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Abstract

Background: Greenspace exposure has been suggested to be associated with a range of
health outcomes. The available evidence on the association of this exposure with cancer is
still very scarce and inconsistent.

Objectives: We aimed to study the association between greenspace exposure and all-site and
site-specific (prostate, breast, colorectal, bladder, lung, and malignant melanoma of skin)
cancer incidence in the GAZEL cohort.

Methods: This study was based on over 27 years of follow-up (1989-2016) of 19,408
participants across France. We assessed the residential greenspace exposure within several
buffers as well as residential proximity to green spaces (agricultural, urban, and forests) in
each follow-up. We used time-dependent Cox models, controlling for time-varying personal
and area-level variables, with different lags between exposure and outcome. Additional
analysis was conducted according to the urban-rural residence of the participants’ over
follow-up.

Results: Over the 294,645 person-years of follow-up, we registered 4,075 incident cases of
cancer. We found an increase in the risk for all-sites cancer with an inter-quartile range
increase of Normalized Difference in Vegetation Index across different buffers (hazard ratio
(HR) of 1.08; 95% CI: 1.02, 1.14 for the 100m buffer). We found a positive association of all-
sites cancer with proximity to agricultural lands (HR: 1.03; 95% CI: 1.00, 1.05), and forests
(HR:1.04; 95% CI. 1.00, 1.07), but not with urban green spaces. The cancer site-specific
analyses suggested a protective role of greenspace for breast, lung, and colorectal cancers
(e.g. breast cancer HR at 100m buffer: 0.82; 95% CI: 0.69, 0.99). Non-significant associations
were observed for prostate, bladder, and skin cancer. Stratified analyses based on urban, semi-

urban, and rural classification did not suggest any differential pattern.



Conclusion: We identified an increased risk of all-site cancer with increased greenspace and

proximity to agricultural lands and forests; whereas potential protective role of greenspace for

breast cancer.
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1. Introduction

More than half of the world’s population is already living in urban areas (in
2014, 48% in the less developed regions, and 78% in the more developed
countries), and this proportion is continuously increasing (United Nations
Population Division 2014). Urbanization leads to diminished human contact
with the natural environment and increased exposure to anthropogenic
pollutants. Natural environments such as greenspace (i.e. land at least partly
covered with vegetation) can mitigate part of the adverse health effects of
urbanization imposed on the human (Markevych et al. 2017; Twohig-Bennett
and Jones 2018). Emerging evidence on the association between exposure to the
natural environment, and more specifically greenspace, suggest potential
beneficial effects of greenspace on human mental and physical health and well-
being (Groenewegen et al. 2006; Markevych et al. 2017). The proposed
pathways underlying such benefits are suggested to be improved social cohesion
and physical activity, reduced stress, and decreased exposure to environmental

pollutants such as air pollution, noise, and heat (Markevych et al. 2017).

A limited body of evidence has evaluated a potential association of greenspace
exposure with the risk of cancer; however, the results have remained
inconsistent. While some studies have reported a protective association of this

exposure with cancer (Datzmann et al. 2018; O'Callaghan-Gordo et al. 2018),
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others have reported an increased risk of cancer associated with this exposure
(Astell-Burt et al. 2014; Carles et al. 2017; Richardson et al. 2010). More
specifically, higher exposure to greenspace has been reported to be associated
with reduced risk of non-melanoma skin cancer (Datzmann et al. 2018), breast
cancer (O'Callaghan-Gordo et al. 2018), mouth and throat cancer (Datzmann et
al. 2018), and prostate cancer (Demoury et al. 2017). In contrast, other studies
have reported an increased risk of skin and brain cancer (Astell-Burt et al. 2014;
Camille et al. 2017) or null associations (Datzmann et al. 2018). In this context,
proximity to agricultural lands has been reported to be associated with an
increased incidence of brain cancer (Camille et al. 2017). But these
heterogeneous findings were reported by scarce studies with generally small
populations and cross-sectional or ecological designs that had limited capability

in studying possible links.

In this study, we assessed whether exposure to greenspace (defined as residential
surrounding greenspace and proximity to specific types of greenspace) was
associated with all-site and site-specific cancer incidence in the GAZEL cohort,
a large and well-established national cohort with 27 years of follow-up data

including a wide variety of personal and area-level covariates.

2. Materials and methods

2.1. Study design and population



GAZEL cohort is a prospective study of the French national electricity and gas
company (Electricité de France-Gaz de France) workers, comprised of 20,625
individuals (15,011 men, 5,614 women) at baseline (aged at enrolment in the
range of 35 to 50; mean= 44.21 years) (Goldberg et al. 2006; Goldberg et al.
2014). Participants were enrolled in 1989 and were followed-up annually by a)
the mailed questionnaire at each year, b) regular data extraction from the files of
the personnel records of employee up to retirement, ¢) data from medical
departments of company up to retirement, and d) from national medical
registries (Goldberg et al. 2014). In this analysis, we included the follow-ups to
2016. In addition to the demographic, socio-occupational, lifestyle, and
occupational exposure data for each participant, data on health outcomes
including cancer incidence were collected in each follow-up by questionnaires,
medical examinations, and linkage to national health databases. Between 1989-
2006 the postal codes of the participants were collected at each follow-up. From
2006 the complete residential address at each follow-up has been collected.
Moreover, a residential history questionnaire was sent to the participants in 2006
to collect residential addresses before 2006. The responses were geocoded by
the French postal company. For those who died before 2006 and had only a
postal code, the residential addresses were located in the middle of the
commune. The study area and geographical spread of the GAZEL cohort

participants at the time of enrolment are shown in Figure 1. Contextual
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indicators for each participant such as area-level deprivation index (for the year
2009) and time-varying population density of residential areas were linked to the
residential addresses. We excluded participants who lived for over 20% of the
follow-up time outside mainland France. Finally, we included 19,408
participants in our study (Figure 2). The GAZEL cohort protocol was approved
by the French authority for data confidentiality and by the Ethics Evaluation
Committee of the “Institut National de la Santé et de la Recherche Médicale”

(INSERM) (IRB0000388, FWA00005831).

