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CHAPTER 1

GENERAL INTRODUCTION
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There has been increasing interest in the health effects of residential exposure to ag-
ricultural pollutants in the last years. This is evidenced by increased public health con-
cern, political involvements and scientific research. Rural populations are the most ex-
posed to these agricultural pollutants given their residential proximity to their sources, 
namely livestock farms and crop fields where pesticides are applied. Epidemiological 
studies have been applying different approaches with regard to study design and as-
sessment of exposures, outcomes and potential confounders. Because environmental 
exposures usually result in small but often relevant public health effects, it is important 
to conduct studies with sufficient power to detect these subtle effects. This thesis 
compiles large epidemiological studies based on administrative databases to explore 
associations between exposure to agricultural pollutants, namely pesticides used in 
crops and livestock farming emissions, and health of the Dutch rural population. 

HEALTH OF THE DUTCH RURAL POPULATION 

According to the World Health Organization, health is “is a state of complete physi-
cal, mental and social well-being and not merely the absence of disease or infirmity”.1 
Health is not only a fundamental human right, it is also a valuable backbone of a coun-
try’s socio-economic development, making it one of the most important features of a 
population to monitor.
Increased urbanization during the last century has shifted demographic characteris-
tics of populations between urban and rural settings, ultimately affecting population 
health. Rapid increase in urbanization has resulted in higher population density, higher 
levels of pollution and noise in cities, and socioeconomic inequities in urban areas.2 
These have in turn contributed to higher incidence and prevalence of infectious dis-
eases, chronic diseases and psychological distress, which have a heterogenous distri-
bution across population subgroups.2,3 Despite this, urban populations in high income 
countries remain, generally speaking, at an advantage, in terms of their overall health 
and wellbeing, compared to their counterparts in more rural areas.4 Relatively poorer 
health among the rural population has been associated with overall lower socioeco-
nomic position (lower levels of income and education), reduced access to relevant 
information sources, barriers to, or underservice of, healthcare and poorer effective-
ness of public health policies. Furthermore, rural populations are often exposed to a 
range of emissions from agricultural activities, such as livestock farming or application 
of pesticides in crops. These agricultural emissions in the home environment can be 
characterized by short periods of exposure to high concentration levels (for example, a 
pesticide spraying event) or by prolonged exposure to low concentration levels. Ulti-
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mately, both can contribute to health problems and, since a large number of people is 
exposed, there can be impactful consequences for public health and society. 
Interestingly, and in contradition to the discussion above, a 2020 report from Statistic 
Netherlands (CBS) showed that while Dutch rural residents experienced lower mate-
rial wealth and higher distances to important facilities (such as primary schools), they 
seemed to enjoy better health, as evidenced by better perceived health, better overall 
wellbeing and less chronic diseases than found in urban populations.5 This observation 
may be due to established advantages of living in rural areas, such as stronger so-
cial cohesion, less stressful lifestyle and proximity to nature.6 Notwithstanding, as the 
Netherlands is a very densely populated country, an important proportion of people 
live in close proximity to livestock farms and crop fields. For example, about 30% of all 
residences in the Netherlands are located within 250m of a crop field. Therefore, even 
if the effects of agricultural exposures are small, their consequences and impacts can 
be important because of the large number of exposed individuals. Take birth weight 
as an example: a small downward shift of the distribution of birth weight in a popula-
tion of pregnant women exposed to a certain environmental risk factor translates into 
a substantial increase of the proportion of babies born with low birth weight. This, in 
turn, has been shown to be associated with newborn and infant mortality and morbid-
ity, poor cognitive development and increased risk of chronic diseases in adulthood.7 

ADMINISTRATIVE DATA AND THEIR USE IN EPIDEMIOLOGY

Administrative data refers to structured data that is routinely collected, usually by 
governments or other (private) organizations, and encompasses registration, record 
keeping and transactions keeping. It is not collected for statistical nor research pur-
poses, but rather to manage services and monitor their performance, such as admin-
istering taxes and benefits or registering deaths and births and respond to their legal 
requirements. One type of administrative data is administrative registries, which re-
cord changes at unit level. Such data can become an extremely useful tool in epide-
miological studies by offering important advantages such as virtually complete popu-
lation coverage, detailed information on demographic characteristic (age, sex, marital 
status, income, residential history) and information on administrative units (individuals 
or groups such as companies). There are different levels of accessibility to administra-
tive data, shaping both its utility and the quality of research that can be done using 
these data. Much administrative data is public data, that is data that were produced 
by public bodies, but that may not be easily accessible depending on whether they 
contain sensitive information. Microdata, for instance, is data at the level of individuals, 
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subject to anonymization rules that permit their use by researchers under strict con-
ditions. Open data, on the other hand, are generated by both public and non-public 
organizations and are published on open portals. These data are thus easily accessible 
and can be re-used freely but may not have information at the detailed level that is 
required for research. 
Given that administrative data are often not collected with a health or research pur-
pose in mind, they generally provide less detail on clinical information and little or no 
information on lifestyle factors. In certain settings that guarantee privacy and compli-
ance with the General Data Protection Regulation (GDPR), such data can be linked to 
other data sets allowing the study of a broad range of outcomes and exposures. These 
linkages reduce time and costs of research projects by providing insights to possible 
associations and identifying small but relevant effects before setting up huge target 
studies. This is especially important for policy-relevant research, as it provides evi-
dence-based information.

THE WORK OF THIS THESIS

This work used nationwide administrative databases to explore associations between 
residential exposure to agricultural pollutants, namely livestock emissions and pes-
ticides, and a number of health outcomes in the Netherlands. All studies considered 
made use of microdata to determine the demographic characteristics of individuals 
and health outcomes. This strategy enabled studies to include large numbers of in-
dividuals. Large studies, such as these, preclude taking personal measurements or 
measurements in the home environment to assess levels of exposure. Accordingly, ex-
posure assessment relied upon modelling approaches for which input information on 
agricultural exposures was available, either from open data or from public data, specif-
ically purposed for research.
The general objective of this thesis was, using extant data, to identify potential associ-
ations between proxies for exposure to agricultural pollutants and various health out-
comes. The aim was to generate leads for more targeted research on relevant (groups 
of) pollutants.
In the light of previous reports of adverse respiratory problems in people living near 
livestock farms, the goal of chapter 2 was to assess whether proximity to farms raising 
certain types of livestock animals (which likely produce specific mixtures of agricultural 
pollutants) was associated with respiratory mortality, a health outcome that had yet to 
be explored in this context. The Geographic Information System for Agricultural Hold-
ings (Geografisch Informatiesysteem Agrarische Bedrijven, GIAB) database, allowed 
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the computation of exposure proxies for the emissions from livestock farms, taking 
into account the number and type of animals being raised. A nationwide adult adminis-
trative cohort living in rural areas was built and included information on demographics 
and residential history at individual level. The cohort was linked to the death registry to 
explore how living near livestock farms could be related to overall respiratory mortality 
and to chronic lower respiratory disease and pneumonia mortality in particular. 
Subsequent chapters aim to shed light upon inconsistent results in literature regarding 
the associations between residential exposure to pesticides and health. A cohort, sim-
ilar to that of chapter 2, was used in chapter 3, which explores potential associations 
between residential proximity to specific types of crops (employing crop-specific mix-
tures of pesticides) and several cause-specific mortality endpoints. Endpoints included 
several types of cancer and respiratory, cardiovascular and neurologic diseases. In this 
chapter, the Landelijk Grondgebruik Nederland (LGN) land use raster maps from 1995, 
1997, 2000 and 2004 were used to compute the average area of specific crop groups 
around residences. This was used as a proxy for residential exposure to the mixture of 
pesticides used in those crops.
In chapter 4, these areas were computed using the annual Basisregistratie Gewasper-
celen (BRP) vector crop maps from 2009 to 2013, which provided better spatial and 
temporal resolution for the computation of the exposure proxies. This chapter explored 
the association between residential proximity to specific crops and self-reported de-
pression and perceived health of a subset of participants of the Health Monitor 2012 
living in rural areas.
Finally, the association between residential exposure to specific active ingredients and 
birth outcomes was studied in chapter 5. Exposure proxies computed previously and 
information on the dosage of pesticides used in specific crops (as reported in farmer 
surveys), were combined to compute the exposure proxies  used for this chapter. Using 
the birth registry compiled by Perined, the chapter starts by investigating active ingre-
dients for which there is some evidence of reproductive and developmental adverse 
effects. Chapter 5 then further explores other potentially relevant associations using a 
variable selection method.
Given that the exposure proxies in chapters 2 to 4 reflected mixtures of pollutants, the 
aim in these chapters was to give insights into which sorts of livestock farms or which 
types of crops could be associated with adverse health effects. Conversely, chapter 
5, specific active ingredients were investigated in a hypothesis testing approach, with 
the aim of understanding whether residential exposures might be associated with rele-
vant (adverse) effects. Other active ingredients were investigated in an exploratory ap-
proach, the goal being to identify potential risks from unsuspected active ingredients.
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ABSTRACT

Background: There is increasing evidence of associations between residential prox-
imity to livestock farms and respiratory morbidity, but less is known about potential 
effects on respiratory mortality among residents.
Objectives: We aimed to assess potential associations between respiratory mortality 
and residential proximity to (intensive) livestock farming.
Methods: In DUELS, a national census-based cohort, we selected all inhabitants from 
rural and semi-urban areas of the Netherlands, aged ≥30 years and living at the same 
address for five years up to baseline (2004). We followed these ~4 million individuals 
for respiratory mortality (respiratory system diseases, chronic lower respiratory diseas-
es, pneumonia) from 2005 to 2012. We computed the average number of cattle, pigs, 
chicken, and mink present in 500m, 1000m, 1500m and 2000m of each individual’s 
residence in the period 1999-2003. Analyses were conducted using Cox proportional 
hazards regression, adjusting for potential confounders at individual and neighbor-
hood level.
Results: We found evidence that living up to 2000m of pig farms was associated with 
respiratory mortality, namely from chronic lower respiratory diseases, with Hazard Ra-
tios ranging from 1.06 (1.02, 1.10) in people living close to low numbers (<median num-
ber of animals) of pigs in 1000m and 1.18 (1.13, 1.24) in those living near high numbers 
(≥median) of pigs in 2000m. We also found indications of higher pneumonia mortality 
in people living near mink farms.
Conclusion: Our results are in line with previous findings of adverse respiratory effects 
in people living near livestock farms. Little is known about the physical, chemical, and 
biological exposures leading to respiratory morbidity and mortality warranting further 
explorations of air contaminants in the vicinity of livestock farms.
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INTRODUCTION

Livestock farms have been shown to be major sources of zoonotic pathogens and air 
pollutants including particulate matter, endotoxins, ammonia, volatile organic com-
pounds and greenhouse gases1–7. Despite concentrations of these compounds being 
considerably lower in ambient air compared to inside farms, some studies have shown 
that residents living near farms are at increased risk of respiratory health effects, such 
as exacerbation of chronic obstructive pulmonary disease (COPD) and symptoms in-
dicative of asthma (wheezing), decreased lung function, increased respiratory symp-
toms and pneumonia8–12. Heterogeneity of outcome definitions and limited evidence 
of exposure-response relationships do not allow firm conclusions about causality of 
exposure to livestock farms’ emissions and adverse respiratory outcomes in residents 
living near farms13.
The Netherlands is a densely populated country with a large livestock industry and cur-
rently witnesses a debate about the future of intensive animal farming, namely regard-
ing loss of biodiversity due to nitrogen deposition, sustainability of farming practices, 
animal welfare, and possible adverse public health effects14. Particularly effects on the 
health of residents living near (intensive) livestock farms have received considerable 
attention in recent years in the Netherlands after the emergence of antimicrobial resis-
tant bacteria (MRSA and ESBLs) starting in 2005, the Q fever epidemic of 2007-2010, 
and SARS-CoV-2 outbreaks in mink farms in 202015–19. Several studies conducted after 
the Q-fever epidemic consistently showed increased risks for pneumonia in people 
living near goat farms and, to a lesser extent, poultry farms, although the exact causal 
mechanisms are still under investigation1,20–22. These studies also showed that people 
living near livestock farms had poorer lung function and higher risk of COPD exacer-
bations, while, in contrast, a lower prevalence of asthma, allergies, and COPD was 
observed8,23. Respiratory problems were weakly associated with living in the vicinity of 
cattle, pigs and mink8,9,24. Most of these studies focused on incidence of respiratory dis-
eases and symptoms using predominantly data from general practitioners in two rural 
regions of the Netherlands where density of intensive farming is high. To the best of our 
knowledge, no studies have investigated associations between respiratory diseases 
mortality and proximity to livestock farms at a nationwide level. 
In this paper, we aimed to investigate the association between living near cattle, 
pigs, chicken, and mink and mortality due to respiratory system diseases in general, 
and chronic lower respiratory diseases and pneumonia specifically. Using historical 
data on the location of farms and registry data, we followed the entire rural Dutch 
population for respiratory mortality from 2005 to 2012.
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METHODS

Study population

The Dutch Environmental Longitudinal Study (DUELS) is an administrative cohort that in-
cludes all inhabitants aged 30 years or older on 01-01-2004 and registered in the Dutch 
population registry (GBA – Gemeentelijke Basisadministratie Persoonsgegevens); reg-
istration in GBA is mandatory in the Netherlands. The cohort was built integrating data 
from several databases from Statistics Netherlands (Centraal Bureau voor de Statistiek, 
CBS) including mortality, individual characteristics, residential history, and neighbor-
hood characteristics. In this study, we excluded persons who lived within 2000m of the 
border with Germany or Belgium (for whom we were unable to compute the livestock 
specific exposure reliably), persons who changed address in the five years prior to 
enrolment, and persons living in the more urbanized areas of the Netherlands (≥1500 
addresses per km2, at neighborhood  level) (Figure 1).

Residential proximity to livestock farms

We determined the presence of livestock farms located in the vicinity of residences 
using the Geographic Information System for Agricultural Holdings (Geografisch In-
formatiesysteem Agrarische Bedrijven, GIAB) database, which provides spatial infor-
mation on agricultural land use, namely data on Dutch agricultural holdings, obtained 
through the annual agricultural census by CBS and the Netherlands Enterprise Agency 
(RVO). Data on farm type, farm size and average annual numbers per animal group, 
among others, are linked to the main farm location of each agricultural holding. These 
data were available for the years 1999 to 2003. For each year we computed the number 
of cattle, pigs, chicken, and mink present within buffers of 500, 1000, 1500 and 2000m 
around each residence in the Netherlands as proxies for farm exposure. We averaged 
the number of (specific) animals over the exposure period (1999-2003) and catego-
rized the obtained exposure variables into “no animals” (0 animals within buffer), “low” 
(< median number of animals within buffer) and “high” (≥ median number of animals 
within buffer) – see Table S2.1 for cut-off points (medians). The types of farms and buf-
fer sizes were chosen based on results from the “Livestock Farming and Neighbouring 
Residents’ Health” (VGO) project for which some evidence for associations to respira-
tory health was determined8.
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Cohort follow-up and mortality endpoints

Each individual in the cohort was assigned five years of exposure period, from 01-01-
1999 to 31-12-2003. We included a one-year lag period (01-01-2004 to 31-12-2004), to 
allow for a latency period. Follow-up started on 01-01-2005 and terminated at the end 
of the follow-up period (31-12-2012), at the time of death or when individuals were lost 
to follow-up, whichever came first. Data on mortality due to respiratory system diseas-
es (RSD), chronic lower respiratory diseases (CLR) and pneumonia (PNE) were retrieved 
from the mortality database from CBS, where primary causes of death are classified ac-
cording to the International Classification of Diseases, 10th revision (ICD-10; Figure 2)25.

Statistical analysis

We studied the association between respiratory mortality and number of livestock 
present within our a priori defined buffer sizes using age-stratified (one-year age strata) 
Cox proportional hazards regression, including all considered livestock animal species 
in the models (Figure 2). We applied a combination of increasingly adjusted models 
by adding potential confounders at individual and neighborhood  level and compared 
residents living within 500, 1000, 1500 and 2000m from livestock farms (‘exposed’) to 
residents that did not have livestock farms within those distances from their residences 
(‘unexposed’):
	 basic model, adjusted for sex
	 intermediate model, basic model further adjusted for origin (based on the moth-

er’s country of birth or, if unavailable, father’s country of birth), marital status and 
standardized household income (an individual socioeconomic indicator adjusted 
for differences in household size and composition)

	 full model, intermediate model further adjusted for socioeconomic position 
(SEP) as defined by the SCP (Sociaal en Cultureel Planbureau; a social status score 
taking into account average income, percentage of people with a low income, per-
centage of people with a low education and percentage of people not working in a 
postal code area)26 at four-digit postcode level, urbanization degree at neighborhood 
level as defined in the “Wijk- en buurtkaart” (neighborhood  maps) from 1999 and 2003, 
the proportion of low educated residents in the neighborhood in 2007 and ambient 
Particulate Matter < 2.5 μm in diameter (PM2.5) and nitrogen dioxide (NO2) levels, as 
estimated by land use regression models using data for the year 201027.
All potential confounders were used as categorical variables (see Table 1 for classes).
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Sensitivity analyses

We conducted six sensitivity analyses. First, we excluded people who worked in agricul-
ture for at least one year in the period 1999 to 2003, to assess the influence of possible 
occupational exposure on the estimates. Second, we restricted analyses to people living 
in neighborhoods with less than 1000 addresses per km2 to assess potential bias from 
a semi-urban environment. Third, we combined the two previous sensitivity analyses, 
since most farmers will live in the more rural areas and in or near farms. Fourth, we re-
ran analyses using redefined exposure variables’ categories, where we assigned a zero 
if the farm had less than a minimum number of animals, as done previously in the VGO 
study (Supplementary material, S1), so not to assign people living near stables with only 
a few hobby animals or a farm with an obsolete license with a few animals contributing 
to the “exposed” categories. Fifth, we conducted an analysis on the VGO study region 
in the east of Noord-Brabant and the North of Limburg only. Sixth, for completeness, we 
ran analyses including equines (horses and donkeys), sheep, and other poultry (mainly 
turkey and ducks) since data was available, although we had no prior reason for inves-
tigation. Furthermore, because (intensive) livestock farming is a regional activity in the 
Netherlands, we conducted stratified analyses by the four major socio-economic regions 
(according to the Nomenclature des Unités Territoriales Statistiques, NUTS1), followed 
by a random effects meta-analysis to assess heterogeneity (I2 statistic) of regional esti-
mates. Finally, to identify potential residual bias we conducted negative control analyses 
using colon cancer, bladder cancer, liver cirrhosis and alcoholic liver disease mortality as 
the endpoints. These mortality endpoints are strongly associated with smoking and/or 
other unhealthy lifestyle behaviors, namely alcohol consumption, but unlikely related to 
environmental pollution from livestock farming28–31. For completeness, we also explored 
associations to ‘all cause’ and ‘non-accidental’ mortality.

Software

The geospatial assignment of exposure variables was conducted in R version 3.6.1 
(2019-07-05), using the “sf” and “rgdal” packages. Statistical analyses were performed 
in R version 3.6.2 (2019-12-12), within a secured remote access environment of CBS.

RESULTS

We included 4,040,845 persons in our analyses, of which a total of 412,532 (10.2%) par-
ticipants died, including 40,131 (1.0%) from RSD, 19,054 (0.5%) from CLR and 15,189 (0.4%) 
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from PNE during follow-up (2005-2012). In this study population there were 26,309 (0.7%) 
persons lost to follow-up. There were 2,203,650 (54.5%), 3,525,961 (87.3%), 3,884,771 
(96.1%) and 3,993,150 (98.8%) people exposed to at least on type of animal in the 500, 
1000, 1500 and 2000m buffer, respectively. We observed few unexposed persons in the 
larger buffers for the most ubiquitous types of farms in the Netherlands (namely cattle, 
S2). Table 1 describes the demographic characteristics of the study population and the 
exposed population within each buffer. A table reporting the number of (un)exposed 
people for each mortality endpoint status can be found in S2. 
People living near pigs presented consistently higher risk for all mortality endpoints 
(RSP, CLR and PNE) across the four buffers (Table 2). We saw no clear pattern indicating 
that living near cattle, chicken, or mink was associated with these mortality endpoints. 
Nevertheless, we observed some elevated risk estimates of PNE in people living near 
a high number of cattle in the 500m and 1500m and 2000m buffers, accompanied by 
a lower risk of CLR in the two larger buffers in both exposure categories. People living 
within 1500 and 2000m of a high number of mink showed higher risk for PNE. In gen-
eral, estimates obtained in the main analyses were robust to sensitivity analyses (S4), 
except for the analysis in the VGO areas where we observe weak, absent or even inverse 
associations compared to the main analysis. Stratified analysis showed that, generally, 
heterogeneity of the regional estimates was not high (I2<75%) (S5). The negative control 
analyses showed no associations between colon cancer, bladder cancer, liver cirrhosis, 
and alcoholic liver disease mortality and residential proximity to livestock animals (S6).

DISCUSSION

We investigated the association between living near livestock animals and mortality from 
respiratory system diseases, chronic lower respiratory diseases and pneumonia using a 
national administrative cohort. We found higher risk of mortality due to all three respira-
tory endpoints in people living near farms raising pigs, observing Hazard Ratios above 
unity consistently across all buffer sizes and a tendency for increasing risks in people living 
in proximity to higher as compared to lower animal counts. In addition, generally homo-
geneous results across the Netherlands were observed. There was no clear evidence of 
associations for the other animals, although several increased risk estimates also emerged 
for associations between living near cattle and mink farms and risk of PNE mortality.
We conducted a nationwide prospective census-based cohort study using a large 
non-urban study population of over 4 million individuals for which we objectively as-
sessed individual proxies for livestock farm exposure and included all major groups of 
animals raised in the Netherlands. By including the entire rural and semi-urban Dutch 
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population aged ≥30 years, not only did we preclude recall and selection bias for the 
exposure, outcome and considered confounders, but we also conducted, to the best 
of our knowledge, the largest study on the topic to date. Additionally, most studies 
on this topic have focused on short-term exposures or have a cross-sectional design. 
Our long exposure and follow-up periods allowed the study of long-term exposure and 
potential respiratory health effects.
While access to registry data allowed for the advantages described above, use of 
these data was accompanied by disadvantages regarding obtaining detailed infor-
mation about outcomes, exposure and potential confounders. First, we are unable to 
identify the specific causes of respiratory diseases underlying death. Second, we could 
not adjust for behavioral or lifestyle factors and relevant risk factors for respiratory 
mortality endpoints such as active or passive smoking, body mass index (BMI), nutri-
tion, indoor air pollution and underlying comorbidities. Nevertheless, there is no rea-
son to assume that any residual confounding would be present only for the association 
found between living close to pig farms and respiratory mortality, and not with the 
other types of animals. Furthermore, our negative control analyses show no indication 
for strong confounding by smoking and poor lifestyle behaviors, although the potential 
for some residual confounding cannot be completely dismissed. Of note, other stud-
ies on residential proximity to livestock farms and respiratory outcomes conducted 
in the Netherlands where some of the abovementioned confounders were taken into 
account showed no appreciable changes in the estimates when compared to more 
parsimonious models controlling only for age and sex22,24. Third, our geographical data 
on farms pertained to the address of the farm’s company which may not correspond to 
the location where animals were held. This is unlikely an issue for animals such as pigs, 
chicken, and mink that usually stay in barns/coops, often close to the farmers’ home 
address. However, different housing systems are used for dairy and beef (veal calves) 
cattle. According to CBS, most dairy cattle had access to outdoor pastures during 
grazing season in 1997 in the Netherlands (CBS 1997), while beef cattle is mainly raised 
indoors. In the Netherlands, sheep are also typically managed in grazing systems and 
equines (horses) usually have high mobility due to their use in sports; uncertainty about 
the location of these animals also hampers the interpretation of the results of the sen-
sitivity analyses where we included them (S4). Overall, however, high uncertainty of 
location information of a specific animal type would mean that the absence of statis-
tically increased risks does not preclude that such risks may exist. We did not define 
a cut-off for the minimum number of animals a farm should have, thus exploring the 
effect living near a relatively (very) low number of livestock animals. This may have 
introduced some exposure misclassification if people lived near a few hobby animals 
or obsolete licenses with a few animals in the “low exposed” group. Still, for compari-
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son, we provide the VGO cut-offs and conducted a sensitivity analysis using these cut-
offs, observing that our main findings and conclusions remained unchanged (S1 and S3). 
Moreover, livestock farming is a ubiquitous activity in the Netherlands resulting in lack of 
exposure contrasts, especially in the larger buffers. Spatial analysis and adjustment for 
other types of livestock farming than the one of interest was further complicated by the 
fact that some types of animals are more predominant in some regions. Nevertheless, 
our stratified analyses by region showed no indication that the results were influenced 
by big heterogeneity between these regions, although meta-analytical risk estimates 
were slightly attenuated (S5). Sensitivity analyses focused on the VGO project study 
area revealed clear attenuation of HRs towards unity. In this region, most people lived in 
close proximity to pig farms resulting in reduced exposure contrasts. We observed that 
there were both somewhat more cases among unexposed and somewhat fewer cases 
among the exposed in the VGO area as compared to the whole country. In combination, 
this hampered the interpretation of the results of a sensitivity analysis limited to a smaller 
regional unit. Stratified analysis by region showed that heterogeneity was overall low.
Our results suggest increased risks of CLR (which is dominated by COPD, S2.4) in 
residents living close to pigs. Several previous studies have shown negative associ-
ations between residential proximity to farms and COPD, which conflicts with what 
was shown in studies conducted among farmers24,33. A possible explanation could be 
that these studies were cross sectional, a design not best suited to study the relation-
ship between long term exposures and chronic diseases. Studies among farmers have 
indeed shown a higher risk of developing COPD, especially in cattle, poultry and pig 
farmers, probably due to long-term exposure to indoor air contaminants34,35.
We observed indications of reduced risks of CLR mortality and increased risks of PNE 
mortality in people living near cattle. Although a recent study, also conducted in the 
Netherlands, showed a decreased risks for asthma and COPD prescriptions, especially 
among people living near cattle36, because we were unable to distinguish dairy and 
beef cattle in our proxy, estimates obtained for cattle are difficult to interpret. While 
previous studies reported several adverse respiratory effects in people living near poul-
try farms, we did not find a clear pattern indicating higher risk of respiratory mortality 
in people living near chicken, which could be related to the difference in outcomes 
explored (mortality vs symptoms/diagnosis)1,15,20–22. We also observed an indication for 
higher risk of PNE in people living within 1500m and 2000m of mink farms. Note that 
mink farming is banned from the Netherlands as of January.
Although research shows that living near rabbit and goat farms can be associated with 
adverse respiratory effects and we did include their presence in the models (Tables 
S4), we refrained from interpreting the results, due to the following reasons: first, there 
are 40-50 rabbit farms in the Netherlands, and most farms keep just few rabbits, there-
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fore resulting in very few people exposed to rabbit farms. Second, the goat farm in-
dustry has seen an important increase between 2000 and 2009, with a doubling of the 
number of animals and an increasing number of farms. Our exposure (1999-2003) and 
follow-up (2005-2012) periods encompass, each, part of this rise, resulting in underes-
timation of “goat exposure”, especially during the follow-up period. This is particularly 
relevant in the context of the large Q fever outbreak of 2007-2010. That our results 
show no evidence of an association between living near goat farms and increased 
pneumonia mortality may be related to this underestimation and is in contrast to the 
clear increase in the risk of having pneumonia in people living near goat farms, even 
after the epidemic, as reported by several studies1,3,15,22,37,38.
Despite our data showing lower animal counts (possible related to that smaller farms) 
were not more frequently located closer to residences than very high animal counts 
(possibly related to larger farms), we observed that some HRs were, counterintuitive-
ly, higher in the low category compared to the high category. These results could be 
possibly explained by differences in type of housing system, type ventilation systems 
and hygiene practices affecting emissions rates, reinforcing the importance of using 
quantitative exposure information. In fact, most studies so far, including this one, have 
used exposure proxies for farm emissions, such as distance and number of farms/ani-
mals near residences, which can be prone to ecological fallacies. Because we did not 
perform direct measurements of exposure nor did we have access to information on 
animal housing systems and other farming practices that can influence emissions, it 
remains unclear which compounds emitted by animal farming are responsible for the 
effects seen. Possible underlying exposures include endotoxins and pathogenic infec-
tious agents as well as particulate matter, reactive nitrogen gases and volatile organic 
compounds, all shown to have deleterious effects on health 15. A model to quantify 
national agricultural emissions such as ammonia, methane, particulate matter and car-
bon dioxide has been used for the Netherlands since 2011 (the National Emission Model 
for Agriculture, NEMA)39. Furthermore, De Rooij, et al. have done extensive work on 
improving modelling of farm related exposures. They quantified residential exposure 
to livestock farms’ emissions in the Dutch agricultural setting by developing land use 
regression and dispersion models, analogue to traffic related air pollution models, to 
predict endotoxin exposure at residential addresses33,40. This work has demonstrated 
that predicted PM10 and endotoxin concentrations are well, if not better, suited for in-
dividual exposure assessment. Because these models rely on data collected in a later 
time period than that assessed by us, they are unsuited to be applied to the period 
of this study (1999-2003). De Rooij’s models were furthermore developed in a specific 
region of the Netherlands and may be unfit for application to the whole country. Still, 
they constitute a valuable tool to evaluate associations in more detail in the future.
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CONCLUSIONS

In conclusion, this is the first exploratory study conducted in the Netherlands assessing 
possible associations between respiratory mortality and residential proximity to (inten-
sive) animal farming. We observed an association between residential proximity to pig 
farms and increased mortality from respiratory diseases, namely COPD and pneumonia 
and some indications of higher risk of pneumonia in people living near mink. Deeper 
insights and better guidance towards interventions warrant both additional analyses 
using improved exposure assessment methodology, using either quantitative molec-
ular techniques or modelled particulate matter and endotoxin residential exposure on 
a national scale, and identification of the pollutants driving respiratory health effects 
observed in this and other Dutch studies. 
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TABLES

Table 1:  Demographic characteristics of the study population and exposed population 
(at least one livestock animal within 500, 1000, 1500 and 2000m from the residence), 
at baseline (2004).
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Table 2:  Associations between living within 500, 1000, 1500 and 2000m from livestock 
animals and mortality due to Respiratory system diseases, Chronic lower respiratory 
diseases and Pneumonia. Results are presented as Hazard Ratios (HR) and its corre-
sponding 95% Confidence Interval (95% CI) and P value (full model).

CATTLE

500m
low 1.01 (0.98, 1.03) 0.521 0.99 (0.96, 1.03) 0.618 1.04 (1.00, 1.08) 0.081

high 1.02 (0.99, 1.05) 0.277 0.99 (0.94, 1.03) 0.518 1.05 (1.00, 1.10) 0.045

1000m
low 0.99 (0.96, 1.02) 0.589 0.97 (0.93, 1.02) 0.235 0.99 (0.95, 1.04) 0.741

high 1.01 (0.97, 1.04) 0.630 1.01 (0.96, 1.06) 0.645 0.99 (0.94, 1.04) 0.692

1500m
low 0.97 (0.93, 1.02) 0.217 0.89 (0.84, 0.95) 2.2e-04 1.06 (0.99, 1.14) 0.114

high 1.00 (0.96, 1.05) 0.866 0.91 (0.85, 0.97) 0.007 1.09 (1.00, 1.18) 0.038

2000m
low 0.92 (0.86, 0.99) 0.020 0.84 (0.76, 0.93) 6.8e-04 0.99 (0.88, 1.11) 0.858

high 0.97 (0.90, 1.04) 0.363 0.86 (0.77, 0.95) 0.004 1.06 (0.94, 1.20) 0.312

PIGS

500m
low 1.05 (1.01, 1.09) 0.018 1.02 (0.97, 1.08) 0.407 1.11 (1.05, 1.18) 5.5e-04

high 1.03 (0.99, 1.07) 0.158 1.08 (1.02, 1.14) 0.011 1.04 (0.97, 1.11) 0.300

1000m
low 1.04 (1.01, 1.07) 0.006 1.06 (1.02, 1.10) 0.006 1.03 (0.99, 1.08) 0.171

high 1.08 (1.05, 1.11) 1.5e-06 1.09 (1.04, 1.14) 1.7e-04 1.08 (1.03, 1.14) 0.002

1500m
low 1.07 (1.04, 1.10) 5.8e-07 1.08 (1.04, 1.12) 3.0e-05 1.04 (1.00, 1.08) 0.061

high 1.12 (1.08, 1.15) 1.9e-12 1.16 (1.11, 1.21) 1.3e-10 1.07 (1.02, 1.13) 0.005

2000m
low 1.06 (1.03, 1.09) 1.9e-05 1.09 (1.04, 1.13) 4.3e-05 1.01 (0.97, 1.06) 0.567

high 1.11 (1.07, 1.15) 5.6e-10 1.18 (1.13, 1.24) 5.0e-12 1.03 (0.98, 1.09) 0.230

CHICKEN

500m
low 0.98 (0.94, 1.02) 0.275 0.98 (0.93, 1.04) 0.574 0.96 (0.91, 1.02) 0.236

high 1.04 (1.00, 1.08) 0.031 1.01 (0.96, 1.07) 0.705 1.04 (0.98, 1.11) 0.209

1000m
low 1.00 (0.97, 1.02) 0.848 1.00 (0.96, 1.04) 0.965 1.01 (0.97, 1.06) 0.528

high 1.02 (1.00, 1.05) 0.098 1.01 (0.97, 1.05) 0.636 1.04 (1.00, 1.09) 0.061

1500m
low 1.00 (0.97, 1.03) 0.994 1.00 (0.96, 1.04) 0.943 1.01 (0.97, 1.05) 0.764

high 1.01 (0.98, 1.04) 0.490 1.01 (0.97, 1.05) 0.562 1.02 (0.98, 1.07) 0.349

2000m
low 1.00 (0.97, 1.03) 0.841 0.99 (0.94, 1.04) 0.630 1.01 (0.96, 1.06) 0.732

high 1.03 (1.00, 1.07) 0.053 1.04 (0.99, 1.10) 0.094 1.03 (0.97, 1.08) 0.362

MINK

500m
low 1.04 (0.83, 1.30) 0.731 0.85 (0.60, 1.20) 0.356 1.30 (0.94, 1.80) 0.109

high 0.92 (0.76, 1.12) 0.426 0.93 (0.70, 1.23) 0.601 0.97 (0.71, 1.33) 0.870

1000m
low 0.99 (0.89, 1.10) 0.821 0.99 (0.85, 1.16) 0.927 0.97 (0.82, 1.15) 0.744

high 1.01 (0.90, 1.12) 0.921 0.95 (0.81, 1.11) 0.493 1.11 (0.94, 1.31) 0.211

1500m
low 1.01 (0.94, 1.08) 0.785 1.00 (0.91, 1.11) 0.942 1.01 (0.90, 1.13) 0.889

high 1.06 (0.99, 1.14) 0.121 0.97 (0.87, 1.08) 0.593 1.20 (1.08, 1.34) 0.001

2000m
low 1.01 (0.95, 1.06) 0.797 1.00 (0.93, 1.08) 0.954 1.02 (0.93, 1.11) 0.731

high 1.06 (1.00, 1.12) 0.049 0.98 (0.90, 1.06) 0.549 1.20 (1.10, 1.31) 2.3e-05

Type
animal

Buffer
size Category HR (95% CI) HR (95% CI) HR (95% CI)P value P value P value

Respiratory System 
Diseases

Chronic Lower 
Respiratory Diseases Pneumonia

Models were adjusted for: sex, origin, marital status, standardized household income, neighborhood ’s socioeconomic 
position, urbanization degree at neighborhood  level, proportion of low educated residents in the neighborhood , ambient 
particulate matter < 2.5 μm in diameter (PM2.5) levels and ambient nitrogen dioxide (NO2) levels. Models were also adjusted 
for the presence of goats and rabbits. The referent category are those with zero animals in the respective buffer.



2726

Figure 1: Flow chart of the study population.

BAG = Basisregistratie Adressen en Gebouwen, the cadastral dataset containing all addresses in the Netherlands used to 
compute individual residential exposure proxies.

Figure 2: General framework of the models used in the study.

PM2.5 = ambient Particulate Matter < 2.5 μm in diameter, NO2 = ambient nitrogen dioxide
1 Exposure variables were categorized into ‘none’, ‘low’ (<median number of animals in buffer) and ‘high’ (≥median numb) 
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SUPPLEMENTAL MATERIAL

Contents

S1	 Classification of farms in the “Livestock Farming and Neighbouring Residents’ 
Health” (VGO) project

S2	 Descriptive statistics
S3	 Results of the main analysis (online only*)
S4	 Results of the sensitivity analyses (online only*)
S5	 Results of the stratified analysis (online only*)
S6	 Results of the negative controls analyses
*https://doi.org/10.1016/j.envint.2022.107140

S1 Classification of farms in the “Livestock Farming and Neighbouring Residents’ 
Health” (VGO) project

The VGO project analyses included farms with a minimum number of animals (Table 
S1.1). Table S1.2 shows how the classification of farms changed in our study when we 
assigned zero to all farms that had less than the minimum number of animals used in 
the VGO project.

Table S1.1: Minimum number of animals in a farm in the “Livestock Farming and Neigh-
bouring Residents’ Health” (VGO) project.

Cattle >5

Pigs >25

Chicken >250

Goats ≥50

Rabbits >250

Mink ≥400

Minimum number 
on VGO projectType animal



3332

Table S1.2: Comparing the number of animals in each exposure category (per buffer 
size) used in the main analysis (no cut-off for the minimum number of animals in a farm) 
and in sensitivity analysis using the same the cut-offs as used in the “Livestock Farming 
and Neighbouring Residents’ Health” (VGO) project.

CATTLE

none 2042288 0 0 662508 0 0

low 268568 731567 0 187121 1502969 0

high 0 134767 863655 0 93824 1594423

PIGS

none 3353026 0 0 2280490 0 0

low 125302 218865 0 268570 611608 0

high 0 63389 280263 0 134420 745757

CHICKEN

none 3366436 0 0 2141180 0 0

low 338460 0 0 950699 0 0

high 114627 110670 110652 197110 379113 372743

MINK

none 4021352 0 0 3963822 0 0

low 6278 3469 0 22459 16416 0

high 0 3328 6418 0 11147 27001

CATTLE

none 228186 0 0 79920 0 0

low 100686 1806147 0 48868 1931709 0

high 0 49873 1855953 0 24575 1955773

PIGS

none 1509321 0 0 990886 0 0

low 308670 958698 0 336939 1188632 0

high 0 152784 1111372 0 167879 1356509

CHICKEN

none 1157039 0 0 556734 0 0

low 1442379 0 0 1524120 218309 0

high 74597 683475 683355 0 762371 979311

MINK

none 3874409 0 0 3752949 0 0

low 43349 40230 0 64173 80607 0

high 0 28534 54323 0 36161 106955

Animal
type

Animal
type

VGO 
analysis

VGO 
analysis

Main 
analysis

Main 
analysis

None

None

None

None

Low

Low

Low

Low

High

High

High

High

500m

1500m

Number of animals

Number of animals

1000m

2000m
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S2 Descriptive statistics

Table S2.1: Descriptive statistics of the exposure proxy variables, as continuous: aver-
age, median, minimum and maximum number of animals per buffer size for the period 
1999-2003.

Min = minimum, Max = maximum
1	 The minimum was rounded to 1 if the average as <1.
2	 To avoid risk of disclosure the maximum was rounded to a multiple of 500.

Cattle 59 1 11000 177 1 17500 462 1 22000 932 1 30500

Pigs 334 1 46000 703 1 69500 1169 1 94000 1843 1 122500

Chicken 19 1 663500 39 1 726500 151 1 1030500 1828 1 1403000

Mink 1760 1 41000 2050 1 54500 2050 1 62500 2136 1 66000

Animal
type

Buffer
size

Median Median Median MedianMin1 Min1 Min1 Min1Max2 Max2 Max2 Max2

500m 1000m 1500m 2000m
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Table S2.2: Number of individuals unexposed and exposed to low and high num-
bers of each type of livestock animal within 500m, 1000, 1500m and 2000m of their 
residence.

CATTLE

500m 2042288 (50.54%) 874498 (21.64%) 1124059 (27.82%)

1000m 662508 (16.4%) 1216848 (30.11%) 2161489 (53.49%)

1500m 228186 (5.65%) 1163861 (28.8%) 2648798 (65.55%)

2000m 79920 (1.98%) 1113365 (27.55%) 2847560 (70.47%)

PIGS

500m 3353026 (82.98%) 305475 (7.56%) 382344 (9.46%)

1000m 2280490 (56.44%) 708297 (17.53%) 1052058 (26.04%)

1500m 1509321 (37.35%) 940950 (23.29%) 1590574 (39.36%)

2000m 990886 (24.52%) 1039689 (25.73%) 2010270 (49.75%)

CHICKEN

500m 3366436 (83.31%) 335019 (8.29%) 339390 (8.4%)

1000m 2141180 (52.99%) 886973 (21.95%) 1012692 (25.06%)

1500m 1157039 (28.63%) 1258487 (31.14%) 1625319 (40.22%)

2000m 556734 (13.78%) 1394646 (34.51%) 2089465 (51.71%)

MINK

500m 4021352 (99.52%) 8222 (0.2%) 11271 (0.28%)

1000m 3963822 (98.09%) 26691 (0.66%) 50332 (1.25%)

1500m 3874409 (95.88%) 57969 (1.43%) 108467 (2.68%)

2000m 3752949 (92.88%) 102880 (2.55%) 185016 (4.58%)

Type animal
Buffer
size None Low High

Number of animals
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Table S2.3: Cross table of the number of individuals that were alive and that died of 
respiratory system diseases, chronic lower respiratory diseases and pneumonia  that 
were unexposed and exposed to low and high numbers of each type of livestock ani-
mal within 500m, 1000, 1500m and 2000m of their residence.

CATTLE

500m

none 2021827 (50.0%) 20461 (0.5%) 2032501 (50.3%) 9787 (0.2%) 2034650 (50.4%) 7638 (0.2%)

low 865385 (21.4%) 9113 (0.2%) 870187 (21.5%) 4311 (0.1%) 870990 (21.6%) 3508 (0.1%)

high 1113502 (27.6%) 10557 (0.3%) 1119103 (27.7%) 4956 (0.1%) 1120016 (27.7%) 4043 (0.1%)

1000m

none 655383 (16.2%) 7125 (0.2%) 659151 (16.3%) 3357 (0.1%) 659770 (16.3%) 2738 (0.1%)

low 1204013 (29.8%) 12835 (0.3%) 1210803 (30.0%) 6045 (0.1%) 1211939 (30.0%) 4909 (0.1%)

high 2141318 (53.0%) 20171 (0.5%) 2151837 (53.2%) 9652 (0.2%) 2153947 (53.3%) 7542 (0.2%)

1500m

none 225646 (5.6%) 2540 (0.1%) 226928 (5.6%) 1258 (0.0%) 227254 (5.6%) 932 (0.0%)

low 1151770 (28.5%) 12091 (0.3%) 1158225 (28.7%) 5636 (0.1%) 1159197 (28.7%) 4664 (0.1%)

high 2623298 (64.9%) 25500 (0.6%) 2636638 (65.2%) 12160 (0.3%) 2639205 (65.3%) 9593 (0.2%)

2000m

none 79038 (2.0%) 882 (0.0%) 79486 (2.0%) 434 (0.0%) 79588 (2.0%) 332 (0.0%)

low 1101782 (27.3%) 11583 (0.3%) 1107968 (27.4%) 5397 (0.1%) 1108836 (27.4%) 4529 (0.1%)

high 2819894 (69.8%) 27666 (0.7%) 2834337 (70.1%) 13223 (0.3%) 2837232 (70.2%) 10328 (0.3%)

PIGS

500m

none 3319493 (82.2%) 33533 (0.8%) 3337116 (82.6%) 15910 (0.4%) 3340399 (82.7%) 12627 (0.3%)

low 302378 (7.5%) 3097 (0.1%) 304072 (7.5%) 1403 (0.0%) 304221 (7.5%) 1254 (0.0%)

high 378843 (9.4%) 3501 (0.1%) 380603 (9.4%) 1741 (0.0%) 381036 (9.4%) 1308 (0.0%)

1000m

none 2257053 (55.9%) 23437 (0.6%) 2269493 (56.2%) 10997 (0.3%) 2271548 (56.2%) 8942 (0.2%)

low 701380 (17.4%) 6917 (0.2%) 704988 (17.4%) 3309 (0.1%) 705663 (17.5%) 2634 (0.1%)

high 1042281 (25.8%) 9777 (0.2%) 1047310 (25.9%) 4748 (0.1%) 1048445 (25.9%) 3613 (0.1%)

1500m

none 1494033 (37.0%) 15288 (0.4%) 1502180 (37.2%) 7141 (0.2%) 1503413 (37.2%) 5908 (0.1%)

low 931614 (23.1%) 9336 (0.2%) 936580 (23.2%) 4370 (0.1%) 937387 (23.2%) 3563 (0.1%)

high 1575067 (39.0%) 15507 (0.4%) 1583031 (39.2%) 7543 (0.2%) 1584856 (39.2%) 5718 (0.1%)

2000m

none 980882 (24.3%) 10004 (0.2%) 986314 (24.4%) 4572 (0.1%) 986906 (24.4%) 3980 (0.1%)

low 1029423 (25.5%) 10266 (0.2%) 1034889 (25.6%) 4800 (0.1%) 1035784 (25.6%) 3905 (0.1%)

high 1990409 (49.3%) 19861 (0.5%) 2000588 (49.5%) 9682 (0.2%) 2002966 (49.6%) 7304 (0.2%)

CHICKEN

500m

none 3333009 (82.5%) 33427 (0.8%) 3350523 (82.9%) 15913 (0.4%) 3353805 (83.0%) 12631 (0.3%)

low 331716 (8.2%) 3303 (0.1%) 333465 (8.2%) 1554 (0.0%) 333754 (8.3%) 1265 (0.0%)

high 335989 (8.3%) 3401 (0.1%) 337803 (8.4%) 1587 (0.0%) 338097 (8.4%) 1293 (0.0%)

1000m

none 2119355 (52.5%) 21825 (0.5%) 2130822 (52.7%) 10358 (0.3%) 2132966 (52.8%) 8214 (0.2%)

low 878380 (21.7%) 8593 (0.2%) 882906 (21.9%) 4067 (0.1%) 883661 (21.9%) 3312 (0.1%)

high 1002979 (24.8%) 9713 (0.2%) 1008063 (24.9%) 4629 (0.1%) 1009029 (25.0%) 3663 (0.1%)

Type
animal

Buffer
size Category Alive Alive AliveDead Dead Dead

Respiratory System 
Diseases

Chronic Lower 
Respiratory Diseases Pneumonia
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Type
animal

Buffer
size Category Alive Alive AliveDead Dead Dead

Respiratory System 
Diseases

Chronic Lower 
Respiratory Diseases Pneumonia

CHICKEN

1500m

none 1144907 (28.3%) 12132 (0.3%) 1151298 (28.5%) 5741 (0.1%) 1152449 (28.5%) 4590 (0.1%)

low 1246236 (30.8%) 12251 (0.3%) 1252758 (31.0%) 5729 (0.1%) 1253756 (31.0%) 4731 (0.1%)

high 1609571 (39.8%) 15748 (0.4%) 1617735 (40.0%) 7584 (0.2%) 1619451 (40.1%) 5868 (0.1%)

2000m

none 550970 (13.6%) 5764 (0.1%) 554019 (13.7%) 2715 (0.1%) 554533 (13.7%) 2201 (0.0%)

low 1381028 (34.2%) 13618 (0.3%) 1388346 (34.4%) 6300 (0.2%) 1389345 (34.4%) 5301 (0.1%)

high 2068716 (51.2%) 20749 (0.5%) 2079426 (51.5%) 10039 (0.2%) 2081778 (51.5%) 7687 (0.2%)

MINK

500m

none 3981400 (98.5%) 39952 (1.0%) 4002377 (99.0%) 18975 (0.5%) 4006240 (99.1%) 15112 (0.4%)

low 8151 (0.2%) 71 (0.0%) 8193 (0.2%) 29 (0.0%) 8191 (0.2%) 31 (0.0%)

high 11163 (0.3%) 108 (0.0%) 11221 (0.3%) 50 (0.0%) 11225 (0.3%) 46 (0.0%)

1000m

none 3924407 (97.1%) 39415 (1.0%) 3945102 (97.6%) 18720 (0.5%) 3948914 (97.7%) 14908 (0.4%)

low 26466 (0.6%) 225 (0.0%) 26592 (0.7%) 99 (0.0%) 26599 (0.7%) 92 (0.0%)

high 49841 (1.2%) 491 (0.0%) 50097 (1.2%) 235 (0.0%) 50143 (1.2%) 189 (0.0%)

1500m

none 3835897 (94.9%) 38512 (0.9%) 3856101 (95.4%) 18308 (0.4%) 3859863 (95.5%) 14546 (0.4%)

low 57367 (1.4%) 602 (0.0%) 57679 (1.4%) 290 (0.0%) 57748 (1.4%) 221 (0.0%)

high 107450 (2.7%) 1017 (0.0%) 108011 (2.7%) 456 (0.0%) 108045 (2.7%) 422 (0.0%)

2000m

none 3715581 (92.0%) 37368 (0.9%) 3735187 (92.4%) 17762 (0.4%) 3738845 (92.5%) 14104 (0.3%)

low 101861 (2.5%) 1019 (0.0%) 102397 (2.5%) 483 (0.0%) 102495 (2.5%) 385 (0.0%)

high 183272 (4.5%) 1744 (0.0%) 184207 (4.6%) 809 (0.0%) 184316 (4.6%) 700 (0.0%)

Table S2.4: Number of deaths by specific chronic lower respiratory disease and pneu-
monia in the study population.

Chronic lower respiratory diseases 19 054 

Chronic bronchitis 119 (1%)

Emphysema 1793 (9%)

Other chronic obstructive pulmonary disease 16 906 (89%)

Asthma and status asthmaticus 158 (1%)

Bronchiectasis 78 (0%)

Pneumonia 15 189

Viral pneumonia 51 (0%)

Bacterial pneumonia 237 (2%)

Pneumonia, organism unspecified 14 857 (98%)

Pneumonia, other infectious agents 44 (0%)

Cause of death (Data are in n (%))

Data are in n (%)
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S6 Results of the negative controls analyses

Analyses were conducted when there was a minimum of 10 exposed cases.

