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Abstract
Background
Previous studies have provided mixed evidence with regards to associations between food store access and dietary outcomes. This study examines the most commonly applied measures of locational access to assess whether associations between supermarket access and fruit and vegetable consumption are affected by the choice of access measure and scale.

Method
Supermarket location data from Glasgow, UK (n = 119), and fruit and vegetable intake data from the ‘Health and Well-Being’ Survey (n = 1041) were used to compare various measures of locational access. These exposure variables included proximity estimates (with different points-of-origin used to vary levels of aggregation) and density measures using three approaches (Euclidean and road network buffers and Kernel density estimation) at distances ranging from 0.4 km to 5 km. Further analysis was conducted to assess the impact of using smaller buffer sizes for individuals who did not own a car. Associations between these multiple access measures and fruit and vegetable consumption were estimated using linear regression models.

Results
Levels of spatial aggregation did not impact on the proximity estimates. Counts of supermarkets within Euclidean buffers were associated with fruit and vegetable consumption at 1 km, 2 km and 3 km, and for our road network buffers at 2 km, 3 km, and 4 km. Kernel density estimates provided the strongest associations and were significant at a distance of 2 km, 3 km, 4 km and 5 km. Presence of a supermarket within 0.4 km of road network distance from where people lived was positively associated with fruit consumption amongst those without a car (coef. 0.657; s.e. 0.247; p0.008).

Conclusions
The associations between locational access to supermarkets and individual-level dietary behaviour are sensitive to the method by which the food environment variable is captured. Care needs to be taken to ensure robust and conceptually appropriate measures of access are used and these should be grounded in a clear a priori reasoning.
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Background
Local residential environments are increasingly considered important factors in understanding health outcomes and behaviours [1, 2]. For dietary behaviours, the local food environment provides the opportunity to purchase and consume both healthy and unhealthy foods [3]. For example, the presence of local supermarkets and greengrocers may facilitate the purchase of fresh fruits and vegetables at competitive prices whilst a greater number of fast food outlets increase the opportunities to purchase potentially unhealthy energy-dense items. To date, however, the evidence linking various aspects of the food environment to dietary behaviours and health outcomes remains mixed [4–6] with variations in access measures providing a possible explanation.
Urban destinations, including supermarkets, can be considered more geographically accessible when a lower travel cost in terms of distance, time, and/or financial resources is incurred [7, 8]. Recent studies examining the relationship between the food environment and individual-level diet (and related health outcomes) have measured locational access using the following approaches: proximity to the nearest store [9–14]; presence/absence or number of food stores within an area (either administrative unit or a buffer around a specified location) [10, 12, 13, 15]; and Kernel density estimation [16–20].
To summarise these measures, proximity estimates provide detail on travel distance to the nearest feature but provide no detail on the total number of facilities located nearby. Buffers can be generated to facilitate a count of features within a given distance. However, using a 2 kilometre (km) buffer as an example, one of the downsides to these measures is that having 4 facilities located within the first 0.4 km of the buffer is considered equal to having four facilities located between 1.5 km and 2 km away. Of course, smaller or even multiple sized buffers can be used but the binary nature of this approach (i.e. ≤2 km accessible; >2 km not accessible) may not always be appropriate. Kernel density estimates not only consider the number of features nearby, but a weighting function can also be applied so amenities which are closer are weighted more heavily than those located further away. Additionally, Kernel density estimates are created across a continuous surface so that density can be calculated from any location. However, one drawback to this approach is that the estimates are often calculated using Euclidean distance (straight-line) rather than road network distance meaning that potential travel barriers are not taken into account. Further details on these measures and their application in research on local environments and health have been reported elsewhere [7, 21, 22].
Additional variations within these different access measures can further complicate the interpretation of results. First, proximity and buffers can be estimated using either a straight-line or a network distance. Oliver and colleagues previously compared the use of straight-line and network buffers and demonstrated substantial differences in the association between exposures to land use characteristics and walking [23]. Second, there is limited theoretical grounding on which is the most appropriate distance to use for density estimates. Previously, some studies have undertaken analysis of buffers at multiple distances which has enabled the examination of distances that may be relevant for access via walking or driving [15, 24, 25]. Ideally, the relevant spatial scale of a buffer should be dictated by the choice of outcome, exposure, and the hypothesised causal pathway between the outcome and predictor [26–29]. Third, the point of origin from which proximity estimates and buffers are created may lead to aggregation error when a single point, usually a geometric centroid, is used to represent individuals spatially distributed within a boundary [30, 31]. Aggregation of individual-level data can be related to the original data collection methods and may be unavoidable due to issues such as confidentiality [30, 31]. The use of smaller geographic units and population-weighted centroids can help to reduce aggregation error because these estimates have a higher level of precision that more closely resembles the actual distance for each individual. However, their use will not totally eliminate this error [31, 32]. The only way aggregation error can be avoided is by measuring from the micro-level of the individual (e.g. household location) [32]. Finally, it needs to be acknowledged that most measures to date only consider geographic access and few studies consider other factors that may influence an individual’s ability to travel to facilities; for example, public transport provisions and vehicle ownership [19, 33].
The increasingly user-friendly nature of Geographic Information Systems (GIS) software and the ready availability of spatial data have seen the adoption of these geographic methods into epidemiological health research. GIS is recognised as a valuable tool for examining associations between characteristics of the built environment and health [4, 5]. However, recent critiques of work in this field have suggested that GIS measures have often been developed without a clear theorisation of the processes they attempt to capture nor a firm understanding of the key principles of spatial analysis [4, 6].
To date, the primary use of different exposure measures has been to determine if they explained disparities in food access across areas [19, 34]. What remains largely unknown from current studies is what the effect these varied measures of access might have on the reported associations with diet-related outcomes [35–37]. The observation that different results might be obtained through using different spatial scales (or boundaries) is referred to as the Modifiable Areal Unit Problem (MAUP) [38]. We are not aware of prior studies that have comprehensively assessed how using different objective measures of access impacts on the associations with dietary outcome. If the appropriateness of access measures is not given due consideration prior to analysis then studies have an increased likelihood of conclusions with either Type-I errors (when a difference is said to exist but, in reality, does not) or Type-II errors (where a difference is stated not to exist, when in reality, it does).
This study undertakes a practical exploration of some of the commonly used measures of food store access and applies them to supermarkets in Glasgow, UK. Using individual-level data from the ‘Health and Well-Being’ Survey, associations between supermarket access and fruit and vegetable consumption were assessed using a variety of access measures. These include proximity estimates from different points-of-origin; Euclidean buffers, road network buffers and Kernel density estimates at different scales; and the consideration of an individual-level mobility indicator.

