study. The organizing geography for circular buffers is
a circle radius around a location or address, whereas street-
network buffers use the street network as the organizing ge-
ography (i.e., street-network buffers use a width around line
segments that follow the street network). Researchers fre-
quently use circular buffers in spatial epidemiology, perhaps
because they are functionally easier to create and less compu-
tationally demanding, but we note that street-network buff-
ers, especially line-based network buffers, are more relevant
to human geography because they take into account the street
geography and certain physical barriers, such as rivers. Con-
sequently, it is not surprising that research suggests that
street-network buffers are more predictive of physical activity
than are circular buffers (34). The circular buffers were cre-
ated by using the ArcGIS 10 Buffer tool (Environmental Sys-
tems Research Institute). The street-network buffers were
created from StreetMap streets (which came from ArcGIS
10 Data and Maps), excluding highways and ramps, by
using the ArcGIS Network Analyst Extension (Environmen-
tal Systems Research Institute). The street-network buffers
consisted of 50-m buffers around street center lines that ex-
tend along the network from the geocoded residential ad-
dresses. To calculate the density of tobacco retailers by
using administrative neighborhood definitions, we used the
2010 US Census boundaries for the census block groups
and census tracts. Both census block groups (average pop-
ulation = 1,000 residents) and census tracts (average pop-
ulation = 4,000 residents) are geographical units used by
the US Census Bureau (Spauldings, Maryland). A census
block group is the smallest geographical unit for which the
US Census Bureau publishes sample data. Census tracts are
small subdivisions of a county. To calculate distance to to-
bacco retailers by using administrative neighborhood defini-
tion variables, we used the census areas’ internal points,
which were calculated by the US Census Bureau (http://
www.census.gov/geo/www/2010census/gtc/gtc_area_attr.
html). Usually, the internal point is at or near the geograph-
ical center of the unit. However, for some nonconvex geo-
graphical units, the calculated geographical center may be
located outside the boundaries of the unit. In this circum-
stance, the internal point is identified as a point inside the en-
tity boundaries nearest to the calculated geographical center.
For simplicity, we refer to the internal points as centroids,
which they are in many cases.

Analysis

First, we evaluated the positional error when using admin-
istrative units (i.e., census tracts and census block groups).
Specifically, we calculated the difference in location (Euclid-
ean distance) from the youths’ intersection addresses and the
centroids of their census block groups and census tracts by
using longitude (X) and latitude (Y) coordinates of geocoded
home addresses and census block group and census tract in-
ternal points in theMassachusetts State Plane projection (inm).

Second, we computed descriptive statistics for the density
and distance measurements for each of the different neigh-
borhood definitions (i.e., 400-m and 800-m circular and
street-network buffers, census block groups, and census
tracts). To evaluate the relative difference between the spatial
tobacco retailer variables across neighborhood definitions,
we calculated Spearman’s correlation coefficients. Spear-
man’s correlation is more robust than Pearson correlation in
the face of nonlinear relationships and variables with a
skewed distribution. Correlations between measurements of
youths’ accessibility to tobacco retailers across neighborhood
definitions were calculated. Then, the Friedman test was ap-
plied to compare overall differences in neighborhood defini-
tions in measurements of youths’ spatial accessibility to
tobacco retailers. The Friedman test is a nonparametric ran-
domized block analysis of variance (similar to the parametric
repeated measures analysis of variance) (39). The test statistic
of the Friedman’s test is a χ2 with [(number of repeated
measures) − 1] degrees of freedom (39). Post hoc analysis
for the Friedman’s test was performed when the null hypoth-
esis was rejected. This allowed us to discover which of the
groups (i.e., neighborhood definitions) were responsible for
the reason that the null hypothesis was rejected. Analyses
were performed for our various neighborhood definitions
for all density and distance measurements. Statistical analy-
ses to address the study objectives were conducted by using
the R statistical package, version 2.15 (R Foundation for Stat-
istical Computing, Vienna, Austria).

RESULTS

The median difference between the census tract internal
points and the home addresses for the sampled youths was
347 (range, 18–2,256) m, and the median difference between
the census block group internal points and the home ad-
dresses was 205 (range, 2–2,256) m.

