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A B S T R A C T   

Introduction: Obesity prevalence has almost tripled in Europe since 1980, and the obesogenic (food) environment 
is hypothesised to be one of the main drivers. Still, empirical evidence is rare for Europe. 
Objective: This ecological study explores spatial patterns of obesity prevalence of adults (aged 19+) in the 
Netherlands in 2016. It studies, in particular, its global associations with (un)healthy food store accessibility 
while assessing local differences and evaluating the importance of the immediate versus the wider food 
surroundings. 
Methods: In our ecological study, we used small-area estimated obesity prevalence (adults, aged 19+) from 2836 
neighbourhoods (six-digit postal codes, wijken) and combined this with measures from Statistics Netherlands on 
accessibility to (unhealthy) fast food and (healthy) fresh food. Spatial lag of X (SLX) models were estimated for 
the entire Netherlands to explore global associations. Separate models for urban, suburban, and rural neigh
bourhoods and a geographically weighted regression (GWR) were estimated to explore and visualise local var
iations in the associations. Total associations from the SLX models were then decomposed to yield contributions 
of the immediate and wider food surroundings. 
Results: Regional clusters of high obesity were observed in selected areas in the north-east, the south-west, and 
south-east. Limited accessibility to unhealthy food was globally associated with lower obesity prevalence, 
whereas better accessibility to fresh food stores and supermarkets was not. The association regarding worse 
accessibility to unhealthy food was strongest for urban neighbourhoods, especially for the Randstad region. In 
urban settings, also better accessibility to fresh food stores proved relevant. The wider food surrounding proved 
more important than the immediate food surrounding, throughout. 
Discussion: Public policies addressing obesity might be more effective when reducing the presence of unhealthy 
food rather than expanding healthy food supply. Moreover, they should focus on urban regions and high obesity 
clusters, thereby considering wider food surroundings.   

1. Introduction 

Obesity prevalence globally has more than doubled since 1980 (NCD 
Risk Factor Collaboration, 2019) and is a growing public health concern. 
Within Europe, obesity prevalence has almost tripled since 1980 (WHO 
World Health Organization, 2022). The emergence of obesogenic (food) 
environments is thought to be one of the main drivers of the rapid in
crease in obesity prevalence, as postulated by the obesogenic environ
ment theory (Egger & Swinburn, 1997, WHO World Health 
Organization, 2022). The World Health Organisation therefore 

recommends creating a health-promoting environment (WHO World 
Health Organization, 2022). However, empirical evidence on the asso
ciation between unhealthy and healthy food accessibility and obesity is 
rare for Europe, and previous research, primarily conducted for the US, 
has revealed mixed results (Brown et al., 2019, Morales & Berkowitz, 
2016). Knowing about the importance of food accessibility for obesity is 
essential for developing policy interventions to fight against obesity and 
its burden. 

It is assumed that the obesogenic food environment can affect obesity 
in two ways, either at the macro level through the food laws and food 
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technology in the country, or at the micro level through the physical 
presence of or access to food that can influence people’s diets (Egger & 
Swinburn, 1997). The micro-level food environment in particular is seen 
as one of the most important risk factors for obesity (Giskes et al., 2011; 
Lim et al., 2020). That is, easy access to unhealthy food combined with 
limited access to healthy food may lead to supernutrition, e.g. intake of 
food with a high proportion of fat and a high energy-density (Swinburn 
et al., 1999; Swinburn et al., 2011). 

Previous studies on the association between food environments and 
obesity — either using individual-level or spatial-level data — have 
focused on the USA and reveal inconsistent results (see Cobb et al., 2015 
for a systematic literature reviews). One cross-sectional study from the 
US using census tracts data on local food stores and individual-level data 
on obesity found that the presence of healthy food stores (supermarkets) 
is related to lower obesity prevalence, and the presence of convenience 
stores to higher obesity prevalence (Morland et al., 2006). Another 
cross-sectional study from the US using individual-level data on BMI and 
GIS-derived data on food proximity found that proximity of fast food and 
non-fast food restaurants to home or work were not associated with BMI 
(Jeffery et al., 2006). 

However, the previous studies in the US that found these associations 
did not show that healthy or unhealthy food environments are globally 
associated with lower or higher obesity/being overweight (Michimi & 
Wimberly, 2010, Morland et al., 2006, see Cobb et al., 2015 for a re
view). In fact, important differences were observed between regional 
subtypes (see Lam et al., 2021 for a systematic literature review). A 
spatial analysis based on county-level data for the US found a positive 
association between access to supermarkets and obesity in metropolitan 
districts and a negative association in non-metropolitan districts 
(Michimi & Wimberly, 2010). People living in disadvantaged neigh
bourhoods, so called “healthy food deserts”, are forced to travel longer 
distances to reach food environments that offer healthy and fresh foods, 
compared to people in wealthier neighbourhoods, where grocery stores 
are easier to reach (Larson et al., 2009). These differences in outcomes 
by regional subtype could, in fact, also be (part of) the reason why 
previous studies have revealed mixed results. Most of these studies have 
focused on global associations in the entire study region instead of 
(additionally) differing between regional subtypes. 

Very little research for European countries has been conducted 
(Fraser et al., 2012; Mackenbach et al., 2019; Walker et al., 2020); there 
are hardly any spatial analyses on the relationship between food 
accessibility and obesity. This is unfortunate, as such analyses may help 
to support (regional) decision makers in addressing public health con
cerns and indicating where interventions are most needed. Furthermore, 
it is not possible to translate the findings for the US directly to the Eu
ropean context due to the significant differences in their spatial struc
tures and population composition (Burleyson, 2020; Eurostat, 2021) as 
well as in food laws and regulations. For instance, EU regulations 
regarding additives in food products are stricter than in the US (Lehto 
et al., 2017). 

