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Abstract

The benefits of natural environments on mental health have been documented in numerous studies. In spite of this, the underlying
mechanisms by which different elements of natural environments affect mental health, and especially eating disorders, are still
largely unknown. In this study, we use remote sensing time series from the Landsat missions to associate a degree of exposure to
natural vs urban environment of 659 individuals with diagnosed eating disorders (ED), such as anorexia, bulimia, purging, binge
(BED), who constitute our cases. We also obtain data from 39 individuals not affected by eating disorders that comprise our control
group. We explore associations between growing up surrounded by areas with a higher NDVI to individuals affected by ED. A
Cox regression model was used to estimate rates as relative risk ratios and then adjusted for potential confounding from other
known risk factors. The results of the Cox regressions show that the relative risk of developing ED is lower for children growing
up in environments with a higher NDVI. Rates did not notably change by adjustment for GDP (a proxy for socioeconomic status),
elevation, CO2 and population. In conclusion, we found that growing up surrounded by greener settings may lower the risk of
eating disorders by some 33%. According to our findings, ensuring access to natural environments is crucial for improving public
health and creating not only more sustainable but also more livable cities.

1. Introduction

Eating disorders affect 4 to 5% of the Italian population Grave
et al. (1997) and contribute to functional impairment, however,
few studies have identified risk factors that contribute to the
onset of anorexia nervosa (AN), bulimia nervosa (BN), binge
eating disorder (BED), and purging disorder (PD). Identifying
risk factors specific to each eating disorder is critical for ad-
vancing etiologic knowledge and designing effective prevention
programs. The epidemiological studies on eating disorders in
Italy are available on a few published papers which are San-
tonastaso et al. (1996) and Ruggiero et al. (2001), with few
available studies focusing on Padua including Santonastaso et
al. (1996); Favaro et al. (2003). Therefore, the present study
is a valuable addition focusing on a specific Italian area in the
province of Padua.

There is extensive research exploring various genetic, psycho-
social, and cultural factors contributing to the onset of eating
disorders Polivy and Herman (2002); Blodgett Salafia et al.
(2015); Culbert et al. (2015); Striegel-Moore and Bulik (2007);
Cash and Deagle III (1997), and there is a growing recognition
of the potential influence of environmental factors, particularly
the accessibility and presence of green spaces during the child-
hood years Hay and Mitchison (2021); Engemann et al. (2019).

Existing evidence has consistently demonstrated the mental health
benefits associated with interaction with natural environments,
including reduced stress, improved overall well-being, and en-
hanced psychological resilience Tillmann et al. (2018); Wells
(2021); Mantler and Logan (2015). However, the specific im-
pact of childhood exposure to green spaces on the risk of devel-
oping eating disorders remains a relatively underexplored ter-
rain.

To investigate this hypothesis, we have adopted the Cox propor-
tional hazards regression model. Cox regression offers an ap-
proach to assess the hazard of developing eating disorders over
time while accounting for an array of covariates and potential
confounding factors Spruance et al. (2004). This methodology
allows us to analyze whether individuals who spent their child-
hood in proximity to green spaces exhibit a reduced risk of de-
veloping eating disorders during their later years in the Italian
region of Padua, controlling for various demographic, socioeco-
nomic, and one biophysical variable. In this study, we use the
mean NDVI (Normalized Difference Vegetation Index) around
the residence of each individual to assess the level of green ve-
getation in the immediate vicinity of their homes during child-
hood. NDVI is a widely used and well-established measure of
vegetation health and density, and it has been employed in vari-
ous environmental and public health studies Rugel et al. (2017).