Tables 1–3 show descriptive statistics on measurements
of youths’ spatial accessibility to tobacco retailers for the

Table 1. Density of Tobacco Retailers by Neighborhood Definition
(n = 1,292), 2008 Boston Youth Survey Geospatial Dataset, Boston,
Massachusetts

Neighborhood
Definition

No. of Retail Tobacco Stores per km2

Mean (SD) Median (IQR) Range

400-m Circular buffer 8.06 (6.23) 8.00 (7.90) 0–49.70

400-m Network buffer 10.54 (8.43) 9.40 (12.20) 0–69.80

800-m Circular buffer 6.98 (4.29) 6.50 (5.00) 0–47.70

800-m Network buffer 9.28 (5.95) 8.70 (5.73) 0–62.20

Census block groupa 8.67 (11.78) 5.80 (11.50) 0–129.30

Census tracta 8.17 (7.79) 6.90 (8.30) 0–61.80

Abbreviations: IQR, interquartile range; SD, standard deviation.
a For the census block group and census tract distance mea-

surements, we used the census area internal points, which were cal-
culated by the US Census Bureau (Spauldings, Maryland). Usually, the
internal point is at or near the geographical center of the unit.
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different neighborhood definitions. The median tobacco re-
tailer densities (in stores per km2) were 8.00 for the 400-m
circular buffer, 9.40 for the 400-m network buffer, 6.50 for
the 800-m circular buffer, 8.70 for the 800-m network buffer,
5.80 for the census block group, and 6.90 for the census tract
(Table 1). The medians of the distance to the closest tobacco
retailers were 168.00 m for the youths’ specific home ad-
dresses, 279.00 m for census block groups, and 352.90 m
for census tracts (Table 2). The medians of the average dis-
tances to the closest 5 tobacco retailers were 381.50 m for the
youths’ specific home addresses, 414.00 m for census block
groups, and 482.50 m for census tracts (Table 3).
Spearman correlation coefficients of youths’ spatial acces-

sibility to tobacco retailers are presented in Tables 4–6. For
the tobacco retailer density measurement, there were signifi-
cant and moderate-to-strong correlations across neighbor-
hood definitions (from 0.39 to 0.90) (all P < 0.001). For the
closest tobacco retailer measurement, correlations were lower
(from 0.30 to 0.47) (all P < 0.001). The correlations for the
distance to the closest 5 tobacco retailers ranged from 0.53
to 0.69 (all P < 0.001).
Results from the Friedman test are presented in Table 7.

Overall, the estimates from all 3 measurements of youths’

spatial accessibility to tobacco retailers varied for each neigh-
borhood definition (all P < 0.001). Although there were
neighborhood definition differences in measurements of
youths’ spatial accessibility to tobacco retailers according
to all 3 selected measurements overall, these differences were
marked for the 2 spatial proximity measurements (both P <
0.01 for all differences). For the tobacco retail density mea-
surement, although the overall comparison was statistically
significant (P < 0.0001), as were the majority of the specific
comparisons, the following differences were not significant:
census block group versus 400-m circular buffer, census tract
versus 400-m circular buffer, 800-m network buffer versus
400-m network buffer, and census block group versus 800-
m circular buffer. Figure 1, which represents an individual
youth’s residential location, shows the location of the youth’s
home address, the various buffers used in this study for that
address, and the corresponding census block group, and
census tract.

DISCUSSION

In spatial epidemiologic investigations, multiple neighbor-
hood definitions are rarely considered in the same study, and
little research has considered the influence of neighborhood
definition as it relates to spatial misclassification, especially
the biased estimation of neighborhood-level exposures.
However, bias may be introduced by incorrectly defining
neighborhoods (i.e., selecting the “wrong” neighborhood
definition). In this investigation, we examined the influence
of neighborhood definition on data measuring exposure to to-
bacco retailers by using addresses from a population-based
sample of Boston youth. Our results demonstrate that neigh-
borhood definitions may influence neighborhood-level ex-
posure estimates, especially when using distance-based
measurements. Correlations between neighborhood def-
initions were lowest for the closest tobacco retailers mea-
surement. This suggests that the closest tobacco retailers
measurement should not be used when using proxy neighbor-
hood definitions. As Figure 1 shows, the results will also be
influenced by the actual locations of the participants in the
sample. If more individuals in the sample are located closer
to census-unit boundaries, larger differences between the in-
dividual-based measurements and measurements based on
census units may be observed. Because our study area is a
dense urban setting, it makes sense that there is not much dif-
ference between using the 400-m and 800-m network buffers.
Also, it makes sense that home addresses are closer to to-
bacco retailers then are census centroids, assuming that home
addresses are randomly distributed in residential areas, and
census centroids could be in residential or nonresidential
areas, whereas tobacco retailers are more likely to be located
near residential areas.
Ours is one of the few studies to examine the effect of