This ecological study explores spatial patterns of obesity prevalence 
of adults (aged 19+) in the Netherlands in 2016, focusing on global 
associations with (un)healthy food store accessibility while assessing 
local differences and evaluating the importance of the immediate versus 
the wider food surroundings. 

We formulated three research questions.  

1) How is unhealthy and healthy food accessibility associated with 
obesity prevalence in the Netherlands?  

2) How does the association between food accessibility and obesity 
prevalence vary locally in the Netherlands?  

3) How relevant for predicting obesity prevalence is unhealthy and 
healthy food supply in either the immediate or the wider surround
ing of people? 

The first two research questions build on the existing research, 

thereby extending it to a European setting. The third research question 
represents an additional step compared to most of the previous studies 
concerning local differences in the association between food accessi
bility and obesity. This is likely to provide additional evidence on where 
to focus public policies. 

Based on the discussed theoretical and empirical background we 
formulated these three hypotheses; 

Our first hypothesis is that better accessibility to unhealthy food is 
globally associated with higher obesity prevalence and better accessi
bility to healthy food with lower obesity prevalence, in line with the 
obesogenic environment theory. 

Our second hypothesis is that food accessibility is more relevant for 
obesity prevalence in regions characterised by higher degrees of ur
banisation in line with the previous studies from the US. 

Our third hypothesis is that the direct food surrounding is more 
important than the wider food surrounding, due to the proximity to 
people’s homes. 

2. Material and methods 

2.1. Setting 

Our ecological study was based on all adults aged 19 or older living 
in private households in 2016 in the Netherlands. The spatial units of 
interest are neighbourhoods (according to a six-digit postal code, wijken) 
which are coherent regions of neighbourhoods without a formal status 
that are based on characteristics such as age structure, geographical 
barriers (e.g. busy roads), having similar urban and/or architectural 
features, or having similar functional, social, or political characteristics 
(Statistics Netherlands, 2017). 

All spatial units with valid data on the variables used were included 
in our analysis. Of the initial 2960 neighbourhoods, 77 neighbourhoods 
– most of them small - could not be included in this study due either to 
missing information in obesity prevalence (n = 30) or to a missing value 
in any other variable of interest (n = 47). The final study sample covered 
2836 neighbourhoods in total. 

We explored spatial patterns for the entire Netherlands and also 
differentiated between regional subtypes: urban (≥1500 addresses per 
km2), suburban (500 ≤ 1500 addresses per km2), and rural neighbour
hoods (<500 addresses per km2) in line with the definition of Statistics 
Netherlands (Statistics Netherlands, 2022a). This resulted in 785 
neighbourhoods defined as urban, 756 as suburban, and 1295 as rural 
neighbourhoods. Urban neighbourhoods were more predominant in the 
west (see Supplementary Fig. S1 for the spatial distribution across the 
Netherlands). 

In a sensitivity analysis, we used a different definition of urban and 
suburban subtypes developed by the OECD (OECD, 2019) which were 
based on functional urban areas (FUA), thereby differing between urban 
cores (n = 1007) and commuting zones (n = 1032). 

2.2. Outcome: obesity data 

The adult obesity prevalence data by neighbourhood in 2016 were 
obtained from the National Institute of Public Health and the Environ
ment (RIVM) website (RIVM National Institute of Public Health and the 
Environment (2022a), ). The data represent estimated small-area pro
portions of obese (BMI ≥30) people and were available every four years. 
We decided to use the 2016 data instead of the most recent 2020 data 
because the 2020 data were affected by the COVID-19 pandemic. RIVM 
calculated small-area estimators for different health and lifestyle de
terminants across neighbourhoods in the Netherlands in 2016, using 
individual-level data from the Dutch Health Monitor 2016 collecting 
data from about 3.5% of the whole Dutch population (n = 457,153, age 
19+, RIVM National Institute of Public Health and the Environment, 
2022b). This monitor (“De Gezondheidsmonitor”) is a national survey 
database conducted every four years to observe the public health and 
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lifestyle characteristics of Dutch individuals. Small-area estimations are 
necessary because the number of cases gathered in the Dutch Health 
Monitor are generally not sufficient to deliver per se valid measures for 
small-area characteristics. To yield small-area estimations, the RIVM 
uses generalized structured additive regression (STAR) modelling to 
carry out parameters via restrictive maximum likelihood (REML). 12 
indicators at individual (age, sex, ethnicity, marital status), household 
(household type, size, capital, yearly income, income source, and home 
ownership) and neighbourhood (urbanisation, neighbourhood code) 
level were used to predict the small area obesity, smoking, and alcohol 
intake prevalence data for 2016. For further information on the meth
odology used, see van de Kassteele et al., 2017. 

2.3. Exposure: food environment data 

We studied unhealthy and healthy food supply in people’s sur
roundings simultaneously by focusing on accessibility to three different 
food environment domains, namely 1) fast food stores (including grill/ 
lunch rooms), which were defined as unhealthy food supply, 2) fresh 
food stores (e.g. vegetable shops, bakeries, health food shops), which 
were defined as healthy food supply, and 3) supermarkets, which 
were defined as healthy food supply in accordance with previous studies 
(Helbich et al., 2017; Michimi & Wimberly, 2010). For more detailed 
definitions of these three food environment domains, see Supplementary 
Table S1 showing English translations of the Dutch definitions, or see the 
original source (Statistics Netherlands, 2017). Accessibility is defined 
here as access to food store locations operationalised by their proximity 
in a person’s surroundings (Downs et al., 2020). Proximity was 
measured by the average Euclidean distance to the next food facilities in 
2016 and reflects the average distance between a resident’s address and 
the nearest food store locations in a neighbourhood. 