In this study we control for an array of covariates, to disentangle
the nuanced interactions between childhood green space expos-
ure and the risk of developing eating disorders. In addition to
the empirical analysis, we will incorporate pertinent research
findings and scientific evidence throughout this study. They
will help in contextualizing the significance of our investiga-
tion within the broader landscape of environmental determin-
ants of mental health. We use the Cox regression methodology,
to provide valuable insights into the potential role of childhood
green space exposure in preventing or mitigating the onset of
eating disorders, ultimately contributing to the development of
targeted interventions and public health initiatives in this do-
main.
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2. Materials and methods

2.1 Data

The first step in the data-gathering process is determining the
latitude and longitude of each address for the controls and cases
in the database. This is necessary because only addresses are
provided, not geolocations. We use the R software to con-
nect to different geocoding services that provide limited free
usage and that automatically convert addresses into coordin-
ates. We gauge the amount of perceived green by buffering the
NDVI surrounding 1 km of the individual’s residence using the
coordinates previously obtained in R. We calculate the mean
NDVI within the buffer for each available Landsat image the
period 1985-2022. The NDVI measures the difference between
the amount of light absorbed (red) and reflected (near-infrared)
(Engemann et al., 2019), it is calculated in the following way:

NDV I =
NIR−RED

NIR+RED
(1)

where NIR is the near-infrared and RED is the red band. NDVI
is a commonly used and effective measure of green space. Ap-
propriate cloud-masking procedures were carried out to remove
as much NDVI values that did not reflect the conditions of the
Earth surface in terms of vegetation.

In a study conducted by Reid et al. (2018), the researchers
aimed to determine the most effective method for gauging res-
idents’ perceptions of greenery in New York. They conducted
a comparative analysis of satellite imagery sources, including
Landsat, MODIS, and AVHRR, each offering different spatial
resolutions, where Landsat offered the highest spatial resolution
with a granularity of 30 m. The findings of the study suggested
that Landsat imagery closely approximated the way New York
residents perceive green spaces. However, the study also em-
phasized the importance of considering aggregation and buffer
size in the assessment. Specifically, it was discovered that for
Landsat imagery, a 500-meter buffer around a resident’s home
yielded the most accurate representation of their perception of
greenness. In contrast, for coarser imagery like AVHRR and
MODIS, a broader 1-kilometer buffer was found to be more
suitable, indicating that residents’ perceptions of greenery en-
compassed a larger area when using lower-resolution imagery.
Nevertheless, for the case of Padua we take into account the dis-
tinct characteristics of urban spaces with respect to New York,
which are likely larger. Therefore, we have chosen to imple-
ment a 1-kilometer buffer around residences, recognizing that
the buffer size should be tailored to the specific spatial features
of the urban environment of Padua.

The NDVI values were further aggregated over time using a
time window of 5 years, to further remove noise and smooth the
final value to something that represents the situation in terms of
how much vegetation is present around each individual. All the
procedures were carried out in the Google Earth Engine envir-
onment, for efficiency and memory efficiency .

The next step is to assign the NDVI value to each individual
considering during the exposure duing her/his childhood. We
import the NDVI results into R, where further calculations are
performed. All data processing and statistics were performed in
R using the packages readr, dyplr, tidyr, ggplot2, survminer, sf,
sp, magittr, lubridate, plyr, raster, rgdal and survival. The first
realization is that even if we have individuals who were born

before 1985, the Landsat images before that date are very hard
to find and to be atmospherically corrected and do not provide
reliable results. Therefore, we filter the database for individuals
born in and after 1985, with this filtering criteria, the original
database with 2390 individuals is reduced to 695, considering
both cases and controls. The next step is to create a new ag-
gregated NDVI index during childhood; this way of calculating
childhood NDVI was also performed. We did not consider the
year 0 of the individual and started the aggregation with the
nearest NDVI after this year. All individuals’ aggregated NDVI
stems from two different years during childhood - where we
consider childhood before age 12. The covariates are the mean
GDP around 1 km from the surroundings of the individual’s res-
idence, the covariate population was also calculated using this
same approach, on the other hand, CO2 was calculated at the
smallest administrative level in Italy (comune), the distance to
hospital was calculated on QGIS based on direct lines to the
hospital (the streets are not considered), year of birth was ob-
tained from the survey and the elevation was calculated pre-
cisely at the coordinates of the residence. These calculations
were performed in QGIS 3.28.8, and it is important to high-
light that all variables were normalized before the regression
to render the proportions comparable, in R we use the function
scale(). Table 1 displays the sources of the variables used in
this study.