2.2. Greenspace exposure

We used residential proximity to the different types of greenspace (i.e.
agricultural lands, urban greenspace, and forests), and residential surrounding
greenness (applying a satellite-based index) as the measures of exposure to

greenspace.

2.2.1. Residential proximity to green spaces

The land cover data were downloaded from the European CORINE land cover
inventory, available for the years 1990, 2000, 2006, and 2012 (Copernicus Land
Monitoring Service 2020). We used CORINE definition for “artificial, non-

99, ¢

agricultural vegetated areas™ as “urban green spaces”; “‘arable land, permanent



crops, and pastures” as “agricultural lands”; and “forests, scrub and/or
herbaceous vegetation associations™ as “forests” (Copernicus Land Monitoring
Service 2020). We calculated the Euclidean distance from each residential
address (as a point) to nearest distances to different land covers (as a polygon) of
the closest date of available land cover data by NNjoin plugin for QGIS (Tveite
2017). The inverse of the distances (as 1/km) was defined as “residential

proximity” to each type of greenspace.

2.2.2. Residential surrounding greenspace

We extracted residential surrounding greenspace from the normalized difference
vegetation index (NDVI) derived from the remote sensing data of Landsat
satellites (The United States Geological Survey 2020) for each year between
1989 (as the earliest year for which it was possible to obtain participants
epidemiologic data) up to the time of cancer incidence or censoring (up to 31st
of December 2016). NDVI is a unitless greenspace indicator (ranges between —1
and 1) based on land surface reflectance of visible (red) and near-infrared parts
of the electromagnetic radiation (Bannari et al. 1995). It is computable based on
surface reflectance data, with an image available everyl6 days and at a spatial
resolution of 30m x30m via Landsat satellites. The data were acquired from
Landsat 5 for 1984-2012, Landsat 7 for 2013, and Landsat 8 for afterward.

NDVI was calculated based on red and infra-red bands [NDVI= (Near infra-



red)/ (Red- Near infra-red)] (bands of 3, 4 for Landsat 5 and bands 4 and 5 for
Landsat 7 and 8)(The United States Geological Survey 2017). Images
acquisition and NDVI calculations were performed by using the Google earth
engine platform (Gorelick et al. 2017). We used atmospherically corrected and
cloud, shadow, water, snow, and per-pixel saturation masked rasters (Google

Earth Engine 2020).

In this study we used the NDVI values at the greenest time of each year as an
indicator of greenspace exposure of that year to maximize the contrast in our
exposure; this period also had the least problems with cloud coverage
interference (Vienneau et al. 2017). To select the month(s) with the highest
greenspace exposure, the greenspace of mainland France for different months of
the year was calculated (Temam et al. 2017). The highest greenspace exposure
was observed between May-July. Therefore, we selected the May-July timeslot,
then selected the image with the lowest cloud coverage at this timeslot, and

calculated the NDVI values.

Gong et al. found that the direct environment around residential addresses could
be described at best with a 500m buffer especially for older adults (Gong et al.
2014). Additionally, smaller buffer sizes have been reported to have a stronger
association with perceived health (possibly due to the visual impact of

greenspace) (Su et al. 2019). Therefore, to consider possible different causal
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mechanisms of greenspace on the incidence of cancer, we used four different
buffer sizes (at 100, 300, 500, and 1000m radius), and extracted corresponding

average NDVIs for each residential address annually.

All NDVI values below zero (due to the presence of water bodies or too high
cloud coverage) were converted to a no-data pixel and then were imputed with

the average of NDVI at the same location of the other available years.

2.3. Outcomes

The outcomes in this study were all-sites and most prevalent site-specific
cancers including prostate cancer (ICD-10 code: C61), breast cancer (ICD-10
code: C50), colorectal cancer (ICD-10 codes: C18 for colon cancer; C19 for
rectosigmoid cancer; C20 for rectum cancer), bladder cancer (ICD-10 code:
C67), lung cancer (ICD-10 code: C34) and malignant melanoma of skin (ICD-
10 code: C43). During the employment period of participants, cancer records
were collected by the Electricité de France- Gaz de France (EDF-GDF) medical
department (except non-melanoma skin cancers). After retirement, the cancer
validation platform (PRIMEV’R), and since 2007, SNIIRAM database (Systéme
National d’Information Inter-Régimes de 1’Assurance Maladie) were used for
cancer incidence data collection (French health insurance 2019). PRIMEV'R

platform was developed in 2008 to collect cancer incidence data after the
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retirement period of participants. PRIMEV'R is based on response to the annual
questionnaire by cohort participants. The SNIIRAM is the national health
administrative database that records all data on the use of the health system
leading to reimbursement; it includes two main sources of information for
cancer: hospitalization (diagnoses ICD-10 coded), and chronic diseases register
(including cancers coded with ICD-10). In all cases the criteria were the date of
cancer diagnosis or report. We excluded participants with cancer at the baseline

(n=15).

