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Abstract:  The urban food environment is a target for policy interventions aimed at improving diet. This 
study developed a workflow in the R programming language for characterising the urban food environment 
using standard measures of accessibility to the food environment along with methods adapted from 
community ecology, applying it to Perth, Western Australia. The workflow uses the Open Route Service API 
to calculate 15-minute walking network buffers from the centroid of all Census Mesh Blocks in the Perth 
Metropolitan Region and then calculates the types and abundance of food outlets available within each 
network buffer. A Bray-Curtis dissimilarity matrix quantifies how similar each Mesh Block is to all other Mesh 
Blocks in terms of the types and abundance of food available within a 15-minute walk of the centroid, 
enabling clustering of the Mesh Blocks into groups according to how similar their food environment is. The 
workflow then calculates the total abundance, richness, and Simpson’s diversity of food outlets within each 
network buffer, along with standard measures of accessibility recommended in scientific literature and urban 
planning guidelines to produce a comprehensive description of the Perth urban food environment. Results 
show that the Mesh Blocks in the Perth metropolitan region can be clustered into five groups based on the 
type and abundance of food outlets, with food availability and diversity decreasing from the centre of the 
metropolitan region towards the periphery. The workflow developed provides a more nuanced picture of the 
food environment compared to standard measures of accessibility alone and can quickly and easily 
calculate a comprehensive set of standardised indicators of the food environment in any location, thus 
enhancing replicability.  
 
Key words: food environment; accessibility; multivariate methods; hierarchical clustering; R 
 
Introduction 
Rates of non-communicable disease (NCD) such as obesity, type two diabetes, and cardiovascular disease 
are rising globally (Ng et al. 2014, Abarca-Gómez et al. 2017) Unhealthy diet is a modifiable, behavioural 
risk factor contributing to increasing levels of NCDs (World Health Organization 2013). The food 
environment, defined as “the collective physical, economic, policy and sociocultural surroundings, 
opportunities and conditions that influence people’s food and beverage choices” (Swinburn et al. 2013, p. 
2) is one area that has been highlighted as a potential target for policy interventions aimed at improving diet 
(Swinburn et al. 2013, Chronic Disease Prevention Directorate 2017, Sacks et al. 2019). Despite a 
significant body of work, there is inconsistent evidence on causal links between the food environment and 
dietary outcomes (Charreire et al. 2010, Caspi et al. 2012, Chen and Kwan 2015, Clary et al. 2017, Sacks 
et al. 2019). Some of this inconsistency has been attributed to challenges associated with measuring the 
food environment (Thornton et al. 2012, Lytle and Sokol 2017, Sacks et al. 2019). Sacks et al. (2019) identify 
three issues with measurement of the food environment: 1) measures of the food environment are too 
narrow in scope; 2) measurement of the different ways in which people are exposed to and interact with the 
food environment is inadequate; and 3) heterogeneity in tools and methods used to measure the food 
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environment. This study aims to address the first issue by using multivariate methods, including clustering, 
adapted from community ecology to measure and describe the food environment. 
 
We define access to the food environment according to five dimensions (5As) that influence whether a given 
individual is likely to access an outlet: 1) availability in terms of the location, volume and type of outlets; 2) 
proximity in terms of travel cost; 3) accommodation (e.g., opening hours and drive throughs); 4) acceptability 
in terms of the individual perception of the outlet and its characteristics, and; 5) affordability (Penchansky 
and Thomas 1981, Swinburn et al. 2013, Clary et al. 2017). Measures of density (availability) and/or 
proximity of one or two food store types, usually supermarkets and/or fast food restaurants are the most 
commonly applied spatial measure in studies of the food environment, however these are too narrow in 
scope to reflect the variety of food outlets that an individual is exposed to in their environment (Sacks et al. 
2019). These simple measures also do not account for the different strategies that individuals use to access 
food, of which supermarket shopping is only one (Shannon 2016, Brinkley et al. 2017). Comprehensive, 
composite measures of the food environment are needed that provide information on the diversity of food 
outlets available and therefore the competing choices individuals face as they move through their 
environment (Thornton et al. 2012, Brinkley et al. 2017, Sacks et al. 2019). Previous work suggests that 
relative measures such as the proportion of fast food outlets in an environment go some way to capturing 
the diversity of options in the food environment and so would better predict dietary outcomes than simple 
absolute measures of the number of fast food outlets (Sacks et al. 2019). In this study we adapted 
multivariate methods from community ecology to classify the Perth urban environment based on the type 
and relative abundance (the abundance of each food outlet type compared to the abundance of all other 
food outlet types) of all food outlets available. 
 