Variable Spatial res-
olution

Source

NDVI 30m United States Geological
Survey

GDP 1km Wang & Fubao (2023)
CO2 Municipality Joint Research Data Centre
Year of Birth NA Survey
Distance to
hospital

NA Calculated in QGIS

Elevation 30m OpenTopography
Population 1km SEDAC

Table 1. Variable’s sources

2.2 Methods

The objective of our study is to investigate whether exposure to
green areas (e.g., parks, forests, green spaces) during childhood
has any impact on the risk of developing eating disorders in
adulthood.

The original idea of this project was to use a spatial economet-
ric method to understand if the spatial component played a role
in the association between eating disorders and green exposure
during childhood, however, after mapping the cases and con-
trols it soon became evident that the spatial distribution was
distorted by a different element than a natural spatial cluster-
ing. Thus, by determining the position of the psychiatric hos-
pital of Padua, it became evident that there was a problem with
the selection of the sample, since people were choosing to at-
tend the hospital because it was nearby, and only a very few
went from more distant places in the Province (see Figure 1).
This is a sampling error called auto-selection and does not al-
low us to properly calculate the relative risk at the municipality
level, which excludes using spatial regression or ecological re-
gression. On the other hand, Cox regression has been used in
previous studies to examine the association between eating dis-
orders and green exposure during childhood (Engemann et al.,
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2019, 2020), and for this reason we selected this method for this
study as well.

Figure 1. a) Location of the study area: the province of Padua,
and nearby municipalities; b) geolocation of cases, con-
trols and the psychiatric Hospital in the area.

Figure 2. NDVI map of Padua for the year 2022 calculated from
Landsat 8.

Figure 3. Spatial distribution of the variables used in this study
available in raster format.

2.2.1 Cox regression: Cox regression is a statistical method
widely employed in fields such as medical research and epi-
demiology that has a fundamental role in survival analysis. Its
purpose is to disentangle the intricate relationship between the
survival time of individuals and one or more predictor vari-
ables. In essence, Cox regression is a tool for understanding
the factors that influence the duration until a specific event of
interest takes place. This event can be of any type, ranging
from time until the development of symptoms of a disease -
which is the way we have calculated the survival time in the
present study - or until the failure of a mechanical component
or to mortality itself. The main element of the Cox regression
model in this study is the concept of the hazard function, it ex-
plains how the risk of developing eating disorders changes over

time, which is a valuable insight into the dynamics of the devel-
opment of the disease. By assuming that the hazard rate can be
expressed as a function of predictor variables, Cox regression
provides a powerful method for exploring and modeling com-
plex survival data, ultimately improving our understanding of
critical events and their determinants (Klein et al., 2003; Fox
and Weisberg, 2002). The Cox Proportional Hazard Model fits
the hazard rate as outlined in the following equation:

λ(t;x1, ..., xp) = λ0(t)·exp(β1 ·x1+β2 ·x2+...+βp ·xp) (2)

where λ(t) is the hazard rate at time t, λ0(t) is the baseline haz-
ard rate, representing the hazard when all predictor variables are
equal to zero, β is the coefficients associated with the predictor
variables X1, X2, ..., Xp, which measure the log-hazard ratio
and exp() the exponential function.

One of the key assumptions of Cox regression is that the hazard
ratios for the predictor variables are constant over time, mean-
ing that the effect of the predictors on the hazard rate remains
proportional (Hosmer Jr et al., 2011). In other words, it as-
sumes that the hazard (risk of experiencing the event of interest)
for one group compared to another group is constant and does
not change as time progresses. The proportional hazards as-
sumption is a fundamental assumption in Cox proportional haz-
ards regression, which is commonly used for survival analysis.
Mathematically, if we have two groups (e.g. cases vs. con-
trol), and we denote the hazard functions for these groups as
h1(t) and h2(t), respectively, the proportional hazards assump-
tion can be expressed as:

h1(t)

h2(t)
= constant (3)

This constant hazard ratio indicates that the relative risk
between the two groups is the same at all time points. When
the proportional hazards assumption is met, the hazard ratio
obtained from the Cox regression analysis is an interpretable
measure of relative risk (Kleinbaum and Klein, 1996).

Another element that is relevant for this type of study is being
aware of the censoring. In survival analysis, some individuals
may not experience the event of interest during the study period.
They may develop the disease later on in time. Their survival
times are said to be censored because we don’t observe the ac-
tual event time but only know that it has not occurred up to a
certain point (Hosmer Jr et al., 2011).

