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Research highlights

Field validation of secondary data sources of the retail food environment in Montevideo.
e 38% of the outlets found on the ground were not listed on any database.

e Sensitivity and concordance were moderate (0.606 and 0.488, respectively).

e Positive predictive value was substantial (0.702).

¢ Validity measures were positively associated with the socio-economic status of the

census tract
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Validation of secondary data sources of the retail food environment in the capital of

Uruguay, an emerging Latin American country

Abstract

Secondary data sources are frequently used for characterizing physical access to food. Although
several studies have shown that they tend to show a moderate agreement with field observation
in WEIRD (Western Educated Industrialized Rich and Democratic) countries, little is known about
their validity in non-WEIRD countries. The aim of the present research was to assess the validity
of secondary data sources of the retail food environment in Montevideo, the capital of Uruguay,
an emerging Latin American country. A random sample of 106 census tracts was obtained,
covering 12% (62 km?) of the city’s total area. Two secondary data sources were considered:
administrative records and Google maps. An aggregate database was created by manually
removing duplicates. A total of 1051 unique outlets were listed in the database within the census
tracts included in the sample. Field validation was performed by six teams of two observers. A
total of 1217 open food outlets were identified on the ground, including 462 (38%) outlets not
listed on any database. On the contrary, 296 outlets listed in the databases (28.2%) were not
found or were closed at the time of field validation. At the aggregate level, sensitivity and
concordance were moderate (0.606 and 0.488, respectively), whereas positive predictive value
was substantial (0.702). However, large heterogeneity in the validity of the database across
census tracts was found. Sensitivity, positive predictive value, and concordance were positively
associated with the socio-economic status index of the census tract. These results suggest that
secondary data sources must be used with caution, particularly for characterizing areas with low

socio-economic status.

Keywords: food environment; food access; food availability; food outlets; ground-truthing.
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1. Introduction
The food environment, defined as the physical, economic, political, and socio-cultural context

through which consumers obtain, prepare, consume and discard food (HLPE, 2017), has a large
influence on food choice, eating habits, and health outcomes (Konapur et al., 2022; Sawyer et
al., 2021). Physical access to food is one of the dimensions of the food environment, which has
received increasing attention from researchers and policy makers in the last decade (Turner et
al., 2018). It refers to the location of food retail outlets and ease of reaching them, considering
distance, travel time, and/or cost (Caspi et al., 2012; Penchansky & Thomas, 1981). Physical

access to food has a key role for creating a supportive environment to promote healthy and

sustainable eating patterns (Story et al., 2008).

Geographic analysis of food retail outlets based on secondary data sources, such as
administrative records and commercial databases, has been the main methodological approach

to characterize physical access to food (Lebel et al., 2017; Lytle & Sokol, 2017). This approach

is often cost-effective, particularly when dealing with large geographic areas, and enables the

analysis of historical data (Lytle & Sokol, 2017). However, secondary data sources have been
shown to have important limitations in terms of validity and reliability (Forsyth et al., 2010; Lebel
etal., 2017).

Although it is still not a common practice to assess the validity of secondary data sources

in food environment research, several studies on the topic have been published (Lytle & Sokol,
2017). Reviews and meta-analyses of studies assessing the validity of commercially available

business data has shown that the agreement with field observations, regarded as the gold

standard, tends to be moderate (Fleischhacker et al., 2013; Lebel et al., 2017).
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Most studies assessing the validity of secondary data sources have been developed in

WEIRD countries (Canalia et al., 2020; Diez et al., 2019; Lebel et al., 2017; Lytle & Sokol,
2017). Yet, little is known about the validity of these data sources in non-WEIRD countries. Food

retail environment research in these settings may face challenges related to the relevance of

informal markets and to the lack of commercial data sources of the retail food environment (Turner
et al., 2018). As far as it can be ascertained, only one study has been published assessing the

validity of secondary data sources in an emerging country. A recent study has shown that the
agreement of food retail data from Google Earth with field observations was moderate to excellent

in two Brazilian cities: Rio de Janeiro and Belo Horizonte (de Menezes et al., 2021).

In this context, the aim of the present research was to assess the validity of secondary data
sources of the retail food environment in Montevideo, the capital of Uruguay, an emerging Latin

American country.

2. Methods

The study was conducted in Montevideo, the capital city of Uruguay, as part of a larger project
aimed at characterizing the retail food environment. The project received approval from the ethics
committee of (blinded for review) (Protocol No 101900-000043-22).