Methods
Study area and sample
Glasgow City is 68 square miles in size and in 2010 had a population of 592,820 [39] and contains 694 data zones (data zone: mean population 848, mean area 25.2 hectares). Data zones nest within local government boundaries and, where possible, were constructed to recognise physical boundaries (e.g. rivers) and identified communities [40]. Within Glasgow City in 2010, 96% of the data zones had a population of <200 per hectare and of the remaining 4%, the maximum people per hectare was 368.
This study capitalised on an existing dataset relating to Greater Glasgow, Scotland, the ‘Health and Well-Being’ (HWB) Survey conducted in 2002 by the Greater Glasgow Health Board (GGHB). The HWB sample was stratified proportionately by local authority and deprivation category (DEPCAT), with addresses selected randomly. Data were weighted to ensure that they were representative of the adult population in this area. Over two thirds (67%) of individuals contacted took part in the study which led to 1802 face-to-face interviews with adults [41]. Data were gathered on individuals’ socio-demographic characteristics, health and health behaviours [41] (and have previously been reported on [42]) and for this study only Glasgow City respondents were used (n = 1119 from 199 data zones).

Fruit and vegetable consumption
Respondents to the HWB Survey were asked “How many portions of fruit do you eat each day?” and “How many portions of vegetables or salad (not counting potatoes) do you eat each day?” Examples of a portion size were provided for each question. Daily fruit and vegetable consumption was assessed separately in addition to total daily fruit and vegetable consumption combined; each as continuous variables.

Exposure measures
For Glasgow City and the surrounding councils the addresses of 119 main chain supermarkets (Asda, the Co-op, Morrisons, Sainsbury’s, Somerfield, Tesco) were obtained by undertaking searches on the on-line yellow pages (http://​www.​yell.​com/​) (as at May 2010) which was supplemented and verified using the websites of the supermarket chains. Duplicates were identified and removed at this stage. Validation occurred using a combination of street view and local knowledge of supermarket localities. The size of supermarkets was not considered as this information was not available. As the buffers around individuals overlapped with the surrounding councils, the additional supermarket location data for surrounding councils was obtained to avoid the issue of ‘edge effects’. Spatial data for the study area, that is, the road network topology and data zone boundaries, were obtained from the UK Ordnance Survey [43] and the Scottish Executive [40] respectively. Geometric and population-weighted centroids (the point that minimises the total distance to all residents in an area [7]) were also obtained from the Scottish Executive (January 2010). GIS (ArcGIS v9.3) was used to geocode HWB respondents and food retailers by their unit postal codes. Respondents were geocoded to their postal code (using the geometric centroid) as we did not have their exact address. Unit postal codes typically contain around 15 address points and were therefore spatially proximate to the actual physical household address of the individual while still maintaining the confidentiality of the respondent’s household location. Each of the geocoded features were snapped to the nearest locality of the road network. From these data, a series of commonly used measures of food store access were created as detailed below.
Proximity to nearest supermarket
Proximity was represented by calculating (using ArcGIS 9.3) the shortest distance along a road network from an origin to the nearest supermarket (Figure 1). Origin was measured from three points: 1) geometric centroid of the data zones; 2) population-weighted centroid of data zones; 3) unit postal code location. The use of a population-weighted centroid as opposed to a geometric centroid provided a greater specification of access for a higher number of individuals in that data zone. The final origin, unit postal codes, provided the least aggregated assessment of origin and consequently proximity.[image: A12942_2012_Article_484_Fig1_HTML.jpg]
Figure 1
                            Road network distance proximity measures from geometric centroid, population-weighted centroid and postal codes to the nearest supermarket: An example of differences using two data zones.
                          





Euclidean and road network buffers
Euclidean and road network distance buffers were created around the postal codes to assess the impact of exploring the presence/absence and count of supermarkets within the predefined distances. For the binary (presence/absence) measure, distances of 0.4 km, 1 km and 2 km were used as these represented buffer sizes used in prior research, and provided within unit variation of the proportion with and without a supermarket. This was not the case as the buffer size increased (for example, for the 3 km road distance buffer only 1% of the locations did not have access to a supermarket). Therefore, the 3 km, 4 km and 5 km buffers were not used in the analysis of presence/absence.
When we examined the counts of supermarkets we used 0.4 km, 1 km, 2 km, 3 km, 4 km and 5 km Euclidean and road network buffers (Figure 2 demonstrates the different areas covered by these buffers). Count data differs from the assessment of a single supermarket as it represents the choice of options available to an individual in their neighbourhood. Using the count measures, we firstly assessed how associations with fruit and vegetable consumption differed when a straight-line measure of distance was compared to a distance that follows a road network path and, secondly, how associations differed when the spatial scale of the buffer size was varied.[image: A12942_2012_Article_484_Fig2_HTML.jpg]
Figure 2
                            Differences in the geographic area covered by buffers of different scale and type.
                          





Kernel density estimates
Kernel density estimates were created using the Kernel density tool in ArcGIS 9.3. The Kernel density function was used to calculate the density of supermarkets across a continuous surface for the extended study area (Glasgow City and surrounding councils) with the cell size set at 100 metres. This allowed a density estimate to be calculated from any point in the study area. This density value at any point represents the number of supermarkets nearby with those closer contributing a higher density value. For this analysis, Kernels of 0.4 km, 1 km, 2 km, 3 km, 4 km and 5 km were calculated and the density values at the unit postal code locations were assigned to the study participants according to area of residence (Figure 3). Kernel density estimates were generated using only Euclidean distances.[image: A12942_2012_Article_484_Fig3_HTML.jpg]
Figure 3
                            Kernel density estimations.
                          





Individual-specific vs. uniform definition of scale
Individual factors are likely to influence accessibility by either restricting or promoting an individual’s mobility but are rarely considered. For example, not having access to a motor vehicle may act as a mobility barrier and restrict an individual to shopping within a nearer (walkable) distance to their home. In this instance, a restricted mobility may be detrimental to dietary behaviours if fresh produce is not accessible within the local area. In this study, vehicle access was measured by asking “do you, or any member of your household, own a car?” with response options being “yes” or “no”. Stratified analysis was used to determine access to supermarkets within 3 km and 5 km road network buffers for those with a car and 0.4 km and 1 km road network buffers for those without access to a car.