CATTLE

500m
low 1.00 [0.96, 1.04] 0.832 1.02 [0.94, 1.10] 0.674 1.08 [0.93, 1.26] 0.322 1.02 [0.88, 1.19] 0.756 0.99 [0.99, 1.00] 0.129 0.99 [0.98, 1.00] 0.066

high 0.98 [0.93, 1.02] 0.286 1.04 [0.95, 1.14] 0.366 0.97 [0.80, 1.17] 0.758 0.87 [0.73, 1.04] 0.127 1.00 [0.99, 1.01] 0.474 1.00 [0.99, 1.00] 0.305

1000m
low 0.99 [0.95, 1.03] 0.641 0.96 [0.87, 1.05] 0.324 1.15 [0.96, 1.37] 0.143 1.02 [0.86, 1.21] 0.808 0.99 [0.99, 1.00] 0.223 0.99 [0.98, 1.00] 0.149

high 0.98 [0.93, 1.03] 0.389 0.91 [0.82, 1.01] 0.077 1.19 [0.97, 1.48] 0.102 0.87 [0.72, 1.07] 0.181 0.99 [0.98, 1.00] 0.080 0.99 [0.98, 1.00] 0.064

1500m
low 0.99 [0.92, 1.06] 0.690 0.89 [0.78, 1.02] 0.101 1.24 [0.94, 1.65] 0.127 0.97 [0.76, 1.25] 0.814 1.00 [0.99, 1.01] 0.996 1.00 [0.99, 1.02] 0.814

high 0.97 [0.90, 1.04] 0.381 0.88 [0.76, 1.02] 0.092 1.27 [0.93, 1.74] 0.125 0.90 [0.68, 1.18] 0.433 1.00 [0.98, 1.01] 0.582 1.00 [0.98, 1.01] 0.678

2000m
low 0.98 [0.88, 1.09] 0.722 1.02 [0.81, 1.27] 0.889 1.21 [0.78, 1.87] 0.405 0.99 [0.67, 1.47] 0.956 0.99 [0.97, 1.01] 0.325 0.99 [0.96, 1.01] 0.237

high 0.97 [0.87, 1.09] 0.601 0.98 [0.78, 1.24] 0.890 1.20 [0.75, 1.90] 0.444 0.99 [0.65, 1.50] 0.972 0.99 [0.97, 1.01] 0.474 0.99 [0.97, 1.01] 0.396

PIGS

500m
low 1.00 [0.94, 1.06] 0.905 0.92 [0.81, 1.04] 0.166 0.94 [0.73, 1.21] 0.634 0.75 [0.58, 0.98] 0.034 0.99 [0.98, 1.01] 0.397 1.00 [0.98, 1.01] 0.480

high 1.00 [0.94, 1.06] 0.876 0.83 [0.72, 0.95] 0.006 1.05 [0.81, 1.36] 0.691 0.97 [0.75, 1.24] 0.779 0.98 [0.96, 0.99] 1.4e-04 0.98 [0.96, 0.99] 3.3e-04

1000m
low 1.04 [0.99, 1.08] 0.096 1.06 [0.97, 1.15] 0.193 0.81 [0.68, 0.96] 0.017 0.84 [0.71, 0.99] 0.043 1.01 [1.00, 1.02] 0.033 1.01 [1.00, 1.02] 0.020

high 1.06 [1.01, 1.11] 0.022 0.91 [0.83, 1.01] 0.079 0.87 [0.72, 1.06] 0.170 0.82 [0.68, 1.00] 0.045 1.00 [0.99, 1.01] 0.698 1.00 [0.99, 1.01] 0.687

1500m
low 1.03 [0.99, 1.07] 0.217 1.03 [0.95, 1.11] 0.523 0.97 [0.83, 1.14] 0.738 0.96 [0.83, 1.12] 0.640 1.02 [1.01, 1.02] 2.4e-04 1.02 [1.01, 1.02] 1.7e-04

high 1.09 [1.04, 1.14] 3.6e-04 0.95 [0.86, 1.05] 0.303 0.91 [0.75, 1.10] 0.327 0.92 [0.77, 1.11] 0.393 1.01 [1.00, 1.02] 0.034 1.01 [1.00, 1.02] 0.028

2000m
low 0.99 [0.95, 1.03] 0.733 0.97 [0.89, 1.05] 0.446 0.97 [0.82, 1.14] 0.700 1.00 [0.86, 1.17] 0.975 1.01 [1.00, 1.02] 0.005 1.01 [1.00, 1.02] 0.006

high 1.05 [1.00, 1.11] 0.046 0.93 [0.84, 1.03] 0.184 0.86 [0.70, 1.06] 0.165 0.85 [0.70, 1.04] 0.107 1.02 [1.01, 1.03] 8.2e-05 1.02 [1.01, 1.03] 2.2e-04

CHICKEN

500m
low 0.98 [0.92, 1.04] 0.439 0.91 [0.81, 1.03] 0.148 0.98 [0.77, 1.25] 0.884 0.88 [0.69, 1.13] 0.316 0.98 [0.97, 1.00] 0.009 0.99 [0.97, 1.00] 0.019

high 1.05 [0.99, 1.11] 0.119 0.95 [0.83, 1.07] 0.397 1.08 [0.85, 1.38] 0.538 1.17 [0.94, 1.47] 0.169 1.01 [1.00, 1.02] 0.157 1.01 [1.00, 1.02] 0.160

1000m
low 1.00 [0.96, 1.04] 0.939 0.95 [0.88, 1.04] 0.259 0.88 [0.74, 1.04] 0.124 0.91 [0.77, 1.06] 0.221 0.99 [0.98, 1.00] 0.025 0.99 [0.98, 1.00] 0.033

high 1.01 [0.97, 1.06] 0.499 0.99 [0.91, 1.08] 0.838 1.02 [0.86, 1.21] 0.827 0.99 [0.84, 1.17] 0.900 1.00 [0.99, 1.00] 0.386 1.00 [0.99, 1.01] 0.432

1500m
low 0.99 [0.95, 1.03] 0.531 0.92 [0.85, 1.00] 0.062 0.91 [0.78, 1.07] 0.258 1.07 [0.91, 1.24] 0.410 1.00 [0.99, 1.01] 0.911 1.00 [0.99, 1.01] 0.957

high 1.00 [0.95, 1.04] 0.859 0.98 [0.90, 1.07] 0.663 0.94 [0.79, 1.12] 0.476 0.99 [0.84, 1.17] 0.904 1.00 [0.99, 1.01] 0.596 1.00 [0.99, 1.01] 0.711

2000m
low 0.98 [0.93, 1.02] 0.308 0.92 [0.84, 1.02] 0.102 0.86 [0.71, 1.04] 0.111 0.96 [0.80, 1.16] 0.697 1.00 [0.99, 1.01] 0.622 1.00 [0.99, 1.01] 0.779

high 1.02 [0.97, 1.07] 0.518 0.94 [0.85, 1.05] 0.266 0.87 [0.71, 1.07] 0.185 1.05 [0.86, 1.28] 0.626 1.00 [0.99, 1.01] 0.452 1.00 [0.99, 1.01] 0.669

MINK

500m
low 0.79 [0.54, 1.16] 0.233 N/A N/A N/A N/A N/A N/A 0.94 [0.87, 1.01] 0.082 0.94 [0.87, 1.01] 0.086

high 1.17 [0.88, 1.56] 0.273 N/A N/A N/A N/A N/A N/A 1.00 [0.94, 1.06] 0.885 1.00 [0.94, 1.06] 0.951

1000m
low 0.82 [0.69, 0.98] 0.030 1.14 [0.83, 1.55] 0.421 N/A N/A N/A N/A 0.99 [0.96, 1.02] 0.542 0.99 [0.96, 1.02] 0.610

high 1.15 [0.99, 1.34] 0.073 1.08 [0.77, 1.51] 0.650 N/A N/A N/A N/A 0.99 [0.96, 1.03] 0.611 0.99 [0.95, 1.02] 0.474

1500m
low 0.93 [0.83, 1.04] 0.188 1.00 [0.80, 1.25] 0.981 1.12 [0.72, 1.74] 0.602 1.10 [0.72, 1.69] 0.662 1.01 [0.99, 1.03] 0.279 1.01 [0.99, 1.04] 0.209

high 1.16 [1.05, 1.29] 0.005 0.96 [0.75, 1.22] 0.743 1.23 [0.80, 1.90] 0.339 0.69 [0.40, 1.17] 0.170 1.01 [0.99, 1.04] 0.249 1.01 [0.99, 1.04] 0.297

2000m
low 0.97 [0.89, 1.05] 0.435 0.97 [0.81, 1.16] 0.727 1.35 [0.99, 1.84] 0.060 0.91 [0.64, 1.30] 0.599 1.01 [0.99, 1.03] 0.203 1.01 [1.00, 1.03] 0.154

high 1.05 [0.97, 1.14] 0.233 1.02 [0.86, 1.23] 0.799 1.23 [0.88, 1.72] 0.235 0.59 [0.38, 0.91] 0.017 1.01 [0.99, 1.03] 0.276 1.01 [0.99, 1.03] 0.375

Type
animal

Buffer
size Category HR [95% CI] HR [95% CI] HR [95% CI]P value P value P value

Colon cancer Bladder cancer Liver cancer
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CATTLE

500m
low 1.00 [0.96, 1.04] 0.832 1.02 [0.94, 1.10] 0.674 1.08 [0.93, 1.26] 0.322 1.02 [0.88, 1.19] 0.756 0.99 [0.99, 1.00] 0.129 0.99 [0.98, 1.00] 0.066

high 0.98 [0.93, 1.02] 0.286 1.04 [0.95, 1.14] 0.366 0.97 [0.80, 1.17] 0.758 0.87 [0.73, 1.04] 0.127 1.00 [0.99, 1.01] 0.474 1.00 [0.99, 1.00] 0.305

1000m
low 0.99 [0.95, 1.03] 0.641 0.96 [0.87, 1.05] 0.324 1.15 [0.96, 1.37] 0.143 1.02 [0.86, 1.21] 0.808 0.99 [0.99, 1.00] 0.223 0.99 [0.98, 1.00] 0.149

high 0.98 [0.93, 1.03] 0.389 0.91 [0.82, 1.01] 0.077 1.19 [0.97, 1.48] 0.102 0.87 [0.72, 1.07] 0.181 0.99 [0.98, 1.00] 0.080 0.99 [0.98, 1.00] 0.064

1500m
low 0.99 [0.92, 1.06] 0.690 0.89 [0.78, 1.02] 0.101 1.24 [0.94, 1.65] 0.127 0.97 [0.76, 1.25] 0.814 1.00 [0.99, 1.01] 0.996 1.00 [0.99, 1.02] 0.814

high 0.97 [0.90, 1.04] 0.381 0.88 [0.76, 1.02] 0.092 1.27 [0.93, 1.74] 0.125 0.90 [0.68, 1.18] 0.433 1.00 [0.98, 1.01] 0.582 1.00 [0.98, 1.01] 0.678

2000m
low 0.98 [0.88, 1.09] 0.722 1.02 [0.81, 1.27] 0.889 1.21 [0.78, 1.87] 0.405 0.99 [0.67, 1.47] 0.956 0.99 [0.97, 1.01] 0.325 0.99 [0.96, 1.01] 0.237

high 0.97 [0.87, 1.09] 0.601 0.98 [0.78, 1.24] 0.890 1.20 [0.75, 1.90] 0.444 0.99 [0.65, 1.50] 0.972 0.99 [0.97, 1.01] 0.474 0.99 [0.97, 1.01] 0.396

PIGS

500m
low 1.00 [0.94, 1.06] 0.905 0.92 [0.81, 1.04] 0.166 0.94 [0.73, 1.21] 0.634 0.75 [0.58, 0.98] 0.034 0.99 [0.98, 1.01] 0.397 1.00 [0.98, 1.01] 0.480

high 1.00 [0.94, 1.06] 0.876 0.83 [0.72, 0.95] 0.006 1.05 [0.81, 1.36] 0.691 0.97 [0.75, 1.24] 0.779 0.98 [0.96, 0.99] 1.4e-04 0.98 [0.96, 0.99] 3.3e-04

1000m
low 1.04 [0.99, 1.08] 0.096 1.06 [0.97, 1.15] 0.193 0.81 [0.68, 0.96] 0.017 0.84 [0.71, 0.99] 0.043 1.01 [1.00, 1.02] 0.033 1.01 [1.00, 1.02] 0.020

high 1.06 [1.01, 1.11] 0.022 0.91 [0.83, 1.01] 0.079 0.87 [0.72, 1.06] 0.170 0.82 [0.68, 1.00] 0.045 1.00 [0.99, 1.01] 0.698 1.00 [0.99, 1.01] 0.687

1500m
low 1.03 [0.99, 1.07] 0.217 1.03 [0.95, 1.11] 0.523 0.97 [0.83, 1.14] 0.738 0.96 [0.83, 1.12] 0.640 1.02 [1.01, 1.02] 2.4e-04 1.02 [1.01, 1.02] 1.7e-04

high 1.09 [1.04, 1.14] 3.6e-04 0.95 [0.86, 1.05] 0.303 0.91 [0.75, 1.10] 0.327 0.92 [0.77, 1.11] 0.393 1.01 [1.00, 1.02] 0.034 1.01 [1.00, 1.02] 0.028

2000m
low 0.99 [0.95, 1.03] 0.733 0.97 [0.89, 1.05] 0.446 0.97 [0.82, 1.14] 0.700 1.00 [0.86, 1.17] 0.975 1.01 [1.00, 1.02] 0.005 1.01 [1.00, 1.02] 0.006

high 1.05 [1.00, 1.11] 0.046 0.93 [0.84, 1.03] 0.184 0.86 [0.70, 1.06] 0.165 0.85 [0.70, 1.04] 0.107 1.02 [1.01, 1.03] 8.2e-05 1.02 [1.01, 1.03] 2.2e-04

CHICKEN

500m
low 0.98 [0.92, 1.04] 0.439 0.91 [0.81, 1.03] 0.148 0.98 [0.77, 1.25] 0.884 0.88 [0.69, 1.13] 0.316 0.98 [0.97, 1.00] 0.009 0.99 [0.97, 1.00] 0.019

high 1.05 [0.99, 1.11] 0.119 0.95 [0.83, 1.07] 0.397 1.08 [0.85, 1.38] 0.538 1.17 [0.94, 1.47] 0.169 1.01 [1.00, 1.02] 0.157 1.01 [1.00, 1.02] 0.160

1000m
low 1.00 [0.96, 1.04] 0.939 0.95 [0.88, 1.04] 0.259 0.88 [0.74, 1.04] 0.124 0.91 [0.77, 1.06] 0.221 0.99 [0.98, 1.00] 0.025 0.99 [0.98, 1.00] 0.033

high 1.01 [0.97, 1.06] 0.499 0.99 [0.91, 1.08] 0.838 1.02 [0.86, 1.21] 0.827 0.99 [0.84, 1.17] 0.900 1.00 [0.99, 1.00] 0.386 1.00 [0.99, 1.01] 0.432

1500m
low 0.99 [0.95, 1.03] 0.531 0.92 [0.85, 1.00] 0.062 0.91 [0.78, 1.07] 0.258 1.07 [0.91, 1.24] 0.410 1.00 [0.99, 1.01] 0.911 1.00 [0.99, 1.01] 0.957

high 1.00 [0.95, 1.04] 0.859 0.98 [0.90, 1.07] 0.663 0.94 [0.79, 1.12] 0.476 0.99 [0.84, 1.17] 0.904 1.00 [0.99, 1.01] 0.596 1.00 [0.99, 1.01] 0.711

2000m
low 0.98 [0.93, 1.02] 0.308 0.92 [0.84, 1.02] 0.102 0.86 [0.71, 1.04] 0.111 0.96 [0.80, 1.16] 0.697 1.00 [0.99, 1.01] 0.622 1.00 [0.99, 1.01] 0.779

high 1.02 [0.97, 1.07] 0.518 0.94 [0.85, 1.05] 0.266 0.87 [0.71, 1.07] 0.185 1.05 [0.86, 1.28] 0.626 1.00 [0.99, 1.01] 0.452 1.00 [0.99, 1.01] 0.669

MINK

500m
low 0.79 [0.54, 1.16] 0.233 N/A N/A N/A N/A N/A N/A 0.94 [0.87, 1.01] 0.082 0.94 [0.87, 1.01] 0.086

high 1.17 [0.88, 1.56] 0.273 N/A N/A N/A N/A N/A N/A 1.00 [0.94, 1.06] 0.885 1.00 [0.94, 1.06] 0.951

1000m
low 0.82 [0.69, 0.98] 0.030 1.14 [0.83, 1.55] 0.421 N/A N/A N/A N/A 0.99 [0.96, 1.02] 0.542 0.99 [0.96, 1.02] 0.610

high 1.15 [0.99, 1.34] 0.073 1.08 [0.77, 1.51] 0.650 N/A N/A N/A N/A 0.99 [0.96, 1.03] 0.611 0.99 [0.95, 1.02] 0.474

1500m
low 0.93 [0.83, 1.04] 0.188 1.00 [0.80, 1.25] 0.981 1.12 [0.72, 1.74] 0.602 1.10 [0.72, 1.69] 0.662 1.01 [0.99, 1.03] 0.279 1.01 [0.99, 1.04] 0.209

high 1.16 [1.05, 1.29] 0.005 0.96 [0.75, 1.22] 0.743 1.23 [0.80, 1.90] 0.339 0.69 [0.40, 1.17] 0.170 1.01 [0.99, 1.04] 0.249 1.01 [0.99, 1.04] 0.297

2000m
low 0.97 [0.89, 1.05] 0.435 0.97 [0.81, 1.16] 0.727 1.35 [0.99, 1.84] 0.060 0.91 [0.64, 1.30] 0.599 1.01 [0.99, 1.03] 0.203 1.01 [1.00, 1.03] 0.154

high 1.05 [0.97, 1.14] 0.233 1.02 [0.86, 1.23] 0.799 1.23 [0.88, 1.72] 0.235 0.59 [0.38, 0.91] 0.017 1.01 [0.99, 1.03] 0.276 1.01 [0.99, 1.03] 0.375

HR [95% CI] HR [95% CI] HR [95% CI]P value P value P value

Alcoholic liver disease All cause mortality Non-accidental mortality
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ABSTRACT

Background: There is continued concern about residential proximity to agricultural 
pesticide use and possible adverse health effects. Studies on this subject have been 
scarce with inconsistent results. We explored associations between residential prox-
imity to specific crops, pesticide use and cause-specific mortality in a prospective 
census-based cohort study in The Netherlands.
Methods: Selecting inhabitants aged >30 living in less urbanized areas, at the same ad-
dress for nine years up to baseline (2004) from a national register-based cohort, we fol-
lowed ~3.1 million individuals for cause-specific mortality until 2012. We estimated the 
area of specific crop groups cultivated within buffers of 50m, 100m and 250m around 
each individual’s residence and the amount of fungicides, herbicides and insecticides 
used within the same buffers for the period 1995-2003. The association between these 
exposure proxies and 25 primary causes of death was investigated using Cox propor-
tional hazards regression, adjusting for individual and area-level confounders.
Results: Residential proximity to crops was associated with decreased mortality risks 
overall. In contrast to the overall trend an increased risk was observed for chronic low-
er respiratory diseases and proximity to maize cultivation. We found no evidence of an 
association between the amount of pesticides used and cause-specific mortality.
Conclusions: In a large prospective census-based cohort study in The Netherlands we 
found evidence of an increased risk of chronic lower respiratory diseases in relation to 
maize cultivation which was not reflected in general pesticide use, hinting to specific 
pesticides or practices in maize cultivation that may lead to the observed increased risk.
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INTRODUCTION

It is well established that pesticide use in intensive agriculture management impacts 
ecosystems and (human) health. Exposure to pesticides has been linked to adverse 
outcomes such as neurodegenerative and respiratory diseases, reduced fertility, and 
various forms of cancer1. While these associations have been extensively studied in 
occupational settings, epidemiological studies on the health of residents living near 
agricultural plots where pesticides are applied are still scarce. Results across these 
were heterogeneous, but provided indications of increased occurrence of condi-
tions ranging from skin and respiratory irritations to diseases such as Parkinson’s, 
leukemia, and autism 2. Previous research suggests that people living in agricultural 
settings are subject to higher exposure to pesticides than people living in urban 
areas and that residential pesticide exposure, though characteristically low-dose, 
has a longer duration than in typically higher-dose occupational settings3,4. The rel-
atively large affected population, as compared to the occupationally exposed pop-
ulation, that furthermore includes vulnerable populations (children, elderly, subjects 
with co-morbidities), warrants the study of potential health effects of residential 
pesticide exposures.
We studied the possible associations between residential proximity to specific 
crops and estimated average use of pesticides on these crops, and cause-specific 
mortality using a prospective census-based cohort study with linkage to mortality 
records. The Netherlands provides a unique possibility to study such an association, 
as the high population density and intensive agricultural land use result in 46% of all 
residences being located within 500m of an agricultural plot. Furthermore, historical 
data on pesticide usage, crop maps, and a digital population registry are available 
since 1995.

METHODS

Study population

The Dutch Environmental Longitudinal Study (DUELS) administrative cohort includes 
the whole Dutch population and comprises data from several databases from Statistics 
Netherlands (Centraal Bureau voor de Statistiek, CBS) including mortality, individual 
characteristics, residential history, and neighbourhood characteristics5. In this study, 
we included adults aged ≥30 years on 01-01-2004, registered in the population regis-
ter (GBA – Gemeentelijke Basisadministratie Persoonsgegevens); registration in GBA is 
obligatory in the Netherlands. We excluded persons who lived within 500m of the bor-
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der with Germany or Belgium (for whom we were unable to compute the exposure), 
persons who changed address in the ten years prior to enrolment, and persons living 
in more urbanized areas (≥1500 addresses per km2, at neighborhood level) (Figure 1).

Mortality endpoints

We selected 25 primary causes of death (endpoints), according to the International 
Classification of Diseases, 10th revision (ICD-10)6: 18 specific causes of death, six broadly 
defined groups of causes of death and any cause of death (Figure 2). This selection was 
based on diseases for which there were at least some prior reports about possible links 
with pesticide exposure and supplemented with external causes of mortality (acci-
dents and intentional self-harm) to evaluate the difference between all-cause mortality 
and non-external mortality7–12. Reliability of causes of death statistics in the Netherlands 
was shown to be high (> 90% for major causes of death such as cancers and acute 
myocardial infarction and about 85% for respiratory diseases)13.

Exposure: land use and pesticide use on crops

Residential exposure to agricultural pesticides was assessed for the period 1995 to 
2003 by determining (a) types of crops cultivated in the vicinity of residences based on 
land use maps, and (b) amount of insecticides, fungicides, and herbicides likely used 
based on national pesticide surveys among farmers on their annual pesticide use per 
crop. Data and methods used to compute the exposure proxies are outlined below and 
described in detail in the supplementary material (S1).

Land use variables

We geocoded all residences using the Basisregistratie Adressen en Gebouwen (BAG)14 
and computed the area of specific crops, in hectares (ha), within squared areas around 
the residences. These areas are named buffers throughout the paper and roughly cor-
respond to radii of 50m, 100m, 250m and 500m. The area of crops within the buffers 
was computed using the Landelijk Grondgebruik Nederland (LGN)15 raster maps with 
a resolution of 25 x 25 m that are available every three to five years. We used the LGN 
maps from 1995-1997, 1999-2000, and 2003-2004 and selected seven crop groups: 
maize, grains, potatoes, beets, fruit (apple and pear trees), flower bulbs, and a group 
‘other crops’ (see Table S1.1 for a detailed definition of the crops), excluding grass. We 
considered only crops grown in open fields, excluding thus crops grown in greenhous-
es. Combining those crop groups together, we created an additional group ‘all crops’. 
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For the years in-between available LGN maps, we calculated average areas of maize, 
fruit, flower bulbs, and ‘other crops’, which are considered to be “stable crops” over 
the years. Potatoes, beets and grains are often cultivated in an annual rotation scheme, 
that is, each year one of these three crops is grown in a field followed by another 
of these crops the following year. We used the yearly Dutch agricultural census data 
provided by CBS from 1995 to 2003 to estimate the “probable” area of these “rotation 
crops” per region for the years that no LGN map was available16–18. Finally, by averaging 
the areas across the exposure period (1995 to 2004) we obtained four land use buffers 
reflecting the average area (ha) of a specific crop cultivated within 50, 100, 250 and 
500m for each cohort members’ residence. 

Additional exposure variables reflecting land use 

We additionally computed two metrics that we used to evaluate consistency of trends.
Donut variables: We computed the area of cultivated crops around the residence as 
“donuts with holes” of 50-100m, 100-250m, and 250-500m. We further dichotomized 
these donuts into “presence” or “absence” of a specific crop as a binary variable. 
Distance variable: We computed the shortest distance (in meters) to the edge of near-
est crop. For unavailable LGN years we averaged the shortest distance between two 
available years for the stable crops and considered the averaged minimum distance 
to any of the three rotation crops as the “probable” distance to cultivated potatoes, 
cereals, and beets. As with the buffers, we averaged the computed distances across 
the study period. In the analyses, distance was used as a categorical variable with the 
classes <50m, 50-100m, 100-250m, 250-500, and ≥500m (referent). 

Pesticide use variables

Using the average amount, in kilograms (kg), of annual pesticides use in each crop 
group as reported by a sample of farmers in 1995, 1998, 2000 and 2004 (see Table S1.1 
for information on which crops were taken into account for computing the average 
amount of pesticides used in each crop group), we estimated the amount of insec-
ticides, herbicides, fungicides, and the total amount of these three pesticide classes 
that were likely used within our buffers19. For the years between available data sets, we 
used the average of the amounts reported between two available years. We averaged 
amounts across the exposure period (1995 to 2004) within each buffer.
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Statistical analysis

A recently conducted exposure assessment study in The Netherlands found that there 
was significant difference in the concentrations of several pesticides in air and house 
dust between people living within 250m and living beyond 500m from flower bulb 
crops20. However, there was only a weak gradient in concentrations, especially in 
house dust, from small distances from the field up to 250m. In this study we compared 
residents living within 500m of a (specific) crop (‘exposed’) to residents that do not 
have (specific) crop fields within 500m of their residences (‘unexposed’) in three steps 
(Figure 2). First, we explored mortality gradients across 50m, 100m and 250m buffers 
using the land use variables. Second, we identified ‘findings’ and ‘noteworthy observa-
tions’ by applying predefined criteria for the interpretation of the results (see below). 
Third, for the noteworthy observations we further evaluated the results of the 500m 
buffer analysis. As a secondary analysis, we explored mortality gradients across 50m, 
100m and 250m buffers using the pesticide use variables.

Main analysis (land use variables)

For the main analysis, we used the 50m, 100m and 250m crop-specific land use buffers. 
In each model the ‘complementary donut’ (the surface that remains until 500m) of the 
considered crop was used as a confounder (Figure 2). 
We used Cox proportional hazards regression to explore the association between the 
endpoints of interest and the exposure variables (Hazard Ratio (HR) and 95% confi-
dence interval (CI) per 1 hectare increase in crop area). Models used one-year age stra-
ta and time-in-study as time-scale, similarly to what was done by Fischer et al. (2015) 
This approach yields the same results as using age as the time-scale with the advan-
tage that running such models is computationally faster. We specified three models 
with increasing degrees of covariate adjustment (see Table 1 for the categories used in 
the confounder variables):
	 basic model, adjusted for sex
	 individual model, basic model further adjusted for origin, marital status, standard-

ized household income (an individual socioeconomic indicator adjusted for dif-
ferences in household size and composition), and the presence (yes/no) of other 
crops within 500m of the individual’s residence (except for when all crops was the 
exposure)

	 full model, individual model further adjusted for urbanization degree at neighbor-
hood level as defined in the “Wijk- en buurtkaart” (neighborhood map) from 1999 
and 2003, the proportion of low educated residents in the neighborhood in 2007 
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and socioeconomic position (SEP) at four-digit postcode level from 2002 (a social 
status indicator derived every four years by the Netherlands Institute for Social 
Research that takes income level, unemployment rate and educational level into 
account)21

Each individual was assigned nine years of “exposure” period [01-01-1995 to 31-12-
2003], followed by 1 year of lag period [01-01-2004 to 31-12-2004], to allow for a laten-
cy period. We used a latency period to exclude deaths caused by an accidental acute 
exposure, although this is unlikely to affect results, given the long exposure period 
assessed and that many of the mortality endpoints featured in this study are chronic 
diseases. The follow-up period was from 01-01-2005 to 31-12-2012. Follow-up was ter-
minated at the end of the follow-up period, at the time of death or when individuals 
were lost to follow-up, whatever came first.
To account for multiple testing, we computed the Benjamini-Hochberg false discovery 
rate (FDR) adjusted P values, considering 25 tests (one for each outcome, crops were 
considered independent) and used a threshold of q<0.1.

Complementary analyses

To support the main analysis results, we ran models using the donuts, as continuous 
(area of cultivated crop, in hectares) and binary (presence of crop in buffer or donut, 
yes/no) variables, and the distance, as a categorical variable (Figure 2).

Criteria for interpretation

The results of each exposure-endpoint combination were evaluated using the follow-
ing a priori defined criteria:
	 Consistency among buffer models: did the associations between the buffers have 

the same direction?
	 Consistency between the three land use based models: did associations of the 

buffers, donut, and distance models have the same general direction?
	 Statistical significance: in the full model, was there a result with a Q-value lower 

than 0.1 in at least one of the buffers?
We considered a finding if results met all abovementioned criteria. In addition, we con-
sidered as noteworthy observations associations that met only two criteria.
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Sensitivity analyses

We performed two sensitivity analyses, using the full model of the main (buffer) anal-
ysis. First, we restricted the analyses to non-urban residents (that is, people living in 
neighborhoods with <1000 addresses per km²), to assess potential bias from a semi-ur-
ban environment. Second, we excluded people that worked for at least one year in 
agriculture in the period 1999-2003, in order to exclude a possible influence of occu-
pational exposure. For this analysis we linked the DUELS cohort to microdata on em-
ployment and self-employment available from CBS.

Additional analyses with pesticide use variables

For completeness and transparency, we performed similar analyses as described above 
but using amount (kg) of insecticides, herbicides, fungicides, and their sum (“total pes-
ticides”) used on the area of cultivated land within the buffers around residences (as a 
continuous variable). 

Software

The exposure metrics and statistical analyses were performed using STATA/MP 14, Arc-
GIS 10.4 and R version 3.4.1 (2017-06-30).

RESULTS

A total of 3 160 231 persons contributed to our analysis (Figure 1). During the follow-up 
period 16 154 (0.5%) cohort members were lost to follow-up (mainly due to emigra-
tion) and 353 730 (11.2%) died. Table 1 describes the demographic characteristics of 
the study and exposed populations. About 81% (n=2 560 479) of the individuals were 
exposed to at least one type of crop, that is, resided within 500m of a crop (more de-
scriptive statistics in S2).
Overall, there was no clear evidence of associations between living closer to crops and 
higher risk of death from a range of causes of death. In effect, 10 findings emerged, all 
showing decreased Hazard Ratios (HRs). We further identified 56 noteworthy observa-
tions, most (~79%) also with HRs below unity. Figure 3 shows the results for the main 
analyses with findings and noteworthy observations indicated with ‡ and †, respec-
tively. We noted that 11 noteworthy observations met the 3 criteria when we included 
the 500m buffer on the evaluation of the results, lending strong support that these 
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could be indications of associations (Figure 4). Of these, only one association showed 
increased risk of mortality: living near maize and death from chronic lower respiratory 
diseases. All results from the main and complementary analyses can be found in S3 and 
S4. Sensitivity analyses restricting to people living in non-urban areas and excluding 
people that worked for at least one year in the agriculture did not materially change 
estimates (S6).
Correlation between the amount of insecticides, herbicides, fungicides, and the total 
amount of pesticides was high, as well as correlations between them and area of “all 
crops” (S2). Results from pesticide use information analyses (S5) yielded no evidence 
of associations with our mortality endpoints, except an indication for decreased risk 
of lung cancer mortality in people living near crops where insecticides were applied.

DISCUSSION

We used a nationwide prospective census-based cohort study to explore possible 
associations of presence of crops and estimated use of pesticides near residences, 
with cause-specific mortality. We observed an overall slightly lower mortality risk 
when investigating proximity to specific crops and no evidence of associations with 
the amount of pesticides used. In contrast to this general picture, a few associations 
emerged that indicated possible associations, namely living close to maize and higher 
chronic lower respiratory diseases mortality risk.
We assured independence of self-reported exposure data and precluded selection 
bias by including the entire Dutch population (aged 30+). Even after selecting indi-
viduals living in less urbanized areas who had not moved in the ten years prior to en-
rolment, we obtained a large study population (~3.1 million). The eight year follow-up 
(2005-2012) could account for the long period of onset and worsening of disease that 
usually precedes mortality. We had access to rather unique historical datasets pertain-
ing to pesticide use and information on land use with national coverage and across 
several years that matched the long timeframe evaluated in our study (1995-2003). 
These data enabled exposure proxies assignment to each cohort member. To the best 
of our knowledge, this makes it one of the largest studies on the topic to date.
Residential exposure to pesticides was not measured but rather investigated based 
on the area and proximity of crops to residences. Although using crop acreage as 
proxy for residential exposure provides lower specificity than biological or environ-
mental measurements, previous studies have shown that it can be useful in estimating 
pesticide levels in residential homes located near crops3. By assigning exposure to 
a registered place of residence, exposure misclassification might have occurred. We 
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did not consider other relevant locations for exposure, mobility of the individuals nor 
their presence at the residence during spraying events, which may influence exposure 
levels. However, the main alternative exposure location is probably the workplace and 
our sensitivity analysis excluding agricultural workers showed no major differences in 
effect estimates. Other sources of exposure such as domestic use of pesticides or nu-
tritional exposure were not considered but are not likely to differ materially within the 
short distances analyzed here, limiting residual confounding. We could not account 
for wind speed and direction, which affect spread of pesticides applied in fields, but 
it is difficult to determine what the best non-symmetrical buffer could be. Prevailing 
wind in the Netherlands is West to South West, but lower speed Eastern winds are 
also important for stable lower spread of pesticides at short distances. We also did not 
have information on pesticide application methods nor on adoption of risk mitigation 
measures, such as presence of buffer zone, direction and height of release, sprayer 
speed and spraying pressure applied. These techniques can affect exposure levels and, 
although most are featured in the products’ labels, it is difficult to determine whether 
they were systematically implemented in the period covered in our study (1995-2004). 
This period precedes the adoption of the Directive on Sustainable Use of pesticides 
(SUD, Directive 2009/128/EC) in the European Union, a framework designed to reduce 
the risks and impacts of pesticides on human health and the environment. This direc-
tive encompasses measures such as training of users, inspection of pesticide applica-
tion equipment, prohibition of aerial spraying, limitation of pesticide use in sensitive 
areas, and information and awareness raising about pesticide risks. Regulation (EC) 
No 1107/2009 also took effect in 2009, and regulates the placing of pesticides on the 
market. According to this regulation, pesticides may enter the market only if they do 
not pose immediate or delayed risk to human and animal health and the environment. 
However, approval may be subject to conditions and restrictions (such as risk mit-
igation measures and monitoring during and after use). These important legislation 
requirements were not enforced prior to 2009, meaning that nowadays residential ex-
posure may be lower than that of the study period. We observed overall similarity of 
risk estimates in residents living close to potato, beet, and grain crops, likely due to 
assumptions regarding rotation schemes for these crops; results should not be inter-
preted independently. Table 2 shows each crop’s top ten most used active ingredients 
in 1995, 1998, 2000 and 2004. It was not possible to identify clear active ingredient 
or chemical group candidates for explaining potential effects of a specific crop. Not 
only were several active ingredients’ usage introduced or discontinued over the long 
exposure window assessed here, but active ingredients have also different modes of 
action, toxicity levels and environmental persistence, making it difficult to disentangle 
their effects. 
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We observed many effect estimates below unity, indicating possible residual confound-
ing. If residential proximity to crops had no influence on mortality, we would expect 
a similar proportion of risk estimates above and below unity. Because we made use 
of administrative databases, we could not account for individual level lifestyle factors 
such as smoking, alcohol use, physical activity, or Body Mass Index (BMI). It remains 
unclear why generally living closer to crops is associated with lower mortality or why 
some missing confounders would be associated with our exposure proxies that were 
based on very short distances. Indicative however is that lung cancer, which is driven 
predominantly by smoking (about 90% of cases are attributed to smoking 22), showed 
HRs below unity. This may suggest that smoking behaviors are differential even at this 
scale. As chronic lower respiratory diseases are also associated with smoking, the in-
creased risk we observed is therefore all the more noteworthy. Interestingly, negative 
associations have previously been reported for Dutch rural populations, such as asso-
ciations between non-accidental mortality and air pollution from agricultural sources 
and between indicators of livestock farm emissions and respiratory health23,24. Finally, 
there are two potential sources of confounding that we did not take into account: one 
was whether people had pre-existing health conditions at baseline; the other was that 
people may choose residences both further away and nearer to more rural areas for 
health reasons.
We found no associations when using exposure proxies based on pesticide use, except 
for a negative association between insecticide use and lung cancer mortality. One rea-
son for this general lack of associations could be a dilution of the overall effect on mor-
tality when using a variable that averages effects across a broad range of pesticides 
(herbicides, insecticides, fungicides). By using specific crops as exposure proxies, we 
retain a higher level of specificity of pesticides used as they are often specific to crops 
and farming methods. 
We applied an objective procedure to address possible false positives arising from 
the high number of tests performed, with the possible limitation of overlooking a sig-
nal. We identified 11 noteworthy observations for which including the 500m buffer 
analysis lent support for possible associations. Particularly, the increased risk of death 
from chronic lower respiratory diseases in the presence of maize suggests that some-
thing about maize crops is associated with this mortality endpoint. Further analyses 
strengthened this result. First, the association was consistent across different regions 
of the Netherlands indicating specificity of this association to maize and not other 
geospatially related factors (S7). Second, after controlling for the presence of livestock 
animals the estimates became (slightly) stronger, with results meeting the original in-
terpretation criteria (S8). Lastly, in a validation effort, we applied the same approach 
using data from the Dutch Occupational and Environmental Health Cohort Study (AMI-
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GO) 25 where we were able to further control for smoking, alcohol use, BMI, having a 
job, educational level, and air pollution at individual level (S9). We observed an Odds 
Ratio of 1.09 (95% Confidence Interval 0.89, 1.33) for COPD incidence (which accounted 
for 98% of chronic lower respiratory diseases deaths in our study population, S2) in the 
250m maize buffer. 
Various studies have reported associations between occupational exposure to pes-
ticides and respiratory health problems ranging from cough and wheezing to COPD, 
reduced lung function, and asthma 11,26. One study indicated an association between 
exposure to atrazine (the most used active ingredient in maize in 1995 and 1998, see Ta-
ble 2) and increased wheezing among farmer pesticide applicators27. Few studies that 
were conducted in the general population suggested increased risks for (exacerbation 
of) asthma, bronchitis, and impaired lung function, with many focusing on children as 
a particularly vulnerable group28.
In conclusion, we observed a potential association between living near maize and 
death from chronic lower respiratory diseases, supported by additional analyses. The 
increased risk was not reflected in general pesticide use hinting to specific pesticides 
or practices in maize cultivation that may lead to the observed increased risk.
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FIGURES

Figure 1: Exclusion criteria.

BAG = Basisregistratie Adressen en Gebouwen, the cadastral dataset containing all addresses in the Netherlands used to 
compute individual residential exposure proxies.
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Step 1: main analysis with buffer land use exposure (proxy) variables, complemented with analysis using the donut and dis-
tance land use exposure (proxy) variables.

Step 2: evaluation of the results from Step 1 by applying the a priori defined criteria for interpretation; identification of find-
ings and noteworthy observations.

Step 3: evaluation of the noteworthy observations identified in Step 2 by including the results of the 500m buffer analysis 
in the interpretation and applying the a priori defined criteria once more; classification into “no”, “weak”, “moderate” and 
“strong” support of an association when including the 500m buffer analysis.

a	 Buffer variables reflecting land use (area of cultivated crop, in hectares).

b	 Donut variables reflecting land use; continuous variables = area of cultivated crop, in hectares;  binary variables = 
presence of crop in buffer or donut, yes/no.

Figure 2: General framework of analyses using the land use exposure proxies.
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c	 Distance variable reflecting land use, in meters; categorical variable with classes “<50m”, “50-100m”, “100-250m”, 
“250-500m” and “>500m” (referent).

d	 Confounders: 
	 -	 basic model: age + sex
	 -	 individual model: age + sex + ethnicity + marital status + standardized household income + other crops
	 -	 full model: age + sex + ethnicity + marital status + standardized household income + other crops + urbanization 

degree at neighbourhood level + neighbourhood socioeconomic position + proportion of low educated resi-
dents in the neighbourhood

e	 Full model. 
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Figure 3: Results obtained from the full model analyses using the land use buffers (main analysis).
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Figure 3: Results obtained from the full model analyses using the land use buffers 
(main analysis). (cont.)
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The plots display the Hazard Ratios per increase in 1 hectare of area of (specific) crop and their 95% Confidence Intervals. 
The tables below each plot show the corresponding Hazard Ratios and adjusted P values for each buffer.
M=Maize, P=Potatoes, B=Beets, G=Grains, Fr=Fruit, FB=Flower bulbs, O=’Other crops’, A=’All crops’
‡	 Finding: all three interpretation criteria met
†	 Noteworthy finding: two out of the three interpretation criteria met 
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Figure 4: Results obtained from the full model analyses of the 11 noteworthy findings 
for which including the 500m buffer analysis in the interpretation provided strong sup-
port of an association.
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The plots display the Hazard Ratios per increase in 1 hectare of area of (specific) crop and their 95% Confidence Intervals. 
The tables below each plot show the corresponding Hazard Ratios and FDR adjusted P values for each buffer.
M=Maize, P=Potatoes, B=Beets, G=Grains, A=’All crops’ 
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TABLES

Table 1:  Demographic characteristics at baseline for the study population and for the 
exposed population (living within 500m of a (specific) crop).

AGE [MEAN (SD)] 56.4 (13.0) 55.8 (12.9) 55.9 (12.9) 55.9 (12.9) 55.9 (12.9) 56.0 (12.9) 55.9 (12.9) 56.0 (12.9) 56.0 (12.9)

SEX [N (%)]

  Female 1 636 224 (51.8%) 998 936 (51.2%) 901 554 (51.1%) 901 495 (51.1%) 901 554 (51.1%) 331 585 (51.4%) 435 245 (51.3%) 1 027 789 (51.3%) 1 316 424 (51.4%)

  Male 1 524 007 (48.2%) 953 908 (48.8%) 861 536 (48.9%) 861 478 (48.9%) 861 536 (48.9%) 313 593 (48.6%) 413 445 (48.7%) 976 873 (48.7%) 1 244 055 (48.6%)

ORIGIN [N (%)]

  Dutch 2 895 820 (91.6%) 1 803 319 (92.3%) 1 624 804 (92.2%) 1 624 693 (92.2%) 1 624 804 (92.2%) 590 709 (91.6%) 780 841 (92.0%) 1 846 515 (92.1%) 2 357 490 (92.1%)

  Western 222 813 (7.1%) 130 356 (6.7%) 121 718 (6.9%) 121 712 (6.9%) 121 718 (6.9%) 48 024 (7.4%) 59 584 (7.0%) 136 962 (6.8%) 174 633 (6.8%)

  Non-Western 41 598 (1.3%) 19 169 (1.0%) 16 568 (0.9%) 16 568 (0.9%) 16 568 (0.9%) 6445 (1.0%) 8265 (1.0%) 21 185 (1.1%) 28 356 (1.1%)

CIVIL STATUS [N (%)]

  Married/partner 2 460 560 (77.9%) 1 544 100 (79.1%) 1 390 506 (78.9%) 1 390 427 (78.9%) 1 390 506 (78.9%) 509 213 (78.9%) 668 286 (78.7%) 1 578 769 (78.8%) 2 012 413 (78.6%)

  Widowed 279 995 (8.9%) 161 887 (8.3%) 147 504 (8.4%) 147 493 (8.4%) 147 504 (8.4%) 54 076 (8.4%) 69 823 (8.2%) 167 567 (8.4%) 217 129 (8.5%)

  Divorced 151 099 (4.8%) 81 848 (4.2%) 75 372 (4.3%) 75 363 (4.3%) 75 372 (4.3%) 28 406 (4.4%) 37 745 (4.4%) 88 582 (4.4%) 114 527 (4.5%)

  Single 268 495 (8.5%) 164 952 (8.4%) 149 660 (8.5%) 149 642 (8.5%) 149 660 (8.5%) 53 465 (8.3%) 72 817 (8.6%) 169 693 (8.5%) 216 341 (8.4%)

  Unknown 82 (0.0%) 57 (0.0%) 48 (0.0%) 48 (0.0%) 48 (0.0%) 18 (0.0%) 19 (0.0%) 51 (0.0%) 69 (0.0%)

STANDARDIZED HOUSEHOLD 
INCOME [N (%)]

  <1 percentile 21 769 (0.7%) 14 991 (0.8%) 13 870 (0.8%) 13 870 (0.8%) 13 870 (0.8%) 4 534 (0.7%) 6 621 (0.8%) 14 905 (0.7%) 18 868 (0.7%)

  1-<5 percentile 32 888 (1.0%) 21 661 (1.1%) 19 751 (1.1%) 19 748 (1.1%) 19 751 (1.1%) 6 738 (1.0%) 9 393 (1.1%) 21 607 (1.1%) 27 566 (1.1%)

  5-<10 percentile 64 038 (2.0%) 40 972 (2.1%) 37 479 (2.1%) 37 469 (2.1%) 37 479 (2.1%) 13 104 (2.0%) 17 449 (2.1%) 41 387 (2.1%) 52 668 (2.1%)

  10-<25 percentile 348 853 (11.0%) 215 575 (11.0%) 196 010 (11.1%) 195 999 (11.1%) 196 010 (11.1%) 66 631 (10.3%) 89 266 (10.5%) 221 004 (11.0%) 281 748 (11.0%)

  25-<50 percentile 787 914 (24.9%) 484 923 (24.8%) 441 507 (25.0%) 441 472 (25.0%) 441 507 (25.0%) 158 771 (24.6%) 206 076 (24.3%) 496 738 (24.8%) 635 220 (24.8%)

  50-<75 percentile 895 094 (28.3%) 558 642 (28.6%) 504 861 (28.6%) 504 833 (28.6%) 504 861 (28.6%) 183 781 (28.5%) 241 394 (28.4%) 571 363 (28.5%) 729 697 (28.5%)

  75-<90 percentile 596 649 (18.9%) 368 858 (18.9%) 330 468 (18.7%) 330 454 (18.7%) 330 468 (18.7%) 125 399 (19.4%) 164 571 (19.4%) 379 958 (19.0%) 484 368 (18.9%)

  90-<95 percentile 206 749 (6.5%) 125 576 (6.4%) 111 974 (6.4%) 111 964 (6.4%) 111 974 (6.4%) 43 658 (6.8%) 57 439 (6.8%) 130 312 (6.5%) 166 891 (6.5%)

  95-<99 percentile 161 374 (5.1%) 95 642 (4.9%) 84 230 (4.8%) 84 228 (4.8%) 84 230 (4.8%) 33 691 (5.2%) 44 528 (5.2%) 100 215 (5.0%) 128 376 (5.0%)

  99-100 percentile 42 385 (1.3%) 24 656 (1.3%) 21 526 (1.2%) 21 526 (1.2%) 21 526 (1.2%) 8305 (1.3%) 11 180 (1.3%) 25 556 (1.3%) 33 041 (1.3%)

  Unknown 2 518 (0.1%) 1348 (0.1%) 1414 (0.1%) 1410 (0.1%) 1414 (0.1%) 566 (0.1%) 773 (0.1%) 1617 (0.1%) 2036 (0.1%)

URBANIZATION DEGREE AT NEIGH-
BOURHOOD LEVEL [N (%)]

  <500 addresses per km2 1 115 598 (35.3%) 914 830 (46.8%) 852 708 (48.4%) 852 591 (48.4%) 852 708 (48.4%) 327 765 (50.8%) 422 376 (49.8%) 865 183 (43.2%) 1 062 635 (41.5%)

  500-1000 addresses per km2 1 031 621 (32.6%) 637 661 (32.7%) 546 815 (31.0%) 546 815 (31.0%) 546 815 (31.0%) 192 643 (29.9%) 245 306 (28.9%) 657 700 (32.8%) 844 491 (33.0%)

  1000-1500 addresses per km2 1 013 012 (32.1%) 400 353 (20.5%) 363 567 (20.6%) 363 567 (20.6%) 363 567 (20.6%) 124 770 (19.3%) 181 008 (21.3%) 481 779 (24.0%) 653 353 (25.5%)

Maize
N=1 952 844 (61.8%)

Potatoes
N=1 763 090 (55.8%)

Beets
N=1 762 973 (55.8%)

Population exposed in 500m

Study Population
N=3 160 231

Characteristic
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AGE [MEAN (SD)] 56.4 (13.0) 55.8 (12.9) 55.9 (12.9) 55.9 (12.9) 55.9 (12.9) 56.0 (12.9) 55.9 (12.9) 56.0 (12.9) 56.0 (12.9)

SEX [N (%)]

  Female 1 636 224 (51.8%) 998 936 (51.2%) 901 554 (51.1%) 901 495 (51.1%) 901 554 (51.1%) 331 585 (51.4%) 435 245 (51.3%) 1 027 789 (51.3%) 1 316 424 (51.4%)

  Male 1 524 007 (48.2%) 953 908 (48.8%) 861 536 (48.9%) 861 478 (48.9%) 861 536 (48.9%) 313 593 (48.6%) 413 445 (48.7%) 976 873 (48.7%) 1 244 055 (48.6%)

ORIGIN [N (%)]

  Dutch 2 895 820 (91.6%) 1 803 319 (92.3%) 1 624 804 (92.2%) 1 624 693 (92.2%) 1 624 804 (92.2%) 590 709 (91.6%) 780 841 (92.0%) 1 846 515 (92.1%) 2 357 490 (92.1%)

  Western 222 813 (7.1%) 130 356 (6.7%) 121 718 (6.9%) 121 712 (6.9%) 121 718 (6.9%) 48 024 (7.4%) 59 584 (7.0%) 136 962 (6.8%) 174 633 (6.8%)

  Non-Western 41 598 (1.3%) 19 169 (1.0%) 16 568 (0.9%) 16 568 (0.9%) 16 568 (0.9%) 6445 (1.0%) 8265 (1.0%) 21 185 (1.1%) 28 356 (1.1%)

CIVIL STATUS [N (%)]

  Married/partner 2 460 560 (77.9%) 1 544 100 (79.1%) 1 390 506 (78.9%) 1 390 427 (78.9%) 1 390 506 (78.9%) 509 213 (78.9%) 668 286 (78.7%) 1 578 769 (78.8%) 2 012 413 (78.6%)

  Widowed 279 995 (8.9%) 161 887 (8.3%) 147 504 (8.4%) 147 493 (8.4%) 147 504 (8.4%) 54 076 (8.4%) 69 823 (8.2%) 167 567 (8.4%) 217 129 (8.5%)

  Divorced 151 099 (4.8%) 81 848 (4.2%) 75 372 (4.3%) 75 363 (4.3%) 75 372 (4.3%) 28 406 (4.4%) 37 745 (4.4%) 88 582 (4.4%) 114 527 (4.5%)

  Single 268 495 (8.5%) 164 952 (8.4%) 149 660 (8.5%) 149 642 (8.5%) 149 660 (8.5%) 53 465 (8.3%) 72 817 (8.6%) 169 693 (8.5%) 216 341 (8.4%)

  Unknown 82 (0.0%) 57 (0.0%) 48 (0.0%) 48 (0.0%) 48 (0.0%) 18 (0.0%) 19 (0.0%) 51 (0.0%) 69 (0.0%)

STANDARDIZED HOUSEHOLD 
INCOME [N (%)]

  <1 percentile 21 769 (0.7%) 14 991 (0.8%) 13 870 (0.8%) 13 870 (0.8%) 13 870 (0.8%) 4 534 (0.7%) 6 621 (0.8%) 14 905 (0.7%) 18 868 (0.7%)

  1-<5 percentile 32 888 (1.0%) 21 661 (1.1%) 19 751 (1.1%) 19 748 (1.1%) 19 751 (1.1%) 6 738 (1.0%) 9 393 (1.1%) 21 607 (1.1%) 27 566 (1.1%)

  5-<10 percentile 64 038 (2.0%) 40 972 (2.1%) 37 479 (2.1%) 37 469 (2.1%) 37 479 (2.1%) 13 104 (2.0%) 17 449 (2.1%) 41 387 (2.1%) 52 668 (2.1%)

  10-<25 percentile 348 853 (11.0%) 215 575 (11.0%) 196 010 (11.1%) 195 999 (11.1%) 196 010 (11.1%) 66 631 (10.3%) 89 266 (10.5%) 221 004 (11.0%) 281 748 (11.0%)

  25-<50 percentile 787 914 (24.9%) 484 923 (24.8%) 441 507 (25.0%) 441 472 (25.0%) 441 507 (25.0%) 158 771 (24.6%) 206 076 (24.3%) 496 738 (24.8%) 635 220 (24.8%)

  50-<75 percentile 895 094 (28.3%) 558 642 (28.6%) 504 861 (28.6%) 504 833 (28.6%) 504 861 (28.6%) 183 781 (28.5%) 241 394 (28.4%) 571 363 (28.5%) 729 697 (28.5%)

  75-<90 percentile 596 649 (18.9%) 368 858 (18.9%) 330 468 (18.7%) 330 454 (18.7%) 330 468 (18.7%) 125 399 (19.4%) 164 571 (19.4%) 379 958 (19.0%) 484 368 (18.9%)

  90-<95 percentile 206 749 (6.5%) 125 576 (6.4%) 111 974 (6.4%) 111 964 (6.4%) 111 974 (6.4%) 43 658 (6.8%) 57 439 (6.8%) 130 312 (6.5%) 166 891 (6.5%)

  95-<99 percentile 161 374 (5.1%) 95 642 (4.9%) 84 230 (4.8%) 84 228 (4.8%) 84 230 (4.8%) 33 691 (5.2%) 44 528 (5.2%) 100 215 (5.0%) 128 376 (5.0%)

  99-100 percentile 42 385 (1.3%) 24 656 (1.3%) 21 526 (1.2%) 21 526 (1.2%) 21 526 (1.2%) 8305 (1.3%) 11 180 (1.3%) 25 556 (1.3%) 33 041 (1.3%)

  Unknown 2 518 (0.1%) 1348 (0.1%) 1414 (0.1%) 1410 (0.1%) 1414 (0.1%) 566 (0.1%) 773 (0.1%) 1617 (0.1%) 2036 (0.1%)

URBANIZATION DEGREE AT NEIGH-
BOURHOOD LEVEL [N (%)]

  <500 addresses per km2 1 115 598 (35.3%) 914 830 (46.8%) 852 708 (48.4%) 852 591 (48.4%) 852 708 (48.4%) 327 765 (50.8%) 422 376 (49.8%) 865 183 (43.2%) 1 062 635 (41.5%)

  500-1000 addresses per km2 1 031 621 (32.6%) 637 661 (32.7%) 546 815 (31.0%) 546 815 (31.0%) 546 815 (31.0%) 192 643 (29.9%) 245 306 (28.9%) 657 700 (32.8%) 844 491 (33.0%)

  1000-1500 addresses per km2 1 013 012 (32.1%) 400 353 (20.5%) 363 567 (20.6%) 363 567 (20.6%) 363 567 (20.6%) 124 770 (19.3%) 181 008 (21.3%) 481 779 (24.0%) 653 353 (25.5%)

Grains
N=1 763 090 (55.8%)

Fruits
N=645 178 (20.4%)

‘Other crops’
N=2 004 662 (63.4%)

Flower bulbs
N=848 690 (26.9%)

‘All crops’
N=2 560 479 (81.0%)

Population exposed in 500m
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NEIGHBOURHOOD’S SOCIOECO-
NOMIC POSITION [N (%)]

  1st quintile 238 333 (7.5%) 113 077 (5.8%) 118 329 (6.7%) 118 329 (6.7%) 118 329 (6.7%) 24 340 (3.8%) 30 784 (3.6%) 123 354 (6.2%) 164 846 (6.4%)

  2nd quintile 618 665 (19.6%) 372 508 (19.1%) 366 165 (20.8%) 366 124 (20.8%) 366 165 (20.8%) 121 036 (18.8%) 154 968 (18.3%) 390 990 (19.5%) 500 888 (19.6%)

  3rd quintile 863 510 (27.3%) 584 617 (29.9%) 516 560 (29.3%) 516 560 (29.3%) 516 560 (29.3%) 193 232 (30.0%) 249 977 (29.5%) 573 059 (28.6%) 728 673 (28.5%)

  4th quintile 848 470 (26.8%) 549 053 (28.1%) 473 550 (26.9%) 473 550 (26.9%) 473 550 (26.9%) 192 471 (29.8%) 258 251 (30.4%) 556 387 (27.8%) 696 550 (27.2%)

  5th quintile 568 566 (18.0%) 315 132 (16.1%) 272 222 (15.4%) 272 222 (15.4%) 272 222 (15.4%) 110 842 (17.2%) 149 552 (17.6%) 345 908 (17.3%) 448 546 (17.5%)

  Unknown 22 687 (0.7%) 18 457 (0.9%) 16 264 (0.9%) 16 188 (0.9%) 16 264 (0.9%) 3257 (0.5%) 5158 (0.6%) 14 964 (0.7%) 20 976 (0.8%)

PROPORTION OF LOW EDUCATED 
RESIDENTS IN NEIGHBOURHOOD 
[N (%)]

  1st quintile 390 595 (12.4%) 219 099 (11.2%) 173 092 (9.8%) 173 092 (9.8%) 173 092 (9.8%) 67 524 (10.5%) 91 146 (10.7%) 207 357 (10.3%) 287 487 (11.2%)

  2nd quintile 672 915 (21.3%) 413 278 (21.2%) 358 125 (20.3%) 358 125 (20.3%) 358 125 (20.3%) 149 394 (23.2%) 202 109 (23.8%) 415 876 (20.7%) 550 107 (21.5%)

  3rd quintile 752 191 (23.8%) 483 987 (24.8%) 450 998 (25.6%) 450 957 (25.6%) 450 998 (25.6%) 158 094 (24.5%) 213 308 (25.1%) 496 378 (24.8%) 626 177 (24.5%)

  4th quintile 746 164 (23.6%) 471 065 (24.1%) 434 486 (24.6%) 434 410 (24.6%) 434 486 (24.6%) 162 620 (25.2%) 208 647 (24.6%) 505 004 (25.2%) 616 997 (24.1%)

  5th quintile 597 476 (18.9%) 364 819 (18.7%) 345 796 (19.6%) 345 796 (19.6%) 345 796 (19.6%) 107 444 (16.7%) 133 336 (15.7%) 379 393 (18.9%) 478 937 (18.7%)

  Unknown 890 (0.0%) 596 (0.0%) 593 (0.0%) 593 (0.0%) 593 (0.0%) 102 (0.0%) 144 (0.0%) 654 (0.0%) 774 (0.0%)

Maize
N=1 952 844 (61.8%)

Potatoes
N=1 763 090 (55.8%)

Beets
N=1 762 973 (55.8%)

Population exposed in 500m

Study Population
N=3 160 231

Characteristic

Table 1:  Demographic characteristics at baseline for the study population and for the 
exposed population (living within 500m of a (specific) crop). (cont.)

sd = standard deviation
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NEIGHBOURHOOD’S SOCIOECO-
NOMIC POSITION [N (%)]

  1st quintile 238 333 (7.5%) 113 077 (5.8%) 118 329 (6.7%) 118 329 (6.7%) 118 329 (6.7%) 24 340 (3.8%) 30 784 (3.6%) 123 354 (6.2%) 164 846 (6.4%)

  2nd quintile 618 665 (19.6%) 372 508 (19.1%) 366 165 (20.8%) 366 124 (20.8%) 366 165 (20.8%) 121 036 (18.8%) 154 968 (18.3%) 390 990 (19.5%) 500 888 (19.6%)

  3rd quintile 863 510 (27.3%) 584 617 (29.9%) 516 560 (29.3%) 516 560 (29.3%) 516 560 (29.3%) 193 232 (30.0%) 249 977 (29.5%) 573 059 (28.6%) 728 673 (28.5%)

  4th quintile 848 470 (26.8%) 549 053 (28.1%) 473 550 (26.9%) 473 550 (26.9%) 473 550 (26.9%) 192 471 (29.8%) 258 251 (30.4%) 556 387 (27.8%) 696 550 (27.2%)

  5th quintile 568 566 (18.0%) 315 132 (16.1%) 272 222 (15.4%) 272 222 (15.4%) 272 222 (15.4%) 110 842 (17.2%) 149 552 (17.6%) 345 908 (17.3%) 448 546 (17.5%)

  Unknown 22 687 (0.7%) 18 457 (0.9%) 16 264 (0.9%) 16 188 (0.9%) 16 264 (0.9%) 3257 (0.5%) 5158 (0.6%) 14 964 (0.7%) 20 976 (0.8%)

PROPORTION OF LOW EDUCATED 
RESIDENTS IN NEIGHBOURHOOD 
[N (%)]

  1st quintile 390 595 (12.4%) 219 099 (11.2%) 173 092 (9.8%) 173 092 (9.8%) 173 092 (9.8%) 67 524 (10.5%) 91 146 (10.7%) 207 357 (10.3%) 287 487 (11.2%)

  2nd quintile 672 915 (21.3%) 413 278 (21.2%) 358 125 (20.3%) 358 125 (20.3%) 358 125 (20.3%) 149 394 (23.2%) 202 109 (23.8%) 415 876 (20.7%) 550 107 (21.5%)

  3rd quintile 752 191 (23.8%) 483 987 (24.8%) 450 998 (25.6%) 450 957 (25.6%) 450 998 (25.6%) 158 094 (24.5%) 213 308 (25.1%) 496 378 (24.8%) 626 177 (24.5%)

  4th quintile 746 164 (23.6%) 471 065 (24.1%) 434 486 (24.6%) 434 410 (24.6%) 434 486 (24.6%) 162 620 (25.2%) 208 647 (24.6%) 505 004 (25.2%) 616 997 (24.1%)

  5th quintile 597 476 (18.9%) 364 819 (18.7%) 345 796 (19.6%) 345 796 (19.6%) 345 796 (19.6%) 107 444 (16.7%) 133 336 (15.7%) 379 393 (18.9%) 478 937 (18.7%)

  Unknown 890 (0.0%) 596 (0.0%) 593 (0.0%) 593 (0.0%) 593 (0.0%) 102 (0.0%) 144 (0.0%) 654 (0.0%) 774 (0.0%)

Grains
N=1 763 090 (55.8%)

Fruits
N=645 178 (20.4%)

‘Other crops’
N=2 004 662 (63.4%)

Flower bulbs
N=848 690 (26.9%)

‘All crops’
N=2 560 479 (81.0%)

Population exposed in 500m
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MAIZE

atrazine herbicide triazine 0.70 atrazine herbicide triazine 0.48

bentazon herbicide benzothiadiazinone 0.46 sulcotrion herbicide triketone 0.17

pyridate herbicide phenyl-pyridazine 0.26 pyridate herbicide phenyl-pyridazine 0.26

metolachlor herbicide chloroacetamide 0.25 bentazon herbicide benzothiadiazinone 0.18

   metolachlor herbicide chloroacetamide 0.38

   bromoxynil herbicide nitrile 0.02

   dicamba herbicide benzoic acid (synthetic auxins) 0.02

POTATOES

paraquat-dichloride herbicide quarternary ammonium 
compound

0.43 fluazinam fungicide 2,6-dinitro-anilines 0.96

maneb fungicide dithio-carbamates and 
relatives

2.87 pencycuron fungicide phenylurea 0.73

pencycuron fungicide phenylurea 0.47 cymoxanil fungicide cyanoacetamide-oxime 0.23

monolinuron herbicide urea 0.13 mancozeb fungicide dithio-carbamates and relatives 4.22

fentin acetate fungicide tri-phenyl tin compounds 0.65 chlorothalonil fungicide chloronitriles (phthalonitriles) 0.98

cymoxanil fungicide cyanoacetamide-oxime 0.22 propamocarb hydrochloride fungicide carbamates 0.98

mancozeb fungicide dithio-carbamates and 
relatives

3.05 maneb fungicide dithio-carbamates and relatives 1.59

fluazinam fungicide 2,6-dinitro-anilines 0.57 fentin acetate fungicide tri-phenyl tin compounds 0.42

esfenvalerate insecticide pyrethroids pyrethrins 0.01 metribuzin herbicide triazinone 0.20

metribuzin herbicide triazinone 0.10 deltamethrin insecticide pyrethroids pyrethrins 0.01

BEETS

phenmedipham herbicide phenyl-carbamate 0.23 ethofumesate herbicide benzofuran 0.44

ethofumesate herbicide benzofuran 0.28 phenmedipham herbicide phenyl-carbamate 0.31

metamitron herbicide triazinone 0.82 metamitron herbicide triazinone 1.17

chloridazon herbicide pyridazinone (inhibition of 
photosynthesis at photo-

system ii)

0.84 desmedipham herbicide phenyl-carbamate 0.02

desmedipham herbicide phenyl-carbamate 0.01 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.33

triallate herbicide thiocarbamate 0.09 haloxyfop-p-methyl herbicide aryloxyphenoxypropionate 0.01

clopyralid herbicide pyridine carboxylic acid 0.01 triallate herbicide thiocarbamate 0.07

parathion-ethyl insecticide organophosphates 0.03 clopyralid herbicide pyridine carboxylic acid 0.01

fluazifop-p-butyl herbicide aryloxyphenoxypropionate 0.01 triflusulfuron-methyl herbicide sulfonylurea 0.01

   lenacil herbicide uracil 0.01

Crop Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

1995

Table 2: Top 10 most used active ingredients in 1995, 1998, 2000 and 2004 on each of 
the seven crop groups studied.
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MAIZE

atrazine herbicide triazine 0.70 atrazine herbicide triazine 0.48

bentazon herbicide benzothiadiazinone 0.46 sulcotrion herbicide triketone 0.17

pyridate herbicide phenyl-pyridazine 0.26 pyridate herbicide phenyl-pyridazine 0.26

metolachlor herbicide chloroacetamide 0.25 bentazon herbicide benzothiadiazinone 0.18

   metolachlor herbicide chloroacetamide 0.38

   bromoxynil herbicide nitrile 0.02

   dicamba herbicide benzoic acid (synthetic auxins) 0.02

POTATOES

paraquat-dichloride herbicide quarternary ammonium 
compound

0.43 fluazinam fungicide 2,6-dinitro-anilines 0.96

maneb fungicide dithio-carbamates and 
relatives

2.87 pencycuron fungicide phenylurea 0.73

pencycuron fungicide phenylurea 0.47 cymoxanil fungicide cyanoacetamide-oxime 0.23

monolinuron herbicide urea 0.13 mancozeb fungicide dithio-carbamates and relatives 4.22

fentin acetate fungicide tri-phenyl tin compounds 0.65 chlorothalonil fungicide chloronitriles (phthalonitriles) 0.98

cymoxanil fungicide cyanoacetamide-oxime 0.22 propamocarb hydrochloride fungicide carbamates 0.98

mancozeb fungicide dithio-carbamates and 
relatives

3.05 maneb fungicide dithio-carbamates and relatives 1.59

fluazinam fungicide 2,6-dinitro-anilines 0.57 fentin acetate fungicide tri-phenyl tin compounds 0.42

esfenvalerate insecticide pyrethroids pyrethrins 0.01 metribuzin herbicide triazinone 0.20

metribuzin herbicide triazinone 0.10 deltamethrin insecticide pyrethroids pyrethrins 0.01