2.4. Confounding variables: sociodemographic, SES, and lifestyle data 

We combined the obesity and food environment data at neighbour
hood level additionally with socioeconomic and lifestyle data. As so
cioeconomic determinants, obtained from Statistics Netherlands 
(Statistics Netherlands, 2022b), we included sex (male inhabitants as a 
percentage), age (people aged 19 to 44 as a percentage, people aged 45 
to 64 as a percentage, people aged 65 or older as a percentage), popu
lation density (number of people per km2), migration status (non-
western immigrants as a percentage), unemployment (social welfare 
recipients as a percentage), and income (yearly income per inhabitant * 
1000 Euros). 

Lifestyle factors covered low alcohol consumption (percentage of 
those drinking not more than one glass of alcohol per day) and smoking 
(percentage of current smokers). Like the obesity prevalence data, these 
lifestyle data stem from the small-area estimations from the National 
Institute of Public Health and the Environment (RIVM National Institute 
of Public Health and the Environment, 2022c; van de Kassteele et al., 
2017). 

2.5. Methods 

We linked the neighbourhood-level data obtained from the different 
sources by their unique six-digit postal codes. 

As an explorative pre-analysis, univariate Global Moran’s I was 
calculated for each of the variables used to test for spatial dependency. 
The spatial weights matrix used assumed a queen contiguity pattern, 
that is neighbourhoods share a common edge or a common vertex Wij. 

Subsequently, this weighting matrix was used to calculate Global 
Moran’s I ranging from − 1 (perfect dispersion) to 1 (perfect clustering): 

Ix =

(
n

∑
i
∑

jWij

)

∗

(∑
i
∑

jWij(xi − x)
(
xj − x

)

∑
i(xi − x)2

)

(i)  

where i and j index the neighborhoods, x is the mean value x of the 
variable of interest, and Wij is the weight matrix. 

We then mapped the spatial distribution of obesity prevalence across 
Dutch neighbourhoods in 2016 and visualised regional clusters of high 
obesity prevalence based on a local indicator of spatial association 
(LISA), which was done using local Moran’s I: 

Ii =
xi − x

S2
i

∗
∑n
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wi,j
(
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)
(ii)  

with S2
i =

∑n
j=1,j∕=i

(xj − x)2

n− 1 . 
In regard to our first research question on the global associations 

between (un)healthy food accessibility and obesity prevalence, we 
estimated multivariable (linear) Spatial Lag of X models (SLX) control
ling for sociodemographic, SES, and lifestyle confounders: 

y=Xβ + WXθ + ε (iii)  

where Y represents an N × 1 vector consisting of one observation on the 
dependent variable for every unit in the sample (i = 1,… ,N), X denotes 
an N × K matrix of explanatory variables associated with the K × 1 
parameter vector β, and ε = (ε1,…, εN)

T is a vector of independently and 
identically distributed disturbance terms with zero mean and variance 
σ2. The WX matrix of exogenous spatial lags is a N × K vector. Conse
quently, the vector of response parameters θ is just like β of order K× 1. 
We checked whether the residuals of obesity, the outcome of interest, 
was distributed normally among the neighbourhoods studied (Supple
mentary Fig. S2). 

Robust Lagrange Multiplier diagnostics for spatial dependence in 
linear models showed coherently that spatial econometric models 
outperform OLS regressions (error dependence p < 0.001, spatially 
lagged dependent variable p < 0.001). We further decided that SLX 
outperformed SEM because spatial Hausman tests (p < 0.001) revealed 
that SEM would deliver biased estimators. We controlled all models for 
age, e.g. the proportions of people in the age of 45–64 and in the age of 
65 or older, but not additionally for the proportion of people in the age 
of 19–44 due to multicollinearity and a VIF >10 when including this 
variable. Multicollinearity diagnostics revealed then acceptable corre
lations between the exogenous variables (VIF <2 for the entire 
Netherlands, VIF <5 for urban neighbourhoods, VIF <3 for suburban 
neighbourhoods, VIF <2 for rural neighbourhoods). 

In regard to our second research question on the local variations in 
the associations between food accessibility and obesity, we first esti
mated an interaction model by regional subtype and food accessibility 
and for the entire Netherlands, and then stratified for regional subtypes 
(i.e. urban, suburban, and rural settings). Second, we estimated a 
geographically weighted regression (GWR). The GWR approach opens 
up the possibility of showing specific regional effect variations in the 
entire study region that do not necessarily relate only to global urban- 
rural differences. 

A GWR estimates local parameters values. yi is the value if the 
outcome variable (here obesity prevalence) at each location i with the 
coordinates (ui, vi). β0 represents the local estimated intercept and βj is 
the local estimated effect parameter of a variable j. 

yi = β0(ui, vi)+
∑k

j=1
βj(ui, vi)xij + εi (iv) 

The estimations of the parameters were realised by using a kernel 
density estimation, which is a non-parametric way of estimating prob
ability density functions (Brunsdon et al., 1996). For that purpose, the 
optimal kernel function and the bandwidth to be used have to be chosen. 
The bandwidth was then used as a smoothing parameter for the shape of 
the kernel function. The optimisation of the bandwidth was evaluated 
based on both Akaike’s Information Criterion (AIC) and Cross Validation 
(CV). We decided to use the GWR model showing the best fit to the data 
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based on highest R2 and lowest AIC. This was true for an adaptive kernel 
with a bisquare kernel function, which showed the best model fit when 
the AIC method was used. To find out exactly where in the Netherlands a 
reduction of unhealthy food accessibility would be beneficial to fight 
obesity, we performed the GWR for unhealthy fast food accessibility 
solely (but still controlled for all confounding variables). This was 
necessary because we found a (partially) high local correlation between 
unhealthy and healthy food accessibility which would bias the GWR 
estimations. 