2.4. Covariates

Individual level covariates were collected annually from the inclusion and
follow-up questionnaires and included sex, age at enrolment, body mass index
(BMI in kg/m2; weight was available annually except for 1989 and height was
available annually except for 1989, 1991-1996), family status (in a couple or
not), education (categorized in five groups including 9-11 years of education,
12-13 years of education, 14-15 years of education, other secondary diploma,
and other diploma), smoking status (smoker or non-smoker), smoking intensity
(cumulative pack-years as a continuous variable), passive smoking at home or at
work (yes or no; reported two times in 1990 and 1996), alcohol consumption
(abstinent; light drinker; moderate drinker; heavy drinker; and unclear pattern),
fruit or vegetable use (never or less than once a week; once or twice a week;

more than twice a week but not every day; every day or almost every day;
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reported four times in 1998, 2004, 2009 and 2014), exposure to selected
carcinogens based on occupational exposure to a list of selected proven
carcinogens according to the International Agency for Research on Cancer
(IARC) classification (cadmium, polychlorinated biphenyls, asbestos,
trichloroethylene, benzene, aromatic solvents, pitch, silica, hexavalent
chromium, carbon gasification) determined by a job exposure matrix (Imbernon
et al. 1991) (categorized in four groups, including 0: no exposure to
occupational carcinogens; 1: exposure to one occupational carcinogen; 2:
exposure to two occupational carcinogens; 3: exposure to three and more
occupational carcinogens), socio-occupational status from baseline (executive;
supervisor; worker; available annually). We also assigned exposure to airborne
fine particulate matter with aerodynamic diameter <2.5 um (PM,s) at the
individual level. We used the data from a previously developed land-use
regression (LUR) model for the whole of western Europe including France (De
Hoogh et al. 2018). The LUR was based on the 2010 AirBase database
(maintained by the European Environmental Agency), chemical transportation
models, and satellite data. The model was back and forward extrapolated from
1989 to 2015 using annual correction factors based on the Danish Eulerian
Hemispheric Model (DEHM) at level 1 of NUTS (nomenclature of territorial
units for statistics; NUTS is a hierarchical system for dividing up the economic
territory of the European Union and the United Kingdom (European Union

2020)). Finally, cumulative exposure of the participants to PM, s from 1989 until
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the time of cancer incidence or censoring was considered as the measure of
participants' exposure to air pollution. Distance to the nearest major roads (as a
logarithmic scale) for each residential address was also included in the models

as a proxy of traffic-related pollutants.

Data on area-level variables including neighborhood deprivation based on
French deprivation index categorized by tertile (was available only for 2009)
(Rey et al. 2009), the time-varying population density of the residential area (for
urban, semi-urban and rural classification based on French National Institute of
Statistics and Economic Studies) were also collected (Rey et al. 2009). The
French deprivation index is based on four variables including median household
income, percentage of high school graduates, percentage of blue-collar workers,

and unemployment rate (Temam et al. 2017).

2.5. Statistical analysis

2.5.1. Main analyses

We developed time-dependent Cox proportional-hazard regression models, with
all-site as well site-specific cancer incidence as the outcome variable (one at a
time in separate models), each indicator of greenspace exposure as the exposure
variable (one at a time in separate models), and age at baseline as the time scale

(Fisher and Lin 2000). We did a site-specific analysis for selected cancer sites.
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For site-specific analyses, we excluded cases with other cancers (for example for
the analysis of breast cancer as an outcome, we kept breast cancer cases and all
those without any cancer). Analyses on prostate and breast cancer were

conducted only among men and women, respectively.

The latency between initial tumor growth following exposure to environmental
hazards and the clinically detectable state of different categories of cancer
remains unclear. Therefore, in the main analyses we considered a 10-year delay
between exposure and outcome as proposed by previous studies (Rothman et al.

2008), following Equation 1:

h (t,X(t)) = ho(D)exp|XTiL, bX; + X172, 8;X;(t — L;)] Equation (1)

where /g 1s the hazard ratio for exposure to “greenspace”, b; is the regression
coefficient for the time-independent variables; &; is the regression coefficient for

the time-dependent variables; Lj denotes time delay (in this case we used 10
years cumulative exposure for PM2.5); Xi and Xj are time-independent and
time-dependent variables, respectively; t is the time and hO is the baseline
hazard function. We entered 10-years moving average of greenspace exposure
measures, exposure to outdoor air pollution (cumulative exposure to PM2.5),
distance to major roads, BMI, smoking status, smoking intensity, passive

smoking, familial status, frequency of using fruits or vegetables, alcohol
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consumption, and urban classification as the time-dependent variables in the
main models (and five years, and without lag situation for sensitivity analyses).
All main models also contained personal socio-occupational status, occupational
exposure to carcinogens, education, age at baseline, and French deprivation

index as the time-independent variables.

The associations were presented in the form of hazard ratio (HR) and
corresponding 95% confidence intervals (95% ClIs). To consider the sex-
difference in the incidence rate at baseline, we used the sex-stratified extended

Cox model.

The percentage of missing values of the selected variables was between 0 and
37.5% (for smoking intensity). We used longitudinal multiple imputations
(using mice (Buuren and Groothuis-Oudshoorn 2010) and miceadds (Robitzsch
et al. 2016) packages in R) to generate and analyze five imputed datasets.
Participants identifier was considered as a level-2 imputation parameter. The
density plots of imputed variables were visualized for checking the acceptance
of imputation. The models were run on multiple imputed datasets and
corresponding parameters were estimated in each imputed dataset separately.

Estimates were combined using Rubin’s rules and pool function.

2.5.2. Stratified analyses
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We performed stratified analyses on all-sites and selected site-specific cancers
for urban, semi-urban, and rural classification of the residential area of
participants. Allocation of participants to urban, semi-urban, or rural residents
was based on the longest duration of residence in the specific classification
throughout the follow-up (in terms of population density). Rural residents
generally were living closer to agricultural lands than urban green space (for
urban residents we observed the contrary). Therefore, we did not consider
proximity to urban green space for rural residents and proximity to agricultural

lands and forests for urban residents.