Montevideo has an estimated population of 1,670,545 inhabitants, living in an area of 526
km?2. Montevideo has an area of 526 km2 and a population of 1,670,545 inhabitants (Catalogo de
datos geograficos de Montevideo, 2024). Approximately 321 km? (61% of the city’s total area) is
rural and 179 km? (34% of total area) is urban (Catalogo de datos geograficos de Montevideo,
2024). According to latest data, 12.8% of the city’s population has a per capita income below the
poverty line (Instituto Nacional de Estadistica, 2024). The mean years of schooling for adults aged
25 or more is 11.4 (Instituto Nacional de Estadistica, 2024). The city is administratively divided in

8 municipalities, which intend to deepen governmental management and democratic participation.
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2.1. Sampling

Ten percent of the city's census tracts (N=1,063) were selected using probability proportional to
size sampling, considering the number of census tracts in each of the eight municipalities. A
sample of 106 census tracts was obtained. The selected tracts covered 62 km? (12% of the city’s
total area) and widely differed in geographical location and socio-economic status (Figure 1). The
geographic and socio-economic characteristics of the census tracts are shown in the

Supplementary material (Table 1).

2.2. Secondary data sources

Two secondary data sources were considered: administrative records and Google maps.
According to Uruguayan legislation, all food outlets should be registered at national and/or local
government, depending on the type of outlet. To capture all registered outlets, four different
publicly available administrative records were considered: Register of Food Establishments from
the Food Regulation Service of Montevideo local government, Single National Registry of Meat
Establishments from the National Meat Institute, the National Register of Pharmacies from the
Ministry of Public Health and register of farmers' markets from Montevideo local government.
Table 1 shows an overview of the types of outlets retrieved from the different records. For the
Register of Food Establishments from the Food Regulation Service of Montevideo local
government, the classifications considered within each type of outlet are shown. The following
information was retrieved from the administrative records: name of the outlet, address, type of
outlet. Data were obtained in July-August 2023. Outlets were geolocated based on the address
listed on the database, using the Unique System of Geographic Addresses of Uruguay on

package sf (Pebesma, 2023) for R software (R Core Team, 2022). The great majority of the

outlets (n=6490, 98%) were successfully geolocated using the automatic procedure. However,
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125 outlets were manually geolocated using Google maps considering the address listed on the
database, whereas 7 outlets could not be geolocated.
An automatic procedure was developed to retrieve information on the food outlets available

in Montevideo using Google maps. The package googleway (Cooley & Barcelos, 2023) was used
to access the Google maps API through R software (R Core Team, 2022). A grid of 272 points

distributed along the city was created (Supplementary Material Figure 1). The resolution of the
grid was adjusted to the area of the municipalities. For each point in the grid, searches were
performed for different types of outlets, considering radius of 600 m. The keywords used in the
searches to identify different types of outlets are shown in Table 1. The following information was
retrieved for each food outlet: place_id (from the Google maps API), name of the outlet, address,
geographical coordinates, and keyword used in the search. After removing outlets with duplicate
place_id, a total of 7,086 outlets were identified.

For each of the databases (administrative records and Google maps), all the outlets located

within the 106 census tracts included in the sample were identified using package sf (Pebesma,
2023) for R software (R Core Team, 2022). An aggregate database was created by manually

removing the duplicates considering both the name and the address of the outlet.

2.3. Field validation

Six teams of two observers conducted field work to validate the secondary data sources. The
observers received training on the validation instruments and on the use of maps of the census
tracts. They were instructed to walk all the streets within the census tracts, observing both sides
of the streets except for the boundaries of the tract. They were asked to register all the stores
selling foods and beverages using a web form on Compusense Cloud (Compusense Inc., Guelph,
Canada). Observers had a list of the outlets identified in the database for each census tract,

identified by name, address and type of store. For the outlets listed on the database they were
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asked to indicate the status (located and open, closed or not found, open but type of outlet
changed, open but name changed), and to check the name of the outlet, address, and type of
store.

For the outlets found on the ground but not listed on the database, they had to register the
name, address and type of store. Observers entered all the outlets to gather information about
the types of foods sold, number of cash registers for supermarkets and grocery stores, and where
customers ordered for bars, restaurants and cafés. Field work was conducted on weekdays, from
9AM to 1 PM or from 3 PM to 5 PM, between September 2023 and February 2024. For farmers’
markets, a part of the field work was conducted on weekend days, depending on their opening

days.