BEETS

phenmedipham herbicide phenyl-carbamate 0.23 ethofumesate herbicide benzofuran 0.44

ethofumesate herbicide benzofuran 0.28 phenmedipham herbicide phenyl-carbamate 0.31

metamitron herbicide triazinone 0.82 metamitron herbicide triazinone 1.17

chloridazon herbicide pyridazinone (inhibition of 
photosynthesis at photo-

system ii)

0.84 desmedipham herbicide phenyl-carbamate 0.02

desmedipham herbicide phenyl-carbamate 0.01 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.33

triallate herbicide thiocarbamate 0.09 haloxyfop-p-methyl herbicide aryloxyphenoxypropionate 0.01

clopyralid herbicide pyridine carboxylic acid 0.01 triallate herbicide thiocarbamate 0.07

parathion-ethyl insecticide organophosphates 0.03 clopyralid herbicide pyridine carboxylic acid 0.01

fluazifop-p-butyl herbicide aryloxyphenoxypropionate 0.01 triflusulfuron-methyl herbicide sulfonylurea 0.01

   lenacil herbicide uracil 0.01

Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

1998
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GRAINS

mcpa herbicide phenoxy-carboxylic-acid 0.47 mcpa herbicide phenoxy-carboxylic-acid 0.38

mecoprop-p herbicide aryloxyalkanoic acid 0.39 epoxiconazole fungicide triazoles 0.07

fenpropimorph fungicide morpholines 0.19 fenpropimorph fungicide morpholines 0.19

fluroxypyr herbicide pyridine carboxylic acid 0.05 kresoxim-methyl fungicide oximino-acetates 0.08

propiconazole fungicide triazoles 0.11 fluroxypyr herbicide pyridine carboxylic acid 0.06

epoxiconazole fungicide triazoles 0.06 isoproturon herbicide urea 0.51

metsulfuron-methyl herbicide sulfonylurea 0.01 mecoprop-p herbicide aryloxyalkanoic acid 0.34

dimethoate insecticide organophosphates 0.09 metsulfuron-methyl herbicide sulfonylurea 0.02

isoproturon herbicide urea 0.37 propiconazole fungicide triazoles 0.09

bifenox herbicide diphenylether (ppo) 0.10 dicamba herbicide benzoic acid (synthetic auxins) 0.02

FRUITS

captan fungicide phthalimides 16.28 captan fungicide phthalimides 11.83

fenoxycarb insecticide fenoxycarb 0.08 glyphosate herbicide glycine 0.88

pirimicarb insecticide carbamates 0.20 tolylfluanid fungicide sulfamides 3.08

tolylfluanid fungicide sulfamides 2.46 fenoxycarb insecticide fenoxycarb 0.10

glyphosate herbicide glycine 0.74 copper oxychloride fungicide inorganic compound 1.93

copper oxychloride fungicide inorganic compound 1.75 triadimenol fungicide triazoles 0.06

difenoconazole fungicide triazoles 0.09 amitraz insecticide amitraz 0.51

diuron herbicide urea 0.42 pirimicarb insecticide carbamates 0.08

nitrothal isopropyl fungicide unclassified 0.54 pyrimethanil fungicide anilino-pyrimidines 0.31

simazin herbicide triazine 0.29 dithianon fungicide quinones (anthra-quinones) 1.12

FLOWER
BULBS

metoxuron herbicide urea 1.31 metamitron herbicide triazinone 1.29

metamitron herbicide triazinone 1.15 chlorpropham herbicide carbamates 1.71

prochloraz fungicide imidazoles 0.65 prochloraz fungicide imidazoles 0.80

chlorpropham herbicide carbamates 1.39 carbendazim fungicide benzimidazoles 0.41

chlorothalonil fungicide chloronitriles (phthalonitriles) 1.42 asulam herbicide carbamates 0.88

chloridazon herbicide pyridazinone (inhibition of 
photosynthesis at photo-

system ii)

0.82 chlorothalonil fungicide chloronitriles (phthalonitriles) 1.12

propoxur insecticide carbamates 0.82 maneb fungicide dithio-carbamates and relatives 4.90

carbendazim fungicide benzimidazoles 0.39 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.77

esfenvalerate insecticide pyrethroids pyrethrins 0.03 esfenvalerate insecticide pyrethroids pyrethrins 0.03

maneb fungicide dithio-carbamates and 
relatives

6.48 simazin herbicide triazine 0.10

Crop Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

1995

Table 2: Top 10 most used active ingredients in 1995, 1998, 2000 and 2004 on each of 
the seven crop groups studied. (cont.)
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GRAINS

mcpa herbicide phenoxy-carboxylic-acid 0.47 mcpa herbicide phenoxy-carboxylic-acid 0.38

mecoprop-p herbicide aryloxyalkanoic acid 0.39 epoxiconazole fungicide triazoles 0.07

fenpropimorph fungicide morpholines 0.19 fenpropimorph fungicide morpholines 0.19

fluroxypyr herbicide pyridine carboxylic acid 0.05 kresoxim-methyl fungicide oximino-acetates 0.08

propiconazole fungicide triazoles 0.11 fluroxypyr herbicide pyridine carboxylic acid 0.06

epoxiconazole fungicide triazoles 0.06 isoproturon herbicide urea 0.51

metsulfuron-methyl herbicide sulfonylurea 0.01 mecoprop-p herbicide aryloxyalkanoic acid 0.34

dimethoate insecticide organophosphates 0.09 metsulfuron-methyl herbicide sulfonylurea 0.02

isoproturon herbicide urea 0.37 propiconazole fungicide triazoles 0.09

bifenox herbicide diphenylether (ppo) 0.10 dicamba herbicide benzoic acid (synthetic auxins) 0.02

FRUITS

captan fungicide phthalimides 16.28 captan fungicide phthalimides 11.83

fenoxycarb insecticide fenoxycarb 0.08 glyphosate herbicide glycine 0.88

pirimicarb insecticide carbamates 0.20 tolylfluanid fungicide sulfamides 3.08

tolylfluanid fungicide sulfamides 2.46 fenoxycarb insecticide fenoxycarb 0.10

glyphosate herbicide glycine 0.74 copper oxychloride fungicide inorganic compound 1.93

copper oxychloride fungicide inorganic compound 1.75 triadimenol fungicide triazoles 0.06

difenoconazole fungicide triazoles 0.09 amitraz insecticide amitraz 0.51

diuron herbicide urea 0.42 pirimicarb insecticide carbamates 0.08

nitrothal isopropyl fungicide unclassified 0.54 pyrimethanil fungicide anilino-pyrimidines 0.31

simazin herbicide triazine 0.29 dithianon fungicide quinones (anthra-quinones) 1.12

FLOWER
BULBS

metoxuron herbicide urea 1.31 metamitron herbicide triazinone 1.29

metamitron herbicide triazinone 1.15 chlorpropham herbicide carbamates 1.71

prochloraz fungicide imidazoles 0.65 prochloraz fungicide imidazoles 0.80

chlorpropham herbicide carbamates 1.39 carbendazim fungicide benzimidazoles 0.41

chlorothalonil fungicide chloronitriles (phthalonitriles) 1.42 asulam herbicide carbamates 0.88

chloridazon herbicide pyridazinone (inhibition of 
photosynthesis at photo-

system ii)

0.82 chlorothalonil fungicide chloronitriles (phthalonitriles) 1.12

propoxur insecticide carbamates 0.82 maneb fungicide dithio-carbamates and relatives 4.90

carbendazim fungicide benzimidazoles 0.39 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.77

esfenvalerate insecticide pyrethroids pyrethrins 0.03 esfenvalerate insecticide pyrethroids pyrethrins 0.03

maneb fungicide dithio-carbamates and 
relatives

6.48 simazin herbicide triazine 0.10

Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

1998
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OTHER
CROPS

chlorpropham herbicide carbamates 0.45 maneb fungicide dithio-carbamates and relatives 3.24

maneb fungicide dithio-carbamates and relatives 2.15 zineb fungicide dithio-carbamates and relatives 3.36

propachlor herbicide chloroacetamide 1.38 bentazon herbicide benzothiadiazinone 0.26

propyzamide herbicide benzamide (microtubule 
assembly inhibition)

0.80 propachlor herbicide chloroacetamide 1.80

pirimicarb insecticide carbamates 0.10 propyzamide herbicide benzamide (microtubule assem-
bly inhibition)

0.77

bentazon herbicide benzothiadiazinone 0.34 pendimethalin herbicide dinitroaniline 0.35

metoxuron herbicide urea 1.49 asulam herbicide carbamates 0.58

propazin herbicide triazine 1.01 deltamethrin insecticide pyrethroids pyrethrins 0.01

pendimethalin herbicide dinitroaniline 0.45 chlorpropham herbicide carbamates 0.55

oxydemeton-methyl insecticide organophosphates 0.15 metoxuron herbicide urea 1.08

Crop Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

1995

MAIZE

sulcotrion herbicide triketone 0.20 nicosulfuron herbicide sulfonylurea 0.05

terbutylazine herbicide triazine 0.22 sulcotrion herbicide triketone 0.16

pyridate herbicide phenyl-pyridazine 0.14 terbutylazine herbicide triazine 0.14

nicosulfuron herbicide sulfonylurea 0.03 dimethenamid-p herbicide chloroacetamide 0.22

bromoxynil herbicide nitrile 0.05 pyridate herbicide phenyl-pyridazine 0.06

dicamba herbicide benzoic acid (synthetic auxins) 0.01 mesotrione herbicide triketone 0.03

   bromoxynil herbicide nitrile 0.01

   dicamba herbicide benzoic acid (synthetic auxins) 0.02

   bentazon herbicide benzothiadiazinone 0.05

POTATOES

fluazinam fungicide 2,6-dinitro-anilines 1.06 fluazinam fungicide 2,6-dinitro-anilines 0.90

cymoxanil fungicide cyanoacetamide-oxime 0.36 diquat dibromide herbicide bipyridylium 0.37

mancozeb fungicide dithio-carbamates and relatives 4.43 cymoxanil fungicide cyanoacetamide-oxime 0.42

pencycuron fungicide phenylurea 0.70 mancozeb fungicide dithio-carbamates and relatives 4.66

metribuzin herbicide triazinone 0.11 metribuzin herbicide triazinone 0.17

maneb fungicide dithio-carbamates and relatives 0.78 rimsulfuron herbicide sulfonylurea 0.01

imazalil fungicide imidazoles 0.14 pencycuron fungicide phenylurea 0.49

lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.01 paraquat-dichloride herbicide quarternary ammonium com-
pound

0.17

chlorothalonil fungicide chloronitriles (phthalonitriles) 0.69 lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.01

paraquat-dichloride herbicide quarternary ammonium 
compound

0.12 linuron herbicide urea 0.18

Crop Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

2000

Table 2: Top 10 most used active ingredients in 1995, 1998, 2000 and 2004 on each of 
the seven crop groups studied. (cont.)
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OTHER
CROPS

chlorpropham herbicide carbamates 0.45 maneb fungicide dithio-carbamates and relatives 3.24

maneb fungicide dithio-carbamates and relatives 2.15 zineb fungicide dithio-carbamates and relatives 3.36

propachlor herbicide chloroacetamide 1.38 bentazon herbicide benzothiadiazinone 0.26

propyzamide herbicide benzamide (microtubule 
assembly inhibition)

0.80 propachlor herbicide chloroacetamide 1.80

pirimicarb insecticide carbamates 0.10 propyzamide herbicide benzamide (microtubule assem-
bly inhibition)

0.77

bentazon herbicide benzothiadiazinone 0.34 pendimethalin herbicide dinitroaniline 0.35

metoxuron herbicide urea 1.49 asulam herbicide carbamates 0.58

propazin herbicide triazine 1.01 deltamethrin insecticide pyrethroids pyrethrins 0.01

pendimethalin herbicide dinitroaniline 0.45 chlorpropham herbicide carbamates 0.55

oxydemeton-methyl insecticide organophosphates 0.15 metoxuron herbicide urea 1.08

Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

1998

MAIZE

sulcotrion herbicide triketone 0.20 nicosulfuron herbicide sulfonylurea 0.05

terbutylazine herbicide triazine 0.22 sulcotrion herbicide triketone 0.16

pyridate herbicide phenyl-pyridazine 0.14 terbutylazine herbicide triazine 0.14

nicosulfuron herbicide sulfonylurea 0.03 dimethenamid-p herbicide chloroacetamide 0.22

bromoxynil herbicide nitrile 0.05 pyridate herbicide phenyl-pyridazine 0.06

dicamba herbicide benzoic acid (synthetic auxins) 0.01 mesotrione herbicide triketone 0.03

   bromoxynil herbicide nitrile 0.01

   dicamba herbicide benzoic acid (synthetic auxins) 0.02

   bentazon herbicide benzothiadiazinone 0.05

POTATOES

fluazinam fungicide 2,6-dinitro-anilines 1.06 fluazinam fungicide 2,6-dinitro-anilines 0.90

cymoxanil fungicide cyanoacetamide-oxime 0.36 diquat dibromide herbicide bipyridylium 0.37

mancozeb fungicide dithio-carbamates and relatives 4.43 cymoxanil fungicide cyanoacetamide-oxime 0.42

pencycuron fungicide phenylurea 0.70 mancozeb fungicide dithio-carbamates and relatives 4.66

metribuzin herbicide triazinone 0.11 metribuzin herbicide triazinone 0.17

maneb fungicide dithio-carbamates and relatives 0.78 rimsulfuron herbicide sulfonylurea 0.01

imazalil fungicide imidazoles 0.14 pencycuron fungicide phenylurea 0.49

lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.01 paraquat-dichloride herbicide quarternary ammonium com-
pound

0.17

chlorothalonil fungicide chloronitriles (phthalonitriles) 0.69 lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.01

paraquat-dichloride herbicide quarternary ammonium 
compound

0.12 linuron herbicide urea 0.18

Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

2004
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BEETS

metamitron herbicide triazinone 1.43 phenmedipham herbicide phenyl-carbamate 0.30

phenmedipham herbicide phenyl-carbamate 0.30 ethofumesate herbicide benzofuran 0.44

ethofumesate herbicide benzofuran 0.36 metamitron herbicide triazinone 1.27

desmedipham herbicide phenyl-carbamate 0.02 desmedipham herbicide phenyl-carbamate 0.03

clopyralid herbicide pyridine carboxylic acid 0.03 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.42

haloxyfop-p-methyl herbicide aryloxyphenoxypropionate 0.01 triflusulfuron-methyl herbicide sulfonylurea 0.02

triflusulfuron-methyl herbicide sulfonylurea 0.01 s-metolachlor herbicide chloroacetamide 0.23

glyphosate herbicide glycine 0.18 glyphosate herbicide glycine 0.22

triallate herbicide thiocarbamate 0.06 clopyralid herbicide pyridine carboxylic acid 0.01

   haloxyfop-p-methyl herbicide aryloxyphenoxypropionate 0.01

GRAINS

mcpa herbicide phenoxy-carboxylic-acid 0.43 mcpa herbicide phenoxy-carboxylic-acid 0.49

epoxiconazole fungicide triazoles 0.10 epoxiconazole fungicide triazoles 0.09

fluroxypyr herbicide pyridine carboxylic acid 0.10 fluroxypyr herbicide pyridine carboxylic acid 0.11

kresoxim-methyl fungicide oximino-acetates 0.05 metsulfuron-methyl herbicide sulfonylurea 0.00

fenpropimorph fungicide morpholines 0.24 fenpropimorph fungicide morpholines 0.18

metsulfuron-methyl herbicide sulfonylurea 0.02 isoproturon herbicide urea 0.87

isoproturon herbicide urea 0.36 picoxystrobin fungicide methoxy-acrylates 0.12

mecoprop-p herbicide aryloxyalkanoic acid 0.23 kresoxim-methyl fungicide oximino-acetates 0.05

propiconazole fungicide triazoles 0.06 lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.00

lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.00 mecoprop-p herbicide aryloxyalkanoic acid 0.18

FRUITS

tolylfluanid fungicide sulfamides 4.30 captan fungicide phthalimides 8.04

dithianon fungicide quinones (anthra-quinones) 1.23 tolylfluanid fungicide sulfamides 4.42

fenoxycarb insecticide fenoxycarb 0.12 dithianon fungicide quinones (anthra-quinones) 0.94

pirimicarb insecticide carbamates 0.17 triadimenol fungicide triazoles 0.07

glyphosate herbicide glycine 1.04 glyphosate herbicide glycine 0.93

triadimenol fungicide triazoles 0.03 pirimicarb insecticide carbamates 0.24

captan fungicide phthalimides 4.58 fenoxycarb insecticide fenoxycarb 0.10

imidacloprid insecticide neonicotinoids 0.04 imidacloprid insecticide neonicotinoids 0.04

mcpa herbicide phenoxy-carboxylic-acid 0.57 thiram fungicide carbamates 4.39

carbendazim fungicide benzimidazoles 0.40 thiram fungicide dithio-carbamates and relatives 4.39

Crop Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

2000

Table 2: Top 10 most used active ingredients in 1995, 1998, 2000 and 2004 on each of 
the seven crop groups studied. (cont.)
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BEETS

metamitron herbicide triazinone 1.43 phenmedipham herbicide phenyl-carbamate 0.30

phenmedipham herbicide phenyl-carbamate 0.30 ethofumesate herbicide benzofuran 0.44

ethofumesate herbicide benzofuran 0.36 metamitron herbicide triazinone 1.27

desmedipham herbicide phenyl-carbamate 0.02 desmedipham herbicide phenyl-carbamate 0.03

clopyralid herbicide pyridine carboxylic acid 0.03 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.42

haloxyfop-p-methyl herbicide aryloxyphenoxypropionate 0.01 triflusulfuron-methyl herbicide sulfonylurea 0.02

triflusulfuron-methyl herbicide sulfonylurea 0.01 s-metolachlor herbicide chloroacetamide 0.23

glyphosate herbicide glycine 0.18 glyphosate herbicide glycine 0.22

triallate herbicide thiocarbamate 0.06 clopyralid herbicide pyridine carboxylic acid 0.01

   haloxyfop-p-methyl herbicide aryloxyphenoxypropionate 0.01

GRAINS

mcpa herbicide phenoxy-carboxylic-acid 0.43 mcpa herbicide phenoxy-carboxylic-acid 0.49

epoxiconazole fungicide triazoles 0.10 epoxiconazole fungicide triazoles 0.09

fluroxypyr herbicide pyridine carboxylic acid 0.10 fluroxypyr herbicide pyridine carboxylic acid 0.11

kresoxim-methyl fungicide oximino-acetates 0.05 metsulfuron-methyl herbicide sulfonylurea 0.00

fenpropimorph fungicide morpholines 0.24 fenpropimorph fungicide morpholines 0.18

metsulfuron-methyl herbicide sulfonylurea 0.02 isoproturon herbicide urea 0.87

isoproturon herbicide urea 0.36 picoxystrobin fungicide methoxy-acrylates 0.12

mecoprop-p herbicide aryloxyalkanoic acid 0.23 kresoxim-methyl fungicide oximino-acetates 0.05

propiconazole fungicide triazoles 0.06 lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.00

lambda-cyhalothrin insecticide pyrethroids pyrethrins 0.00 mecoprop-p herbicide aryloxyalkanoic acid 0.18

FRUITS

tolylfluanid fungicide sulfamides 4.30 captan fungicide phthalimides 8.04

dithianon fungicide quinones (anthra-quinones) 1.23 tolylfluanid fungicide sulfamides 4.42

fenoxycarb insecticide fenoxycarb 0.12 dithianon fungicide quinones (anthra-quinones) 0.94

pirimicarb insecticide carbamates 0.17 triadimenol fungicide triazoles 0.07

glyphosate herbicide glycine 1.04 glyphosate herbicide glycine 0.93

triadimenol fungicide triazoles 0.03 pirimicarb insecticide carbamates 0.24

captan fungicide phthalimides 4.58 fenoxycarb insecticide fenoxycarb 0.10

imidacloprid insecticide neonicotinoids 0.04 imidacloprid insecticide neonicotinoids 0.04

mcpa herbicide phenoxy-carboxylic-acid 0.57 thiram fungicide carbamates 4.39

carbendazim fungicide benzimidazoles 0.40 thiram fungicide dithio-carbamates and relatives 4.39

Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

2004
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FLOWER
BULBS

metamitron herbicide triazinone 2.12 metoxuron herbicide urea 1.84

asulam herbicide carbamates 1.63 metamitron herbicide triazinone 1.64

chlorpropham herbicide carbamates 1.61 asulam herbicide carbamates 2.65

prochloraz fungicide imidazoles 0.41 chlorpropham herbicide carbamates 1.43

fluazinam fungicide 2,6-dinitro-anilines 0.62 fluazinam fungicide 2,6-dinitro-anilines 0.84

maneb fungicide dithio-carbamates and 
relatives

3.94 mancozeb fungicide dithio-carbamates and relatives 7.14

chloridazon herbicide pyridazinone (inhibition of 
photosynthesis at photo-

system ii)

0.39 tebuconazole fungicide triazoles 0.30

chlorothalonil fungicide chloronitriles (phthalonitriles) 0.73 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.70

esfenvalerate insecticide pyrethroids pyrethrins 0.05 prochloraz fungicide imidazoles 0.27

mancozeb fungicide dithio-carbamates and 
relatives

4.46 glyphosate herbicide glycine 0.61

OTHER
CROPS

propachlor herbicide chloroacetamide 2.18 pendimethalin herbicide dinitroaniline 0.84

bentazon herbicide benzothiadiazinone 0.50 propyzamide herbicide benzamide (microtubule assem-
bly inhibition)

0.99

propyzamide herbicide benzamide (microtubule 
assembly inhibition)

0.79 mancozeb fungicide dithio-carbamates and relatives 5.94

metoxuron herbicide urea 1.49 vinclozolin fungicide dicarboximides 0.24

thiometon insecticide organophosphates 0.36 chlorpropham herbicide carbamates 0.49

pendimethalin herbicide dinitroaniline 0.68 metoxuron herbicide urea 1.36

asulam herbicide carbamates 0.65 deltamethrin insecticide pyrethroids pyrethrins 0.01

dimethoate insecticide organophosphates 0.31 bentazon herbicide benzothiadiazinone 0.50

maneb fungicide dithio-carbamates and 
relatives

2.26 dimethoate insecticide organophosphates 0.31

zineb fungicide dithio-carbamates and 
relatives

2.38 carbetamide herbicide carbamates 0.40

Crop Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

2000

Table 2: Top 10 most used active ingredients in 1995, 1998, 2000 and 2004 on each of 
the seven crop groups studied. (cont.)
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FLOWER
BULBS

metamitron herbicide triazinone 2.12 metoxuron herbicide urea 1.84

asulam herbicide carbamates 1.63 metamitron herbicide triazinone 1.64

chlorpropham herbicide carbamates 1.61 asulam herbicide carbamates 2.65

prochloraz fungicide imidazoles 0.41 chlorpropham herbicide carbamates 1.43

fluazinam fungicide 2,6-dinitro-anilines 0.62 fluazinam fungicide 2,6-dinitro-anilines 0.84

maneb fungicide dithio-carbamates and 
relatives

3.94 mancozeb fungicide dithio-carbamates and relatives 7.14

chloridazon herbicide pyridazinone (inhibition of 
photosynthesis at photo-

system ii)

0.39 tebuconazole fungicide triazoles 0.30

chlorothalonil fungicide chloronitriles (phthalonitriles) 0.73 chloridazon herbicide pyridazinone (inhibition of pho-
tosynthesis at photosystem ii)

0.70

esfenvalerate insecticide pyrethroids pyrethrins 0.05 prochloraz fungicide imidazoles 0.27

mancozeb fungicide dithio-carbamates and 
relatives

4.46 glyphosate herbicide glycine 0.61

OTHER
CROPS

propachlor herbicide chloroacetamide 2.18 pendimethalin herbicide dinitroaniline 0.84

bentazon herbicide benzothiadiazinone 0.50 propyzamide herbicide benzamide (microtubule assem-
bly inhibition)

0.99

propyzamide herbicide benzamide (microtubule 
assembly inhibition)

0.79 mancozeb fungicide dithio-carbamates and relatives 5.94

metoxuron herbicide urea 1.49 vinclozolin fungicide dicarboximides 0.24

thiometon insecticide organophosphates 0.36 chlorpropham herbicide carbamates 0.49

pendimethalin herbicide dinitroaniline 0.68 metoxuron herbicide urea 1.36

asulam herbicide carbamates 0.65 deltamethrin insecticide pyrethroids pyrethrins 0.01

dimethoate insecticide organophosphates 0.31 bentazon herbicide benzothiadiazinone 0.50

maneb fungicide dithio-carbamates and 
relatives

2.26 dimethoate insecticide organophosphates 0.31

zineb fungicide dithio-carbamates and 
relatives

2.38 carbetamide herbicide carbamates 0.40

Active 
ingredient

Type 
pesticide

Chemical 
group

Amount (kg) 
used per hectare

2004
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S1 Extended description of Materials and Methods

Land use variables

We computed the area, in hectares, of specific crops in the vicinity of all Dutch  resi-
dences (n = 8,006,906), and linked these data to the DUELS administrative cohort. We 
used the Landelijk Grondgebruik Nederland (LGN) raster maps, with a resolution of 25 
x 25 m, to obtain the type of crop cultivation registered per raster cell during specific 
years. These maps are available every three to five years, and are constructed using 
satellite imagery complemented with data from geographic information systems (GIS) 
that were available at the time such as topographic maps, aerial photography, and 
vector spatial databases. One LGN map uses several satellite images obtained from 
sections of the Netherlands taken in over a couple of years, meaning that one LGN 
map contains data from multiple years. For example the map LGN5 was built based 
on satellite imagery from the West of the Netherlands obtained in 2003 and from the 
East of the country in 2004.1,2 In this study we used the maps from 1995/1997 (LGN3+), 
1999/2000 (LGN4) and 2003/2004 (LGN5), from which we selected seven crop groups: 
maize, grains, potatoes, beets, fruit, flower bulbs and a group ‘other crops’ (excluding 
grass). An additional crop, ‘all crops’, was defined by combining all the previous crops 
together. For each raster cell on an LGN map, we computed the area covered by a spe-
cific crop using a moving average over a block of 2, 4, 10 and 20 cells north, south, east 
and west to the cell (Figure S1.1). This created squares with a surface area of 1.56 ha, 
5.06 ha, 27.56 ha and 105.06 ha, respectively, that we refer to as the 50, 100, 250 and 
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500m buffers throughout the paper. We considered that the first two buffer distances 
were more likely to capture potentially higher exposure due to spray drift of pesticide 
droplets. This drift is highest within the first meters of an application and has an expo-
nential decrease in concentration with distance, but can be detected up to 100 meters 
away from a field edge (depending on application technique and meteorological con-
ditions).3,4 The remaining two buffers are considered to capture secondary emission 
processes such as volatilization. This crop information was assigned to all residences in 
the Netherlands using the Basisregistraties Adressen en Gebouwen (BAG), a high-reso-
lution cadastral dataset containing all buildings and addresses in The Netherlands.5 We 
used the BAG data from February 2016 for the geolocation of the residences (as coor-
dinates, which generally pertain to points within the building footprint). Residences 
closer than 500 m to the border between The Netherlands and Germany and Belgium 
were not included, as no information about land use across national borders was avail-
able (n= 39,017). Similarly to a previous study conducted in the Netherlands, assump-
tions on potential crop rotation were made for the periods in between the LGN maps. 
This is described in more detail in Brouwer et al.6 In summary, we considered that fruit 
crops are a stable crop over the years and that this also applies to the location of flow-
er bulb and maize crop fields while potato, grains and beet crops have regular annual 
rotation schemes. We computed the average area of the “stable crops” for the years 
in between LGN maps and summed the area of the “rotation crops” together. We then 
used the publicly available yearly Dutch agricultural census data provided by CBS from 
1995 to 2003.7,8 This data set provides information on the total area of specific crops 
for 66 agricultural regions that are relatively homogenous regarding the type of soil 
and agricultural land use and was used to calculate the proportion of potatoes, cereals 
and beet crops per region for each year. We summed the area of potatoes, cereals 
and beets form the calculated buffers into a “rotation crops” variable for the available 
LGN years and averaged these areas for the years in between.  Then, by applying the 
calculated proportion of crops per year, we obtained the “probable” area of cultivat-
ed potatoes, cereals and beets for the unavailable LGN years. Finally, we linked the 
computed areas of specific crops within the four buffers to the residences in the Dutch 
Environmental Longitudinal Study (DUELS) cohort, thus assigning this pesticide expo-
sure proxy to each individual in the cohort. By averaging the areas of crops across the 
exposure period of this study (1995 to 2004), we obtained four land use variables per 
crop that we used as the main exposure metrics in the analyses. In short, the land use 
variables reflect the average area (ha) of (specific) crops cultivated within 50, 100, 250 
and 500m buffers around the cohort members’ residences for the period 1995 to 2003.
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Figure S1.1: Detail from the Landelijk Grondgebruik Nederland raster map from 
1999/2000 (LGN4) and an example of a 250m squared buffer around a house (red).

Pesticide use variables

We computed the amounts of insecticides, herbicides, fungicides and the total amount 
of these three pesticide classes that were used within the buffers we previously de-
fined. For this we used the average amount of specific pesticides used per hectare 
of crop (kg/ha) as self-reported in national farmer surveys from 1995, 1998, 2000 and 
2004.9 These data are collected every three to four years using a survey covering a 
representative sample of Dutch farmers. Linkage between pesticide use data from the 
farmers’ surveys (FS) and crop data from LGN maps was done for individual years and 
took into account the amounts of pesticides used on each type of crop (Figure S1.2). 
By multiplying the area by amount per hectare we obtained the average amount (kg) 
of pesticides used within the buffers. For the years in between available surveys, we 
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Figure S1.2: Data and formulas used for the computation of the land use and pesticide 
use variables.

Computations for the land use variables were performed for each buffer size (50, 100, 250 and 500m) and crop group (maize, 
grains, potatoes, beets, fruit, flower bulbs, and ‘other crops’). Summing these crops resulted in the group ‘all crops’. Com-
putations for the pesticide use variables were performed for each buffer size and pesticides class (insecticides, herbicides, 
and fungicides). Combining these classes together resulted in the “Total pesticides” variable. LGN = Landelijk Grondgebruik 
Nederland. 

averaged the kg/ha between two surveys. Then, by summing the all the amounts ob-
tained for all crop types present within the buffers we obtained the total amount of 
insecticides, herbicides and fungicides that were used within the buffers around each 
residence. The sum of these amounts resulted in the total amount of pesticides used. 
Finally, we averaged these amounts across the exposure period (1995 to 2004), ob-
taining four pesticide use variables per pesticide class within 50, 100, 250 and 500m 
buffers around the cohort members’ residences for the period 1995 to 2003. 
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Figure S1.3: Overview of the data used in the study.

LGN = Landelijk Grondgebruik Nederland, BAG = Basisregistraties Adressen en Gebouwen, DUELS = Dutch Environmental 
Longitudinal Study 

Figure S1.3 gives an overview of all data used in this study and how they were integrat-
ed to generate exposure proxies at the individual level. In summary, by overlaying the 
BAG points (addresses) over the LGN map, we were able to extract the area (buffers) of 
crop(s) around each residence of the Netherlands. This overlay also allowed the com-
putation of the shortest distance variable, while the donut variables were computed by 
subtracting  the area of a donut by the area of the smaller adjacent buffer. By multiply-
ing the buffer areas by the amount of pesticides reported to be used per hectare of a 
specific crop (farmers’ surveys) we obtained the amount (kg) of pesticides used within 
the buffers around the residences. Finally, we selected the addresses from the DUELS 
cohort hence obtaining land use and pesticide use variables for each cohort member.
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In this study, we used the crop groups provided in the LGN maps, except for grass and 
greenhouse crops. A definition of these crops is provided in Table S1.1. Pesticide usage 
data from farmers’ surveys pertained more specific crop groups. Table S1.1 also shows 
how we corresponded the pesticide usage information to the LGN crop groups. We 
used the average of the pesticide usage (kg/ha) of the specific crops to obtain the 
average pesticide usage in a LGN crop croup.

MAIZE Agricultural plots with maize crop Maize silage

POTATOES
Agricultural plots with potatoes crops with no 
distinction between seed potatoes, potatoes for 
consumption and potatoes for starch

Seed potatoes

Potatoes for consumption

Potatoes for starch

BEETS
Agricultural plots with sugar beets and fodder beets 
crops; excluding red beets which falls in the 'other 
crops' group as an horticultural crop

Sugar beets

GRAINS
Agricultural plots with any grain crop: wheat, barley, 
oats, rye, etc., with no distinction made between 
summer grains or winter grains

Winter wheat

Summer barley

Summer wheat

FRUIT
Orchards: tall fruit trees without distinction according 
to the type of fruit

Apples

Pears

FLOWER BULBS

Plots with flower bulbs, with no distinction between 
the type of flower bulb, nor between spring or 
autumn bulbs.

Hyacinths

Tulips

Daffodils

Irises

Gladioles

Lilies

OTHER CROPS

Agricultural plots with  crops not falling within the 
preceding groups: horticultural crops, cabbages 
crops, hemp, rapeseed, etc. Excluding grass and 
greenhouse crops.

Flowers in open field

Chicory

Field beans

Rapeseed

Flax

Cauliflower

Green peas

Kidney beans

Grass seed

Onions from seeds

Onions from bulb

Strawberries

Asparagus

Leak

Salsify

Lettuce

Head cabbages

Brussel sprouts

Green beans

Carrots, first year

Carrots, second year

Chicory root

Rose bushes

Ornamental conifers

Perenniel plants

Forest and hedge plants

Avenue and park trees

Fruit trees (for garden 
centers)

Crop 
name

LGN definition 
of crop

Pesticide usage information from farmer’s 
surveys (CBS)

Table S1.1: Correspondence between LGN crop groups and pesticide usage informa-
tion from farmers’ surveys
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S2 Descriptive data

Table S2.1: Descriptive statistics of the land use buffers for the exposed population 
within each buffer and per crop.

MAIZE

500m 204 197 (6.46%) 0.13 (0.22) 0.014 - 1.498

1000m 396 609 (12.55%) 0.29 (0.57) 0.014 - 4.876

1500m 1 053 692 (33.34%) 0.93 (2.1) 0.014 - 23.323

2000m 1 952 844 (61.79%) 3.1 (6.85) 0.014 - 69.463

POTATOES

500m 197 714 (6.26%) 0.06 (0.13) 8e-04 - 1.976

1000m 379756 (12.02%) 0.12 (0.35) 5e-04 - 6.1059

1500m 959895 (30.37%) 0.41 (1.15) 5e-04 - 27.0463

2000m 1 763090 (55.79%) 1.21 (3.7) 5e-04 - 81.2856

BEETS

500m 197 712 (6.26%) 0.04 (0.09) 1e-04 - 1.1847

1000m 379 749 (12.02%) 0.09 (0.25) 1e-04 - 3.6255

1500m 959 858 (30.37%) 0.31 (0.9) 1e-04 - 18.5047

2000m 1 762 973 (55.79%) 0.94 (3.07) 1e-04 - 56.7433

GRAINS

500m 197 714 (6.26%) 0.07 (0.15) 0.003 - 2.244

1000m 379 756 (12.02%) 0.16 (0.41) 0.003 - 7.442

1500m 959 895 (30.37%) 0.57 (1.57) 0.003 - 38.484

2000m 1 763 090 (55.79%) 1.83 (5.27) 0.003 - 111.182

FRUITS

500m 218 200 (6.9%) 0.11 (0.18) 0.014 - 1.512

1000m 427 945 (13.54%) 0.22 (0.44) 0.014 - 4.935

1500m 1 106 089 (35%) 0.68 (1.53) 0.014 - 23.73

2000m 2 004 662 (63.43%) 2.01 (5.03) 0.014 - 86.221

FLOWER
BULBS

500m 47 581 (1.51%) 0.13 (0.24) 0.014 - 1.498

1000m 104 218 (3.3%) 0.25 (0.58) 0.014 - 4.873

1500m 300 520 (9.51%) 0.63 (1.87) 0.014 - 25.709

2000m 645 178 (20.42%) 1.21 (4.55) 0.014 - 84.472

OTHER 
CROPS

500m 70 694 (2.24%) 0.56 (1.55) 0.014 - 13.48

1000m 148 660 (4.7%) 1.12 (3.59) 0.014 - 43.85

1500m 409 670 (12.96%) 3.19 (11.77) 0.014 - 231.333

2000m 848 690 (26.86%) 6.46 (29) 0.014 - 760.278

ALL CROPS

500m 457 819 (14.49%) 0.24 (0.51) 0.014 - 14.978

1000m 814 087 (25.76%) 0.62 (1.49) 0.014 - 48.723

1500m 1 712 419 (54.19%) 2.72 (6.9) 0.014 - 257.042

2000m 2 560 479 (81.02%) 11.8 (28.1) 0.014 - 852.857

Crop
Buffer
size N (%) Median (IQR) Min - Max

Exposed population within buffer

Data are in n (%). IQR = Interquartile range, Min = Minimum, Max = Maximum
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Figure S2.1: Spearman correlation matrix area of specific crop and amount of pesticides 
within buffers of 250m around the residences of the exposed population (i.e., individu-
als with least one crop within 500m of their residence).
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Table S2.2: Number of  deaths from any cause and from thirteen (specific) causes: over-
all and per exposed to specific crops.

OVERALL 353 730 342 271 11 459 121 146 4448 14 937 1754 7019 28 763 2078 9232 3004 7929

MAIZE

500m 20 807 20 092 715 7070 296 879 89 416 1630 117 509 183 498

1000m 39 924 38 581 1343 13 702 562 1698 163 799 3248 226 1005 348 897

1500m 106 295 102 731 3564 37 195 1414 4664 512 2181 8998 623 2800 917 2359

2000m 206 219 199 564 6655 71 647 2680 8864 1003 4138 17 241 1187 5440 1761 4562

POTATOES

500m 19 268 18 615 653 6777 271 805 83 386 1570 109 503 181 502

1000m 37 752 36 516 1236 13 220 515 1589 179 752 3089 212 998 361 941

1500m 98 774 95 573 3201 34 442 1356 4150 496 1949 8264 595 2596 878 2275

2000m 18 8191 182 145 6046 65 341 2501 7911 914 3722 15 712 1122 4980 1617 4265

BEETS

500m 19 268 18 615 653 6777 271 805 83 386 1570 109 503 181 502

1000m 37 750 36 514 1236 13 220 515 1589 179 752 3089 212 998 361 941

1500m 98 768 95 568 3200 34 440 1356 4150 496 1949 8264 595 2596 878 2275

2000m 18 8179 182 134 6045 65 338 2501 7910 914 3722 15 712 1122 4980 1617 4265

GRAINS

500m 19 268 18 615 653 6777 271 805 83 386 1570 109 503 181 502

1000m 37 752 36 516 1236 13 220 515 1589 179 752 3089 212 998 361 941

1500m 98 774 95 573 3201 34 442 1356 4150 496 1949 8264 595 2596 878 2275

2000m 18 8191 182 145 6046 65 341 2501 7911 914 3722 15712 1122 4980 1617 4265

FRUITS

500m 4844 4681 163 1723 54 207 21 107 404 25 121 53 131

1000m 10 768 10 412 356 3763 130 436 52 233 906 59 260 99 278

1500m 31 015 30 051 964 10 798 397 1256 176 647 2673 167 769 286 723

2000m 68 530 66 361 2169 23 662 860 2795 357 1405 5772 378 1740 603 1516

FLOWER
BULBS

500m 6800 6555 245 2449 90 290 34 143 543 39 173 69 187

1000m 14 712 14 199 513 5193 195 625 70 309 1222 88 365 133 385

1500m 41 391 40 044 1347 14 562 534 1754 219 852 3540 251 1050 384 976

2000m 89 057 86 160 2897 30 837 1148 3696 455 1801 7415 527 2266 793 2025

OTHER 
CROPS

500m 20 451 19 717 734 7222 314 861 90 415 1721 121 553 178 499

1000m 41 079 39 674 1405 14 542 579 1733 190 848 3449 253 1111 369 975

1500m 111 726 108 033 3693 39 482 1534 4806 555 2276 9559 678 2959 996 2580

2000m 213 869 206 936 6933 74 518 2796 9150 1078 4301 18 052 1298 5689 1838 4816

ALL CROPS

500m 45 386 43 804 1582 15 753 628 1942 195 907 3667 261 1153 402 1136

1000m 81 354 78 605 2749 28 330 1106 3488 368 1667 6675 496 2088 714 1956

1500m 176 061 170 286 5775 61 820 2314 7582 905 3577 14 861 1087 4672 1541 4016

2000m 275 612 266 724 8888 95 561 3538 11 752 1370 5522 22 893 1673 7278 2355 6203

All 
causes

All causes 
(excluding 
external 
causes)

All 
external 
causes

Malignant 
neoplasms

Stomach 
cancer

Colon, 
sigmoid, 

and rectum 
cancer
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OVERALL 353 730 342 271 11 459 121 146 4448 14 937 1754 7019 28 763 2078 9232 3004 7929

MAIZE

500m 20 807 20 092 715 7070 296 879 89 416 1630 117 509 183 498

1000m 39 924 38 581 1343 13 702 562 1698 163 799 3248 226 1005 348 897

1500m 106 295 102 731 3564 37 195 1414 4664 512 2181 8998 623 2800 917 2359

2000m 206 219 199 564 6655 71 647 2680 8864 1003 4138 17 241 1187 5440 1761 4562

POTATOES

500m 19 268 18 615 653 6777 271 805 83 386 1570 109 503 181 502

1000m 37 752 36 516 1236 13 220 515 1589 179 752 3089 212 998 361 941

1500m 98 774 95 573 3201 34 442 1356 4150 496 1949 8264 595 2596 878 2275

2000m 18 8191 182 145 6046 65 341 2501 7911 914 3722 15 712 1122 4980 1617 4265

BEETS

500m 19 268 18 615 653 6777 271 805 83 386 1570 109 503 181 502

1000m 37 750 36 514 1236 13 220 515 1589 179 752 3089 212 998 361 941

1500m 98 768 95 568 3200 34 440 1356 4150 496 1949 8264 595 2596 878 2275

2000m 18 8179 182 134 6045 65 338 2501 7910 914 3722 15 712 1122 4980 1617 4265

GRAINS

500m 19 268 18 615 653 6777 271 805 83 386 1570 109 503 181 502

1000m 37 752 36 516 1236 13 220 515 1589 179 752 3089 212 998 361 941

1500m 98 774 95 573 3201 34 442 1356 4150 496 1949 8264 595 2596 878 2275

2000m 18 8191 182 145 6046 65 341 2501 7911 914 3722 15712 1122 4980 1617 4265

FRUITS

500m 4844 4681 163 1723 54 207 21 107 404 25 121 53 131

1000m 10 768 10 412 356 3763 130 436 52 233 906 59 260 99 278

1500m 31 015 30 051 964 10 798 397 1256 176 647 2673 167 769 286 723

2000m 68 530 66 361 2169 23 662 860 2795 357 1405 5772 378 1740 603 1516

FLOWER
BULBS

500m 6800 6555 245 2449 90 290 34 143 543 39 173 69 187

1000m 14 712 14 199 513 5193 195 625 70 309 1222 88 365 133 385

1500m 41 391 40 044 1347 14 562 534 1754 219 852 3540 251 1050 384 976

2000m 89 057 86 160 2897 30 837 1148 3696 455 1801 7415 527 2266 793 2025

OTHER 
CROPS

500m 20 451 19 717 734 7222 314 861 90 415 1721 121 553 178 499

1000m 41 079 39 674 1405 14 542 579 1733 190 848 3449 253 1111 369 975

1500m 111 726 108 033 3693 39 482 1534 4806 555 2276 9559 678 2959 996 2580

2000m 213 869 206 936 6933 74 518 2796 9150 1078 4301 18 052 1298 5689 1838 4816

ALL CROPS

500m 45 386 43 804 1582 15 753 628 1942 195 907 3667 261 1153 402 1136

1000m 81 354 78 605 2749 28 330 1106 3488 368 1667 6675 496 2088 714 1956

1500m 176 061 170 286 5775 61 820 2314 7582 905 3577 14 861 1087 4672 1541 4016

2000m 275 612 266 724 8888 95 561 3538 11 752 1370 5522 22 893 1673 7278 2355 6203

Liver 
cancer

Pancreas 
cancer

Lung 
cancer

Skin
 cancer

Breast 
cancer

Ovary 
cancer

Prostate 
cancer
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Table S2.3: Number of  deaths from twelve specific causes: overall and per exposed to 
specific crops.

OVERALL 2992 8397 2748 3405 9440 2742 3405 107 817 31 059 23 656 34 266 16 366

MAIZE

500m 178 502 165 198 559 151 165 6413 1842 1390 2182 1051

1000m 352 946 328 407 1064 309 311 12 142 3511 2645 4054 1941

1500m 928 2514 862 1062 2800 818 883 32 286 9357 7058 10 452 5069

2000m 1830 4931 1692 2025 5448 1555 1814 62 777 18 228 13 707 20 252 9742

POTATOES

500m 179 469 171 215 509 141 138 5913 1813 1234 1809 909

1000m 336 895 324 388 974 271 273 11 573 3485 2432 3597 1739

1500m 842 2334 794 972 2587 731 844 30 187 8851 6554 9361 4528

2000m 1629 4445 1494 1828 4949 1391 1679 57 355 16 677 12 502 18 175 8786

BEETS

500m 179 469 171 215 509 141 138 5913 1813 1234 1809 909

1000m 336 895 324 388 974 271 273 11 572 3485 2431 3596 1739

1500m 842 2333 794 972 2587 731 844 30 185 8850 6553 9360 4528

2000m 1629 4444 1494 1828 4949 1391 1679 57 349 16 675 12 501 18 174 8786

GRAINS

500m 179 469 171 215 509 141 138 5913 1813 1234 1809 909

1000m 336 895 324 388 974 271 273 11 573 3485 2432 3597 1739

1500m 842 2334 794 972 2587 731 844 30 187 8851 6554 9361 4528

2000m 1629 4445 1494 1828 4949 1391 1679 57 355 16 677 12 502 18 175 8786

FRUITS

500m 44 119 28 59 118 33 37 1483 441 300 449 206

1000m 97 264 72 124 255 73 88 3336 995 682 1015 473

1500m 266 786 217 311 772 219 264 9547 2827 2035 2917 1359

2000m 576 1626 552 693 1728 485 603 21 028 6190 4511 6447 3014

FLOWER
BULBS

500m 58 187 48 78 165 51 69 2052 619 432 638 303

1000m 133 362 104 158 345 107 141 4489 1336 957 1385 636

1500m 364 1038 295 416 1016 307 379 12 628 3763 2736 3831 1765

2000m 762 2106 701 898 2201 648 848 27163 8004 5878 8357 3895

OTHER 
CROPS

500m 180 480 157 206 483 129 178 6213 1881 1328 1941 977

1000m 372 984 339 400 1003 296 357 12 542 3690 2765 3859 1905

1500m 965 2670 913 1076 2876 812 986 33 879 9881 7465 10 564 5134

2000m 1828 5089 1685 2038 5620 1590 2038 64 806 18 920 14 102 20 632 10 012

ALL CROPS

500m 391 1092 357 448 1168 327 368 13 883 4110 2969 4482 2185

1000m 707 1922 661 813 2070 613 666 24 762 7231 5360 7913 3817

1500m 1530 4211 1435 1700 4616 1352 1533 53 483 15 621 11 664 16 805 8105

2000m 2380 6607 2216 2659 7306 2082 2554 83 890 24 352 18 348 26 655 12 813

Kidney
cancer

Non-Hodg-
kin’s lympho-

ma
Brain 

cancer Leukaemia

Endocrine, 
nutritional, 
and meta-

bolic
Parkinson’s 

disease
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OVERALL 2992 8397 2748 3405 9440 2742 3405 107 817 31 059 23 656 34 266 16 366

MAIZE

500m 178 502 165 198 559 151 165 6413 1842 1390 2182 1051

1000m 352 946 328 407 1064 309 311 12 142 3511 2645 4054 1941

1500m 928 2514 862 1062 2800 818 883 32 286 9357 7058 10 452 5069

2000m 1830 4931 1692 2025 5448 1555 1814 62 777 18 228 13 707 20 252 9742

POTATOES

500m 179 469 171 215 509 141 138 5913 1813 1234 1809 909

1000m 336 895 324 388 974 271 273 11 573 3485 2432 3597 1739

1500m 842 2334 794 972 2587 731 844 30 187 8851 6554 9361 4528

2000m 1629 4445 1494 1828 4949 1391 1679 57 355 16 677 12 502 18 175 8786

BEETS

500m 179 469 171 215 509 141 138 5913 1813 1234 1809 909

1000m 336 895 324 388 974 271 273 11 572 3485 2431 3596 1739

1500m 842 2333 794 972 2587 731 844 30 185 8850 6553 9360 4528

2000m 1629 4444 1494 1828 4949 1391 1679 57 349 16 675 12 501 18 174 8786

GRAINS

500m 179 469 171 215 509 141 138 5913 1813 1234 1809 909

1000m 336 895 324 388 974 271 273 11 573 3485 2432 3597 1739

1500m 842 2334 794 972 2587 731 844 30 187 8851 6554 9361 4528

2000m 1629 4445 1494 1828 4949 1391 1679 57 355 16 677 12 502 18 175 8786

FRUITS

500m 44 119 28 59 118 33 37 1483 441 300 449 206

1000m 97 264 72 124 255 73 88 3336 995 682 1015 473

1500m 266 786 217 311 772 219 264 9547 2827 2035 2917 1359

2000m 576 1626 552 693 1728 485 603 21 028 6190 4511 6447 3014

FLOWER
BULBS

500m 58 187 48 78 165 51 69 2052 619 432 638 303

1000m 133 362 104 158 345 107 141 4489 1336 957 1385 636

1500m 364 1038 295 416 1016 307 379 12 628 3763 2736 3831 1765

2000m 762 2106 701 898 2201 648 848 27163 8004 5878 8357 3895

OTHER 
CROPS

500m 180 480 157 206 483 129 178 6213 1881 1328 1941 977

1000m 372 984 339 400 1003 296 357 12 542 3690 2765 3859 1905

1500m 965 2670 913 1076 2876 812 986 33 879 9881 7465 10 564 5134

2000m 1828 5089 1685 2038 5620 1590 2038 64 806 18 920 14 102 20 632 10 012

ALL CROPS

500m 391 1092 357 448 1168 327 368 13 883 4110 2969 4482 2185

1000m 707 1922 661 813 2070 613 666 24 762 7231 5360 7913 3817

1500m 1530 4211 1435 1700 4616 1352 1533 53 483 15 621 11 664 16 805 8105

2000m 2380 6607 2216 2659 7306 2082 2554 83 890 24 352 18 348 26 655 12 813

Alzheimer’s 
disease

Circulatory 
system 

diseases

Ischemic 
heart 

diseases
Cerebrovascular 

diseases

Respiratory 
system 

diseases

Chronic lower 
respiratory 

diseases
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Table S2.4: Number of deaths by specific chronic lower respiratory disease in the study 
population.

Chronic lower respiratory diseases 16 366

Bronchitis, not specified as acute or chronic (J40) 53 (0.3%)

Unspecified chronic bronchitis (J42) 49 (0.3%)

Emphysema (J42) 1540 (9.4%)

Other chronic obstructive pulmonary disease (J44) 14 523 (88.7%)

Asthma and Status asthmaticus (J45, J46) 131 (0.8%)

Bronchiectasis (J47) 70 (0.4%)

Cause of death (ICD-10)

Data are in n (%).

S7 – Stratified analysis by NUTS 1 region

Because crop types are relatively region-specific in the Netherlands, we assessed wheth-
er the effect of living near maize on lower chronic respiratory diseases mortality seen for 
the whole country was driven by specific regions. We therefore conducted stratified 
analysis by the four major socio-economic regions (according to the Nomenclature des 
Unités Territoriales Statistiques, NUTS 1), followed by a random effects meta-analysis to 
assess heterogeneity (I2 statistic) of regional estimates using the fully adjusted. We con-
sidered there was low heterogeneity when I2 < 75%. Figure S7.1 shows the results of the 
regional estimates from the stratified analyses (Hazard Ratio and 95% Confidence Inter-
val), corresponding summary Hazard Ratio and heterogeneity from the meta-analysis.

S8 - Analysis controlling for the presence of livestock animals

We also hypothesized that the association between residential proximity to maize crops 
and chronic lower respiratory diseases mortality could be confounded by co-occurring 
agricultural activities, namely (intensive) livestock farming. 
The yearly data sets from Geographic Information System of Agricultural Companies 
(GIAB) from 1999 to 2003, which are based on the Agricultural Census and curated by 
the Netherlands Enterprise Agency (RVO), contain information on the location of farming 
companies and the number and types of animals they have. We used these data sets to 
extract the number of cows, pigs, poultry, equines (horses and ponies), sheep, goats, 
rabbits and fur animals present within 500m of each residence.  We then ran the full 
model for all buffers (50m, 100m, 250m and 500m), controlling for all the animal variables 
in the model. Table S8.1 shows the results of these analyses as well as the results of the  
main analysis for easier comparison of estimates.
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Table S8.1: Results of the analyses controlling for the number of livestock animals 
within 500m.

Figure S7.1: Forest plots of the stratified analysis by the four major socio-economic 
regions in the Netherlands, including the results of the subsequent random-effects 
meta-analysis and I2 statistic, for the association between maize and chronic lower 
respiratory diseases mortality in the 50m, 100m, 250m and 500m buffers.

50m 1.02 [0.79, 1.32] 0.868 1.30 [1.04, 1.63] 0.020

100m 1.03 [0.96, 1.11] 0.412 1.11 [1.04, 1.17] 0.001

250m 1.01 [0.99, 1.02] 0.319 1.02 [1.01, 1.03] 5.20E-05

500m 1.01 [1.01, 1.01] 1.95E-08 1.01 [1.00, 1.01] 7.40E-07

Buffer 
size HR [95% CI] P value HR [95% CI] P value

Main 
analysis

Analysis controlling for presence 
of livestock animals

Models were adjusted for sex, ethnicity, marital status, standardized household income, the presence of other crops within 
500m of the residence (except for when ‘all crops’ was the exposure), neighborhood social economic position, urbanization 
degree at neighborhood level and proportion of low educated residents in the neighborhood.
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S9 - Analysis using the AMIGO cohort

Meeting two of the a priori defined criteria for interpretation, we considered the associ-
ation between maize and lower chronic respiratory diseases to be a noteworthy obser-
vation, supported by consistent results of the 500m buffer analysis. Since we had access 
to the Environmental and Health Prospective Cohort Study (AMIGO) cohort, where in-
formation on self-reported chronic obstructive respiratory disease (COPD) was available, 
and were able to link it to information on land use, we replicated the analyses for this 
associations as described below.
The ongoing AMIGO study is population-based cohort of 14 829 adults (>30 years old) 
that were recruited in 2011 and 2012 via the Dutch network of general practitioners.10 
Cohort members filled in online questionnaires at baseline about occupational, environ-
mental and lifestyle determinants, residential history and self-reported health (including 
symptoms and diagnosed diseases by a doctor). In our validation effort, we used data 
from these baseline questionnaires to perform a similar analysis to that of our study. We 
computed area of maize within buffers of 250m and 500m around the residences using 
the Basisregistratie Gewaspercelen (BRP) polygon agricultural land use maps from 2009, 
2010 and 2011 and averaged these areas to obtain one variable per buffer size.11 We in-
vestigated the association between the area of maize within the two buffers and self-re-
ported COPD and built two models:
(1)	 A model controlling for the same possible confounders that were taken into ac-

count in the full model of the main analysis: age, sex, origin, civil status, SES, urban-
ization degree and presence of other crops within 500m. 

(2)	 A model additionally controlling for additional potential confounders: body mass 
index (BMI), having a paid job, education, smoking, alcohol use and estimated par-
ticulate matter with ≤10μm in diameter (PM10) and particulate matter with ≤2.5μm 
in diameter (PM2.5).

After excluding 25 cohort members that resided within 500m of the borders with Ger-
many and Belgium, we imputed the missing values for the outcome and the confounders 
using the Multivariate Imputation by Chained Equations (MICE) method. Table S9.1 shows 
the demographic characteristics for the population before imputation (N=14 804). We 
imputed five data sets with 20 iterations each. Age at diagnosis of COPD could only be 
answered when the participant previously answered having been diagnosed with COPD, 
resulting in “bona fide” missing values for this variable. Because there is no method to 
impute such bona fide missing values in R’s MICE package as yet, after the imputation we 
further used the subset of diagnosed participants and ran another round of imputation 
(five datasets, 50 iterations), calculated the mean age of the imputed ages and assigned 
it as the imputed value. This was done for each of the five imputed data sets. 
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Table S9.1: Demographic characteristics of the Environmental and Health Prospective 
Cohort Study (AMIGO) cohort (N=14 804).

AGE

  Mean (SD) 50.7 (9.4) 50.8 (9.1)

  Missing 0 (0%) 0 (0.0%)

SEX

  Male 6543 (44.2%) 1624 (45.2%)

  Female 8261 (55.8%) 1966 (54.8%)

  Missing 0 (0%) 0 (0%)

COUNTRY OF ORIGIN

  The Netherlands 14 104 (95.3%) 3470 (96.7%)

  Other 700 (4.7%) 120 (3.3%)

  Missing 0 (0%) 0 (0%)

BMI

  Mean (SD) 26.1 (4.4) 26.2 (4.4)

  Missing 54 (0.4%) 13 (0.4%)

PM10

  Mean (SD) 24.5 (0.9) 24.2 (0.6)

  Missing 64 (0.4%) 16 (0.4%)

PM2.5

  Mean (SD) 16.5 (0.7) 16.6 (0.7)

  Missing 64 (0.4%) 16 (0.4%)

SES

  Mean (SD) 39.4 (6.9) 41.2 (5.3)

  Missing 135 (0.9%) 70 (1.9%)

PAID JOB

  No 4761 (32.2%) 1141 (31.8%)

  Yes 9660 (65.3%) 2328 (64.8%)

  Missing 383 (2.6%) 121 (3.4%)

CIVIL STATUS

  Single 12 229 (82.6%) 3063 (85.3%)

  Together 2551 (17.2%) 520 (14.5%)

  Missing 24 (0.2%) 7 (0.2%)

EDUCATION LEVEL

  Low 439 (30.7%) 1145 (31.9%)

  Medium 421 (31.2%) 1251 (34.8%)

  High 504 (35.2%) 1072 (29.9%)

  Missing 440 (3%) 122 (3.4%)

Total population
N = 14 804

Exposed to maize in 500m
n = 3590
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Table S9.1: Demographic characteristics of the Environmental and Health Prospective 
Cohort Study (AMIGO) cohort (N=14 804). (cont.)