2.5.3. Sensitivity analyses

Several sensitivity analyses were considered for all-sites, prostate, breast, and
colorectal cancers (we did not do sensitivity analysis for other site-specific
cancer due to too few cases in each stratum). At first, we did sensitivity analysis
based on occupational exposure to carcinogens. Furthermore, tested the
associations for different lags between the exposure and outcomes. We also did
a sensitivity analysis by excluding participants with residential mobility. We
defined a mobility variable according to change in residential location of
participants during the follow-up, categorizing participants into movers (those
with at least one change in the geocoded residential address) and non-movers

(those who lived in the same location during all the follow-up).
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All HRs in this study are reported based on one interquartile range (IQR)
increase of exposure. We a priori selected NDVI 100m as the main surrounding
greenspace metrics but also reported the results for other buffer sizes (200, 500,
1000m) in the supplement. The HRs of residential proximity to agricultural
lands, forests, and urban greenspace is reported per one km proximity. Results
are reported first for all-sites then site-specific cancers ordered based on the
number of cases. For Cox proportional hazard regression, we used the R
package ‘“‘survival” (Therneau 2000, 2019). All analysis was conducted in R

version 3.5 (R Development Core Team).

3. Results

The study population included 19,408 participants (mean age at the enrolment:
43.7443.50 years); mainly male (72.90%) and non-smoker (81.50%) (Table 1).
By the end of 2016 (the last follow-up for this analysis), the remaining
participants were aged 63—77 (mean=71.05), and almost all of them were retired.
Tables S1 describe the general characteristics of participants according to their

mobility.

Over the 294,645 person-years, we observed a total of 4,075 cases of cancer. Of

those 1401 (34.38%) were prostate, 378 (9.28%) breast, 367(9.01%) colorectal,
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268 (6.58%) bladder, 237 (5.82%) lung, and 156 (3.83%) malignant melanomas
of the skin. The mean baseline exposure to surrounding greenspace (based on
NDVI within 100m) was 0.47+0.17 and 0.46+0.17 for cancer and non-cancer
groups respectively (p=0.056). The NDVI values in the different buffer sizes
were highly correlated (Pearson’s correlation coefficients > 0.80) (Table 2).
Participants with cancer were significantly closer to the forests, but farther from
urban green spaces compared to the non-cancer group at the baseline (data are
not shown). A negative correlation was found between PM, s and NDVI in all
buffer sizes (Pearson’s correlation: -0.55; 95% CI: -0.56: -0.54 for NDVI at
100m) (Table 2). Proximity to agricultural lands and forests were also correlated
with lower PM, 5; however, proximity to urban green space was correlated with
increased PM, s (Table 2). Table S2 shows exposure to greenspace in urban,

semi-urban, and rural areas.

Table 3 shows the associations between exposure to greenspace (per an IQR
increase in exposure) and cancer incidence (results of 300, 500, and 1000m
buffer sizes are presented in Table S3). We found a hazard ratio of 1.075 for all-
site cancers per an IQR increase in NDVI at 100m buffer size (95% CI: 1.016,
1.137). A significant increase in the risk of all-site cancers was observed for the
proximity to agricultural lands (HR: 1.026; 95% CI: 1.002, s1.052) and forests
(HR:1.038; 95% CI: 1.004, 1.074). The result for NDVI at other buffer sizes and

the proximity to the urban green spaces were inconclusive.
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In site-specific analyses, we found mainly protective associations between
residential surrounding greenspace and breast cancers; however, the associations
attained statistical significance only for the small number of associations. The
strongest protective association was observed for breast cancer in relation with
the residential surrounding greenness at 100m buffer size (HR: 0.824; 95% CI:
0.687, 0.989), followed by colorectal cancer at 1000m buffer size (HR: 0.860;
95% CI: 0.690, 1.071). In contrast, higher surrounding greenness was associated
with a higher significant risk of prostate cancer (HR: 1.148; 95% CI: 1.042,
1.265 for NDVI 100m). Proximity to different types of green space (agricultural
lands, urban green spaces, and forests) was not associated with a significant

increase or decrease in the risk of selected cancer sites.

We performed a stratified analysis based on the urban classification (Table 4
and S2). Higher residential surrounding greenspace was suggestive for the
reduction in the risk of breast and colorectal cancer incidence in all three areas.
Proximity to agricultural lands in rural areas was also suggestive of a non-
significant decrease in the risk of breast cancer incidence (HR: 0.885; 95% CI:
0.781, 1.002). As for the whole population, the increased risk of all-site cancer
was observed in all three areas (urban, semi-urban, and rural); however, the

results were mainly significant in semi-urban areas.
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The sensitivity analyses limited to participants without exposure to occupational
carcinogens (only for all-site, prostate, breast, and colorectal cancers) showed a
similar pattern (direction and magnitude of the estimates) as the main analyses
(Table S4). However, most of the observed associations for prostate cancers
became non-significant (e.g. HR: 1.153, 95% CI: 0.99:1.34 for NDVI 100m)
probably because occupational exposure could be a driver for cancer outcomes,
and also the smaller number of observations and lower statistical power.
Changing the lag time in the models showed a sensitivity of breast cancer results
to the selection of lag period. With changing lag period from 10 years to 5 years,
and also without lag, the observed protective associations for breast cancer
became weaker and lost their statistical significance (Tables S5 & S6). But for
all-sites, skin and lung cancer, the findings of this sensitivity analysis showed a
similar pattern (in terms of the direction of observed association and observed
significant associations) as the main analyses. Excluding participants who
moved, we found a significantly higher risk for all-sites cancer for proximity to
forest, urban green space, and surrounding greenness at 100 and 300m buffer
sizes (Table S7). Proximity to agricultural lands was significantly associated
with a lower risk of colorectal cancer after excluding participants who had

moved during the study period.

