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Abstract
Objective: Geographic measurement of diets is generally not available at areas
smaller than a national or provincial (state) scale, as existing nutrition surveys can-
not achieve sample sizes needed for an acceptable statistical precision for small
geographic units such as city subdivisions.
Design: Using geocoded Nielsen grocery transaction data collected from super-
market, supercentre and pharmacy chains combined with a gravity model that
transforms store-level sales into area-level purchasing, we developed small-area
public health indicators of food purchasing for neighbourhood districts. We gen-
erated the area-level indicators measuring per-resident purchasing quantity for
soda, diet soda, flavoured (sugar-added) yogurt and plain yogurt purchasing.
We then provided an illustrative public health application of these indicators as
covariates for an ecological spatial regression model to estimate spatially corre-
lated small-area risk of type 2 diabetes mellitus (T2D) obtained from the public
health administrative data.
Setting: Greater Montreal, Canada in 2012.
Participants: Neighbourhood districts (n 193).
Results: The indicator of flavoured yogurt had a positive association with neigh-
bourhood-level risk of T2D (1·08, 95 % credible interval (CI) 1·02, 1·14), while that
of plain yogurt had a negative association (0·93, 95 % CI 0·89, 0·96). The indicator
of soda had an inconclusive association, and that of diet soda was excluded due to
collinearity with soda. The addition of the indicators also improvedmodel fit of the
T2D spatial regression (Watanabe–Akaike information criterion= 1765 with the
indicators, 1772 without).
Conclusion: Store-level grocery sales data can be used to reveal micro-scale geo-
graphic disparities and trends of food selections that would be masked by tradi-
tional survey-based estimation.
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Dietary habits and preferences are influenced by demo-
graphic, economic and socio-cultural factors, and built, pol-
icy and food marketing environments(1). Neighbourhood
heterogeneity of these attributes manifests as geographic
disparities in diet quality and the burden of nutrition-related
non-communicable diseases(1,2). Geographic measure-
ments of diets at a fine spatial scale (e.g. city subdivisions)
are lacking but needed to identify at-risk communities,
mobilise community advocacy for interventions tailored

to local needs and evaluate geographically heterogeneous
responses to public health policies(3–5).

Nutrition surveys administering dietary questionnaires
are typically designed to measure population diets at the
levels of ‘subnational’ geographic unit, such as a province
or state. However, they are unable to estimate diets at
smaller administrative areas due to limited sample sizes
to attain statistically precise estimates(3,6,7). The increasing
demands for reliable statistics describing health status of
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small subpopulations, coupled with the increasing
non-response and cost of conducting many national sur-
veys, calls for the integration of secondary data sources
in population health assessment(7). An emerging data
source to capture community food selections is geocoded
store-level grocery transaction records that are continu-
ously generated by a geographically representative sample
of retail food stores. We previously proposed a geographic
indicator of the sales of soda throughmodel-based smooth-
ing of these data(8). However, the estimated value of the
indicator was not intuitively interpretable by practitioners
and decision makers, as they represented the value of spa-
tial random effect, which is the estimate of residual
(unmeasured) effect, thus framed as ‘residual’ area-level
demand of soda not accounted by area-level predictors.

In this research, we developed more interpretable com-
munity indicators of food purchasing by generating actual
quantities of food purchased in each area through a prob-
abilistic store catchment area analysis combined with store-
level transaction data, which results in partitioning and
allocation of store-level sales into surrounding areas pro-
portional to store visit probability. The Huff gravity model
generates a discrete (area-level) surface of the visit proba-
bility for each store as calculated from store size and travel
distance from surrounding areas(9). The model has been
widely used to convert quantities of store-level sales into
surrounding areas for the past four decades among retail
management scientists(10,11).

Our primary objective was to develop small-area indica-
tors of food purchasing from store-level sales within the
Census Metropolitan Area (CMA) of Montreal using the
Huff gravity model and to illustrate the use of these indica-
tors in improving the estimation of area-level risk for type 2
diabetes mellitus (T2D) using a model-based small-area
estimation of disease burden (disease mapping)(12).

The transaction data we obtained contained data for
non-alcoholic beverages and solid food that consists of
ultra-processed food (e.g. snacks) and three minimally
processed food categories: vegetables, fruits and plain
yogurt. As an initial demonstration for our methodology,
we developed purchasing indicators for soda (carbonated
soft drinks) and yogurt. Among sugar-sweetened bever-
ages that are the largest source of added sugar in popula-
tion diets, soda is one of the most important sources of total
energetic intake in Canada and many economically devel-
oping and developed nations and has established associa-
tions with both T2D and obesity(13–16). We also developed a
separate indicator for diet soda (soda with artificial, low-
calorie sweeteners substituting sugars). While its associa-
tion with T2D is slightly weaker and less investigated than
the non-diet soda(17), we were interested in inspecting its
spatial distribution and association with T2D relative to that
of soda.