Total population
N = 14 804

Exposed to maize in 500m
n = 3590

SMOKING

  Never 6729 (45.5%) 1671 (46.5%)

  Ever 5731 (38.7%) 1400 (39%)

  Current 2321 (15.7%) 513 (14.3%)

  Missing 23 (0.2%) 6 (0.2%)

ALCOHOL USE

  Never 847 (5.7%) 205 (5.7%)

  Ever 1092 (7.4%) 275 (7.7%)

  Current 12 837 (86.7%) 3102 (86.4%)

  Missing 28 (0.2%) 8 (0.2%)

URBANIZATION DEGREE

  ≥2500 1250 (8.4%) 3 (0.1%)

  1500-2500 2979 (20.1%) 179 (5%)

  1000-1500 addresses per km² 3096 (20.9%) 508 (13.2%)

  500-1000 addresses per km² 3611 (24.4%) 914 (25.5%)

  <500 addresses per km² 3809 (25.7%) 1975 (55%)

  Missing 59 (0.4%) 11 (0.3%)

COPD DIAGNOSIS

  No 13 849 (93.5%) 3366 (93.8%)

  Yes 553 (3.7%) 127 (3.5%)

  Missing 402 (2.7%) 97 (2.7%)

AGE AT COPD DIAGNOSIS

  Mean (SD) 37.7 (18.4) 38.3 (18.4)

  Missing 408 (2.8%) 97 (2.7%)

Data are in n (%) unless stated otherwise. SD = standard deviation, BMI = Body Mass Index, PM10 = particulate matter with 
≤10μm in diameter, PM2.5 = particulate matter with ≤2.5μm in diameter, SES = Socioeconomic Status, COPD = Chronic Ob-
structive Pulmonary Disease

We then selected participants living in neighborhoods with less than 1500 addresses 
per km2, that did not change addresses three years prior to baseline, and whose COPD 
diagnose occurred after 2009. These selections resulted in data sets with differing 
number of participants because urbanization degree and age at COPD diagnosis were 
imputed variables; on average, the obtained data sets had 9560 participants. Table 
S9.2 shows a cross table of cases of COPD and having maize within 250m and in 500m 
of the residence, per data set imputed.
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Table S9.2: Cross table of cases of chronic obstructive respiratory disease (COPD) 
and exposure to maize within 250m and 500m of the residence.

Table S9.3: Odds ratio and 95% Confidence interval for the association between the 
maize and chronic obstructive respiratory disease (COPD).

#1 9555 Yes 21 35 35 21

No 3454 6045 6310 3189

#2 9557 Yes 20 35 34 21

No 3454 6048 6313 3189

#3 9560 Yes 20 35 34 21

No 3459 6046 6317 3188

#4 9564 Yes 20 35 34 21

No 3461 6048 6320 3189

#5 9566 Yes 20 35 34 21

No 3458 6053 6318 3193

Imputed 
data 
set

No. 
of 

participants
COPD 

diagnosis Yes YesNo No

Maize within 250m of the 
residence

Maize within 500m of the 
residence

Data are in n. No. = number of, COPD = Chronic Obstructive Pulmonary Disease

Table S9.3 shows the odds ratio (OR) and 95% confidence interval for the association be-
tween having maize within 250m and in 500m of the residence and COPD when (1) con-
trolling for the same potential confounders as used in the full model of the main analysis 
with the DUELS cohort and (2) when adjusting for additional potential confounders. The 
OR is >1 in 250m when we control for the same confounders as in the analysis with the 
DUELS cohort and remains so when we adjust for all the confounders available in AMIGO.

250m 1.00 [0.84, 1.20] 1.08 [0.88, 1.32] 1.09 [0.89, 1.33] 1.09 [0.89, 1.33]

500m 0·99 [0·94, 1·05] 0·99 [0·93, 1·06] 1·00 [0·93, 1·07] 0·99 [0·93, 1·07]

Buffer 
size

Adjusted 
for age 
and sex

Adjusted for potential
 confounders considered 

in the main analysisa

Adjusted for potential 
confounders considered 
in the main analysis and 
lifestyle factors available 
in the AMIGO data setb

Adjusted for all 
possible confounders 

available in 
the AMIGO 
data setc

OR [95% CI]

OR = Odds Ratio, CI = confidence interval, AMIGO = Environmental and Health Prospective Cohort Study
a	 Adjusted for age, sex, origin, civil status, socioeconomic position, urbanization degree, and presence of other crops 

within 500m
b	 Adjusted for age, sex, origin, civil status, socioeconomic position, urbanization degree, presence of other crops with-

in 500m, BMI, smoking, and alcohol use
c	 Adjusted for age, sex, origin, civil status, socioeconomic position, urbanization degree, presence of other crops with-

in 500m, BMI, smoking, alcohol use, having a paid job, education, and estimated PM10 and PM2.5
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ABSTRACT

Objectives: There is rising concern regarding possible health effects from exposure to 
pesticides in residents living near agricultural land. Some studies indicated increased 
risks of reporting symptoms of anxiety and depression among agricultural workers but 
less is known about mental and perceived health of rural residents. We aimed to study 
possible associations between self-reported psychological distress (SPD) and self-per-
ceived health (SPH) in residents near pesticide-treated agricultural land. 
Methods: Using the Public Health Monitor national survey from 2012, we selected 
216 932 participants who lived in rural and semi-urban areas of the Netherlands and 
changed addresses at most once in the period 2009-2012. Psychological distress was 
assessed via the Kessler Psychological Distress scale (K10) and participants were asked 
to assess their own health. We estimated the area of specific crop groups cultivat-
ed within buffers of 50m, 100m, 250m and 500m around each individual’s residence 
for the period 2009-2012. Association between these exposure proxies and the out-
comes was investigated using logistic regression, adjusting for individual, lifestyle and 
area-level confounders.
Results: Overall, results showed statistically non-significant Odd ratios (OR) across all 
buffer sizes for both SPD and SPH, except for the association between SPH and ‘all 
crops’ (total area of all considered crop groups) with OR [95% Confidence interval] 
ranging from 0.77 [0.63, 0.93] in 50m to 1.00 [1.00, 1.00] in 500m. We observed that 
most OR were below unity for SPH.
Conclusions: This study provides no evidence that residential proximity to pesticide 
treated-crops is associated with psychological distress or poorer perceived health.
Keywords: Psychological distress, perceived health, residential pesticide exposure, 
general population, cross-sectional study
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INTRODUCTION

Psychological distress (PD), a mental health disorder usually characterized by depres-
sion and anxiety, has been shown to be a leading cause of disability and an important 
burden to society given its heavy impact on the quality of life, higher risk of prema-
ture death and absenteeism costs.1–4 Some studies indicate increased risks of reporting 
symptoms of PD among agricultural workers.5  Literature on residential pesticide ex-
posure and PD is, nevertheless, still scarce.3 Whereas some studies found indications 
of increased risks of depression among residents living near agricultural land,6–8 others 
were unable to obtain similar results.9,10 Differences in outcome and exposure assess-
ment and in study design hamper comparability of results. The link between residential 
exposure to pesticides and PD remains therefore unclear.
Self-perceived health (SPH) is a more extensive measurement of health, constituting 
an important predictor of morbidity and mortality.11,12 Encompassing both physical and 
mental health, it has been shown to be inversely associated with PD.13,14 Concurrently, 
while poorer SPH has been reported to be associated with exposure to pesticides in 
farmers in one study,15 research on this association among residents is strikingly lack-
ing, given the growing public concern about the possible health effects of residential 
exposure to pesticides.
This study aims to contribute to the body of literature on the association between 
residential pesticide exposure and PD. Using a large nationwide survey of the Dutch 
adult population, we explored the associations between residential proximity to crops 
where pesticides are applied and self-reported psychological distress (SPD) and 
self-perceived health (SPH).

METHODS

Study population

The Public Health Monitor 2012 (Gezondheidsmonitor) is a national health survey con-
ducted by the 28 regional Public Health Services, Statistics Netherlands (CBS) and the 
National Institute for Public Health and the Environment (RIVM) that includes informa-
tion regarding perceived health and lifestyle from citizen aged ≥19 years. Elderly (≥65 
years) were oversampled by design; response rates were 45-50%.
We excluded persons not registered in the Netherlands; who changed addresses more 
than once in the period 2009-2012; who lived in the most urbanized areas of The Neth-
erlands (≥1500 addresses/km² at neighborhood level, since urban populations rarely 
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live in proximity to crops and differ in lifestyle and living environment factors compared 
to the more rural populations); and who lived within 1000m from the border (for which 
we were unable to compute exposure). We included a total of 216 932 participants.

Outcomes: Phycological distress and perceived health

Outcomes of interest were self-reported phycological distress and self-perceived (gen-
eral) health. The first was assessed via the Kessler Psychological Distress scale (K10),16 
classifying participants into “well” and “low to severe risk of psychological distress”, at 
a cut-off value of >19 of the K10 score. The K10 has been validated for the Dutch popu-
lation.17 For the latter, participants were also asked to assess their own health based on 
a simple question: “In general, would you say that your health is…”. Participants could 
answer one of five options that we later dichotomized into “good to very good” and 
“moderate to very poor”.

Exposure: crop area around residences

We used residential proximity to crops as proxy for agricultural pesticide exposure. 
First, we geocoded all residences using the Basisregistratie Adressen en Gebouw-
en (BAG)18. Second, for computational reasons we rasterized the annual land use 
polygon maps from 2009 to 2012 (Basisregistratie Gewaspercelen)[19] and comput-
ed area of specific crops around participants’ residences, in hectares (ha), using a 
moving average. This resulted in squared buffers that roughly correspond to radii of 
50m, 100m, 250m and 500m.We assessed 13 crop groups representing 88-89% of the 
Netherlands’ open field cultivated land, excluding grassland19: maize, winter wheat, 
summer barley, summer wheat, other cereals, potatoes for consumption, potatoes 
for starch, seed potatoes, beets, ornamental plants and tree nurseries, vegetables, 
fruit and flower bulbs. Summing the area of all 13 crop groups, we created the group 
‘all crops’. Third, we averaged the areas across the exposure period (2009-2012) and 
obtained four land use buffers reflecting the average area (ha) of a specific crop cul-
tivated within 50, 100, 250 and 500m for each participants residence. We considered 
that the first two buffer distances to capture direct spray drift of pesticide droplets. 
This drift is highest within the first few meters of application and has an exponen-
tial decrease in concentration with distance, but can be detected up to 100 meter 
away from a field edge (depending on application technique and meteorological 
conditions).20,21 The highest environmental exposure to pesticides would therefore 
occur within these two buffers. Pesticides can however be detected at larger dis-
tances due to secondary emission processes such as volatilization.21 The two larger 
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buffers are considered to capture this secondary drift.  A recent Dutch exposure as-
sessment study observed a high contrast in pesticide concentration in air and house 
dust between residences within 250m and beyond 500m from flower bulb crops and 
that gradients in concentrations within 250m distance from fields were weak.[22] We 
therefore explored odds ratio (OR) gradients across 50m, 100m, 250m and 500m buf-
fers, using the area (in ha) of (specific) crop within a buffer and adjusting the model 
for the remaining area of that crop up to 500m (buffers and complementary donuts 
were thus used continuous variables in the analyses). Our referent (“unexposed”) 
group consisted of participants with zero hectares of (specific) crop within 500m of 
their residences.

Statistical analyses

Imputation

The data set comprised of 147 886 (68%) complete cases, with missing values in both 
outcome and potential confounders variables (Table 1) in a non-monotone pattern. 
We used multiple imputation by chained equations (MICE) to impute missing values in 
20 datasets with 10 iterations. For the imputation models, we considered all variables 
included in the statistical models for the analyses (outcomes, potential confounders 
and total crop area in 500m) and data on prescription of antidepressants, anxiolytics 
and hypnotic-sedative drugs in 2012, paid work, and urbanization degree, which were 
predictive of some of the imputed variables but were not included in the statistical 
models. Collinearity between predictors was measured by variance inflation factors 
(VIF) using a cut-off of 3. Binary variables were imputed using logistic regression and 
continuous and categorical variables were imputed using predictive mean matching.

Main analysis

We applied logistic regression, building four models with increasing covariate adjust-
ment for each crop-specific land use buffer and outcome combination:
	 basic model, adjusted for the area of the considered crop that remained until 

500m (‘complementary donut’), age and sex,
	 individual confounders model, consisting of basic model and body mass index 

(BMI), country of origin, marital status, educational level, living with children, hav-
ing a chronic condition and the presence (yes/no) of other crops within 500m of 
the participant’s residence (except for when ‘all crops’ was the exposure),



102

	 lifestyle confounders model, extending the individual model with physical activi-
ty,22 alcohol status and smoking status, 

	 full model, adding neighborhood socioeconomic position23 and NDVI (Normalised 
Difference Vegetation Index, a measure of green space)24 within 500m of the par-
ticipant’s residence to lifestyle models (see Table 1 for confounder categories).

Sensitivity and additional analyses

We performed four sensitivity analyses on full models. First, we restricted analysis to 
participants living in a rural setting (<1000 addresses/km2 at neighborhood level) to 
assess potential bias from a semi-urban environment. Second, since changes in ad-
dress may be related to physical or mental health problems, we excluded participants 
that changed address during 2009-2012. Third, we restricted the analysis to complete 
cases to assess the impact of using imputed datasets. Forth, in order to exclude a 
possible influence of occupational exposure, we linked microdata on employment and 
self-employment available from CBS to identify and exclude people that worked for at 
least one year in agriculture in the period 2009-2012. Furthermore, because the epide-
miology of psychological distress differs between women and men, we conducted a 
stratified analysis by sex.25 Finally, since the elderly were oversampled in the survey we 
conducted an analysis stratified by age (<65 vs 65+ year olds).
For completeness we also conducted additional analyses using different exposure met-
rics. We calculated the area of cultivated crops around the residence as “donuts with 
holes” (<100m, 100-250m and 250-500m) that we used as continuous and as binary 
(“presence”/“absence” of crop) variables in the analyses.  We also computed the av-
erage distances to nearest crop (categorized into <50m, 50-100m, 100-250m, 250-
500m, ≥500m) in 2009-2012.
Statistical analyses were performed in R version 3.4.1 (2017-06-30).

RESULTS

Table 1 describes the study population’s demographic characteristics. We included 
216 932 participants (46% men, median age 61); 78 355-78 522 (36.12%-36.20%) par-
ticipants had low to severe risk of PD and 56 615-56 688 (26.10%-26.13%) had moder-
ate to very poor SPH, depending on the imputed data set. There were 21 148 (9.75%), 
43 737 (20.16%), 106 122 (48.92%), and 168 088 (77.48%) people exposed to at least 
one type of treated-crop in the 50, 100, 250 and 500m buffer, respectively. We ob-
served mostly low (Pearson correlation <0.39) correlations between the buffer areas 
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of crops, except for the moderate correlations between winter wheat, potatoes for 
consumption and beets (Pearson correlations ranging from 0.56 to 0.61), which are 
grown in a rotation scheme. 
Table 2 shows the number of unexposed and exposed participants per buffer size 
and type of crop. For some of the less prevalent crops, such as potatoes for starch 
and other cereals, the number of exposed people in the smaller buffers was very 
low, resulting in wide confidence intervals of the estimates. This table also displays 
the Odds Ratios (OR) per increase in 1 hectare of area of (specific) crop and their 
95% Confidence Intervals for the full models. We found no clear evidence of associ-
ations between presence of specific crops and SPD and SPH. We observed overall 
patterns of OR below unity for SPH, with increasing gradient of effect sizes from 
the smaller to the largest buffers. Nevertheless, none of these associations showed 
statistically significant results consistently among the four buffers. Solely the asso-
ciation between ‘all crops’ and SPH showed statistically significant results in the 
50, 100 and 250m buffers, with OR ranging from 0.77 [0.63, 0.93] in the 50m buffer 
to 0.99 [0.98, 1.00] in the 250m buffer. Increasing covariate adjustment in the 50m 
and 100m buffer models resulted in effect estimates that were, in general, closer 
to unity and, in rare cases, change in direction of effect (Tables S1 and S2). Further-
more, higher levels of adjustment resulted in loss of statistical significance across 
all buffer models. Neither sensitivity (Tables S3 and S4) nor stratified (Tables S5 and 
S6) analyses showed material changes in effect estimates. Results using the donuts 
and distance exposure metrics, shown in Tables S7 and S8, did not change our in-
terpretation of the findings.

DISCUSSION

We used a cross-sectional national survey to study the association between presence 
of crops near residences and self-reported psychological distress (SPD) and self-per-
ceived health (SPH). Analyses did not indicate that living close to treated-crops was 
associated with increased risks of SPD or poorer SPH. In fact, we observed overall neg-
ative non-significant associations.
The use of the national Public Health Monitor survey allowed us to include a large 
population of over 200 000 participants, making it one of the largest studies on SPD 
and residential pesticide exposure. It also enabled for adjustment of a range of rele-
vant lifestyle aspects, although possibly some bias might have been introduced due to 
self-reporting and average response rate of 47%. We were also able to adjust for the 
presence of green space in the living environment, which previously has been associ-
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ated with better mental and physical health in the Public Health Monitor 2012.24,26,27 Fur-
thermore, although we did not have exposure data based on measurements, we were 
able to estimate proxies of exposure at individual level that represented the specific 
pesticide mixtures and farming methods used in these crops.
Although pesticide exposure was not measured, it was assessed at individual level based 
on the area of crops around residences. This has been shown previously to be suitable 
in estimating pesticide levels in residences located near crops,28 but entail important as-
sumptions and limitations that could have resulted in exposure misclassification. First, 
we did not consider participants’ time-activity patterns, their presence at the residence 
during spraying events (which may influence exposure levels) or other relevant locations 
for exposure, such as the workplace. Of all, workplace is probably the most important 
alternative source of exposure and our sensitivity analysis excluding agricultural workers 
did not show substantial differences in effect estimates from the main analysis. Domes-
tic use of pesticides or nutritional exposure were not considered but are unlikely to dif-
fer substantially within the short distances from treated agricultural fields considered in 
this study, abating residual confounding. We also did not account for wind speed and 
direction, which affect spread of pesticides applied in fields. In the Netherlands, prevailing 
wind is West to South West, but Eastern winds are generally associated with lower wind 
speed and therefore also important for stable lower spread of pesticides at short distanc-
es. In this study we used symmetric (squared) buffers around residences since the best 
non-symmetrical buffer is difficult to determine. Finally, since no information was available, 
we were unable to differentiate between conventional and organic crops, but the latter 
comprised only 1.8% of the total area of investigated crops the Netherlands in 2015.29

Because a growing season only lasts for a limited time per year, living at a specific ad-
dress only for a short period of time increases uncertainty in the exposure estimates. 
We therefore included people that moved at most once in the period 2009-2012 to 
minimize uncertainty around exposure that arises from multiple address changes. This 
resulted in the exclusion of only a minor proportion of the study population (3.5% of the 
original number of participants in the Public Health Monitor 2012, Figure 1). Changes in 
address may be related to the investigated outcomes, introducing another source of 
bias in the study. Unfortunately, we were unable to determine the reasons for moving 
addresses and we recognize that people might move to residences both further away 
or nearer to more rural areas for health reasons. Still, a sensitivity analysis restricted to 
people that never moved addresses in 2009-2012 and a sensitivity analysis restricted 
to people living in rural areas (<1000 addresses per km2) did not show major changes 
in estimates. Outcome misclassification could have been aggravated by the cross-sec-
tional design of the study since we were unable to establish the temporality of onset 
of the outcomes, which might have occurred before exposure.



105104

Oversampling of elderly could have left the study vulnerable to selection bias. Never-
theless, our stratified analyses did not indicate substantial differences in risk estimates 
between people under and above 65 years of age. Similarly, even though women have 
higher risks of psychological distress, no major differences were found in the OR ob-
tained for women and men in a stratified analysis by sex.
Our findings show no associations between proximity to pesticide-treated crops 
and SPD. This is in line with results from longitudinal studies that found no associa-
tion between cumulative exposure from pesticide usage among farmers’ families and 
depression.8–10 Nevertheless, exposure and outcome misclassification were important 
limitations in these studies, mainly because information was collected via self-report. 
In contrast, the same studies reported increased risks of depression when pesticide 
exposure was deemed high enough to induce poisoning. The link between exposure to 
poisoning inducing pesticide concentrations and increased risk of depression was also 
reported in a cross-sectional study among farmers and their wives.7 Two other studies 
reported positive associations between depression and pesticide exposure as well. 
One suggested that residential proximity to organophosphate application sites was 
associated with progression of depressive symptoms in a cohort of Parkinson’s disease 
patients.30 The other, an ecologic study, reported higher rates of depression among 
agricultural workers living in areas with intense pesticide application when compared 
with city dwellers.6

We used SPH as an extension of SPD in this study, since SPH is an important compo-
nent of mental health. SPH has been suggested to be a mediator of the relationship 
between physical and mental health and shown to be an important indicator of cur-
rent health status and predictor of depression and mortality.31,32 We observed that 
OR for SPH were more often below unity for study participants living close to treat-
ed-crops. One would expect an equal ratio between risk estimates above and below 
unity if presence of crops had no effect on these outcomes. It is unclear why this 
‘protective’ effect was observed, but it may be an indication of uncontrolled bias. 
Furthermore, given the limitations described above regarding our exposure proxy, 
it may be possible that we were unable to detect weak to moderate signals. On 
the other hand, previous studies have also shown negative associations to environ-
mental exposures among the Dutch rural population, namely lower (non-accidental) 
mortality rates and respiratory problems.33,34 We are unable to provide data driven 
explanations for the (statistically non-significant) negative associations found. In the 
Netherlands, socioeconomic position distribution is relatively similar across all areas 
of urbanization degree. Tentative explanations could include exposure misclassifi-
cation, uncontrolled bias and the fact that rural populations in the Netherlands may 
have a better quality of life in (better air quality, lower costs, less stress, perhaps 
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more physical activity). It remains, however, unclear why we see this trend in such a 
small spatial scale (500m), that is, among the rural to semi-urban population itself. 
In conclusion, this study provides no evidence that residential proximity to pesticide 
treated-crops is associated with psychological distress or poorer perceived health. In 
fact, we observed an overall indication of lower risks of poorer self-perceived health. 
Exposure and outcome misclassification remain important limitations in studies assess-
ing these associations and hamper interpretation of results, including this one. 

ACKNOWLEDGMENTS

The Dutch Public Health Monitor 2012 (Gezondheidsmonitor) was conducted by 28 
Public Health Services (GGD), Statistics Netherlands (CBS) and National Institute for 
Public Health and the Environment (RIVM). Statistical analyses were conducted within 
the remote access secured environment of CBS.



107106

TABLES

Table 1: Population characteristics (before imputation).

Study Population
(n =216 932)

OUTCOMES

  Self-perceived health

     Good [n (%)] 158 458 (73.05%)

     Moderate to bad [n (%)] 55 535 (25.60%)

     NA [n (%)] 2939 (1.35%)

  Risk of psychological distress

     None [n (%)] 134 976 (62.22%)

     Low to high [n (%)] 75 534 (34.82%)

     NA [n (%)] 6422 (2.96%)

INDIVIDUAL COVARIATES

  Sex

    Men [n (%)] 99 926 (46.06%)

    Women [n (%)] 117 006 (53.94%)

   Agea

    19-24 [n (%)] 9666 (4.46%)

    25-29 [n (%)] 6423 (2.96%)

    30-34 [n (%)] 8291 (3.82%)

    35-39 [n (%)] 10 003 (4.61%)

    40-44 [n (%)] 14 934 (6.88%)

    45-49 [n (%)] 17 045 (7.86%)

    50-54 [n (%)] 17 822 (8.22%)

    55-59 [n (%)] 18 247 (8.41%)

    60-64 [n (%)] 19 313 (8.90%)

    65-69 [n (%)] 33 709 (15.54%)

    70-74 [n (%)] 23 608 (10.88%)

    75-79 [n (%)] 19 441 (8.96%)

    80-84 [n (%)] 11 791 (5.44%)

    85-89 [n (%)] 5095 (2.35%)

    90-94 [n (%)] 1367 (0.63%)

    96+ [n (%)] 177 (0.08%)

   Marital status

    Married/living together [n (%)] 161 735 (74.56%)

    Single [n (%)] 18 887 (8.71%)

    Divorced [n (%)] 10 225 (4.71%)

    Widowed [n (%)] 22 737 (10.48%)

    NA [n (%)] 3348 (1.54%)
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Study Population
(n =216 932)

  Country of originb

    Dutch [n (%)] 197 462 (91.02%)

    Non-Dutch, western [n (%)] 3535 (1.63%)

    Non-western [n (%)] 15 935 (7.35%)

  Education level

    Low [n (%)] 19 386 (8.94%)

    Middle 1 [n (%)] 77 343 (35.65%)

    Middle 2 [n (%)] 60 481 (27.88%)

    High [n (%)] 52 610 (24.25%)

    NA [n (%)] 7112 (3.28%)

Physical activityc

    Complies with none of exercise norms [n (%)] 66 663 (30.73%)

    Complies with at least one of exercise norms [n (%)] 132 689 (61.17%)

    NA [n (%)] 17 580 (8.10%)

Chronic disease

    No chronic diseases [n (%)] 61 124 (28.18%)

    At least 1 chronic disease [n (%)] 130 973 (60.38%)

    NA [n (%)] 24 835 (11.45%)

  Alcohol use

    Never [n (%)] 22 440 (10.34%)

    Former [n (%)] 12 043 (5.55%)

    current [n (%)] 176 613 (81.41%)

    NA [n (%)] 5836 (2.69%)

Smoking

    Never [n (%)] 82 553 (38.05%)

    Former [n (%)] 84 064 (38.75%)

    Current [n (%)] 36 124 (16.65%)

    NA [n (%)] 14 191 (6.54%)

  Body mass indexd

    Underweight  [n (%)] 2326 (1.07%)

    Normal  [n (%)] 95 240 (43.90%)

    Pre-obesity  [n (%)] 2326 (1.07%)

    Obesity I  [n (%)] 22 127 (10.20%)

    Obesity II  [n (%)] 4644 (2.14%)

    Obesity III  [n (%)] 1134 (0.52%)

    NA [n (%)] 8600 (3.96%)

Table 1: Population characteristics (before imputation). (cont.)
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a	 Age was categorized into 5-year categories for <65 year-olds and into 10-year categories for ≥65 year-olds
b	 Origin was defined as the country of birth of the mother (or that of the father if information on the mother was un-

available). Countries were grouped into Western and non-Western, except for the Netherlands which constitutes a 
separate category.

c	 The Nederlandse Norm Gezond Bewegen (NNGB) and Fitnorm are two Dutch common standards for healthy exercise 
that take into account the amount of time, frequency and intensity of physical activity. Participants were classified into 
two categories depending on whether they complied with 0=”none” or 1=”at least one” of these norms. 

d	 Body Mass Index (BMI) categories were defined according to the World Health Organization nutritional status, where 
Underweight = <18.5, Normal weight = 18.5–24.9, Pre-obesity = 25.0–29.9, Obesity class I = 30.0–34.9, Obesity class II 
= 35.0–39.9, and Obesity class III = ≥40.

e	 The NDVI (Normalised Difference Vegetation Index) describes the amount of green vegetation using reflectance meas-
ured by satellites. Here, we used the average NDVI within 500 meters of the participant’s residence (values: 0 to 1) as 
calculated by Klompmaker et al. 

f	 We used socioeconomic position as defined by the SCP (Sociaal en Cultureel Planbureau); it is a social status score 
taking into account average income, percentage of people with a low income, percentage of people with a low edu-
cation and percentage of unemployed people in a postal code area

Study Population
(n =216 932)

Children

    No children [n (%)] 139 605 (64.35%)

    Lives with children <18 years old [n (%)] 45 439 (20.95%)

    Lives with children ≥18 years old [n (%)] 16 092 (7.42%)

    NA [n (%)] 15 796 (7.28%)

COUNTRY LEVEL COVARIATES

  Greenspace (NDVI) in 500m buffer [mean (sd)]e 0.58 (0.09)

  Neighborhood socioeconomic status score [mean (sd)]f 0.38 (1.01)
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Table 2: Odds Ratios of self-reporting low to severe psychological distress and of 
self-reporting moderate to very poor health per increase in 1 hectare of area of (specif-
ic) treated-crop and their 95% Confidence Intervals (full models).

MAIZE

500m 204959 (94.5%) 11973 (5.5%) 0.79 [0.59, 1.05] 0.68 [0.49, 0.96]

1000m 190279 (87.7%) 26653 (12.3%) 0.94 [0.89, 1.00] 0.90 [0.84, 0.97]

1500m 140671 (64.8%) 76261 (35.2%) 0.99 [0.98, 1.00] 0.99 [0.98, 1.00]

2000m 75816 (34.9%) 141116 (65.1%) 1.00 [1.00, 1.00] 1.00 [1.00, 1.01]

WINTER 
WHEAT

500m 211278 (97.4%) 5654 (2.6%) 1.06 [0.57, 1.98] 0.53 [0.25, 1.12]

1000m 204186 (94.1%) 12746 (5.9%) 1.09 [0.96, 1.23] 0.90 [0.77, 1.05]

1500m 178060 (82.1%) 38872 (17.9%) 1.02 [1.00, 1.04] 0.99 [0.97, 1.02]

2000m 139146 (64.1%) 77786 (35.9%) 0.99 [0.99, 0.99] 1.00 [0.99, 1.00]

SUMMER 
BARLEY

500m 215507 (99.3%) 1425 (0.7%) 0.94 [0.17, 5.37] 0.15 [0.02, 1.41]

1000m 213407 (98.4%) 3525 (1.6%) 0.92 [0.64, 1.33] 0.79 [0.50, 1.23]

1500m 202898 (93.5%) 14034 (6.5%) 0.97 [0.91, 1.03] 0.99 [0.92, 1.06]

2000m 176862 (81.5%) 40070 (18.5%) 0.97 [0.96, 0.98] 0.99 [0.97, 1.00]

SUMMER
WHEAT

500m 215323 (99.3%) 1609 (0.7%) 0.57 [0.09, 3.54] 0.41 [0.04, 3.79]

1000m 213107 (98.2%) 3825 (1.8%) 0.85 [0.58, 1.24] 0.70 [0.44, 1.10]

1500m 202053 (93.1%) 14879 (6.9%) 0.96 [0.91, 1.02] 0.95 [0.88, 1.02]

2000m 174236 (80.3%) 42696 (19.7%) 0.98 [0.97, 0.99] 0.99 [0.97, 1.00]

OTHER 
CEREALS

500m 215758 (99.5%) 1174 (0.5%) 0.75 [0.10, 5.37] 0.92 [0.10, 8.78]

1000m 213659 (98.5%) 3273 (1.5%) 1.02 [0.68, 1.51] 0.90 [0.56, 1.44]

1500m 202758 (93.5%) 14174 (6.5%) 1.03 [0.97, 1.10] 0.94 [0.87, 1.01]

2000m 177844 (82.0%) 39088 (18.0%) 1.00 [0.99, 1.02] 1.02 [1.00, 1.03]

POTATOES 
FOR
CONSUMPTION

500m 211606 (97.5%) 5326 (2.5%) 1.16 [0.43, 3.13] 0.82 [0.25, 2.68]

1000m 204719 (94.4%) 12213 (5.6%) 1.11 [0.91, 1.35] 1.02 [0.81, 1.29]

1500m 178343 (82.2%) 38589 (17.8%) 1.00 [0.97, 1.03] 1.00 [0.96, 1.04]

2000m 136573 (63.0%) 80359 (37.0%) 0.99 [0.99, 1.00] 1.00 [0.99, 1.00]

POTATOES 
FOR 
STARCH

500m 216525 (99.8%) 407 (0.2%) 0.06 [0.00, 1.04] 1.93 [0.09, 42.32]

1000m 216107 (99.6%) 825 (0.4%) 0.61 [0.35, 1.06] 0.95 [0.49, 1.83]

1500m 214709 (99.0%) 2223 (1.0%) 0.98 [0.89, 1.08] 0.99 [0.88, 1.11]

2000m 211675 (97.6%) 5257 (2.4%) 0.99 [0.98, 1.01] 1.00 [0.99, 1.01]

SEED 
POTATOES

500m 215616 (99.4%) 1316 (0.6%) 1.03 [0.14, 7.46] 0.39 [0.03, 4.62]

1000m 214192 (98.7%) 2740 (1.3%) 1.02 [0.70, 1.49] 0.80 [0.50, 1.28]

1500m 208320 (96.0%) 8612 (4.0%) 1.00 [0.94, 1.06] 0.95 [0.88, 1.02]

2000m 196123 (90.4%) 20809 (9.6%) 0.99 [0.98, 1.00] 0.98 [0.97, 0.99]

Crop
Buffer
size

Unexposed
(0 hectares of crop)

Self-reported psy-
chological distress

Exposed
(>0 hectares of crop)

Self-perceived 
health

Number of participants Odds Ratio [95% Confidence Interval]1
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1	 Models were adjusted for: adjusted for the area of the considered crop that remained until 500m (‘complementary 
donut’), age, sex, body mass index (BMI), country of origin, marital status, educational level, living with children, 
having a chronic condition, presence of other crops within 500m of the participant’s residence (except for when ‘all 
crops’ was the exposure), physical activity, alcohol status, smoking status, neighborhood socioeconomic position and 
Normalised Difference Vegetation Index (NDVI) within 500m of the participant’s residence.

	 The referent (“unexposed”) group in all models was participants with zero hectares of (specific) crop within 500m of 
their residences.

Crop
Buffer
size

Unexposed
(0 hectares of crop)

Self-reported psy-
chological distress

Exposed
(>0 hectares of crop)

Self-perceived 
health

Number of participants Odds Ratio [95% Confidence Interval]1

BEETS

500m 212462 (97.9%) 4470 (2.1%) 1.31 [0.42, 4.12] 0.35 [0.09, 1.40]

1000m 206307 (95.1%) 10625 (4.9%) 1.04 [0.83, 1.31] 0.73 [0.55, 0.96]

1500m 181942 (83.9%) 34990 (16.1%) 0.98 [0.95, 1.02] 0.95 [0.91, 0.99]

2000m 141899 (65.4%) 75033 (34.6%) 0.99 [0.98, 0.99] 1.00 [1.00, 1.01]

ORNAMENTAL 
PLANTS &
TREE 
NURSERIES

500m 215257 (99.2%) 1675 (0.8%) 1.90 [0.90, 4.01] 0.76 [0.32, 1.81]

1000m 212927 (98.2%) 4005 (1.8%) 1.06 [0.90, 1.25] 0.90 [0.74, 1.08]

1500m 202567 (93.4%) 14365 (6.6%) 1.00 [0.97, 1.03] 1.00 [0.97, 1.03]

2000m 177835 (82.0%) 39097 (18.0%) 1.00 [0.99, 1.00] 1.01 [1.00, 1.01]

VEGETABLES

500m 214255 (98.8%) 2677 (1.2%) 0.76 [0.34, 1.72] 0.78 [0.31, 2.00]

1000m 210653 (97.1%) 6279 (2.9%) 0.95 [0.81, 1.12] 0.87 [0.72, 1.05]

1500m 194848 (89.8%) 22084 (10.2%) 0.99 [0.97, 1.02] 0.97 [0.94, 1.00]

2000m 162344 (74.8%) 54588 (25.2%) 1.00 [0.99, 1.00] 1.01 [1.00, 1.01]

FRUIT

500m 214867 (99.0%) 2065 (1.0%) 0.96 [0.55, 1.67] 0.84 [0.45, 1.60]

1000m 211778 (97.6%) 5154 (2.4%) 1.00 [0.88, 1.13] 0.91 [0.79, 1.06]

1500m 200303 (92.3%) 16629 (7.7%) 0.99 [0.97, 1.01] 1.00 [0.98, 1.02]

2000m 180137 (83.0%) 36795 (17.0%) 0.99 [0.99, 1.00] 1.00 [1.00, 1.01]

FLOWER 
BULBS

500m 215774 (99.5%) 1158 (0.5%) 1.59 [0.49, 5.16] 1.95 [0.52, 7.29]

1000m 214311 (98.8%) 2621 (1.2%) 1.22 [0.95, 1.57] 1.28 [0.96, 1.71]

1500m 208613 (96.2%) 8319 (3.8%) 1.01 [0.97, 1.06] 1.04 [0.99, 1.09]

2000m 196249 (90.5%) 20683 (9.5%) 0.99 [0.99, 1.00] 0.99 [0.99, 1.00]

ALL CROPS

500m 195784 (90.3%) 21148 (9.7%) 0.97 [0.82, 1.15] 0.77 [0.63, 0.93]

1000m 173195 (79.8%) 43737 (20.2%) 1.00 [0.96, 1.03] 0.93 [0.89, 0.97]

1500m 110810 (51.1%) 106122 (48.9%) 1.00 [0.99, 1.00] 0.99 [0.98, 1.00]

2000m 168088 (77.5%) 48844 (22.5%) 1.00 [1.00, 1.00] 1.00 [1.00, 1.00]
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FIGURES

Figure 1:  Flowchart of the study population. 

BAG = Basisregistratie Adressen en Gebouwen, the cadastral dataset containing all addresses in the Netherlands used to 
compute individual residential exposure proxies.
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ABSTRACT

Background: Maternal occupational exposure to pesticides has been linked to adverse 
birth outcomes but associations with residential pesticide exposures are inconclusive.
Objectives: To explore associations between residential exposure to specific pesti-
cides and birth outcomes using individual level exposure and pregnancy/birth data.
Methods: From all 2009-2013 singleton births in the Dutch birth registry, we selected 
mothers >16 years old living in non-urban areas, who had complete address history and 
changed addresses at most once during pregnancy (N=339,947). We estimated amount 
(kg) of 139 active ingredients (AI) used within buffers of 50, 100, 250 and 500 meters 
around each mother’s home during pregnancy. We used generalized linear models to 
investigate associations between 12 AIs with evidence of reproductive toxicity and 
gestational age (GA), birth weight (BW), perinatal mortality, child´s sex, prematurity, 
low birth weight (LBW), small for gestational age (SGA) and large for gestational age 
(LGA), adjusting for individual and area-level confounders. For the remainder 127 AIs, 
we used minimax concave penalty with a stability selection step to identify those that 
could be related to birth outcomes.
Results: Regression analyses showed that maternal residential exposure to fluroxy-
pyr-meptyl was associated with longer GA, glufosinate-ammonium with higher risk of 
LBW, linuron with higher BW and higher odds of LGA, thiacloprid with lower odds of 
perinatal mortality and vinclozolin with longer GA. Variable selection analysis revealed 
that picoxystrobin was associated with higher odds of LGA. We found no evidence of 
associations with other AIs. Sensitivity and additional analysis supported these results 
except for thiacloprid.
Discussion: In this exploratory study, pregnant women residing near crops where 
fluroxypyr-meptyl, glufosinate-ammonium, linuron, vinclozolin and picoxystrobin were 
applied had higher risk for certain potentially adverse birth outcomes. Our findings 
provide leads for confirmatory investigations on these compounds and/or compounds 
with similar modes of action.
KEYWORDS: pesticides, residential exposure, spatial analysis, general population, birth 
outcomes, birth registry
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INTRODUCTION

Maternal exposure to pesticides has been linked to adverse birth outcomes such as low 
birth weight, decreased gestational age, being small for the gestational age, prematu-
rity, changed sex ratio and stillborn and infant mortality.1–3 There is a substantial body 
of literature supporting these associations among mothers occupationally exposed 
to pesticides, but the picture is less clear when mothers are residentially exposed. 
Although research has demonstrated that pesticides are found in residences locat-
ed near crops4–6, studies on the typically low-dose non-occupational exposure and 
birth outcomes present inconsistent results. This discrepancy may be due to the ap-
plication of different exposure assessment methodology (often based on (single time 
point) measurement of biomarkers of pesticide exposure, questionnaires or proximity 
of residencies to agricultural plots) or differences between countries regarding agricul-
tural scenarios and permitted types of pesticides and pesticide application methods. 
For example, some studies reported associations between exposure to pesticides and 
decreased birth weight and/or gestational age, these associations were not shown 
in other studies7–10 Clear evidence that residential exposure to pesticides presents a 
health risk for pregnant women and their babies is thus still lacking and, consequently, 
making it uncertain whether precautionary measures are needed to reduce pesticide 
exposure for this especially vulnerable population group.
In this paper we explore the possible associations between residential exposure to 
specific active ingredients during pregnancy and several birth outcomes, namely 
gestational age, birth weight, perinatal mortality and child´s sex. We used crop maps 
and farmer’s surveys to individually estimate residential exposure and the Dutch birth 
registry for outcome assessment. We first investigated active ingredients reported 
to have reproductive and developmental effects (i.e. hypothesis testing) and then 
further used a variable selection method to identify other relevant active ingredients 
among 139 active ingredients used during the exposure period assessed (2009-2013) 
(discovery analyses).

METHODS

Study population

The Perinatale Registratie Nederland (PRN) comprises data on pregnancy and births 
registered by medical professionals such as midwives, general practitioners, gyne-
cologists and pediatricians/neonatologists. The data are linked to the municipal reg-
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istration (GBA - Gemeentelijke Basis Administratie) within Statistics Netherlands (CBS 
- Centraal Bureau voor de Statistiek). The resulting dataset includes all mother-infant 
pairs for which mothers were registered at the GBA and infants had a gestational age 
of 22 weeks or more at birth. 
For this study we selected singleton births that occurred before 01-01-2014 for which 
the day of conception was estimated to be on or after 01-01-2009. We excluded moth-
ers that were aged ≤16 years at the child’s birth, mothers with an unknown address 
sometime during pregnancy, and mothers who changed addresses more than once 
during pregnancy. Furthermore, mothers who lived within 500m of the borders with 
Germany or Belgium, and for whom we were unable to compute exposure, were ex-
cluded. Finally, we restricted our study to mothers living in non-urban areas of The 
Netherlands (<1500 addresses per km²), thus excluding those whose health behaviors, 
lifestyles and environmental exposures are likely different from those living in rural ar-
eas and whose residences are likely not located near any crops (Figure 1). 

Birth outcomes

We evaluated the following main outcomes: gestational age, birth weight, perinatal 
mortality (up to 1 year of age) and child’s sex. We further explored transformations of 
the outcomes gestational age and birth weight as low birth weight, small for gesta-
tional age, large for gestational age and prematurity as follows:
	 gestational age: the number of days between the last menstruation and birth;
	 birth weight: weight at birth, in grams;
	 low birth weight: less than 2500 gram at birth (binary variable),
	 small for gestational age and large for gestational age: we constructed birth 

weight curves based on this study population (singletons, years 2009-2013) using 
the Lambda Mu and Sigma (LMS) method (library GAMLSS from R) considering 
gestational age (in days), sex of the baby (male, female), migration background 
of the mother (Dutch, Western, Non-Western) and parity (primipara, multipara). 
These curves were used to estimate the 10th and 90th birth weight centiles, which 
defined the thresholds for small for gestational age and large for gestational age, 
respectively (binary variables);11

	 perinatal mortality: a binary composite variable including still births and infant 
mortality within the first year of life;

	 prematurity: birth occurring before 37 weeks of gestation (binary variable);12

	 child’s sex: sex assigned at birth (binary variable).
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Exposure assessment

We estimated mothers’ residential exposure to pesticides by computing the amount 
(kg) of specific active ingredients (AIs) used within buffers of 50, 100, 250 and 500m 
around their residences during pregnancy. For this we used the Basisregistratie Adressen 
en Gebouwen containing geocoded residences from 2016 (BAG) and the annual polygon 
land use maps from 2009 to 2013 (Basisregistratie Gewaspercelen, BRP) to compute 
the area, in hectares (ha), of 12 groups of crops grown in open fields (greenhouses thus 
excluded) within these buffers: maize, winter wheat, summer barley, summer wheat, po-
tatoes for consumption, potatoes for starch, seed potatoes, beets, ornamental plants 
and tree nurseries, vegetables, fruit trees and flower bulbs13,14 These crops account for 
86-87% of the total area of arable land (excluding grassland) of the Netherlands in 2009-
201315. For computational reasons, we converted the land use maps to raster maps with 
a resolution of 10m by 10m and used a moving average to obtain squared buffers that 
correspond roughly to radii of 50m, 100m, 250m and 500m, as previously described16 
We then used data from the 2008 and 2012 CBS’s Farmers’ Survey, a national survey 
administered to a sample of farmers roughly every 4 years, to obtain information on the 
average annual dosage of active ingredients used (amount per hectare, kg/ha) for each 
crop group. The total amount of active ingredient used in a crop within a buffer around 
a residence was then estimated by multiplying the dosage used by the estimated crop 
area. The total annual amount of AI used within a buffer around a residence was then ob-
tained by summing the amounts used for all crops present in the buffer. We used these 
estimates as proxies for the amount of AIs mothers were exposed to at their residenc-
es during pregnancy. When conception and birth occurred in different years, we used 
the average of estimates for the separate years, weighted by the number of gestation 
days in each year. A similar approach was used for estimating exposure for mothers that 
changed address during pregnancy. A more detailed description and example calcula-
tions can be found in S1 of the Supplementary Material.
We included 139 AIs that were used by at least 10% of the surveyed farmers in 2008 and 
2012 in these calculations. Of these, 12 were classified as reproductive toxicants from 
Category 1B (presumed human reproductive toxicant based clear evidence of an ad-
verse effects from animals studies) in the European Union Pesticide Database (EUPDB) 
or as “known” to cause a problem in reproduction or development in the Pesticide 
Properties Database (PPDB)17,18 Another 19 were classified as Category 2 (suspected 
human reproductive toxicant based on some evidence from humans or experimental 
animals studies) or as “possible” to cause a problem in reproduction or development 
in the EUPDB and the PPDB, respectively. There is no evidence of reproductive or de-
velopmental effects for the remainder AIs (Table 1). 
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Potential confounders

We included the following individual covariates as potential confounders: gestational 
age (not for the gestational age and prematurity analyses), sex of the baby (not for 
the child’s sex analyses), parity, mother’s migration background, maternal age at de-
livery, mother’s educational level, mother’s household income, mother’s marital status, 
mother’s job status, and year of birth. We further considered one area level covariate, 
namely urbanization degree of the neighborhood where the mother lived. Classes of 
these covariates can be seen in Table 2.

Statistical analysis

Imputation

Some of the covariates had missing data: household income (1.0%), educational level 
(28.1%) and degree of urbanization (0.002%). We used multiple imputation by chained 
equations (MICE) to impute missing values, using the MICE package in R, and included 
all outcome variables, all covariates and the total area of crops in the 500m buffer for 
the imputation models. Additionally, we also considered available variables that were 
determined to be highly predictive of the variables with missing values: job sector of 
mother and father’s job, proportion of people employed in the neighborhood and pro-
portion of people with low income in the neighborhood. Variables were deemed pre-
dictors and included in the imputation models when their correlation to the variable 
being imputed was >0.20 and the proportion of usable cases was >0.25. Collinearity 
of the selected variables assessed by the variance inflation factor (VIF). Variables with 
VIF>5 were considered collinear and the variable with highest VIF was excluded from 
the imputation model. Due to the large number of observations in the dataset, we 
used the predictive mean matching to impute all variables. Since the predictive mean 
matching algorithm only imputes values that are already present in the data, the orig-
inal classes of categorical variables were maintained19 We imputed 5 data sets, using 
8 iterations, to limit computational overhead. We assessed the imputed datasets by 
evaluating plots of the mean and standard deviation of the imputed values, per itera-
tion. These showed that convergence was fast and achieved after the second or third 
iteration, with very little trend (not shown). The kernel density estimates for the mar-
ginal distributions showed that the densities of the observed data and the five imputed 
data sets, per variable, had essentially the same shape.
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Regression analyses and exposure variables selection

We investigated associations between the amount of AIs used in the vicinity of preg-
nant women’s residences and birth outcomes using two approaches.
One, from the pool of 139 AIs, we selected those classified as Category 1B or “known 
to cause problems” (henceforth referred to as “a priori selected AIs”, n=12, see Table 
1), i.e, AIs with clear evidence for toxic effects on reproduction and fetal development. 
For these AIs we investigated associations with gestational age and birthweight using 
linear regression models, and with perinatal mortality, child´s sex, prematurity, low 
birth weight, small for gestational, and large for gestational age using logistic regres-
sion models. Each model included all other AIs which correlation to the AI under in-
vestigation was below 0.7 (see S2 for correlations between AIs and the footnote from 
Table 3 for the AIs included in the models). Associations were explored separately for 
each buffer size. We considered that the narrower buffers (i.e with a radius of 50 and 
100m) were more likely to capture direct spray drift of pesticide droplets. This drift has 
an exponential decrease in concentration with distance and is highest within the first 
meters of application, although it can be detected up to 100 meter away from a field 
edge depending on the application technique and meteorological conditions20,21 The 
larger two buffers were considered to capture secondary emission processes such 
as volatilization. Moreover, a Dutch pesticide exposure assessment study reported 
high contrasts in pesticide concentration in air and house dust between residences 
located within 250m and beyond 500m from flower bulb crops6 For these reasons, we 
considered that relevant residential exposure occurred within 500m and each buffer 
model was adjusted for the amount of AI used in the area up to 500m, a variable we 
named “complimentary donut” (for example, for the 50m buffer model we included 
the amount of AI used in a “donut” of 50 to 500m around the residence as a covariate). 
Consequently, the referent (“unexposed”) group in our analyses consisted of mothers 
with zero kilograms of (specific) active ingredient within 500m of their residences. 
Buffers and complementary donuts were used as continuous variables in the analyses. 
We also explored increasingly adjusted models, starting with a basic model adjusted 
for gestational age (when gestational age or prematurity were not the outcomes), sex 
of the baby (when child´s sex was not the outcome), parity and the complementary 
donut, followed by an intermediate model consisting of the basic model and further 
adjusted for household income, mother’s education, mother’s marital status, mother’s 
origin, mother’s age at birth and mother’s job status, and a full model, which addition-
ally included the degree of urbanization of the residence location and year of birth of 
the baby. For binary outcomes, analyses were performed when there were at least 10 
exposed cases.
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Second, from the remainder 127 AIs, we included those with correlations below 0.90 
in the 500m buffer to run the variable selection models (S3). Consequently, AIs were 
selected from a pool of 47 AIs (Table 4). The models were adjusted for all considered 
covariates (i.e., equivalent to the full model of the regression analyses) and for the AIs 
for which the previous regression analyses showed evidence of an association with a 
birth outcome - no penalization was applied to the coefficients for these covariates 
and they were therefore not subject to variable selection. Variable selection was per-
formed using penalized regression with the minimax concave penalty (MCP) for which 
the appropriate level of penalization was selected with 10-fold cross-validation. We 
then applied a stability selection step to estimate selection probabilities for each vari-
able under random resampling of the data. This approach allows for (multiple-testing) 
error control and yields more consistent selections. For the stability step we used 
R’s stabs package, but modified the algorithm to allow use of the ncvreg() function 
with the MPC penalty. Since this approach has exploratory purposes, stability selec-
tion models were run with per-family error rate (PFER) set at the value of 1, a rather 
lenient approach in regard to controlling for false discoveries. Furthermore, the model 
sampled from the five different imputed data sets in each subsampling iteration, using 
stratified sampling so that every dataset was used as often as the others.
Spatial analyses to compute the crop areas within buffers around residences was per-
formed using ArcGIS/ArcPy 10.4 (2016) and STATA/MP 14. Statistical analyses, as well 
as the imputations and the calculation of the birth weight curves, were performed in 
R versions 3.4.1 (2017-06-30) and 3.6.3 (2019-12-12), within the remote secure environ-
ment of CBS.

Criteria for interpretation

After assessing whether effect sizes of the AIs materially changed with increasing con-
founder adjustment in the regression analyses, we based the interpretation of the re-
sults on a pre-defined set of criteria, similarly to what we used in previous studies from 
our research group16,22 We considered that there was evidence of an association be-
tween an AI and a birth outcome (a finding) when results from the regression analyses 
met all the following criteria:
	 Consistency among buffer models: the associations had the same direction across 

all buffers
	 Trend in strength of the associations (monotonicity): there was a monotonic trend 

from the smallest to the largest buffer
	 Statistical significance: at least one statistically significant result (p-value < 0.05) 

among the four buffers 
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We further defined a criterium to interpret the results from variable selection analysis:
	 the AI was selected in at least three of the buffers

If the variable selection analyses pointed to an association between an AI and a birth 
outcome in at least three buffers, we conducted regression analyses and applied the 3 
criteria to assess if there was evidence of an association between the selected AI and 
the birth outcome.

Sensitivity and additional analyses

We performed several sensitivity analyses for the associations that were considered 
findings according to the abovementioned criteria. First, we excluded gestational age 
in the models where it was used as a covariate, since it is unclear whether (low) gesta-
tional age is a confounder or (proxy for) some intermediate factor on the causal path to 
other birth outcomes. Second, we excluded all mothers that worked in the agricultural 
sector as they may experience occupational pesticide exposure besides residential 
exposure. Third, we excluded all mothers and fathers that worked in the agricultural 
setting, focusing analysis on residential exposures only. By excluding mothers working 
in agriculture during pregnancy we excluded sources maternal occupational exposure 
to pesticides. Since fathers working in the agriculture could be carriers of pesticides 
into their homes and there may also be an association between paternal occupational 
pesticide exposure and adverse birth outcomes, excluding both parents further de-
creased the contribution of occupational and para-occupational sources of exposure 
to pesticides. Fourth, we restricted analyses to mothers living in the most rural areas (< 
1000 addresses per km2), to assess potential confounding from living in a semi-urban 
environment. Fifth, we restricted analyses to autochthonous mothers, since having a 
migration background may correlate both with exposure and different (health) behav-
iors during pregnancy and delivery. Sixth, we performed a complete case analysis, 
to assess whether data could be missing not at random23 Seventh, since exposure 
was estimated based on annual usage of pesticides and did not take into account the 
time of year when each AI was applied, changes in address may have contributed to 
exposure misclassification. To decrease uncertainty around the exposure estimates, 
we performed an analysis restricted to mothers that did not change addresses during 
pregnancy.
Additionally, for associations that were considered findings, we performed analyses 
including an interaction term between sex and the AI and stratified analyses by sex if 
there was at least some evidence of differential effects from experimental or toxicolog-
ical studies for the AI under investigation.
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RESULTS

We included a total of 339,947 mother-child pairs in our analysis. Table 2 describes 
the demographic characteristics of the study population. The relatively small number 
of births in 2009 reflects the fact that we only included pregnancies conceived after 
01-01-2009. Exposure to at least one active ingredient occurred 6%, 14%, 40% and 
70% of mothers living within 50m, 100m, 250m and 500m of a crop, respectively. The 
most common active ingredients which mothers were exposed to were florasulam and 
fluroxypyr-meptyl (4%, 10% and 32% in the in 50m, 100m and 250m) and dimethenamid 
(62%) in 500m. Interquartile ranges (IQRs) of amount if AI used ranged from 0.0001 kg 
for florasulam to 2.5 kg for sulphur in 50m and from 0.006 kg for rimsulffuron to 79.2 
kg for sulphur in 500m (see S4 for descriptive statistics of each AI). Among exposed 
mothers, the median number of AIs mothers were exposed to was 22 [minimum 9, 
maximum 107] in 50m, 25 [9,121] in 100m, 34 [9, 133] in 250m and 50 [9, 139] in 500m. In 
the 500m buffer, among the 12 a priori selected AIs, correlations were high (>0.70) be-
tween glufosinate ammonium and propioconazol, between glufosinate ammonium and 
triadimenol, between thiacloprid and carbetamide, between asulam and thiacloprid, 
and between asulam and vinclozolin (S2).
Models adjusted for all potential confounders showed differences in effect sizes larg-
er than 10% in more than half of the models where GA and BW were the outcomes, 
showing mostly smaller effect sizes. For consistency, Table 3 shows the results of the 
fully adjusted regression analyses for all outcomes expressed as increase in days for 
gestational age, increase in grams for birth weight and the Odds Ratio (OR) for the 
other outcomes per 1 kg increase in AI used within the buffer (results from the basic 
and intermediate models are shown in S5). Among the a priori investigated AIs, six 
findings emerged that met our criteria for being considered a finding: maternal resi-
dential exposure to fluroxypyr-meptyl was associated with longer GA, glufosinate-am-
monium was associated with higher risk of having LBW babies, linuron was associated 
with higher BW and higher odds of having LGA babies, thiacloprid was associated with 
lower risk of perinatal mortality, and vinclozolin was associated with longer GA. Vari-
able selection indicated that picoxystrobin was associated with being LGA and with 
perinatal mortality (Table 4). Posteriorly, regression analysis showed that exposure to 
picoxystrobin was associated with higher odds of LGA and complied with the interpre-
tation criteria, rendering this result an additional finding (Table 5). Regression results 
for the association between picoxystrobin and mortality did not meet or interpretation 
criteria and the association was not considered a finding. 
Results were mostly robust to sensitivity analyses (Table 6). Although some sensitivity 
analyses showed relevant changes in effect sizes (more than 10% change compared to 
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the main analysis effect size), the majority of results complied with our interpretation 
to be considered findings. The exceptions to this were the sensitivity analysis on the 
association between exposure to vinclozolin and increased GA, in which most sensitiv-
ity analysis did not follow the interpretation criteria, and on the association between 
exposure to thiacloprid and lower odds of perinatal mortality, in which none complied 
with the interpretation criteria. Given that linuron and vinclozolin have antiandrogenic 
effects and thiacloprid has estrogenic effects that could result in sex-differential ef-
fects,24–26 we further conducted an analysis including an interaction term for sex these 
and AIs and analyses stratified by sex. While the interaction term sex:linuron was signif-
icant only in the 50m and 100m buffers, the analysis stratified by sex showed that the 
exposure to linuron was associated to higher BW in girls and that this effect was absent 
in boys, given non-compliancy with the interpretation criteria (Table 7). Regarding the 
association between linuron and being LGA, only the interaction term of the 50m buf-
fer was statistically significant and stratified analysis showed that there was evidence 
of an association in girls but not in boys. For the associations between vinclozolin and 
GA and between thiacloprid and perinatal mortality, we observed that none of the in-
teraction terms across the buffers were statistically significant, while stratified analyses 
showed that results did not comply with the interpretation criteria.

