
Abstract
As a leading cause of morbidity and premature mortality, obe-

sity has become a major global public health problem. It is there-
fore important to investigate the spatial variation of obesity preva-
lence and its associations with environmental and behavioral fac-
tors (e.g., food environment, physical activity), to optimize the tar-
geting of scarce public health resources. In this study, the geo-
graphic clustering of obesity in the Netherlands was explored by
analyzing the local spatial autocorrelation of municipal-level
prevalence rates of adulthood obesity (aged ≥19 years) in 2016.
The potential influential factors that may be associated with obe-
sity prevalence were first selected from five categories of health-
related factors through binary and Least Absolute Shrinkage and
Selection Operator (LASSO) regressions. Geographically
Weighted Regression (GWR) was then used to investigate the spa-
tial variations of the associations between those selected factors
and obesity prevalence. The results revealed marked geographic
variations in obesity prevalence, with four clusters of high preva-
lence in the north, south, east, and west, and three clusters of low
prevalence in the north and south of the Netherlands. Lack of
sports participation, risk of anxiety, falling short of physical activ-
ity guidelines, and the number of restaurants around homes were

found to be associated with obesity prevalence across municipali-
ties. Our findings show that effective, region-specific strategies
are needed to tackle the increasing obesity in the Netherlands.

Introduction
Obesity is abnormal or excessive fat accumulation that con-

tributes to an increased risk for several chronic diseases, including
type 2 diabetes, osteoarthritis, various ischemic heart diseases, and
certain types of cancers (Elmokhallalati et al., 2019; Jia et al.,
2017; WHO, 2004a). Obesity can severely affect individuals’ psy-
chosocial state and quality of life (Pouliou and Elliott, 2009). The
Body Mass Index (BMI, kg/m2), calculated by dividing one’s
weight (in kg) by the square of one’s height (in m), has been wide-
ly used as a measure of adulthood overweight (BMI≥25) and obe-
sity (BMI≥30), according to the standards of the World Health
Organization (WHO, 2014b). The global prevalence of adulthood
obesity nearly tripled from 4.5% to 12.8% during 1975-2016,
accounting for 0.7-2.8% of the total national healthcare expendi-
tures worldwide (Abarca-Gómez et al., 2017; Arroyo-Johnson and
Mincey, 2016; FAO et al., 2017; Withrow and Alter, 2011; Zhang
et al., 2020b).

In the Netherlands, the mean BMI among adults reached 25.4
kg/m2 in 2014, which exceeds the standard for overweight.
According to the World Health Organization (WHO, 2014b), the
crude adjusted estimates of the prevalence of adulthood obesity in
the Netherlands (19.9%) was higher than the average level world-
wide (12.8%) in 2014. The obesity prevalence among adults in the
Netherlands has been examined in some studies. For example,
Visscher et al. (2002) reported that the obesity rate of their sample
(51,067 people) in the Netherlands has steadily increased from
1976 to 1997 in nearly all age categories. The highest obesity
prevalence was found from 1993 to 1997, among men and women
with relatively low and high educational levels, respectively.
Schokker et al. (2007) observed the trend of adulthood obesity
from 1981 to 2004, and found that the prevalence of obesity
increased from 4% to 12% for males and from 6% to 12% for
females. Factors associated with obesity were also studied. For
example, based on data from postal and online questionnaires,
Bunt et al. (2017) analyzed the relationship between BMI and per-
sonal characteristics, including age, ethnicity, marital status, edu-
cation level, and income, among men and women based on multi-
ple logistic regression. However, few studies have investigated the
spatial pattern of obesity prevalence. van de Kassteele et al.
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(2017) used a structured additive regression model to estimate the
obesity rate and 25 other health-related indicators across neighbor-
hoods, districts, and municipalities based on data collected from
387,195 people in 2012. However, most if not all studies have been
conducted based on individual samples. None of existing studies
have examined geographic clustering and region-specific determi-
nants of obesity in the Netherlands.