Solid yogurt has been one of the fastest growing
food groups in North America(18) with an important public
health consequence: despite some evidence for health

benefits(19), most yogurt products contain artificially added
sugar(20), making yogurt an overlooked source of calories
for Canadians, in particular among children who are facing
an increasing incidence and regional disparity of T2D(21).
This makes yogurt a uniquely polarised food group, classi-
fied into two extremes of minimally processed (plain
yogurt) and ultra-processed (flavoured) food categories(22).
For this reason, we were interested in developing separat-
ing indicators and contrasting the spatial distribution of the
two yogurt categories, which are flavoured (sugar-added)
yogurt and plain yogurt, the latter containing intrinsic (nat-
urally derived from milk) sugars only. While the other min-
imally processed food items, fruits and vegetable, have an
established or strong and negative association with
many non-communicable diseases (most notably cancers
and CVD), their associations with T2D – and the quality
of evidence – is somewhat lower in comparison with
yogurt(17,23), we therefore focused on the indicator for
yogurt.

Methods

We conducted an ecological, cross-sectional study that
developed area-level purchasing indicators for soda and
yogurt food categories using store-level sales for the year
2012 within the Montreal CMA (delineation of the CMA is
provided in Fig. 1), which contained a population of
3 824 211 in 2011(24). The indicators were subsequently
used to estimate spatially high-resolution T2D risk within
the CMA for the same year.

Transaction data
Point-of-sales (i.e. store-level) transaction data are col-
lected by several marketing firms that operate internation-
ally. We purchased these data from Nielsen(25), which
collects and centralisesweekly transactions from a stratified
random sample of geocoded chain retail food stores, with
the strata defined by store size and store type, namely
chain pharmacies, supermarkets and supercentres whose
annual store-level revenue was greater than 2 million
Canadian dollars. The store types are defined in online
supplementary material, Supplemental Appendix S1
and Supplemental Table 1 in a separate file named as
SupplementaryMaterial.docx.

There were 1097 chain food stores in the CMA of
Montreal in 2012; 125 were sampled by the company to
collect transaction data, and the remaining 972 chain stores
were not sampled (‘out-of-sample’) stores, thus having
unobserved or missing sales. The sampling frame included
chain supermarket, pharmacy and supercentre chains; all
of which sold soda and diet-soda products. Plain and flav-
oured yogurt were sold in a subset of 311 stores in Montreal
(seventy-two sampled and 239 out-of-sample stores, con-
sisting of all supermarket chains and one supercentre
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chain) as detailed in online supplementary material,
Supplemental Fig. 1 in a separate file. An illustrative map
of sampled and out-of-sample stores is shown in Fig. 1.
The data are collected in many nations and shared through
the company or affiliated academic institutions with the
permission of the company. While we had access to trans-
action records generated by convenience stores, the accu-
racy of store locations with respect to our spatial unit of
interest (neighbourhood, described below) was low for
convenience stores, thus leading to misclassification of
areas they belong to. We therefore did not include conven-
ience stores in our analysis. In general, the geographic
location of convenience stores appears to correlate with
that of supermarkets (online supplementary material,
Supplemental Fig. 2 a and b), likely reflecting the underly-
ing population density; however, supermarkets had a
slightly higher density in the centre of the island of
Montreal.

Measure of store-level sales
We extracted transactions of food products belonging to
the soda and yogurt categories. We did not have access
to a comprehensive database recording nutritional compo-
sition of all food items sold in the study region, which
would allow objective classification of food items by the
presence of artificially added free sugar by manufacturers.
We therefore separated diet soda and plain yogurt

according to terms suggestive of these products (online
supplementary material, Supplemental Appendix S2) and
converted the quantity of sales into the Food and Drug
Administration standardised serving (240 ml for beverages,
150 g for yogurt). Finally, we calculated the average store-
level sales of the four food categories in 2012 by aggregat-
ing store-week sales of individual food items, see online
supplementary material, Supplemental Appendix S3.

Spatial unit of analysis
Area-level food purchasing indicators were defined at the
level of a small urban unit, Montreal neighbourhoods (193
areas, shown in Fig. 1), which were formed by merging
contiguous Canadian census tracts to maintain the homo-
geneity of socio-demographic and economic attributes of
residentswithin each neighbourhood(26). Themedian num-
ber of residents per neighbourhood was 18 229 (inter-
quartile range: 11 752–25 517).

Neighbourhood-level diabetes prevalence
As described previously(8,27), we defined T2D cases as res-
idents receiving at least one hospital diagnostic code
(International Classification of Diseases version 10) of
T2D or at least two diagnoses of T2D in the physician
claims database (International Classification of Diseases
version 9) within a 2-year period. The numbers of cases

Fig. 1 Map of 193 neighbourhoods and two excluded neighbourhoods in the Census Metropolitan Area of Montreal, and an illus-
tration of sampled and out-of-sample chain retail supermarkets, pharmacies and supercentres, 2012. Grey squares indicate sampled
stores with sales data observed. Empty circles indicate out-of-sample stores, thus missing sales data. The location of points does not
reflect exact location of stores, but randomly placed within the neighbourhood boundaries stores belong to. Two dotted areas are the
federally registered First Nations communities without census data. These areas were excluded, leaving 193 neighbourhoods with
white fill for this study. Black lines represent neighbourhood boundaries. Black fills in the inset map represent water. Census
Metropolitan Area is defined as the aggregation of contiguous Canadian census subdivisions that are merged if extensive trips of
residents occur. , Sampled store; , out-of-sample store; , Federally Registered First Nation Community (excluded area)
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and non-caseswere determined from the provincial univer-
sal health insurance registry, the Régie de l’assurance mal-
adie du Québec. After excluding individuals under the age
of 2 or having gestational diabetes, prevalent cases and
non-cases were linked to residential neighbourhoods
within the CMA (n 193) by postal codes.