Covariates
Respondents recorded their age, sex and highest level of educational qualification. Education was included as an indicator of socioeconomic position and was categorised to: 1) No formal qualifications; 2) Low (O-levels or equivalent); 3) Mid (A-levels or equivalent); 4) High (higher degree).

Statistical analysis
Participants were excluded from analysis if they had missing data (n = 78) on one or more of the key variables, leaving a final sample of 1041. Multilevel linear regression models were analysed in Stata 11.2 [44]. Multilevel analysis was used to account for the clustering of individuals within data zones. Models were adjusted for age, sex and education.


Results
Sample characteristics
The average age of participants in this study was 50 years old (s.d. 20.2) (Table 1). The majority were female (61%) and lived in households that did not own a car (61%). A third of the sample reported having no formal educational qualifications and an additional 31% had only low educational qualifications. On average, participants consumed less than two portions of fruit and only two portions of vegetables per day.Table 1
                          Sample characteristics
                        


	 	Mean
	(s.d.)

	Age
	50.5
	(20.2)

	Sex
	n.
	%

	Female
	639
	61.4

	Male
	402
	38.6

	Educational qualifications
	 	 
	No formal qualifications
	359
	34.5

	Low
	322
	30.9

	Mid
	236
	22.7

	High
	124
	11.9

	Vehicle ownership
	 	 
	Yes
	408
	39.2

	No
	633
	60.8

	 	Mean
	(s.d.)

	Fruit portions consumed (per day)
	1.7
	(1.6)

	Vegetable portions consumed (per day)
	2.0
	(1.5)

	Fruit and vegetables combined (per day)
	3.7
	(2.7)





Supermarket access
Proximity
The mean distance to the nearest supermarket was ~1.2 km and minimal differences were observed between the three different points-of-origin (geometric centroid: mean 1.18 km, s.d. 0.59; population-weighted centroid: mean 1.17 km, s.d. 0.58; postal code: mean 1.16 km, s.d. 0.62) (Table 2).Table 2
                            Measures of supermarket access
                          


	 	Mean (s.d.)
	Median (IQR)
	Range

	Proximity via road network from:
	 	 	 
	Geometric centroid
	1.18 (0.59)
	1.06 (0.74–1.57)
	0.02–3.78

	Population-weighted centroid
	1.17 (0.58)
	1.06 (0.75–1.56)
	0.18–3.25

	Postal code
	1.16 (0.62)
	1.07 (0.70–1.56)
	0.02–3.26

	Percentage of individuals with a supermarket within:*
	 
	0.4 km Euclidean buffer
	23.5%
	 	 
	1 km Euclidean buffer
	72.7%
	 	 
	2 km Euclidean buffer
	100%
	 	 
	0.4 km road network buffer
	8.5%
	 	 
	1 km road network buffer
	42.8%
	 	 
	2 km road network buffer
	87.6%
	 	 
	Count of a supermarket within:*
	 	 	 
	0.4 km Euclidean buffer
	0.29 (0.60)
	0 (0–0)
	0–5

	1 km Euclidean buffer
	1.42 (1.45)
	1 (0–2)
	0–9

	2 km Euclidean buffer
	5.31 (3.26)
	5 (3–7)
	1–19

	3 km Euclidean buffer
	11.53 (5.47)
	9 (8–15)
	3–26

	4 km Euclidean buffer
	20.36 (7.74)
	18 (14–28)
	8–35

	5 km Euclidean buffer
	29.70 (8.96)
	31 (22–37)
	12–45

	0.4 km road network buffer
	0.10 (0.36)
	0 (0–0)
	0–4

	1 km road network buffer
	0.70 (1.04)
	0 (0–1)
	0–7

	2 km road network buffer
	2.82 (2.82)
	2 (1–4)
	0–16

	3 km road network buffer
	6.51 (4.25)
	6 (4–8)
	0–22

	4 km road network buffer
	11.79 (6.21)
	10 (7–16)
	2–28

	5 km road network buffer
	18.81 (7.98)
	17 (12–27)
	4–36

	Kernel density estimates
	 	 	 
	0.4 km
	0.57 (1.58)
	0 (0–0)
	0–12.75

	1 km
	0.48 (0.64)
	0.27 (0–0.72)
	0–5.00

	2 km
	0.43 (0.34)
	0.38 (0.23–0.52)
	0–2.14

	3 km
	0.43 (0.25)
	0.35 (0.28–0.53)
	0.09–1.51

	4 km
	0.42 (0.20)
	0.38 (0.28–0.49)
	0.12–1.10

	5 km
	0.41 (0.17)
	0.37 (0.27–0.53)
	0.14–0.84


*buffers and kernel density estimates based on individual’s postal code locations.




Buffers
Less than a quarter of the sample had a supermarket present within a 0.4 km Euclidean buffer but this increased to 73% at a distance of 1 km and 100% at 2 km (Table 2). As our road network buffers are smaller than the Euclidean buffers, these percentages were lower when network buffers were used for 0.4 km (9%), 1 km (43%), and 2 km (88%). For both Euclidean and road network distances, a greater variation in the counts of supermarkets were observed at a distance of 2 km and beyond. The count of supermarkets within 3 km, 4 km and 5 km road network buffers closely resembles the counts within Euclidean buffers of 2 km, 3 km, and 4 km, respectively.

Kernel density estimates
Values representing the Kernel density estimates are presented in Table 2. Maps displaying the Kernel density estimates for the Glasgow City area are displayed in Figure 3. Darker shades represent a higher density and density values are assigned to each individual based on their unit postal code location.