2.4. Data analysis
The validity of the secondary data sources was assessed using three indicators: i) sensitivity:
proportion of the open outlets observed on the ground and open that were listed in the database;
ii) positive predictive value: proportion of the outlets listed in the database that were found on the
ground and were open; iii) concordance: proportion of the outlets listed on the database that were
found on the ground and were open among all the outlets (listed in the database and found on
the ground but not listed). Food outlets that matched in address and type but with variations in
name were regarded as correctly identified given that the difference introduced no changes in
terms of food availability. On the contrary, outlets matching by address but corresponding to
different types of stores were regarded as mismatched observations. For example, an outlet listed
as a grocery store but functioning as a bar at the time of the field validation was regarded as a
mismatch. Regarding address, outlets matching in name but differing in location in approximately
20 meters were regarded as a match.

The indicators were first calculated at the aggregate level. Then, they were calculated

separately for each of the databases (administrative records and Googlemaps), the different types
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of stores, and each of the census tracts. Stores were sorted in the following types: supermarekets
and grocery stores; bars, restaurants and cafés; bakeries; kiosks or candy shops; fruit and
vegetable stores or farmers' markets; pharmacies; butchers', poultry and fish stores; ice-cream
stores; street vendors; other specialty stores (e.g., cheese stores; fresh pasta stores;
delicatessen); other types of stores (e.g., nutritional supplements stores, herbalist's stores). The
following criteria were used to interpret the quality of the indicators: 0.00-0.20 poor, 0.21-0.40 fair,

0.41-0.60 moderate, 0.61-0.80 substantial, 0.81-1.00 almost perfect (Landis & Koch, 1977; Lebel
etal., 2017).

The existence of systematic bias related to the type of store and the socio-economic status
of the census tracts was assessed. Linear regressions were run to explore associations between
each of the three validity indicators and the socio-economic status index of the census tracts. A

significance level of 5% was considered. Data analyses were performed using R software (R Core

Team, 2022).

3. Results
As shown in Table 2, 730 food outlets were listed in the administrative records, whereas 655
outlets were identified in Google maps. A total of 334 outlets were duplicated, whereas 717 were
identified in only one of the databases: 395 were identified only in the administrative records and
322 were identified only in Google maps. Bars, restaurants, and cafés were the most prevalent
food outlet in the aggregate database (n=350, 33.3%), followed by supermarkets and grocery
stores (=263, 25.0%), and bakeries (n=117, 11.1%).

The field validation identified a total of 1217 open food outlets, including 361 supermarkets
and grocery stores (29.6% of total open food outlets), 295 bars, restaurants and cafés (24.2%),
143 kiosks or candy shops (11.8%) and 108 bakeries (8.9%). As shown in Table 2, 462 food

outlets were found on the ground but were not listed in any of the databases, accounting for 38.0%
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of the total number of open food outlets. Supermarkets, grocery stores, and kiosks or candy shops
were the types of outlets most frequently found on the ground but not listed in the databases
(Table 2). In fact, 47.1% of the open supermarkets or grocery stores and 60.8% of the open kiosks
or candy shops were not listed. Meanwhile, 296 outlets listed in the databases (28.2%) were not
found or were closed at the time of the field validation. In addition, 1.6% of the food outlets
included in the database were open but corresponded to a different type of outlet.

The validity statistics of the validation are shown in Table 2. The sensitivity of the aggregate
database was 0.606. Thus, its ability to capture existing food outlets can be regarded as
moderate. The positive predictive value of the aggregate database was 0.70, indicating a good
verification rate, i.e., the outlets listed in the database had a good likelihood of being found open
during the validation. Finally, the concordance of the aggregate database and the results of the
field validation was also moderate (0.488).

Differences in the validity of the administrative records and Google maps were found. As
shown in Table 2, the database created from administrative records had higher values of the three
validity statistics than Google maps.