Multivariate methods have been well developed for use in community ecology to characterise the 
composition, structure and diversity of plant communities based on the plant species found at a given site, 
to classify plant communities by grouping sites with similar characteristics together, and to relate plant 
communities to underlying environmental variables (Borcard et al. 2011). We suggest that there are 
similarities between community ecology and studies of the food environment and that the various types of 
food outlets operating in the urban environment can be treated similarly to plant species in an ecosystem. 
In adapting these methods to the urban food environment, we substitute food outlets types for plant species 
and environmental variables such as soil type, nutrient availability, and climate for, for instance, 
sociodemographic characteristics of the population and planning policy. These methods have an advantage 
over simple measurements of the proportion of one or two types of food outlet in that they account for all 
food outlet types to which a person could be exposed, and are flexible enough to include data on the 
accommodation, acceptability, and affordability of food outlets where this is available (Borcard et al. 2011). 
The aim of this study was to develop a workflow in the R programming language that applies these 
multivariate methods from ecology along with standard measures of availability and proximity to produce a 
comprehensive characterization of the urban food environment that can be easily replicated in any location, 
and apply it to the city of Perth, Australia. This paper describes the first steps in the workflow covering the 
comprehensive description and classification of the food environment. Environmental variables and the 
inclusion of data on accommodation, acceptability, and affordability is out of scope and will be addressed in 
future work. 
 
Methods 
 
Study area 
Perth, the capital city of Western Australia, is a low-density, sprawling, car dependent city with a population 
of two million and a population density of approximately 317 people/km2 (ABS 2019). The urban area 
consists of an inner core of established suburbs and newer developments on the periphery, with the majority 
of growth occurring from north to south along the coast, following the extension of train lines in these 
directions, and some new development also occurring to the east of the central business district limited by 
the Darling Scarp (Costello and Rowley 2010). Perth is dominated by low-density suburbs consisting of free 
standing three- or four-bedroom homes (Weller 2008).  
 
The study area is defined by Australian Statistical Geography Standard ASGS Statistical Areas. ASGS 
Statistical areas are designed by the Australian Bureau of Statistics (ABS) for the release of census statistics 
(ABS 2018). Statistical Areas Level 4 (SA4) cover an area with a population usually greater than 100,000 
(ABS 2018). The following SA4s covering the Perth urban area were selected: Perth - Inner, Perth - North-
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East, Perth - North-West, Perth - South-East, and Perth - South-West. Accessibility to the urban food 
environment within the study area was measured for each Census Mesh Block. The mesh block (MB) is the 
smallest geographical unit for which census data is provided. Each residential MB contains between 30-60 
dwellings and a total of 24,545 MBs were included for analysis. Four MBs were excluded because they were 
not connected to the road network (islands or a dam) and so could not be included in the analysis. Mesh 
Block population data from the 2016 Census was downloaded in shapefile format from the ABS (ABS 2017). 
 
Data collection and analysis 
All data processing, analysis, and mapping was performed in Microsoft R Open v3.5.1 (R Core Team 2018). 
The multivariate methods and clustering described here are based on methods used in community ecology 
as already described above (Borcard et al. 2011). We applied them to classify the food environment into 
different ‘communities’ or zones based on the type and abundance of food outlets available within a 15-
minute walk of the centroid of all MBs in the Perth urban area. Fifteen-minute walking buffers were chosen 
based on recommendations in the literature (Ni Mhurchu et al. 2013, Ahalya et al. 2017) and urban design 
guidelines (Heart Foundation 2018) that suggest the population should have access to sources of healthy 
foods within a 15-minute walk. Figure 1 outlines the workflow, including input data and output variables, as 
described in the following sections. This workflow was run for all 24,545 MBs, future reference in this paper 
to food accessibility in and around MBs refers to the food available within the 15-minute walking buffer and 
not the MB polygon itself. 
 