Associations between supermarket access and fruit and vegetable intake
The next stage in the analysis was to examine the association between each of the supermarket access measures and the individual-level fruit and vegetable consumption.
Proximity to nearest supermarket
Levels of aggregation as a result of varying the point-of-origin for proximity estimates did not alter findings for the fruit and vegetable consumption outcomes with no statistically significant association detected (Table 3).Table 3
                            Multilevel regression models examining association between fruit and vegetable consumption and varying measures of supermarket access
                          


	 	Fruit
	Vegetable
	Fruit and vegetables combined

	 	coef.
	s.e.
	p
	coef.
	s.e.
	p
	coef.
	s.e.
	p

	Proximity via road network from:
	 	 	 	 	 	 	 	 	 
	Geometric centroid
	0.036
	(0.110)
	0.740
	0.119
	(0.117)
	0.308
	0.142
	(0.205)
	0.488

	Population-weighted centroid
	−0.026
	(0.111)
	0.814
	0.076
	(0.118)
	0.520
	0.039
	(0.206)
	0.851

	Postal code
	−0.069
	(0.102)
	0.503
	0.051
	(0.109)
	0.639
	−0.036
	(0.190)
	0.851

	Presence of a supermarket within:
	 	 	 	 	 	 	 	 	 
	0.4 km Euclidean buffer
	−0.031
	(0.144)
	0.831
	−0.117
	(0.150)
	0.437
	−0.122
	(0.264)
	0.646

	1 km Euclidean buffer
	0.034
	(0.137)
	0.805
	−0. 093
	(0.142)
	0.514
	−0.056
	(0.250)
	0.824

	0.4 km road network buffer
	0.351
	(0.201)
	0.081
	0.124
	(0.206)
	0.548
	0.469
	(0.359)
	0.192

	1 km road network buffer
	0.067
	(0.123)
	0.587
	0.083
	(0.127)
	0.516
	0.184
	(0.224)
	0.410

	2 km road network buffer
	0.341
	(0.189)
	0.071
	0.086
	(0.200)
	0.668
	0.417
	(0.350)
	0.234

	Count of a supermarket within:
	 	 	 	 	 	 	 	 	 
	0.4 km Euclidean buffer
	0.004
	(0.099)
	0.969
	−0.078
	(0.102)
	0.444
	−0.056
	(0.179)
	0.755

	1 km Euclidean buffer
	0.127
	(0.040)
	0.001
	0.125
	(0.042)
	0.003
	0.253
	(0.073)
	0.001

	2 km Euclidean buffer
	0.067
	(0.018)
	<0.001
	0.068
	(0.019)
	<0.001
	0.136
	(0.032)
	<0.001

	3 km Euclidean buffer
	0.023
	(0.011)
	0.034
	0.022
	(0.012)
	0.063
	0.047
	(0.020)
	0.022

	4 km Euclidean buffer
	0.010
	(0.008)
	0.190
	0.002
	(0.009)
	0.840
	0.014
	(0.015)
	0.347

	5 km Euclidean buffer
	0.008
	(0.007)
	0.284
	−0.001
	(0.007)
	0.898
	0.008
	(0.013)
	0.547

	0.4 km road network buffer
	0.139
	(0.155)
	0.369
	0.042
	(0.158)
	0.790
	0.181
	(0.276)
	0.512

	1 km road network buffer
	0.070
	(0.057)
	0.223
	0.024
	(0.059)
	0.687
	0.108
	(0.104)
	0.295

	2 km road network buffer
	0.104
	(0.022)
	<0.001
	0.105
	(0.024)
	<0.001
	0.213
	(0.040)
	<0.001

	3 km road network buffer
	0.054
	(0.014)
	<0.001
	0.051
	(0.015)
	<0.001
	0.107
	(0.026)
	<0.001

	4 km road network buffer
	0.023
	(0.009)
	0.017
	0.017
	(0.010)
	0.100
	0.042
	(0.018)
	0.019

	5 km road network buffer
	0.009
	(0.008)
	0.268
	0.002
	(0.008)
	0.835
	0.013
	(0.015)
	0.391

	Kernel density estimates
	 	 	 	 	 	 	 	 	 
	0.4 km Euclidean distance
	0.021
	(0.038)
	0.587
	−0.035
	(0.040)
	0.376
	−0.009
	(0.070)
	0.896

	1 km Euclidean distance
	0.135
	(0.094)
	0.153
	0.075
	(0.099)
	0.445
	0.228
	(0.173)
	0.187

	2 km Euclidean distance
	0.627
	(0.166)
	<0.001
	0.585
	(0.176)
	0.001
	1.238
	(0.303)
	<0.001

	3 km Euclidean distance
	0.888
	(0.233)
	<0.001
	0.902
	(0.250)
	<0.001
	1.828
	(0.430)
	<0.001

	4 km Euclidean distance
	0.947
	(0.303)
	0.002
	0.906
	(0.327)
	0.006
	1.915
	(0.563)
	0.001

	5 km Euclidean distance
	0.899
	(0.373)
	0.016
	0.699
	(0.402)
	0.082
	1.687
	(0.698)
	0.016


Models adjusted for age, sex and education.




Supermarkets within buffers
The examination of the presence/absence of supermarkets as a binary indicator did not result in any statistically significant associations with fruit and vegetable consumption when examined within the Euclidean buffer distances of 0.4 km or 1 km and the road network buffers of 0.4 km, 1 km or 2 km (Table 3).
Using Euclidean distance buffers, the consumption of fruit was positively associated with the count of supermarkets within 1 km, 2 km and 3 km whilst vegetable consumption increased with a higher count of supermarkets within 1 km and 2 km (Table 3). The strongest association observed for the Euclidean buffers was for 1 km buffers for the fruits and vegetables combined measure (coef. 0.253; s.e. 0.073; p0.001) which was also statistically significant for the 2 km and 3 km buffers. For road network buffers, positive associations were found within 2 km, 3 km and 4 km for fruit, 2 km and 3 km for vegetables, and 2 km, 3 km and 4 km for fruits and vegetables combined. No significant associations were observed for 0.4 km, 4 km and 5 km Euclidean buffers or for 0.4 km, 1 km, and 5 km road network buffers which may reflect an absence of a sufficient gradient in exposure at these distances.
It was reported earlier that the counts of supermarkets within some Euclidean buffers were similar to those of road network buffers of a greater size. It is interesting to note that the magnitude of associations observed between counts of supermarkets and our outcomes were very similar in road network buffers that were 1 km larger than the Euclidean buffers. For example, for fruit consumption a coefficient of 0.127 (s.e. 0.040; p0.001) was recorded for the number of supermarkets within a 1 km Euclidean buffer whilst a coefficient of 0.104 (s.e. 0.022; p < 0.001) was observed for the 2 km road network buffer (Table 3). This pattern is repeated for the 2 km Euclidean buffer (coef. 0.067; s.e. 0.018; p < 0.001) and the 3 km road network buffer (coef. 0.054; s.e. 0.014; p < 0.001), as well as for the 3 km Euclidean buffer (coef. 0.023; s.e. 0.011; p0.034) and the 4 km road network buffer (0.023; s.e. 0.009; p0.017). Similar outcomes resulted for vegetable consumption and for fruits and vegetables combined.