The validity measures of the aggregate database differed across types of food outlets. The
largest sensitivity was found for pharmacies, and bars, restaurants and cafés. For these types of
outlets, the values where higher than 0.8, suggesting almost perfect ability of the aggregate
database to capture existing food outlets. On the contrary, the lowest sensitivity was found for
street vendors, showing a poor ability to capture existing outlets (Table 2). For bakeries, and
butchers', poultry and fish stores, the sensitivity can be regarded as substantial, whereas for the
rest of the food outlets it corresponded to moderate. Concordance followed a similar pattern,
whereas positive predictive power did not largely differ among the different types of food outlets
with the exception of street vendors, other specialty stores, and other types of stores (Table 2).
Similar results were found when differences were analyzed separately for the databases created

from administrative records and Google maps (data not shown).
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Large heterogeneity in the validity of the aggregate database across census tracts was
found. The values of the three validity measures at the level of individual census tracts ranged
between 0.000 and 1.000 (Figure 2). The interquartile range was 0.333-0.833 for sensitivity,
0.555-0.857 for positive predictive value, and 0.236-0.677 for concordance. The validity of the
aggregate database tended to increase with the socio-economic status of the census tract (Figure
3). Significant linear associations were found between the three validity measures and the socio-
economic status index of the census tract: sensitivity: r=0.684, p<0.001; positive predictive value:

r=0.502, p=0.002; concordance: r=0.647, p<0.001.

4. Discussion

Secondary data sources are highly relevant for food environment research (Lebel et al., 2017;
Lytle & Sokol, 2017). However, their validity has been mainly assessed in WEIRD countries. The
present study aimed at contributing to fill a gap in retail food environment literature by assessing
the validity of secondary data sources in Montevideo, the capital of Uruguay, a non-WEIRD Latin
American country.

To the authors' knowledge this is the first study to assess the validity of secondary data
sources based on administrative records in the Latin American context and one of the few to
combine administrative records with the information available on Google maps. Although the

results show that the sensitivity of administrative records can be regarded as moderate (Landis
& Koch, 1977; Lebel et al., 2017), they also show that this database missed more than half the

outlets found open on the ground. The estimates of sensitivity, positive predictive value and
concordance of the administrative records were in the lower range of those reported by studies
conducted in WEIRD countries using administrative records or commercial databases (Canalia

et al., 2020; Daepp & Black, 2017; Diez et al., 2019; Lebel et al., 2017; Lucan et al., 2020).

The relative lower sensitivity compared to studies conducted in WEIRD countries can be
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explained by the existence of informal stores, which have been shown to be relevant in the Latin
American context (Farah et al., 2023).

Google maps had a slightly lower validity, which can be categorized as fair. The sensitivity,
positive predictive value and concordance for this database were markedly lower than those

reported by (de Menezes et al., 2021) for two Brazilian cities. Although Google maps and other

open geocoding services are being increasingly used in public health and epidemiological
research to characterize features of the built environment (Lemke et al., 2015; Prager et al.,
2019; Silva et al., 2015), results from the present work stress the need to assess their validity on
a case by case basis to avoid misleading conclusions.

The combination of the two data sources led to an improvement in validity, increasing both
sensitivity and concordance. Similar results have been reported by (Liese et al., 2010) when
combining different commercial databases in the USA. The validity, positive predictive value, and
concordance of the aggregate database was moderate, as reported by studies conducted in

WEIRD countries using administrative records or commercial databases (Canalia et al., 2020;
Daepp & Black, 2017; Diez et al., 2019; Lebel et al., 2017). These results suggest that Google

maps seems to be a cost-effective approach to complement administrative records or commercial
databases. Its main disadvantage is that historical data cannot be obtained.

Systematic differences in the validity of the secondary data sources across types of outlets
were found. This result is highly relevant for food environment research given that different types

of outlets imply differences in the relative availability of healthy and unhealthy food (Charreire et
al., 2010; Gebremariam et al., 2017; Titis et al., 2022; Ver Ploeg et al., 2015). In the present

work, sensitivity and concordance for supermarkets and grocery stores, as well as fruit and
vegetable stores were lower than the aggregate values for all food outlets. Therefore, the use of

secondary data sources may lead to measurement error by underestimating the availability of
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healthy foods, such as fruits and vegetables. This result has not been found in previous studies
although reports of differences in the validity of secondary data sources among different types of

outlets exist. (Powell et al., 2011) reported higher sensitivity for supermarkets and grocery stores
compared to other types of outlets. More recently, (Lucan et al., 2020) reported that government

records underestimate the presence of street vendors and other categories of food outlets, such
as barbers, laundromats, and newsstands, which were sources of both healthy and unhealthy
foods.