Food outlet data 
Food outlet data, consisting of 5,585 food outlet points from the Yellow Pages business directory, were 
purchased from SENSIS Pty Ltd. in June 2018. The Yellow Pages data has known errors and limitations 
(Hooper et al. 2013) however was chosen for the study because of the lack of alternative, more accurate 
datasets. Moreover, its use enables cross-validation, ensuring comparability to results produced by previous 
studies (eg. Trapp et al. 2015, Bivoltsis et al. 2019). SENSIS categories were mapped to 15 of the 23 
categories identified as being present in Australian suburbs and rated for their healthiness (Table 1; 
Moayyed et al. 2017). Eight categories were excluded because no equivalent SENSIS category was 
available, or there was significant overlap with another category e.g. takeaway local independent and 
restaurant/café. 
 
Accessibility and variety 
Fifteen-minute walking isochrones were calculated for the centroid of each MB using the openrouteservice-
r library (Openrouteservice 2019a), based on the underlying road network as provided by OSM data 
(Openrouteservice 2019b). The resulting polygons had significant overlap, producing a moving window of 
analysis, and removing any edge effects associated with the area and unit of analysis. 
 
For each polygon we calculated the following measures of availability and proximity that have been identified 
in the literature as standard and objective indicators for measuring associations between the food 
environment and dietary outcomes (Ni Mhurchu et al. 2013, Ahalya et al. 2017): number of fast food outlets 
per person; number of supermarkets and fruit and vegetable outlets per person; the Modified Retail Food 
Environment Index (MRFEI; Ahalya et al. 2017); and distance to the nearest grocery store. The MRFEI is a 
ratio of less healthy to total food outlets in a given area and was based on health ratings assigned to 
categories by Moayyed et al. (2017). The distance to the nearest supermarket or fruit and vegetable store 
(nearest grocery) was calculated for each MB centroid using the Time-Distance Matrix function of the 
openrouteservice-r library (Openrouteservice 2019b).  
 
We also calculated measures of diversity of the food environment including total abundance of food outlets, 
food outlet richness and Simpson’s diversity of the food environment within all polygons. Simpson’s diversity 
takes into account the number of food outlet types (richness) and their relative abundance (evenness), 
increasing as the richness and evenness of food outlets increases (Lachat et al. 2018).  
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Figure 1: Overview of the workflow developed for characterizing the urban food environment including input data (blue), output variables (red), 
and interim steps. The workflow was run on all Mesh Blocks in the Perth metropolitan region and the output variables produced for each Mesh 

Block. 
 
 

 
Source: Authors
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Table 1: Categories assigned to SENSIS food outlets. 
 

 
Category 1 

 
Health rating 

 
Healthy/Unhealthy 

Fruiterer and greengrocer 10 H 

Local produce stall 10 H 

Fish shop 10 H 

Butchery 9 H 

Wholesaler/food cooperative 8 H 

Major supermarket 5 H 

Minor supermarket 5 H 
Specialty food store - core 
foods 5 H 

Restaurant/café 0 UH 

Delicatessen 0 UH 

Bakery/Cake shop 0 UH 

Convenience store -5 UH 
Specialty food store - extra 
foods -8 UH 

Pub -5 UH 

Take-away franchise -10 UH 
1 Excluded: Poultry shop, Farmer's market, Sandwich shop, Other, Takeaway local 
independent, Service station convenience store, Liquor, Pharmacy  

Source: Authors. Adapted from Moayyed et al. (2017). 
 
Clustering and multivariate analysis 
The MBs were clustered based on the abundance and type of food outlets available within a 15-minute walk 
of the centroid. Clustering was performed on a Bray-Curtis dissimilarity matrix calculated from the 
abundance data using the vegdist function of vegan (Borcard et al. 2011). The Bray-Curtis dissimilarity 
matrix represents the ‘distance’ or difference between all possible pairs of MBs in terms of the type and 
abundance of food outlets (Borcard et al. 2011). Abundance data were log-transformed prior to analysis to 
moderate the influence of highly abundant outlet types, such as restaurants and cafes, which are the 
dominant food outlet type across the metropolitan region. The MBs were then clustered using Ward’s 
hierarchical clustering as ward.D2 in the hclust function of the stats package (Murtagh and Legendre 2014). 
Ward’s method first sets each individual MB to be a separate cluster and then agglomerates the closest 
(least dissimilar) and recalculates the dissimilarity matrix with respect to the new cluster, iterating until all 
clusters are agglomerated (Murtagh and Legendre 2014). The resulting hierarchy is “cut” at the chosen level 
of dissimilarity, or the point at which the appropriate number of clusters are obtained (Borcard et al. 2011). 
The decision to cluster into five groups was made following examination of the clustering dendrogram and 
plotted fusion heights that were produced by the clustering algorithm, and the nMDS ordination plot. 
 