Kernel density estimates
Significant associations between a higher density and greater consumption of fruit and fruits and vegetables combined were observed for distances between 2 km and 5 km (Table 3). For vegetables, statistically significant positive associations were only identified between 2 km and 4 km.

Individual specific vs. uniform definition
When only households without a car were assessed, having a supermarket within 0.4 km was associated with increased daily consumption of fruit portions per day (Table 4). In the full sample (both those with and without a car) this association did not reach statistical significance (Table 3). Amongst those with a car, the magnitude of associations and level of significance observed was similar to that amongst the full sample with a positive association found for 3 km road network buffers and no significant associations identified for 5 km road network buffers (Table 4).Table 4
                            Multilevel regression models examining association between fruit and vegetable consumption and both the presence and count of supermarkets stratified by household vehicle ownership
                          


	 	Fruit
	Vegetable
	Fruit and vegetables combined

	 	coef.
	s.e.
	p
	coef.
	s.e.
	p
	coef.
	s.e.
	p

	Households without a car (n. 633):
	 	 	 	 	 	 	 	 	 
	Presence of supermarkets within 0.4 km road network buffer
	0.657
	(0.247)
	0.008
	0.113
	(0.235)
	0.631
	0.777
	(0.414)
	0.060

	Count of supermarkets within 0.4 km road network buffer
	0.283
	(0.184)
	0.125
	0.005
	(0.172)
	0.977
	0.294
	(0.305)
	0.335

	Presence of supermarkets within 1 km road network buffer
	0.005
	(0.162)
	0.973
	0.067
	(0.151)
	0.659
	0.078
	(0.269)
	0.772

	Count of supermarkets within 1 km road network buffer
	0.077
	(0.072)
	0.280
	−0.008
	(0.067)
	0.909
	0.072
	(0.119)
	0.541

	Households with a car (n. 408):
	 	 	 	 	 	 	 	 	 
	Count of supermarkets within 3 km road network buffer
	0.055
	(0.023)
	0.015
	0.059
	(0.024)
	0.014
	0.112
	(0.041)
	0.006

	Count of supermarkets within 5 km road network buffer
	0.009
	(0.013)
	0.465
	−0.002
	(0.014)
	0.888
	0.007
	(0.024)
	0.756


Models adjusted for age, sex and education.






Discussion
In this Glasgow study, we found that the association between locational access to supermarkets and individual-level fruit and vegetable consumption was highly sensitive to the food environment measure that was selected. The findings suggest that, for a number of the access measures we created, greater access to supermarkets was associated with higher fruit and vegetable consumption. However, this was not the case for all measures; for example, these results suggest that no association is apparent when we assessed counts of supermarkets within a 5 km road network buffer around an individual’s unit postal code location. This finding draws attention to the potential risk of committing a Type-II error.
Whilst measuring from a unit postal code provided a less aggregated and, arguably, more precise estimate for proximity measures than the measures from the geometric or population-weighted centroids of the larger spatial units (data zones), the proximity estimates did not vary greatly across the whole sample by point-of-origin and were not associated with our three outcomes. Hewko et al. have previously noted that aggregation error is a greater concern when examining more densely populated features because proximity estimates are more sensitive in this instance [31]. Whilst supermarkets were reasonably densely populated in our study area, the analysis may have been more likely to detect an association if other more prominent food store types were examined (e.g. takeaway outlets) or a larger spatial unit was used rather than a data zone. However, given their size, using specific household addresses over postal codes would have only made minimal differences to these findings.
When the presence or absence of a feature is explored, the count data is dichotomised to examine whether any store is present within a set distance (e.g. is there a supermarket within 1 km). Again no significant association was observed using this approach amongst the full sample. However, when count data were investigated, some significant positive associations were detected, indicating a greater choice may be more important than access to a single store. Previously, greater choice in the form of different fast food chains has been linked to more frequent fast food use [13] suggesting that dietary behaviours are influenced by having access to a wider selection of options.
The strongest associations observed were when Kernel density estimates were used for the exposure measure. Chaix et al. previously posited that more often the use of a boundary (in this instance a buffer) implies a binary definition of access and that the use of a smooth transition between what is and is not accessible would more often reflect a truer representation of access [37]. The adoption of Kernel density estimation enabled the application of a smoothing process by weighting areas more heavily when they were proximal to other stores. This weighting diminishes when the number of stores nearby is reduced and/or the distance to other stores is increased. Once these estimates are created, individuals are plotted to this map and assigned a density estimate based on their location. Whilst recent examples of studies using Kernel methods in food environment research exist [16–20], it remains a relatively underutilised technique compared to standard proximity or buffer approaches.
Another interesting finding to emerge from our analysis was the similarity between 1 km, 2 km, and 3 km Euclidean buffers with 2 km, 3 km, and 4 km road network buffers, respectively. This suggests such measures may be comparable. Sparks et al. previously reported similar associations between Euclidian and road network buffers and concluded that disparate measures of food access can often be compared [34]. Consequently, they suggested that aggregated and Euclidean distance measurements offer the same outcomes as more sophisticated and potentially more resource intensive approaches (i.e. less aggregated data and road network measurements). However, contrasting findings are reported in a study using both Euclidean and network buffers to explore the role of land use on walking behaviours, with stronger associations found for network buffers [23], highlighting the need for clear conceptualisation of exposure measures prior to analysis.
The choice of distance for buffers varies considerably across studies assessing associations with the built environment [7, 21, 22]. However, the use of buffer distances that are too small can result in the lack of an adequate exposure gradient meaning the detection of an effect is unlikely [45]. Further, using distances that are too large often overestimate the exposure by capturing features that individuals are unlikely to interact with and again may reduce the heterogeneity of the exposure measure. Our study demonstrates that the scale of the exposure measure can have a considerable bearing on the interpretation of the existence or otherwise of a relationship. Inconsistencies in scales are mainly driven by a lack of data that can be used to inform researchers as to what distance should be explored. It has previously been argued that understanding “true” environmental differences requires the identification of “true” environments [46]. In this instance, defining a “true” environment would require us to know where people are being exposed to and buying food. Therefore, for an accurate assessment of the role of environmental influences on dietary behaviours, and for an improved conceptualisation of appropriate scales, it is essential that studies move from place-based to people-based measures of exposure [47].
It is also important that researchers begin to account for the wide variety of ways that individuals interact with their environment. Cummins noted that what constituted local and appropriate food access differs between individuals [48, 49]. In this instance, it may be because some individuals will travel further to food stores that meet their needs (e.g. product variety and quality, specific ethnic stores, cheaper prices) [48, 50]. More generally, socioeconomic factors are also likely to strongly influence an individual’s mobility and thus their ability to access particular food stores. For example, a low income can restrict motor vehicle ownership, potentially reducing an individual’s access to a wider variety of food stores [51, 52]. To date, most investigations on local residential food environments and dietary behaviours are limited by the assumption that all stores within the local area are equally accessible to all residents irrespective of potential mobility barriers. Chaix et al. has called on future studies to consider the use of an individual-specific rather than uniform definition of neighbourhood scale [37]. Such analysis allows different scales to be applied based on individual characteristics. In our latter analysis, the exposure measure is further strengthened by considering an indicator of individual mobility through their vehicle ownership and use. When supermarkets within a walkable distance (0.4 km) were explored, an association was found with fruit consumption amongst those without a vehicle whereas when this was investigated amongst the full sample no relationship was detected. This suggests that considering personal mobility factors can strengthen our understanding of the links between the environment and health behaviours. Bader et al. previously explored the concept of “travel burden” whereby factors such as vehicle ownership, crime and public transit access are assessed to determine how these factors influence spatial access to healthy food.[19] Conducted in New York City, their study found that adjustment for vehicle ownership and crime tended to increase the observed disparities between neighbourhood race and income and supermarket access. Whilst their study did not examine links to health behaviours, a prior US study found stronger associations between local healthy food resources and insulin resistance amongst those who did not own an automobile [33].
This study was strengthened by the comprehensive assessment of multiple access measures, and more importantly, how these influence associations with dietary outcomes. Whilst some prior studies have compared how different access measure effect exposure estimates, they have not explored a range of measures and buffer distances as comprehensive as that undertaken in this present study nor have they assessed the impact on dietary outcomes. It is important that the use of outcome data is acknowledged as it provides some indicative data on comparability with other food environment studies that have used varying measures of access.
The limitations of this study must be acknowledged. First, with regards to the food environment only a single source of fruits and vegetables (supermarkets) was examined. Further, this study did not have within-store data on these supermarkets to help inform the quantity, quality and price of the fruits and vegetables sold which are potentially important factors in determining purchasing and consumption behaviours [53]. Additional factors at the area-level that may affect mobility (e.g. public transit option, crime, safety) were not considered nor were individual data related to perceptions of these factors. Our buffer estimates were all created based on distance metrics whereas additional data on speed limits may have allowed a more sophisticated approach that also included estimates of travel time. This is important to consider as it may be that time is more important than distance when considering how people interact with food stores or indeed there may be other factors such as individual’s preference for a particular area or store type that dictates where they shop. The cross-sectional nature of the data and the time lag between the individual survey data and the supermarket data may limit the applicability of the reported associations. However, first we reiterate that our primary aim was to demonstrate variations in associations based on different exposure measures rather than to establish causality between supermarket access and dietary outcomes. Second, with regards to the time lag, prior research demonstrates little change in the number of national ‘multiple-owned’ supermarkets in Glasgow between the years 1997 (n = 75) and 2007 (n = 78)[54] and therefore the static nature of chain-brand supermarket locations would likely mean this is unlikely to significantly influence the results. Finally, the data analysed is restricted to a single urban area in one country and findings may firstly, not be applicable in rural areas and, secondly, would require confirmation in other urban contexts elsewhere.