Statistical analysis
The analysis followed three steps. First, because most
stores had missing sales (i.e. being out-of-sample stores),
we predicted store-level sales for the four food categories
among out-of-sample stores using a hierarchical Bayesian
spatial model (Fig. 2a and b). In the second step, the pre-
dicted sales from stores were partitioned and allocated to
surrounding neighbourhoods based on weights. The
weights represent shopping flow, or visit probabilities,
from each neighbourhood to food outlets (Fig. 2c) as cal-
culated by the Huff gravity model. Each neighbourhood
therefore is attributed a fraction of sales from surrounding
stores proportional to the visit probabilities. In the third
step, we illustrated the example utility of our small-area
indicators as ecological covariates to improve the fit of a
disease mapping model that estimates neighbourhood-
level risk of T2D.

Step 1: Sales prediction model
The hierarchical Bayesian model to predict sales for the
out-of-sample stores as a function of store- and area-level
predictors of sales was described previously(8). Specifically,
the store-level sales of a given food category Qij at store j
located in neighbourhood i in 2012 were natural log-trans-
formed to follow a normal distribution. A subset of the sales
vectorQi hadmissing values to be predicted for out-of-sam-
ple stores and naturally treated as parameters to estimate
following the Bayesian paradigm. Themean ofQij, denoted

as µij, was specified as

µij ¼ β0 þ φc j½ � þ Zi

Zi ¼ Aiϕþ Si;

where the component φc j½ � is a random effect representing

store chain c to which store j belongs. The random effect
accounts for chain-level environmental features, such as
product pricing, availability (number of food items) and
marketing activities such as flyers and display promotions,
which tend to synchronise strongly across stores sharing
the same chain identification codes.

Neighbourhood-level attributes are captured by Zi. Its
component Ai represents a vector of a store’s neighbour-
hood socio-demographic and economic predictor of sales
obtained from the 2011 National Household Survey(28).
They are area-level median family income, education as
the proportion of individuals over the age of 25 who have
post-graduate certificate or diploma, population density as
the number of residents per square kilometre, proportion

of residents under 18 years old, family size as the mean
number of family members and employment rate as the
proportion of those in the labour force employed in full-
or part-time work. The corresponding coefficients are
denoted as ϕ. An area-level random effect, Si, accounted
for a spatially correlated latent (residual) effect in sales as
described in online supplementary material, Supplemental
Appendix S4 along with the specifications of prior proba-
bilities. Codes are provided in in a separate file named as
SupplementaryTextFile1_code1.docx.

Step 2: Calculation of area-level purchasing from
store-level sales using the Huff gravity model
The Huff model uses travel cost and store size to model the
shopping trip of residents from their residential area to
stores(9). For a given food category, the probability, πij,
of residents in neighbourhood i choosing each alternative
store j is derived from a discrete store choice model:

πij ¼
aγj d

�λ
ijPJ

j¼1 a
γ
j d

�λ
ij

;

for i ¼ 1; � � � ; If g, where I= 193 neighbourhoods and
j ¼ 1; � � � ; Jf g, where J= 1097 stores for sodas and 311
stores for yogurts. The attraction of store, aj, is frequently

measured by store size (e.g. square footage) with the coef-
ficient γ0, which we approximated with the number of
employees in each store. The variable dij represents the

travel cost as defined by the shortest street distance in kilo-
metres between the centroid of neighbourhood i and des-
tination store j, with the distance decay coefficient λ0. Our
definition of distance between neighbourhoods and stores
accounts for travel through the nearest bridge, if stores
and neighbourhoods were separated by the body of water.
We calculated the shortest network path for each store-
neighbourhood pair using Dijkstra’s routing algorithm
available in the pgRouting module in the PostGIS geospa-
tial database(29). These store-visit probabilities are identical
for the four food categories.

Empirically evaluated and commonly used value to
accurately predict store visit in an urban setting is 2·0 for
the distance decay (thus power decay of 2·0), and the value
of 1·0 for the attraction coefficient(9,30–33). While the coeffi-
cients are ideally estimated from a shopping-related local
travel data(32,33), such data are uncommonly available to
date (including our study) due to the cost of administering
a large-scale mobility survey(33). We therefore adopted the
aforementioned values of λ ¼ 2:0 and γ ¼ 1:0. In sensitiv-
ity analyses, we varied the values of the attraction and dis-
tance decay parameters (online supplementary material,
Supplemental Appendix S5).

The calculated store-visit probabilities were used to allo-
cate store-level sales to surrounding neighbourhoods. For
I= 193 neighbourhoods and J= 1097 (311 stores for
yogurts) stores, the visit probability πij populates I � J
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origin-destination (i.e. neighbourhood-store) matrix,
whose rows aremultipliedwith population size of area i,Ci:

G ¼

π11c1 π12c1 π13c1 π1J c1
π21c2 π22c2 π23c2 π2J c2

..