Permutational multivariate analysis of variance (PERMANOVA) using distance matrices (adonis function in 
vegan; Oksanen 2019a) was then applied to confirm that clusters obtained from ward.D2 were significantly 
different in terms of the type and abundance of food outlets found within a 15-minute walk of the centroid of 
MBs assigned to them. PERMANOVA is a non-parametric version of MANOVA that does not require the 
strict set of data assumptions required by MANOVA, such as that it be normally distributed, and that can be 
applied to any distance matrix (Anderson 2001). The adonis function was run on the same Bray-Curtis 
dissimilarity matrix produced from the log-transformed abundance data. A random sample of 10,000 MBs 
was selected for adonis because of computational power limitations.  
 
A non-metric Multidimensional Scaling (nMDS) ordination was produced from a stratified random sample of 
500 MBs (100 MBs taken from each cluster using the sample function) (Oksanen 2019b). The nMDS 
attempts to position all the MBs on a 2D-plot based on how similar or different they are in terms of the type 
and abundance of food available, with similar MBs placed closer together. This process results in a flattening 
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of what is a multi-dimensional space into a 2D-plot for the purposes of visualizing how similar the MBs are 
to each other (in this case the multidimensional space is a 15-dimensional space because we have 15 types 
of food outlets). By colouring the MBs in the nMDS plot according to the cluster to which they were assigned 
we can visually assess whether the MBs within each cluster are distinct in terms of their food availability 
and/or if there is some overlap between clusters. The stress value indicates how good a representation the 
2D plot is of the multidimensional space, with a value less than 2 being acceptable (Borcard et al. 2011, 
Oksanen 2019b).  
 
The log-transformed food outlet abundance data was also fitted to the ordination using the envfit function of 
the vegan package (Oksanen 2019b), and the output of envfit was plotted on top of the nMDS to show which 
food outlet types were causing differences between the MBs. To further understand how clusters differed in 
terms of food outlet accessibility, mean abundance of each food outlet type and boxplots of diversity and 
accessibility measures were calculated for each cluster. The tmap function was used to map all MBs in the 
Perth metropolitan region, coloured according to their assigned cluster, to visualise their spatial distribution 
(Tennekes et al. 2019) .  
 
Results 
Restaurants and cafés were the most common food outlet type and were found within a 15-minute walk of 
77.2% of MB centroids, followed by Take-away franchise (75.9%), Major supermarkets (63.1%), 
Bakery/cake shops (50.4%), Specialty food stores – extra foods (43.1%). Fruiterers and greengrocers were 
found near only 18% of MB centroids, and butchery near 37% (Table 2).  
 

Table 2: Percentage of food outlet categories within a 15-minute walk of the MB centroid. 
 

Category % 

Restaurant café 77.2 

Take away franchise 75.9 

Major supermarket 63.1 

Bakery/Cake shop 50.4 

Specialty food store – extra foods 43.1 

Butchery 37.1 

Delicatessen 35.6 

Pub 27.6 

Fish shop 27.5 

Convenience store 25.8 

Specialty food store – core foods 20.2 

Fruiterer and greengrocer 18 

Wholesaler food cooperative 12.2 

Minor supermarket 4.7 

Local produce stall 2.4 
Source: Authors, based on food outlet data from SENSIS 

 
The five clusters identified using Ward’s method were significantly different in terms of the abundance and 
type of food outlets available around their assigned MBs (adonis P=0.001). The nMDS ordination shows 
that the five identified clusters are reasonably distinct based on how their MBs are positioned on the plot 
(Figure 2). Mesh Blocks in cluster 1 (black triangles) are all located relatively close together on the plot 
suggesting that they have reasonably similar type and abundance of food outlets available within a 15-
minute walk. Mesh Blocks in cluster 4 (red crosses) are dispersed across the righthand side of the plot 
suggesting that there is variation in the type and abundance of food outlets available within a 15-minute 
walk of MBs assigned to cluster 4, and some overlap with cluster 3 (green crosses). Arrows on the plot 
represent the abundance of different food outlet types as fitted to the nMDS output by envfit. Generally, the 
further a point is in the direction of an arrow, the higher the abundance of the food outlet type associated 
with that arrow. Longer arrows indicate a stronger association between the position of the point and the 
abundance of the food outlet type. All arrows point towards the left of the plot, indicating that points placed 
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towards the left of the plot (clusters 1, 2 and some of 3) have a higher overall abundance of food outlets, 
particularly restaurants and cafés, compared to points placed towards the right of the plot (clusters 4 and 
5). MBs placed towards the top-left appear to have a higher abundance of takeaway franchise, pubs, and 
delicatessens, while those placed towards the bottom-left appear to have more supermarkets, specialty 
stores, and fruiterer/greengrocers. However, these differences in food outlet types are not picked up in the 
clustering. Cluster 5 (purple diamond) represents MBs with no food outlets available within a 15-minute 
walk, therefore there is no difference between MBs in this cluster and they are all placed at the same location 
to the far right of the plot. 
 