4. Discussion
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In this study, we examined the association between exposure to greenspace
(characterized as the residential surrounding greenness and proximity to specific
types of green spaces) and all-site and site-specific cancer incidence during 27
years of the follow-up of the GAZEL cohort participants. While higher
residential surrounding greenness was suggestive of reduced risk of breast, and
lung cancer, it was also associated with an increased risk of all-sites as well as
prostate cancer. We also observed an increased risk of all-site cancers with the
increasing residential proximity to forests and agricultural lands, but not urban
green spaces. Our findings remained consistent after we stratified our analyses
based on the degree of urbanity, or sensitivity analysis by excluding those who
moved or were exposed to selected occupational carcinogens. This study by
considering a wide range of covariates (which are measured year by year),
different types of green space exposure, and different outcomes on a large
cohort of participants with near 30 years of follow-up adds to the available
evidence on the link between green space and cancer. The main message of our
study is: part of this heterogeneity would be due to the exposure assessment
method, not the inclusion of different confounders, combining different

exposure types, and the power of the studies.

A limited number of studies reported possible associations between exposure to
greenspace and cancer incidence, and are inconsistent depending on the site of

cancer, type of greenspace, the measure of exposure, and also the geographical
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location of the study (Astell-Burt et al. 2014; Datzmann et al. 2018; Demoury et
al. 2017; Iyer et al. 2020; O'Callaghan-Gordo et al. 2018). Negative associations
were reported between mortality from esophageal cancer and exposure to green
space when using winter greenspace instead of summer greenspace (Wu et al.
2008). Consistent with our findings, a study in Australia (Astell-Burt et al. 2014)
found an increase in the risk of skin cancer prevalence with an increased
percentage of public green space around the residence area. Another study
conducted in France reported an increased risk for proximity to agricultural

lands and brain cancer (Carles et al. 2017).

The observed association within and between the studies is heterogeneous. We
found only four cohort studies on the association between greenspace and cancer
(Datzmann et al. 2018; Iyer et al. 2020; James et al. 2016; Klompmaker et al.
2020). Only two of these studies were on cancer incidence (Datzmann et al.
2018; Iyer et al. 2020). And from these two studies, one of them was a semi-
individual cohort (Datzmann et al. 2018), and another one was only on lethal
prostate cancer cases (n= 898) (Iyer et al. 2020). Therefore, to the best of our
knowledge, our study is among the few available longitudinal studies on the
association between greenspace and cancer incidence, which would add to the
previous understanding about the association between greenspace and cancer.
Despite the higher quality of the available cohort studies on the association

between green space and cancer (Datzmann et al. 2018; Iyer et al. 2020; James
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et al. 2016; Klompmaker et al. 2020) compared to the available cross-sectional
or time-series studies (Richardson et al. 2013 & 2010; Bixby et al. 2015; Kim et
al. 2019; Mitchell et al. 2008; Wu et al. 2008), all of them reported
heterogeneous results across different subgroups. For example, in a cohort study
in the Netherlands (Klompmaker et al. 2020), the surrounding greenspace was
not associated with lung cancer mortality, however, the findings for non-elderly
subjects were different from the elderly subjects. Lyer et al. (2020) in the USA
found a 10% lower risk of lethal prostate cancer associated with greenspace
exposure for high-density areas (95% CI: 0.82-0.99), whereas they found an
11% increase in risk for participants in low-density areas (95% CI: 0.95-1.29).
Datzman et al. (2018) in Germany found that greenspace was significantly
associated with a 4% decrease in breast cancer, a 16% decrease in non-
melanoma skin cancer, and an 11% decrease in mouth and throat cancers in all
subjects. However, subgroup analysis based on sex in their study showed an
increased risk of colorectal, mouth and throat, and non-melanoma skin cancer in
men. In addition to the heterogeneous results across different groups, the use of
different exposure measures in the same study also has given controversial
associations from significantly protective to significantly risk factor associations
(O'Callaghan-Gordo et al. 2018). In a Spanish case-control study, the presence
of urban greenspace was associated with a lower risk of breast cancer, but the

presence of agricultural greenspace in proximate buffer (300 m), and not distant
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buffer (300-500 m) was associated with a significant increase in the risk of

breast cancer (O'Callaghan-Gordo et al. 2018).

In addition to the within studies heterogeneity of the findings, the findings for
the same outcomes across the studies are also controversial. In one case-control
study, O'Callaghan-Gordo et al. (2018) found an increase in the risk of breast
cancer with an increase in NDVI at 300m buffer, whereas Datzman et al.(2018)

found a protective association with NDVI as a measure of greenness(RR:0.96;

95% CI: 0.92: 0.99).

Cancer risk could be impacted by many factors, and our findings on the
association between greenspace exposure and cancer should be interpreted with
caution. However, we have several explanations for the observed increased
cancer risk in areas with higher greenspace. In general, areas with higher
greenspace have lower road density and consequently lower traffic, therefore
lower levels of traffic-related air pollutants (Su et al. 2011), but higher
concentrations of ozone, biogenic volatile organic compounds, and secondary
organic aerosols (Su et al. 2011). Trees can decrease the spread of traffic air
pollutants and therefore increase the air pollution concentration in the roads
(Markevych et al. 2017). We found a positive correlation between proximity to
urban greenspace and PM,;, which likely reflects the generally higher air

pollution exposure in urban areas. A study in the USA also reported higher
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levels of NO, and PM, s in park-adjacent neighborhoods compared to the parks
themselves or the entire region (Su et al. 2011). Higher surrounding greenspace
is thought to be associated with increased outdoor physical activity (Richardson
et al. 2013). On the other side, a longer time of outdoor activities is associated
with higher exposure to ultraviolet radiation and possibly increased exposure to
traffic-related air pollutants (Grigsby-Toussaint et al. 2011). For all-site cancers,
our findings suggest an increase in the cancer risk with proximity to agricultural
lands and forest. Proximity to the agricultural lands has been thought to be
associated with an increase in exposure to pesticides (Deziel et al. 2015), among
which some could increase the risk of cancer (IARC 2015). In agreement with
this hypothesis, O'Callaghan-Gordo et al. (O'Callaghan-Gordo et al. 2018) also
found a positive association between the residential proximity to agricultural
lands and breast cancer. Our observed association for the proximity to forest
could have been, in part, due to its high correlation with distance to agricultural
lands. As we found in correlation analysis, those areas which were close to the
forests, were also closer to the agricultural lands. In the case of proximity to
green space areas, we used CORINE land cover data. Better resolution land use
data at the national level, such as Urban Atlas for cities are not yet available.
Despite its wide application in different publications, which increases the
comparability of our results with other studies, it is relatively coarse and would
not detect greenspace, such as private gardens or small public green spaces

smaller than 25 hectares (Bossard et al. 2000; Su et al. 2011). Our null finding
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for the association between the residential proximity to urban green spaces and
all-site and site-specific cancer could be attributable to this problem (Annerstedt

et al. 2012).