. ..
. ..

. . .
. ..

.

πI1cI πI2cI πI3cI πIJ cI

2
66664

3
77775
;

where the measurement of C was provided by the 2011
Canadian Census(28). The column-normalised version of
the matrix, G� (i.e. columns sum to 1, a constraint used
to ensure that the store-level quantity of sales was not
changed), is multiplied with the J � 1 vector of the expo-
nentiated predictive distribution of store-level sales Q to
generate the vector of area-level purchasing quantity in
serving, X as

X ¼ G�exp Qð Þ:

Thus, Xi ¼
PJ
j¼1

πijCiexp Qj

� �
. In other words, Xi

represents the predicted distribution of purchasing quantity
for neighbourhood i calculated as the weighted sum of the
posterior distribution of the vectorQ consisting of predicted
sales from J stores, for a given food category. We then
divided these quantities by the number of residents in each
neighbourhood to generate our indicator of small-area pur-
chasing that represents per-person purchasing quantity in
each neighbourhood.

We note that there were fourteen inhabited small
areas (fourteen rows in G matrix above) that contained
no supermarket, pharmacy and supercentre in the CMA
of Montreal in 2012, even though residents in these areas
shop at stores in surrounding areas. The gravity model

Sampled store Sampled store

Out-of-sample store Out-of-sample store
with predicted salesWater
Water

Water
0·12

Store visit0·09
0·06
0·03

Store

probability

(a) (b)

(c)

Fig. 2 Illustration of analytical approach to generate area-level indicator of purchasing from store-level sales data. Panel (a) illustrates
hypothetical geographic location of sampled (squares with black fill) and out-of-sample stores (empty circles), the latter missing sales
records. Panel (b) illustrates out-of-sample stores with predicted distribution of sales (dark fill in circles) as well as the sampled stores
with observed sales. Panel (c) illustrates the neighbourhood-level store visit probabilities for a hypothetical store (star symbol) as
generated by the Huff gravity model, which represent a probabilistic catchment zone of the store in the form of discrete (area-level)
surface of store visit probabilities. The product of these area-level visit probabilities and population size in neighbourhood represents
weights to split and allocate predictive distribution of sales (for out-of-sample stores) or observed sales (for sampled stores) into sur-
rounding areas, with the quantity of store-level sales fixed. Note that there are asmany probability maps as the number of other stores
that are not displayed in this map. Solid lines represent boundaries of Montreal neighbourhood
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allowed generating the measure of food purchasing in
these areas despite not containing any stores; in other
words, the computed sum of these fourteen rows across
columns in the matrix is non-zero. This is because these
areas received a portion of sales from each store, or
πijCiexp Qj

� �
, from other neighbourhoods proportional to

the value of store visit probability and population size in
these areas. These values reflect the shopping-related
flow of residents across neighbourhood boundaries. Note
that without consideration of mobility across neighbour-
hoods, the store visit probability will be binary, simplifying
to πij ¼ 1 if stores j is located in neighbourhood i, and

zero otherwise. Therefore, the matrix will have a large
number of zeros, unrealistically assuming that residents
shop only in store(s) located in their own neighbourhood.

Step 3: Application of the indicators to a model-based
small-area estimation of diabetes risk
We added the small-area indicators of purchasing into dis-
ease mapping, the primary spatial epidemiologic and geo-
graphic surveillance method to estimate areal-level disease
risk using a hierarchical Bayesian model(34). The above-
mentioned prevalent T2D count in the ith area, yi, is
assumed to follow a Poisson distribution with mean ekθk,
where ek is the expected number of cases (i.e. offset) cal-
culated by indirect standardisation with age as detailed in
online supplementary material, Supplemental Appendix
S6. The outcome of interest for disease mapping, the
area-specific relative risk, θi represents the deviation of risk
from the expected count: an area i has higher occurrence of
cases if the posterior summary of θi (e.g. 95 % credible inter-
val (CI)) is greater than 1. The relative risk is modelled as:

logðθiÞ ¼ β0 þ Giγ þ Xiβþ bi;

where β0 is an intercept, and Gi is a vector of area-level
covariates associated with T2D with the corresponding
coefficient vector γ. These covariates are education and
median family income used in the sale description models
and the proportion of immigrants calculated from the 2011
Canadian National Household Survey(35). The covariates
also include the availability of recreational facilities encour-
aging physical exercise (the number of facilities per resi-
dent) obtained from the Canada Business Point data,
which are annually updated business enumeration data
and validated previously for the accuracy of business loca-
tions(36,37). The availability of recreational facilities was cal-
culated as the number of facilities divided by 1000 residents
for each neighbourhood, where recreational facilities were
defined based on the Standard Industry Classification codes
as previously described(38). The vector of our indicators
(neighbourhood-level per-resident purchasing quantity
for the four food categories) and their coefficients are Xi

and β, respectively. To account for spatial autocorrelation
and Poisson overdispersion of the disease risk, we added
an area-level random effect bi as specified in online

supplementarymaterial, Supplemental Appendix S7; codes
are also provided (SupplementaryTextFile2_code2.docx).