Results from the present work also showed that the validity of the secondary data sources
was largely heterogeneous across census tracts. A systematic variation with the socio-economic
status of the areas was found. Sensitivity, positive predictive value, and concordance tended to
significantly increase with the socio-economic status index of the census tract; i.e., secondary
data sources were less able to accurately capture existing open food outlets in low socio-
economic status areas compared to areas with high socio-economic status. This result may be
explained by a larger proportion of informal food outlets in areas of low socio-economic status,
which are not included in the administrative records. Therefore, secondary data sources to
characterize the retail food environment may lead to inaccurate results in vulnerable areas of the

city, which are more likely to be affected by inadequate physical access to food (Ver Ploeg et al.,
2012).

Results from the present work are not in agreement with previous studies conducted in
WEIRD countries, reporting no consistent associations between the validity of secondary data

sources and socio-economic characteristics of the areas (Daepp & Black, 2017; Diez et al.,
2019; Lebel et al., 2017; Liese et al., 2010; Powell et al., 2011). Results are also not in

agreement with the only study assessing the validity of secondary data sources in a non-WEIRD
country. The study was conducted in two Brazilian cities also did not find evidence of systematic

differences in the validity of Google Earth data with socio-economic status (de Menezes et al.,
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2021). Lack of consistence between studies conducted in the same region stresses the need for

additional research.

Finally, it is worth mentioning that, despite the fact that census tracts were selected using
random sampling, field work was restricted to 12% of the city’s area, hindering the precision and
accuracy of the estimates of validity indicators. This limitation applies not only to the observed
differences among the values of validity indicators across types of food outlets, but also to

generalizations of results to the total area of the city.

5. Conclusions

The validity of secondary data sources to characterize the sampled areas of the retail food
environment of Montevideo was moderate. Systematic differences in the validity of the secondary
data sources with socio-economic status of the census tracts were found. Based on the results,
the use of secondary data sources does not seem a valid approach to characterize the retail food
environment of areas with low socio-economic status in Montevideo. The dynamic nature of the
food environment and the relevance of informal outlets in non-WEIRD countries suggest that
these results may be extrapolated to similar settings. However, additional research is needed to

confirm this hypothesis.
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406 Tables

407

408 Table 1. Types of outlets retrieved from the different databases. For those including a diversity

409  of outlets, the keywords (in Spanish) used to identify each type of outlet are shown.

Database

Type of outlet

Keyword in Spanish

Register of Food
Establishments
from the Food
Regulation
Service of
Montevideo local
government

Supermarkets and
grocery stores

almaceén, autoservice, supermercado, venta de alimentos libres
de gluten, venta de productos envasados

Bars, restaurants and
cafés

bar, cafeteria, cantina, elaboracién y venta de cerveza artesanal,
carro de venta de chorizos y hamburguesas, centro comercial
gastronémico, mercado gastronémico, salon de té, coccion y
venta de empanadas, coccion y venta de pizzas, comidas al
paso, elaboracion de creps, elaboracion y venta de churros,
elaboracién y venta de empanadas, elaboracion y venta de
hamburguesas, elaboracién y venta de panchos, elaboracion y
venta de sushi, minutas, parrillada, pizzeria, restaurante, servicio
de buffet

Bakeries

confiteria, panaderia, rotiseria, sucursal de panaderia, venta de
donas, venta de postres, venta de productos de confiteria, venta
de productos de panaderia, venta de productos de reposteria,
venta de productos de rotiseria

Kiosks or candy shops

expendio de maiz acaramelado y salado, maquina expendedora
de chocolate, venta de golosinas, elaboracién y venta de maiz
acaramelado

Fruit and vegetable
stores

Venta de frutas y hortalizas

Poultry and fish stores

pescaderia, venta de productos elaborados a base de pollo,
venta de pescado y mariscos

Ice-cream stores

expendio de helado, maquina expendedora de helados, venta
de helados envasados, heladeria

Other specialty stores
(e.g., cheese stores;
fresh pasta stores;
delicatessen)

carro de venta de chacinados, fiambreria, licoreria, sucursal de
fabrica de pastas, venta de bebidas alcohdlicas, venta de
bebidas analcohdlicas, venta de chorizos, venta de frutos secos,
venta de hielo, venta de huevos, venta de lacteos y derivados,
venta de pastas, venta de productos chacinados, venta de
productos congelados, venta de productos de granja, venta de
quesos, pastas frescas, elaboracion y venta de chorizos,