Figure 2: Non-metric MDS ordination showing the similarity and dissimilarity of the MBs (coloured 

by their assigned cluster) (stress: 0.12)1. 
 

 
 Source: Authors, based on food outlet data from SENSIS and ABS MBs 
 
Figure 3 shows the overall abundance and richness of food outlets, diversity, and accessibility measures 
for each cluster. Clusters decreased in total number and richness of food outlets, and number of grocery 
stores and fast food outlets per person from cluster 1 to 5. MBs in cluster 5 have an average of more than 
2 km to the nearest grocery store. Cluster 1 has the highest total number of outlets. Cluster 2 has the highest 
diversity. Cluster 4 has the highest MRFEI. 

 
1 Interpretation of the nMDS is as follows: Each point on the nMDS plot represents a MB. The position of a 
point relative to other points indicates how similar or different they are in terms of the type and abundance 
of food outlets found within a 15-minute walk (based on the Bray-Curtis dissimilarity matrix). Arrows on the 
plot represent the abundance of different food outlet types as fitted to the nMDS output by envfit. 
Generally, the further a point is in the direction of an arrow, the higher the abundance of the food outlet 
type associated with that arrow. Longer arrows indicate a stronger association between the position of the 
point on the nMDS plot and the abundance of the associated food outlet type. 
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Figure 4 shows the Mesh Blocks in the Perth metropolitan region, coloured according to the cluster they 
were assigned to by the clustering algorithm. Cluster 1 is associated with town centres including Perth City 
Centre. Clusters 1 and 2 are more prevalent in established inner suburbs while clusters 4, and 5 are found 
predominantly in outer suburbs and cluster 3 is found across most of the city but more predominantly in the 
outer suburbs.  
   
Discussion 
The clustering analysis of SENSIS data suggests a “mountain” of food accessibility with highest accessibility 
and diversity in the inner suburbs and lowest in outer suburbs. Clusters 4 and 5 appear to be poor food 
environments, with longer distances to the nearest grocery store, low or no accessibility to food within a 15-
minute walk, and low diversity. A high MRFEI in Cluster 4 also indicates a dominance of less healthy food 
outlet types. A 2009 validation of SENSIS data found that not only were there more food outlets in 
established suburbs compared to greenfield developments, there was also better agreement between 
SENSIS data and a field audit in an established suburb compared to a greenfields development (Hooper et 
al. 2013). Therefore, while it is likely that there is less food available in Clusters 4 and 5, these areas contain 
a higher number of greenfields sites and so the results may exaggerate the low availability because of the 
lower accuracy of the SENSIS data over these areas.  
 
Overall, SENSIS data suggests that restaurants and cafés dominate the Perth food environment, including 
in areas with little food availability. Restaurants and cafés were significantly underrepresented in the 
SENSIS dataset (Hooper et al. 2013), therefore restaurants and cafés may be even more prevalent than 
this analysis suggests. While supermarkets were found across a large proportion of the urban area, other 
healthy food stores such as fruiterers and greengrocers and butchers were much less prevalent, which is 
reflected in the high MRFEI for all clusters. The 2009 validation of SENSIS data suggests that outlets selling 
food for consumption off premises were reasonably represented in the data (ratio of 0.5 – 1.13 agreement 
with the field audit) (Hooper et al. 2013), however this ratio covers a large variety of outlets including fast 
food, supermarkets, specialty stores, and markets, that may have different agreement ratios. While 
supermarkets may be well represented in the Yellow pages, small specialty stores may be less likely to 
advertise in the Yellow pages, particularly given the rise of social media and google places in the 10 years 
since the validation was undertaken, potentially causing them to appear less prevalent than they are in 
reality.   
 