DISCUSSION

We used the Dutch national birth registry to build a birth cohort and investigate as-
sociations between maternal exposure to 139 active ingredients used in the vicinity of 
pregnant women’s residences and several birth outcomes. After defining a set of three 
criteria to evaluate the results (same direction of effect, monotonic trend and statisti-
cal significance in at least one buffer), we identified seven findings: maternal residen-
tial exposure to fluroxypyr-mepty during pregnancy was associated with longer GA, 
glufosinate-ammonium with higher odds of having LBW, linuron with higher BW and 
higher odds of being LGA (namely in baby girls), thiacloprid with lower odds of perina-
tal mortality, vinclozolin with longer GA, and picoxystrobin with higher odds of being 
LGA. The first six associations arose from an investigation on a set of 12 AIs known to 
cause reproductive and/or developmental problems. Picoxystrobin was identified to 
be associated to LGA using a variable selection method that was applied to the re-
mainder 127 AIs. After performing regression analysis and applying the interpretation 
criteria, we classified this association as an additional finding. We also observed that 
picoxystrobin was selected as a variable associated to perinatal mortality but regres-
sion analyses did not meet the a priori interpretation criteria of an effect. Sensitivity 
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and additional analyses supported these results, with exception of those pertaining 
the association between thiacloprid and lower risk of perinatal mortality. They also 
revealed that the effects of linuron on BW and being LGA were more pronounced and 
statistically significant in girls.
By using the birth registry we were able to include complete information collected and 
registered by medical professionals on birth outcomes for all singleton births among 
mothers living in rural areas of the Netherlands. We were thus able to obtain a large 
study population of nearly 340,000 mother-infant pairs and circumvent selection bias. 
We further enriched the data set by including covariables from other administrative mi-
crodata, namely mother’s educational level, household income, marital status and job 
status. Another advantage of using administrative data is access to the exact address 
information and residential history, which allowed for exposure assignment at individual 
level. Indeed, we were able to assess residential exposure for several active ingredients 
by estimating the amount of active ingredients used in the vicinity of the residences. 
This objective exposure assessment was based on registry-based annual land use maps 
and information on pesticide usage from two Farmers’ Surveys. The area of crops around 
residences has been previously shown to be suitable in estimating pesticide levels in 
residences located near crops,5,27 and the Farmers’ Surveys were conducted in a rep-
resentative sample of Dutch farmers, covering all the main crops grown in the country. 
Nevertheless, the computed proxies are not exempt of assumptions and limitations that 
resulted in exposure misclassification. Firstly, they do not consider all sources of expo-
sure to pesticides. We did not consider time-activity patterns, presence at the residence 
during spraying events (which may influence exposure levels) and occupational expo-
sures. Of these, we were able to assess the impact of working in agriculture by doing 
sensitivity analyses excluding mothers and excluding mothers and fathers working in 
this sector. These analyses showed important differences (>10%) when compared to the 
main analyses, especially in the smaller buffer sizes but overall remained indicative of the 
effects of the AIs on birth outcomes even when occupational exposure was excluded. 
We could not account for usage of pesticides in and around the home or for nutritional 
exposure to pesticides. However, it is questionable that these constitute strong con-
founding factors as it is unlikely that they differ greatly across the exposures to specific 
AIs, especially within the short distances that we assessed. Secondly, we used symmet-
ric (squared) buffers, not considering wind direction and speed and thus disregarding 
the actual spread from both direct and secondary drift. The most suitable non-symmet-
rical shape of the buffer is difficult to determine but previous studies have shown that 
area of crop, even within symmetrical buffers, is among the most important variables 
to assess residential  pesticides levels5,27 Thirdly, Farmers’ Surveys pertain to an average 
pesticide usage among a sample of farmers and no information on the actual dose used 
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in each field was available. In this study, we assumed that all fields growing a certain 
crop used the dosage of AI reported in the survey. Fourthly, because Farmers’ Surveys 
were available only for 2008 and 2012, we assumed that the dosages used in the years 
between surveys were either the same or an average of the two available years (see 
S1), but it is likely that important changes in usage occurred. Furthermore, the avail-
ability of information was only on the annual usage of AIs and we could not take into 
account that most AIs have a seasonal application (which further precluded analyses 
by trimester, when vulnerability to chemical aggressors may change). Finally, the fact 
that some mothers (9%) changed addresses during pregnancy may have resulted in 
some degree of change in the type of pesticides they were exposed to by moving to 
a residence that could be near other types of crops, especially regarding the closest 
crops. To tackle this, we computed weighted averages of the exposure for the different 
addresses, and additionally performed a sensitivity analysis restricted to mothers that 
did not change addresses. These analyses showed mostly attenuated estimates (closer 
to the null) in the two smaller buffers, but no major differences in the larger buffers. 
This may be related to the abovementioned differences in type of crop that resulted in 
a “dilution” of the exposure in the smaller buffers after computing the weighted aver-
age. Of note, none of these factors contributing to exposure misclassification would be 
considered non-differential, which means that they may have led to underestimation of 
effects from the regression analyses. 
Since we used administrative databases, we were unable to account for individual level 
lifestyle factors such as smoking, alcohol use, drug use or pre-pregnancy Body Mass In-
dex (BMI). For most of these factors one would not expect that they are associated to ex-
posure to specific AIs and it is also unlikely that they differ substantially within the short 
distances investigated. Major differences in lifestyle are seen between urban and rural 
populations and to reduce this potential residual confounding we conducted a sensitivi-
ty analysis restricted to mothers living in the most rural areas (<1000 addresses per km2). 
These analyses showed no material differences from the estimates of the main analysis 
that would change the overall interpretation of results. Furthermore, a similar study on 
residential proximity to crops and depression and perceived health on a sample of the 
Dutch population, several of these lifestyle factors were taken into account in the mod-
els, but results showed no major changes in the estimates compared to simpler models16.
The study entails a high number of tests, since several outcomes, AIs and buffer sizes 
were assessed. To address the resulting elevated number of false positives from the 
regression analyses, we applied a set of criteria for interpretation. Although we might 
consequently have overlooked a signal, the application of these criteria was not so 
stringent as to preclude identification of the most important associations. Among the 
six AIs that showed evidence of an association with a birth outcome according to our 
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criteria, three pertain to pesticides that have been reported to have endocrine disrup-
tive effects. Linuron, which we found to be associated to higher BW and higher odds 
of being LGA, is a herbicide that inhibits root growth (Table 8). Vinclozolin, which was 
associated with longer GA is a fungicide that prevents spore germination and mycelial 
growth. Both linuron and vinclozolin are endocrine disruptors with antiandrogenic ef-
fects, as shown in toxicologic/experimental research in both in vitro and in vivo stud-
ies28,29 While linuron was reported to be hazardous to male reproductive development, 
namely by hampering gonadal organ development, vinclozolin was reported to inhibit 
sex differentiation in males24 Our additional analyses showed that the effects observed 
for linuron were mainly seen in girls. It is unclear how exposure to linuron could have 
resulted in larger baby girls but the balance in testosterone/estrogen levels is likely 
important to fetal growth. Vinclozolin is among one of the least used (S4). Together 
with the loss of power when restricting analysis to certain groups, this could at least 
partially contribute to why sensitivity and additional analyses did not fully corroborate 
the association between exposure to vinclozolin and increased GA found in the main 
analysis. Thiacloprid is an insecticide which was also reported to have endocrine-dis-
rupting effects, namely estrogenic activity26 Toxicological studies on rats and rabbits 
observed reduced maternal and fetal body weight, altered sex hormones during preg-
nancy leading to dystocia and delayed sexual maturation30 Although these effects may 
be relevant to humans, the reasons for observed lower risks of perinatal mortality in 
mothers exposed to this AI in the two larger buffers remain unclear, especially given 
that toxicological studies also point to reduced pup viability. This could have been a 
chance finding in this study, since sensitivity and additional analyses did not support 
this result. Toxicological and experimental literature on the potential effects of fluroxy-
pyr-meptyl and glufosinate-ammonium is scarcer, but they are listed in the PPDB as 
having reproductive and developmental effects. Fluroxypyr-meptyl is a formulation of 
the herbicide fluroxypyr and is listed in the PPDB as “known to cause a problem”, but 
EFSA’s peer-review on its parent compound reports no evidence of reproductive or 
developmental effects31 We observed higher risk of LBW in mothers exposed to the 
herbicide glufosinate-ammonium, but toxicological studies in rats and rabbits showed 
that this AI induced lower fertility, abortions, fetus death and premature deliveries32 Of 
note is that glufosinate-ammonium was highly correlated to several other AIs (Table 
8) including propiconazole, an AI  also listed in the EUPDB as a reproductive toxicant. 
Our results showed that propiconazole was indeed associated with increased odds 
of LBW, except in the 250m buffer, but none of the OR were statistically significant. A 
reason for this discrepancy could be the lower number of exposed cases, compared 
to glufosinate-ammonium. However, we cannot completely rule out propiconazole as 
potentially being associated with LBW. 
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In this exploratory study we have used a variable selection method to uncover other 
potential links to adverse birth outcomes. From many possibilities, we chose the MPC 
method since it allows for a relatively fast computation on a large data set. MPC works 
in a similar way to the LASSO penalty but applies less shrinkage to the nonzero coef-
ficients, reducing bias comparatively to LASSO. We set one interpretation criterium 
(the AI had to be selected in at least three buffers) to reduce the risk of a Type 1 error 
(false positive findings) due to multiple testing and analyzing a large data set, but we 
were still mostly interested in identifying potential pesticide candidates for further 
investigation. Indeed, in this study we considered it more important to avoid a high 
false negative rate than to wrongly select an AI and we were already hampered by the 
expected weak associations due to the small effect sizes usually seen in environmental 
epidemiological studies and the discussed sources of exposure misclassification. We 
observed that the associations between picoxystrobin and LGA and perinatal mortality 
complied with our a priori interpretation criteria. These results were further investi-
gated with regression analyses. While these later identified the association between 
picoxystrobin and increased risk of being LGA as an additional finding (but not the 
association with perinatal mortality), to the best of our knowledge, studies in rats and 
rabbits have not provided evidence of fertility, reproductive or developmental effects 
up to date33 Correlations between picoxystrobin and other AIs were low (<0.5), and 
therefore no other candidates for the observed effects were considered. 
In general, our findings point to higher BW, higher risk of LGA and longer GA. Although 
lower birth weight is usually of more concern for newborns health and survival, studies 
have indicated that higher BW and being LGA are associated with increased risk of 
neonatal complications and with increased risk of obesity and cardiovascular diseases 
later in life34,35 Except for fluroxypyr-meptyl, none of the findings’ AIs are nowadays 
approved in the European Union (EU), but exposure via contaminated foods from coun-
tries in which it is still used is possible. Additionally, these AIs were highly correlated to 
other AIs (Table 8) and/or share the same modes of action with AIs that are currently in 
use in the EU and other countries worldwide. Therefore, future research on the effects 
of maternal exposure to pesticides can consider the findings of this study as leads.
In conclusion, we observed associations between residential exposure to five AIs 
(fluroxypyr-meptyl, glufosinate-ammonium, linuron, vinclozolin and picoxystrobin) and 
potentially adverse birth outcomes. The underlying mechanism driving these effects 
are unclear, but the findings warrant more research into the effects of (non-occupa-
tional) exposure to these pesticides on human health, especially in the vulnerable pop-
ulation of pregnant women and their babies. AIs that were correlated or that share the 
same modes of action with the identified in this study may also be considered as leads 
for further research.
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TABLES

Table 1: Active ingredients included in the study (n=139). The first 12 active ingredients 
have evidence of adverse reproductive and/or developmental effects in humans and 
were explored using regression analyses.

EUPDB
Category 1B (H360D, H360F, 
H360Df, H360FD, H360Fd)
Presumed human reproductive 
toxicant (evidence from animal 
studies) 

PPDB
Yes, known to cause a problem in 
reproduction and/or development

Asulam Glufosinate-ammo-
nium

Carbetamide Linuron

Cyproconazole Propiconazole

Epoxiconazole Thiacloprid

Fluroxypyr-meptyl Triadimenol

Glufosinate Vinclozolin

EUPDB
Category 2 (H361d, H361f, H361fd)
Suspected human reproductive 
toxicant (some evidence from hu-
man and/or animal studies) 

PPDB
Possibly capable of causing a 
problem in reproduction and/or 
development, status not identified 

Abamectin Ioxynil octanoate Tembotrione

Amitrole Mancozeb Tepraloxydim

Benthiavalicarb 
isopropyl

Maneb Triflusulfuron-methyl

Cycloxydim Penconazole

Cymoxanil Spirodiclofen

Fenpropimorph Spirotetramat

Fluazifop-p-butyl Sulcotrione

Fluazinam Tebuconazole

EUPDB
Not classified as reproductive tox-
icant

PPDB
Known not to cause a problem

2,4-D Dimethoate Iodosulfuron-me-
thyl-sodium

Prochloraz

Acetamiprid Dimethomorph Iprodione Procymidone

Aclonifen Diquat Isoproturon Propamocarb

Azoxystrobin Dithianon Kresoxim-methyl Propyzamide

Bentazone Dodine lambda-Cyhalothrin Prosulfocarb

Bifenazate Emamectin benzoate Mandipropamid Prothioconazole

Bifenox Esfenvalerate MCPA Pymetrozine

Bitertanol Ethofumesate Mecoprop-P Pyraclostrobin

Bixafen Fenamidone Mepanipyrim Pyridate

Boscalid Fenhexamid Mesosulfuron-methyl Pyrimethanil

Bupirimate Fenoxycarb Mesotrione Pyroxsulam

Captan Fenpropidin Metalaxyl-M Quinoclamine

Chlorantraniliprole Flonicamid Metamitron Quizalofop-P-ethyl

Chloridazon Florasulam Metazachlor Rimsulfuron

Chlorothalonil Fludioxonil Methiocarb S-Metolachlor

Chlorpropham Fluopicolide Methoxyfenozide Spinosad

Clomazone Fluoxastrobin Metiram Sulphur

Clopyralid Fluroxypyr Metoxuron Tebufenpyrad

Copper oxychloride Folpet Metribuzin Teflubenzuron

Reproduction and/or 
development effects Active ingredients
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Table 1: Active ingredients included in the study (n=139). The first 12 active ingredients 
have evidence of adverse reproductive and/or developmental effects in humans and 
were explored using regression analyses. (cont.)

EUPDB
Not classified as reproductive tox-
icant

PPDB
Known not to cause a problem

Cyazofamid Foramsulfuron Metsulfuron-methyl Terbuthylazine

Cydia pomonella 
granulovirus

Fosetyl Nicosulfuron Thiamethoxam

Cyprodinil Fosetyl-aluminium Pencycuron Thiophanate-methyl

Deltamethrin Glyphosate Pendimethalin Thiram

Desmedipham Haloxyfop-p-methyl Phenmedipham Tolclofos-methyl

Dicamba Imazalil Picoxystrobin Topramezone

Difenoconazole Imidacloprid Pirimicarb Tri-allate

Dimethenamid-P Indoxacarb Pirimiphos-methyl Trifloxystrobin

Reproduction and/or 
development effects Active ingredients

EUPDB = European Union Pesticide Database
PPDB = Pesticide Properties Database
Classification (Reg. 1272/2008):
	 H360D = May damage the unborn child.
	 H360Df = May damage the unborn child. Suspected of damaging fertility.
	 H360FD = May damage fertility. May damage the unborn child.
	 H361f = Suspected of damaging fertility.
	 H361d = Suspected of damaging the unborn child.
	 H361fd = Suspected of damaging fertility. Suspected of damaging the unborn child.

Table 2: Demographic characteristics of the study population (before imputation).

Study Population
(n =339,947)

PREGNANCY OUTCOMES

  Gestational age (days) [mean±sd] 276.2±14.1

  Birth weight (g) [mean±sd] 3,460.5±589.3

  Perinatal mortality [n (%)] 2,926 (0.9)

  Infant sex (boys) [n (%)] 174,373 (51.3)

  Premature babies (<37 weeks) [n (%)] 20,792 (6.1)

  Low birth weight [n (%)] 15,738 (4.6)

  Small for gestational age [n (%)] 32,951 (9.7)

  Large for gestational age [n (%)] 35,141 (10.3)

INDIVIDUAL COVARIATES

Parity

    1 [n (%)] 147,231 (43.3)

    ≥2 [n (%)] 192,716 (56.7)
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n = number of observations, sd = standard deviation

Study Population
(n =339,947)

Migration background

    Dutch [n (%)] 288,446 (84.9)

    Non-Dutch, western [n (%)] 27,597 (8.1)

    Non-western [n (%)] 23,904 (7.0)

Maternal age at delivery

    17-19 [n (%)] 3,158 (0.9)

    20-29 [n (%)] 138,841 (40.8)

    30-34 [n (%)] 129,847 (38.2)

    35-40 [n (%)] 57,877 (17.0)

    ≥40 [n (%)] 10,224 (3.0)

Maternal education level

    Low [n (%)] 7,164 (2.1)

    Medium [n (%)] 125,446 (36.9)

    High [n (%)] 111,824 (32.9)

    Missing [n (%)] 95,513 (28.1)

Household income (quintiles)

    1st quintile  [n (%)] 49,741 (14.6)

    2nd quintile  [n (%)] 64,929 (19.1)

    3rd quintile  [n (%)] 91,518 (26.9)

    4th quintile  [n (%)] 80,799 (23.8)

    5th quintile  [n (%)] 49,444 (14.5)

    Missing  [n (%)] 3,516 (1.0)

Marital status

    Married/living together [n (%)] 210,795 (62.0)

    Single/divorced/widowed [n (%)] 129,,152 (38.0)

Mother’s job status

    Employed  [n (%)] 277,110 (81.5)

    Unemployed  [n (%)] 62,837 (18.5)

COUNTRY/NEIGHBORHOOD LEVEL COVARIATES

Year of birth

    2009 [n (%)] 19,764 (5.8)

    2010 [n (%)] 83,687 (24.6)

    2011 [n (%)] 82,032 (24.1)

    2012 [n (%)] 79,072 (23.3)

    2013 [n (%)] 75,392 (22.2)

Urbanization degree

    1000-1500 addresses per km² [n (%)] 129,313 (38.0)

    500-1000 addresses per km² [n (%)] 113,692 (33.4)

    ≤500 addresses per km² [n (%)] 96,934 (28.5)

    Missing [n (%)] 8 (0.0)
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Table 3: Results of the regression analysis on the 12 a priori selected active ingredients.

Asulamaa Gestational age β = 0.74 (-1.97, 3.46) β = -0.00 (-0.57, 
0.57)

β = 2.2e-03 (-0.09, 
0.09)

β = 0.03 (0.01, 0.04)

Birth weight β = -94.30 (-176.06, 
-12.53)

β = -25.20 (-42.41, 
-7.99)

β = -2.01 (-4.74, 0.71) β = 0.85 (0.45, 1.24)

Perinatal mortality OR = 0.82 (0.01, 
52.50)

OR = 0.91 (0.41, 2.03) OR = 0.95 (0.84, 
1.07)

OR = 0.98 (0.96, 
1.00)

Child’s sex OR = 0.74 (0.50, 
1.09)

OR = 0.95 (0.87, 
1.03)

OR = 1.00 (0.99, 
1.01)

OR = 1.00 (1.00, 
1.00)

Prematurity OR = 0.67 (0.24, 
1.86)

OR = 0.96 (0.79, 1.17) OR = 0.99 (0.96, 
1.02)

OR = 1.00 (0.99, 
1.00)

Low birth weight OR = 1.51 (0.25, 
9.04)

OR = 1.15 (0.80, 1.66) OR = 1.01 (0.95, 
1.06)

OR = 0.99 (0.99, 
1.00)

Large for gestational age OR = 0.57 (0.31, 
1.06)

OR = 0.90 (0.80, 
1.02)

OR = 0.99 (0.98, 
1.01)

OR = 1.00 (1.00, 1.01)

Small for gestational age OR = 0.93 (0.41, 
2.11)

OR = 1.01 (0.86, 1.19) OR = 1.00 (0.97, 
1.03)

OR = 0.99 (0.99, 
1.00)

Carbetamideb Gestational age β = 0.68 (-6.15, 
7.50)

β = -0.21 (-1.52, 1.09) β = -0.05 (-0.25, 
0.15)

β = 0.02 (-0.02, 
0.06)

Birth weight β = 40.52 (-164.79, 
245.83)

β = -6.48 (-45.71, 
32.75)

β = -3.65 (-9.55, 
2.25)

β = -1.55 (-2.68, 
-0.41)

Perinatal mortality OR = 0.04 (9.8e-06, 
199.06)

OR = 0.53 (0.11, 2.43) OR = 0.82 (0.65, 
1.02)

OR = 0.98 (0.94, 
1.02)

Child’s sex OR = 1.15 (0.44, 
3.05)

OR = 1.10 (0.91, 1.32) OR = 1.01 (0.99, 
1.04)

OR = 1.00 (0.99, 
1.00)

Prematurity OR = 1.19 (0.14, 
10.06)

OR = 1.20 (0.81, 1.77) OR = 1.04 (0.98, 
1.10)

OR = 1.00 (0.99, 
1.01)

Low birth weight OR = 1.45 (0.04, 
50.60)

OR = 0.96 (0.49, 
1.88)

OR = 0.94 (0.85, 
1.05)

OR = 0.99 (0.97, 1.01)

Large for gestational age OR = 0.97 (0.22, 
4.33)

OR = 0.94 (0.70, 
1.26)

OR = 0.98 (0.93, 
1.02)

OR = 0.99 (0.98, 
1.00)

Small for gestational age OR = 1.81 (0.35, 
9.27)

OR = 1.20 (0.88, 
1.64)

OR = 1.02 (0.97, 
1.07)

OR = 1.00 (0.99, 
1.01)

Cyproconazoleb Gestational age β = -22.97 (-280.15, 
234.21)

β = 17.86 (-30.49, 
66.21)

β = 0.66 (-6.56, 7.87) β = -1.84 (-3.57, -0.11)

Birth weight β = 4.3e+03 
(-3447.78, 1.2e+04)

β = 1.5e+03 (29.63, 
2.9e+03)

β = 394.08 (176.91, 
611.26)

β = -46.49 (-98.66, 
5.68)

Perinatal mortality OR = 2.0e-81 (7.4e-
206, 5.4e+43)

OR = 2.0e-14 (2.1e-
36, 2.0e+08)

OR = 0.05 (3.5e-05, 
82.77)

OR = 0.27 (0.05, 
1.49)

Child’s sex OR = 191.80 (2.5e-
14, 1.5e+18)

OR = 0.45 (4.6e-04, 
437.60)

OR = 1.03 (0.37, 
2.88)

OR = 1.00 (0.78, 
1.27)

Prematurity OR = 6.5e+19 (1.2e-
13, 3.4e+52)

OR = 5.42 (2.6e-06, 
1.1e+07)

OR = 0.79 (0.09, 
7.17)

OR = 1.05 (0.62, 
1.75)

Low birth weight OR = 5.1e+05 (4.8e-
51, 5.3e+61)

OR = 7.7e+03 (1.5e-
07, 3.9e+14)

OR = 0.08 (1.7e-03, 
3.82)

OR = 0.87 (0.37, 
2.04)

Large for gestational age OR = 8.0e+20 (1.7e-
04, 3.8e+45)

OR = 173.54 (2.8e-
03, 1.1e+07)

OR = 7.03 (1.38, 
35.85)

OR = 0.69 (0.46, 
1.05)

Small for gestational age OR = 4.1e-10 (2.9e-
39, 5.7e+19)

OR = 2.6e-06 (6.3e-
12, 1.06)

OR = 0.08 (0.01, 
0.51)

OR = 0.82 (0.54, 
1.24)

Active 
ingredient (AI) Outcome

Buffer size

50m 100m 250m 500m
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Active 
ingredient (AI) Outcome

Buffer size

50m 100m 250m 500m

Epoxiconazoleb Gestational age β = 36.13 (-6.75, 
79.01)

β = 2.75 (-5.55, 11.04) β = 0.72 (-0.54, 1.98) β = 0.05 (-0.16, 0.26)

Birth weight β = 76.02 (-1214.41, 
1.4e+03)

β = -47.86 (-297.55, 
201.82)

β = -13.85 (-51.81, 
24.10)

β = -5.61 (-11.91, 
0.69)

Perinatal mortality OR = 3.9e+07 
(2.0e-09, 7.7e+23)

OR = 39.10 (0.02, 
9.3e+04)

OR = 1.10 (0.32, 
3.80)

OR = 1.09 (0.89, 
1.33)

Child’s sex OR = 0.45 (1.0e-03, 
200.74)

OR = 1.11 (0.34, 3.60) OR = 0.99 (0.83, 
1.18)

OR = 1.00 (0.97, 
1.03)

Prematurity OR = 1.8e-04 (1.5e-
10, 226.44)

OR = 0.67 (0.05, 
8.90)

OR = 0.84 (0.57, 
1.24)

OR = 1.03 (0.97, 1.09)

Low birth weight OR = 0.43 (2.0e-11, 
9.3e+09)

OR = 0.24 (2.5e-03, 
22.40)

OR = 0.63 (0.32, 
1.25)

OR = 0.95 (0.85, 
1.06)

Large for gestational age OR = 0.04 (1.7e-06, 
975.37)

OR = 0.72 (0.11, 4.94) OR = 1.04 (0.78, 
1.39)

OR = 1.00 (0.95, 
1.05)

Small for gestational age OR = 0.02 (4.2e-07, 
716.07)

OR = 0.74 (0.09, 
5.80)

OR = 1.02 (0.75, 
1.38)

OR = 1.06 (1.01, 1.11)

Fluroxypyr_
meptylb

Gestational age β = 9.48 (-10.99, 
29.95)

β = 4.96 (0.89, 9.03) β = 0.87 (0.22, 1.52) β = 0.06 (-0.06, 0.19)

Birth weight β = 445.85 (-170.30, 
1.1e+03)

β = 142.72 (20.09, 
265.36)

β = 36.19 (16.59, 
55.79)

β = -1.48 (-5.28, 2.31)

Perinatal mortality OR = 2.39 (4.4e-09, 
1.3e+09)

OR = 0.20 (2.9e-03, 
13.45)

OR = 0.91 (0.47, 1.76) OR = 1.03 (0.91, 1.16)

Child’s sex OR = 0.17 (9.1e-03, 
3.11)

OR = 0.66 (0.37, 1.18) OR = 0.98 (0.89, 
1.07)

OR = 1.00 (0.99, 
1.02)

Prematurity OR = 0.23 (3.6e-04, 
143.16)

OR = 0.45 (0.12, 1.61) OR = 0.84 (0.68, 
1.02)

OR = 0.96 (0.93, 
1.00)

Low birth weight OR = 0.07 (1.7e-06, 
2.8e+03)

OR = 0.36 (0.04, 
2.94)

OR = 0.89 (0.63, 
1.24)

OR = 1.01 (0.95, 
1.08)

Large for gestational age OR = 1.76 (0.02, 
200.58)

OR = 1.37 (0.54, 3.49) OR = 1.10 (0.95, 
1.28)

OR = 0.98 (0.95, 
1.01)

Small for gestational age OR = 1.60 (0.01, 
254.46)

OR = 0.56 (0.20, 
1.56)

OR = 0.88 (0.75, 
1.03)

OR = 1.00 (0.97, 
1.03)

Glufosinateb Gestational age β = -2.92 (-36.39, 
30.54)

β = 2.47 (-4.83, 9.77) β = 0.08 (-1.12, 1.27) β = 0.31 (0.09, 0.53)

Birth weight β = -360.66 
(-1368.05, 646.73)

β = -16.49 (-236.35, 
203.38)

β = -9.25 (-45.17, 
26.66)

β = -2.97 (-9.51, 3.58)

Perinatal mortality OR = 1.8e+13 
(3.9e+03, 8.2e+22)

OR = 1.1e+03 (3.99, 
3.2e+05)

OR = 1.20 (0.34, 
4.16)

OR = 0.93 (0.73, 1.19)

Child’s sex OR = 1.64 (0.01, 
192.22)

OR = 0.75 (0.27, 2.13) OR = 0.82 (0.69, 
0.97)

OR = 0.99 (0.96, 
1.02)

Prematurity OR = 1.62 (9.8e-06, 
2.7e+05)

OR = 0.25 (0.02, 
3.56)

OR = 0.83 (0.56, 
1.21)

OR = 0.90 (0.84, 
0.97)

Low birth weight OR = 2.4e-13 (4.9e-
25, 0.12)

OR = 1.6e-03 (1.2e-
05, 0.22)

OR = 0.87 (0.47, 1.61) OR = 1.00 (0.90, 
1.12)

Large for gestational age OR = 2.6e-03 (6.8e-
07, 9.75)

OR = 0.41 (0.07, 
2.30)

OR = 0.96 (0.73, 
1.27)

OR = 0.96 (0.91, 1.01)

Small for gestational age OR = 2.19 (5.0e-04, 
9.6e+03)

OR = 1.10 (0.18, 6.64) OR = 1.12 (0.84, 
1.48)

OR = 1.02 (0.96, 
1.07)
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Table 3: Results of the regression analysis on the 12 a priori selected active ingredients. 
(cont.)

Active 
ingredient (AI) Outcome

Buffer size

50m 100m 250m 500m

Glufosinate_
ammoniumc

Gestational age β = 11.58 (-5.61, 
28.77)

β = 1.52 (-2.24, 5.28) β = -0.16 (-0.79, 
0.47)

β = 0.23 (0.12, 0.34)

Birth weight β = 165.48 (-351.80, 
682.77)

β = 38.72 (-74.44, 
151.88)

β = -12.70 (-31.66, 
6.26)

β = -5.57 (-8.94, 
-2.19)

Perinatal mortality OR = 0.44 (4.5e-08, 
4.3e+06)

OR = 0.90 (0.02, 
46.39)

OR = 0.91 (0.48, 
1.72)

OR = 0.91 (0.80, 
1.04)

Child’s sex OR = 1.04 (0.09, 
12.04)

OR = 0.88 (0.52, 
1.51)

OR = 1.06 (0.97, 1.16) OR = 1.00 (0.98, 
1.01)

Prematurity OR = 5.8e-03 (8.5e-
06, 4.02)

OR = 0.47 (0.13, 1.75) OR = 1.01 (0.83, 
1.23)

OR = 0.98 (0.94, 
1.01)

Low birth weight OR = 4.1e+04 (8.54, 
1.9e+08)

OR = 18.83 (3.19, 
111.33)

OR = 1.16 (0.85, 1.59) OR = 1.05 (1.00, 1.11)

Large for gestational age OR = 6.91 (0.17, 
287.36)

OR = 1.48 (0.64, 
3.42)

OR = 0.95 (0.82, 
1.10)

OR = 0.97 (0.95, 
1.00)

Small for gestational age OR = 0.03 (2.5e-04, 
2.84)

OR = 0.48 (0.18, 1.29) OR = 1.06 (0.91, 
1.24)

OR = 1.01 (0.99, 1.04)

Linuronb Gestational age β = 4.97 (-2.72, 
12.67)

β = 0.99 (-0.50, 2.48) β = 0.16 (-0.06, 0.39) β = -0.09 (-0.13, 
-0.05)

Birth weight β = 256.85 (25.27, 
488.43)

β = 66.05 (21.12, 
110.98)

β = 13.24 (6.43, 
20.04)

β = 2.54 (1.25, 3.84)

Perinatal mortality OR = 1.61 (1.1e-03, 
2.4e+03)

OR = 1.06 (0.27, 4.19) OR = 1.03 (0.84, 
1.27)

OR = 1.00 (0.96, 
1.04)

Child’s sex OR = 0.66 (0.22, 
1.99)

OR = 0.90 (0.73, 1.12) OR = 1.00 (0.96, 
1.03)

OR = 1.00 (1.00, 1.01)

Prematurity OR = 0.41 (0.04, 
4.53)

OR = 0.85 (0.54, 
1.34)

OR = 0.98 (0.91, 
1.04)

OR = 1.01 (1.00, 1.02)

Low birth weight OR = 0.04 (5.1e-04, 
3.02)

OR = 0.60 (0.27, 
1.35)

OR = 0.95 (0.85, 
1.07)

OR = 1.00 (0.98, 
1.02)

Large for gestational age OR = 4.19 (0.80, 
22.13)

OR = 1.43 (1.03, 1.98) OR = 1.07 (1.02, 1.13) OR = 1.01 (1.00, 1.02)

Small for gestational age OR = 0.95 (0.14, 
6.46)

OR = 0.94 (0.64, 
1.36)

OR = 0.95 (0.90, 
1.00)

OR = 0.99 (0.98, 
1.01)

Propiconazoleb Gestational age β = 4.60 (-15.38, 
24.59)

β = 1.59 (-2.81, 5.98) β = 0.11 (-0.63, 0.84) β = 0.06 (-0.08, 0.19)

Birth weight β = 207.34 (-394.19, 
808.87)

β = 31.87 (-100.39, 
164.12)

β = -17.94 (-40.18, 
4.29)

β = -5.61 (-9.72, 
-1.50)

Perinatal mortality OR = 22.65 (2.4e-
08, 2.1e+10)

OR = 17.32 (0.24, 
1.2e+03)

OR = 1.86 (0.89, 
3.89)

OR = 0.90 (0.77, 
1.06)

Child’s sex OR = 3.79 (0.22, 
65.29)

OR = 1.29 (0.69, 
2.42)

OR = 1.12 (1.01, 1.25) OR = 0.99 (0.97, 1.01)

Prematurity OR = 0.12 (7.0e-05, 
222.08)

OR = 0.51 (0.11, 2.26) OR = 0.97 (0.77, 1.21) OR = 1.00 (0.96, 
1.04)

Low birth weight OR = 1.3e+04 (0.15, 
1.1e+09)

OR = 3.26 (0.37, 
28.38)

OR = 0.90 (0.63, 
1.30)

OR = 1.03 (0.97, 1.10)

Large for gestational age OR = 11.76 (0.13, 
1.0e+03)

OR = 1.31 (0.48, 3.57) OR = 0.90 (0.76, 
1.08)

OR = 0.95 (0.92, 
0.98)

Small for gestational age OR = 0.18 (8.7e-04, 
35.30)

OR = 0.61 (0.20, 1.87) OR = 1.00 (0.84, 
1.19)

OR = 1.00 (0.97, 
1.03)
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Active 
ingredient (AI) Outcome

Buffer size

50m 100m 250m 500m

Thiaclopridd Gestational age β = 3.91 (-19.16, 
26.98)

β = -0.07 (-4.61, 4.47) β = -0.09 (-0.78, 
0.60)

β = 0.15 (0.04, 0.27)

Birth weight β = -93.41 (-788.02, 
601.20)

β = -39.31 (-176.07, 
97.45)

β = -10.28 (-31.03, 
10.48)

β = 1.07 (-2.31, 4.45)

Perinatal mortality OR = 1.9e-07 (5.1e-
21, 7.1e+06)

OR = 0.01 (2.6e-05, 
3.86)

OR = 0.39 (0.17, 
0.88)

OR = 0.89 (0.78, 
1.02)

Child’s sex OR = 0.17 (6.2e-03, 
4.51)

OR = 0.82 (0.43, 
1.56)

OR = 1.01 (0.91, 1.11) OR = 1.00 (0.98, 
1.01)

Prematurity OR = 0.43 (2.4e-04, 
759.17)

OR = 1.48 (0.37, 5.97) OR = 1.11 (0.90, 1.37) OR = 0.98 (0.94, 
1.01)

Low birth weight OR = 0.12 (2.0e-07, 
7.5e+04)

OR = 1.14 (0.10, 
13.36)

OR = 0.95 (0.66, 
1.35)

OR = 1.00 (0.94, 
1.05)

Large for gestational age OR = 0.13 (7.3e-04, 
22.34)

OR = 0.75 (0.27, 
2.08)

OR = 0.95 (0.81, 1.11) OR = 0.99 (0.97, 
1.02)

Small for gestational age OR = 0.66 (1.7e-03, 
254.20)

OR = 1.10 (0.34, 3.50) OR = 0.96 (0.80, 
1.14)

OR = 0.97 (0.94, 
0.99)

Triadimenolb Gestational age β = 15.92 (-44.33, 
76.16)

β = -2.48 (-15.61, 
10.66)

β = -1.05 (-3.16, 1.06) β = 0.37 (-0.01, 0.75)

Birth weight β = 103.29 (-1710.01, 
1.9e+03)

β = 39.86 (-355.48, 
435.20)

β = 17.97 (-45.55, 
81.49)

β = -9.01 (-20.41, 
2.38)

Perinatal mortality OR = 4.9e-10 (2.9e-
32, 8.4e+12)

OR = 1.8e-04 (2.2e-
09, 15.25)

OR = 0.21 (0.03, 
1.67)

OR = 0.87 (0.59, 
1.28)

Child’s sex OR = 0.02 (3.2e-06, 
93.12)

OR = 0.35 (0.05, 
2.26)

OR = 0.79 (0.59, 
1.07)

OR = 1.02 (0.97, 
1.08)

Prematurity OR = 6.4e-06 (3.8e-
15, 1.1e+04)

OR = 0.65 (9.3e-03, 
45.30)

OR = 1.24 (0.65, 
2.35)

OR = 0.99 (0.88, 1.11)

Low birth weight OR = 0.05 (6.0e-20, 
4.8e+16)

OR = 190.83 (0.17, 
2.1e+05)

OR = 2.45 (0.88, 
6.79)

OR = 1.08 (0.89, 
1.30)

Large for gestational age OR = 0.61 (3.4e-07, 
1.1e+06)

OR = 1.47 (0.07, 
30.47)

OR = 1.14 (0.70, 1.85) OR = 1.01 (0.93, 1.10)

Small for gestational age OR = 1.3e-03 (3.8e-
10, 4.2e+03)

OR = 0.65 (0.03, 
14.89)

OR = 1.37 (0.84, 
2.23)

OR = 1.11 (1.02, 1.21)

Vinclozolinb Gestational age β = 486.69 
(-560.90, 1.5e+03)

β = 38.81 (-184.54, 
262.16)

β = 7.05 (-28.80, 
42.90)

β = 8.40 (3.12, 13.67)

Birth weight β = -2.7e+04 
(-5.9e+04, 4.3e+03)

β = -8.0e+03 
(-1.5Ee+04, -1.3e+03)

β = -484.91 
(-1.6e+03, 594.32)

β = 257.78 (99.19, 
416.37)

Perinatal mortality OR = 8.1e+178 
(2.8e-287, Inf)

OR = 4.9e+38 (4.2e-
70, 5.7e+146)

OR = 5.2e-04 (1.9e-
26, 1.4e+19)

OR = 6.1e-05 (3.9e-
09, 0.95)

Child’s sex OR = 6.9e-16 (1.2e-
80, 4.1e+49)

OR = 4.03 (6.5e-14, 
2.5e+14)

OR = 30.32 (0.18, 
5.0e+03)

OR = 1.49 (0.70, 3.15)

Prematurity OR = 3.8e-88 (2.8e-
292, 5.1e+116)

OR = 1.7e-14 (6.1e-52, 
4.9e+23)

OR = 1.4e-03 (4.6e-
09, 404.35)

OR = 0.15 (0.02, 
0.96)

Low birth weight OR = 3.0e+185 
(7.8e-87, Inf)

OR = 5.8e+27 (3.0e-
37, 1.1e+92)

OR = 3.3e-04 (2.7e-
15, 4.1e+07)

OR = 0.02 (8.4e-04, 
0.64)

Large for gestational age OR = 4.3e-65 (2.8e-
164, 6.6e+34)

OR = 7.5e-15 (1.2e-
35, 4.6e+06)

OR = 0.09 (5.5e-05, 
158.84)

OR = 3.49 (1.23, 
9.90)

Small for gestational age OR = 1.9e-05 (1.7e-
137, 2.0e+127)

OR = 1.9e+03 (2.8e-
24, 1.3e+30)

OR = 9.34 (5.8e-04, 
1.5e+05)

OR = 0.21 (0.05, 
0.96)
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The referent (“unexposed”) group in all models was mothers with zero kilogram of specific AI within 500m of their residences.

AIs included in the models (assuring that the correlations between the AIs included in the models was <0.70):
a	 asulam, carbetamide, cyproconazole, epoxiconazole, glufosinate, linuron, fluroxypyr-meptyl, propiconazole and triadimenol
b	 carbetamide, cyproconazole, epoxiconazole, glufosinate, linuron, fluroxypyr-meptyl, propiconazole, triadimenol and 

vinclozolin
c	 carbetamide, cyproconazole, epoxiconazole, glufosinate, linuron, fluroxypyr_meptyl, glufosinate-ammonium and vinclozolin
d	 cyproconazole, epoxiconazole, glufosinate, linuron, fluroxypyr-meptyl, propiconazole, thiacloprid, triadimenol and 

vinclozolin

All models were further adjusted for the amount of AI used in the area up to 500m (“complimentary donut”), gestational 
age (when gestational age or prematurity were not the outcomes), sex of the baby (when child’s sex was not the outcome), 
parity, household income, mother’s education, mother’s marital status, mother’s origin, mother’s age at birth, mother’s job 
status, urbanization degree and year of birth.
NA = not computed because there were <10 exposed cases.

All models were adjusted for gestational age (when gestational age or prematurity were not the outcomes), sex of the baby 
(when child’s sex was not the outcome), parity, household income, mother’s education, mother’s marital status, mother’s 
origin, mother’s age at birth, mother’s job status, urbanization degree and year of birth. Models were further adjusted for 
the amount of AIs used in the area up to 500m (“complimentary donut”). Finally, models were adjusted for AIs (and their 
complementary donuts) for which evidence for an association was determined in the  previous (linear regression) analyses: 
a	 fluroxypyr-meptyl and vinclozolin, 
b	 linuron, 
c	 thiachloprid and 
d	 glufosinate-ammonium

Table 4: Results of the variable selection models.

Pool of AIs

Pool of AIs

Buffer

Buffer

Gestational 
agea

Prematurity

Birth 
weightb

Low 
birth 

weightd

Child’s 
sex

Large for 
gestational 

ageb

Perinatal 
mortalityc

Small for 
gestational 

age

azoxystrobin, boscalid, clopyralid, cymoxanil, dimethoate, 
diquat, phenmedipham, fenpropimorph, flonicamid, 
fluroxypyr, fosetyl, haloxyfop_p-methyl, imidacloprid, 
copper oxychloride, kresoxim_methyl, mancozeb, mcpa, 
mecoprop_p, metamitron, metiram, metribuzin, met-
sulfuron_methyl, pirimicarb, prosulfocarb, pyraclostrob-
in, quinoclamine, rimsulfuron, spinosad, sulcotrione, 
tebufenpyrad, teflubenzuron, thiophanate_methyl, 
tolclofos_methyl, topramezone, trifloxystrobin, triflusulfu-
ron_methyl, aclonifen, emamectin benzoate, fenamidone, 
fenpropidin, penconazole, pyroxsulam, tembotrione, 
thiamethoxam, thiram, sulphur

50m diquat
emamectin 
benzoate

diquat diquat
picoxystrobin

100m copper oxy-
chloride

picoxystrobin

250m fenpropidin diquat
tebufenpyrad

picoxystrobin

500m rimsulfuron, 
sulcotrione

tolclofos-me-
thyl

sulcotrione

azoxystrobin, boscalid, clopyralid, cymoxanil, dimethoate, 
diquat, phenmedipham, fenpropimorph, flonicamid, 
fluroxypyr, fosetyl, haloxyfop_p-methyl, imidacloprid, 
copper oxychloride, kresoxim_methyl, mancozeb, mcpa, 
mecoprop_p, metamitron, metiram, metribuzin, met-
sulfuron_methyl, pirimicarb, prosulfocarb, pyraclostrob-
in, quinoclamine, rimsulfuron, spinosad, sulcotrione, 
tebufenpyrad, teflubenzuron, thiophanate_methyl, 
tolclofos_methyl, topramezone, trifloxystrobin, triflusulfu-
ron_methyl, aclonifen, emamectin benzoate, fenamidone, 
fenpropidin, penconazole, pyroxsulam, tembotrione, 
thiamethoxam, thiram, sulphur

50m diquat
metiram

picoxystrobin

picoxystrobin diquat

100m tebufenpyrad picoxystrobin copper oxy-
chloride

250m triflusulfu-
ron-methyl
pyroxsulam

picoxystrobin, 
fenpropidin

triflusulfu-
ron-methyl

500m rimsulfuron sulcotrione prosulfocarb
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Table 5: Results of the regression analyses on the associations between picoxystrobin 
and the birth outcomes large for gestational age and perinatal mortality.

Active 
ingredient (AI)

Buffer
size

Large for 
gestational age

Perinatal 
mortality

Picoxystrobin

50m OR =  1.4e+54 (3.0e-05, 6.7e+112) OR =  1.3e+30 (6.1e-171, 3.0e+230)

100m OR =  2.7e+19 (1.8e+08, 4.2e+30) OR =  6.7e+05 (5.5e-38, 8.1e+48)

250m OR =  325.52 (3.62, 2.9e+04) OR =  1.0e+06 (0.12, 8.1e+12)

500m OR =  2.03 (0.74, 5.55) OR =  4.57 (0.07, 292.54)

Table 6: Results of the sensitivity analyses performed on the associations that were 
considered findings.

Fluroxypyr-
meptyl
~
Gestational age

Main analysis β = 9.48 (-10.99, 29.95) β = 4.96 (0.89, 9.03) β = 0.87 (0.22, 1.52) β = 0.06 (-0.06, 0.19)

(2) Excl. mothers in Agric. β = 11.45 (-9.31, 32.22) β = 4.36 (0.24, 8.49) β = 0.59 (-0.07, 1.24) β = 0.04 (-0.09, 0.16)

(3) Excl. mothers & fathers 
in Agric.

β = 9.51 (-13.12, 32.14) β = 3.34 (-1.14, 7.82) β = 0.35 (-0.35, 1.05) β = 2.5e-03 (-0.13, 0.14)

(4) Rural areas β = 7.91 (-12.99, 28.82) β = 4.75 (0.56, 8.93) β = 0.96 (0.28, 1.64) β = 0.10 (-0.04, 0.23)

(5) Autochthonous mothers β = 16.73 (-4.40, 37.86) β = 5.68 (1.47, 9.90) β = 0.81 (0.14, 1.49) β = 0.06 (-0.07, 0.20)

(6) Complete case analysis β = 6.99 (-17.62, 31.60) β = 3.41 (-1.44, 8.25) β = 0.50 (-0.27, 1.27) β = 2.1e-03 (-0.15, 0.15)

(7) No address change β = 8.30 (-13.06, 29.66) β = 4.10 (-0.14, 8.33) β = 0.88 (0.21, 1.56) β = 0.08 (-0.05, 0.21)

Glufosinate-
ammonium
~ 
Low birth 
weight

Main analysis OR = 4.1e+04 (8.54, 1.9e+08) OR = 18.83 (3.19, 111.33) OR = 1.16 (0.85, 1.59) OR = 1.05 (1.00, 1.11)

(1) Without GA OR = 3.21 (4.2e-03, 2.47e+03) OR = 2.26 (0.61, 8.46) OR = 1.12 (0.89, 1.38) OR = 1.01 (0.97, 1.05)

(2) Excl. mothers in Agric. OR = 4.7e+04 (5.70, 4.0e+08) OR = 20.88 (3.24, 134.65) OR = 1.14 (0.82, 1.59) OR = 1.06 (1.00, 1.12)

(3) Excl. mothers & fathers 
in Agric.

OR = 2.1e+06 (85.82, 5.2e+10) OR = 34.82 (4.27, 284.15) OR = 1.14 (0.79, 1.63) OR = 1.05 (0.98, 1.11)

(4) Rural areas OR = 1.3e+04 (2.04, 8.1e+07) OR = 16.39 (2.61, 103.16) OR = 1.12 (0.81, 1.56) OR = 1.06 (1.00, 1.12)

(5) Autochthonous mothers OR = 1.9e+04 (2.42, 1.6e+08) OR = 16.50 (2.56, 106.49) OR = 1.16 (0.84, 1.62) OR = 1.06 (1.00, 1.12)

(6) Complete case analysis OR = 5.0e+05 (4.17, 1.4e+10) OR = 45.20 (4.44, 377.76) OR = 1.20 (0.80, 1.75) OR = 1.01 (0.94, 1.08)

(7) No address change OR = 2.1e+04 (3.33, 1.3e+08) OR = 13.31 (1.97, 89.84) OR = 1.07 (0.77, 1.49) OR = 1.05 (0.99, 1.11)

Linuron 
~
Birth weight

Main analysis β = 256.85 (25.27, 488.43) β = 66.05 (21.12, 110.98) β = 13.24 (6.43, 20.04) β = 2.54 (1.25, 3.84)

(1) Without GA β = 393.21 (79.97, 706.45) β = 93.16 (32.39, 153.95) β = 17.70 (8.50, 26.91) β = 0.10 (-1.65, 1.85)

(2) Excl. mothers in Agric. β = 249.22 (6.51, 491.92) β = 58.23 (11.19, 105.28) β = 11.25 (4.18, 18.32) β = 2.80 (1.45, 4.14)

(3) Excl. mothers & fathers 
in Agric.

β = 196.67 (-70.64, 463.98) β = 55.58 (4.09, 107.07) β = 10.99 (3.40, 18.58) β = 2.67 (1.25, 4.09)

(4) Rural areas β = 241.37 (6.84, 475.90) β = 67.66 (21.90, 113.42) β = 13.87 (6.85, 20.89) β = 2.72 (1.37, 4.07)

(5) Autochthonous mothers β = 280.80 (40.87, 520.74) β = 69.05 (22.31, 115.79) β = 12.94 (5.82, 20.06) β = 2.75 (1.39, 4.11)

(6) Complete case analysis β = 317.46 (45.82, 589.11) β = 62.01 (9.14, 114.89) β = 14.51 (6.58, 22.43) β = 2.74 (1.25, 4.24)

(7) No address change β = 185.05 (-55.77, 425.87) β = 56.02 (9.42, 102.62) β = 12.12 (5.07, 19.16) β = 2.45 (1.10, 3.79)

Analysis 50m 100m 250m 500m
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Table 6: Results of the sensitivity analyses performed on the associations that were 
considered findings. (cont.)

Linuron 
~
Large for 
gestational 
age

Main analysis OR = 4.19 (0.80, 22.13) OR = 1.43 (1.03, 1.98) OR = 1.07 (1.02, 1.13) OR = 1.01 (1.00, 1.02)

(1) Without GA OR = 4.23 (0. 08, 22.32) OR = 1.43 (1.03, 1.98) OR = 1.07 (1.02, 1.13) OR = 1.01 (1.00, 1.02)

(2) Excl. mothers in Agric. OR = 2.94 (0.50, 17.17) OR = 1.36 (0.96, 1.92) OR = 1.06 (1.01, 1.12) OR = 1.02 (1.01, 1.03)

(3) Excl. mothers & fathers 
in Agric.

OR = 1.58 (0.21, 11.66) OR = 1.25 (0.85, 1.84) OR = 1.05 (0.99, 1.12) OR = 1.02 (1.01, 1.03)

(4) Rural areas OR = 4.36 (0.82, 23.33) OR = 1.45 (1.04, 2.02) OR = 1.07 (1.02, 1.13) OR = 1.02 (1.01, 1.03)

(5) Autochthonous mothers OR = 4.34 (0.77, 24.35) OR = 1.48 (1.05, 2.07) OR = 1.08 (1.02, 1.14) OR = 1.01 (1.00, 1.03)

(6) Complete case analysis OR = 3.77 (0.50, 25.90) OR = 1.32 (0.89, 1.94) OR = 1.08 (1.02, 1.15) OR = 1.02 (1.00, 1.03)

(7) No address change OR = 3.02 (0.53, 17.25) OR = 1.35 (0.96, 1.90) OR = 1.07 (1.01, 1.13) OR = 1.01 (1.00, 1.02)

Picox-
ystrobin
~
Large for 
gestational 
age

Main analysis OR = 1.4e+54 (3.0e-05, 
6.7e+112)

OR = 2.7e+19 (1.8e+08, 
4.2e+30)

OR = 325.52 (3.62, 
2.9e+04)

OR = 2.03 (0.74, 5.55)

(1) Without GA OR = 4.1e+53 (9.2e-06, 
1.9e+112)

OR = 2.0e+19 (1.3e+08, 
3.0e+30)

OR = 3.1e02 (3.55, 
2.8e+04)

OR = 2.02 (0.74, 5.53)

(2) Excl. mothers in Agric. OR = 5.3e+65 (7.2e+06, 
4.0e+124)

OR = 5.4e+20 (1.9e+09, 
1.5e+32)

OR = 478.86 (4.60, 
5.0e+04)

OR = 2.20 (0.77, 6.29)

(3) Excl. mothers & fathers 
in Agric.

OR = 8.8e+61 (1.1e-04, 
7.1e+127)

OR = 5.1e+21 (1.4e+09, 
1.9e+34)

OR = 427.58 (2.98, 6.1e+04) OR = 1.58 (0.51, 4.85)

(4) Rural areas OR = 5.6e+58 (0.08, 
4.0e+118)

OR = 4.0e+18 (1.0e+07, 
1.6e+30)

OR = 159.04 (1.41, 1.8e+04) OR = 1.83 (0.64, 5.22)

(5) Autochthonous mothers OR = 5.4e+50 (2.1e-11, 
1.4e+112)

OR = 1.3e+19 (3.1e+07, 
5.6e+30)

OR = 914.48 (8.35, 1.0e+05) OR = 2.08 (0.71, 6.06)

(6) Complete case analysis OR = 1.2e+109 (1.4e+35, 
5.6e+177)

OR = 4.2e+31 (3.4e+17, 
1.4e+45)

OR = 7.0e+03 (26.14, 
1.5e+06)

OR = 1.62 (0.45, 5.58)

(7) No address change OR = 7.6e+56 (9.8e-04, 
5.9e+116)

OR = 5.7e+19 (2.0e+08, 
1.6e+31)

OR = 404.15 (4.04, 
4.0e+04)

OR = 2.07 (0.73, 5.85)

Thiacloprid
~
Perinatal 
mortality

Main analysis OR = 1.9e-07 (5.1e-21, 
7.1e+06)

OR = 0.01 (2.6e-05, 3.86) OR = 0.39 (0.17, 0.88) OR = 0.89 (0.78, 1.02)

(1) Without GA OR = 1.5e-12 (1.4e-36, 
1.5e12)

OR = 2.2e-05 (9.5e-11, 
4.90)

OR = 0.42 (0.13, 1.35) OR = 0.89 (0.77, 1.03)

(2) Excl. mothers in Agric. OR = 1.6e-08 (4.0e-32, 
5.92e15)

OR = 1.3e-05 (4.8e-12, 
35.99)

OR = 0.24 (0.05, 1.19) OR = 0.89 (0.72, 1.10)

(3) Excl. mothers & fathers 
in Agric.

OR = 2.02e-05 (3.9e-29, 
1.1e19)

OR = 1.5e-04 (20e-11, 
1.1e03)

OR = 0.32 (0.06, 1.80) OR = 0.90 (0.73, 1.12)

(4) Rural areas OR = 1.5e-08 (1.7e-31, 
1.3e15)

OR = 7.2e-06 (7.0e-12, 7.46) OR = 0.23 (0.05, 1.05) OR = 0.91 (0.73, 1.12)

(5) Autochthonous mothers OR = 1.6e-04 (9.7e-26, 
2.6e17)

OR = 1.2e-05 (4.6e-12, 
31.59)

OR = 0.27 (0.06, 1.26) OR = 0.89 (0.71, 1.09)

(6) Complete case analysis OR = 1.3e-08 (4.5e-40, 
1.0e+10)

OR = 1.9e-04 (6.8e-12, 
20.43)

OR = 0.31 (0.05, 1.32) OR = 0.90 (0.69, 1.10)

(7) No address change OR = 5.6e-07 (3.6e-28, 8.2e14) OR = 5.6e-04 (6.1e-09, 51.40) OR = 0.41 (0.11, 1.51) OR = 0.92 (0.76, 1.11)

Vinclozolin 
~
Gestational 
age

Main analysis β = 486.69 (-560.90, 
1.5e+03)

β = 38.81 (-184.54, 262.16) β = 7.05 (-28.80, 42.90) β = 8.40 (3.12, 13.67)

(2) Excl. mothers in Agric. β = 435.12 (-645.44, 
1.5e+03)

β = 50.75 (-177.84, 279.33) β = 9.01 (-27.36, 45.37) β = 7.15 (1.72, 12.58)

(3) Excl. mothers & fathers 
in Agric.

β = 496.50 (-715.14, 1.7e+03) β = 51.89 (-203.85, 307.64) β = 5.87 (-34.23, 45.98) β = 8.63 (2.70, 14.57)

(4) Rural areas β = 457.71 (-653.97, 1.6e+03) β = 7.80 (-231.16, 246.77) β = -7.98 (-47.98, 32.02) β = 8.21 (2.14, 14.28)

(5) Autochthonous mothers β = 448.03 (-624.99, 
1.5e+03)

β = 42.62 (-186.51, 271.75) β = 10.17 (-27.11, 47.46) β = 8.38 (2.82, 13.94)

(6) Complete case analysis β = 98.17 (-1254.22, 1.5e+03) β = -59.18 (-338.74, 220.39) β = 4.19 (-39.82, 48.20) β = 9.62 (3.06, 16.17)

(7) No address change β = 595.72 (-473.14, 1.7e+03) β = 50.02 (-180.01, 280.06) β = 6.30 (-30.91, 43.51) β = 6.40 (0.90, 11.91)

Analysis 50m 100m 250m 500m
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(1)	 Analysis with no adjustment for gestational age (GA) (N=339947)
(2)	 Analysis excluding mothers that worked in agriculture during pregnancy (N=337025)
(3)	 Analysis excluding mothers and fathers that worked in agriculture during pregnancy (N=327654)
(4)	 Analysis restricted to the most rural areas  of the Netherlands (<1000 addresses per km2) (N=210632)
(5)	 Analysis restricted to autochthonous mothers (N=288446)
(6)	 Complete case analysis (N=)
(7)	 Analysis restricted to mothers who did not change address during pregnancy (N=309527) 

Table 7: Results of the additional analysis performed for the findings pertaining AI with 
reported sex-differential effects.

Finding
Buffer
Size

Model with interaction term between 
sex and the AI

Stratified 
analysis by sex

Sex AI (boys)AI AI (girls)Sex: AI

Linuron
~
Birth weight

50m -142.52 (-145.38, 
-139.65)

61.68 (-218.36, 
341.71)

402.32 (77.58, 
727.06)

-50.99 (-379.35, 
277.38)

575.22 (248.55, 
901.89)

100m -142.64 (-145.52, 
-139.76)

32.51 (-20.87, 85.9) 69.40 (9.72, 129.07) 14.18 (-49.42, 77.79) 118.81 (55.32, 
182.30)

250m -142.67 (-145.62, 
-139.72)

10.67 (2.93, 18.4) 5.17 (-2.23, 12.57) 10.88 (1.16, 20.61) 15.40 (5.89, 24.92)

500m -142.97 (-146.04, 
-139.89)

2.00 (0.48, 3.51) 1.13 (-0.50, 2.75) 2.64 (0.81, 4.48) 2.43 (0.61, 4.25)

Linuron
~
Large for gesta-
tional age

50m 1.00 (0.98, 1.03) 1.26 (0.15, 10.21) 10.58 (1.01, 110.61) 0.58 (0.05, 7.10) 26.57 (2.83, 
249.74)

100m 1.00 (0.98, 1.03) 1.20 (0.80, 1.78) 1.43 (0.92, 2.20) 1.14 (0.72, 1.83) 1.78 (1.13, 2.81)

250m 1.00 (0.98, 1.03) 1.06 (1.00, 1.13) 1.01 (0.96, 1.07) 1.08 (1.00, 1.16) 1.06 (0.99, 1.14)

500m 1.00 (0.98, 1.03) 1.01 (1.00, 1.03) 1.00  (0.99, 1.01) 1.01 (1.00, 1.03) 1.02 (1.00, 1.03)

Thiacloprid
~
Perinatal mortality

50m 0.97 (0.88, 1.07) 0.00 (0.00, 
1.20E+06)

4.56E+13 (0.00, 
7.24E+35)

0.00  (0.00, 
4.97E+06)

0.02 (0.00, 
3.93258E+14)

100m 0.97 (0.88, 1.07) 0.00  (0.00, 3.38) 34.19 (0.01, 
131001.18)

0.00  (0.00, 3.33) 0.64 (0.00, 
1895.86)

250m 0.97 (0.89, 1.07) 0.38 (0.15, 0.97) 1.01 (0.38, 2.69) 0.37 (0.12, 1.11) 0.43 (0.12, 1.50)

500m 0.98 (0.89, 1.08) 0.91 (0.78, 1.06) 0.95 (0.78, 1.15) 0.87 (0.72, 1.04) 0.92 (0.76, 1.12)

Vinclozolin ~
Gestational age

50m 0.58 (0.48, 0.67) 290.79 (-1032.48, 
1614.06)

436.18 (-1367.06, 
2239.42)

304.43 (-1150.26, 
1759.12)

728.18 (-786.37, 
2242.74)

100m 0.58 (0.48, 0.67) -20.5 (-298.45, 
257.46)

127.29 (-228.75, 
483.32)

-19.31 (-332.91, 
294.29)

109.35 (-208.87, 
427.57)

250m 0.58 (0.48, 0.67) 3.76 (-38.65, 46.17) 6.64 (-39.11, 52.39) 6.04 (-44.82, 56.91) 8.03 (-42.43, 
58.49)

500m 0.58 (0.48, 0.67) 7.33 (-0.03, 14.69) 2.11 (-8.04, 12.27) 6.66 (-0.94, 14.27) 10.18 (2.87, 17.48)
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Table 8: Additional information on the AIs for which evidence of associations with 
birth outcomes were identified.