In regard to our third research question, we further decomposed 
each of the total effects yielded (TE, contribution of both the immediate 
and wider food surrounding) from the SLX approach into a direct effect 
(DE) and an indirect effect (IE). The direct effect shows the contribution 
of the local food environment on the local obesity prevalence, the in
direct effect shows the contribution of the food environment in 
bordering locations (i.e. neighbourhood) on the local obesity preva
lence. This indirect effect is also called spatial spillover effect. The in
direct effects in the SLX models (equation iii) are reflected by the 
parameter estimates θ of the WX variables, and the direct effects by the 
parameter estimates β of the X variables. 

All calculations were conducted on R 4.1.1 (R Core Team, 2021) 
using packages sp, spdep, spatialreg, spgwr. 

3. Results 

3.1. Descriptive results and mapping: the explorative pre-analyses 

The average prevalence of obesity was 14.26% in the entire 
Netherlands in 2016. Obesity prevalence was slightly higher in urban 
neighbourhoods (14.61%) compared to suburban (14.19%) and rural 
(14.09%) settings (Table 1). 

The average distance to the nearest fresh food store was 1.29 km, 
which was slightly lower compared to a fast-food store (average 1.39 
km) or a supermarket (average 1.52 km). In rural settings, the same 
pattern was visible (fresh food: 2.0 km, fast food: 2.24 km, supermarket: 
2.38 km). In urban and suburban settings, however, the next fast food 
store was more proximate (urban: 0.50 km, suburban: 0.84 km) than the 
next fresh food store (urban: 0.51 km, suburban: 0.87 km) or super
market (urban: 0.63, suburban: 0.97 km). 

All variables used were significantly spatially correlated (Moran’s I 
with p < 0.001) showing that proximal neighbourhoods were more 
similar in the characteristics observed than more distal neighbourhoods. 
This was true for the entire Netherlands, but also when we stratified into 
urban, suburban, and rural regional subtypes (Table 1). 

Higher obesity was observed in the north-east, south-west, and 
south-east of the country (Fig. 1, A), which were shown to be statistically 
significant clusters of high obesity (evaluated by local Moran’s I/LISA 
map) (Fig. 1, B). 

Accessibility to both unhealthy and healthy food was generally better 
in the south of the Netherlands than in the north (Fig. 2A and B, C). 

3.2. The global associations between unhealthy and healthy food 
accessibility and obesity prevalence in the Netherlands in 2016 

In regard to our first research question, our Spatial lag of X model 
for the entire Netherlands showed that worse fast food accessibility (i.e. 
increase in the average distance to the next fast food store) was associ
ated with lower obesity prevalence (TE: − 0.15, p = 0.02) (Table 1, 
model Netherlands). For the average distance to the next fresh food store 
and supermarkets we found no significant global associations for the 
entire Netherlands. We further found in the multivariate model that 
obesity prevalence was higher in suburban (TE: +1.03, p < 0.01), but 

Table 1 
Descriptive statistics and spatial correlations of the variables used for the neighbourhoods: study participants ages 19 and older in the Netherlands in 2016.  

Variable Descriptive statistics Univariate Moran’s I 

Regional (sub-) type Netherlands Urban Suburban Rural Netherlands Urban Suburban Rural 

Number of neighbourhoods n = 2836 n = 785 n = 756 n = 1295 n = 2836 n = 785 n = 756 n = 1295 

Outcome 
Obesity prevalence, % (sd) 14.26 14.61 14.19 14.09 0.60** 0.67** 0.51** 0.68** 

(2.71) (3.23) (2.47) (2.48) 
Food environment 
Average distance to next fast food store [km], % (sd) 1.39 0.50 0.84 2.24 0.35** 0.30** 0.12** 0.25** 

(1.37) (0.26) (0.38) (1.61) 
Average distance to next fresh food store [km], % (sd) 1.29 0.51 0.87 2.00 0.27** 0.32** 0.08* 0.18** 

(1.24) (0.27) (0.39) (1.50) 
Average distance to next supermarket [km], % (sd) 1.52 0.63 0.97 2.38 0.27** 0.31** 0.07* 0.15** 

(1.36) (0.26) (0.41) (1.59) 
Confounders 
Males, % (sd) 50.27 49.22 49.80 51.17 0.17** 0.16** 0.06 0.09** 

(2.10) (2.26) (1.82) (1.74) 
People ages 19 to 44, % (sd) 28.49 33.50 27.93 25.79 0.51** 0.49** 0.14** 0.26** 

(6.31) (7.99) (4.91) (3.44) 
People ages 45 to 64, % (sd) 30.29 26.76 29.96 32.62 0.34** 0.35** 0.11** 0.24** 

(4.81) (4.40) (4.18) (3.97) 
People ages 65 and older, % (sd) 19.09 18.23 19.60 19.31 0.27** 0.28** 0.20** 0.30** 

(5.97) (7.50) (6.30) (4.52) 
Population density, no. of inhabitants/km2 (sd) 2082.53 5749.22 1492.02 204.60 0.68** 0.55** 0.26** <0.01 

(3388.40) (4371.99) (1635.99) (349.85) 
Non-western immigrants, % (sd) 7.14 16.67 6.13 1.95 0.61** 0.53** 0.16** 0.10** 

(9.65) (12.69) (5.57) (2.38) 
Social welfare recipients, % (sd) 3.33 3.50 3.39 3.19 0.21** 0.43** 0.23** 0.24** 

(1.30) (0.84) (1.15) (1.57) 
Yearly net income [*1000 Euros], % (sd) 25.04 25.31 25.64 24.52 0.47** 0.51** 0.40** 0.48** 

(4.80) (6.28) (4.28) (3.90) 
Low alcohol consumption, % (sd) 39.36 42.40 39.52 37.41 0.62** 0.62** 0.54** 0.76** 

(6.43) (7.83) (5.26) (5.28) 
Smokers, % (sd) 20.17 23.81 19.17 18.55 0.58** 0.54** 0.29** 0.62** 

(4.15) (4.64) (3.05) (2.83) 

Abbreviations: No, number; sd, standard deviation; km, kilometre(s). 
Footnote: Significant results are denoted with *p < 0.05, **p < 0.01. 
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Fig. 1. The spatial distribution of obesity prevalence and significant obesity clusters in the Netherlands in 2016 
Abbreviations: No, number; km, kilometre(s); %, percentage. Footnote: Obesity prevalence in the Netherlands in 2016 (A), significant LISA clusters of obesity (B). 
Neighbourhoods that are not part of the analysis sample are coloured white. 