Conclusions
The results of this study provided a working example of how our interpretation of associations between food environments and diet-related outcomes can differ depending upon the measurement of access and the scale employed. This serves to highlight the importance of a strong, a priori, conceptualisation of the exposure-outcome relationship when deciding on an appropriate access measure and to ensure that results are correctly interpreted and reported by investigators.

Author contributions
LT drove the conceptualisation of the study design, undertook the analysis, and wrote the first draft of this paper. JP, LM, KL and AE contributed to the study design and redrafting of the paper. Each author has read and approved the final version of this manuscript.

Acknowledgements
The authors wish to acknowledge Jie Wen for his assistance with the creation of the GIS measures used in this manuscript. LT is supported by a Deakin University Alfred Deakin Postdoctoral Research Fellowship. JP is currently the recipient of a ‘European Research Council Starting Grant’. AE, KL and LM were supported by the UK Medical Research Council as part of the Neighbourhoods and Health Programme (MC_US_A540_0073) at the MRC/CSO Social and Public Health Sciences Unit. We would like to thank Greater Glasgow Health Board for supplying the survey data.

References
1.
Richard L, Gauvin L, Raine K: Ecological models revisited: their uses and evolution in health promotion over two decades. Annu Rev Public Health. 2011, 32: 307-326. 10.1146/annurev-publhealth-031210-101141.CrossRefPubMed

2.
Feng J, Glass TA, Curriero FC, Stewart WF, Schwartz BS: The built environment and obesity: a systematic review of the epidemiologic evidence. Health Place. 2010, 16 (2): 175-190. 10.1016/j.healthplace.2009.09.008.CrossRefPubMed

3.
Brug J: Determinants of healthy eating: motivation, abilities and environmental opportunities. Fam Pract. 2008, 25: i50-i55. 10.1093/fampra/cmn063.CrossRefPubMed

4.
Giskes K, van Lenthe F, Avendano-Pabon M, Brug J: A systematic review of environmental factors and obesogenic dietary intakes among adults: are we getting closer to understanding obesogenic environments?. Obes Rev. 2011, 12 (5): e95-e106. 10.1111/j.1467-789X.2010.00769.x.CrossRefPubMed

5.
Cummins S, Macintyre S: Food environments and obesity–neighbourhood or nation?. Int J Epidemiol. 2006, 35 (1): 100-104.CrossRefPubMed

6.
Thornton L, Kavanagh A: The local food environment and obesity. Geographies of Obesity: Environmental Understandings of the Obesity Epidemic. Edited by: Pearce J, Witten K. 2010, Ashgate, Surrey, England

7.
Thornton LE, Pearce JR, Kavanagh AM: Using Geographic Information Systems (GIS) to assess the role of the built environment in influencing obesity: a glossary. Int J Behav Nutr Phys Act. 2011, 8: 71-10.1186/1479-5868-8-71.PubMedCentralCrossRefPubMed