neighborhood definitions on exposure estimation and spatial
misclassification, especially in such a comprehensive way.
Although few studies are directly comparable to ours, there
is some existing research on the topic. One of the few studies
that compare estimates across geographical units descrip-
tively showed that estimates of built-environment features
(e.g., population density, land-use mix, and park density)

Table 2. Youth’s Distance to Closest Tobacco Retailers by
Neighborhood Definition (n = 1,292), 2008 Boston Youth Survey
Geospatial Dataset, Boston, Massachusetts

Neighborhood
Definition

Distance to Closest Tobacco Retailer, m

Mean (SD) Median (IQR) Range

Address 241.53 (240.97) 168.00 (259.00) 0–1,893.00

Census
block
groupa

341.04 (237.95) 279.00 (219.00) 1.00–1,717.00

Census
tracta

384.09 (258.59) 352.90 (287.95) 6.40–1,692.00

Abbreviations: IQR, interquartile range; SD, standard deviation.
a For the census block group and census tract distance mea-

surements, we used the census area internal points, which were calcu-
lated by the US Census Bureau (Spauldings, Maryland). Usually, the
internal point is at or near the geographical center of the unit.

Table 3. Average Distance to Closest 5 Tobacco Retailers by
Neighborhood Definition, 2008 Boston Youth Survey Geospatial
Dataset (n = 1,292)

Neighborhood
Definition

Distance to Closest 5 Tobacco Retailers, m

Mean (SD) Median (IQR) Range

Address 448.93 (271.63) 381.50 (290.00) 35.00–2,095.00

Census
block
groupa

479.34 (268.73) 414.00 (283.00) 86.00–2,041.00

Census
tracta

554.27 (278.11) 482.50 (291.70) 195.80–2,097.00

Abbreviations: IQR, interquartile range; SD, standard deviation.
a For the census block group and census tract distancemeasurements,

we used the census area internal points, which were calculated by the US
Census Bureau (Spauldings, Maryland). Usually, the internal point is at or
near the geographical center of the unit.
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varied by the geographical unit (e.g., census tract or borough)
(17). Another descriptive study found that the mean number
of food stores (e.g., local fast food, convenience stores) var-
ied by buffer specification (i.e., 400 m vs. 800 m (15)),
whereas another descriptive study found differences in vari-
ous built-environment variables (e.g., parks and community
design features) across 3 network buffers (i.e., 400 m, 800 m,
and 1,600 m) (16). Forsyth et al. (20) descriptively examined
and found differences for food– and physical activity–built
environments by using buffers of diverse spatial scales and
zones. Thornton et al. (21) descriptively evaluated the effect
of various estimates of supermarket access, including by
using Euclidean and network buffers. Sparks et al. (18) de-
scriptively evaluated the effect of various census-based
neighborhood definitions on supermarket access, as well as
evaluating correlations, which were moderate to strong.
Boruff et al. (22) found that neighborhood definition (i.e.,
buffer size and zone) influenced the spatial exposure esti-
mates of various built-environment features (e.g., percent
commercial, percent recreational and parks). This study also
examined correlations across buffers and found moderate to
strong correlations (22). Similarly, in another study, correla-
tions for food-environment variables across egocentric buff-
ers were generally strong (19). Apparicio et al. (14) found

high correlations between different measurements of accessi-
bility (e.g., minimum network distance and average distance
to the 5 closest health services) across spatial units (i.e., cen-
sus tracts, dissemination areas, blocks) in the Montreal, Can-
ada, metropolitan census area, but they also found evidence
of aggregation errors.