Fig. 2. The spatial distribution of unhealthy and healthy food accessibility in the Netherlands in 2016 
Abbreviations: No, number; km, kilometre(s); %, percentage. Footnote: Accessibility to fast food stores defined as unhealthy food (A); accessibility to fresh food stores 
defined as healthy food (B); accessibility to supermarkets defined as healthy food (C). Neighbourhoods that are not part of the analysis sample are coloured white. 
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not in rural neighbourhoods, compared to urban neighbourhoods. 

3.3. Regional variations in the association between food accessibility and 
obesity: regional subtype analyses 

In regard to our second research question focusing on differences 
in the association between food accessibility and obesity between 
regional subtypes, we first introduced interaction terms among all of the 
three food accessibility variables (fast food, fresh food, supermarkets) 
and the regional subtype variable in the model for the entire 
Netherlands (we will only refer to the total effects (TE)). This interaction 
model revealed significant interactions for fast food accessibility and 
rural neighbourhoods (TE: +2.73, p < 0.01, ref. urban), and fresh food 
accessibility and suburban (TE: − 4.65, p < 0.01, ref. urban) as well as 
rural neighbourhoods (− 5.03, p < 0.01, ref. urban) (Supplementary 
Table S2). 

We then estimated Spatial Lag of X models stratified by the regional 
subtype, meaning separately for urban, suburban, and rural neigh
bourhoods. The stratified models showed that worse accessibility to fast 
food (i.e. an increase in the average distance to the next fast food store) 
was related to lower obesity prevalence in urban (TE: − 2.94, p < 0.01), 
suburban (TE: − 0.65, p = 0.03), and rural neighbourhoods (TE: − 0.12, 
p = 0.04) with the highest effect size for urban settings (Table 2, models 
urban & suburban & rural). 

For fresh food accessibility, we found statistically significant asso
ciations only for urban neighbourhoods. That is to say, worse accessi
bility to the next fresh food store (i.e. increase in the average distance to 
the store) was associated with higher obesity prevalence (TE: +3.71, p 
< 0.01). 

For supermarket accessibility, no statistically significant associations 
were observed in the SLX models. 

We estimated a sensitivity analysis using a different definition of 
urban and suburban subtypes developed by the OECD (OECD, 2019), 
which were based on functional urban areas (FUA). This model 
confirmed the results from our main models (Supplementary Table S3), 
but showed worse model performances (R2 FUA urban cores = 0.7803 <
R2 Main urban = 0.8182; R2 FUA commuting zone = 0.6351 < R2 Main 
suburban = 0.6964). 

3.4. Visualisation of local differences in the association between 
unhealthy food accessibility and obesity prevalence across the Netherlands 
in 2016 

In regard to our second research question and our interest in vis
ualising local differences in food accessibility-obesity associations, we 
also performed a geographically weighted regression revealing local 
variations across the entire Netherlands. The GWR was performed for 
fast food accessibility and not for the other food accessibility variables 
due to the importance of fast food accessibility found in the global as
sociations (Spatial Lag of X models). 

Also, our GWR analysis did indeed show important local effect var
iations of unhealthy food accessibility on obesity prevalence in 2016 
(Fig. 3). That is, stronger relationships (coloured yellow and bright 
green, β: − 0.12 to − 0.10) were observed in the Randstad — a conur
bation in the central-western Netherlands consisting mainly of the four 
largest Dutch cities (Amsterdam, Rotterdam, The Hague, and Utrecht) 
and one of the largest metropolitan regions in Europe. The strongest 
relationships were seen around the metropolitan region of Amsterdam 
(yellow). The weakest relationships were observed for the south-west 
around the region of Zeeland (β: − 0.06 to − 0.04), that is mainly char
acterized by rural neighbourhoods. Model performance was good 
(Global R2 = 0.6760), but slightly worse than the Spatial Lag of X model 

Table 2 
The associations between unhealthy and healthy food accessibility and obesity prevalence at the ecological level among study participants ages 19 and older in the 
Netherlands in 2016: results from Spatial Lag of X models.  

Variable Netherlands Urban Suburban Rural 

DEb IEc TEd DEb IEc TEd DEb IEc TEd DEb IEc TEd 

Food environment 
Average distance to next fast 

food store, km 
− 0.02 − 0.13* − 0.15* − 0.98** − 1.94** − 2.94** − 0.09 − 0.56* − 0.65* − 0.04 − 0.08 − 0.12* 

Average distance to next fresh 
food store, km 

− 0.07 0.10 0.03 1.17** 2.54** 3.71** − 0.36 0.23 − 0.13 − 0.08 0.07 − 0.01 

Average distance to next 
supermarket, km 

− 0.02 0.13 0.11 − 0.21 0.17 − 0.05 − 0.27 0.36 0.09 0.02 0.03 0.04 

Confounders 
Males, % − 0.10** − 0.04 − 0.14** − 0.08** <0.01 − 0.08* − 0.05 − 0.04 − 0.09* − 0.03 − 0.08** − 0.12** 