Active 
ingredient

Observed 
association

Pesticide 
type

Chemical 
group

Mode 
of action

fluroxypyr-meptyl longer GA Herbicide pyridine compound Root Growth Inhibitor

glufosinate-ammonium increased odds of LBW Herbicide phosphinic acid Glutamine Synthesis 
Inhibitor

linuron higher BW and increased 
odds of LGA

Herbicide urea Photosynthesis Inhibitor 
(Photosystem II)

vinclozolin longer GA Fungicide dicarboximides Osmotic signal trans-
duction, prevents spore 

germination and 
mycelial growth

picoxystrobin higher odds of LGA Fungicide methoxy-acrylates Mitochondrial respiration 
inhibition

1	 Category1B (EU Pesticides Database) = Presumed human reproductive toxicant (evidence from animal studies).

Active 
ingredient

Reproductive/
/Developmental 

effects

Toxicologic/
/experimental 

studies

Current 
approval 

in EU

Correlation >0.80 
with 

other AIs

fluroxypyr-meptyl Category1B classified on PPDB as 
“known to cause a 

problem”, but EFSA’s 
peer-review on its parent 

compound (fluroypyr) 
reports no evidence of 

reproductive or develop-
mental effects

approved florasulam

glufosinate-ammonium Category1B lower fertility, abortions, 
fetus death and prema-

ture deliveries

not approved fenamidone, fosetyl-al, 
acetamiprid, propi-

conazole, penconazole, 
quinoclamine

linuron Category1B1 endocrine disruptor, with 
antiandrogenic effects 

- impaired in male repro-
ductive development

not approved metribuzin

vinclozolin Category1B endocrine disruptor, with 
antiandrogenic effects 

- inhibited male sex 
differentiation

not approved tolclofos-methyl
haloxyfop-p-methyl

picoxystrobin none  - not approved none
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FIGURES

Figure 1: Flow chart of the study population.
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S1 Exposure assessment

Proxies for residential exposure to pesticides were computed based on (1) the types 
of crop cultivation present in the vicinity of residences and (2) the amount of active 
ingredients (AIs) used in those crops.
To determine which crops were located near residences and compute the area of crop 
within buffers around the residences we used the annual Basisregistratie Gewaspercel-
en (BRP) polygon maps from 2009 to 2013. We selected crops based on their contri-
bution to the total agricultural surface area in The Netherlands, and grouped them 
into 12 groups (Table S1.1). By overlaying a point layer pertaining the coordinates of all 
residences in the Netherlands (the Basisregistraties Adressen en Gebouwen, BAG), we 
were able to compute buffers of 50m, 100m, 250m and 500m around the residences 
and extract the area of crop intersecting those buffers.
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Table S1.1: Crops selected for the study and their correspondence to the crops fea-
tured in the Basisregistratie Gewaspercelen (BRP) land use maps and the Farmers’ 
Surveys crops

Study 
Crops

Percentage  
of total 

agricultural 
surface1

BRP crops 
(codes) 

[in Dutch]

Farmers’ 
Surveys 
crops

[in Dutch]

Maize 39.4 Maïs, snij- (259), Maïs, korrel- (316), Maïs, corncob 
mix (317), Maïs, suiker- (814), Maïs, energie- 

(2032)

Snijmais

Cereals 18.2

   Winter wheat 9.5 Tarwe, winter- (233) Wintertarwe

   Summer barley 4.4 Gerst, zomer- (236) Zomergerst

   Summer wheat 2.3 Tarwe, zomer- (234) Zomertarwe

   Other grains2 1.9 Triticale (314), Gerst, winter- (235), Haver (238), 
Rogge (geen snijrogge) (237), Overige granen 

(661), Boekweit (659), Gierst (660)
Graansorgho (658), Overige granen (2652)

Potatoes 12.2

   Potatoes for consumption 5.7 Aardappelen, consumptie- op zand-/veengrond 
(1910), consumptie- op kleigrond (1909), cons. 
op kleigrond (vroeg, loofver voor 15-07) (1911), 
cons. op zand/veen (vroeg, loofver voor 15-07) 
(1912), consumptie op zand/veengrond (3792), 

consumptie op klei/lössgrond (2951)

Consumptie-aardappelen

   Potatoes for starch 3.5 Aardappelen, zetmeel- (1934), zetmeel- TBM 
pootgoed (1935), zetmeel geleverd aan buiten-

land (859), zetmeel (3732)

Zetmeelaardappelen

   Seed potatoes 2.8 Aardappelen, poot op klei, uitgroeiteelt (loofver 
na 15-08) (1926), poot- op kleigrond (1928), 

poot- op zand-/veengrond (1929, )poot op klei/
lössgrond (3730), poot op zand/veengrond (3731)

Pootaardappelen

   Potatoes, other2 0.1 Aardappelen, bestrijdingsmaatregel AM (2025)

Beets 6.1 Bieten, suiker- (256), voeder- (257), voeder- (in-
clusief aardperen) (2651), Aardperen (1949)

Suikerbieten

Ornamental plants and tree 
nurseries

5.0 Boomkwekerij en vaste planten (229), Woud-
bomen met korte omlooptijd (2297), Boomk-
wekerijgewassen en vaste planten, pot- en 

containerveld (294), Boomkwekerijgewassen en 
vaste planten, open grond (3806)

Bloemkwek. gewassen open 
grond, Bos- en haagplant-
soen, Laan- en parkbomen, 
Rozenstruiken open grond, 
Sierconiferen, Vaste planten 
open grond, Vruchtbomen

Vegetables (open field) 4.8 Groenten open grond (inclusief groentezaden) (672) Aardbeien open grond (pro-
ductie), Asperges, Bloemkool, 
Waspeen en bospeen, Brocco-
li, Prei, Schorseneren, Sluitkool, 
Spruitkool, Stambonen, Winter-

peen, Witlofwortel

Fruit (mainly apples and pears) 3.5 Fruit (212) Appelen, Peren

Flower bulbs 2.6 Bloembollen en – knollen (176) Gladiolen, Hyacinten (bollen), 
Irissen, Lelies (bollen), Narcis-
sen (bollen), Tulpen (bollen)

1	 Average percentage of surface area of total agricultural surface in 2009-2014, BRP. Excluding grassland, nature and 
fields classified as other.

2 	 Not used as an individual crop in this study
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Because analyses in this study were performed within CBS´s secure environment and 
all identifiers (personal numbers, addresses) were masked, we did not know a priori, 
which addresses corresponded to the mothers in our study population. We therefore 
computed the areas of crops for all addresses in the Netherlands (~9 million) and in 
order to decrease computational time in calculating the exact area of crop within a 
certain buffer around each of these addresses, we converted polygon BRP datasets to 
raster datasets (10 x 10m resolution) and determined surface area of crops in squares 
around buildings using a moving average. The resulting buffers were, in fact, squared in 
shape and had a larger area than a round buffer. The correlation between the calculat-
ed crop area of our square buffers, as compared to circular buffers was high (0.88-1.00, 
depending on the type of crop. For example, for the 50-meter buffer, the area of culti-
vated crop using the BRP data is calculated for a block consisting of five 10 by 10 meter 
raster cells above, below, left and right of the centre cell (Figure S1.1). The surface areas 
of the squared buffers (50, 100, 250 and 500m) around residences covered areas of 1.21 
ha, 4.41 ha, 26.01 ha and 102.01 ha, respectively.
Information on AI’s dosage used in each crop type was obtained from the Farmers´ Sur-
veys (FS) from 2008 and 2012. The crops included in these surveys do not seamlessly 
correspond to those in the BRP (Table S1.1). For example, information on dosage used in 
several types of flower bulbs was available in the FS but such specificity on the type of 
flower bulbs was not available in the BRP maps from 2009 to 2013. In the case of pota-
toes, information on dosage was available for potatoes for consumption in general with 
no distinction between those grown in clay or in sandy soils. In such instances, we either 
calculated the average dosage used in the crops that fall within the BRP crop group or 
assumed that the same dosage was used in the several BRP crops that make up a FS crop. 
The FS are conducted roughly every four years and data on pesticide usage is not 
available for the years between surveys. To compute the amount of AIs used each 
year around a residence, we assigned the dosage of a FS to its consecutive years and 
calculated the mean dosage for the year that was not consecutive to either FS (Ta-
ble S1.2). To compute the amount of a specific AI used in buffers around residences 
in a certain year, we multiplied the dosage (kg/ha) reported to be used in a certain 
crop by the area of that crop that was present within the buffers. By summing all the 
amounts used in the crops surrounding the residence, we obtained the total amount 
of AI used around that residence. Then, by averaging these amounts over the study 
period (2009-2013), we obtained the the final exposure proxy for residential pesticide 
exposure: the average amount of AI used in 2009-2013 within buffers of 50m, 100m, 
250m and 500m around residences.
Figure S1.2 shows a step-by-step example of these calculations for the amount of AI1 
used within a 100m buffer around residence A. 
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-- 2008 --

2009 -- 2008

2010 -- mean 2008-2012

2011 -- 2012

2012 2012 2012

2013 -- 2012

Available 
BRP years

Available Farmers´ 
Survey years

Farmers´ Survey used 
for correspondence to BRP

Figure S1.1: For a 50-meter buffer, the area around a residence using the moving av-
erage method (purple) results in a square shaped area around a raster cell. This area 
is therefore larger than an area calculated using the Buffer_analysis method in ArcGIS 
(orange).

Table S1.2: Correspondence between annual crop maps (BRP) and quadrennial Farm-
ers’ Surveys.
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Figure S1.2: Example of the calculation of the average amount of AI1 used in 100m 
around residence A in 2009-2013.
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S2 Correlation matrices of the 12 active ingredients with clear evidence of toxic ef-
fects on reproduction and fetal development.

Figure S2.1: Spearman correlations between the amount of 12 AIs with clear evidence of 
reproductive and/or developmental effects used in 50m around mothers’ residences.

Figure S2.2: Spearman correlations between the amount of 12 AIs with clear evidence of 
reproductive and/or developmental effects used in 100m around mothers’ residences.
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Figure S2.3: Spearman correlations between the amount of 12 AIs with clear evidence of 
reproductive and/or developmental effects used in 250m around mothers’ residences.

Figure S2.4: Spearman correlations between the amount of 12 AIs with clear evidence of 
reproductive and/or developmental effects used in 500m around mothers’ residences.
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S3 Correlation matrices of the all active ingredients included in the study

1 2,4-dm 36 dithianonm 71 glufosinate-ammoniumm 106 rimsulfuronm

2 abamectinm 37 dodinem 72 mandipropamidm 107 s-metolachlorm

3 acetamipridm 38 epoxiconazolem 73 manebm 108 spinosadm

4 amitrolm 39 esfenvaleratem 74 mcpam 109 spirodiclofenm

5 asulamm 40 ethofumesatem 75 mecoprop-pm 110 sulcotrionm

6 azoxystrobinm 41 fenhexamidm 76 mepanipyrimm 111 tebuconazolem

7 bentazonm 42 phenmediphamm 77 mesotrionem 112 tebufenpyradm

8 benthiavalicarb 
isopropylm

43 fenoxycarbm 78 metalaxyl-mm 113 teflubenzuronm

9 bifenazatem 44 fenpropimorphm 79 metamitronm 114 tepraloxydinm

10 bifenoxm 45 flonicamidm 80 metazachlorm 115 terbuthylazinem

11 bitertanolm 46 fluazifop-p-butylm 81 methiocarb m 116 thiaclopridm

12 boscalidm 47 fluazinamm 82 methoxyfenozidem 117 thiophanate-methylm

13 bupirimatem 48 fludioxonilm 83 metiramm 118 tolclofos-methylm

14 captanm 49 fluopicolidem 84 metoxuronm 119 topramezonem

15 carbetamidem 50 fluoxastrobinm 85 metribuzinm 120 triallatem

16 chlorprophamm 51 fluroxypyrm 86 metsulfuron-methylm 121 triadimenolm

17 chlorothalonilm 52 folpetm 87 nicosulfuronm 122 trifloxystrobinm

18 chloridazonm 53 foramsulfuronm 88 pencycuronm 123 triflusulfuron-methylm

19 clomazonem 54 fosetylm 89 pendimethalinm 124 vinclozolinm

20 clopyralidm 55 glufosinatem 90 picoxystrobinm 125 aclonifenm

21 cyazofamidm 56 glyphosatem 91 pirimicarbm 126 bixafenm

22 cycloxydimm 57 haloxyfop-p-methylm 92 pirimiphos-methylm 127 chlorantraniliprolem

23 florasulamm 58 imidaclopridm 93 prochlorazm 128 emamectin ben-
zoatem

24 cydia pomonella gv 
granulosevirusm

59 indoxacarbm 94 procymidonem 129 fenamidonem

25 cymoxanilm 60 iodosulfuron-me-
thyl-sodiumm

95 propamocarbm 130 fenpropidinm

26 cyproconazolem 61 ioxynil octanoatem 96 propiconazolem 131 imazalilm

27 cyprodinilm 62 iprodionm 97 propyzamidem 132 mesosulfuron-methylm

28 deltamethrinm 63 isoproturonm 98 prosulfocarbm 133 penconazolem

29 desmediphamm 64 copper oxychloridem 99 prothioconazolem 134 pyroxsulamm

30 dicambam 65 kresoxim-methylm 100 pymetrozinem 135 spirotetramatm

31 difenoconazolem 66 lambda-cyhalothrinm 101 pyraclostrobinm 136 tembotrionem

32 dimethenamid-pm 67 linuronm 102 pyridatem 137 thiamethoxamm

33 dimethoatem 68 mancozebm 103 pyrimethanilm 138 thiramm

34 dimethomorphm 69 fluroxypyr-meptylm 104 quinoclaminem 139 sulphurm

35 diquatm 70 fosetyl-alm 105 quizalofop-p-ethylm

Code Code Code CodeName Name Name Name

Legend of Figures S3.1-S3.4
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Figure S3.1: Spearman correlations between the 139 used in 50m around mothers’ res-
idences.
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Figure S3.2: Spearman correlations between the 139 used in 5010 around mothers’ 
residences.
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Figure S3.3: Spearman correlations between the 139 used in 250m around mothers’ 
residences.
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Figure S3.4: Spearman correlations between the 139 used in 500m around mothers’ 
residences.
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S4 Descritpive statistics of the exposure variables (amount of Active ingredient used 
in buffers around mothers’ residences)

Active 
ingredient n n% % median iqr p1 p90

Not exposed

50m buffer

Exposed

2,4-d 336621 99.0% 3326 1.0% 0.0034 0.0090 0.0003 0.0224 331613 97.5% 8334 2.5% 0.0083 0.0233 0.0006 0.0639

abamectin 337129 99.2% 2818 0.8% 0.0008 0.0019 0.0001 0.0038 332651 97.9% 7296 2.1% 0.0021 0.0053 0.0002 0.0121

acetamiprid 332517 97.8% 7430 2.2% 0.0006 0.0023 0.0000 0.0121 321945 94.7% 18002 5.3% 0.0017 0.0069 0.0001 0.0331

amitrol 338555 99.6% 1392 0.4% 0.0591 0.1236 0.0071 0.2358 336339 98.9% 3608 1.1% 0.1427 0.3157 0.0118 0.6816

asulam 339098 99.8% 849 0.2% 0.1640 0.3476 0.0179 0.7093 337913 99.4% 2034 0.6% 0.4305 1.0532 0.0301 2.2279

azoxystrobin 333256 98.0% 6691 2.0% 0.0044 0.0140 0.0004 0.0429 323703 95.2% 16244 4.8% 0.0119 0.0420 0.0007 0.1372

bentazon 334738 98.5% 5209 1.5% 0.0042 0.0134 0.0002 0.0401 327220 96.3% 12727 3.7% 0.0120 0.0431 0.0006 0.1312

benthiavalicarb isopropyl 337310 99.2% 2637 0.8% 0.0020 0.0053 0.0002 0.0133 333856 98.2% 6091 1.8% 0.0069 0.0191 0.0004 0.0506

bifenazate 339175 99.8% 772 0.2% 0.0020 0.0045 0.0002 0.0093 338000 99.4% 1947 0.6% 0.0054 0.0144 0.0004 0.0289

bifenox 338404 99.5% 1543 0.5% 0.0030 0.0065 0.0003 0.0127 335953 98.8% 3994 1.2% 0.0082 0.0209 0.0005 0.0440

bitertanol 339304 99.8% 643 0.2% 0.0023 0.0052 0.0003 0.0102 338237 99.5% 1710 0.5% 0.0054 0.0124 0.0005 0.0290

boscalid 330625 97.3% 9322 2.7% 0.0063 0.0153 0.0006 0.0371 317469 93.4% 22478 6.6% 0.0180 0.0478 0.0013 0.1167

bupirimate 335643 98.7% 4304 1.3% 0.0268 0.0618 0.0028 0.1459 329006 96.8% 10941 3.2% 0.0684 0.1837 0.0056 0.4587

captan 334992 98.5% 4955 1.5% 0.1759 1.1430 0.0011 3.1157 327645 96.4% 12302 3.6% 0.4467 2.9527 0.0028 8.3749

carbetamide 338260 99.5% 1687 0.5% 0.0479 0.1054 0.0057 0.2014 335570 98.7% 4377 1.3% 0.1343 0.3295 0.0101 0.6798

chlorpropham 336213 98.9% 3734 1.1% 0.0267 0.0624 0.0030 0.1491 330579 97.2% 9368 2.8% 0.0661 0.1834 0.0053 0.4772

chlorothalonil 334802 98.5% 5145 1.5% 0.0213 0.0730 0.0013 0.1751 327056 96.2% 12891 3.8% 0.0539 0.2079 0.0029 0.5380

chloridazon 336762 99.1% 3185 0.9% 0.0242 0.0632 0.0024 0.1429 331856 97.6% 8091 2.4% 0.0685 0.1887 0.0047 0.4625

clomazone 336342 98.9% 3605 1.1% 0.0007 0.0022 0.0001 0.0068 330818 97.3% 9129 2.7% 0.0020 0.0070 0.0001 0.0214

clopyralid 336239 98.9% 3708 1.1% 0.0007 0.0017 0.0001 0.0035 330371 97.2% 9576 2.8% 0.0021 0.0054 0.0002 0.0118

cyazofamid 334952 98.5% 4995 1.5% 0.0083 0.0201 0.0008 0.0450 327952 96.5% 11995 3.5% 0.0264 0.0679 0.0018 0.1586

cycloxydim 337431 99.3% 2516 0.7% 0.0009 0.0038 0.0001 0.0131 333744 98.2% 6203 1.8% 0.0025 0.0106 0.0001 0.0400

florasulam 325590 95.8% 14357 4.2% 0.0000 0.0001 0.0000 0.0003 304873 89.7% 35074 10.3% 0.0001 0.0004 0.0000 0.0010

cydia pomonella gv gran-
ulosevirus

338555 99.6% 1392 0.4% 0.0003 0.0006 0.0000 0.0012 336339 98.9% 3608 1.1% 0.0006 0.0015 0.0001 0.0036

cymoxanil 334952 98.5% 4995 1.5% 0.0159 0.0363 0.0016 0.0722 327952 96.5% 11995 3.5% 0.0479 0.1209 0.0032 0.2639

cyproconazole 337556 99.3% 2391 0.7% 0.0009 0.0021 0.0001 0.0045 333670 98.2% 6277 1.8% 0.0028 0.0070 0.0002 0.0152

cyprodinil 335738 98.8% 4209 1.2% 0.0126 0.0342 0.0012 0.0785 329312 96.9% 10635 3.1% 0.0320 0.0993 0.0022 0.2473

deltamethrin 330751 97.3% 9196 2.7% 0.0002 0.0010 0.0000 0.0035 317573 93.4% 22374 6.6% 0.0005 0.0029 0.0000 0.0105

desmedipham 337556 99.3% 2391 0.7% 0.0016 0.0038 0.0002 0.0077 333670 98.2% 6277 1.8% 0.0050 0.0121 0.0003 0.0264

dicamba 334925 98.5% 5022 1.5% 0.0007 0.0015 0.0001 0.0028 327371 96.3% 12576 3.7% 0.0019 0.0046 0.0001 0.0093

difenoconazole 334733 98.5% 5214 1.5% 0.0025 0.0062 0.0002 0.0132 326714 96.1% 13233 3.9% 0.0069 0.0183 0.0005 0.0429

dimethenamid-p 326460 96.0% 13487 4.0% 0.0326 0.0714 0.0035 0.1408 306936 90.3% 33011 9.7% 0.0956 0.2314 0.0066 0.4789

dimethoate 335619 98.7% 4328 1.3% 0.0047 0.0181 0.0003 0.0581 329135 96.8% 10812 3.2% 0.0127 0.0521 0.0007 0.1803

dimethomorph 336644 99.0% 3303 1.0% 0.0126 0.0578 0.0006 0.1705 331936 97.6% 8011 2.4% 0.0401 0.1935 0.0017 0.5517
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Table S4.1: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 50m and 100m around mothers’ residences.

n n% % median iqr p1 p90
Not exposed

100m buffer

Exposed

2,4-d 336621 99.0% 3326 1.0% 0.0034 0.0090 0.0003 0.0224 331613 97.5% 8334 2.5% 0.0083 0.0233 0.0006 0.0639

abamectin 337129 99.2% 2818 0.8% 0.0008 0.0019 0.0001 0.0038 332651 97.9% 7296 2.1% 0.0021 0.0053 0.0002 0.0121

acetamiprid 332517 97.8% 7430 2.2% 0.0006 0.0023 0.0000 0.0121 321945 94.7% 18002 5.3% 0.0017 0.0069 0.0001 0.0331

amitrol 338555 99.6% 1392 0.4% 0.0591 0.1236 0.0071 0.2358 336339 98.9% 3608 1.1% 0.1427 0.3157 0.0118 0.6816

asulam 339098 99.8% 849 0.2% 0.1640 0.3476 0.0179 0.7093 337913 99.4% 2034 0.6% 0.4305 1.0532 0.0301 2.2279

azoxystrobin 333256 98.0% 6691 2.0% 0.0044 0.0140 0.0004 0.0429 323703 95.2% 16244 4.8% 0.0119 0.0420 0.0007 0.1372

bentazon 334738 98.5% 5209 1.5% 0.0042 0.0134 0.0002 0.0401 327220 96.3% 12727 3.7% 0.0120 0.0431 0.0006 0.1312

benthiavalicarb isopropyl 337310 99.2% 2637 0.8% 0.0020 0.0053 0.0002 0.0133 333856 98.2% 6091 1.8% 0.0069 0.0191 0.0004 0.0506

bifenazate 339175 99.8% 772 0.2% 0.0020 0.0045 0.0002 0.0093 338000 99.4% 1947 0.6% 0.0054 0.0144 0.0004 0.0289

bifenox 338404 99.5% 1543 0.5% 0.0030 0.0065 0.0003 0.0127 335953 98.8% 3994 1.2% 0.0082 0.0209 0.0005 0.0440

bitertanol 339304 99.8% 643 0.2% 0.0023 0.0052 0.0003 0.0102 338237 99.5% 1710 0.5% 0.0054 0.0124 0.0005 0.0290

boscalid 330625 97.3% 9322 2.7% 0.0063 0.0153 0.0006 0.0371 317469 93.4% 22478 6.6% 0.0180 0.0478 0.0013 0.1167

bupirimate 335643 98.7% 4304 1.3% 0.0268 0.0618 0.0028 0.1459 329006 96.8% 10941 3.2% 0.0684 0.1837 0.0056 0.4587

captan 334992 98.5% 4955 1.5% 0.1759 1.1430 0.0011 3.1157 327645 96.4% 12302 3.6% 0.4467 2.9527 0.0028 8.3749

carbetamide 338260 99.5% 1687 0.5% 0.0479 0.1054 0.0057 0.2014 335570 98.7% 4377 1.3% 0.1343 0.3295 0.0101 0.6798

chlorpropham 336213 98.9% 3734 1.1% 0.0267 0.0624 0.0030 0.1491 330579 97.2% 9368 2.8% 0.0661 0.1834 0.0053 0.4772

chlorothalonil 334802 98.5% 5145 1.5% 0.0213 0.0730 0.0013 0.1751 327056 96.2% 12891 3.8% 0.0539 0.2079 0.0029 0.5380

chloridazon 336762 99.1% 3185 0.9% 0.0242 0.0632 0.0024 0.1429 331856 97.6% 8091 2.4% 0.0685 0.1887 0.0047 0.4625

clomazone 336342 98.9% 3605 1.1% 0.0007 0.0022 0.0001 0.0068 330818 97.3% 9129 2.7% 0.0020 0.0070 0.0001 0.0214

clopyralid 336239 98.9% 3708 1.1% 0.0007 0.0017 0.0001 0.0035 330371 97.2% 9576 2.8% 0.0021 0.0054 0.0002 0.0118

cyazofamid 334952 98.5% 4995 1.5% 0.0083 0.0201 0.0008 0.0450 327952 96.5% 11995 3.5% 0.0264 0.0679 0.0018 0.1586

cycloxydim 337431 99.3% 2516 0.7% 0.0009 0.0038 0.0001 0.0131 333744 98.2% 6203 1.8% 0.0025 0.0106 0.0001 0.0400

florasulam 325590 95.8% 14357 4.2% 0.0000 0.0001 0.0000 0.0003 304873 89.7% 35074 10.3% 0.0001 0.0004 0.0000 0.0010

cydia pomonella gv gran-
ulosevirus

338555 99.6% 1392 0.4% 0.0003 0.0006 0.0000 0.0012 336339 98.9% 3608 1.1% 0.0006 0.0015 0.0001 0.0036

cymoxanil 334952 98.5% 4995 1.5% 0.0159 0.0363 0.0016 0.0722 327952 96.5% 11995 3.5% 0.0479 0.1209 0.0032 0.2639

cyproconazole 337556 99.3% 2391 0.7% 0.0009 0.0021 0.0001 0.0045 333670 98.2% 6277 1.8% 0.0028 0.0070 0.0002 0.0152

cyprodinil 335738 98.8% 4209 1.2% 0.0126 0.0342 0.0012 0.0785 329312 96.9% 10635 3.1% 0.0320 0.0993 0.0022 0.2473

deltamethrin 330751 97.3% 9196 2.7% 0.0002 0.0010 0.0000 0.0035 317573 93.4% 22374 6.6% 0.0005 0.0029 0.0000 0.0105

desmedipham 337556 99.3% 2391 0.7% 0.0016 0.0038 0.0002 0.0077 333670 98.2% 6277 1.8% 0.0050 0.0121 0.0003 0.0264

dicamba 334925 98.5% 5022 1.5% 0.0007 0.0015 0.0001 0.0028 327371 96.3% 12576 3.7% 0.0019 0.0046 0.0001 0.0093

difenoconazole 334733 98.5% 5214 1.5% 0.0025 0.0062 0.0002 0.0132 326714 96.1% 13233 3.9% 0.0069 0.0183 0.0005 0.0429

dimethenamid-p 326460 96.0% 13487 4.0% 0.0326 0.0714 0.0035 0.1408 306936 90.3% 33011 9.7% 0.0956 0.2314 0.0066 0.4789

dimethoate 335619 98.7% 4328 1.3% 0.0047 0.0181 0.0003 0.0581 329135 96.8% 10812 3.2% 0.0127 0.0521 0.0007 0.1803

dimethomorph 336644 99.0% 3303 1.0% 0.0126 0.0578 0.0006 0.1705 331936 97.6% 8011 2.4% 0.0401 0.1935 0.0017 0.5517
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Table S4.1: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 50m and 100m around mothers’ residences. (cont.)

Active 
ingredient n n% % median iqr p1 p90

Not exposed

50m buffer

Exposed

diquat 335686 98.7% 4261 1.3% 0.0068 0.0224 0.0005 0.0660 329701 97.0% 10246 3.0% 0.0196 0.0752 0.0010 0.2228

dithianon 337227 99.2% 2720 0.8% 0.0373 0.0890 0.0043 0.2214 332954 97.9% 6993 2.1% 0.0888 0.2348 0.0079 0.5839

dodine 338555 99.6% 1392 0.4% 0.0428 0.0843 0.0046 0.1632 336339 98.9% 3608 1.1% 0.1010 0.2177 0.0090 0.4595

epoxiconazole 333365 98.1% 6582 1.9% 0.0035 0.0091 0.0003 0.0193 323780 95.2% 16167 4.8% 0.0108 0.0299 0.0007 0.0670

esfenvalerate 331202 97.4% 8745 2.6% 0.0001 0.0004 0.0000 0.0025 319018 93.8% 20929 6.2% 0.0004 0.0013 0.0000 0.0074

ethofumesate 337556 99.3% 2391 0.7% 0.0311 0.0707 0.0036 0.1501 333670 98.2% 6277 1.8% 0.0963 0.2367 0.0068 0.5041

fenhexamid 337065 99.2% 2882 0.8% 0.0196 0.1142 0.0011 0.3026 332573 97.8% 7374 2.2% 0.0525 0.3527 0.0021 0.9555

phenmedipham 334067 98.3% 5880 1.7% 0.0251 0.0559 0.0029 0.1145 325259 95.7% 14688 4.3% 0.0715 0.1725 0.0054 0.3810

fenoxycarb 338555 99.6% 1392 0.4% 0.0053 0.0132 0.0006 0.0340 336339 98.9% 3608 1.1% 0.0122 0.0326 0.0010 0.0958

fenpropimorph 332120 97.7% 7827 2.3% 0.0072 0.0175 0.0007 0.0363 320795 94.4% 19152 5.6% 0.0218 0.0584 0.0014 0.1284

flonicamid 334317 98.3% 5630 1.7% 0.0012 0.0031 0.0001 0.0082 325838 95.8% 14109 4.2% 0.0033 0.0093 0.0002 0.0236

fluazifop-p-butyl 334929 98.5% 5018 1.5% 0.0021 0.0074 0.0001 0.0256 327454 96.3% 12493 3.7% 0.0058 0.0240 0.0002 0.0775

fluazinam 334218 98.3% 5729 1.7% 0.0139 0.0411 0.0010 0.1415 326336 96.0% 13611 4.0% 0.0428 0.1379 0.0026 0.4573

fludioxonil 335738 98.8% 4209 1.2% 0.0081 0.0220 0.0008 0.0519 329312 96.9% 10635 3.1% 0.0210 0.0646 0.0014 0.1636

fluopicolide 335169 98.6% 4778 1.4% 0.0067 0.0187 0.0005 0.0475 328373 96.6% 11574 3.4% 0.0205 0.0604 0.0014 0.1591

fluoxastrobin 337691 99.3% 2256 0.7% 0.0017 0.0049 0.0002 0.0170 334394 98.4% 5553 1.6% 0.0051 0.0149 0.0004 0.0557

fluroxypyr 329782 97.0% 10165 3.0% 0.0015 0.0033 0.0002 0.0070 314974 92.7% 24973 7.3% 0.0043 0.0110 0.0003 0.0246

folpet 337877 99.4% 2070 0.6% 0.0260 0.0734 0.0023 0.2705 334791 98.5% 5156 1.5% 0.0606 0.1959 0.0045 0.7601

foramsulfuron 334925 98.5% 5022 1.5% 0.0005 0.0010 0.0001 0.0020 327371 96.3% 12576 3.7% 0.0014 0.0033 0.0001 0.0067

fosetyl 338558 99.6% 1389 0.4% 0.0138 0.0320 0.0018 0.0636 336403 99.0% 3544 1.0% 0.0349 0.0909 0.0028 0.1939

glufosinate 338152 99.5% 1795 0.5% 0.0076 0.0166 0.0006 0.0376 335497 98.7% 4450 1.3% 0.0190 0.0472 0.0013 0.1127

glyphosate 328952 96.8% 10995 3.2% 0.0213 0.0711 0.0014 0.1947 313738 92.3% 26209 7.7% 0.0643 0.2218 0.0035 0.6002

haloxyfop-p-methyl 337316 99.2% 2631 0.8% 0.0013 0.0034 0.0001 0.0083 333329 98.1% 6618 1.9% 0.0034 0.0097 0.0002 0.0250

imidacloprid 336003 98.8% 3944 1.2% 0.0019 0.0041 0.0002 0.0085 330327 97.2% 9620 2.8% 0.0048 0.0121 0.0003 0.0266

indoxacarb 336594 99.0% 3353 1.0% 0.0012 0.0026 0.0001 0.0058 331507 97.5% 8440 2.5% 0.0029 0.0071 0.0002 0.0165

iodosulfuron-methyl-sodium 331650 97.6% 8297 2.4% 0.0000 0.0001 0.0000 0.0005 319329 93.9% 20618 6.1% 0.0001 0.0004 0.0000 0.0017

ioxynil octanoate 338260 99.5% 1687 0.5% 0.0083 0.0190 0.0010 0.0390 335570 98.7% 4377 1.3% 0.0240 0.0597 0.0018 0.1348

iprodion 336305 98.9% 3642 1.1% 0.0165 0.0362 0.0019 0.0714 330774 97.3% 9173 2.7% 0.0417 0.1037 0.0034 0.2302

isoproturon 338404 99.5% 1543 0.5% 0.0475 0.1022 0.0052 0.2002 335953 98.8% 3994 1.2% 0.1281 0.3277 0.0080 0.6921

copper oxychloride 339225 99.8% 722 0.2% 0.0059 0.0134 0.0007 0.0256 338125 99.5% 1822 0.5% 0.0133 0.0340 0.0010 0.0707

kresoxim-methyl 333040 98.0% 6907 2.0% 0.0036 0.0112 0.0002 0.0243 322826 95.0% 17121 5.0% 0.0093 0.0310 0.0006 0.0749

lambda-cyhalothrin 330396 97.2% 9551 2.8% 0.0003 0.0009 0.0000 0.0042 317135 93.3% 22812 6.7% 0.0007 0.0029 0.0000 0.0136

linuron 331786 97.6% 8161 2.4% 0.0231 0.0499 0.0025 0.0977 320510 94.3% 19437 5.7% 0.0677 0.1607 0.0052 0.3394

mancozeb 330537 97.2% 9410 2.8% 0.2194 0.5146 0.0214 1.2519 317512 93.4% 22435 6.6% 0.6195 1.6710 0.0440 4.2846

fluroxypyr-meptyl 325506 95.8% 14441 4.2% 0.0060 0.0123 0.0007 0.0239 304767 89.7% 35180 10.3% 0.0177 0.0408 0.0014 0.0840

fosetyl-al 337981 99.4% 1966 0.6% 0.0170 0.0428 0.0014 0.1049 335037 98.6% 4910 1.4% 0.0425 0.1180 0.0035 0.2899
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n n% % median iqr p1 p90
Not exposed

100m buffer

Exposed

diquat 335686 98.7% 4261 1.3% 0.0068 0.0224 0.0005 0.0660 329701 97.0% 10246 3.0% 0.0196 0.0752 0.0010 0.2228

dithianon 337227 99.2% 2720 0.8% 0.0373 0.0890 0.0043 0.2214 332954 97.9% 6993 2.1% 0.0888 0.2348 0.0079 0.5839

dodine 338555 99.6% 1392 0.4% 0.0428 0.0843 0.0046 0.1632 336339 98.9% 3608 1.1% 0.1010 0.2177 0.0090 0.4595

epoxiconazole 333365 98.1% 6582 1.9% 0.0035 0.0091 0.0003 0.0193 323780 95.2% 16167 4.8% 0.0108 0.0299 0.0007 0.0670

esfenvalerate 331202 97.4% 8745 2.6% 0.0001 0.0004 0.0000 0.0025 319018 93.8% 20929 6.2% 0.0004 0.0013 0.0000 0.0074

ethofumesate 337556 99.3% 2391 0.7% 0.0311 0.0707 0.0036 0.1501 333670 98.2% 6277 1.8% 0.0963 0.2367 0.0068 0.5041

fenhexamid 337065 99.2% 2882 0.8% 0.0196 0.1142 0.0011 0.3026 332573 97.8% 7374 2.2% 0.0525 0.3527 0.0021 0.9555

phenmedipham 334067 98.3% 5880 1.7% 0.0251 0.0559 0.0029 0.1145 325259 95.7% 14688 4.3% 0.0715 0.1725 0.0054 0.3810

fenoxycarb 338555 99.6% 1392 0.4% 0.0053 0.0132 0.0006 0.0340 336339 98.9% 3608 1.1% 0.0122 0.0326 0.0010 0.0958

fenpropimorph 332120 97.7% 7827 2.3% 0.0072 0.0175 0.0007 0.0363 320795 94.4% 19152 5.6% 0.0218 0.0584 0.0014 0.1284

flonicamid 334317 98.3% 5630 1.7% 0.0012 0.0031 0.0001 0.0082 325838 95.8% 14109 4.2% 0.0033 0.0093 0.0002 0.0236

fluazifop-p-butyl 334929 98.5% 5018 1.5% 0.0021 0.0074 0.0001 0.0256 327454 96.3% 12493 3.7% 0.0058 0.0240 0.0002 0.0775

fluazinam 334218 98.3% 5729 1.7% 0.0139 0.0411 0.0010 0.1415 326336 96.0% 13611 4.0% 0.0428 0.1379 0.0026 0.4573

fludioxonil 335738 98.8% 4209 1.2% 0.0081 0.0220 0.0008 0.0519 329312 96.9% 10635 3.1% 0.0210 0.0646 0.0014 0.1636

fluopicolide 335169 98.6% 4778 1.4% 0.0067 0.0187 0.0005 0.0475 328373 96.6% 11574 3.4% 0.0205 0.0604 0.0014 0.1591

fluoxastrobin 337691 99.3% 2256 0.7% 0.0017 0.0049 0.0002 0.0170 334394 98.4% 5553 1.6% 0.0051 0.0149 0.0004 0.0557

fluroxypyr 329782 97.0% 10165 3.0% 0.0015 0.0033 0.0002 0.0070 314974 92.7% 24973 7.3% 0.0043 0.0110 0.0003 0.0246

folpet 337877 99.4% 2070 0.6% 0.0260 0.0734 0.0023 0.2705 334791 98.5% 5156 1.5% 0.0606 0.1959 0.0045 0.7601

foramsulfuron 334925 98.5% 5022 1.5% 0.0005 0.0010 0.0001 0.0020 327371 96.3% 12576 3.7% 0.0014 0.0033 0.0001 0.0067

fosetyl 338558 99.6% 1389 0.4% 0.0138 0.0320 0.0018 0.0636 336403 99.0% 3544 1.0% 0.0349 0.0909 0.0028 0.1939

glufosinate 338152 99.5% 1795 0.5% 0.0076 0.0166 0.0006 0.0376 335497 98.7% 4450 1.3% 0.0190 0.0472 0.0013 0.1127

glyphosate 328952 96.8% 10995 3.2% 0.0213 0.0711 0.0014 0.1947 313738 92.3% 26209 7.7% 0.0643 0.2218 0.0035 0.6002

haloxyfop-p-methyl 337316 99.2% 2631 0.8% 0.0013 0.0034 0.0001 0.0083 333329 98.1% 6618 1.9% 0.0034 0.0097 0.0002 0.0250

imidacloprid 336003 98.8% 3944 1.2% 0.0019 0.0041 0.0002 0.0085 330327 97.2% 9620 2.8% 0.0048 0.0121 0.0003 0.0266

indoxacarb 336594 99.0% 3353 1.0% 0.0012 0.0026 0.0001 0.0058 331507 97.5% 8440 2.5% 0.0029 0.0071 0.0002 0.0165

iodosulfuron-methyl-sodium 331650 97.6% 8297 2.4% 0.0000 0.0001 0.0000 0.0005 319329 93.9% 20618 6.1% 0.0001 0.0004 0.0000 0.0017

ioxynil octanoate 338260 99.5% 1687 0.5% 0.0083 0.0190 0.0010 0.0390 335570 98.7% 4377 1.3% 0.0240 0.0597 0.0018 0.1348

iprodion 336305 98.9% 3642 1.1% 0.0165 0.0362 0.0019 0.0714 330774 97.3% 9173 2.7% 0.0417 0.1037 0.0034 0.2302

isoproturon 338404 99.5% 1543 0.5% 0.0475 0.1022 0.0052 0.2002 335953 98.8% 3994 1.2% 0.1281 0.3277 0.0080 0.6921

copper oxychloride 339225 99.8% 722 0.2% 0.0059 0.0134 0.0007 0.0256 338125 99.5% 1822 0.5% 0.0133 0.0340 0.0010 0.0707

kresoxim-methyl 333040 98.0% 6907 2.0% 0.0036 0.0112 0.0002 0.0243 322826 95.0% 17121 5.0% 0.0093 0.0310 0.0006 0.0749

lambda-cyhalothrin 330396 97.2% 9551 2.8% 0.0003 0.0009 0.0000 0.0042 317135 93.3% 22812 6.7% 0.0007 0.0029 0.0000 0.0136

linuron 331786 97.6% 8161 2.4% 0.0231 0.0499 0.0025 0.0977 320510 94.3% 19437 5.7% 0.0677 0.1607 0.0052 0.3394

mancozeb 330537 97.2% 9410 2.8% 0.2194 0.5146 0.0214 1.2519 317512 93.4% 22435 6.6% 0.6195 1.6710 0.0440 4.2846

fluroxypyr-meptyl 325506 95.8% 14441 4.2% 0.0060 0.0123 0.0007 0.0239 304767 89.7% 35180 10.3% 0.0177 0.0408 0.0014 0.0840

fosetyl-al 337981 99.4% 1966 0.6% 0.0170 0.0428 0.0014 0.1049 335037 98.6% 4910 1.4% 0.0425 0.1180 0.0035 0.2899
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Table S4.1: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 50m and 100m around mothers’ residences. (cont.)

Active 
ingredient n n% % median iqr p1 p90

Not exposed

50m buffer

Exposed

glufosinate-ammonium 335857 98.8% 4090 1.2% 0.0078 0.0180 0.0007 0.0457 329864 97.0% 10083 3.0% 0.0208 0.0547 0.0015 0.1342

mandipropamid 334952 98.5% 4995 1.5% 0.0151 0.0371 0.0013 0.0917 327952 96.5% 11995 3.5% 0.0473 0.1251 0.0034 0.3123

maneb 337877 99.4% 2070 0.6% 0.0082 0.3301 0.0004 1.3719 334791 98.5% 5156 1.5% 0.0196 0.7431 0.0009 3.8265

mcpa 331044 97.4% 8903 2.6% 0.0215 0.0504 0.0019 0.1107 318086 93.6% 21861 6.4% 0.0580 0.1603 0.0038 0.3659

mecoprop-p 335879 98.8% 4068 1.2% 0.0036 0.0088 0.0004 0.0193 329660 97.0% 10287 3.0% 0.0094 0.0246 0.0007 0.0567

mepanipyrim 336740 99.1% 3207 0.9% 0.0138 0.0567 0.0008 0.1619 331798 97.6% 8149 2.4% 0.0345 0.1740 0.0016 0.5109

mesotrione 328923 96.8% 11024 3.2% 0.0034 0.0068 0.0004 0.0134 312485 91.9% 27462 8.1% 0.0101 0.0220 0.0008 0.0450

metalaxyl-m 336213 98.9% 3734 1.1% 0.0051 0.0114 0.0005 0.0266 330579 97.2% 9368 2.8% 0.0134 0.0327 0.0011 0.0778

metamitron 335482 98.7% 4465 1.3% 0.0770 0.1794 0.0091 0.3851 328584 96.7% 11363 3.3% 0.2107 0.5335 0.0149 1.2313

metazachlor 336966 99.1% 2981 0.9% 0.0319 0.0660 0.0038 0.1278 332254 97.7% 7693 2.3% 0.0820 0.1888 0.0073 0.3989

methiocarb 339175 99.8% 772 0.2% 0.0106 0.0239 0.0013 0.0498 338000 99.4% 1947 0.6% 0.0291 0.0776 0.0021 0.1553

methoxyfenozide 338555 99.6% 1392 0.4% 0.0048 0.0101 0.0006 0.0197 336339 98.9% 3608 1.1% 0.0115 0.0262 0.0009 0.0573

metiram 337538 99.3% 2409 0.7% 0.0189 0.0464 0.0018 0.1198 333973 98.2% 5974 1.8% 0.0459 0.1276 0.0033 0.3590

metoxuron 339175 99.8% 772 0.2% 0.0117 0.0263 0.0015 0.0547 338000 99.4% 1947 0.6% 0.0320 0.0852 0.0023 0.1705

metribuzin 333659 98.2% 6288 1.8% 0.0100 0.0220 0.0010 0.0462 324928 95.6% 15019 4.4% 0.0311 0.0763 0.0022 0.1651

metsulfuron-methyl 336424 99.0% 3523 1.0% 0.0004 0.0017 0.0000 0.0065 330923 97.3% 9024 2.7% 0.0012 0.0049 0.0001 0.0208

nicosulfuron 328923 96.8% 11024 3.2% 0.0018 0.0035 0.0002 0.0067 312485 91.9% 27462 8.1% 0.0052 0.0114 0.0004 0.0228

pencycuron 334952 98.5% 4995 1.5% 0.0043 0.0111 0.0004 0.0497 327952 96.5% 11995 3.5% 0.0129 0.0381 0.0008 0.1499

pendimethalin 337474 99.3% 2473 0.7% 0.0376 0.0860 0.0039 0.2011 333795 98.2% 6152 1.8% 0.1042 0.2687 0.0075 0.6444

picoxystrobin 339333 99.8% 614 0.2% 0.0006 0.0012 0.0001 0.0026 338348 99.5% 1599 0.5% 0.0019 0.0042 0.0001 0.0090

pirimicarb 335321 98.6% 4626 1.4% 0.0024 0.0082 0.0002 0.0321 328255 96.6% 11692 3.4% 0.0062 0.0218 0.0004 0.0829

pirimiphos-methyl 339098 99.8% 849 0.2% 0.0113 0.0290 0.0012 0.0644 337913 99.4% 2034 0.6% 0.0306 0.0864 0.0019 0.2049

prochloraz 337776 99.4% 2171 0.6% 0.0076 0.0247 0.0008 0.1079 334467 98.4% 5480 1.6% 0.0169 0.0614 0.0014 0.3099

procymidone 339579 99.9% 368 0.1% 0.0065 0.0150 0.0007 0.0334 339013 99.7% 934 0.3% 0.0161 0.0456 0.0010 0.0949

propamocarb 333988 98.2% 5959 1.8% 0.0329 0.1247 0.0014 0.3495 325532 95.8% 14415 4.2% 0.1016 0.4148 0.0033 1.1589

propiconazole 338590 99.6% 1357 0.4% 0.0175 0.0457 0.0015 0.0922 336386 99.0% 3561 1.0% 0.0385 0.1119 0.0023 0.2553

propyzamide 336966 99.1% 2981 0.9% 0.0196 0.0483 0.0021 0.1185 332254 97.7% 7693 2.3% 0.0486 0.1417 0.0039 0.3852

prosulfocarb 335314 98.6% 4633 1.4% 0.0554 0.1368 0.0044 0.3497 328558 96.6% 11389 3.4% 0.1585 0.4561 0.0104 1.1636

prothioconazole 332788 97.9% 7159 2.1% 0.0073 0.0172 0.0007 0.0415 322189 94.8% 17758 5.2% 0.0210 0.0569 0.0014 0.1394

pymetrozine 337976 99.4% 1971 0.6% 0.0017 0.0051 0.0001 0.0156 335262 98.6% 4685 1.4% 0.0049 0.0154 0.0003 0.0464

pyraclostrobin 330204 97.1% 9743 2.9% 0.0023 0.0059 0.0002 0.0161 316560 93.1% 23387 6.9% 0.0069 0.0192 0.0005 0.0517

pyridate 338260 99.5% 1687 0.5% 0.0148 0.0323 0.0017 0.0615 335570 98.7% 4377 1.3% 0.0411 0.1016 0.0031 0.2074

pyrimethanil 337325 99.2% 2622 0.8% 0.0035 0.0283 0.0002 0.0741 333280 98.0% 6667 2.0% 0.0094 0.0718 0.0004 0.2015

quinoclamine 338590 99.6% 1357 0.4% 0.0168 0.0335 0.0021 0.0666 336386 99.0% 3561 1.0% 0.0384 0.0832 0.0037 0.1786

quizalofop-p-ethyl 339175 99.8% 772 0.2% 0.0009 0.0021 0.0001 0.0043 338000 99.4% 1947 0.6% 0.0025 0.0067 0.0002 0.0135

rimsulfuron 336306 98.9% 3641 1.1% 0.0001 0.0003 0.0000 0.0011 331001 97.4% 8946 2.6% 0.0002 0.0009 0.0000 0.0038
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n n% % median iqr p1 p90
Not exposed

100m buffer

Exposed

glufosinate-ammonium 335857 98.8% 4090 1.2% 0.0078 0.0180 0.0007 0.0457 329864 97.0% 10083 3.0% 0.0208 0.0547 0.0015 0.1342

mandipropamid 334952 98.5% 4995 1.5% 0.0151 0.0371 0.0013 0.0917 327952 96.5% 11995 3.5% 0.0473 0.1251 0.0034 0.3123

maneb 337877 99.4% 2070 0.6% 0.0082 0.3301 0.0004 1.3719 334791 98.5% 5156 1.5% 0.0196 0.7431 0.0009 3.8265

mcpa 331044 97.4% 8903 2.6% 0.0215 0.0504 0.0019 0.1107 318086 93.6% 21861 6.4% 0.0580 0.1603 0.0038 0.3659

mecoprop-p 335879 98.8% 4068 1.2% 0.0036 0.0088 0.0004 0.0193 329660 97.0% 10287 3.0% 0.0094 0.0246 0.0007 0.0567

mepanipyrim 336740 99.1% 3207 0.9% 0.0138 0.0567 0.0008 0.1619 331798 97.6% 8149 2.4% 0.0345 0.1740 0.0016 0.5109

mesotrione 328923 96.8% 11024 3.2% 0.0034 0.0068 0.0004 0.0134 312485 91.9% 27462 8.1% 0.0101 0.0220 0.0008 0.0450

metalaxyl-m 336213 98.9% 3734 1.1% 0.0051 0.0114 0.0005 0.0266 330579 97.2% 9368 2.8% 0.0134 0.0327 0.0011 0.0778

metamitron 335482 98.7% 4465 1.3% 0.0770 0.1794 0.0091 0.3851 328584 96.7% 11363 3.3% 0.2107 0.5335 0.0149 1.2313

metazachlor 336966 99.1% 2981 0.9% 0.0319 0.0660 0.0038 0.1278 332254 97.7% 7693 2.3% 0.0820 0.1888 0.0073 0.3989

methiocarb 339175 99.8% 772 0.2% 0.0106 0.0239 0.0013 0.0498 338000 99.4% 1947 0.6% 0.0291 0.0776 0.0021 0.1553

methoxyfenozide 338555 99.6% 1392 0.4% 0.0048 0.0101 0.0006 0.0197 336339 98.9% 3608 1.1% 0.0115 0.0262 0.0009 0.0573

metiram 337538 99.3% 2409 0.7% 0.0189 0.0464 0.0018 0.1198 333973 98.2% 5974 1.8% 0.0459 0.1276 0.0033 0.3590

metoxuron 339175 99.8% 772 0.2% 0.0117 0.0263 0.0015 0.0547 338000 99.4% 1947 0.6% 0.0320 0.0852 0.0023 0.1705

metribuzin 333659 98.2% 6288 1.8% 0.0100 0.0220 0.0010 0.0462 324928 95.6% 15019 4.4% 0.0311 0.0763 0.0022 0.1651

metsulfuron-methyl 336424 99.0% 3523 1.0% 0.0004 0.0017 0.0000 0.0065 330923 97.3% 9024 2.7% 0.0012 0.0049 0.0001 0.0208

nicosulfuron 328923 96.8% 11024 3.2% 0.0018 0.0035 0.0002 0.0067 312485 91.9% 27462 8.1% 0.0052 0.0114 0.0004 0.0228

pencycuron 334952 98.5% 4995 1.5% 0.0043 0.0111 0.0004 0.0497 327952 96.5% 11995 3.5% 0.0129 0.0381 0.0008 0.1499

pendimethalin 337474 99.3% 2473 0.7% 0.0376 0.0860 0.0039 0.2011 333795 98.2% 6152 1.8% 0.1042 0.2687 0.0075 0.6444

picoxystrobin 339333 99.8% 614 0.2% 0.0006 0.0012 0.0001 0.0026 338348 99.5% 1599 0.5% 0.0019 0.0042 0.0001 0.0090

pirimicarb 335321 98.6% 4626 1.4% 0.0024 0.0082 0.0002 0.0321 328255 96.6% 11692 3.4% 0.0062 0.0218 0.0004 0.0829

pirimiphos-methyl 339098 99.8% 849 0.2% 0.0113 0.0290 0.0012 0.0644 337913 99.4% 2034 0.6% 0.0306 0.0864 0.0019 0.2049

prochloraz 337776 99.4% 2171 0.6% 0.0076 0.0247 0.0008 0.1079 334467 98.4% 5480 1.6% 0.0169 0.0614 0.0014 0.3099

procymidone 339579 99.9% 368 0.1% 0.0065 0.0150 0.0007 0.0334 339013 99.7% 934 0.3% 0.0161 0.0456 0.0010 0.0949

propamocarb 333988 98.2% 5959 1.8% 0.0329 0.1247 0.0014 0.3495 325532 95.8% 14415 4.2% 0.1016 0.4148 0.0033 1.1589

propiconazole 338590 99.6% 1357 0.4% 0.0175 0.0457 0.0015 0.0922 336386 99.0% 3561 1.0% 0.0385 0.1119 0.0023 0.2553

propyzamide 336966 99.1% 2981 0.9% 0.0196 0.0483 0.0021 0.1185 332254 97.7% 7693 2.3% 0.0486 0.1417 0.0039 0.3852

prosulfocarb 335314 98.6% 4633 1.4% 0.0554 0.1368 0.0044 0.3497 328558 96.6% 11389 3.4% 0.1585 0.4561 0.0104 1.1636

prothioconazole 332788 97.9% 7159 2.1% 0.0073 0.0172 0.0007 0.0415 322189 94.8% 17758 5.2% 0.0210 0.0569 0.0014 0.1394

pymetrozine 337976 99.4% 1971 0.6% 0.0017 0.0051 0.0001 0.0156 335262 98.6% 4685 1.4% 0.0049 0.0154 0.0003 0.0464

pyraclostrobin 330204 97.1% 9743 2.9% 0.0023 0.0059 0.0002 0.0161 316560 93.1% 23387 6.9% 0.0069 0.0192 0.0005 0.0517

pyridate 338260 99.5% 1687 0.5% 0.0148 0.0323 0.0017 0.0615 335570 98.7% 4377 1.3% 0.0411 0.1016 0.0031 0.2074

pyrimethanil 337325 99.2% 2622 0.8% 0.0035 0.0283 0.0002 0.0741 333280 98.0% 6667 2.0% 0.0094 0.0718 0.0004 0.2015

quinoclamine 338590 99.6% 1357 0.4% 0.0168 0.0335 0.0021 0.0666 336386 99.0% 3561 1.0% 0.0384 0.0832 0.0037 0.1786

quizalofop-p-ethyl 339175 99.8% 772 0.2% 0.0009 0.0021 0.0001 0.0043 338000 99.4% 1947 0.6% 0.0025 0.0067 0.0002 0.0135

rimsulfuron 336306 98.9% 3641 1.1% 0.0001 0.0003 0.0000 0.0011 331001 97.4% 8946 2.6% 0.0002 0.0009 0.0000 0.0038
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Table S4.1: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 50m and 100m around mothers’ residences (cont.)