Identifying influential factors and their local associations with
obesity prevalence are important to target scarce public health
resources as well as suggest region-specific interventions (Bethell
et al., 2010; Cobb et al., 2015). The factors that potentially con-
tribute to obesity prevalence are various (Jia et al., 2019b; Jia et
al., 2019g; Li et al., 2019; Wang et al., 2020; Xu et al., 2020; Yang
et al., 2020; Zhang et al., 2020a). Least Absolute Shrinkage and
Selection Operator (LASSO) is an efficient and stable way to iden-
tify multicolinearity and select significant influential factors from
a set of candidate factors (Tibshirani, 1996). For instance, Guo et
al. (2015) used a LASSO-based method to select factors relevant
to the hepatitis B virus (HBV) infection. Zhang et al. (2018)
applied the LASSO model to dietary data and identified dietary
patterns related to risk factors for cardiovascular diseases. The spa-
tial variation of the relationship between obesity prevalence and
associated socio-economic and behavioral factors can be identified
by Geographically Weighted Regression (GWR), which is a
method extended from the traditional regression framework
(Fotheringham et al., 1998). GWR estimates local rather than glob-
al parameters (i.e., coefficients) of variables over space (Fraser et
al., 2012). Shahid and Bertazzon (2015) studied the spatial rela-
tionship between neighborhood walkability and child obesity
prevalence in Calgary, Canada. The authors employed GWR to
identify the vulnerable neighborhoods where targeted interven-
tions are most needed. With an increasing number of candidate fac-
tors that potentially relate to obesity prevalence, machine learning
offers effective methods such as LASSO for variable selection.
The most relevant influential factors identified using the LASSO
model were further combined with GWR to explore their region-
specific associations with obesity prevalence. 

To the best of auhtor’s knowledge, this study for the first time
explored geographic clustering of obesity prevalence and their
region-specific environmental and behavioral determinants in the
Netherlands. The spatial unit of our anaysis is the municipality as
this level is suitable for both national and local policy-makers to
design and implement interventions for controling and preventing
obesity (Jia et al., 2019c; Jia et al., 2019e). This study would con-
tribute to our understanding of the influential factors driving obesity
issues in the Netherlands, and provide evidence for region-varying
strategies to mitigate obesity prevalence at an actionable level.

Materials and methods 

Datasets
The municipality-level obesity rates among the Dutch popula-

tion aged ≥19 years in 2016 were acquired from the Public Health
Monitor, a national database designed by Statistics Netherlands
(CBS), the Municipal Health Service (MHS), and the National
Institute for Public Health and the Environment (RIVM) (National
Institute for Public Health and the Environment, 2016). Five cate-
gories of factors (details presented below) that are potentially asso-
ciated with obesity were obtained from CBS and the RIVM, also

for 2016 (National Institute for Public Health and the
Environment, 2016; Statistics Netherlands (CBS) 2018). 

Variables

Outcome variable
The municipality level obesity rates were calculated on the

basis of self-reported height and weight collected from 457,153
people through a nationwide questionnaire survey in 2016. Obesity
was defined as BMI ≥ 30 kg/m2. Detailed information about the
method for producing obesity rate data can be found in the study
of van de Kassteele et al. (2017)

Explanatory variables
Physical Activity (PA) and dietary behavior (e.g., fat intake

and alcohol consumption) are decisive to human energy intake and
consumption (Arredondo et al., 2019). In this study, PA was
approximated by using four indicators: 1) % of sports participa-
tion, calculated as the percentage of persons that engage in sports
activities at least once a week; 2) % of meeting PA guidelines,
measured as the percentage of people who meet the guidelines for
physical exercise proposed by the Ministry of Health, Welfare, and
Sports of the Netherlands; 3) % of population with one or more
chronic conditions (lasting for six months or longer); 4) % of mov-
ing restrictions, calculated as the percentage of the population with
limitations of movement. As part of dietary behaviors, alcohol con-
sumption is often related to overweight and obesity, since alcohol
energy (7kcal/g) is likely to be a contributing factor to weight gain,
and unhealthy alcohol consumption habits also have an impact on
the development of obesity (Traversy and Chaput, 2015; Yoon et
al., 2016). We included alcohol consumption data, which show the
percentage of people aged 19 and older who drink zero or a maxi-
mum of one glass of alcohol per day as a variable. Socio-demo-
graphic factors including age, sex, ethnicity, income, and educa-
tion level are also related to obesity (Cook et al., 2017). The per-
centage of different age groups (i.e., 15-24, 25-44, 45-64, and 65
and older (years)), ethnic groups (e.g., Western immigrants
(Europe, North America) and immigrants from Morocco, the
Antilles and Aruba, Suriname, and Turkey), and the number of
men and women were included in this study. Moreover, we
employed mental status factors, including the risk of anxiety and
loneliness, which were estimated through a questionnaire survey
conducted by the Public Health Monitor (National Institute for
Public Health and the Environment, 2016). 