People ages 19 to 44, % (ref.) – – – – – – – – – – – – 
People ages 45 to 64, % 0.12** 0.14** 0.26** 0.15** 0.07** 0.22** 0.12** 0.05* 0.16** 0.07** 0.13** 0.21** 
People ages 65 and older, % 0.06** 0.02 0.07** 0.05** 0.04* 0.09** 0.03** 0.01 0.04** 0.08** 0.01 0.09** 
Population densitya, no. of 

inhabitants/km2 
– – – − 1.14 − 4.82 − 5.97** 4.04 − 1.08 2.97 43.81** − 27.65 16.17 

Non-western immigrants, % <0.01 − 0.03* − 0.03** − 0.02 0.02 <0.01 0.01 − 0.03 − 0.02 − 0.04 − 0.09 − 0.12** 
Social welfare recipients, % 0.22** 0.10* 0.32** 0.43** 0.30** 0.73** 0.24** − 0.08 0.17* 0.14** 0.13* 0.26** 
Yearly net income [*1000 

Euros] 
− 0.10** − 0.11** − 0.21** − 0.10** − 0.05** − 0.15** − 0.19** − 0.06** − 0.25** − 0.09** − 0.06* − 0.15** 

Low alcohol consumption, % 0.18** 0.02 0.20** 0.24** − 0.05** 0.19** 0.14** 0.02 0.16** 0.12** 0.06** 0.18** 
Smokers, % 0.28** − 0.02 0.26** 0.20** − 0.02 0.18** 0.22** 0.09** 0.31** 0.45** − 0.06 0.39** 
Regional subtype, ref. Urban 
Suburban 0.26* 0.77** 1.03**          
Rural 0.36* − 0.10 0.25          

R2 0.6796 0.8182 0.6964 0.5983 

Abbreviations: No, number; sd, standard deviation; km, kilometre(s). 
Footnote: Significant results are denoted with *p < 0.05, **p < 0.01. The models were controlled for sex, age, population density or regional subtype, migration status, 
unemployment, income, alcohol consumption, and smoking. 

a Point estimators × 10–5. 
b DE = direct effect, which is the contribution of the local food environment on the local obesity prevalence (immediate food surrounding). 
c IE = indirect effect, which is the contribution of the food environment in bordering locations on the local obesity prevalence (wider food surrounding). 
d TE = total effect, which is the sum of the direct and indirect effect and the total contribution of the food environment. 
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for the entire Netherlands and unhealthy food (R2 = 0.6817, Supple
mentary Table S4, Netherlands). 

3.5. The decomposition of global and local associations between food 
accessibility and obesity 

In regard to our third research question and our interest in the 
contributions of the immediate versus the wider food environment in the 
food accessibility-obesity associations, we decomposed each of the total 
associations into a direct effect (DE, immediate food surrounding) and 
an indirect effect (IE, wider food surrounding). 

The decomposition showed that for the entire Netherlands and un
healthy fast food, the contribution of the wider food surrounding was 
more important (IE: − 0.13, p < 0.01, 87% of the TE) than the contri
bution of the non-significant immediate food surrounding (− 0.02, p =
0.671, 13% of the TE) (Table 2, Netherlands). 

For the regional subtypes, we found that the wider food surrounding 
was more important than the immediate food surrounding throughout. 
Significant contributions were found for fast food accessibility in urban 
(IE: 1.94, p < 0.01, 66% of the TE) and suburban (IE: 0.59, p = 0.032, 
83% of the TE) but not in rural settings. For fresh food accessibility, we 
found a significant contribution of the wider food surrounding in urban 
settings only (IE: +2.54, p < 0.01, 69% of the TE) (Table 2, urban & 
suburban). 

4. Discussion 

4.1. Key findings 

Regarding the geographic distribution of obesity prevalence in the 
Netherlands in 2016, our results show that obesity prevalence was 
slightly higher in urban neighbourhoods (14.61%) compared to subur
ban (14.19%) and rural (14.09%) settings. In the univariate analysis, 
regional clusters of high obesity were observed in selected areas in the 
north-east, south-west, and south-east of the country, which are char
acterised by lower population density and mainly suburban and rural 
neighbourhoods. When we controlled for food accessibility, socio- 
demographic and socio-economic determinants, obesity prevalence 
proved significantly higher in suburban than in urban or rural neigh
bourhoods. This illustrates that the clusters of obesity prevalence we 
observed are also the regions that perform less regarding socio-economic 
development, and exhibit a higher extent of ageing. 

Regarding the nationwide association of obesity prevalence with 
(un)healthy food store accessibility, we observed that worse accessi
bility to unhealthy food was globally associated with lower obesity 
prevalence in the entire Netherlands, but there were no associations for 
healthy food and supermarket accessibility. 

Regarding the local differences in the food accessibility-obesity as
sociations, we found that worse accessibility to unhealthy food was 
associated with lower obesity prevalence in urban, suburban, and rural 
neighbourhoods taken separately, but this seems to be more important 
for urban and suburban than for rural neighbourhoods. Better accessi
bility to fresh food stores was only relevant for obesity in urban settings. 
Again, no associations were found for supermarket accessibility. Inter
esting variations across the entire Netherlands were visualised, and the 
associations were strongest in the Randstad, one of the largest metro
politan regions in Europe. 

Regarding the contribution of the immediate versus wider food 
surrounding, we found for the entire Netherlands and the regional 
subtypes that the contributions of the wider food surrounding (= food 
environment in bordering neighbourhoods) on obesity were more 
important than the contributions of the immediate food surrounding (=
food environment in the same neighbourhood). 