Finally, Cox regression models estimate the coefficients using
maximum likelihood estimation. These coefficients represent
the logarithm of the hazard ratio associated with each predictor
variable. A positive coefficient indicates an increased hazard,
while a negative coefficient indicates a decreased hazard. The
estimated coefficients can be used to interpret the effect of the
predictor variables on survival time. For example, a hazard ratio
greater than 1 suggests an increased risk of the event, while a
hazard ratio less than 1 signals a reduced risk (Armitage et al.,
2008).

3. Results

In the realm of statistical analysis, Cox proportional hazards
regression stands as a robust tool for investigating the factors
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that influence the timing of specific events. In this context, ex-
amining the results obtained from such an analysis sheds light
on the significance of various predictor variables and their im-
plications on survival times. Before adding further covariates to
the Cox regression we show the model with only NDVI as ex-
planatory variable. In the following two output tables (Tables 3
and 4), we will observe how and to which extent the addition of
new variables changes the NDVI coefficient, to test its stability.
We use this test as a sensitivity analysis of the NDVI coefficient
under varying covariates.

Variable Coefficient Hazard
Ratio

Std. Error(z)

NDVI −0.17∗∗∗ 0.84 0.04 (-4.65)
Concordance 0.546 0.01
Likelihood
Ratio Test

21.7∗∗∗

Wald Test 21.58∗∗∗

n 695

Table 2. Univariate Cox Regression Output: Model 1

In Table 2 the coefficient of NDVI of approximately -0.17 rep-
resents the estimated effect of a one-unit change in the scaled
NDVI on the hazard of developing an eating disorder (the
event). In this context, a negative coefficient indicates that an
increase in the scaled NDVI is associated with a decrease in the
hazard of the event, it is important to highlight that the univari-
ate model with only NDVI as explanatory variable is statistic-
ally significant.

Variable Coefficient Hazard
Ratio

Standard
Error

z

NDVI -0.39*** 0.67 0.06 -6.22
GDP -0.29*** 0.74 0.06 -4.65
CO2 0.1 1.10 0.11 0.89
birthYear 0.37*** 1.44 0.05 7.4
dist hosp -0.06 0.94 0.08 -0.8
elevation 0.1* 1.1 0.05 1.9
pop mean -0.19 0.82 0.14 -1.34

Concordance 0.63 0.01
Likelihood
Ratio Test

138***

Wald Test 134***
Score (lo-
grank)

138***

n 695

Table 3. Multivariate Cox Regression Output: Model 2

Each row within Table 3 corresponds to a distinct predictor vari-
able, which are GDP, CO2, year of birth (birthYear), distance
to hospital (dist hosp), elevation, and population (pop mean).

The coefficient is the central metric in the table, and it repres-
ents the estimated coefficient for each predictor variable, en-
abling us to quantify the degree of influence that each variable
wields.

In column 3, we have included the hazard ratio (HR, or expo-
nentiated coefficient) which constitutes a pivotal component of
our analysis. The HR offers valuable insights into how changes
in predictor variables can influence the hazard of the event of

interest, in our case it is the time to the first appearance of eat-
ing disorder symptoms. For instance, the NDVI coefficient is
−0.39 and the HR value is 0.59 which signifies that a one-unit
increase in the scaled NDVI corresponds to a substantial 33%
reduction in the hazard associated with the event - which is the
result of calculating: ((1−0.67) ·100). The coefficient and haz-
ard ratio of the variable population does not have the expected
negative sign, but in this case the coefficient is not significant,
and, therefore, we cannot be sure about the true value and true
sign of this coefficient.

The standard error (std. error) in column 4, is a metric that
provides an understanding of the precision of our coefficient
estimates, offering a measure of the inherent uncertainty asso-
ciated with our findings.

The z-statistic in column 5, is instrumental in quantifying how
many standard errors the coefficient estimate deviates from the
null hypothesis, aiding in the determination of statistical signi-
ficance (p-values).