To investigate whether the addition of our indicators
improved the disease risk estimation or not, we investi-
gated their posterior 95 % CI. To supplement model selec-
tion where we compared goodness of model fit with and
without the indicators, we computed fully Bayesian
estimates of pointwise predictive density by Watanabe–
Akaike information criterion and approximate leave-one-
out cross-validation(39,40). A lower value indicates better
model fit. However, evaluating goodness of it using these
metrics requires some caution, as the measures of point-
wise predictive errors generally do not acknowledge the
spatially structured nature of data(39,40). We also note that
the fully Bayesian approach would jointly estimate the pos-
terior distribution of T2D risk (step 3) and indicators (step 1
and 2), therefore propagating the uncertainty of step 1 and
2 to the distribution of the parameters generated in step 3.
We did not take this approach and ran step 3 independ-
ently, since the indicator generation step, the main goal
of this research and downstream applications of these
indicators for public health research and practice (e.g. sur-
veillance) will be inherently disjointed. This is because the
indicators are likely to be a priori estimated and dissemi-
nated by analysts for use by third parties.

We note that both sales prediction and T2D model
include income and education as their covariate. Thus, if
the store-level sales were strongly or predominantly driven
by income and education, our proposed indicators may
simply represent the information (i.e. spatial distribution
and posterior distribution of regression coefficients) of
these two variables, which is redundant and may in fact
exhibit collinearity with neighbourhood education and
income in the T2D model. Therefore, we performed
another sensitivity analysis, where we generated the pro-
posed indicators with modified sales models excluding
the neighbourhood-level covariates, including education
and income. The estimated posterior mean and 95 % CI
of the regression coefficients for income, education and
the proposed indicators in the T2D model were then com-
pared with that of the coefficients in the T2D model in the
main analysis.

Results

Descriptive analysis
Table 1 summarises the store-level quantity of standardised
servings sold for each food category, which shows a wide
variation of sales reflecting store size and chain type. The
mean and median quantities of soda and flavoured yogurt
servings sold were considerably larger than their low-
calorie (diet) counterparts. Neighbourhoods of sampled
stores were representative of all neighbourhoods in the
Montreal CMA with respect to the distribution of
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neighbourhood characteristics, except population density
(Table 2).

Sales were predicted reasonably accurately: fitted and
observed sales of soda and diet soda appeared to correlate
well (Fig. 3a and b), although fitted sales of flavoured and
plain yogurt (Fig. 3c and d) slightly underestimated sales at
larger stores and overestimated sales at smaller stores. Store
chain random effects had a prominent association with
sales, especially for soda and diet soda in pharmacy chains
(Fig. 4), whereas the fixed effect of standardised area-level
covariates showed only modest associations with sales,
except education (positive association) and income (nega-
tive) for the sales of plain yogurt.

Figure 5 maps the estimated posterior means of our
indicators representing neighbourhood-level average
weekly purchasing per resident for soda, diet soda, flav-
oured yogurt and plain yogurt. The spatial trend for plain
yogurt was distinct: higher quantities of purchasing were
clustered in the centre of the island of Montreal, while
for the other food categories, purchasing was more
intense in the north of the island and in the North- and
Southshore. The corresponding posterior standard
deviation of the indicators (Fig. 6) did not show clear spa-
tial trends, but tended to be larger in neighbourhoods with

a smaller number of stores (online supplementary material,
Supplemental Fig. S3). The sensitivity analyses varying the
distance decay coefficient affected spatial smoothing for
area-level purchasing of all food categories (online
supplementary material, Supplemental Figs. 4–7, b and
c), while this smoothing was not prominent for the sensitiv-
ity analysis using the smallest value of the attraction
coefficient (online supplementary material, Supplemental
Figs. 4–7, d). Across all sensitivity analyses, the indicators
appear to consistently capture large-scale spatial trends
in purchasing, that is, clustering of purchasing quantities
in the Island of Montreal for plain yogurt, and the opposite
pattern for the other food categories.

Table 3 shows the posterior mean and 95 % CI of the
neighbourhood-level T2D risk associated with neighbour-
hood-level covariates. The indicator for plain yogurt had a
negative association with the relative risk of T2D (posterior
mean: 0·93, 95 % CI 0·89, 0·96), while the indicator for flav-
oured yogurt showed a positive association (1·08, 95 % CI
1·02, 1·14). In contrast, soda did not show a conclusive
association (95 % CI 0·97, 1·05). The indicator of diet soda
was removed from the model due to its strong correlation
with the soda indicator. The fit of the model including our
indicators was superior to the model without the indicators

Table 1 Characteristics of store-level transactions by food category for sampled stores in the Census Metropolitan Area of Montreal, 2012*

Min Mean Median IQR Max

Soda† 8·4 18 510·3 13 071·6 1322·7–26 957·0 108 771·0
Diet soda† 2·6 6939·4 5214·5 664–11 588·9 29 466·2
Flavoured yogurt‡ 1679·4 6809·6 6454·6 4479·4–8711·0 17 361·3
Plain yogurt‡ 81·3 698·9 588·2 333·4–907·3 2556·3

IQR, interquartile range; Max, maximum; Min, minimum.
*These quantities are the average of weekly beverage sales by standard serving.
†Sales of soda represent transactions in supermarkets, supercentres, and pharmacies.
‡Sakes if yogurts represent transaction in supermarkets and one supercentre chain.