In line with previous research, this study found for the confounding 
variables that higher prevalence of obesity is associated with a higher 
share of males, middle age, unemployment, lower income, higher 
alcohol consumption, and smoking. 

4.2. Discussion of our findings 

Our finding that food accessibility is relevant for obesity (research 
question 1) has already been shown in previous studies conducted for 
the US, which used either BMI (Chen et al., 2019) or obesity (Huang, 
2021, Mazidi et al. 2017; Michimi & Wimberly) as outcomes. Our results 
indicate that this association – and the underlying theory of an obeso
genic environment - might be important for European countries as well, 
as illustrated by the case of the Netherlands. 

In line with the obesogenic environment theory, we found that un
healthy fast food was more relevant than healthy fresh food. One 
explanation for this finding could be that if people have to decide to buy 
convenience food, they use the option with the lowest (relative) time 
costs (Probst et al., 2006; Pucher & Renne, 2005). Unhealthy fast food is 
often ready-to-eat so that the effort required to prepare meals is elimi
nated. If (convenient) healthy fresh food is not easy to reach, people 
could switch to other, potentially unhealthier food sources in the closer 
surroundings. This explanation is supported by our finding that better 
accessibility to unhealthy food was associated with higher obesity (but 
not better healthy food accessibility to lower obesity prevalence) also in 
rural neighbourhoods, although healthy fresh food is, on average, more 
proximate there. 

Another interesting finding of our study was that accessibility to 

Fig. 3. The spatial variations in the associations between fast food accessibility 
and obesity prevalence in the Netherlands in 2016 (geographically weighted 
regression). Footnote: The map shows the regression coefficients for fast food 
accessibility (measured in average distance to the next fast food store) on 
obesity prevalence (in %) across the Netherlands. Coefficients were estimated 
by a geographically weighted regression (GWR) model using a bisquare 
weighting function and an adaptive bandwidth evaluated by using Akaike’s 
Information Criterion (AIC). Neighbourhoods that are not part of the analysis 
sample are coloured white. The model was controlled for sex, age, regional 
subtype, migration status, unemployment, income, alcohol consumption, 
and smoking. 
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supermarkets, which were defined as locations offering healthy food in 
accordance with previous research (Michimi & Wimberly, Helbich et al., 
2010), was not spatially related to obesity prevalence. This could be 
explained by the fact that supermarkets do not offer a clear assortment of 
unhealthy or healthy foods, but rather a mixture of both. For the 
Netherlands, however, a previous study on the proportion of healthy and 
unhealthy foods promoted in the country came to the result that the 
majority, about 70%, of promotions were categorised as unhealthy food 
in Dutch supermarkets (Ravensbergen et al., 2015). On the other hand, 
the intention to go to a supermarket is likely to be more deliberate with a 
view for healthy food consumption, compared to fast food restaurants. 
Second, we know for fast food restaurants that the main motivation to go 
there is to have a quick, spontaneous meal nearby (Rydell et al., 2008). 
Because we did not measure which products people really bought and 
eat, but only measured their accessibility, we were not able to disen
tangle the factual mechanisms explaining this finding. More research is 
needed here to explore and combine shopping motivations and the real 
nutrition behaviours of people shopping in supermarkets. 

Our finding that unhealthy fast food accessibility and healthy fresh 
food accessibility play a more important role in regions with a higher 
degree of urbanity (research question 2) — which was also found for 
the USA (Michimi & Wimberly, 2010) — might be explained by the 
existence of a certain threshold distance, beyond which the distance to 
healthy food locations no longer impacts obesity, as postulated by 
Michimi & Wimberly, 2010. Rural residents have to travel longer dis
tances when they do their daily activities (Probst et al., 2006; Pucher & 
Renne, 2005), which means that their relative (time) costs weigh less 
heavy when they want to reach an appropriate and healthier food 
location, especially when cars have to be used for transportation (Zijlstra 
et al., 2022). Our findings are in line with previous results for the US 
which — by using census data from 2006 at the county level — found 
relationships between healthy food accessibility and adult obesity 
prevalence for metropolitan (urban) regions, but not for 
non-metropolitan (rural) regions (Michimi & Wimberly, 2010). 
Compared to the previous research for the US, our study yielded further 
evidence of the importance of a distinction between regional subtypes 
when studying the associations between food accessibility and obesity. 
This was underlined by both approaches used in this paper, namely the 
multivariate global regression approach (Spatial Lag of X model) and by 
the local regression approach (geographically weighted regression). 
Taking the findings from both approaches together, we can conclude 
that for the Netherlands especially the risk of obesity for inhabitants 
living in the Randstad could be most affected by easy access to unhealthy 
food. There is an expected increase in the next decades in urban popu
lation in Europe (Pineda et al., 2018) and the Netherlands (Statistics 
Netherlands, 2019), which calls for special attention to food environ
ment risks in such high-urbanicity regions. 

Another interesting finding of our study was that the indirect effects 
(i.e. wider food environment) contributed more to the total effects 
compared to the direct effects (i.e. immediate food environment), and 
this was true for the healthy as well as the unhealthy food environments 
and independent of the regional subtype (research question 3). The 
food environment (both healthy and unhealthy) in bordering neigh
bourhoods may therefore be more important for developing obesity than 
the food environment in people’s direct, immediate surroundings. This 
is in line with a study for the US, which showed that the average distance 
between the food establishments and homes was 2.6 miles and only 34% 
of the food establishments people went to were in participants neigh
bourhood census tract (Liu et al., 2015). One pathway explaining this 
finding could be that residential areas are normally further away from 
commercial areas, where food locations are more present. This would 
indicate that people usually travel across administrative borders to buy 
most of their daily food. Furthermore, most people do not work in the 
same neighbourhood in which they live in. More than 20% of Europeans 
commute at least 90 min daily (SD Worx, 2018). The Netherlands 
Environmental Assessment Agency found that Dutch commute on 

average 19 km per day (Netherlands Environmental Assessment Agency, 
2020). This would explain why people have to necessarily travel be
tween neighbourhoods in their daily lives, and may then purchase food 
on their way home. 