It is important to highlight that our analysis can be extended
to the calculation of confidence intervals (CI), specifically the
lower .95 and upper .95 values (not available in our output
tables). These intervals provide us with a degree of confidence
(typically 95%) within which the true hazard ratio is likely to
fall. For instance, the 95% confidence interval for NDVI ranges
from -0.33 to 0.45, which is calculated by adding the std. error
(for the upper CI) and subtracting the std. error for the lower
bound.

We also have a measure of the concordance of the survival ana-
lysis model. The concordance index summarizes how well a
predicted risk score describes an observed sequence of events
. The concordance index also known as C-index assesses how
well the model distinguishes between individuals who exper-
ience the event of interest (e.g., disease onset, mortality) and
those who do not. The concordance index (C-index) in Cox
regression ranges from 0.5 to 1.0. A value of 0.5 indicates no
predictive ability, while 1.0 indicates perfect prediction Klein-
baum and Klein (1996); Harrell et al. (2001). In our table’s
result, the calculated value of 0.63 indicates a moderate level in
the model’s ability to correctly rank survival times.

We also have the Likelihood Ratio Test, which compares our
model with a null model, it yields a small p-value (p=2e-16),
signifying the statistical significance of our model with the in-
cluded predictors. The Wald Test, assesses the significance
of individual predictors within the model, it returns a p-value
of p=2e-15, also highlighting the significance of at least one
predictor. The Score (Logrank) Test, designed for hypothesis
testing in survival analysis, has an extremely small p-value
(p < 2e − 16) that indicates that the Cox proportional hazards
model significantly fits the data. This suggests that the predict-
ors included in the model collectively have a significant impact
on the hazard of the event, and the model provides a good fit to
the observed survival times.

The results from the Cox regression provide compelling evid-
ence of the significance of our Cox regression model. With
NDVI, GDP, CO2, distance to hospital, elevation, and popu-
lation as our predictors, our findings underscore the protective
effect of exposure to higher NDVI values during childhood, re-
ducing the risk by 33% of developing eating disorders.
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Variable Coef Hazard Ratio Std. Error z
NDVI -0.49* 0.61 0.07 -6.71
GDP -0.33** 0.71 0.07 -4.86
CO2 0.08 1.08 0.23 0.34
birthYear 0.36*** 1.43 0.05 6.90
dist hosp 0.15 1.16 0.12 1.20
elevation 0.10* 1.11 0.05 1.94
pop mean -0.03 0.97 0.20 -0.16

Municipalities of Padua, and Venetian municipalities of Stra and Vignovo

Albignasego -0.15 0.86 0.28 -0.53
Battaglia Terme 0.71 2.04 1.05 0.68
Borgo Veneto -16.35 0.00 1567.00 -0.01
Cadoneghe 0.02 1.02 0.33 0.06
Campo San Martino 0.91 2.48 1.04 0.88
Casalserugo -0.38 0.68 0.43 -0.88
Cervarese Santa Croce -0.07 0.93 0.55 -0.14
Due Carrare 0.84* 2.31 0.43 1.97
Este -1.02 0.36 1.15 -0.89
Galzignano Terme -0.06 0.94 0.76 -0.08
Limena 0.90** 2.46 0.41 2.21
Masera Di Padova -0.55 0.58 0.42 -1.31
Mestrino -0.68* 0.51 0.37 -1.86
Montegrotto Terme 0.35 1.41 0.36 0.97
Noventa Padovana -0.22 0.80 0.43 -0.52
Padova -0.15 0.86 0.39 -0.38
Piombino Dese -2.49** 0.08 1.08 -2.29
Piove di Sacco 0.46 1.58 1.06 0.43
Ponte di Brenta 0.80 2.22 1.07 0.75
Ponte San Nicola -0.01 0.99 0.38 -0.03
Rovolon -0.78 0.46 1.04 -0.75
Rubano -0.25 0.78 0.30 -0.83
Saccolongo 0.05 1.05 0.57 0.09
Sant Angelo di Piove di Sacco -0.46 0.63 1.02 -0.44
Saonara 0.10 1.11 0.32 0.31
Selvazzano Dentro 0.12 1.13 0.29 0.42
Solesino 0.20 1.22 1.11 0.18
Stra -15.41 0.00 1622.00 -0.01
Teolo 0.42* 1.52 0.39 1.07
Torreglia 0.54* 1.71 0.47 1.13
Veggiano -1.12 0.32 1.03 -1.09
Vigonza -0.27 0.76 0.74 -0.37