Table 2 Characteristics of neighbourhoods on which sampled chain stores were located (eighty-three areas) and all neighbourhoods (193
areas) in the Census Metropolitan Area of Montreal, 2011 Canadian National Household Survey

Neighbourhoods with sampled
stores (83 areas) All neighbourhoods (193 areas)

Neighbourhood characteristics Min Median IQR Max Min Median IQR Max

Count of T2D 53 385 300–483 1617 43·0 319·0 211·0–436·0 1617·0
Prevalence of T2D (%) 3·3 6·9 6·1–8·3 10·4 3·1 6·8 5·8–8·2 10·7
Education* 29·6 67·6 61·5–74·8 90·3 29·6 66·3 60·5–74·8 90·3
Median family income (in 10 000 Canadian dollars) 2·0 7·0 5·8–8·7 16·7 2·0 6·9 5·5–8·5 16·7
% of immigrant 1·6 20·4 8·1–32·6 63·1 1·6 20·9 9·5–32·7 63·6
% of residents under 18 years old 2·4 20·5 17·2–23·3 32·9 2·4 20·9 17·5–23·3 32·9
% of employed residents among labour force 18·5 59·0 54·1–66·9 76·8 18·5 59·0 54·1–66·3 76·8
Average family size 1·1 3·0 2·9–3·1 3·5 1·1 3 .0 2·8–3·1·0 3·5
Population density (residents per square kilometre) 109·2 2298·6 1074·1–5345·1 19 606·1 54·7 3348 1093·5–5744·8 19 606·1
Number of recreational facilities per 1000
residents†

0·1 0·4 0.–0·5 1·3 0·0 0·3 0·2–0·5 2·8

IQR, interquartile range; Max, maximum; Min, minimum; T2D, type 2 diabetes mellitus.
*% of residents with post-graduate diploma or certificate among ages greater than 25.
†The number of recreational facilities was obtained from Canada Business Point data (see main text).
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(leave-one-out cross-validation= 1874 with the indicators
v. 1885 without; Watanabe–Akaike information criterion
= 1765 with the indicators v. 1772 without), therefore sug-
gesting a higher accuracy of estimated small-area risk of
T2D upon addition of the indicators.

Our sensitivity analysis generating the proposed indica-
tors from varying value of the distance decay and store
attraction coefficients also resulted in superior model fit
over the model without the indicators (online supplemen-
tary material, Supplemental Table 3). However, the associ-
ation of the indicator for the yogurt categories tended to be
attenuated by the greater spatial smoothing of purchasing
induced by the lower value of the distance decay coeffi-
cient in the Huff model (online supplementary material,
Supplemental Fig. 8). Another sensitivity analysis, remov-
ing the neighbourhood socio-demographic and economic
predictors from the salesmodels and fitting the T2Dmodels
to the resulting purchasing indicators, showed largely sim-
ilar posterior mean of the purchasing indicators to those
generated in the main analysis (online supplementary
material, Supplemental Fig. 9 a–c), except for the indicator

for plain yogurt that showed a noticeable difference from
the main analysis for neighbourhoods with higher values
of purchasing quantity (online supplementary material,
Supplemental Fig. 9d). The finding led to unsurprising
results in the downstream application of these indicators
to the T2D model; the posterior summary of the coefficient
for income, education and our indicators in the T2Dmodels
was very similar to that of coefficients in the main analysis
(online supplementary material, Supplemental Table 4).

Discussions

We generated small-area public health indicators of food
purchasing from routinely generated store-level grocery
sales data to addresses the current lack of measurements
to identify neighbourhood heterogeneity and patterning
of food selections.

Visually similar spatial distributions of the indicators for
soda and diet soda purchasing may reflect non-differential
preference for diet soda products. However, the spatial
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Fig. 3 Fitted and observed log sales of (a) soda, (b) diet soda, (c) flavoured yogurt and (d) plain yogurt in the sales model. Vertical
solid line indicates 95% posterior credible interval of fitted log sales. Dashed line is reference slope, where y= x
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trend of purchasing for plain yogurt was distinct from that
of sodas and flavoured (sugar-added) yogurt. Given that
store chain random effects in the sales prediction model
had a considerably stronger association with sales than
neighbourhood attributes such as income and education,
the geographic patterns of our purchasing indicators
(and therefore community food selection)maybe predomi-
nantly driven by the neighbourhood composition of store
chains. Because plain yogurt was the only food category
whose store-level sales were conclusively (albeit modestly)
associated with neighbourhood education and income, it is
not surprising that only the indicator of this category
resulted in a notable disagreement with the main analysis
when the neighbourhood socio-economic attributes from
the sales prediction model were removed. However, the
largely invariant association of T2D risk with neighbour-
hood income and education as well as the proposed indica-
tors in this sensitivity analysis suggests that our indicators

contain information unique to the neighbourhood socio-
economic determinants, rather than simply being their
correlates.