Another explanation for the relevance of the indirect effects could lie 
in the existence and usage of delivery services and outlets in the wider 
surroundings of people, so people could buy food easily from a larger 
radius. A previous Dutch study found that between 2004 and 2018 a 
remarkable increase in delivery outlets was observed (Pinho et al., 
2020). Of note, delivered (fast) food is primarily classified as unhealthy 
food (Partridge et al., 2020). 

Finally, a possible explanation for the importance of the wider food 
surrounding could simply lie in the small area units we used (neigh
bourhood level). 

In sum, we argue that our findings based on data for 2016 are suit
able to derive appropriate policy implications for the post-Covid era in 
the Netherlands. General patterns and differences in the food landscapes 
between urban, suburban, and rural settings were already existent in the 
Netherlands in 2016 (Pinho et al., 2020) and additional descriptive re
sults showed that, from 2016 to 2019, there were just slight changes in 
the accessibility to the different food locations for the entire 
Netherlands, but also for urban, suburban, and rural settings (results not 
shown). Pinho et al. (2020) observed for example a small increase in the 
availability of fast food restaurants from 2004 to 2018. If this trend has 
continued until today, the associations between unhealthy food and 
obesity observed in our study could be even stronger, which is why our 
results are still of public and policy relevance. 

4.3. Evaluation of data and methods 

The added value of our study lies in the following three aspects: 
First, we have distinguished different regional subtypes in order to 

consider structural urban-suburban-rural differences contributing to 
varying associations between food accessibility and obesity (see Lam 
et al., 2021). 

Second, we have used spatial econometric modelling, which was 
possible due to the ecological design of our study. This has rarely been 
used in previous research (see the studies using non-spatial econometric 
regression models: de Vogli et al., 2011; Mazidi & Speakman, 2017), so 
that it has been difficult to derive policy interventions where they are 
most needed. 

Third, our study integrates both unhealthy and healthy food acces
sibility, considering that different kinds of food locations may stand in a 
competitive relationship when people buy food (Mason, Pearce, & 
Cummins, 2018; Walker et al., 2020). 

However, our study is not without limitations. 
First, obesity and the lifestyle confounders used all stem from small- 

area estimations conducted by the RIVM (RIVM National Institute of 
Public Health and the Environment (2022a), ; van de Kassteele et al., 
2017). This was done because the small sample size of the health survey 
requires the use of small-area estimations in order to reach a valid 
outcome. Even when the data are based on estimations, they come from 
an extensive individual-level data source covering 457,153 Dutch 
adults. Validity analyses showed good model performance for the 
small-area estimation models (van de Kassteele et al., 2017). 

Second, we used obesity prevalence as an outcome instead of a more 
continuous measure such as (metric) body weight or BMI. Exploring the 
effects of food environment on body weight or BMI may draw a more 
differentiated picture of both the regional differences in excessive 
weight and the dose-response-relationship. However, at small area 
levels, these data are generally not available, and would result in 
additional difficulties in obtaining robust values at the small area level. 

Third, we decided to take the definitions for unhealthy and healthy 
food from Statistics Netherlands because no other data were available to 
measure food environments more adequately. Although this makes the 
definitions specific for the Dutch context, it is difficult to compare the 
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results to other countries, which may use different definitions of un
healthy fast food and healthy fresh food. 

Fourth, our study used the average distance to nearest food locations 
as an indicator to measure the extent to which people have access to 
unhealthy or healthy food. This, however, does not imply that people 
indeed purchase (and eat) food from these food locations. Additionally, 
we do not know how long people are exposed to the food environmental 
characteristics measured in 2016 due to the cross-sectional design and 
missing information on the duration of residence. A previous longitu
dinal study in the Netherlands found that, over 18 months, an increase of 
the number of grocery stores was associated with a decrease in BMI, 
while an increase in the number of fast-food restaurants was associated 
with an increase in BMI (Acciai et al., 2022). This suggests that already 
shorter exposure durations can change the factual nutrition behaviour 
and subsequently people’s BMI or risk of obesity. We tried to integrate 
this by introducing a time lag between the independent variables (most 
from 2015) and the dependent variable (from 2016). This lagged model 
confirmed our main results (Supplementary Table S5). 

Future studies could try to regard the exposure time, differ between 
accessibility and actual access, exploring whether better accessibility to 
unhealthy food does indeed lead to an increase in unhealthy food con
sumption. Currently such data, when available, tend to be used purely 
for individual-level studies. We recommend using these data for 
ecological studies as well, because they can answer different questions. 
Individual-level studies could investigate the lagged association be
tween food environmental characteristics and obesity by using longi
tudinal data to gain insights into how long it takes until (changes) in the 
food environment lead to changes in BMI and the risk of obesity. 

5. Conclusion 

The findings of our ecological study for the Netherlands suggest that 
Dutch public health policies and urban planners should focus more on 
reducing unhealthy food supply than on expanding healthy food supply 
when they aim to reduce obesity prevalence. 

Attention is especially demanded in urban areas of the Netherlands 
and specifically in the Randstad region, which have the strongest asso
ciations between unhealthy fast food accessibility and obesity preva
lence, but also in the suburban and rural areas in the northeast, 
southwest, and southeast that showed high obesity clusters, which are 
linked to their socio-demographic and socio-economic situation. 

The larger importance of the wider food surroundings compared to 
the immediate food surroundings thus calls for a superordinate policy 
strategy across municipal administrative borders in fighting obesogenic 
food environments. 
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