Concordance 0.64 0.01
Likelihood Ratio Test 189 2× 10−16

Wald Test 173 2× 10−16

Score (logrank) 192 2× 10−16

n 695
Number of events 656

Table 4. Multivariate Cox Regression Output: Model 3
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In the Cox regression output in Table 4 we have included the
different Paduan administrative areas in the regression, it is im-
portant to highlight that a few patients live outside the Paduan
region, in neighboring areas, these areas are Stra and Vignovo,
these areas are considered in maps 1 and 2. The use of the ad-
ministrative units as a covariate might be relevant to account for
municipality-level differences.

In this Cox regression output, we are modeling the survival data
with multiple predictors, including both continuous variables
and a categorical variable (municipalities of Padua). The results
suggest that NDVI, GDP, year of birth, Campo San Martino,
Limena, and Piombino Dese have significant negative coeffi-
cients. This means that an increase in these variables is associ-
ated with a decreased hazard of the event. On the other hand,
Due Carrare, elevation, Ponte di Brenta, Solesino, and Torreglia
have significant positive coefficients. This implies that an in-
crease in these variables is associated with an increased hazard
of the event. The other predictors, such as CO2, distance to
hospital, and many municipalities, do not appear to be statistic-
ally significant predictors of the hazard based on their p-values.
The Concordance value of 0.643 indicates the model’s predict-
ive accuracy, which in this case suggests a moderate predictive
performance. The Likelihood Ratio test, Wald test, and Score
(logrank) test are all highly significant (p < 2e−16), indicating
that the overall model is statistically significant.

After examining the three regression outputs - the univariate
model, the initial multivariate model, and the extended mul-
tivariate model that includes provinces - several trends become
evident. First, we notice a progressive decrease in the negative
value of the NDVI coefficient as we move from the first to the
third model. This suggests that the hazard reduction associated
with NDVI increases as we introduce additional variables into
the model.

Furthermore, it is noteworthy that in all three models, the NDVI
coefficient remains statistically significant, although its signi-
ficance level diminishes in the third model. This indicates that
NDVI continues to have a notable impact on the hazard, but
other factors introduced in the third model might be influen-
cing its significance. After considering these observations, we
lean towards the second model as the most reliable. The third
model, due to its inclusion of numerous additional coefficients
related to municipalities, could potentially introduce multicol-
linearity issues or lead to inflated coefficients, including the
NDVI coefficient. Therefore, the second model is more bal-
anced in terms of complexity and reliability in capturing the
relationship between NDVI and developing eating diroders.

4. Discussion

The analyzed database has enormous potential for improved
and more in-depth studies of the etiology of eating disorders.
First, we would suggest calculating a more reliable NDVI for
satellites before Landsat 5 (or NDVI’s before 1985), which
is the last Landsat satellite that offers top-of-the-atmosphere
(TOA) corrected images. Due to time constraints, we did not
atmospherically correct Landsat images before Landsat 5, if
done, this would allow the analysis of a big portion of controls
in the database. Even though we calculated the NDVI beginning
from 1972 (Landsat 1), the NDVI results cannot be relied on,
since the images lack the already mentioned TOA correction.

Additionally, it is important to note that while the survey of-
fers valuable insights, there are opportunities for enhancement

by considering additional variables. For example, incorporating
information about family history in relation to the disease can
provide a more comprehensive understanding of the interplay
between genetics and environmental factors in the development
of eating disorders. Also, incorporating data on parental educa-
tion and the educational background of the respondents them-
selves can offer valuable insights into the role of education in
overall well-being and its potential impact on eating disorder
development or prevention. Additionally, gathering informa-
tion on the individual’s mental health history can provide us
with a deeper understanding of how past mental health exper-
iences may influence the onset and progression of eating dis-
orders.

Furthermore, considering gender as a covariate would be an in-
teresting dimension to take into account. Research by Astell-
Burt et al. (2014) showed that the connection between green
spaces and mental health can differ between men and women.
They discovered that women, at certain ages, are more likely to
be influenced positively by green spaces compared to men.