Study implications

Results from this study demonstrate that neighborhood
definition influences measurements of youths’ spatial acces-
sibility to tobacco retailers, and that the use of census bound-
aries as neighborhood proxies can be problematic when
estimating an individual’s exposure. We suggest that neigh-
borhood definitions should be driven by theory, not data. We
recognize that different neighborhood definitions may be
more or less important depending on the research question.
Often, researchers select a neighborhood definition without
explicitly addressing why the definition was chosen. Al-
though many studies have used administrative neighborhood
definitions (e.g., US census tracts) when evaluating neighbor-
hood features, the use of an individual’s specific address
rather than a proxy (e.g., administrative neighborhood boun-
dary) can be important, and we note that census boundaries

Table 4. Spearman Correlation Coefficientsa of Density of Tobacco Retailers, 2008 Boston Youth Survey
Geospatial Dataset, Boston, Massachusetts

Neighborhood
Definition

Neighborhood Definition

400-m
Circular
Buffer

400-m
Network
Buffer

800-m
Circular
Buffer

800-m
Network
Buffer

Census
Block
Group

Census
Tract

400-m Circular buffer 1.00 0.90 0.66 0.71 0.48 0.53

400-m Network buffer 1.00 0.56 0.66 0.48 0.52

800-m Circular buffer 1.00 0.86 0.39 0.57

800-m Network buffer 1.00 0.41 0.58

Census block group 1.00 0.58

Census tract 1.00

a All P < 0.001.

Table 5. Spearman Correlation Coefficientsa of Youths’ Spatial
Access to the Closest Tobacco Retailerb, 2008 Boston Youth Survey
Geospatial Dataset, Boston, Massachusetts

Neighborhood
Definition

Neighborhood Definition

Address Census Block
Group

Census
Tract

Address 1.00 0.46 0.30

Census block group 1.00 0.47

Census tract 1.00

a All P < 0.001.
b For the census block group and census tract distance measure-

ments, we used the census area internal points, whichwere calculated
by the US Census Bureau (Spauldings, Maryland). Usually, the inter-
nal point is at or near the geographical center of the unit.

Table 6. Spearman Correlation Coefficientsa of the Average
Distance to the Closest 5 Tobacco Retailers to Youths’ Homesb, 2008
Boston Youth Survey Geospatial Dataset, Boston, Massachusetts

Neighborhood
Definition

Neighborhood Definition

Address Census Block
Group

Census
Tract

Address 1.00 0.69 0.53

Census block group 1.00 0.62

Census tract 1.00

a All P < 0.001.
b For the census block group and census tract distance measure-

ments, we used the census area internal points, whichwere calculated
by the US Census Bureau (Spauldings, Maryland). Usually, the inter-
nal point is at or near the geographical center of the unit.
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might not be the most relevant neighborhood definition for
understanding one’s spatial behavior and exposure. An indi-
vidual’s specific address may be more relevant to young
people’s social realities and health/wellbeing (2, 3). Addi-
tionally, localized buffer-based neighborhood definitions
may be preferred to administrative neighborhood definitions,
because defining neighborhoods with administrative units
may be especially inadequate for individuals living on the
margins of those areas (38). We also note that, as opposed
to street-network buffers, circular buffers include areas in-
accessible when walking, which suggests that the circular
buffer (which is frequently used) may be less appropriate
for measuring neighborhood features that are accessed by
walking (34). Future epidemiologic research should justify
the chosen neighborhood definition and perhaps undertake
sensitivity analyses. Because distance variables, as compared

to density variables, were more susceptible to misclassifica-
tion, if one must use an administrative area, perhaps this
should be done only when using density variables. Although
results from the present study suggest the use of egocentric
buffers to define neighborhoods, we also understand that pri-
vacy concerns are a potential reason for using larger spatial
administrative units. In addition, researchers should also con-
sider other key factors, such as availability of geospatial data
and potential spatial error in the geospatial data set.