Active 
ingredient n n% % median iqr p1 p90

Not exposed

50m buffer

Exposed

s-metolachlor 326173 95.9% 13774 4.1% 0.0110 0.0265 0.0011 0.0689 306420 90.1% 33527 9.9% 0.0324 0.0867 0.0023 0.2310

spinosad 338260 99.5% 1687 0.5% 0.0061 0.0170 0.0005 0.0353 335570 98.7% 4377 1.3% 0.0172 0.0521 0.0011 0.1197

spirodiclofen 336594 99.0% 3353 1.0% 0.0010 0.0025 0.0001 0.0051 331507 97.5% 8440 2.5% 0.0025 0.0064 0.0002 0.0146

sulcotrion 334606 98.4% 5341 1.6% 0.0042 0.0095 0.0004 0.0184 326617 96.1% 13330 3.9% 0.0117 0.0299 0.0007 0.0615

tebuconazole 330349 97.2% 9598 2.8% 0.0039 0.0107 0.0003 0.0302 316340 93.1% 23607 6.9% 0.0105 0.0327 0.0007 0.0917

tebufenpyrad 339304 99.8% 643 0.2% 0.0033 0.0076 0.0005 0.0149 338237 99.5% 1710 0.5% 0.0080 0.0182 0.0008 0.0425

teflubenzuron 339175 99.8% 772 0.2% 0.0034 0.0076 0.0004 0.0158 338000 99.4% 1947 0.6% 0.0093 0.0247 0.0007 0.0494

tepraloxydin 334566 98.4% 5381 1.6% 0.0005 0.0013 0.0000 0.0033 326512 96.0% 13435 4.0% 0.0013 0.0039 0.0001 0.0103

terbuthylazine 328923 96.8% 11024 3.2% 0.0210 0.0432 0.0024 0.0876 312485 91.9% 27462 8.1% 0.0614 0.1383 0.0047 0.2906

thiacloprid 330813 97.3% 9134 2.7% 0.0024 0.0070 0.0002 0.0239 318132 93.6% 21815 6.4% 0.0069 0.0218 0.0005 0.0757

thiophanate-methyl 336396 99.0% 3551 1.0% 0.0161 0.0418 0.0013 0.1168 331071 97.4% 8876 2.6% 0.0403 0.1224 0.0026 0.3578

tolclofos-methyl 339098 99.8% 849 0.2% 0.1062 0.2230 0.0107 0.4837 337913 99.4% 2034 0.6% 0.2702 0.7002 0.0198 1.5049

topramezone 328923 96.8% 11024 3.2% 0.0008 0.0015 0.0001 0.0028 312485 91.9% 27462 8.1% 0.0022 0.0048 0.0002 0.0095

triallate 337556 99.3% 2391 0.7% 0.0025 0.0055 0.0003 0.0117 333670 98.2% 6277 1.8% 0.0076 0.0184 0.0005 0.0394

triadimenol 337227 99.2% 2720 0.8% 0.0055 0.0114 0.0007 0.0222 332954 97.9% 6993 2.1% 0.0130 0.0295 0.0012 0.0641

trifloxystrobin 332799 97.9% 7148 2.1% 0.0035 0.0080 0.0004 0.0170 322212 94.8% 17735 5.2% 0.0094 0.0237 0.0007 0.0540

triflusulfuron-methyl 336034 98.8% 3913 1.2% 0.0007 0.0025 0.0001 0.0350 329930 97.1% 10017 2.9% 0.0021 0.0082 0.0001 0.1165

vinclozolin 339579 99.9% 368 0.1% 0.0005 0.0012 0.0001 0.0028 339013 99.7% 934 0.3% 0.0013 0.0037 0.0001 0.0078

aclonifen 336524 99.0% 3423 1.0% 0.0176 0.0394 0.0017 0.0878 331444 97.5% 8503 2.5% 0.0509 0.1301 0.0040 0.3020

bixafen 335267 98.6% 4680 1.4% 0.0022 0.0050 0.0002 0.0103 328050 96.5% 11897 3.5% 0.0063 0.0159 0.0004 0.0347

chlorantraniliprole 338691 99.6% 1256 0.4% 0.0022 0.0046 0.0003 0.0089 336640 99.0% 3307 1.0% 0.0051 0.0118 0.0005 0.0258

emamectin benzoate 338691 99.6% 1256 0.4% 0.0007 0.0016 0.0001 0.0030 336640 99.0% 3307 1.0% 0.0017 0.0040 0.0002 0.0088

fenamidone 337981 99.4% 1966 0.6% 0.0016 0.0042 0.0001 0.0102 335037 98.6% 4910 1.4% 0.0039 0.0111 0.0003 0.0282

fenpropidin 337903 99.4% 2044 0.6% 0.0063 0.0144 0.0007 0.0302 334556 98.4% 5391 1.6% 0.0190 0.0473 0.0014 0.1015

imazalil 338988 99.7% 959 0.3% 0.0020 0.0043 0.0002 0.0087 337655 99.3% 2292 0.7% 0.0062 0.0152 0.0004 0.0317

mesosulfuron-methyl 336796 99.1% 3151 0.9% 0.0005 0.0011 0.0001 0.0021 331948 97.6% 7999 2.4% 0.0014 0.0035 0.0001 0.0074

penconazole 336088 98.9% 3859 1.1% 0.0011 0.0027 0.0001 0.0062 330086 97.1% 9861 2.9% 0.0027 0.0077 0.0002 0.0183

pyroxsulam 336796 99.1% 3151 0.9% 0.0004 0.0009 0.0000 0.0018 331948 97.6% 7999 2.4% 0.0012 0.0030 0.0001 0.0063

spirotetramat 336088 98.9% 3859 1.1% 0.0031 0.0091 0.0003 0.0209 330086 97.1% 9861 2.9% 0.0081 0.0260 0.0006 0.0651

tembotrione 330009 97.1% 9938 2.9% 0.0013 0.0027 0.0002 0.0052 314945 92.6% 25002 7.4% 0.0038 0.0087 0.0003 0.0177

thiamethoxam 336913 99.1% 3034 0.9% 0.0001 0.0003 0.0000 0.0019 332371 97.8% 7576 2.2% 0.0003 0.0009 0.0000 0.0060

thiram 337156 99.2% 2791 0.8% 0.2931 0.7849 0.0254 1.8486 332911 97.9% 7036 2.1% 0.7198 2.0019 0.0514 5.1584

sulphur 335643 98.7% 4304 1.3% 1.1691 2.5502 0.1236 5.2112 329006 96.8% 10941 3.2% 2.9843 7.3691 0.2359 16.2599

TOTAL 318896 93.8% 21051 6.2% 0.2723 1.2106 0.0221 4.7950 291366 85.7% 48581 14.3% 0.8462 3.9810 0.0488 15.2486
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n n% % median iqr p1 p90
Not exposed

100m buffer

Exposed

s-metolachlor 326173 95.9% 13774 4.1% 0.0110 0.0265 0.0011 0.0689 306420 90.1% 33527 9.9% 0.0324 0.0867 0.0023 0.2310

spinosad 338260 99.5% 1687 0.5% 0.0061 0.0170 0.0005 0.0353 335570 98.7% 4377 1.3% 0.0172 0.0521 0.0011 0.1197

spirodiclofen 336594 99.0% 3353 1.0% 0.0010 0.0025 0.0001 0.0051 331507 97.5% 8440 2.5% 0.0025 0.0064 0.0002 0.0146

sulcotrion 334606 98.4% 5341 1.6% 0.0042 0.0095 0.0004 0.0184 326617 96.1% 13330 3.9% 0.0117 0.0299 0.0007 0.0615

tebuconazole 330349 97.2% 9598 2.8% 0.0039 0.0107 0.0003 0.0302 316340 93.1% 23607 6.9% 0.0105 0.0327 0.0007 0.0917

tebufenpyrad 339304 99.8% 643 0.2% 0.0033 0.0076 0.0005 0.0149 338237 99.5% 1710 0.5% 0.0080 0.0182 0.0008 0.0425

teflubenzuron 339175 99.8% 772 0.2% 0.0034 0.0076 0.0004 0.0158 338000 99.4% 1947 0.6% 0.0093 0.0247 0.0007 0.0494

tepraloxydin 334566 98.4% 5381 1.6% 0.0005 0.0013 0.0000 0.0033 326512 96.0% 13435 4.0% 0.0013 0.0039 0.0001 0.0103

terbuthylazine 328923 96.8% 11024 3.2% 0.0210 0.0432 0.0024 0.0876 312485 91.9% 27462 8.1% 0.0614 0.1383 0.0047 0.2906

thiacloprid 330813 97.3% 9134 2.7% 0.0024 0.0070 0.0002 0.0239 318132 93.6% 21815 6.4% 0.0069 0.0218 0.0005 0.0757

thiophanate-methyl 336396 99.0% 3551 1.0% 0.0161 0.0418 0.0013 0.1168 331071 97.4% 8876 2.6% 0.0403 0.1224 0.0026 0.3578

tolclofos-methyl 339098 99.8% 849 0.2% 0.1062 0.2230 0.0107 0.4837 337913 99.4% 2034 0.6% 0.2702 0.7002 0.0198 1.5049

topramezone 328923 96.8% 11024 3.2% 0.0008 0.0015 0.0001 0.0028 312485 91.9% 27462 8.1% 0.0022 0.0048 0.0002 0.0095

triallate 337556 99.3% 2391 0.7% 0.0025 0.0055 0.0003 0.0117 333670 98.2% 6277 1.8% 0.0076 0.0184 0.0005 0.0394

triadimenol 337227 99.2% 2720 0.8% 0.0055 0.0114 0.0007 0.0222 332954 97.9% 6993 2.1% 0.0130 0.0295 0.0012 0.0641

trifloxystrobin 332799 97.9% 7148 2.1% 0.0035 0.0080 0.0004 0.0170 322212 94.8% 17735 5.2% 0.0094 0.0237 0.0007 0.0540

triflusulfuron-methyl 336034 98.8% 3913 1.2% 0.0007 0.0025 0.0001 0.0350 329930 97.1% 10017 2.9% 0.0021 0.0082 0.0001 0.1165

vinclozolin 339579 99.9% 368 0.1% 0.0005 0.0012 0.0001 0.0028 339013 99.7% 934 0.3% 0.0013 0.0037 0.0001 0.0078

aclonifen 336524 99.0% 3423 1.0% 0.0176 0.0394 0.0017 0.0878 331444 97.5% 8503 2.5% 0.0509 0.1301 0.0040 0.3020

bixafen 335267 98.6% 4680 1.4% 0.0022 0.0050 0.0002 0.0103 328050 96.5% 11897 3.5% 0.0063 0.0159 0.0004 0.0347

chlorantraniliprole 338691 99.6% 1256 0.4% 0.0022 0.0046 0.0003 0.0089 336640 99.0% 3307 1.0% 0.0051 0.0118 0.0005 0.0258

emamectin benzoate 338691 99.6% 1256 0.4% 0.0007 0.0016 0.0001 0.0030 336640 99.0% 3307 1.0% 0.0017 0.0040 0.0002 0.0088

fenamidone 337981 99.4% 1966 0.6% 0.0016 0.0042 0.0001 0.0102 335037 98.6% 4910 1.4% 0.0039 0.0111 0.0003 0.0282

fenpropidin 337903 99.4% 2044 0.6% 0.0063 0.0144 0.0007 0.0302 334556 98.4% 5391 1.6% 0.0190 0.0473 0.0014 0.1015

imazalil 338988 99.7% 959 0.3% 0.0020 0.0043 0.0002 0.0087 337655 99.3% 2292 0.7% 0.0062 0.0152 0.0004 0.0317

mesosulfuron-methyl 336796 99.1% 3151 0.9% 0.0005 0.0011 0.0001 0.0021 331948 97.6% 7999 2.4% 0.0014 0.0035 0.0001 0.0074

penconazole 336088 98.9% 3859 1.1% 0.0011 0.0027 0.0001 0.0062 330086 97.1% 9861 2.9% 0.0027 0.0077 0.0002 0.0183

pyroxsulam 336796 99.1% 3151 0.9% 0.0004 0.0009 0.0000 0.0018 331948 97.6% 7999 2.4% 0.0012 0.0030 0.0001 0.0063

spirotetramat 336088 98.9% 3859 1.1% 0.0031 0.0091 0.0003 0.0209 330086 97.1% 9861 2.9% 0.0081 0.0260 0.0006 0.0651

tembotrione 330009 97.1% 9938 2.9% 0.0013 0.0027 0.0002 0.0052 314945 92.6% 25002 7.4% 0.0038 0.0087 0.0003 0.0177

thiamethoxam 336913 99.1% 3034 0.9% 0.0001 0.0003 0.0000 0.0019 332371 97.8% 7576 2.2% 0.0003 0.0009 0.0000 0.0060

thiram 337156 99.2% 2791 0.8% 0.2931 0.7849 0.0254 1.8486 332911 97.9% 7036 2.1% 0.7198 2.0019 0.0514 5.1584

sulphur 335643 98.7% 4304 1.3% 1.1691 2.5502 0.1236 5.2112 329006 96.8% 10941 3.2% 2.9843 7.3691 0.2359 16.2599

TOTAL 318896 93.8% 21051 6.2% 0.2723 1.2106 0.0221 4.7950 291366 85.7% 48581 14.3% 0.8462 3.9810 0.0488 15.2486
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Table S4.2: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 250m and 500m around mothers’ residences.

Active 
ingredient n n% % median iqr p1 p90

Not exposed

250m buffer

Exposed

2,4-d 309539 91.1% 30408 8.9% 0.0260 0.0857 0.0014 0.2376 264106 77.7% 75841 22.3% 0.0613 0.2295 0.0028 0.6344

abamectin 311255 91.6% 28692 8.4% 0.0073 0.0193 0.0005 0.0441 268247 78.9% 71700 21.1% 0.0210 0.0544 0.0013 0.1250

acetamiprid 280507 82.5% 59440 17.5% 0.0069 0.0317 0.0003 0.1285 209956 61.8% 129991 38.2% 0.0246 0.1071 0.0009 0.3655

amitrol 326240 96.0% 13707 4.0% 0.4642 1.1693 0.0362 2.5568 306688 90.2% 33259 9.8% 1.1868 3.0941 0.0799 7.1968

asulam 332659 97.9% 7288 2.1% 1.4174 3.5477 0.0733 8.0524 319724 94.1% 20223 5.9% 3.0189 7.5247 0.1752 19.0223

azoxystrobin 283824 83.5% 56123 16.5% 0.0432 0.1638 0.0021 0.5366 214355 63.1% 125592 36.9% 0.1398 0.5322 0.0062 1.6676

bentazon 294733 86.7% 45214 13.3% 0.0512 0.1770 0.0022 0.5324 233945 68.8% 106002 31.2% 0.1757 0.5924 0.0076 1.6795

benthiavalicarb isopropyl 321715 94.6% 18232 5.4% 0.0277 0.0884 0.0014 0.2387 299819 88.2% 40128 11.8% 0.0721 0.2363 0.0036 0.7362

bifenazate 331775 97.6% 8172 2.4% 0.0167 0.0452 0.0011 0.1027 316237 93.0% 23710 7.0% 0.0426 0.1143 0.0025 0.2607

bifenox 325065 95.6% 14882 4.4% 0.0316 0.0773 0.0018 0.1720 303463 89.3% 36484 10.7% 0.0912 0.2227 0.0062 0.5239

bitertanol 333251 98.0% 6696 2.0% 0.0142 0.0358 0.0010 0.0871 320644 94.3% 19303 5.7% 0.0247 0.0709 0.0018 0.1929

boscalid 267012 78.5% 72935 21.5% 0.0792 0.2095 0.0044 0.4993 186430 54.8% 153517 45.2% 0.2654 0.7321 0.0134 1.7022

bupirimate 299152 88.0% 40795 12.0% 0.2353 0.7076 0.0157 1.7837 241508 71.0% 98439 29.0% 0.7135 2.2066 0.0367 5.3696

captan 295480 86.9% 44467 13.1% 1.4634 9.7909 0.0081 31.2215 235436 69.3% 104511 30.7% 4.1444 25.2923 0.0267 84.0937

carbetamide 321487 94.6% 18460 5.4% 0.4150 1.0913 0.0266 2.4449 288178 84.8% 51769 15.2% 1.1316 2.8242 0.0720 6.2981

chlorpropham 305053 89.7% 34894 10.3% 0.2083 0.6551 0.0131 1.7421 252429 74.3% 87518 25.7% 0.5804 1.8581 0.0290 4.7459

chlorothalonil 293497 86.3% 46450 13.7% 0.2003 0.7597 0.0092 2.0722 230930 67.9% 109017 32.1% 0.6504 2.3543 0.0296 6.2614

chloridazon 308251 90.7% 31696 9.3% 0.2421 0.6498 0.0136 1.5783 259853 76.4% 80094 23.6% 0.7602 1.7335 0.0459 4.1286

clomazone 304647 89.6% 35300 10.4% 0.0072 0.0260 0.0003 0.0788 251966 74.1% 87981 25.9% 0.0234 0.0825 0.0011 0.2307

clopyralid 302309 88.9% 37638 11.1% 0.0080 0.0198 0.0005 0.0447 248027 73.0% 91920 27.0% 0.0264 0.0586 0.0016 0.1283

cyazofamid 299991 88.2% 39956 11.8% 0.1131 0.2989 0.0063 0.6814 247232 72.7% 92715 27.3% 0.3649 0.9215 0.0200 2.0716

cycloxydim 316498 93.1% 23449 6.9% 0.0088 0.0364 0.0003 0.1287 281447 82.8% 58500 17.2% 0.0296 0.1045 0.0010 0.3168

florasulam 230062 67.7% 109885 32.3% 0.0006 0.0018 0.0000 0.0048 131269 38.6% 208678 61.4% 0.0026 0.0069 0.0002 0.0184

cydia pomonella gv gran-
ulosevirus

326240 96.0% 13707 4.0% 0.0021 0.0056 0.0002 0.0127 306688 90.2% 33259 9.8% 0.0054 0.0146 0.0003 0.0356

cymoxanil 299991 88.2% 39956 11.8% 0.1952 0.4950 0.0109 1.1182 247232 72.7% 92715 27.3% 0.5884 1.4236 0.0346 3.2826

cyproconazole 314189 92.4% 25758 7.6% 0.0106 0.0255 0.0006 0.0546 273416 80.4% 66531 19.6% 0.0339 0.0707 0.0021 0.1452

cyprodinil 300071 88.3% 39876 11.7% 0.1143 0.3787 0.0060 0.9451 243600 71.7% 96347 28.3% 0.3600 1.1736 0.0139 2.8097

deltamethrin 266622 78.4% 73325 21.6% 0.0024 0.0125 0.0001 0.0407 188441 55.4% 151506 44.6% 0.0104 0.0465 0.0004 0.1337

desmedipham 314189 92.4% 25758 7.6% 0.0187 0.0450 0.0011 0.0954 273416 80.4% 66531 19.6% 0.0592 0.1235 0.0037 0.2543

dicamba 297148 87.4% 42799 12.6% 0.0075 0.0175 0.0005 0.0377 250392 73.7% 89555 26.3% 0.0255 0.0547 0.0020 0.1183

difenoconazole 290775 85.5% 49172 14.5% 0.0270 0.0718 0.0016 0.1685 228778 67.3% 111169 32.7% 0.0957 0.2327 0.0058 0.5260

dimethenamid-p 232603 68.4% 107344 31.6% 0.4189 0.9544 0.0252 2.0079 128841 37.9% 211106 62.1% 1.5794 3.1416 0.1308 6.5941

dimethoate 301214 88.6% 38733 11.4% 0.0521 0.2110 0.0023 0.6795 247983 72.9% 91964 27.1% 0.1772 0.6925 0.0067 1.9854

dimethomorph 310882 91.5% 29065 8.5% 0.1865 0.7753 0.0085 2.1774 267506 78.7% 72441 21.3% 0.6549 2.4164 0.0255 6.1562
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n n% % median iqr p1 p90
Not exposed

500m buffer

Exposed

2,4-d 309539 91.1% 30408 8.9% 0.0260 0.0857 0.0014 0.2376 264106 77.7% 75841 22.3% 0.0613 0.2295 0.0028 0.6344

abamectin 311255 91.6% 28692 8.4% 0.0073 0.0193 0.0005 0.0441 268247 78.9% 71700 21.1% 0.0210 0.0544 0.0013 0.1250

acetamiprid 280507 82.5% 59440 17.5% 0.0069 0.0317 0.0003 0.1285 209956 61.8% 129991 38.2% 0.0246 0.1071 0.0009 0.3655

amitrol 326240 96.0% 13707 4.0% 0.4642 1.1693 0.0362 2.5568 306688 90.2% 33259 9.8% 1.1868 3.0941 0.0799 7.1968

asulam 332659 97.9% 7288 2.1% 1.4174 3.5477 0.0733 8.0524 319724 94.1% 20223 5.9% 3.0189 7.5247 0.1752 19.0223

azoxystrobin 283824 83.5% 56123 16.5% 0.0432 0.1638 0.0021 0.5366 214355 63.1% 125592 36.9% 0.1398 0.5322 0.0062 1.6676

bentazon 294733 86.7% 45214 13.3% 0.0512 0.1770 0.0022 0.5324 233945 68.8% 106002 31.2% 0.1757 0.5924 0.0076 1.6795

benthiavalicarb isopropyl 321715 94.6% 18232 5.4% 0.0277 0.0884 0.0014 0.2387 299819 88.2% 40128 11.8% 0.0721 0.2363 0.0036 0.7362

bifenazate 331775 97.6% 8172 2.4% 0.0167 0.0452 0.0011 0.1027 316237 93.0% 23710 7.0% 0.0426 0.1143 0.0025 0.2607

bifenox 325065 95.6% 14882 4.4% 0.0316 0.0773 0.0018 0.1720 303463 89.3% 36484 10.7% 0.0912 0.2227 0.0062 0.5239

bitertanol 333251 98.0% 6696 2.0% 0.0142 0.0358 0.0010 0.0871 320644 94.3% 19303 5.7% 0.0247 0.0709 0.0018 0.1929

boscalid 267012 78.5% 72935 21.5% 0.0792 0.2095 0.0044 0.4993 186430 54.8% 153517 45.2% 0.2654 0.7321 0.0134 1.7022

bupirimate 299152 88.0% 40795 12.0% 0.2353 0.7076 0.0157 1.7837 241508 71.0% 98439 29.0% 0.7135 2.2066 0.0367 5.3696

captan 295480 86.9% 44467 13.1% 1.4634 9.7909 0.0081 31.2215 235436 69.3% 104511 30.7% 4.1444 25.2923 0.0267 84.0937

carbetamide 321487 94.6% 18460 5.4% 0.4150 1.0913 0.0266 2.4449 288178 84.8% 51769 15.2% 1.1316 2.8242 0.0720 6.2981

chlorpropham 305053 89.7% 34894 10.3% 0.2083 0.6551 0.0131 1.7421 252429 74.3% 87518 25.7% 0.5804 1.8581 0.0290 4.7459

chlorothalonil 293497 86.3% 46450 13.7% 0.2003 0.7597 0.0092 2.0722 230930 67.9% 109017 32.1% 0.6504 2.3543 0.0296 6.2614

chloridazon 308251 90.7% 31696 9.3% 0.2421 0.6498 0.0136 1.5783 259853 76.4% 80094 23.6% 0.7602 1.7335 0.0459 4.1286

clomazone 304647 89.6% 35300 10.4% 0.0072 0.0260 0.0003 0.0788 251966 74.1% 87981 25.9% 0.0234 0.0825 0.0011 0.2307

clopyralid 302309 88.9% 37638 11.1% 0.0080 0.0198 0.0005 0.0447 248027 73.0% 91920 27.0% 0.0264 0.0586 0.0016 0.1283

cyazofamid 299991 88.2% 39956 11.8% 0.1131 0.2989 0.0063 0.6814 247232 72.7% 92715 27.3% 0.3649 0.9215 0.0200 2.0716

cycloxydim 316498 93.1% 23449 6.9% 0.0088 0.0364 0.0003 0.1287 281447 82.8% 58500 17.2% 0.0296 0.1045 0.0010 0.3168

florasulam 230062 67.7% 109885 32.3% 0.0006 0.0018 0.0000 0.0048 131269 38.6% 208678 61.4% 0.0026 0.0069 0.0002 0.0184

cydia pomonella gv gran-
ulosevirus

326240 96.0% 13707 4.0% 0.0021 0.0056 0.0002 0.0127 306688 90.2% 33259 9.8% 0.0054 0.0146 0.0003 0.0356

cymoxanil 299991 88.2% 39956 11.8% 0.1952 0.4950 0.0109 1.1182 247232 72.7% 92715 27.3% 0.5884 1.4236 0.0346 3.2826

cyproconazole 314189 92.4% 25758 7.6% 0.0106 0.0255 0.0006 0.0546 273416 80.4% 66531 19.6% 0.0339 0.0707 0.0021 0.1452

cyprodinil 300071 88.3% 39876 11.7% 0.1143 0.3787 0.0060 0.9451 243600 71.7% 96347 28.3% 0.3600 1.1736 0.0139 2.8097

deltamethrin 266622 78.4% 73325 21.6% 0.0024 0.0125 0.0001 0.0407 188441 55.4% 151506 44.6% 0.0104 0.0465 0.0004 0.1337

desmedipham 314189 92.4% 25758 7.6% 0.0187 0.0450 0.0011 0.0954 273416 80.4% 66531 19.6% 0.0592 0.1235 0.0037 0.2543

dicamba 297148 87.4% 42799 12.6% 0.0075 0.0175 0.0005 0.0377 250392 73.7% 89555 26.3% 0.0255 0.0547 0.0020 0.1183

difenoconazole 290775 85.5% 49172 14.5% 0.0270 0.0718 0.0016 0.1685 228778 67.3% 111169 32.7% 0.0957 0.2327 0.0058 0.5260

dimethenamid-p 232603 68.4% 107344 31.6% 0.4189 0.9544 0.0252 2.0079 128841 37.9% 211106 62.1% 1.5794 3.1416 0.1308 6.5941

dimethoate 301214 88.6% 38733 11.4% 0.0521 0.2110 0.0023 0.6795 247983 72.9% 91964 27.1% 0.1772 0.6925 0.0067 1.9854

dimethomorph 310882 91.5% 29065 8.5% 0.1865 0.7753 0.0085 2.1774 267506 78.7% 72441 21.3% 0.6549 2.4164 0.0255 6.1562
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Table S4.2: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 250m and 500m around mothers’ residences. (cont.)

Active 
ingredient n n% % median iqr p1 p90

Not exposed

250m buffer

Exposed

diquat 306701 90.2% 33246 9.8% 0.0795 0.3399 0.0033 0.9901 268732 79.1% 71215 20.9% 0.2959 1.2302 0.0087 3.2705

dithianon 313853 92.3% 26094 7.7% 0.2707 0.8155 0.0183 2.2926 273677 80.5% 66270 19.5% 0.5514 2.0402 0.0343 6.0155

dodine 326240 96.0% 13707 4.0% 0.3290 0.8142 0.0266 1.8101 306688 90.2% 33259 9.8% 0.8368 2.1835 0.0555 5.0749

epoxiconazole 285996 84.1% 53951 15.9% 0.0476 0.1287 0.0024 0.2920 221620 65.2% 118327 34.8% 0.1532 0.4296 0.0070 1.0010

esfenvalerate 272622 80.2% 67325 19.8% 0.0016 0.0057 0.0001 0.0313 197324 58.0% 142623 42.0% 0.0054 0.0221 0.0002 0.1210

ethofumesate 314189 92.4% 25758 7.6% 0.3609 0.8647 0.0216 1.8027 273416 80.4% 66531 19.6% 1.1487 2.3572 0.0719 4.7821

fenhexamid 310729 91.4% 29218 8.6% 0.1971 1.2199 0.0058 3.5122 263365 77.5% 76582 22.5% 0.6697 3.5643 0.0121 9.5547

phenmedipham 286722 84.3% 53225 15.7% 0.2660 0.6648 0.0159 1.4937 217753 64.1% 122194 35.9% 0.8757 2.0948 0.0509 4.5501

fenoxycarb 326240 96.0% 13707 4.0% 0.0406 0.1168 0.0029 0.3219 306688 90.2% 33259 9.8% 0.1029 0.3097 0.0062 0.8662

fenpropimorph 276138 81.2% 63809 18.8% 0.0942 0.2516 0.0047 0.5609 203621 59.9% 136326 40.1% 0.3214 0.8717 0.0145 1.9526

flonicamid 289810 85.3% 50137 14.7% 0.0117 0.0339 0.0007 0.0934 223494 65.7% 116453 34.3% 0.0317 0.0974 0.0018 0.2735

fluazifop-p-butyl 293922 86.5% 46025 13.5% 0.0220 0.0874 0.0006 0.2948 232980 68.5% 106967 31.5% 0.0785 0.2816 0.0024 0.8746

fluazinam 295125 86.8% 44822 13.2% 0.1924 0.6058 0.0100 1.9038 237912 70.0% 102035 30.0% 0.6762 2.0046 0.0358 5.7720

fludioxonil 300071 88.3% 39876 11.7% 0.0744 0.2469 0.0040 0.6214 243600 71.7% 96347 28.3% 0.2360 0.7683 0.0092 1.8473

fluopicolide 300946 88.5% 39001 11.5% 0.1009 0.2710 0.0057 0.6529 248689 73.2% 91258 26.8% 0.3516 0.8898 0.0194 1.9730

fluoxastrobin 319594 94.0% 20353 6.0% 0.0175 0.0575 0.0009 0.1982 285646 84.0% 54301 16.0% 0.0372 0.1377 0.0022 0.5156

fluroxypyr 259786 76.4% 80161 23.6% 0.0189 0.0473 0.0011 0.1076 178896 52.6% 161051 47.4% 0.0718 0.1647 0.0048 0.3672

folpet 320683 94.3% 19264 5.7% 0.1645 0.6320 0.0090 2.5436 287422 84.5% 52525 15.5% 0.3462 1.5293 0.0167 5.6460

foramsulfuron 297148 87.4% 42799 12.6% 0.0054 0.0126 0.0003 0.0272 250392 73.7% 89555 26.3% 0.0184 0.0395 0.0014 0.0854

fosetyl 326086 95.9% 13861 4.1% 0.1071 0.2916 0.0074 0.6764 302924 89.1% 37023 10.9% 0.2631 0.7585 0.0157 1.8269

glufosinate 323873 95.3% 16074 4.7% 0.0620 0.1651 0.0042 0.3916 300090 88.3% 39857 11.7% 0.1478 0.4180 0.0094 1.0497

glyphosate 257674 75.8% 82273 24.2% 0.3026 0.9830 0.0131 2.6007 174402 51.3% 165545 48.7% 1.1434 3.5767 0.0452 8.8230

haloxyfop-p-methyl 315548 92.8% 24399 7.2% 0.0117 0.0336 0.0007 0.0920 282391 83.1% 57556 16.9% 0.0346 0.0984 0.0020 0.2652

imidacloprid 305779 89.9% 34168 10.1% 0.0160 0.0414 0.0010 0.0989 256611 75.5% 83336 24.5% 0.0389 0.1082 0.0025 0.2783

indoxacarb 308343 90.7% 31604 9.3% 0.0092 0.0245 0.0006 0.0609 261368 76.9% 78579 23.1% 0.0219 0.0642 0.0013 0.1661

iodosulfuron-methyl-sodium 271289 79.8% 68658 20.2% 0.0004 0.0020 0.0000 0.0071 199523 58.7% 140424 41.3% 0.0017 0.0085 0.0001 0.0250

ioxynil octanoate 321487 94.6% 18460 5.4% 0.0744 0.2040 0.0047 0.4723 288178 84.8% 51769 15.2% 0.2029 0.5243 0.0125 1.2195

iprodion 305624 89.9% 34323 10.1% 0.1371 0.3666 0.0089 0.8561 253391 74.5% 86556 25.5% 0.3684 1.0302 0.0209 2.4244

isoproturon 325065 95.6% 14882 4.4% 0.4965 1.2154 0.0282 2.7025 303463 89.3% 36484 10.7% 1.4334 3.4994 0.0973 8.2334

copper oxychloride 333161 98.0% 6786 2.0% 0.0438 0.1169 0.0031 0.2632 323391 95.1% 16556 4.9% 0.1037 0.3026 0.0063 0.7267

kresoxim-methyl 281203 82.7% 58744 17.3% 0.0369 0.1191 0.0018 0.2904 210462 61.9% 129485 38.1% 0.1213 0.3745 0.0061 0.9026

lambda-cyhalothrin 267208 78.6% 72739 21.4% 0.0034 0.0144 0.0001 0.0582 189300 55.7% 150647 44.3% 0.0131 0.0602 0.0005 0.1996

linuron 276692 81.4% 63255 18.6% 0.2715 0.6603 0.0166 1.4673 203802 60.0% 136145 40.0% 0.8818 2.1719 0.0512 4.7475

mancozeb 267966 78.8% 71981 21.2% 2.4232 7.0766 0.1374 18.3878 190371 56.0% 149576 44.0% 8.3090 23.7082 0.3911 59.4721

fluroxypyr-meptyl 230046 67.7% 109901 32.3% 0.0804 0.1784 0.0053 0.3769 132340 38.9% 207607 61.1% 0.3198 0.6546 0.0258 1.3411

fosetyl-al 321568 94.6% 18379 5.4% 0.1345 0.3678 0.0082 0.9262 289578 85.2% 50369 14.8% 0.2640 0.7572 0.0178 2.1761
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n n% % median iqr p1 p90
Not exposed

500m buffer

Exposed

diquat 306701 90.2% 33246 9.8% 0.0795 0.3399 0.0033 0.9901 268732 79.1% 71215 20.9% 0.2959 1.2302 0.0087 3.2705

dithianon 313853 92.3% 26094 7.7% 0.2707 0.8155 0.0183 2.2926 273677 80.5% 66270 19.5% 0.5514 2.0402 0.0343 6.0155

dodine 326240 96.0% 13707 4.0% 0.3290 0.8142 0.0266 1.8101 306688 90.2% 33259 9.8% 0.8368 2.1835 0.0555 5.0749

epoxiconazole 285996 84.1% 53951 15.9% 0.0476 0.1287 0.0024 0.2920 221620 65.2% 118327 34.8% 0.1532 0.4296 0.0070 1.0010

esfenvalerate 272622 80.2% 67325 19.8% 0.0016 0.0057 0.0001 0.0313 197324 58.0% 142623 42.0% 0.0054 0.0221 0.0002 0.1210

ethofumesate 314189 92.4% 25758 7.6% 0.3609 0.8647 0.0216 1.8027 273416 80.4% 66531 19.6% 1.1487 2.3572 0.0719 4.7821

fenhexamid 310729 91.4% 29218 8.6% 0.1971 1.2199 0.0058 3.5122 263365 77.5% 76582 22.5% 0.6697 3.5643 0.0121 9.5547

phenmedipham 286722 84.3% 53225 15.7% 0.2660 0.6648 0.0159 1.4937 217753 64.1% 122194 35.9% 0.8757 2.0948 0.0509 4.5501

fenoxycarb 326240 96.0% 13707 4.0% 0.0406 0.1168 0.0029 0.3219 306688 90.2% 33259 9.8% 0.1029 0.3097 0.0062 0.8662

fenpropimorph 276138 81.2% 63809 18.8% 0.0942 0.2516 0.0047 0.5609 203621 59.9% 136326 40.1% 0.3214 0.8717 0.0145 1.9526

flonicamid 289810 85.3% 50137 14.7% 0.0117 0.0339 0.0007 0.0934 223494 65.7% 116453 34.3% 0.0317 0.0974 0.0018 0.2735

fluazifop-p-butyl 293922 86.5% 46025 13.5% 0.0220 0.0874 0.0006 0.2948 232980 68.5% 106967 31.5% 0.0785 0.2816 0.0024 0.8746

fluazinam 295125 86.8% 44822 13.2% 0.1924 0.6058 0.0100 1.9038 237912 70.0% 102035 30.0% 0.6762 2.0046 0.0358 5.7720

fludioxonil 300071 88.3% 39876 11.7% 0.0744 0.2469 0.0040 0.6214 243600 71.7% 96347 28.3% 0.2360 0.7683 0.0092 1.8473

fluopicolide 300946 88.5% 39001 11.5% 0.1009 0.2710 0.0057 0.6529 248689 73.2% 91258 26.8% 0.3516 0.8898 0.0194 1.9730

fluoxastrobin 319594 94.0% 20353 6.0% 0.0175 0.0575 0.0009 0.1982 285646 84.0% 54301 16.0% 0.0372 0.1377 0.0022 0.5156

fluroxypyr 259786 76.4% 80161 23.6% 0.0189 0.0473 0.0011 0.1076 178896 52.6% 161051 47.4% 0.0718 0.1647 0.0048 0.3672

folpet 320683 94.3% 19264 5.7% 0.1645 0.6320 0.0090 2.5436 287422 84.5% 52525 15.5% 0.3462 1.5293 0.0167 5.6460

foramsulfuron 297148 87.4% 42799 12.6% 0.0054 0.0126 0.0003 0.0272 250392 73.7% 89555 26.3% 0.0184 0.0395 0.0014 0.0854

fosetyl 326086 95.9% 13861 4.1% 0.1071 0.2916 0.0074 0.6764 302924 89.1% 37023 10.9% 0.2631 0.7585 0.0157 1.8269

glufosinate 323873 95.3% 16074 4.7% 0.0620 0.1651 0.0042 0.3916 300090 88.3% 39857 11.7% 0.1478 0.4180 0.0094 1.0497

glyphosate 257674 75.8% 82273 24.2% 0.3026 0.9830 0.0131 2.6007 174402 51.3% 165545 48.7% 1.1434 3.5767 0.0452 8.8230

haloxyfop-p-methyl 315548 92.8% 24399 7.2% 0.0117 0.0336 0.0007 0.0920 282391 83.1% 57556 16.9% 0.0346 0.0984 0.0020 0.2652

imidacloprid 305779 89.9% 34168 10.1% 0.0160 0.0414 0.0010 0.0989 256611 75.5% 83336 24.5% 0.0389 0.1082 0.0025 0.2783

indoxacarb 308343 90.7% 31604 9.3% 0.0092 0.0245 0.0006 0.0609 261368 76.9% 78579 23.1% 0.0219 0.0642 0.0013 0.1661

iodosulfuron-methyl-sodium 271289 79.8% 68658 20.2% 0.0004 0.0020 0.0000 0.0071 199523 58.7% 140424 41.3% 0.0017 0.0085 0.0001 0.0250

ioxynil octanoate 321487 94.6% 18460 5.4% 0.0744 0.2040 0.0047 0.4723 288178 84.8% 51769 15.2% 0.2029 0.5243 0.0125 1.2195

iprodion 305624 89.9% 34323 10.1% 0.1371 0.3666 0.0089 0.8561 253391 74.5% 86556 25.5% 0.3684 1.0302 0.0209 2.4244

isoproturon 325065 95.6% 14882 4.4% 0.4965 1.2154 0.0282 2.7025 303463 89.3% 36484 10.7% 1.4334 3.4994 0.0973 8.2334

copper oxychloride 333161 98.0% 6786 2.0% 0.0438 0.1169 0.0031 0.2632 323391 95.1% 16556 4.9% 0.1037 0.3026 0.0063 0.7267

kresoxim-methyl 281203 82.7% 58744 17.3% 0.0369 0.1191 0.0018 0.2904 210462 61.9% 129485 38.1% 0.1213 0.3745 0.0061 0.9026

lambda-cyhalothrin 267208 78.6% 72739 21.4% 0.0034 0.0144 0.0001 0.0582 189300 55.7% 150647 44.3% 0.0131 0.0602 0.0005 0.1996

linuron 276692 81.4% 63255 18.6% 0.2715 0.6603 0.0166 1.4673 203802 60.0% 136145 40.0% 0.8818 2.1719 0.0512 4.7475

mancozeb 267966 78.8% 71981 21.2% 2.4232 7.0766 0.1374 18.3878 190371 56.0% 149576 44.0% 8.3090 23.7082 0.3911 59.4721

fluroxypyr-meptyl 230046 67.7% 109901 32.3% 0.0804 0.1784 0.0053 0.3769 132340 38.9% 207607 61.1% 0.3198 0.6546 0.0258 1.3411

fosetyl-al 321568 94.6% 18379 5.4% 0.1345 0.3678 0.0082 0.9262 289578 85.2% 50369 14.8% 0.2640 0.7572 0.0178 2.1761
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Table S4.2: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 250m and 500m around mothers’ residences. (cont.)

Active 
ingredient n n% % median iqr p1 p90

Not exposed

250m buffer

Exposed

glufosinate-ammonium 304125 89.5% 35822 10.5% 0.0737 0.2025 0.0046 0.4953 253719 74.6% 86228 25.4% 0.1927 0.5338 0.0123 1.3493

mandipropamid 299991 88.2% 39956 11.8% 0.2270 0.5586 0.0136 1.2903 247232 72.7% 92715 27.3% 0.7715 1.8368 0.0457 3.9328

maneb 320683 94.3% 19264 5.7% 0.0505 1.9702 0.0019 12.3480 287422 84.5% 52525 15.5% 0.1060 4.9588 0.0034 26.9584

mcpa 268928 79.1% 71019 20.9% 0.2499 0.6893 0.0132 1.5949 189563 55.8% 150384 44.2% 0.8461 2.3196 0.0400 5.2937

mecoprop-p 303855 89.4% 36092 10.6% 0.0343 0.0891 0.0021 0.2156 254438 74.8% 85509 25.2% 0.0859 0.2449 0.0057 0.6373

mepanipyrim 308479 90.7% 31468 9.3% 0.1268 0.6404 0.0047 1.9035 259300 76.3% 80647 23.7% 0.4148 1.9498 0.0112 5.2854

mesotrione 247871 72.9% 92076 27.1% 0.0412 0.0880 0.0029 0.1849 151114 44.5% 188833 55.5% 0.1423 0.2779 0.0130 0.5883

metalaxyl-m 305053 89.7% 34894 10.3% 0.0408 0.1112 0.0025 0.2722 252429 74.3% 87518 25.7% 0.1044 0.2912 0.0065 0.7285

metamitron 297218 87.4% 42729 12.6% 0.7422 1.9622 0.0441 4.4325 235033 69.1% 104914 30.9% 2.2727 5.5138 0.1255 12.0110

metazachlor 309734 91.1% 30213 8.9% 0.2506 0.6253 0.0175 1.4371 260991 76.8% 78956 23.2% 0.6472 1.6987 0.0417 3.8965

methiocarb 331775 97.6% 8172 2.4% 0.0898 0.2430 0.0060 0.5515 316237 93.0% 23710 7.0% 0.2289 0.6139 0.0134 1.4006

methoxyfenozide 326240 96.0% 13707 4.0% 0.0375 0.0954 0.0030 0.2097 306688 90.2% 33259 9.8% 0.0966 0.2515 0.0065 0.5888

metiram 317661 93.4% 22286 6.6% 0.1417 0.4112 0.0090 1.2428 282208 83.0% 57739 17.0% 0.2955 0.9971 0.0177 3.2207

metoxuron 331775 97.6% 8172 2.4% 0.0986 0.2668 0.0065 0.6055 316237 93.0% 23710 7.0% 0.2513 0.6740 0.0147 1.5377

metribuzin 289774 85.2% 50173 14.8% 0.1358 0.3238 0.0082 0.7055 227769 67.0% 112178 33.0% 0.4555 1.0582 0.0275 2.2514

metsulfuron-methyl 307234 90.4% 32713 9.6% 0.0045 0.0204 0.0002 0.0816 256575 75.5% 83372 24.5% 0.0109 0.0555 0.0005 0.2315

nicosulfuron 247871 72.9% 92076 27.1% 0.0215 0.0453 0.0015 0.0935 151114 44.5% 188833 55.5% 0.0744 0.1420 0.0069 0.2971

pencycuron 299991 88.2% 39956 11.8% 0.0540 0.1620 0.0028 0.6358 247232 72.7% 92715 27.3% 0.1580 0.5003 0.0082 2.0125

pendimethalin 316142 93.0% 23805 7.0% 0.3204 0.9210 0.0188 2.3030 277199 81.5% 62748 18.5% 0.8360 2.3726 0.0471 5.9775

picoxystrobin 333708 98.2% 6239 1.8% 0.0059 0.0148 0.0004 0.0327 321272 94.5% 18675 5.5% 0.0129 0.0306 0.0009 0.0690

pirimicarb 297065 87.4% 42882 12.6% 0.0199 0.0790 0.0010 0.3065 237973 70.0% 101974 30.0% 0.0506 0.2129 0.0026 0.8319

pirimiphos-methyl 332659 97.9% 7288 2.1% 0.1014 0.3020 0.0044 0.7094 319724 94.1% 20223 5.9% 0.2294 0.6350 0.0109 1.6627

prochloraz 319616 94.0% 20331 6.0% 0.0472 0.1961 0.0029 1.0082 284498 83.7% 55449 16.3% 0.0967 0.5052 0.0054 2.1850

procymidone 336606 99.0% 3341 1.0% 0.0531 0.1517 0.0029 0.3512 330879 97.3% 9068 2.7% 0.1180 0.3161 0.0064 0.8254

propamocarb 291541 85.8% 48406 14.2% 0.5038 1.9051 0.0101 4.7872 229960 67.6% 109987 32.4% 1.9234 6.6439 0.0269 15.1029

propiconazole 325989 95.9% 13958 4.1% 0.1106 0.3162 0.0051 0.7900 299914 88.2% 40033 11.8% 0.1990 0.6266 0.0089 1.7200

propyzamide 309734 91.1% 30213 8.9% 0.1578 0.5085 0.0099 1.3483 260991 76.8% 78956 23.2% 0.4460 1.4894 0.0208 3.7363

prosulfocarb 298470 87.8% 41477 12.2% 0.6252 1.8768 0.0304 4.5360 241991 71.2% 97956 28.8% 2.1570 6.1899 0.0930 13.8983

prothioconazole 279497 82.2% 60450 17.8% 0.0888 0.2358 0.0050 0.5901 206876 60.9% 133071 39.1% 0.2991 0.8113 0.0175 1.9647

pymetrozine 322840 95.0% 17107 5.0% 0.0151 0.0545 0.0008 0.1622 295618 87.0% 44329 13.0% 0.0402 0.1413 0.0018 0.3963

pyraclostrobin 265622 78.1% 74325 21.9% 0.0321 0.0878 0.0018 0.2315 190096 55.9% 149851 44.1% 0.1202 0.3334 0.0066 0.8054

pyridate 321487 94.6% 18460 5.4% 0.1275 0.3348 0.0082 0.7502 288178 84.8% 51769 15.2% 0.3472 0.8655 0.0221 1.9291

pyrimethanil 314920 92.6% 25027 7.4% 0.0308 0.2414 0.0009 0.7575 276503 81.3% 63444 18.7% 0.0572 0.5797 0.0015 1.9549

quinoclamine 325989 95.9% 13958 4.1% 0.1055 0.2405 0.0075 0.5721 299914 88.2% 40033 11.8% 0.1841 0.4875 0.0149 1.2944

quizalofop-p-ethyl 331775 97.6% 8172 2.4% 0.0078 0.0211 0.0005 0.0478 316237 93.0% 23710 7.0% 0.0199 0.0533 0.0012 0.1215

rimsulfuron 308902 90.9% 31045 9.1% 0.0007 0.0028 0.0000 0.0146 262954 77.4% 76993 22.6% 0.0016 0.0057 0.0001 0.0350
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n n% % median iqr p1 p90
Not exposed

500m buffer

Exposed

glufosinate-ammonium 304125 89.5% 35822 10.5% 0.0737 0.2025 0.0046 0.4953 253719 74.6% 86228 25.4% 0.1927 0.5338 0.0123 1.3493

mandipropamid 299991 88.2% 39956 11.8% 0.2270 0.5586 0.0136 1.2903 247232 72.7% 92715 27.3% 0.7715 1.8368 0.0457 3.9328

maneb 320683 94.3% 19264 5.7% 0.0505 1.9702 0.0019 12.3480 287422 84.5% 52525 15.5% 0.1060 4.9588 0.0034 26.9584

mcpa 268928 79.1% 71019 20.9% 0.2499 0.6893 0.0132 1.5949 189563 55.8% 150384 44.2% 0.8461 2.3196 0.0400 5.2937

mecoprop-p 303855 89.4% 36092 10.6% 0.0343 0.0891 0.0021 0.2156 254438 74.8% 85509 25.2% 0.0859 0.2449 0.0057 0.6373

mepanipyrim 308479 90.7% 31468 9.3% 0.1268 0.6404 0.0047 1.9035 259300 76.3% 80647 23.7% 0.4148 1.9498 0.0112 5.2854

mesotrione 247871 72.9% 92076 27.1% 0.0412 0.0880 0.0029 0.1849 151114 44.5% 188833 55.5% 0.1423 0.2779 0.0130 0.5883

metalaxyl-m 305053 89.7% 34894 10.3% 0.0408 0.1112 0.0025 0.2722 252429 74.3% 87518 25.7% 0.1044 0.2912 0.0065 0.7285

metamitron 297218 87.4% 42729 12.6% 0.7422 1.9622 0.0441 4.4325 235033 69.1% 104914 30.9% 2.2727 5.5138 0.1255 12.0110

metazachlor 309734 91.1% 30213 8.9% 0.2506 0.6253 0.0175 1.4371 260991 76.8% 78956 23.2% 0.6472 1.6987 0.0417 3.8965

methiocarb 331775 97.6% 8172 2.4% 0.0898 0.2430 0.0060 0.5515 316237 93.0% 23710 7.0% 0.2289 0.6139 0.0134 1.4006

methoxyfenozide 326240 96.0% 13707 4.0% 0.0375 0.0954 0.0030 0.2097 306688 90.2% 33259 9.8% 0.0966 0.2515 0.0065 0.5888

metiram 317661 93.4% 22286 6.6% 0.1417 0.4112 0.0090 1.2428 282208 83.0% 57739 17.0% 0.2955 0.9971 0.0177 3.2207

metoxuron 331775 97.6% 8172 2.4% 0.0986 0.2668 0.0065 0.6055 316237 93.0% 23710 7.0% 0.2513 0.6740 0.0147 1.5377

metribuzin 289774 85.2% 50173 14.8% 0.1358 0.3238 0.0082 0.7055 227769 67.0% 112178 33.0% 0.4555 1.0582 0.0275 2.2514

metsulfuron-methyl 307234 90.4% 32713 9.6% 0.0045 0.0204 0.0002 0.0816 256575 75.5% 83372 24.5% 0.0109 0.0555 0.0005 0.2315

nicosulfuron 247871 72.9% 92076 27.1% 0.0215 0.0453 0.0015 0.0935 151114 44.5% 188833 55.5% 0.0744 0.1420 0.0069 0.2971

pencycuron 299991 88.2% 39956 11.8% 0.0540 0.1620 0.0028 0.6358 247232 72.7% 92715 27.3% 0.1580 0.5003 0.0082 2.0125

pendimethalin 316142 93.0% 23805 7.0% 0.3204 0.9210 0.0188 2.3030 277199 81.5% 62748 18.5% 0.8360 2.3726 0.0471 5.9775

picoxystrobin 333708 98.2% 6239 1.8% 0.0059 0.0148 0.0004 0.0327 321272 94.5% 18675 5.5% 0.0129 0.0306 0.0009 0.0690

pirimicarb 297065 87.4% 42882 12.6% 0.0199 0.0790 0.0010 0.3065 237973 70.0% 101974 30.0% 0.0506 0.2129 0.0026 0.8319

pirimiphos-methyl 332659 97.9% 7288 2.1% 0.1014 0.3020 0.0044 0.7094 319724 94.1% 20223 5.9% 0.2294 0.6350 0.0109 1.6627

prochloraz 319616 94.0% 20331 6.0% 0.0472 0.1961 0.0029 1.0082 284498 83.7% 55449 16.3% 0.0967 0.5052 0.0054 2.1850

procymidone 336606 99.0% 3341 1.0% 0.0531 0.1517 0.0029 0.3512 330879 97.3% 9068 2.7% 0.1180 0.3161 0.0064 0.8254

propamocarb 291541 85.8% 48406 14.2% 0.5038 1.9051 0.0101 4.7872 229960 67.6% 109987 32.4% 1.9234 6.6439 0.0269 15.1029

propiconazole 325989 95.9% 13958 4.1% 0.1106 0.3162 0.0051 0.7900 299914 88.2% 40033 11.8% 0.1990 0.6266 0.0089 1.7200

propyzamide 309734 91.1% 30213 8.9% 0.1578 0.5085 0.0099 1.3483 260991 76.8% 78956 23.2% 0.4460 1.4894 0.0208 3.7363

prosulfocarb 298470 87.8% 41477 12.2% 0.6252 1.8768 0.0304 4.5360 241991 71.2% 97956 28.8% 2.1570 6.1899 0.0930 13.8983

prothioconazole 279497 82.2% 60450 17.8% 0.0888 0.2358 0.0050 0.5901 206876 60.9% 133071 39.1% 0.2991 0.8113 0.0175 1.9647

pymetrozine 322840 95.0% 17107 5.0% 0.0151 0.0545 0.0008 0.1622 295618 87.0% 44329 13.0% 0.0402 0.1413 0.0018 0.3963

pyraclostrobin 265622 78.1% 74325 21.9% 0.0321 0.0878 0.0018 0.2315 190096 55.9% 149851 44.1% 0.1202 0.3334 0.0066 0.8054

pyridate 321487 94.6% 18460 5.4% 0.1275 0.3348 0.0082 0.7502 288178 84.8% 51769 15.2% 0.3472 0.8655 0.0221 1.9291

pyrimethanil 314920 92.6% 25027 7.4% 0.0308 0.2414 0.0009 0.7575 276503 81.3% 63444 18.7% 0.0572 0.5797 0.0015 1.9549

quinoclamine 325989 95.9% 13958 4.1% 0.1055 0.2405 0.0075 0.5721 299914 88.2% 40033 11.8% 0.1841 0.4875 0.0149 1.2944

quizalofop-p-ethyl 331775 97.6% 8172 2.4% 0.0078 0.0211 0.0005 0.0478 316237 93.0% 23710 7.0% 0.0199 0.0533 0.0012 0.1215

rimsulfuron 308902 90.9% 31045 9.1% 0.0007 0.0028 0.0000 0.0146 262954 77.4% 76993 22.6% 0.0016 0.0057 0.0001 0.0350
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Table S4.2: Number of exposed and unexposed mothers to each of the 139 active in-
gredients included in the study and measures of center and spread for the exposed 
mothers in 250m and 500m around mothers’ residences. (cont.)