8.
Handy SL, Niemeier DA: Measuring accessibility: an exploration of issues and alternatives. Environ Plan A. 1997, 29: 1175-1194. 10.1068/a291175.CrossRef

9.
Block JP, Christakis NA, O’Malley AJ, Subramanian SV: Proximity to food establishments and body mass index in the framingham heart study offspring cohort over 30 years. Am J Epidemiol. 2011, 174 (10): 1108-1114. 10.1093/aje/kwr244.PubMedCentralCrossRefPubMed

10.
Thornton LE, Crawford DA, Ball K: Neighbourhood socioeconomic variation in women’s diet: the role of nutrition environments. Eur J Clin Nutr. 2010, 64 (12): 1423-1432. 10.1038/ejcn.2010.174.CrossRefPubMed

11.
Pearce J, Hiscock R, Blakely T, Witten K: The contextual effects of neighbourhood access to supermarkets and convenience stores on individual fruit and vegetable consumption. J Epidemiol Community Health. 2008, 62 (3): 198-201. 10.1136/jech.2006.059196.CrossRefPubMed

12.
Laraia BA, Siega-Riz AM, Kaufman JS, Jones SJ: Proximity of supermarkets is positively associated with diet quality index for pregnancy. Prev Med. 2004, 39 (5): 869-875. 10.1016/j.ypmed.2004.03.018.CrossRefPubMed

13.
Thornton LE, Bentley RJ, Kavanagh AM: Fast food purchasing and access to fast food restaurants: A multilevel analysis of VicLANES. Int J Behav Nutr Phys Act. 2009, 6: 28-10.1186/1479-5868-6-28.PubMedCentralCrossRefPubMed

14.
Burdette HL, Whitaker RC: Neighborhood playgrounds, fast food restaurants, and crime: relationships to overweight in low-income preschool children. Prev Med. 2004, 38 (1): 57-63. 10.1016/j.ypmed.2003.09.029.CrossRefPubMed

15.
Jeffery RW, Baxter J, McGuire M, Linde J: Are fast food restaurants an environmental risk factor for obesity?. Int J Behav Nutr Phys Act. 2006, 3: 2-10.1186/1479-5868-3-2.PubMedCentralCrossRefPubMed

16.
Moore LV, Diez Roux AV, Brines S: Comparing Perception-Based and Geographic Information System (GIS)-based characterizations of the local food environment. J Urban Health. 2008, 85 (2): 206-216. 10.1007/s11524-008-9259-x.PubMedCentralCrossRefPubMed

17.
Moore LV, Diez Roux AV, Nettleton JA, Jacobs DR: Associations of the local food environment with diet quality–a comparison of assessments based on surveys and geographic information systems: the multi-ethnic study of atherosclerosis. Am J Epidemiol. 2008, 167 (8): 917-924. 10.1093/aje/kwm394.PubMedCentralCrossRefPubMed

18.
Moore LV, Diez Roux AV, Nettleton JA, Jacobs DR, Franco M: Fast-food consumption, diet quality, and neighborhood exposure to fast food: the multi-ethnic study of atherosclerosis. Am J Epidemiol. 2009, 170 (1): 29-36. 10.1093/aje/kwp090.PubMedCentralCrossRefPubMed

19.
Bader MDM, Purciel M, Yousefzadeh P, Neckerman KM: Disparities in Neighborhood Food Environments: Implications of Measurement Strategies. Econ Geogr. 2010, 86 (4): 409-430. 10.1111/j.1944-8287.2010.01084.x.CrossRefPubMed

20.
Rundle A, Neckerman KM, Freeman L, Lovasi GS, Purciel M, Quinn J, Richards C, Sircar N, Weiss C: Neighborhood food environment and walkability predict obesity in New York City. Environ Health Perspect. 2009, 117 (3): 442-447.PubMedCentralCrossRefPubMed

21.
Charreire H, Casey R, Salze P, Simon C, Chaix B, Banos A, Badariotti D, Weber C, Oppert JM: Measuring the food environment using geographical information systems: a methodological review. Public Health Nutr. 2010, 13 (11): 1773-1785. 10.1017/S1368980010000753.CrossRefPubMed

22.
Schaefer-McDaniel N, Caughy MO, O’Campo P, Gearey W: Examining methodological details of neighbourhood observations and the relationship to health: a literature review. Soc Sci Med. 2010, 70 (2): 277-292. 10.1016/j.socscimed.2009.10.018.CrossRefPubMed

23.
Oliver LN, Schuurman N, Hall AW: Comparing circular and network buffers to examine the influence of land use on walking for leisure and errands. Int J Health Geogr. 2007, 6: 41-10.1186/1476-072X-6-41.PubMedCentralCrossRefPubMed

24.
Block JP, Scribner RA, DeSalvo KB: Fast food, race/ethnicity, and income - A geographic analysis. Am J Prev Med. 2004, 27 (3): 211-217.PubMed

25.
Pearce J, Day P, Witten K: Neighbourhood provision of food and alcohol retailing and social deprivation in urban New Zealand. Urban Policy Res. 2008, 26 (2): 213-227. 10.1080/08111140701697610.CrossRef

26.
Tunstall HVZ, Shaw M, Dorling D: Places and health. J Epidemiol Community Health. 2004, 58 (1): 6-10. 10.1136/jech.58.1.6.PubMedCentralCrossRefPubMed

27.
Cummins S, Macintyre S, Davidson S, Ellaway A: Measuring neighbourhood social and material context: generation and interpretation of ecological data from routine and non-routine sources. Health Place. 2005, 11 (3): 249-260. 10.1016/j.healthplace.2004.05.003.CrossRefPubMed

28.
O’Campo P: Invited commentary: Advancing theory and methods for multilevel models of residential neighborhoods and health. Am J Epidemiol. 2003, 157 (1): 9-13. 10.1093/aje/kwf171.CrossRefPubMed

29.
Diez Roux AV: Investigating neighborhood and area effects on health. Am J Public Health. 2001, 91 (11): 1783-1789. 10.2105/AJPH.91.11.1783.PubMedCentralCrossRefPubMed

30.
Matisziw TC, Grubesic TH, Wei H: Downscaling spatial structure for the analysis of epidemiological data. Comput Environ Urban Syst. 2008, 32: 81-93. 10.1016/j.compenvurbsys.2007.06.002.CrossRef