Expanding our investigation to encompass a variety of natural
settings, including blue landscapes formed by water bodies,
presents an exciting avenue for research. By examining the in-
fluence of these diverse natural environments on mental health,
can give a more holistic understanding of how childhood en-
vironments may shape eating disorders in adulthood. This can
also be seen as an ecosystem service that forests bring to nearby
communities and that must be protected, especially if vulner-
able to the effects of climate change Kanan et al. (2023).

Another aspect worth noting is that phenology of green areas
has a specific seasonality that might be also be a necessary part
of the effect that it brings to the population. Remote sensing
can monitor also the phenology thanks to higher availability of
open data sources of imagery E. Kosczor et al. (2022). A close
relationship to the state of the green canopies is also related to
pathogens that might change the availability of healthy plants
Dalponte et al. (2023); this aspect is not considered, but might
be significant.

This broader perspective allows us to explore the positive im-
pact of natural settings on mental well-being and potentially
uncover strategies for enhancing mental health through envir-
onmental design.

In summary, while the current survey provides valuable in-
sights, there is great potential for enriching our understand-
ing by incorporating additional variables and by calculating the
NDVI for years before 1985. Exploring family history, educa-
tion, mental health, and gender as key factors can lead to more
comprehensive insights. Furthermore, broadening our study to
encompass various natural settings opens doors to understand-
ing the potential long-term benefits of childhood environments
on adult mental health outcomes.

5. Conclusions

The obtained Cox regression models consistently underscore
the significance of NDVI (Normalized Difference Vegetation
Index) in relation to the hazard of developing eating disorders.
This analysis provides valuable insights into the role of natural
environments in mental health, in particular eating disorders.

In Table 2, where we initially examine the univariate model
with only NDVI as the explanatory variable, the negative NDVI
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coefficient of approximately -0.17 signifies a critical finding.
It suggests that an increase in the scaled NDVI, representing
higher green space exposure, is associated with a decrease in the
hazard of developing eating disorders. In essence, this implies
that individuals who had greater access to green spaces during
childhood may have a lower risk of developing eating disorders
in later life. Importantly, this finding is statistically significant,
emphasizing the importance of natural environments in promot-
ing mental health. However, a univariate model offers lower
levels of reliability, a multivariate context is more robust, there-
fore we use this first model only as a benchmark model.

As we progress to Table 3, introducing multiple predictor vari-
ables into the model, NDVI’s significance remains intact. The
NDVI coefficient, of -0.39, reinforces the protective effect of
green spaces. The hazard ratio of 0.67 translates to a substan-
tial 33% reduction in the hazard for every one-unit increase
in scaled NDVI. This finding reaffirms that exposure to green
spaces not only remains a significant factor but also retains
its protective influence, even when considering other potential
variables that may affect the development of eating disorders.

Furthermore, in Table 4, where we incorporate different Paduan
administrative areas into the model, we continue to observe
the stability and significance of the NDVI coefficient. Des-
pite the added complexity of considering specific geographical
locations and potential variations in green spaces across these
areas, the NDVI coefficient remains negative at -0.49 and stat-
istically significant. This reiteration of the protective effect of
green spaces highlights its robustness as a contributing factor to
mental well-being. The hazard ratio of 0.61 indicates a 39% re-
duction in the hazard for each one-unit increase in scaled NDVI,
further emphasizing its role in reducing the risk of eating dis-
orders.

In conclusion, our Cox regression analysis consistently demon-
strates that exposure to green spaces, as measured by NDVI,
plays a pivotal role in reducing the hazard of developing eat-
ing disorders. This finding suggests that promoting access to
natural environments during childhood may contribute signific-
antly to mental health and well-being in adulthood. Even as
we account for various potential confounding factors and geo-
graphical differences, the protective effect of green spaces re-
mains a strong and statistically significant predictor.

The implications of these results advocate for policies and inter-
ventions aimed at increasing access to green spaces, particularly
during the formative years of childhood. Such efforts may have
a positive impact on mental health outcomes and potentially re-
duce the incidence of eating disorders. The second model, with
its inclusion of multiple predictors and the consistent signific-
ance of NDVI, emerges as a reliable framework for further ex-
ploration of the relationship between natural environments and
mental well-being.
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