Environmental factors, including the food environment (e.g.,
the number of fast food outlets and the diversity of food choices)
and the PA environment, are related to the individual weight status.
The factors of food environments, such as the number of fast food
outlets and the diversity of food choices, indirectly affect energy
intake and are related to the obesogenic environment (Fraser et al.,
2012). We employed the average road distance from the addresses
of residents to the nearest large supermarkets (area larger than
150m2), small food stores, department stores, fast food restaurants,
and restaurants as our food environment factors. The average num-
ber of these locations within a road distance of 1, 3, and 5 km
(from the addresses of residents) were also used. Factors of the PA
environment, like the neighborhood built environment, public
transport use, and crime rates, are closely related to walkability
and PA (Huang et al., 2015). Also, a high residential density can
lead to a vibrant street life, which can make people more physical-
ly active (Jia et al., 2019d). In this study, we used the crime rate
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(for violent and sexual crimes), the residential density
(addresses/km2), and the average number of recreational attrac-
tions (e.g., amusement parks, zoos, indoor playgrounds) within
road distances of 10, 20, and 50 km. The average road distance
from the addresses of residents to the nearest main traffic network
(i.e., national and provincial roads), train stations, transfer stations
(i.e., railway stations that allow travelers to transfer between dif-
ferent trains), and recreational attractions (e.g., amusement parks,
zoos, indoor playgrounds) were also used.

Analysis methods

Identification of spatial clusters
The spatial pattern of obesity prevalence in the Netherlands

was explored by analyzing the global Moran’s I (which measures
the overall spatial clustering of obesity prevalence) and the Local
Indicators of Spatial Association (LISA) (which measures the
degree of spatial autocorrelation of obesity prevalence at each spe-
cific location). The global Moran’s I (1) can be used to quantify the
overall spatial characteristics (e.g., dispersed, random, and clus-
tered) of a geographic phenomenon (Moran, 1950):

                                        
(Eq. 1)

where N represents the number of spatial units indexed by i and j;
x is the variable of interest (obesity rate); x − is the mean of x; wij is
a matrix of spatial weight with zeros on the diagonal (i.e.,wii=0 );
and W is the sum of wij . The result of the global Moran’s I ranges
from -1 to 1, in which “1” suggests a perfect positive spatial auto-
correlation (high and low values clustered, respectively), and “-1”
means a perfect negative spatial autocorrelation (perfectly dis-
persed) (Fu et al., 2014).

After confirmation of the existing global spatial autocorrela-
tion, the LISA was used to assess the location, scope, and degree
of the spatial autocorrelation of obesity prevalence. In this study,
the local Moran’s I (2) (Anselin, 1995) was employed to calculate
the local spatial autocorrelation:

                                        
(Eq. 2)

where xi is the value of interest (i.e., obesity rate) at location i; x −
is the mean of all x; xj is another location (where i ≠ j); σ2 repre-
sents the variance of x; and wij is the distance between xi and xj. In
particular, Ii≥E(Ii) means that there are units with a similar value
surrounding Ii and if Ii<E(Ii ), there are negative spatial autocorre-
lations between the unit Ii and the surrounding units. The LISA
uses a Monte Carlo permutation approach to test the local Moran’s
I result for significance. In the Monte Carlo permutation, the obe-
sity rate in each municipality was randomly assigned. For each
permutation, the local Moran’s I was calculated. By comparing our
observed local Moran’s I and the distribution of values from the
Monte Carlo permutation, the significance of our observed local
Moran’s I was tested. The results of the LISA significance map
consist of five categories of obesity regions: i) “high-high” regions
indicate a high obesity rate clustering; ii) “low-low” regions indi-
cate a low obesity rate clustering; iii) “low-high” and iv) “high-
low” regions indicate significant negative spatial autocorrelations;

v) “not significant” regions indicate that no spatial autocorrelation
existed. The calculation of the global Moran’s I and LISA were
processed in GeoDa 1.14.0 (Anselin et al., 2006). The major steps
of this study are shown in the flowchart of Figure 1.