Our finding on the different associations between movers and non-movers also
replicated in another study on the association between greenspace and prostate
cancer incidence (Iyer et al. 2020). It seems that mechanisms related to the
association between green space and caner are related to environmental context.
Additionally, we found that the non-movers were most likely to live in the semi-
urban areas, had higher exposure to occupational carcinogens, but lower
education, higher distance to urban greenspace, lower distance to the nearest
forest and agricultural lands. This could be interpreted that the non-movers in
this study were those with higher exposure to known risk factors of cancer,
which can partly explain our findings on the stronger association for urban green

space with non-movers in this study.

We found a stronger protective association for breast cancer at 10 years lag
results compared to the 5 years and without lag. If confirmed, this finding would
be of high importance especially for understanding the critical risk period for the
exposure-outcome association. It means that the results are sensitive to the

latency period; further exploration for potential risk period is necessary.
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Because of a small number of participants in site-specific analyses, most of the
associations did not reach statistical significance. Therefore, our findings for

breast, colorectal, and lung cancer should be interpreted with caution.

Strengths and limitations: Our study is one of the few prospective cohort studies
looking for the possible association between greenspace exposure and cancer
incidence. Furthermore, we have a long follow-up time and yearly updates of the
exposure data. Our results are based on more than 19,000 participants and 4,000
incident cases of cancer over a 27-year follow-up period. Participants in this
study were from different socio-occupational groups residing in all regions of
mainland France with different deprivation indices. These characteristics could
increase the generalizability of our findings, even if our participants tend to be
healthier (possible healthy workers effect), and wealthier than the general
population. Additionally, we assessed residential surrounding greenness for each
year of follow-up using annual satellite greenspace data. This extensive
characterization of exposure was an advancement compared to most of the
previous studies that mainly relied on greenspace data at one point in time or
applied aggregated data for estimating greenspace exposure. For the distances,
we used the inverse of the distance to the green spaces in the models. We choose
this function based on hypotheses on linear increase/decrease of the effect of
greenspace with distance, which is used commonly in related papers. However,

there are several other shapes, such as the inverse of the square distance which
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would be interesting to test in future studies. Considering the institutional
follow-up of the participants during their working years and the robust data
linkage after their retirement, there was very a small loss to follow-up for
outcomes in the GAZEL cohort over about three decades of follow-up.
Availability of yearly follow-up data on both exposures and covariates made it
possible for us to enter the covariates as a time-varying variable in the models.
We also included PM, 5 and distance to the road to control for confounding by
air pollution and of traffic-related pollutants in our models. Our findings on
different types of green space and also cancer-sites would be useful to describe
the available heterogeneity across the studies. The results highlight that the
potential association between greenspace and cancer could not be generalized
and should be defined separately based on the type of the greenspace and also
the cancer site. As we found a beneficial association mostly for breast cancer,
and suggested negative association for prostate and all-site cancers.
Additionally, our findings highlight that part of observed heterogeneity between
studies would be due to the methods of exposure assessment, combining

different green spaces, and the statistical power of the studies.

Our study faced several limitations. The major limitation in our study is limited
statistical power for in-depth site-specific cancer analyses. All site-cancer results
can be misleading as there are different mechanisms for site-specific cancers.

However, it is important to note that most of the cancers included in the analyses
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are solid tumors. Our results may be driven by prostate cancer results as they
count for one-third of the cases. When excluding prostate cancer cases, all the
estimates lost significance shifting to null estimate (data are not shown),
supporting that hypothesis, even if we cannot rule out the power issue.
Additionally, missing data forced us to do multiple imputations, with the
inherent possible biases that could results(White and Carlin 2010), nevertheless,
we choose the multiple imputation method which is one of the most recognized,
with 10 datasets and resulting in an expected variable distribution(Carpenter and

Kenward 2012).

Cancer risk could be impacted by many socioeconomic and environmental
factors, and our findings on the association between greenspace exposure and
cancer should be interpreted with caution, and the role of some other cofounders
should not be neglected. For example, we had no data on all of the possible
confounders and influential factors such as time-activity patterns, and cancer
screening behavior of participants. However, we have tried to reduce the role of
confounding in our study in different stages of the study including study design
and analysis, and interpretation of the results. In the design stage of the study,
we have tried to consider as much as possible different personal (behavioral and
nutritional variables) and contextual variables in the models to consider possible
confounding in the association. For example, we included detailed smoking

history, passive smoking, occupational exposure to different carcinogens
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extracted from a job exposure matrix, detailed fruit or vegetable use, physical

activity, and history of cancer in the family members.

However, our cohort was not different in terms of personal and contextual
variables at the start of the study. Additionally, participants in this study were
among the workers of the same company, which would also additionally
mitigate part of possible confounding because of socioeconomic status. We
considered participants' home location as the point of exposure, overlooking the
exposure that could happen in other microenvironments such as the workplace
or its commuting route. Our characterization of greenspace exposure also did not
include or assess the quality of these spaces. However, using NDVI in this study
has increased the comparability of our results with other available studies which

mostly used this index as an indicator of surrounding greenspace.