This workflow has implications for policy in that understanding characteristics of the food environment is a 
crucial step for local governments tackling food insecurity and chronic disease with planning interventions 
in the built environment (South Metropolitan Population Health Unit 2014).  Our results indicate that 
generally those living in established inner city suburbs have much more choice and access to food than 
those in newer, outer suburbs, however the high numbers of restaurants and cafes stocking energy-dense 
food means higher access to food may not equate to a healthier food environment (Hector et al. 2016). 
Local governments covering MBs in Cluster 1 for instance may be more interested in targeting the nutrition 
of food sold in the many different food outlets accessible to their population, while those in which Clusters 
4 and 5 are found may need to focus on encouraging different types of healthier food outlets to establish in 
their area in order to increase overall access to and variety of food. Recent research suggests that poor 
food environments are associated with low socio-economic areas in Australia (Hector et al. 2016, Bivoltsis 
et al. 2019). Therefore, future research will examine how these clusters are associated with 
sociodemographic characteristics to identify zones where poor food environments may be compounded by, 
for instance limited financial resources or low car ownership. 
 
However, results of the nMDS ordination indicate that the clustering could be improved. The nMDS plot 
showed that MBs placed towards the top of the plot may be less healthy than those towards the bottom, as 
they appear to have access to more pubs, take-away, and delicatessens, while those towards the bottom 
have access to more supermarkets and fruit and vegetable stores. By grouping the MB into seven clusters 
instead of five, we may be able to split clusters 3 and 4 to create smaller clusters with similar overall 
abundance but differentiated by the types of food outlets available. 
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Figure 3: Boxplots for each of the five clusters showing the median, lower quartile, and upper quartile of the total number of food outlets 
(overall abundance); food outlet type richness (number of different types of food outlets); Simpson’s diversity; number of fast food outlets per 

person; number of supermarkets and fruit and vegetable outlets per person; and the Modified Retail Food Environment Index (MRFEI). 
 

 
Source : Authors, based on food outlet data from SENSIS
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Figure 4: Mesh Blocks in the Perth metropolitan region coloured according to the cluster to which 
they were assigned based on the type and abundance of food outlets available. 

 

 
Source: Authors, Mesh Block polygons from ABS, based on food outlet data 
from SENSIS 

 
The benefit of these multivariate methods is that many different data types can be incorporated into the 
clustering analysis. The current analysis has included data on available and accessibility of the 5As. The 
next step will be to incorporate data on affordability, acceptability, and accommodation. The Yelp Fusion 
API (YELP 2018) includes data on price, star ratings, and opening hours of food outlets that could be used 
to assess affordability, accommodation, and acceptability of outlets, along with accessibility and availability 
as measured by the location of outlets (the 5As). These open, crowdsourced data potentially provide insight 
into less tangible aspects of the food environment with much less resources than traditional data collection 
methods would require (Martí et al. 2019). For this reason, we will be repeating this analysis on data 
obtained from the Yelp Fusion API, incorporating ratings and opening hours in the clustering, and assessing 
Yelp data for use in studies of the urban food environment in Perth. 
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Conclusion 
The methods and associated scripts being developed can quickly and easily calculate a complex set of 
standard indicators of the food environment in a given location. The application of methods from community 
ecology to classify the food environment into zones based on the type and abundance of food outlets, along 
with the calculation of the richness and diversity of food outlets provides a more nuanced picture of the food 
environment than the standard measures of accessibility alone. Mapping and understanding the structure 
and diversity of the current food environment in this way is very useful to inform planning policy aimed at 
influencing the food environment to minimize food insecurity. Developing the workflow in R programming 
language makes it possible to analyse large datasets at high spatial resolution with a relatively small amount 
of resources in terms of time and cost. For this reason, the workflow facilitates reproducibility and 
replicability of the analysis and the direct comparison of food environments at different points in time, 
different locations, or according to different food outlet data sources. This replicability means that local 
governments implementing a plan to address food security following guidelines such as the Pathway to 
improving food security (South Metropolitan Population Health Unit 2014) or Healthy Active Living by 
Design (Heart Foundation 2018) could use this workflow to measure changes to the food environment over 
time and so understand the impact of policy changes. 
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