31.
Hewko J, Smoyer-Tomic KE, Hodgson MJ: Measuring neighbourhood spatial accessibility to urban amenities: does aggregation error matter?. Environ Plan A. 2002, 34: 1185-1206. 10.1068/a34171.CrossRef

32.
Fortney J, Rost K, Warren J: Comparing alternative methods of measuring geographic access to health services. Health Serv Outcome Res Methodol. 2000, 1 (2): 173-184. 10.1023/A:1012545106828.CrossRef

33.
Auchincloss AH, Diez Roux AV, Brown DG, Erdmann CA, Bertoni AG: Neighborhood resources for physical activity and healthy foods and their association with insulin resistance. Epidemiology. 2008, 19 (1): 146-157. 10.1097/EDE.0b013e31815c480.CrossRefPubMed

34.
Sparks AL, Bania N, Leete L: Comparative Approaches to Measuring Food Access in Urban Areas: The Case of Portland, Oregon. Urban Stud. 2011, 48 (8): 1715-1737. 10.1177/0042098010375994.CrossRefPubMed

35.
Lytle LA: Measuring the food environment: state of the science. Am J Prev Med. 2009, 36 (4 Suppl): S134-S144.PubMedCentralCrossRefPubMed

36.
Ball K, Timperio AF, Crawford DA: Understanding environmental influences on nutrition and physical activity behaviors: where should we look and what should we count?. Int J Behav Nutr Phys Act. 2006, 3: 33-10.1186/1479-5868-3-33.PubMedCentralCrossRefPubMed

37.
Chaix B, Merlo J, Evans D, Leal C, Havard S: Neighbourhoods in eco-epidemiologic research: delimiting personal exposure areas. A response to Riva, Gauvin, Apparicio and Brodeur. Soc Sci Med. 2009, 69 (9): 1306-1310. 10.1016/j.socscimed.2009.07.018.CrossRefPubMed

38.
O’Sullivan D, Unwin DJ: Geographic Information Analysis. 2010, Wiley, Hoboken, 2CrossRef

39.
National Records of Scotland: Glasgow City Council Area - Demographic Factsheet. 2012, General Register Office for Scotland, ,http://​www.​gro-scotland.​gov.​uk/​files2/​stats/​council-area-data-sheets/​glasgow-city-factsheet.​pdf,

40.
Scottish Neighbourhood Statistics Data Zones (CD-ROM). 2006, Scottish Government, Edinburgh

41.
Jones R, Borland E, Boyd A, Lorenzetti K, Scouller J, Caery L, Tannahill C: The Health and Well-being of the Greater Glasgow Population. 2003, NHS Greater Glasgow, Glasgow

42.
Macdonald L, Ellaway A, Ball K, Macintyre S: Is proximity to a food retail store associated with diet and BMI in Glasgow, Scotland?. BMC Public Health. 2011, 11: 464-10.1186/1471-2458-11-464.PubMedCentralCrossRefPubMed

43.
Ordnance Survey MasterMap (CD-ROM). 2009, Ordnance survey, Southamption, UK

44.
StataCorp: Stata. 2011, StataCorp, College Station, TX, 112

45.
Blakely TA, Woodward AJ: Ecological effects in multi-level studies. J Epidemiol Community Health. 2000, 54 (5): 367-374. 10.1136/jech.54.5.367.PubMedCentralCrossRefPubMed

46.
Subramanian SV: The relevance of multilevel statistical methods for identifying causal neighborhood effects - Commentary. Soc Sci Med. 2004, 58 (10): 1961-1967. 10.1016/S0277-9536(03)00415-5.CrossRefPubMed

47.
Kwan MP: From place-based to people-based exposure measures. Soc Sci Med. 2009, 69 (9): 1311-1313. 10.1016/j.socscimed.2009.07.013.CrossRefPubMed

48.
Cummins S, Findlay A, Higgins C, Petticrew M, Sparks L, Thomson H: Reducing inequalities in health and diet: findings from a study on the impact of a food retail development. Environ Plan A. 2008, 40 (2): 402-422. 10.1068/a38371.CrossRef

49.
Cummins S: Neighbourhood food environment and diet: time for improved conceptual models?. Prev Med. 2007, 44 (3): 196-197. 10.1016/j.ypmed.2006.11.018.CrossRefPubMed

50.
Handy SL, Clifton KJ: Local shopping as a strategy for reducing automobile travel. Transportation. 2001, 28: 317-346. 10.1023/A:1011850618753.CrossRef

51.
Zenk SN, Schulz AJ, Matthews SA, Odoms-Young A, Wilbur J, Wegrzyn L, Gibbs K, Braunschweig C, Stokes C: Activity space environment and dietary and physical activity behaviors: A pilot study. Health Place. 2011, 17 (5): 1150-1161. 10.1016/j.healthplace.2011.05.001.PubMedCentralCrossRefPubMed

52.
Clifton KJ: Mobility strategies and food shopping for low-income families: A case study. J Plan Educ Res. 2004, 23: 402-413. 10.1177/0739456X04264919.CrossRef

53.
Glanz K, Sallis JF, Saelens BE, Frank LD: Healthy nutrition environments: concepts and measures. Am J Health Promot. 2005, 19 (5): 330-333. 10.4278/0890-1171-19.5.330.CrossRefPubMed

54.
Cummins S, Macintyre S: Are secondary data sources on the neighbourhood food environment accurate? Case-study in Glasgow, UK. Prev Med. 2009, 49 (6): 527-528. 10.1016/j.ypmed.2009.10.007.CrossRefPubMed



Competing interests
The authors declare they have no competing interests.


OEBPS/A12942_2012_Article_484_Fig3_HTML.jpg
KDE 0.4km
o
Jo-070

KOE thm
o
0-018

KOE 2km
o

0-008
000021
I
-0

012345






OEBPS/sidebar.gif





OEBPS/A12942_2012_Article_484_Fig2_HTML.jpg
DA 7NN

0

Euclidean buffers

Road network buffers
[Jodkm

[ km

[ J2km

[ 3km

[ 4m N
[ 5km A

1 2

Kilometers

o






OEBPS/contact.gif





OEBPS/A12942_2012_Article_484_Fig1_HTML.jpg
Legend N

Supermarkets Travel from geometric centroid ' ’
Postal codes —=—m=m Travel from respondent's postal code

Geometric centroid I Travel from population-weighted centroid

B Population-weighted centroid Roads '
Datazones 0 0.2 K ¢

Kilometers

> 0%