5. Conclusion

The results of this study suggest different associations between exposure to
greenspace and cancer incidence based on cancer site and type of greenspace.
We found an increased risk of all-site cancer with increased greenspace and
proximity to agricultural lands and forests. We found suggestive results for a
protective role of greenspace for breast, lung, and colorectal cancer. While many
studies reported beneficial effects of greenspace on human health, our findings

suggest that it is not generalizable to all outcomes. Our findings require
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confirmation by other studies conducted in different climates and populations.
Future studies should consider more precise greenspace exposure measures such
as use, quality, and type of greenspace, while trying to shed light on the

potential mechanisms underlying such an association.
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Table 1. Baseline characteristics of the GAZEL cohort participants by their

health status (has cancer or not) until 31 December 2016 (n= 19408).

Without cancer

With cancer

Characteristics p-value
(n =15333) (n =4075)
Sex (male) 10897 (71.1%) 3256 (79.9%) <
0.001
Age at enrollment (years) 43.58 (3.52) 44.37 (3.36) <
0.001
Follow-up duration (years) 27.46 (2.52) 20.54 (4.63) <
0.001
Body mass index (kg/m’) 25.48 (3.61) 25.79 (3.50) <
0.001
Smoking status (smoker) 2698 (17.6%) 888 (21.8%) <
0.001
Smoking intensity (pack-years) 0.15 (0.99) 0.21 (1.42) <
0.001
Passive smoking (no) 7427 (48.4%) 1947 (47.8%) 0.454
Education 0.045

9-11 years of education

12-13 years of education

14-15 years of education

Other secondary diploma

Other diploma

11271 (73.5%)
1165 (7.6%)
887 (5.8%)
1655 (10.8%)

355 (2.3%)

3058 (75.0%)
253 (6.2%)
228 (5.6%)
440 (10.8%)

96 (2.4%)
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Without cancer

With cancer

Characteristics p-value
(n = 15333) (n = 4075)
Family status (in couple) 13176 (85.9%) 3572 (87.7%) 0.004
Socio-occupational Status 0.011
Executive 2541 (16.6%) 634 (15.6%)
Supervisor 9055 (59.1%) 2361 (58.0%)
Worker 3718 (24.3%) 1078 (26.5%)
Fruit or vegetable use 0.065
Never or less than once a week 113 (0.7%) 40 (1.0%)
Once or twice a week 1090 (7.1%) 303 (7.4%)
More than twice a week but not every 3524 (23.0%) 992 (24.3%)
day
Every day or almost 10606 (69.2%) 2740 (67.2%)
Alcohol consumption <
0.001
Abstinent 1724 (11.2%) 390 (9.6%)
Light drinker 6781 (44.2%) 1678 (41.2%)
Moderate drinker 3457 (22.5%) 943 (23.1%)
Heavy drinker 1776 (11.6%) 632 (15.5%)
Unclear pattern 1595 (10.4%) 432 (10.6%)
Population density 0.516

Urban

Semi-urban

5716 (37.3%)

5214 (34.1%)

1492 (36.7%)

1375 (33.8%)
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Without cancer

With cancer

Characteristics p-value
(n =15333) (n =4075)

Rural 4376 (28.6%) 1199 (29.5%)
Deprivation index class 0.872

First tertile 5135 (33.5%) 1377 (33.8%)

Second tertile 5079 (33.1%) 1355 (33.3%)

Third tertile 5118 (33.4%) 1343 (33.0%)
Occupational exposure to carcinogens <

0.001

None 8508 (56.0%) 2060 (51.0%)

One 895 (5.9%) 227 (5.6%)

Two 710 (4.7%) 230 (5.7%)

Three or more 5090 (33.5%) 1522 (37.7%)
PM, 5 exposure (ug/m’) 33.83 (5.74) 33.59 (5.91) 0.023
Distance to the nearest major road (km) 6.42 (1.58) 6.42 (1.59) 0.633
NDVT at 100m buffer (unitless) 0.46 (0.17) 0.47 (0.17) 0.056
NDVT at 300m buffer (unitless) 0.49 (0.16) 0.50 (0.16) 0.167
NDVI at 500m buffer (unitless) 0.51 (0.16) 0.51 (0.16) 0.092
NDVT at 1000m buffer (unitless) 0.53 (0.15) 0.53 (0.15) 0.265
Distance to forests(km) 1.64 (2.01) 1.54 (1.90) 0.016
Distance to agriculture lands (km)’ 0.92 (1.55) 0.85 (1.48) 0.073
Distance to urban greenspace (km)’ 4.05 (4.96) 4.22 (5.17) 0.106
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Summary statistics for continuous numeric variables are as mean (standard deviation) and for categorized
variables are as number (percent with one decimal).

*: Calculated based on all participants regardless of area of residence.

ACCEPTED MANUSCRIPT



Table 2. Correlation matrix (Pearson's/ Spearman's correlation coefficients) of the greenspace (NDVIs at different

buffers), proximity to different green spaces (agricultural lands, urban green spaces, and forests), PM; 5, and proximity to

roads for participants at baseline.

Distance to Distance to

PM Proximity NDVI NDVI NDVI NDVI Distance to icultural urban
25 to road (100m) (300m) (500m) (1000m) forests agricultural o een
lands
spaces
PM2.5 1
Proximity to road 0.24 1
NDVI (100m) -0.55 0.2 1
NDVI (300m) -0.55 -0.19 092 1
NDVI (500m) -0.55 -0.18 088 096 1
NDVI (1000m) -0.54 -0.16 082 091 095 1
Proximity to forests -0.38 -0.11 048 0.53 0.55 0.59 1
Proximity to agricultural lands g 49 20.11 049 055 058 06 0.55 1
Proximity to urban green spaces () 34 0.13 -0.31 -034 -034 -0.35 -0.21 -0.27 1

PM, s (particulate matters with the acrodynamic diameter less than 2.5 um) as pg/m’; NDVI (normalized difference in vegetation index) is
unitless and measured based on reflectance from Landsat satellites data; proximity to agricultural lands, urban green space
, and forests were defined as a (1/ distance) calculated from CORINE land cover maps of 1990, 2000, 2006, and 2012; proximity to roads

defined as an inverse of the direct distance of geocoded locations to the nearest road.