The quantity of flavoured yogurt purchased was far
higher than that of plain yogurt in all neighbourhoods, a
finding that may support yogurt being ranked in the top
ten sources of total sugar intake among Canadian chil-
dren(21). Our indicator for plain yogurt was associated with
a decreased areal risk of T2D, while the association was
positive for flavoured yogurt.While accumulating evidence
suggests the association of frequent yogurt intake with a
decreased risk of non-communicable diseases including
T2D(19), the potential benefit may be limited to plain yogurt,
if the consumption of flavoured yogurt contributes to
excess energetic intake that is linked to obesity and
T2D(20). Our study is ecological and thus does not permit
an individual-level epidemiologic link between yogurt
and non-communicable diseases. However, the distinct

Variable
Intercept
Chain_1

Chain_2

Chain_3

Chain_4
Chain_5

Chain_6
Chain_7

Chain_8
Chain_9

Chain_10

Chain_11

Chain_12

Chain_13

Education (Area)

Income (Area)

Young (Area)

Employment rate (Area)

Population density (Area)

Family size (Area)

–6 –3 0
Posterior mean and 95% credible interval

3 6 9

Fig. 4 Posterior summary of sales model for each food category. Models for each food category were ran separately. The values of
the coefficients represent association with log store-level sales in servings. Store chain indicator represents a retail chain identifier for
random effect; unlike a dummy variable in a fixed effect model, there is no baseline category to which the indicator of store chain is
compared. Chains 1–5 are pharmacies, chains 6–11 are supermarkets and chains 12 and 13 are supercentres. Fixed effects
representing neighbourhood-level predictor of sales weremean cantered and scaled at one standard deviation. The covariate ‘young’
represents the proportion of residents under 18 years old, and the covariate ‘family size’ represents the mean number of family mem-
bers. The salesmodels for flavoured and plain yogurts did not include sales in chains 1–5 and 13, as pharmacies and one supercentre
chain rarely sold yogurt. , Soda; , diet soda; , flavoured yogurt; , plain yogurt
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spatial distribution and the direction of the association with
T2D across the yogurt categories indicate the importance of
monitoring yogurt items (and likely other food products)
separately based on sugar composition.

Ongoing measurement of neighbourhood food selec-
tion through nutrition surveys is infeasible given the lack
of adequate sample sizes in each area, and often many
areas have zero survey participants as the spatial unit of
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Metropolitan Area of Montreal, 2012. The greyscale key to the right of each map indicates posterior mean of purchasing quantity per
resident in serving. Note that the quantities in the greyscale keys are not standardised across food categories, as the quantities were
very different in scale

Posterior SD

30 km30 km

30 km30 km

N N

NN

(0·6505, 1·7040]
(0·4668, 0·6505]
(0·3700, 0·4668]

(0·2430, 0·3050]
(0·3050, 0·3700]

(0·0320, 0·1762]
(0·1762, 0·2430]

Posterior SD
(0·2340, 0·5490]
(0·1870, 0·2340]
(0·1483, 0·1870]

(0·0923, 0·1167]
(0·1167, 0·1483]

(0·0174, 0·0746]
(0·0746, 0·0923]

Posterior SD
(0·0249, 0·0900]
(0·0174, 0·0249]
(0·0141, 0·0174]

(0·0093, 0·0119]
(0·0119, 0·0141]

(0·0000, 0·0075]
(0·0075, 0·0093]

Posterior SD
(0·1432, 0·4105]
(0·1115, 0·1432]
(0·0894, 0·1115]

(0·0553, 0·0694]
(0·0694, 0·0894]

(0·0000, 0·0449]
(0·0449, 0·0553]

(a) (b)

(c) (d)

Fig. 6 Posterior standard deviation of neighbourhood indicator for (a) soda, (b) diet soda, (c) flavoured yogurt and (d) plain yogurt in
the Census Metropolitan Area of Montreal, 2012. The greyscale keys to the right of each map indicate posterior standard deviation of
purchasing quantity per resident in each neighbourhood. Note that the quantities in the greyscale keys are not standardised across
food categories, as the quantities were very different in scale

Small-area indicators of food purchasing 5625

https://doi.org/10.1017/S1368980021003645 Published online by Cambridge University Press

https://doi.org/10.1017/S1368980021003645


analysis becomes smaller in physical size. A potential rem-
edy, increasing sample size by combining multiple years of
data collection, is not possible for nutrition surveys which
are infrequently conducted. Our study overcomes this
sparseness of survey sampling using the predicted store-
level aggregated sales combined with gravity model that
allocated sales from stores to neighbouring areas.
Alternative and previously utilised data source for small-
area estimation is large sample loyalty card transaction data
that are generated by millions of members; however, the
representativeness of such data is limited to the participat-
ing members of loyalty club in a single major supermarket
chain(41,42), potentially excluding subpopulations under an
elevated risk of obesity who may preferentially use dis-
count supermarkets(43). To our knowledge, ours is the first
small-area estimation of food selection that can be gener-
ated at ongoing basis and reflects purchasing behaviours
frommultiple chains of supermarkets and other store types.
Equally importantly, many studies analysing geographi-
cally indexed data fail to address spatial autocorrelation
of measurements(44), which can overestimate precision
and may bias the association of interest. Our sales and
T2D risk model accounted for latent spatial effects due to
spatially structured unmeasured variables.