Identification of influential factors
The selected explanatory variables were not all equally impor-

tant for obesity in the Netherlands. To extract the most influential
factors, two subsequent analyses were conducted. First, binary
regression was performed between each variable and the obesity
rate. Variables that were statistically significant under a signifi-
cance level of 0.05 were selected. After that, LASSO regression
(Tibshirani, 1996) was utilized to select important variables.
Instead of minimizing the sum of residuals, LASSO regression
minimizes the sum of squared residuals subject to a constraint: 
∑|βj|≤t, where βj is the p-vector of parameters (Fu, 1998). Because
of the nature of this constraint, according to Tibshirani (1996), it
tends to set some coefficients to 0 and therefore removes unimpor-
tant variables (variables that cause a large variance which reduce
the accuracy of the prediction). LASSO regression can also
remove multicollinear variables, which allows LASSO regression
to treat data with high dimensions in a time-efficient way. By using
LASSO regression, we were able to select the most relevant influ-
ential factors and remove multicollinear variables simultaneously.
A 20-fold cross-validation was used to tune the regularization
parameter of LASSO regression and to save variables with non-
zero coefficients. The calculation in this section was processed in
R 3.5.1 (R Core Team, 2018).

                                                                                                                                Article
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Figure 1. Flowchart of identifying geographic clustering and
influential factors of obesity prevalence, and ranking local influ-
ential factors by importance. LISA: Local Indicators of Spatial
Association; LASSO: Least Absolute Shrinkage and Selection
Operator.
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Ranking of local influential factors 
In this stage, an Ordinary Least Squares (OLS) regression was

utilized to explore the global relationship between obesity preva-
lence and the selected influential factors. GWR was subsequently
utilized to examine the variations of the relationship between obe-
sity and the identified covariates across municipalities in the
Netherlands. GWR (4) was defined by Fotheringham et al. (1998):

                           
(Eq. 3)

where (ui,vi) represents the coordinates of the ith point in space (i.e.,
center of the ith municipality); ak (ui,vi) is the spatial function of the
kth parameter of sample i; xik is the value of the kth variable at point I;
and e is the random error, assumed to be normally distributed. 

By introducing geographic coordinates into traditional regres-
sion, GWR permits the parameters to differ across regions. Unlike
the OLS, which produces coefficients based on the number of vari-
ables, GWR generates coefficients across all samples, which means
that every municipality in the Netherlands has its own coefficients.
The importance of each influential factor in each municipality can be
evaluated based on these coefficients. The results of GWR were cal-
culated in the software environment GWR 4.0.8 (Nakaya et al.,
2009). A Gaussian GWR model was chosen based on the continuous
outcome variable (i.e., municipal level obesity rate). An adaptive
kernel width was used, and the optimal bandwidth of 60 was applied
on the basis of a minimum corrected Akaike information criterion.

Results

Spatial clusters of obesity prevalence
The result of the global Moran’s I was 0.547 with a z-score

equal to 16.87 and a p-value nearly equal to 0, which indicated that
the spatial pattern of obesity prevalence in the Netherlands was not
randomly distributed. In addition, by using the local Moran’s I, the
LISA demonstrated that four major clusters with a higher obesity
prevalence (red color) existed in the north, south, east, and west of
the Netherlands (Figure 2). Three clusters with a lower obesity
prevalence were also found in the north and south of the
Netherlands.

Influential factors of obesity prevalence 
Thirty variables were selected by using the binary regression

with p<0.05. LASSO regression was used to further select nine
variables that were strongly related to obesity prevalence: % of
sports participation, % of chronic conditions, % of meeting PA
guidelines, % of moving restrictions, average distance from
addresses of residents to transfer stations, % of Turkish population,
risk of anxiety, average number of restaurants within 1 km (from
the addresses of residents), and average number of attractions
within 10 km (from the addresses of residents) were strongly asso-
ciated with the obesity rates of municipalities in the Netherlands.

                   Article

Figure 2. (a) Obesity prevalence map and (b) geographic clustering map of obesity prevalence. LISA: Local Indicators of Spatial
Association.
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Importance of local influential factors
GWR and the 9 variables listed above were used to measure

the spatial variation of the relationship between influential factors
and obesity prevalence. Characteristics of these variables and obe-
sity prevalence are shown in Table 1. Results showed that GWR
performed better than OLS, given the higher adjusted R-square
(0.76) and the lower Akaike Information Criterion (1184.03)
(Table 2). 

Using the mean coefficient values of the influential factors
identified by GWR, the importance of the influential factors in
explaining obesity prevalence could be ranked (Table 3). The % of
sports participation was the most influential factor with respect to
obesity prevalence in the Netherlands. Following that, associations
of risk of anxiety, % of meeting PA guidelines, average number of

restaurants within 1 km, and % of chronic conditions with obesity
prevalence were also found.