Study limitations

Limitations of the study should be noted. First, we note that
geographic information systems data can have positional er-
rors. Second, we recognize that this research could not ac-
count for the sale of tobacco products through outlets other
than physical stores, such as online retailers (40–42). We
also note that the modifiable areal unit problem is a concern
in this study and in all other spatially oriented research (4–6).
In this analysis, we included egocentric buffers, census block
groups, and census tracts, which are neighborhood defini-
tions used in research in Boston and other locales. We note,
though, that neighborhood definitions based on census geog-
raphy, especially census tracts, are historically the most com-
mon neighborhood proxy in research of neighborhoods and
health, perhaps because of readily available data at that level
(2, 43). Although we selected the most common neigh-
borhood definitions used in public health and spatial epide-
miology research, we recognize that other neighborhood
definitions exist and have been applied to research in Boston.
For example, researchers have used neighborhood definitions
based on information from the Boston Public Health Com-
mission (44) and the Boston Redevelopment Authority (45,
46). However, for this study, we did not seek to evaluate these
areas, because they are much larger than census tracts (in-
creasing the likelihood of spatial misclassification), and they
could not be applied to other geographical regions. Also, the
use of larger neighborhoods such as these likely makes sense
when one wants to make policy recommendations, because
the city uses these neighborhood definitions to allocate re-
sources. The use of smaller neighborhood locations as we
have done likely makes sense when research questions are
designed to evaluate local factors that influence individuals’
behavior (3). Additionally, there are different ways of mea-
suring egocentric neighborhoods. For reasons previously ar-
ticulated, in this study, we selected line-based egocentric
network buffers as opposed to polygon-based egocentric net-
work buffers. However, we note that the impact of different
network buffers (e.g., line-based vs. polygon-based network
buffers) on geospatial exposures will likely be minimal in
urban environments, including Boston (34). A static buffer
around a person’s home is only 1 way to measure an egocen-
tric neighborhood. Recent research has used the actual space-
time paths of participants by using global positioning system
technology (22, 47). The decision to focus on any buffer sur-
rounding a location is based on the assumption that the youth
under study spend sufficient time in that geographical area to
influence their behavior and health, which may or may not be
the case (7, 8). Furthermore, also related to the uncertain geo-
graphical context problem (7, 8), this study addresses only 1

Table 7. Comparison of Overall Differences in Youths’ Spatial
Access to Tobacco Retailers by Neighborhood Definitiona, 2008
Boston Youth Survey Geospatial Dataset, Boston, Massachusetts

Neighborhood Definition by Access Variable P Value

Tobacco retail density

Overall <0.0001

400-m NB versus 400-m CB <0.0001

800-m CB versus 400-m CB 0.0010

800-m NB versus 400-m CB <0.0001

Census block group versus 400-m CB 0.1106

Census tract versus 400-m CB 0.9957

800-m CB versus 400-m NB <0.0001

800-m NB versus 400-m NB 0.8321

Census block group versus 400-m NB <0.0001

Census tract versus 400-m NB <0.0001

800-m NB versus 800-m CB <0.0001

Census block group versus 800-m CB 0.7062

Census tract versus 800-m CB 0.0001

Census block group versus 800-m NB <0.0001

Census tract versus 800-m NB <0.0001

Census tract versus census block group 0.0269

Closest tobacco retailers

Overall <0.0001

Census block group versus address <0.0001

Census tract versus address <0.0001

Census tract versus census block group 0.0070

Mean distance to the closest 5 tobacco retailers

Overall <0.0001

Census block group versus address 0.0038

Census tract versus address <0.0001

Census tract versus census block group <0.0001

Abbreviations: CB, circular buffer; NB, network buffer.
a For the census block group and census tract distance measure-

ments, we used the census area internal points, whichwere calculated
by the US Census Bureau (Spauldings, Maryland). Usually, the inter-
nal point is at or near the geographical center of the unit.
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aspect of the problem; relationships between contextual var-
iables and the individual-based outcome variable(s) may be
different for different areal delineations of neighborhood but
were not examined in this study. Moreover, we did not ac-
count for other geographically based places where youth
could access tobacco, such as in their school neighborhoods.
Finally, although youth in our sample came from neighbor-
hoods across Boston (which increases the generalizability of
our findings), the study is limited to an urban, geographically
constrained area; therefore, the external validity of the results
might be limited. Future research is needed to address the
limitations of this study by examining how other neighbor-
hood definitions (including other egocentric neighborhood
definitions, such as global positioning system paths) influ-
ence spatial misclassification and by examining nonurban
contexts and various neighborhood-based amenities.

Conclusion

Neighborhood definitions influence measurements of spa-
tial accessibility to tobacco retailers. These analyses suggest
that, when estimating an individual’s exposure, researchers
should use egocentric neighborhood definitions whenever
possible. The use of larger administrative neighborhood
definitions can bias exposure estimates for proximity mea-
sures. These findings have significant implications for future

epidemiologic research. Researchers need to think carefully
about which contextual units to use and to undertake sensitiv-
ity analyses.
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