An important limitation of our work is the exclusion of
convenience stores, a potentially important source of soda
sales (yogurts were rarely sold in convenience stores).
Supermarkets are reported to be the dominant location
of unhealthy food purchasing(45), and our previous study

indicates chain supermarkets sold considerably higher
quantity of soda than convenience stores (median sales:
22 026 v. 898 servings, respectively)(46). However, conven-
ience stores outnumber supermarket: there were 2732
chain and independent convenience stores and 662 super-
markets in the Metropolitan Montreal in 2012. It is thus pos-
sible that the estimated values of the indicators were biased
and led to the inconclusive association of the indicator of
soda and diet soda with the risk of T2D. While the current
analysis better captures food categories not sold in conven-
ience stores, further research and data to obtain accurately
geocoded sales of these store are needed. As well, purchas-
ing data capture food selection rather than consumption,
although sugar intake measured by household purchasing
and consumption data from recall appears to correlate
well(47). We also note that our approach to classify food
items into sugary and non-sugar (absence of artificially
added free sugars) may not be nutritionally objective, since
the accuracy of product descriptor to categorise food items
in transaction data is not known and some key terms are
ambiguous, reflecting nutritional claims by food industries
rather than actual sugar content. As an example, food items
whose descriptor contains product claim label such as ‘no
added sugar’ may still contain sugar, albeit less energy
dense than items without these claims, depending on
national labelling regulation(48). Finally, while the law of
retail gravitation suggests that travel distance and store size
are the key factors influencing store selection, other poten-
tial predictors of store visit, such as pricing (discount chain
or not) and in-store marketing activities, should also be
added to the gravity model in future applications(49,50).

Future research includes scaling-up of food categories
beyond soda and yogurt to capture comprehensive pur-
chasing patterns that will better inform programmes to
improve diets and estimate disease risk. While we focused
on spatial analysis and used disease mapping to illuminate
the application of our indicators, our work leads to a win-
dow of opportunities to enhance population assessment of
food selections, including the incorporation of the temporal
dimension to generate weekly or monthly evolution and
fluctuation of neighbourhood-level purchasing patterns
in response to socio-economical events and interventions.
Such work will complement relatively infrequent updates
of population health assessment driven by national nutri-
tion surveys, which is, in case of Canada, conducted once
every 10 years(51). As well, the increasing availability of spa-
tially detailed travel data from cell phone records, with
appropriate anonymisation of travellers, implies new
research opportunities to estimate the distance decay
and attraction parameter based on mobility patterns spe-
cific to the study population(52,53). Such data will also allow
researchers to learn distance decay and attraction coeffi-
cients specific to store types, as we expect that stores uti-
lised for smaller and shorter shopping excursions, such
as pharmacies, have a larger distance decay than

Table 3 Posteriormean and 95% credible interval of exponentiated
coefficients and model fit of neighbourhood-level (n 193) diabetes
risk model, Census Metropolitan Area of Montreal, 2012*

Parameter

Without purchas-
ing indicators

With purchasing
indicators

Mean 95% CI Mean 95% CI

Intercept 1·10 1·03, 1·17 1·14 1·06, 1·22
Neighbourhood-level attributes
Education† 0·92 0·89, 0·95 0·96 0·92, 1·00
Immigrant† 1·06 1·03, 1·10 1·09 1·05, 1·13
Income† 0·93 0·90, 0·96 0·90 0·87, 0·93
Recreation† 0·98 0·96, 1·00 0·97 0·95, 0·99

Neighbourhood-level purchasing indicators
Soda†,‡ 1·01 0·97, 1·05
Yogurt (plain)†,‡ 0·93 0·89, 0·96
Yogurt (flavoured) a, b 1·08 1·02, 1·14

Model fit
LOO 1885 1874
WAIC 1772 1765

95% CI, 95% credible interval; LOO, leave-one-out cross-validation; mean,
posterior mean; recreation, recreational facility per resident; WAIC, Watanabe–
Akaike information criterion.
*The indicator of diet soda was removed from the model due to its strong correlation
with soda indicator.
†Variables were mean cantered and scaled to one standard deviation, and the
regression coefficients were exponentiated. The value of coefficients represents
neighbourhood-level relative risk of T2D, which is the ratio of the risk at one unit
increase of the covariates to the risk at mean value of the covariates.
‡The value of the indicators represents neighbourhood-level purchasing quantity
per resident.
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supermarkets(31). As previously demonstrated, empirical
mobility data may also allow learning the variation of dis-
tance decay coefficient across areas (e.g. areas with low
median household incomemay show larger distance decay
due to lack of access to vehicle for shopping)(54).

Given the increasingly acknowledged local disparities
of chronic diseases burdens and neighbourhood effects
of health, measurement capacity of public health surveil-
lance and research should encompass small-area hetero-
geneity of behavioural risk factors including food
purchasing(7,55,56). Our analysis applied to ubiquitous gro-
cery sales data provides a foundation to expand the mea-
surement capacity.
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