The relative importance of the influential factors was separate-
ly ranked for each of the seven identified spatial clusters of high or
low obesity prevalence (Figure 3). In the northern clusters of high
obesity prevalence, % of sports participation was shown to be the
most important factor. In the southern cluster of high obesity
prevalence, % of chronic conditions and risk of anxiety were pos-
itively associated with obesity prevalence, whereas % of sports
participation and % of meeting PA guidelines showed a negative
contribution to obesity prevalence. For the eastern cluster of high
obesity prevalence, sports participation and anxiety were the most
important factors. The % of meeting PA guidelines was the most
influential factor with respect to obesity in the western cluster of
high obesity prevalence.

                                                                                                                                Article

Table 1. Statistics of obesity prevalence and the selected influential factors and across municipalities in the Netherlands.

Variable                                                                     Min.                    Median                   Mean                  Max.              Standard deviation
Outcome variable

Obesity rate (%)                                                                               9                                   15                                 14.54                             22                                       2.19
Influential factors

% of the Turkish population                                                           0                                    0                                   1.05                              10                                       1.72
Average number of restaurants within 1 km                             0.1                                 3.1                                 4.25                            51.7                                     4.46
Average road distance to transfer stations (in km)               1.3                               12.25                              14.49                           63.1                                     9.68
Average number of attractions within 10 km                             0                                   1.1                                 1.50                             7.8                                      1.39
Risk of anxiety (%)                                                                          31                                  42                                 41.91                             56                                       4.62
% of meeting PA guidelines                                                           35                                 50.5                               49.81                             66                                       4.48
% of moving restrictions                                                                 6                                   10                                  9.89                              17                                       1.79
% of chronic conditions                                                                 27                                  34                                 34.13                             45                                       2.94
% of sports participation                                                               35                                  49                                 48.95                             63                                       5.48

Table 2. Results of Ordinary Least Squares (OLS) regression and Geographically Weighted Regression (GWR).

Model                                        Bandwidth               AIC*                         R-square                       Adjusted R-square                   F-test

GWR                                                                 60                           1,184.03                                   0.7903                                                 0.7633                                        3.8078
OLS                                                                 N/A                        1,262.7143                                 0.707                                                     0.7                                             N/A
*AIC: Akaike Information Criterion

Table 3. Summary of the coefficients of the influential factors measured by geographically weighted regression.

Variable                                                                               Mean                      Standard deviation                     Range                   Median

% of sports participation                                                                          -0.8525                                           0.3056                                            1.2285                            -0.9062
Risk of anxiety                                                                                              0.5699                                            0.1502                                            0.5706                             0.5653
% of meeting PA guidelines                                                                      -0.4019                                           0.3143                                            1.2602                             -0.259
Average number of restaurants within 1 km                                        -0.3792                                           0.1007                                            0.3972                            -0.3522
% of chronic conditions                                                                             0.3760                                            0.1566                                            0.5819                              0.399
% of Turkish population                                                                             0.2978                                            0.0889                                            0.3731                             0.3114
Average road distance to transfer stations                                           0.2047                                             0.099                                             0.4174                             0.1864
% of moving restrictions                                                                            0.1258                                             0.278                                             0.9926                             0.0214
Average number of attractions within 10 km                                        -0.1115                                           0.0532                                            0.2521                            -0.1164
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Discussion
Many studies have explored the spatial patterns of obesity

prevalence in various countries and regions, including the United
States (Michimi and Wimberly, 2010), Canada (Hajizadeh et al.
2016), the United Kingdom (Fraser et al. 2012), Iran (Farhadian et
al., 2013), and mainland China (Cui et al., 2018). However, in the
Netherlands, similar efforts have been mostly focused on temporal
variations of obesity prevalence or on factors that are associated
with obesity at the individual level. In contrast, limited efforts have
been focused on the identification of spatial clusters of obesity
prevalence at the municipality level, which is more suitable for
stakeholders and decision-makers to understand the public health
implications of the obesity problem and its potential resolution by
implementing relevant policies that focus on the reduction of obe-
sity (which are often targeted at the local government level). To fill
this gap, we systematically examined the spatial pattern of obesity
prevalence across municipalities in the Netherlands in 2016, as
well as the impacts of environmental and social demographic fac-
tors on obesity-clustering regions.