Single National
Registry of Meat
Establishments
from the National
Meat Institute

Butcher's and poultry
stores

N/A

National Register Pharmacies N/A
of Pharmacies

from the Ministry

of Public Health

Register of Farmers' markets N/A

farmers' markets
from Montevideo
local government




Google maps

Supermarkets and
grocery stores

supermercado, autoservicio, almacén, tienda de alimentacion

Bars, restaurants and
cafés

bar, restaurante, cafeteria, pizzeria, cerveceria, parrilla, carrito,
cantina, comida rapida

Bakeries

panaderia, confiteria, resposteria, rotiseria

Kiosks or candy shops

kiosko, golosinas, chocolate

Fruit and vegetable
stores or farmers'
markets

frutas y verduras, fruteria

Butchers', poultry and
fish stores

carniceria, polleria, pescaderia

Pharmacies

farmacias

Ice-cream stores

heladeria

Street vendors

tortas fritas

Other specialty stores
(e.g., cheese stores;
fresh pasta stores;
delicatessen)

fiambreria, licoreria, pastas, queseria, frutos secos, congelados,
tienda de vinos
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411  Table 2. Number of outlets listed on secondary data sources and results of the field validation conducted in 106 census tracts in

412  Montevideo (Uruguay), per database and type of outlet.

Distribution of the outlets of

Number of the dafabase .acc<.)rding to the Number Nur:fber i
] field validation (%) Positive
outlets listed of outlets outlets - L ..
in the Closed Located found but found on Sensitivity predictive Concordance
database Located or not 2:23:3; not listed the value
found changed ground
Database
Administrative records 730 80.5 17.9 1.5 618 588 0.483 0.805 0.389
Google maps 655 71.3 27.3 1.4 741 467 0.384 0.713 0.309
Aggregate 1051 70.2 28.2 1.6 462 1217 0.606 0.702 0.488
Type of outlet

Bars, restaurants and cafés 350 69.4 29.7 0.9 55 295 0.824 0.694 0.600
Supermarkets and grocery stores 263 72.6 26.2 1.1 170 361 0.529 0.726 0.441
Bakeries 117 71.8 27.4 0.9 24 108 0.778 0.718 0.596
Kiosks or candy shops 85 68.2 294 24 87 143 0.406 0.682 0.337
Fruit and vegetable stores or 59 67.8 25.4 6.8 49 89 0.449 0.678 0.370
farmers' markets

Pharmacies 54 85.2 14.8 0 0 46 1.000 0.852 0.852
Butchers', poultry or fish stores 40 70 30 0 12 38 0.737 0.700 0.538
Other specialty stores 32 59.4 40.6 0 13 32 0.594 0.594 0.422
Other types of stores 31 51.6 35.5 12.9 13 29 0.552 0.516 0.364
Ice-cream stores 13 76.9 23.1 0 11 21 0.476 0.769 0.417
Street vendors 6 33.3 66.7 0 29 31 0.065 0.333 0.057

413



Figure 1. Socio-economic status index score for the census tracts (C.T.) included in the sample

(n=1086).
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Figure 2. Sensitivity, positive predictive power and concordance of the aggregate database of

the 106 census tracts in Montevideo (Uruguay)
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Figure 3. Sensitivity (a), positive predictive value( b), and concordance (c) of the aggregate
database as a function of the socio economic status index of the 106 census tracts in

Montevideo (Uruguay).
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(b)

Positive predictive value (0-1)

(c)

Concordance (0-1)
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Supplementary Material

Table 1. Socio-economic characteristics of the census tracts of the sample (n=106).

Characteristic Minimum Mean Maximum
Total area of the census tract (km?) 0.0 0.6 18.8
Percentage of rural area in the census tract (%) 0.0 9.3 100.0
Total population in private households of the census

tract 0.0 1220.3 5719.0
SES index of the census tract* 1.5 7.9 14.0
Per capita household income (USD)** 604.7 1095.2 2035.5
Households under the poverty line (%)** 0.0 8.5 24.5
Mean years of schooling of adults of the household** 8.2 11.4 15.1

* SES indexes of the census tracts were imputed from values of SES indexes for neighborhoods. In
cases where one census tract was included in two or more neighborhoods, a simple average of the
indexes was calculated. ** Statistics calculated for larger census areas (census sections), where census

tracts are located. 1 USD = 39 Uruguayan pesos.



Figure 1. Grid of points used to perform the search of food outlets in Google Maps.

2y £

0003\\ ° °

\ O ?f +
e b : s ek

R et

oﬂ’ QQM

Note: Black countours correspond to the boundaries of the municipaplities. Different colours indicate

different density of points according to the area of the municipalities.