*: Correlations for NDVIs are based on Pearson’s correlation. Correlations for distances are based on Spearman’s rank test.
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Table 3. Results of extended Cox models (hazard ratio and 95% confidence intervals) for the association between

exposure to greenspace (with 10 years delay of 10-years moving average of exposure term; per an IQR increase for

NDVI, and an IQR increase of proximity to different green spaces).

NDVI at 100m

Proximity to agricultural

lands

Proximity to forests

Proximity to urban

green spaces

Cancer site N cancer
All 4075
Prostate 1401
Breast 378
Colorectal 367
Bladder 268
Lung 237
Skin 156

1.075 (1.016, 1.137)
1.148 (1.042, 1.265)
0.824 (0.687, 0.989)
0.991 (0.823, 1.194)
1.242 (0.998, 1.545)
0.870 (0.691, 1.095)

1.095 (0.813, 1.475)

1.026 (1.002, 1.052)
1.032 (0.987, 1.078)
0.997 (0.935, 1.064)
0.977 (0.905, 1.054)
0.980 (0.885, 1.085)
1.010 (0.913, 1.118)

1.102 (0.973, 1.248)

1.038 (1.004, 1.074)
1.020 (0.960, 1.083)
0.959 (0.880, 1.044)
1.049 (0.936, 1.176)
1.098 (0.941, 1.283)
0.997 (0.867, 1.147)

1.179 (0.982, 1.416)

1.002 (0.969, 1.035)
0.990 (0.938, 1.044)
1.039 (0.910, 1.186)
0.945 (0.853, 1.047)
0.980 (0.870, 1.105)
1.015 (0.882, 1.169)

1.189 (0.950, 1.489)

All hazard ratios (HRs) are estimated per IQR (NDVI100m: 0.216; proximity to agricultural lands:0.90; proximity to urban green space:
4.07; proximity to forests: 1.73). All models are sex-stratified and adjusted for smoking status, smoking intensity (pack per year), passive
smoking, alcohol drinking, socio-occupational status, marital status, body mass index, vegetable consumption, education, occupational
exposure to carcinogens, age at enrolment, 10 years cumulative exposure to air pollution (PM, s), distance to major roads, population density,

and deprivation (based on French deprivation index at 2009).
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Table 4. Results of time-dependent Cox models (hazard ratio and 95% confidence intervals) for the association between

exposure to greenspace (with 10 years lag of 10-years moving average of exposure term) based on urban; semi-urban and

rural area of residence for all-sites and site-specific cancers (prostate, breast, colorectal).

Cancer

Proximity to

Proximity to

Proximity to urban

site Urbanity cancer NDVIat100m agricultural lands forests green space

All Urban 1492 1.069 (0.966, 1.182) 1.001 (0.890, 1.126)
Semi-urban 1375 1.109 (1.015, 1.212) 1.010 (0.968, 1.054)
Rural 1199 1.074 (0.982, 1.175) 1.007 (0.952, 1.065) 1.029 (0.956, 1.107)

Prostate Urban 469 1.179 (0.980, 1.419) 0.895 (0.754, 1.062)
Semi-urban 485 1.179 (1.011, 1.374) 1.018 (0.951, 1.090)
Rural 446 1.095 (0.941, 1.273) 1.020 (0.923, 1.127) 1.003 (0.888, 1.134)

Breast Urban 191 0.878 (0.668, 1.154) 0.938 (0.656, 1.341)
Semi-urban 111 0.849 (0.631, 1.142) 1.046 (0.869, 1.259)
Rural 74 0.926 (0.671, 1.277) 0.885 (0.781, 1.002) 0.898 (0.744, 1.084)

Colorectal Urban 143 0.883 (0.624, 1.250) 1.846 (0.962, 3.541)
Semi-urban 121 0.938 (0.692, 1.272) 0.983 (0.863, 1.119)
Rural 102 0.989 (0.743, 1.315) 0.994 (0.829, 1.191) 1.027 (0.807, 1.307)

All hazard ratios (HRs) are estimated per an IQR for NDVIs (NDVI100m:0.216; NDVI300m:0.226; NDVI500m:0.223; NDVI1000m:0.216),
and proximity to agricultural lands, urban green space, and forests. All models are sex-stratified and adjusted for smoking status, smoking
intensity (pack per year), passive smoking, alcohol drinking, socio-occupational status, marital status, body mass index, vegetable
consumption, education, occupational exposure to carcinogens, age at enrolment, 10 years cumulative exposure to air pollution (PM; ),
distance to major roads, and deprivation (based on French deprivation index at 2009).

*: Nine subjects had no data on urban/ rural classification, therefore removed from the analyses.
NA: not applicable
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Figure 1. Study area and geographical distribution of the GAZEL cohort participants at enrolment (1989).

Figure 2. Flow-chart of final population selection for analyses (n=19408).

Figure S1. Schematic describing exposure allocation pattern according to different datasets of the GAZEL cohort

participants.
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Figure 1. Study area and geographical distribution of the GAZEL cohort participants at enrolment (1989).
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Figure 2. Flow-chart of final population selection for analyses (n=19408).
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Highlights

Evidences on the association between greenspace exposure and cancer is inconsistent.

The association depends on the cancer site and greenspace type.

Greenspace seems to have a protective role for the breast cancer.

Greenness was linked to increased risk of all-site cancers.
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