Based on the combination of spatial analysis techniques and
obesity-related data, this study represents the first effort to map
municipality-level obesity spatial clusters in the Netherlands. The
results of the global spatial autocorrelation identified by the global
Moran’s I suggested a significant spatial heterogeneity of obesity
prevalence across municipalities in the Netherlands. Such spatial
heterogeneity was also found in many other countries and regions
at different scales (Michimi and Wimberly, 2010; Pouliou and
Elliott, 2009). Additionally, the significant local clusters identified
by the LISA demonstrated the spatial connections among high and
low obesity rate regions. Therefore, policies should target public
health resources more towards these “high-high” regions. In addi-

tion, from the perspective of our GWR results, the relationship
between influential factors and obesity prevalence in these “high-
high” regions were area-specific. For the western cluster of high
obesity prevalence, the most influential factor was % of meeting
PA guidelines. By taking the low sports participation rate in this
region into account, it is believed that developing campaigns to
stimulate physical exercise and increase sport participation in this
region could be an effective means to lower the obesity prevalence
(Brockmann and Ross, 2020; Keane et al., 2017). Moreover, high-
er sports participation was the main factor associated with the
lower obesity rate in the two northern clusters of low obesity
prevalence. Improving the sports participation rate thus appears to
be an effective way to mitigate obesity prevalence in the
Netherlands, and greater efforts should be undertaken to popular-
ize sport in regions where participation rates are low. In the eastern
cluster of high obesity prevalence, the risk of anxiety was the sec-
ond largest contributor to obesity prevalence, after lack of sports
participation. Many studies have revealed the correlation between
anxiety/depression and obesity (Baumeister and Harter, 2007;
Petry et al., 2008). Here, it is suggested that targeting anxiety – for
instance through the improved provisioning of mental health
resources (Heuzenroeder et al., 2004), including public education
literature and access to medical care – may be useful for reducing
the burden of obesity in this region. This could also apply for pre-
venting anxiety, which was another factor contributing to obesity
across all regions. For the northern cluster of high obesity preva-
lence, limitations on movement was a major factor for the higher
obesity rates. Region-specific actions that can mitigate the obesity
prevalence here could include improved urban planning for pedes-
trian-friendly surfaces and access to greenspaces and other public
venues (Durand et al., 2011). 

There are several limitations in this study. First, the cross-sec-
tional dataset used in this study cannot provide temporal compar-

                   Article

Figure 3. Mean coefficient values of municipalities in seven obesity clusters.  Names of clusters: HH = high obesity prevalence clusters;
LL = low obesity prevalence clusters. Names of influential factors: Transfer station = Average road distance to transfer stations;
Attractions = Average number of attractions within 10 km; Restaurants = Average number of restaurants within 1 km.
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isons for result verification. This needs to be further confirmed in
future studies with additional datasets featuring relevant time-
series information (Jia et al., 2019a; Jia et al., 2019f). Second,
although we used binary regressions to confirm the significance of
influential factors, we did not conduct significance tests on the
coefficient results from GWR, which means that some coefficients
at some locations may not be robust. It would be more suitable,
whenever possible, to conduct significance tests on the coefficients
from GWR based on different methods, such as the Monte Carlo
simulation. Third, this study was constrained by a lack of data on
income and educational level, which could be significant factors
influencing obesity prevalence (Chen et al., 2015; Ogden et al.,
2017). Lastly, during the selection of influential factors, the used
binary and LASSO regression only took the global relationship
between obesity prevalence and explanatory variables into
account. It is more suitable to conduct binary and LASSO regres-
sion locally (i.e., conduct binary and LASSO regression for each
identified cluster), so the spatial variation of the relationship
between obesity prevalence and influential factors could be
explored more explicitly in the GWR.

Conclusions 
The main conclusions of this study are as follows: First, obesi-

ty prevalence in the Netherlands exhibits strong spatial patterns.
Four areas with significantly higher and three areas with signifi-
cantly lower obesity rates were identified; Second, the lack of
sports participation, risk of anxiety, falling short of PA guidelines,
and the number of restaurants around homes were highly related to
obesity prevalence across different municipalities. Effective
actions, such as strengthening the public education of PA and
increasing the public health resources for preventing anxiety,
should be adopted; Third, the influential factors driving obesity
prevalence in the four high-obesity prevalence clustering areas
were not the same. This suggests that specific public health
resources and prevention strategies should be targeted to different
regions based on the varying combinations of environmental and
socioeconomic risk factors that affect obesity.
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