Active 
ingredient n n% % median iqr p1 p90

Not exposed

250m buffer

Exposed

s-metolachlor 231807 68.2% 108140 31.8% 0.1440 0.3911 0.0083 1.0256 130425 38.4% 209522 61.6% 0.5874 1.5222 0.0395 3.6989

spinosad 321487 94.6% 18460 5.4% 0.0551 0.1743 0.0029 0.4212 288178 84.8% 51769 15.2% 0.1522 0.4512 0.0076 1.0828

spirodiclofen 308343 90.7% 31604 9.3% 0.0081 0.0220 0.0005 0.0539 261368 76.9% 78579 23.1% 0.0191 0.0549 0.0012 0.1440

sulcotrion 294928 86.8% 45019 13.2% 0.0467 0.1154 0.0026 0.2498 246284 72.4% 93663 27.6% 0.1607 0.3634 0.0101 0.7873

tebuconazole 263109 77.4% 76838 22.6% 0.0474 0.1398 0.0026 0.3941 181305 53.3% 158642 46.7% 0.1773 0.5292 0.0090 1.3670

tebufenpyrad 333251 98.0% 6696 2.0% 0.0208 0.0525 0.0015 0.1278 320644 94.3% 19303 5.7% 0.0362 0.1040 0.0027 0.2828

teflubenzuron 331775 97.6% 8172 2.4% 0.0286 0.0773 0.0019 0.1753 316237 93.0% 23710 7.0% 0.0728 0.1952 0.0043 0.4453

tepraloxydin 290640 85.5% 49307 14.5% 0.0048 0.0145 0.0003 0.0393 224806 66.1% 115141 33.9% 0.0157 0.0458 0.0008 0.1180

terbuthylazine 247871 72.9% 92076 27.1% 0.2523 0.5550 0.0169 1.1934 151114 44.5% 188833 55.5% 0.8716 1.7619 0.0775 3.8029

thiacloprid 269612 79.3% 70335 20.7% 0.0310 0.0993 0.0018 0.3296 192853 56.7% 147094 43.3% 0.1139 0.3844 0.0053 1.1314

thiophanate-methyl 307087 90.3% 32860 9.7% 0.1325 0.4344 0.0074 1.2737 258434 76.0% 81513 24.0% 0.3755 1.2446 0.0174 3.4418

tolclofos-methyl 332659 97.9% 7288 2.1% 0.9212 2.3667 0.0485 5.4862 319724 94.1% 20223 5.9% 1.9555 4.9578 0.1150 13.0430

topramezone 247871 72.9% 92076 27.1% 0.0090 0.0189 0.0006 0.0391 151114 44.5% 188833 55.5% 0.0311 0.0593 0.0029 0.1239

triallate 314189 92.4% 25758 7.6% 0.0285 0.0680 0.0017 0.1416 273416 80.4% 66531 19.6% 0.0905 0.1860 0.0057 0.3758

triadimenol 313853 92.3% 26094 7.7% 0.0404 0.1004 0.0031 0.2333 273677 80.5% 66270 19.5% 0.0870 0.2395 0.0062 0.6156

trifloxystrobin 277795 81.7% 62152 18.3% 0.0359 0.0916 0.0022 0.2137 204395 60.1% 135552 39.9% 0.1199 0.2933 0.0072 0.6670

triflusulfuron-methyl 300959 88.5% 38988 11.5% 0.0079 0.0385 0.0004 0.4737 245406 72.2% 94541 27.8% 0.0259 0.1703 0.0012 1.5279

vinclozolin 336606 99.0% 3341 1.0% 0.0044 0.0125 0.0002 0.0289 330879 97.3% 9068 2.7% 0.0097 0.0260 0.0005 0.0679

aclonifen 309977 91.2% 29970 8.8% 0.2239 0.5491 0.0136 1.2034 264798 77.9% 75149 22.1% 0.6815 1.6340 0.0407 3.4524

bixafen 298356 87.8% 41591 12.2% 0.0254 0.0641 0.0015 0.1438 242777 71.4% 97170 28.6% 0.0755 0.1983 0.0047 0.4625

chlorantraniliprole 327443 96.3% 12504 3.7% 0.0175 0.0447 0.0013 0.1022 309651 91.1% 30296 8.9% 0.0448 0.1184 0.0029 0.2837

emamectin benzoate 327443 96.3% 12504 3.7% 0.0060 0.0152 0.0004 0.0348 309651 91.1% 30296 8.9% 0.0153 0.0404 0.0010 0.0967

fenamidone 321568 94.6% 18379 5.4% 0.0126 0.0353 0.0007 0.0893 289578 85.2% 50369 14.8% 0.0249 0.0727 0.0017 0.2084

fenpropidin 317508 93.4% 22439 6.6% 0.0701 0.1703 0.0041 0.3601 280534 82.5% 59413 17.5% 0.2148 0.4512 0.0134 0.9314

imazalil 331788 97.6% 8159 2.4% 0.0226 0.0562 0.0013 0.1232 319165 93.9% 20782 6.1% 0.0610 0.1516 0.0035 0.3384

mesosulfuron-methyl 310418 91.3% 29529 8.7% 0.0053 0.0133 0.0003 0.0297 269662 79.3% 70285 20.7% 0.0171 0.0408 0.0011 0.0911

penconazole 302788 89.1% 37159 10.9% 0.0095 0.0265 0.0006 0.0640 249753 73.5% 90194 26.5% 0.0272 0.0738 0.0017 0.1796

pyroxsulam 310418 91.3% 29529 8.7% 0.0046 0.0114 0.0003 0.0254 269662 79.3% 70285 20.7% 0.0146 0.0348 0.0010 0.0779

spirotetramat 302788 89.1% 37159 10.9% 0.0289 0.1002 0.0015 0.2513 249753 73.5% 90194 26.5% 0.0874 0.2975 0.0033 0.7306

tembotrione 255159 75.1% 84788 24.9% 0.0155 0.0342 0.0010 0.0716 164701 48.4% 175246 51.6% 0.0531 0.1077 0.0044 0.2272

thiamethoxam 311569 91.7% 28378 8.3% 0.0009 0.0034 0.0000 0.0202 268078 78.9% 71869 21.1% 0.0024 0.0089 0.0001 0.0547

thiram 313586 92.2% 26361 7.8% 2.2419 6.5093 0.1330 17.5267 272468 80.2% 67479 19.8% 5.0638 15.2667 0.3128 43.8247

sulphur 299152 88.0% 40795 12.0% 10.0782 26.7393 0.6973 62.3696 241508 71.0% 98439 29.0% 29.1116 79.1952 1.6727 182.7477

TOTAL 202850 59.7% 137097 40.3% 4.4123 23.0183 0.2150 77.1551 101783 29.9% 238164 70.1% 22.2086 110.5192 1.0250 312.9242
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n n% % median iqr p1 p90
Not exposed

500m buffer

Exposed

s-metolachlor 231807 68.2% 108140 31.8% 0.1440 0.3911 0.0083 1.0256 130425 38.4% 209522 61.6% 0.5874 1.5222 0.0395 3.6989

spinosad 321487 94.6% 18460 5.4% 0.0551 0.1743 0.0029 0.4212 288178 84.8% 51769 15.2% 0.1522 0.4512 0.0076 1.0828

spirodiclofen 308343 90.7% 31604 9.3% 0.0081 0.0220 0.0005 0.0539 261368 76.9% 78579 23.1% 0.0191 0.0549 0.0012 0.1440

sulcotrion 294928 86.8% 45019 13.2% 0.0467 0.1154 0.0026 0.2498 246284 72.4% 93663 27.6% 0.1607 0.3634 0.0101 0.7873

tebuconazole 263109 77.4% 76838 22.6% 0.0474 0.1398 0.0026 0.3941 181305 53.3% 158642 46.7% 0.1773 0.5292 0.0090 1.3670

tebufenpyrad 333251 98.0% 6696 2.0% 0.0208 0.0525 0.0015 0.1278 320644 94.3% 19303 5.7% 0.0362 0.1040 0.0027 0.2828

teflubenzuron 331775 97.6% 8172 2.4% 0.0286 0.0773 0.0019 0.1753 316237 93.0% 23710 7.0% 0.0728 0.1952 0.0043 0.4453

tepraloxydin 290640 85.5% 49307 14.5% 0.0048 0.0145 0.0003 0.0393 224806 66.1% 115141 33.9% 0.0157 0.0458 0.0008 0.1180

terbuthylazine 247871 72.9% 92076 27.1% 0.2523 0.5550 0.0169 1.1934 151114 44.5% 188833 55.5% 0.8716 1.7619 0.0775 3.8029

thiacloprid 269612 79.3% 70335 20.7% 0.0310 0.0993 0.0018 0.3296 192853 56.7% 147094 43.3% 0.1139 0.3844 0.0053 1.1314

thiophanate-methyl 307087 90.3% 32860 9.7% 0.1325 0.4344 0.0074 1.2737 258434 76.0% 81513 24.0% 0.3755 1.2446 0.0174 3.4418

tolclofos-methyl 332659 97.9% 7288 2.1% 0.9212 2.3667 0.0485 5.4862 319724 94.1% 20223 5.9% 1.9555 4.9578 0.1150 13.0430

topramezone 247871 72.9% 92076 27.1% 0.0090 0.0189 0.0006 0.0391 151114 44.5% 188833 55.5% 0.0311 0.0593 0.0029 0.1239

triallate 314189 92.4% 25758 7.6% 0.0285 0.0680 0.0017 0.1416 273416 80.4% 66531 19.6% 0.0905 0.1860 0.0057 0.3758

triadimenol 313853 92.3% 26094 7.7% 0.0404 0.1004 0.0031 0.2333 273677 80.5% 66270 19.5% 0.0870 0.2395 0.0062 0.6156

trifloxystrobin 277795 81.7% 62152 18.3% 0.0359 0.0916 0.0022 0.2137 204395 60.1% 135552 39.9% 0.1199 0.2933 0.0072 0.6670

triflusulfuron-methyl 300959 88.5% 38988 11.5% 0.0079 0.0385 0.0004 0.4737 245406 72.2% 94541 27.8% 0.0259 0.1703 0.0012 1.5279

vinclozolin 336606 99.0% 3341 1.0% 0.0044 0.0125 0.0002 0.0289 330879 97.3% 9068 2.7% 0.0097 0.0260 0.0005 0.0679

aclonifen 309977 91.2% 29970 8.8% 0.2239 0.5491 0.0136 1.2034 264798 77.9% 75149 22.1% 0.6815 1.6340 0.0407 3.4524

bixafen 298356 87.8% 41591 12.2% 0.0254 0.0641 0.0015 0.1438 242777 71.4% 97170 28.6% 0.0755 0.1983 0.0047 0.4625

chlorantraniliprole 327443 96.3% 12504 3.7% 0.0175 0.0447 0.0013 0.1022 309651 91.1% 30296 8.9% 0.0448 0.1184 0.0029 0.2837

emamectin benzoate 327443 96.3% 12504 3.7% 0.0060 0.0152 0.0004 0.0348 309651 91.1% 30296 8.9% 0.0153 0.0404 0.0010 0.0967

fenamidone 321568 94.6% 18379 5.4% 0.0126 0.0353 0.0007 0.0893 289578 85.2% 50369 14.8% 0.0249 0.0727 0.0017 0.2084

fenpropidin 317508 93.4% 22439 6.6% 0.0701 0.1703 0.0041 0.3601 280534 82.5% 59413 17.5% 0.2148 0.4512 0.0134 0.9314

imazalil 331788 97.6% 8159 2.4% 0.0226 0.0562 0.0013 0.1232 319165 93.9% 20782 6.1% 0.0610 0.1516 0.0035 0.3384

mesosulfuron-methyl 310418 91.3% 29529 8.7% 0.0053 0.0133 0.0003 0.0297 269662 79.3% 70285 20.7% 0.0171 0.0408 0.0011 0.0911

penconazole 302788 89.1% 37159 10.9% 0.0095 0.0265 0.0006 0.0640 249753 73.5% 90194 26.5% 0.0272 0.0738 0.0017 0.1796

pyroxsulam 310418 91.3% 29529 8.7% 0.0046 0.0114 0.0003 0.0254 269662 79.3% 70285 20.7% 0.0146 0.0348 0.0010 0.0779

spirotetramat 302788 89.1% 37159 10.9% 0.0289 0.1002 0.0015 0.2513 249753 73.5% 90194 26.5% 0.0874 0.2975 0.0033 0.7306

tembotrione 255159 75.1% 84788 24.9% 0.0155 0.0342 0.0010 0.0716 164701 48.4% 175246 51.6% 0.0531 0.1077 0.0044 0.2272

thiamethoxam 311569 91.7% 28378 8.3% 0.0009 0.0034 0.0000 0.0202 268078 78.9% 71869 21.1% 0.0024 0.0089 0.0001 0.0547

thiram 313586 92.2% 26361 7.8% 2.2419 6.5093 0.1330 17.5267 272468 80.2% 67479 19.8% 5.0638 15.2667 0.3128 43.8247

sulphur 299152 88.0% 40795 12.0% 10.0782 26.7393 0.6973 62.3696 241508 71.0% 98439 29.0% 29.1116 79.1952 1.6727 182.7477

TOTAL 202850 59.7% 137097 40.3% 4.4123 23.0183 0.2150 77.1551 101783 29.9% 238164 70.1% 22.2086 110.5192 1.0250 312.9242
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S5 Results of regression analyses with increasing level of adjustment to potential 
confounders

	 Basic model: adjusted for gestational age (when gestational age or prematurity 
were not the outcomes), sex of the baby (when child’s sex was not the outcome), 
parity and the complementary donut

	 Intermediate model: basic model further adjusted for household income, moth-
er’s education, mother’s marital status, mother’s origin, mother’s age at birth and 
mother’s job status

	 Full model: intermediate model further adjusted for degree of urbanization of the 
residence location and year of birth of the baby

Gestational 
age

asulam 50m β = 0.88 [-1.84, 3.60] p = 0.525 β = 0.8 [-1.92, 3.51] p = 0.564 β = 0.74 [-1.97, 3.46] p = 0.592

100m β = 0.04 [-0.53, 0.61] p = 0.894 β = 0.01 [-0.56, 0.59] p = 0.960 β = 0 [-0.57, 0.57] p = 0.997

250m β = 0.01 [-0.08, 0.10] p = 0.848 β = 0 [-0.09, 0.10] p = 0.919 β = 0 [-0.09, 0.09] p = 0.962

500m β = 0.02 [0.01, 0.04] p < 0.001 β = 0.02 [0.01, 0.04] p < 0.001 β = 0.03 [0.01, 0.04] p < 0.001

carbetamide 50m β = 1.18 [-5.66, 8.01] p = 0.736 β = 0.91 [-5.91, 7.73] p = 0.793 β = 0.68 [-6.15, 7.50] p = 0.846

100m β = -0.09 [-1.40, 1.21] p = 0.889 β = -0.15 [-1.45, 1.15] p = 0.821 β = -0.21 [-1.52, 1.09] p = 0.749

250m β = -0.02 [-0.21, 0.18] p = 0.860 β = -0.04 [-0.24, 0.16] p = 0.688 β = -0.05 [-0.25, 0.15] p = 0.612

500m β = 0.03 [-0.01, 0.07] p = 0.104 β = 0.02 [-0.02, 0.06] p = 0.329 β = 0.02 [-0.02, 0.06] p = 0.352

cyproconazole 50m β = -40.62 [-298.42, 217.18] p = 0.757 β = -27.98 [-285.17, 229.20] p = 0.831 β = -22.97 [-280.15, 234.21] p = 0.861

100m β = 14.29 [-34.17, 62.75] p = 0.563 β = 16.84 [-31.51, 65.19] p = 0.495 β = 17.86 [-30.49, 66.21] p = 0.469

250m β = 0.36 [-6.88, 7.59] p = 0.923 β = 0.6 [-6.61, 7.82] p = 0.870 β = 0.66 [-6.56, 7.87] p = 0.859

500m β = -1.49 [-3.22, 0.25] p = 0.093 β = -1.44 [-3.17, 0.29] p = 0.102 β = -1.84 [-3.57, -0.11] p = 0.037

epoxiconazole 50m β = 39.24 [-3.74, 82.22] p = 0.074 β = 36.22 [-6.66, 79.09] p = 0.098 β = 36.13 [-6.75, 79.01] p = 0.099

100m β = 3.57 [-4.74, 11.88] p = 0.400 β = 2.73 [-5.57, 11.02] p = 0.519 β = 2.75 [-5.55, 11.04] p = 0.516

250m β = 0.67 [-0.59, 1.94] p = 0.295 β = 0.66 [-0.60, 1.92] p = 0.303 β = 0.72 [-0.54, 1.98] p = 0.265

500m β = -0.1 [-0.30, 0.11] p = 0.363 β = -0.05 [-0.25, 0.16] p = 0.671 β = 0.05 [-0.16, 0.26] p = 0.645

fluroxypyr-
meptyl

50m β = 6.98 [-13.52, 27.48] p = 0.505 β = 9.65 [-10.80, 30.11] p = 0.355 β = 9.48 [-10.99, 29.95] p = 0.364

100m β = 4.43 [0.36, 8.51] p = 0.033 β = 5.03 [0.96, 9.09] p = 0.015 β = 4.96 [0.89, 9.03] p = 0.017

250m β = 0.96 [0.31, 1.61] p = 0.004 β = 0.94 [0.29, 1.59] p = 0.004 β = 0.87 [0.22, 1.52] p = 0.009

500m β = 0.27 [0.15, 0.39] p < 0.001 β = 0.21 [0.09, 0.33] p < 0.001 β = 0.06 [-0.06, 0.19] p = 0.315

glufosinate 50m β = -0.55 [-34.09, 32.98] p = 0.974 β = -0.55 [-34.00, 32.91] p = 0.974 β = -2.92 [-36.39, 30.54] p = 0.864

100m β = 2.86 [-4.46, 10.18] p = 0.444 β = 3.07 [-4.23, 10.38] p = 0.409 β = 2.47 [-4.83, 9.77] p = 0.507

250m β = 0.04 [-1.16, 1.23] p = 0.951 β = 0.12 [-1.07, 1.32] p = 0.841 β = 0.08 [-1.12, 1.27] p = 0.901

500m β = 0.23 [0.02, 0.44] p = 0.035 β = 0.2 [-0.01, 0.42] p = 0.062 β = 0.31 [0.09, 0.53] p = 0.005

Outcome

Active 
ingredient 

(AI)
Buffer
size

Basic model Intermediate model Full model

Risk 
estimate

Risk 
estimate

Risk 
estimate

p 
value

p 
value

p 
value
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Outcome

Active 
ingredient 

(AI)
Buffer
size

Basic model Intermediate model Full model

Risk 
estimate

Risk 
estimate

Risk 
estimate

p 
value

p 
value

p 
value

Gestational 
age

glufosinate-
ammonium

50m β = 10.08 [-7.15, 27.31] p = 0.252 β = 11.01 [-6.18, 28.20] p = 0.209 β = 11.58 [-5.61, 28.77] p = 0.187

100m β = 1.18 [-2.59, 4.95] p = 0.541 β = 1.36 [-2.40, 5.11] p = 0.480 β = 1.52 [-2.24, 5.28] p = 0.429

250m β = -0.15 [-0.78, 0.48] p = 0.645 β = -0.15 [-0.78, 0.48] p = 0.648 β = -0.16 [-0.79, 0.47] p = 0.627

500m β = 0.29 [0.18, 0.40] p < 0.001 β = 0.29 [0.18, 0.40] p < 0.001 β = 0.23 [0.12, 0.34] p < 0.001

linuron 50m β = 4.5 [-3.21, 12.22] p = 0.252 β = 4.56 [-3.13, 12.26] p = 0.245 β = 4.97 [-2.72, 12.67] p = 0.205

100m β = 0.91 [-0.59, 2.40] p = 0.234 β = 0.89 [-0.60, 2.39] p = 0.240 β = 0.99 [-0.50, 2.48] p = 0.194

250m β = 0.15 [-0.08, 0.38] p = 0.193 β = 0.15 [-0.07, 0.38] p = 0.188 β = 0.16 [-0.06, 0.39] p = 0.158

500m β = -0.09 [-0.14, -0.05] p < 0.001 β = -0.08 [-0.12, -0.04] p < 0.001 β = -0.09 [-0.13, -0.05] p < 0.001

propiconazole 50m β = 4.42 [-15.62, 24.46] p = 0.665 β = 4.93 [-15.06, 24.91] p = 0.629 β = 4.6 [-15.38, 24.59] p = 0.652

100m β = 1.47 [-2.93, 5.88] p = 0.513 β = 1.62 [-2.77, 6.01] p = 0.470 β = 1.59 [-2.81, 5.98] p = 0.479

250m β = 0.09 [-0.66, 0.83] p = 0.822 β = 0.1 [-0.64, 0.84] p = 0.787 β = 0.11 [-0.63, 0.84] p = 0.779

500m β = 0.07 [-0.07, 0.20] p = 0.330 β = 0.06 [-0.07, 0.20] p = 0.374 β = 0.06 [-0.08, 0.19] p = 0.425

thiacloprid 50m β = 4.3 [-18.83, 27.43] p = 0.715 β = 3.68 [-19.39, 26.75] p = 0.755 β = 3.91 [-19.16, 26.98] p = 0.740

100m β = 0.06 [-4.49, 4.62] p = 0.978 β = -0.09 [-4.63, 4.46] p = 0.970 β = -0.07 [-4.61, 4.47] p = 0.976

250m β = -0.03 [-0.72, 0.66] p = 0.936 β = -0.09 [-0.78, 0.60] p = 0.807 β = -0.09 [-0.78, 0.60] p = 0.791

500m β = 0.19 [0.08, 0.30] p < 0.001 β = 0.17 [0.05, 0.28] p = 0.004 β = 0.15 [0.04, 0.27] p = 0.007

triadimenol 50m β = 12.41 [-47.96, 72.79] p = 0.687 β = 14.54 [-45.71, 74.78] p = 0.636 β = 15.92 [-44.33, 76.16] p = 0.605

100m β = -2.96 [-16.13, 10.20] p = 0.659 β = -2.72 [-15.85, 10.42] p = 0.685 β = -2.48 [-15.61, 10.66] p = 0.712

250m β = -0.94 [-3.06, 1.17] p = 0.383 β = -0.94 [-3.05, 1.17] p = 0.381 β = -1.05 [-3.16, 1.06] p = 0.330

500m β = 0.54 [0.16, 0.92] p = 0.005 β = 0.51 [0.14, 0.89] p = 0.008 β = 0.37 [-0.01, 0.75] p = 0.058

vinclozolin 50m β = 566.56 [-482.46, 1.6e+03] p = 0.290 β = 550.08 [-497.37, 1.6e+03] p = 0.303 β = 486.69 [-560.90, 1.5e+03] p = 0.363

100m β = 60.84 [-162.83, 284.52] p = 0.594 β = 54.6 [-168.71, 277.91] p = 0.632 β = 38.81 [-184.54, 262.16] p = 0.733

250m β = 10.33 [-25.59, 46.25] p = 0.573 β = 9.35 [-26.50, 45.19] p = 0.609 β = 7.05 [-28.80, 42.90] p = 0.700

500m β = 7.56 [2.30, 12.82] p = 0.005 β = 7.1 [1.84, 12.35] p = 0.008 β = 8.4 [3.12, 13.67] p = 0.002

Birth 
weight

asulam 50m β = -86.44 [-168.67, -4.21] p = 0.039 β = -90.24 [-172.02, -8.47] p = 0.031 β = -94.3 [-176.06, -12.53] p = 0.024

100m β = -23.11 [-40.43, -5.79] p = 0.009 β = -24.15 [-41.36, -6.93] p = 0.006 β = -25.2 [-42.41, -7.99] p = 0.004

250m β = -1.67 [-4.42, 1.07] p = 0.232 β = -1.86 [-4.59, 0.87] p = 0.182 β = -2.01 [-4.74, 0.71] p = 0.148

500m β = 0.85 [0.45, 1.25] p < 0.001 β = 0.8 [0.40, 1.19] p < 0.001 β = 0.85 [0.45, 1.24] p < 0.001

carbetamide 50m β = 64.54 [-142.09, 271.17] p = 0.540 β = 54.82 [-150.52, 260.15] p = 0.601 β = 40.52 [-164.79, 245.83] p = 0.699

100m β = 0.31 [-39.17, 39.80] p = 0.988 β = -3.1 [-42.33, 36.13] p = 0.877 β = -6.48 [-45.71, 32.75] p = 0.746

250m β = -2.01 [-7.95, 3.93] p = 0.508 β = -3.18 [-9.08, 2.73] p = 0.292 β = -3.65 [-9.55, 2.25] p = 0.226

500m β = -0.86 [-2.00, 0.28] p = 0.140 β = -1.56 [-2.70, -0.43] p = 0.007 β = -1.55 [-2.68, -0.41] p = 0.008

cyproconazole 50m β = 4300 [-3500.01, 1.2e+04] p = 0.280 β = 4400 [-3322.84, 1.2e+04] p = 0.263 β = 4300 [-3447.78, 1.2e+04] p = 0.277

100m β = 1500 [38.00, 3.0e+03] p = 0.044 β = 1500 [71.57, 3.0e+03] p = 0.040 β = 1500 [29.63, 2.9e+03] p = 0.046

250m β = 419.12 [200.52, 637.72] p < 0.001 β = 405.41 [188.21, 622.61] p < 0.001 β = 394.08 [176.91, 611.26] p < 0.001

500m β = -29.41 [-81.82, 23.01] p = 0.271 β = -35.25 [-87.34, 16.83] p = 0.185 β = -46.49 [-98.66, 5.68] p = 0.081

epoxiconazole 50m β = -37.43 [-1336.53, 1.3e+03] p = 0.955 β = -94.22 [-1384.67, 1.2e+03] p = 0.886 β = 76.02 [-1214.41, 1.4e+03] p = 0.908

100m β = -70.76 [-321.98, 180.46] p = 0.581 β = -92.15 [-341.79, 157.48] p = 0.469 β = -47.86 [-297.55, 201.82] p = 0.707

250m β = -24.71 [-62.87, 13.45] p = 0.204 β = -21.95 [-59.89, 15.99] p = 0.257 β = -13.85 [-51.81, 24.10] p = 0.474

500m β = -10.2 [-16.49, -3.91] p = 0.001 β = -6.19 [-12.45, 0.06] p = 0.052 β = -5.61 [-11.91, 0.69] p = 0.081
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Birth 
weight

fluroxypyr-
meptyl

50m β = 577.42 [-42.28, 1.2e+03] p = 0.068 β = 559.58 [-56.12, 1.2e+03] p = 0.075 β = 445.85 [-170.30, 1.1e+03] p = 0.156

100m β = 180.59 [57.41, 303.77] p = 0.004 β = 174.23 [51.76, 296.69] p = 0.005 β = 142.72 [20.09, 265.36] p = 0.023

250m β = 52.21 [32.56, 71.87] p < 0.001 β = 44.26 [24.71, 63.81] p < 0.001 β = 36.19 [16.59, 55.79] p < 0.001

500m β = 10.63 [7.04, 14.23] p < 0.001 β = 3.62 [0.04, 7.20] p = 0.047 β = -1.48 [-5.28, 2.31] p = 0.443

glufosinate 50m β = -478.25 [-1491.86, 535.36] p = 0.355 β = -422.54 [-1429.95, 584.86] p = 0.411 β = -360.66 [-1368.05, 646.73] p = 0.483

100m β = -48.31 [-269.55, 172.94] p = 0.669 β = -27.67 [-247.53, 192.18] p = 0.805 β = -16.49 [-236.35, 203.38] p = 0.883

250m β = -11.73 [-47.88, 24.42] p = 0.525 β = -8.94 [-44.86, 26.98] p = 0.626 β = -9.25 [-45.17, 26.66] p = 0.614

500m β = 4.22 [-2.26, 10.70] p = 0.202 β = 1.67 [-4.76, 8.11] p = 0.610 β = -2.97 [-9.51, 3.58] p = 0.375

glufosinate-
ammonium

50m β = 192.19 [-328.56, 712.95] p = 0.469 β = 203.82 [-313.51, 721.14] p = 0.440 β = 165.48 [-351.80, 682.77] p = 0.531

100m β = 44.57 [-69.36, 158.50] p = 0.443 β = 46.81 [-66.36, 159.98] p = 0.418 β = 38.72 [-74.44, 151.88] p = 0.502

250m β = -9.34 [-28.43, 9.74] p = 0.337 β = -10.73 [-29.69, 8.23] p = 0.267 β = -12.7 [-31.66, 6.26] p = 0.189

500m β = -4.74 [-8.10, -1.37] p = 0.006 β = -5.66 [-9.01, -2.32] p < 0.001 β = -5.57 [-8.94, -2.19] p = 0.001

linuron 50m β = 264.17 [31.06, 497.28] p = 0.026 β = 242.13 [10.54, 473.72] p = 0.040 β = 256.85 [25.27, 488.43] p = 0.030

100m β = 67.96 [22.75, 113.17] p = 0.003 β = 62.72 [17.79, 107.65] p = 0.006 β = 66.05 [21.12, 110.98] p = 0.004

250m β = 13.8 [6.95, 20.65] p < 0.001 β = 13.04 [6.23, 19.84] p < 0.001 β = 13.24 [6.43, 20.04] p < 0.001

500m β = 2.85 [1.56, 4.14] p < 0.001 β = 3.25 [1.97, 4.54] p < 0.001 β = 2.54 [1.25, 3.84] p < 0.001

propiconazole 50m β = 223.11 [-382.59, 828.82] p = 0.470 β = 251.41 [-350.23, 853.06] p = 0.413 β = 207.34 [-394.19, 808.87] p = 0.499

100m β = 28.24 [-104.94, 161.42] p = 0.678 β = 39.32 [-92.97, 171.60] p = 0.560 β = 31.87 [-100.39, 164.12] p = 0.637

250m β = -19.46 [-41.85, 2.92] p = 0.088 β = -17.88 [-40.13, 4.36] p = 0.115 β = -17.94 [-40.18, 4.29] p = 0.114

500m β = -7.37 [-11.49, -3.24] p < 0.001 β = -7.18 [-11.28, -3.08] p < 0.001 β = -5.61 [-9.72, -1.50] p = 0.007

thiacloprid 50m β = -55.25 [-754.30, 643.80] p = 0.877 β = -48.45 [-743.19, 646.29] p = 0.891 β = -93.41 [-788.02, 601.20] p = 0.792

100m β = -24.6 [-162.26, 113.06] p = 0.726 β = -27.67 [-164.45, 109.11] p = 0.692 β = -39.31 [-176.07, 97.45] p = 0.573

250m β = -6.41 [-27.29, 14.48] p = 0.548 β = -8.71 [-29.47, 12.04] p = 0.411 β = -10.28 [-31.03, 10.48] p = 0.332

500m β = 0.95 [-2.44, 4.35] p = 0.582 β = -0.07 [-3.44, 3.31] p = 0.968 β = 1.07 [-2.31, 4.45] p = 0.535

triadimenol 50m β = 167.95 [-1656.95, 2.0e+03] p = 0.857 β = 98.77 [-1714.93, 1.9e+03] p = 0.915 β = 103.29 [-1710.01, 1.9e+03] p = 0.911

100m β = 86.62 [-311.36, 484.60] p = 0.670 β = 50.25 [-345.17, 445.67] p = 0.803 β = 39.86 [-355.48, 435.20] p = 0.843

250m β = 36.79 [-27.13, 100.71] p = 0.259 β = 26.49 [-37.03, 90.01] p = 0.414 β = 17.97 [-45.55, 81.49] p = 0.579

500m β = 4.51 [-6.87, 15.89] p = 0.437 β = -1.8 [-13.11, 9.52] p = 0.756 β = -9.01 [-20.41, 2.38] p = 0.121

vinclozolin 50m β = -26151.45 [-57858.18, 
5.6e+03]

p = 0.106 β = -27403.38 [-58943.39, 
4.1e+03]

p = 0.089 β = -27228.6 [-58766.56, 
4.3e+03]

p = 0.091

100m β = -7522.43 [-14282.95, 
-761.91]

p = 0.029 β = -7934.38 [-14657.68, 
-1211.08]

p = 0.021 β = -7973.91 [-14697.14, 
-1250.67]

p = 0.020

250m β = -419.56 [-1505.15, 666.04] p = 0.449 β = -473.29 [-1552.62, 606.03] p = 0.390 β = -484.91 [-1564.13, 594.32] p = 0.379

500m β = 311.82 [152.73, 470.92] p < 0.001 β = 278.74 [120.63, 436.85] p < 0.001 β = 257.78 [99.19, 416.37] p = 0.001

S5 Results of regression analyses with increasing level of adjustment to potential 
confounders (cont.)

Outcome

Active 
ingredient 

(AI)
Buffer
size

Basic model Intermediate model Full model

Risk 
estimate

Risk 
estimate

Risk 
estimate

p 
value

p 
value

p 
value
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Perinatal 
mortality

asulam 50m NA NA NA NA NA NA

100m OR = 0.92 [0.43, 2.00] p = 0.839 OR = 0.94 [0.43, 2.08] p = 0.888 OR = 0.91 [0.41, 2.03] p = 0.822

250m OR = 0.96 [0.85, 1.08] p = 0.526 OR = 0.95 [0.84, 1.07] p = 0.400 OR = 0.95 [0.84, 1.07] p = 0.366

500m OR = 0.98 [0.96, 1.00] p = 0.065 OR = 0.98 [0.96, 1.00] p = 0.034 OR = 0.98 [0.96, 1.00] p = 0.030

carbetamide 50m NA NA NA NA NA NA

100m OR = 0.58 [0.13, 2.63] p = 0.483 OR = 0.56 [0.12, 2.54] p = 0.452 OR = 0.53 [0.11, 2.43] p = 0.412

250m OR = 0.84 [0.67, 1.04] p = 0.112 OR = 0.82 [0.66, 1.02] p = 0.080 OR = 0.82 [0.65, 1.02] p = 0.075

500m OR = 0.98 [0.94, 1.02] p = 0.382 OR = 0.98 [0.94, 1.02] p = 0.239 OR = 0.98 [0.94, 1.02] p = 0.234

cyproconazole 50m OR = 0 [0.00, 2.4e+49] p = 0.245 OR = 0 [0.00, 1.4e+46] p = 0.219 OR = 0 [0.00, 5.4e+43] p = 0.204

100m OR = 0 [0.00, 3.7e+09] p = 0.275 OR = 0 [0.00, 1.2e+09] p = 0.251 OR = 0 [0.00, 2.0e+08] p = 0.222

250m OR = 0.08 [0.00, 106.72] p = 0.496 OR = 0.09 [0.00, 129.13] p = 0.514 OR = 0.05 [0.00, 82.77] p = 0.436

500m OR = 0.24 [0.04, 1.30] p = 0.098 OR = 0.26 [0.05, 1.41] p = 0.118 OR = 0.27 [0.05, 1.49] p = 0.132

epoxiconazole 50m OR = 440000 [0.00, 5.7e+21] p = 0.493 OR = 8e+06 [0.00, 2.1e+23] p = 0.410 OR = 3.9e+07 [0.00, 7.7e+23] p = 0.361

100m OR = 20.72 [0.01, 4.5e+04] p = 0.439 OR = 27.75 [0.01, 7.0e+04] p = 0.405 OR = 39.1 [0.02, 9.3e+04] p = 0.355

250m OR = 1.09 [0.32, 3.69] p = 0.892 OR = 1.03 [0.30, 3.56] p = 0.962 OR = 1.1 [0.32, 3.80] p = 0.877

500m OR = 1.16 [0.95, 1.41] p = 0.148 OR = 1.12 [0.92, 1.37] p = 0.257 OR = 1.09 [0.89, 1.33] p = 0.428

fluroxypyr-
meptyl

50m OR = 358.86 [0.00, 1.1e+11] p = 0.556 OR = 6.71 [0.00, 4.0e+09] p = 0.853 OR = 2.39 [0.00, 1.3e+09] p = 0.932

100m OR = 0.76 [0.01, 48.31] p = 0.895 OR = 0.25 [0.00, 17.57] p = 0.526 OR = 0.2 [0.00, 13.45] p = 0.452

250m OR = 1.13 [0.58, 2.17] p = 0.723 OR = 0.96 [0.50, 1.85] p = 0.900 OR = 0.91 [0.47, 1.76] p = 0.785

500m OR = 1 [0.89, 1.12] p = 0.963 OR = 1.01 [0.90, 1.13] p = 0.890 OR = 1.03 [0.91, 1.16] p = 0.692

glufosinate 50m OR = 1e+12 [189.20, 
5.8e+21]

p = 0.016 OR = 4e+12 [1.1e+03, 
1.5e+22]

p = 0.010 OR = 1.8e+13 [3.9e+03, 
8.2e+22]

p = 0.007

100m OR = 678.56 [2.72, 1.7e+05] p = 0.021 OR = 748.18 [2.60, 2.2e+05] p = 0.022 OR = 1100 [3.99, 3.2e+05] p = 0.015

250m OR = 1.29 [0.38, 4.42] p = 0.684 OR = 1.17 [0.34, 4.06] p = 0.800 OR = 1.2 [0.34, 4.16] p = 0.780

500m OR = 1.02 [0.81, 1.28] p = 0.844 OR = 1.04 [0.82, 1.31] p = 0.761 OR = 0.93 [0.73, 1.19] p = 0.568

glufosinate-
ammonium

50m OR = 0.31 [0.00, 3.5e+06] p = 0.887 OR = 1.78 [0.00, 1.2e+07] p = 0.943 OR = 0.44 [0.00, 4.3e+06] p = 0.920

100m OR = 1.38 [0.03, 66.50] p = 0.871 OR = 1.22 [0.02, 61.38] p = 0.921 OR = 0.9 [0.02, 46.39] p = 0.959

250m OR = 0.99 [0.52, 1.87] p = 0.976 OR = 0.93 [0.49, 1.78] p = 0.837 OR = 0.91 [0.48, 1.72] p = 0.766

500m OR = 0.9 [0.80, 1.02] p = 0.112 OR = 0.88 [0.78, 1.00] p = 0.058 OR = 0.91 [0.80, 1.04] p = 0.158

linuron 50m OR = 3.21 [0.00, 4.5e+03] p = 0.753 OR = 1.37 [0.00, 2.2e+03] p = 0.934 OR = 1.61 [0.00, 2.4e+03] p = 0.898

100m OR = 1.17 [0.30, 4.62] p = 0.820 OR = 1.01 [0.26, 4.02] p = 0.985 OR = 1.06 [0.27, 4.19] p = 0.930

250m OR = 1.04 [0.84, 1.28] p = 0.719 OR = 1.03 [0.83, 1.26] p = 0.808 OR = 1.03 [0.84, 1.27] p = 0.766

500m OR = 1 [0.96, 1.04] p = 0.915 OR = 1 [0.96, 1.04] p = 0.907 OR = 1 [0.96, 1.04] p = 0.981

propiconazole 50m OR = 5.98 [0.00, 5.5e+09] p = 0.865 OR = 51.06 [0.00, 3.5e+10] p = 0.705 OR = 22.65 [0.00, 2.1e+10] p = 0.767

100m OR = 20.61 [0.32, 1.3e+03] p = 0.156 OR = 20.34 [0.29, 1.4e+03] p = 0.165 OR = 17.32 [0.24, 1.2e+03] p = 0.191

250m OR = 1.98 [0.95, 4.12] p = 0.069 OR = 1.9 [0.90, 3.98] p = 0.090 OR = 1.86 [0.89, 3.89] p = 0.100

500m OR = 0.89 [0.76, 1.05] p = 0.171 OR = 0.88 [0.75, 1.04] p = 0.139 OR = 0.9 [0.77, 1.06] p = 0.225

Outcome
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S5 Results of regression analyses with increasing level of adjustment to potential 
confounders (cont.)

Perinatal 
mortality

thiacloprid 50m OR = 0 [0.00, 1.2e+07] p = 0.367 OR = 0 [0.00, 2.0e+07] p = 0.370 OR = 0 [0.00, 7.1e+06] p = 0.332

100m OR = 0.02 [0.00, 6.00] p = 0.175 OR = 0.01 [0.00, 5.08] p = 0.155 OR = 0.01 [0.00, 3.86] p = 0.130

250m OR = 0.45 [0.20, 1.02] p = 0.055 OR = 0.39 [0.17, 0.90] p = 0.026 OR = 0.39 [0.17, 0.88] p = 0.024

500m OR = 0.9 [0.79, 1.03] p = 0.124 OR = 0.88 [0.77, 1.00] p = 0.050 OR = 0.89 [0.78, 1.02] p = 0.091

triadimenol 50m OR = 0 [0.00, 3.5e+15] p = 0.582 OR = 0 [0.00, 1.7e+13] p = 0.433 OR = 0 [0.00, 8.4e+12] p = 0.412

100m OR = 0 [0.00, 48.67] p = 0.201 OR = 0 [0.00, 21.44] p = 0.154 OR = 0 [0.00, 15.25] p = 0.137

250m OR = 0.22 [0.03, 1.78] p = 0.156 OR = 0.21 [0.03, 1.73] p = 0.149 OR = 0.21 [0.03, 1.67] p = 0.140

500m OR = 0.92 [0.63, 1.33] p = 0.652 OR = 0.87 [0.60, 1.28] p = 0.484 OR = 0.87 [0.59, 1.28] p = 0.490

vinclozolin 50m NA NA NA NA NA NA

100m NA NA NA NA NA NA

250m OR = 0.01 [0.00, 1.0e+20] p = 0.847 OR = 0.01 [0.00, 6.2e+19] p = 0.845 OR = 0 [0.00, 1.4e+19] p = 0.774

500m OR = 0 [0.00, 5.54] p = 0.110 OR = 0 [0.00, 3.12] p = 0.085 OR = 0 [0.00, 0.95] p = 0.049

Child’s sex

asulam 50m OR = 0.74 [0.50, 1.09] p = 0.122 OR = 0.74 [0.50, 1.09] p = 0.126 OR = 0.74 [0.50, 1.09] p = 0.126

100m OR = 0.94 [0.87, 1.02] p = 0.169 OR = 0.95 [0.87, 1.03] p = 0.176 OR = 0.95 [0.87, 1.03] p = 0.177

250m OR = 1 [0.99, 1.01] p = 0.931 OR = 1 [0.99, 1.01] p = 0.916 OR = 1 [0.99, 1.01] p = 0.913

500m OR = 1 [1.00, 1.00] p = 0.383 OR = 1 [1.00, 1.00] p = 0.397 OR = 1 [1.00, 1.00] p = 0.425

carbetamide 50m OR = 1.15 [0.43, 3.03] p = 0.782 OR = 1.15 [0.43, 3.03] p = 0.781 OR = 1.15 [0.44, 3.05] p = 0.771

100m OR = 1.1 [0.91, 1.32] p = 0.330 OR = 1.1 [0.91, 1.32] p = 0.330 OR = 1.1 [0.91, 1.32] p = 0.322

250m OR = 1.01 [0.99, 1.04] p = 0.315 OR = 1.01 [0.99, 1.04] p = 0.320 OR = 1.01 [0.99, 1.04] p = 0.310

500m OR = 1 [0.99, 1.00] p = 0.668 OR = 1 [0.99, 1.00] p = 0.624 OR = 1 [0.99, 1.00] p = 0.624

cyproconazole 50m OR = 298.89 [0.00, 2.3e+18] p = 0.760 OR = 215.35 [0.00, 1.7e+18] p = 0.773 OR = 191.8 [0.00, 1.5e+18] p = 0.778

100m OR = 0.49 [0.00, 470.19] p = 0.837 OR = 0.46 [0.00, 448.35] p = 0.826 OR = 0.45 [0.00, 437.60] p = 0.820

250m OR = 1.04 [0.37, 2.90] p = 0.943 OR = 1.03 [0.37, 2.88] p = 0.950 OR = 1.03 [0.37, 2.88] p = 0.950

500m OR = 0.99 [0.77, 1.26] p = 0.918 OR = 0.99 [0.77, 1.26] p = 0.906 OR = 1 [0.78, 1.27] p = 0.972

epoxiconazole 50m OR = 0.43 [0.00, 194.73] p = 0.789 OR = 0.44 [0.00, 196.36] p = 0.791 OR = 0.45 [0.00, 200.74] p = 0.796

100m OR = 1.11 [0.34, 3.60] p = 0.867 OR = 1.1 [0.34, 3.58] p = 0.873 OR = 1.11 [0.34, 3.60] p = 0.868

250m OR = 0.99 [0.83, 1.18] p = 0.894 OR = 0.99 [0.83, 1.18] p = 0.895 OR = 0.99 [0.83, 1.18] p = 0.887

500m OR = 1 [0.97, 1.03] p = 0.837 OR = 1 [0.97, 1.03] p = 0.891 OR = 1 [0.97, 1.03] p = 0.758

fluroxypyr-
meptyl

50m OR = 0.18 [0.01, 3.24] p = 0.242 OR = 0.17 [0.01, 3.09] p = 0.230 OR = 0.17 [0.01, 3.11] p = 0.231

100m OR = 0.67 [0.37, 1.19] p = 0.168 OR = 0.66 [0.37, 1.17] p = 0.156 OR = 0.66 [0.37, 1.18] p = 0.157

250m OR = 0.98 [0.89, 1.07] p = 0.632 OR = 0.97 [0.89, 1.07] p = 0.588 OR = 0.98 [0.89, 1.07] p = 0.616

500m OR = 1 [0.98, 1.02] p = 0.869 OR = 1 [0.98, 1.02] p = 0.989 OR = 1 [0.99, 1.02] p = 0.686

glufosinate 50m OR = 1.53 [0.01, 178.13] p = 0.862 OR = 1.52 [0.01, 177.13] p = 0.864 OR = 1.64 [0.01, 192.22] p = 0.838

100m OR = 0.74 [0.26, 2.10] p = 0.573 OR = 0.74 [0.26, 2.09] p = 0.568 OR = 0.75 [0.27, 2.13] p = 0.594

250m OR = 0.82 [0.69, 0.97] p = 0.019 OR = 0.82 [0.69, 0.97] p = 0.019 OR = 0.82 [0.69, 0.97] p = 0.020

500m OR = 0.99 [0.96, 1.02] p = 0.502 OR = 0.99 [0.96, 1.02] p = 0.493 OR = 0.99 [0.96, 1.02] p = 0.359

Outcome
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Child’s sex

glufosinate-
ammonium

50m OR = 1.08 [0.09, 12.47] p = 0.950 OR = 1.07 [0.09, 12.32] p = 0.958 OR = 1.04 [0.09, 12.04] p = 0.973

100m OR = 0.89 [0.52, 1.52] p = 0.666 OR = 0.89 [0.52, 1.51] p = 0.659 OR = 0.88 [0.52, 1.51] p = 0.643

250m OR = 1.06 [0.97, 1.16] p = 0.210 OR = 1.06 [0.97, 1.16] p = 0.213 OR = 1.06 [0.97, 1.16] p = 0.212

500m OR = 1 [0.98, 1.01] p = 0.753 OR = 1 [0.98, 1.01] p = 0.708 OR = 1 [0.98, 1.01] p = 0.867

linuron 50m OR = 0.68 [0.23, 2.03] p = 0.491 OR = 0.67 [0.22, 2.00] p = 0.473 OR = 0.66 [0.22, 1.99] p = 0.464

100m OR = 0.91 [0.73, 1.12] p = 0.370 OR = 0.9 [0.73, 1.12] p = 0.350 OR = 0.9 [0.73, 1.12] p = 0.341

250m OR = 1 [0.97, 1.03] p = 0.844 OR = 1 [0.96, 1.03] p = 0.814 OR = 1 [0.96, 1.03] p = 0.807

500m OR = 1 [1.00, 1.01] p = 0.618 OR = 1 [1.00, 1.01] p = 0.597 OR = 1 [1.00, 1.01] p = 0.545

propiconazole 50m OR = 3.73 [0.22, 64.23] p = 0.365 OR = 3.77 [0.22, 64.93] p = 0.361 OR = 3.79 [0.22, 65.29] p = 0.359

100m OR = 1.29 [0.69, 2.42] p = 0.422 OR = 1.29 [0.69, 2.42] p = 0.419 OR = 1.29 [0.69, 2.42] p = 0.419

250m OR = 1.12 [1.01, 1.25] p = 0.030 OR = 1.12 [1.01, 1.25] p = 0.030 OR = 1.12 [1.01, 1.25] p = 0.030

500m OR = 0.99 [0.97, 1.01] p = 0.287 OR = 0.99 [0.97, 1.01] p = 0.276 OR = 0.99 [0.97, 1.01] p = 0.291

thiacloprid 50m OR = 0.17 [0.01, 4.46] p = 0.284 OR = 0.17 [0.01, 4.57] p = 0.291 OR = 0.17 [0.01, 4.51] p = 0.288

100m OR = 0.81 [0.43, 1.55] p = 0.531 OR = 0.82 [0.43, 1.56] p = 0.543 OR = 0.82 [0.43, 1.56] p = 0.539

250m OR = 1.01 [0.91, 1.11] p = 0.907 OR = 1.01 [0.91, 1.11] p = 0.897 OR = 1.01 [0.91, 1.11] p = 0.896

500m OR = 1 [0.98, 1.01] p = 0.724 OR = 1 [0.98, 1.01] p = 0.699 OR = 1 [0.98, 1.01] p = 0.746

triadimenol 50m OR = 0.02 [0.00, 105.21] p = 0.370 OR = 0.02 [0.00, 96.61] p = 0.359 OR = 0.02 [0.00, 93.12] p = 0.355

100m OR = 0.36 [0.05, 2.31] p = 0.279 OR = 0.35 [0.05, 2.28] p = 0.271 OR = 0.35 [0.05, 2.26] p = 0.268

250m OR = 0.79 [0.59, 1.07] p = 0.134 OR = 0.79 [0.59, 1.07] p = 0.129 OR = 0.79 [0.59, 1.07] p = 0.134

500m OR = 1.02 [0.97, 1.08] p = 0.477 OR = 1.02 [0.97, 1.07] p = 0.513 OR = 1.02 [0.97, 1.08] p = 0.437

vinclozolin 50m OR = 0 [0.00, 4.2e+48] p = 0.625 OR = 0 [0.00, 7.4e+48] p = 0.630 OR = 0 [0.00, 4.1e+49] p = 0.646

100m OR = 2.15 [0.00, 1.3e+14] p = 0.962 OR = 2.65 [0.00, 1.6e+14] p = 0.952 OR = 4.03 [0.00, 2.5e+14] p = 0.931

250m OR = 28.24 [0.17, 4.7e+03] p = 0.200 OR = 28.67 [0.17, 4.8e+03] p = 0.198 OR = 30.32 [0.18, 5.0e+03] p = 0.191

500m OR = 1.56 [0.74, 3.30] p = 0.241 OR = 1.54 [0.73, 3.26] p = 0.254 OR = 1.49 [0.70, 3.15] p = 0.300

Prematurity

asulam 50m OR = 0.65 [0.23, 1.79] p = 0.401 OR = 0.66 [0.24, 1.83] p = 0.424 OR = 0.67 [0.24, 1.86] p = 0.445

100m OR = 0.95 [0.78, 1.16] p = 0.609 OR = 0.95 [0.78, 1.16] p = 0.645 OR = 0.96 [0.79, 1.17] p = 0.677

250m OR = 0.99 [0.96, 1.02] p = 0.611 OR = 0.99 [0.96, 1.02] p = 0.644 OR = 0.99 [0.96, 1.02] p = 0.678

500m OR = 1 [0.99, 1.00] p = 0.082 OR = 1 [0.99, 1.00] p = 0.088 OR = 1 [0.99, 1.00] p = 0.044

carbetamide 50m OR = 1.11 [0.13, 9.37] p = 0.920 OR = 1.16 [0.14, 9.74] p = 0.893 OR = 1.19 [0.14, 10.06] p = 0.874

100m OR = 1.18 [0.80, 1.73] p = 0.410 OR = 1.19 [0.81, 1.75] p = 0.383 OR = 1.2 [0.81, 1.77] p = 0.361

250m OR = 1.03 [0.97, 1.09] p = 0.347 OR = 1.03 [0.97, 1.09] p = 0.273 OR = 1.04 [0.98, 1.10] p = 0.243

500m OR = 0.99 [0.98, 1.00] p = 0.268 OR = 1 [0.98, 1.01] p = 0.438 OR = 1 [0.99, 1.01] p = 0.518

cyproconazole 50m OR = 2.1e+22 [0.00, 8.1e+54] p = 0.179 OR = 1.7e+21 [0.00, 7.6e+53] p = 0.203 OR = 6.5e+19 [0.00, 3.4e+52] p = 0.235

100m OR = 20.74 [0.00, 4.0e+07] p = 0.681 OR = 11.81 [0.00, 2.3e+07] p = 0.739 OR = 5.42 [0.00, 1.1e+07] p = 0.820

250m OR = 0.98 [0.11, 8.76] p = 0.986 OR = 0.89 [0.10, 7.99] p = 0.918 OR = 0.79 [0.09, 7.17] p = 0.838

500m OR = 0.96 [0.58, 1.61] p = 0.883 OR = 0.94 [0.56, 1.58] p = 0.824 OR = 1.05 [0.62, 1.75] p = 0.866

epoxiconazole 50m OR = 0 [0.00, 75.83] p = 0.176 OR = 0 [0.00, 89.30] p = 0.183 OR = 0 [0.00, 226.44] p = 0.229

100m OR = 0.5 [0.04, 6.63] p = 0.599 OR = 0.54 [0.04, 7.16] p = 0.637 OR = 0.67 [0.05, 8.90] p = 0.759

250m OR = 0.83 [0.56, 1.22] p = 0.341 OR = 0.83 [0.56, 1.22] p = 0.337 OR = 0.84 [0.57, 1.24] p = 0.384

500m OR = 1.07 [1.01, 1.14] p = 0.028 OR = 1.06 [1.00, 1.13] p = 0.047 OR = 1.03 [0.97, 1.09] p = 0.400
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Prematurity

fluroxypyr-
meptyl

50m OR = 0.79 [0.00, 484.22] p = 0.944 OR = 0.45 [0.00, 283.00] p = 0.809 OR = 0.23 [0.00, 143.16] p = 0.653

100m OR = 0.6 [0.17, 2.15] p = 0.431 OR = 0.53 [0.15, 1.90] p = 0.327 OR = 0.45 [0.12, 1.61] p = 0.217

250m OR = 0.85 [0.70, 1.04] p = 0.118 OR = 0.85 [0.70, 1.04] p = 0.115 OR = 0.84 [0.68, 1.02] p = 0.084

500m OR = 0.92 [0.89, 0.96] p < 0.001 OR = 0.93 [0.90, 0.97] p < 0.001 OR = 0.96 [0.93, 1.00] p = 0.057

glufosinate 50m OR = 0.39 [0.00, 6.4e+04] p = 0.879 OR = 0.46 [0.00, 7.4e+04] p = 0.899 OR = 1.62 [0.00, 2.7e+05] p = 0.937

100m OR = 0.19 [0.01, 2.67] p = 0.220 OR = 0.19 [0.01, 2.64] p = 0.216 OR = 0.25 [0.02, 3.56] p = 0.309

250m OR = 0.82 [0.56, 1.20] p = 0.308 OR = 0.81 [0.56, 1.19] p = 0.287 OR = 0.83 [0.56, 1.21] p = 0.327

500m OR = 0.96 [0.90, 1.02] p = 0.205 OR = 0.96 [0.90, 1.03] p = 0.267 OR = 0.9 [0.84, 0.97] p = 0.004

glufosinate-
ammonium

50m OR = 0.01 [0.00, 8.02] p = 0.184 OR = 0.01 [0.00, 6.24] p = 0.159 OR = 0.01 [0.00, 4.02] p = 0.123

100m OR = 0.55 [0.15, 2.03] p = 0.372 OR = 0.53 [0.14, 1.95] p = 0.337 OR = 0.47 [0.13, 1.75] p = 0.263

250m OR = 1.02 [0.83, 1.24] p = 0.878 OR = 1.01 [0.83, 1.23] p = 0.892 OR = 1.01 [0.83, 1.23] p = 0.944

500m OR = 0.95 [0.92, 0.99] p = 0.007 OR = 0.95 [0.92, 0.99] p = 0.008 OR = 0.98 [0.94, 1.01] p = 0.161

linuron 50m OR = 0.5 [0.05, 5.44] p = 0.566 OR = 0.46 [0.04, 5.12] p = 0.531 OR = 0.41 [0.04, 4.53] p = 0.466

100m OR = 0.89 [0.56, 1.40] p = 0.604 OR = 0.87 [0.55, 1.38] p = 0.564 OR = 0.85 [0.54, 1.34] p = 0.480

250m OR = 0.98 [0.92, 1.05] p = 0.638 OR = 0.98 [0.92, 1.05] p = 0.563 OR = 0.98 [0.91, 1.04] p = 0.467

500m OR = 1.01 [1.00, 1.02] p = 0.067 OR = 1.01 [1.00, 1.02] p = 0.148 OR = 1.01 [1.00, 1.02] p = 0.119

propiconazole 50m OR = 0.16 [0.00, 263.94] p = 0.624 OR = 0.14 [0.00, 252.82] p = 0.610 OR = 0.12 [0.00, 222.08] p = 0.586

100m OR = 0.53 [0.12, 2.35] p = 0.404 OR = 0.52 [0.12, 2.34] p = 0.397 OR = 0.51 [0.11, 2.26] p = 0.373

250m OR = 0.97 [0.77, 1.21] p = 0.792 OR = 0.97 [0.78, 1.22] p = 0.794 OR = 0.97 [0.77, 1.21] p = 0.783

500m OR = 0.99 [0.95, 1.03] p = 0.644 OR = 0.99 [0.95, 1.03] p = 0.640 OR = 1 [0.96, 1.04] p = 0.991

thiacloprid 50m OR = 0.5 [0.00, 866.96] p = 0.855 OR = 0.55 [0.00, 962.94] p = 0.874 OR = 0.43 [0.00, 759.17] p = 0.825

100m OR = 1.52 [0.38, 6.12] p = 0.555 OR = 1.55 [0.39, 6.26] p = 0.536 OR = 1.48 [0.37, 5.97] p = 0.583

250m OR = 1.1 [0.90, 1.36] p = 0.353 OR = 1.12 [0.91, 1.38] p = 0.302 OR = 1.11 [0.90, 1.37] p = 0.314

500m OR = 0.96 [0.93, 1.00] p = 0.041 OR = 0.97 [0.93, 1.00] p = 0.064 OR = 0.98 [0.94, 1.01] p = 0.207

triadimenol 50m OR = 0 [0.00, 4.3e+04] p = 0.330 OR = 0 [0.00, 1.9e+04] p = 0.294 OR = 0 [0.00, 1.1e+04] p = 0.270

100m OR = 0.87 [0.01, 59.99] p = 0.947 OR = 0.75 [0.01, 51.87] p = 0.893 OR = 0.65 [0.01, 45.30] p = 0.842

250m OR = 1.27 [0.67, 2.40] p = 0.467 OR = 1.25 [0.66, 2.36] p = 0.500 OR = 1.24 [0.65, 2.35] p = 0.508

500m OR = 0.96 [0.85, 1.08] p = 0.476 OR = 0.97 [0.86, 1.08] p = 0.555 OR = 0.99 [0.88, 1.11] p = 0.834

vinclozolin 50m OR = 0 [0.00, 1.6e+101] p = 0.325 OR = 0 [0.00, 1.8e+105] p = 0.341 OR = 0 [0.00, 5.1e+116] p = 0.401

100m OR = 0 [0.00, 1.8e+20] p = 0.370 OR = 0 [0.00, 1.5e+21] p = 0.393 OR = 0 [0.00, 4.9e+23] p = 0.471

250m OR = 0 [0.00, 137.73] p = 0.235 OR = 0 [0.00, 184.98] p = 0.252 OR = 0 [0.00, 404.35] p = 0.305

500m OR = 0.3 [0.05, 1.77] p = 0.183 OR = 0.31 [0.05, 1.84] p = 0.198 OR = 0.15 [0.02, 0.96] p = 0.045

S5 Results of regression analyses with increasing level of adjustment to potential 
confounders (cont.)

Outcome

Active 
ingredient 

(AI)
Buffer
size

Basic model Intermediate model Full model

Risk 
estimate

Risk 
estimate

Risk 
estimate

p 
value

p 
value

p 
value



185184

Low 
birth 
weight

asulam 50m OR = 1.57 [0.27, 9.29] p = 0.620 OR = 1.45 [0.24, 8.80] p = 0.689 OR = 1.51 [0.25, 9.04] p = 0.655

100m OR = 1.16 [0.81, 1.66] p = 0.406 OR = 1.14 [0.79, 1.65] p = 0.473 OR = 1.15 [0.80, 1.66] p = 0.443

250m OR = 1.01 [0.96, 1.07] p = 0.729 OR = 1.01 [0.95, 1.06] p = 0.820 OR = 1.01 [0.95, 1.06] p = 0.769

500m OR = 0.99 [0.99, 1.00] p = 0.102 OR = 0.99 [0.99, 1.00] p = 0.182 OR = 0.99 [0.99, 1.00] p = 0.141

carbetamide 50m OR = 1.52 [0.04, 53.92] p = 0.818 OR = 1.42 [0.04, 49.77] p = 0.846 OR = 1.45 [0.04, 50.60] p = 0.839

100m OR = 0.97 [0.50, 1.90] p = 0.931 OR = 0.95 [0.49, 1.87] p = 0.891 OR = 0.96 [0.49, 1.88] p = 0.911

250m OR = 0.94 [0.85, 1.04] p = 0.224 OR = 0.94 [0.85, 1.04] p = 0.250 OR = 0.94 [0.85, 1.05] p = 0.271

500m OR = 0.99 [0.97, 1.01] p = 0.172 OR = 0.99 [0.97, 1.01] p = 0.448 OR = 0.99 [0.97, 1.01] p = 0.479

cyproconazole 50m OR = 3.82 [0.00, 5.0e+56] p = 0.984 OR = 2200000 [0.00, 
2.0e+62]

p = 0.824 OR = 510000 [0.00, 
5.3e+61]

p = 0.842

100m OR = 1100 [0.00, 5.2e+13] p = 0.578 OR = 11000 [0.00, 5.5e+14] p = 0.458 OR = 7700 [0.00, 3.9e+14] p = 0.477

250m OR = 0.07 [0.00, 3.24] p = 0.175 OR = 0.08 [0.00, 3.90] p = 0.205 OR = 0.08 [0.00, 3.82] p = 0.201

500m OR = 0.84 [0.36, 1.95] p = 0.681 OR = 0.82 [0.35, 1.92] p = 0.648 OR = 0.87 [0.37, 2.04] p = 0.747

epoxiconazole 50m OR = 2.17 [0.00, 3.2e+10] p = 0.948 OR = 0.68 [0.00, 1.4e+10] p = 0.975 OR = 0.43 [0.00, 9.3e+09] p = 0.945

100m OR = 0.27 [0.00, 24.89] p = 0.573 OR = 0.26 [0.00, 24.05] p = 0.558 OR = 0.24 [0.00, 22.40] p = 0.536

250m OR = 0.67 [0.34, 1.31] p = 0.237 OR = 0.65 [0.33, 1.28] p = 0.211 OR = 0.63 [0.32, 1.25] p = 0.188

500m OR = 0.98 [0.88, 1.09] p = 0.706 OR = 0.96 [0.86, 1.07] p = 0.450 OR = 0.95 [0.85, 1.06] p = 0.331

fluroxypyr-
meptyl

50m OR = 0.03 [0.00, 1.3e+03] p = 0.530 OR = 0.06 [0.00, 2.5e+03] p = 0.608 OR = 0.07 [0.00, 2.8e+03] p = 0.620

100m OR = 0.29 [0.04, 2.40] p = 0.253 OR = 0.34 [0.04, 2.83] p = 0.322 OR = 0.36 [0.04, 2.94] p = 0.339

250m OR = 0.8 [0.58, 1.12] p = 0.197 OR = 0.87 [0.62, 1.21] p = 0.401 OR = 0.89 [0.63, 1.24] p = 0.476

500m OR = 0.95 [0.90, 1.01] p = 0.092 OR = 0.99 [0.93, 1.05] p = 0.626 OR = 1.01 [0.95, 1.08] p = 0.674

glufosinate 50m OR = 0 [0.00, 0.05] p = 0.030 OR = 0 [0.00, 0.11] p = 0.034 OR = 0 [0.00, 0.12] p = 0.034

100m OR = 0 [0.00, 0.18] p = 0.008 OR = 0 [0.00, 0.21] p = 0.010 OR = 0 [0.00, 0.22] p = 0.010

250m OR = 0.83 [0.45, 1.54] p = 0.557 OR = 0.86 [0.46, 1.60] p = 0.635 OR = 0.87 [0.47, 1.61] p = 0.656

500m OR = 0.98 [0.88, 1.09] p = 0.713 OR = 1 [0.90, 1.12] p = 0.955 OR = 1 [0.90, 1.12] p = 0.982

glufosinate-
ammonium

50m OR = 51000 [12.67, 
2.0e+08]

p = 0.010 OR = 40000 [8.68, 
1.9e+08]

p = 0.014 OR = 41000 [8.54, 
1.9e+08]

p = 0.014

100m OR = 18.89 [3.28, 108.82] p = 0.001 OR = 18.79 [3.19, 110.83] p = 0.001 OR = 18.83 [3.19, 111.33] p = 0.001

250m OR = 1.16 [0.85, 1.58] p = 0.362 OR = 1.16 [0.85, 1.58] p = 0.358 OR = 1.16 [0.85, 1.59] p = 0.343

500m OR = 1.04 [0.99, 1.10] p = 0.131 OR = 1.05 [0.99, 1.11] p = 0.084 OR = 1.05 [1.00, 1.11] p = 0.053

linuron 50m OR = 0.03 [0.00, 2.51] p = 0.122 OR = 0.04 [0.00, 3.27] p = 0.154 OR = 0.04 [0.00, 3.02] p = 0.144

100m OR = 0.57 [0.26, 1.29] p = 0.177 OR = 0.62 [0.28, 1.39] p = 0.243 OR = 0.6 [0.27, 1.35] p = 0.220

250m OR = 0.95 [0.84, 1.06] p = 0.356 OR = 0.96 [0.85, 1.07] p = 0.449 OR = 0.95 [0.85, 1.07] p = 0.404

500m OR = 1 [0.98, 1.02] p = 0.966 OR = 1 [0.98, 1.02] p = 0.695 OR = 1 [0.98, 1.02] p = 0.892

propiconazole 50m OR = 7300 [0.11, 4.7e+08] p = 0.116 OR = 12000 [0.14, 1.1e+09] p = 0.104 OR = 13000 [0.15, 1.1e+09] p = 0.103

100m OR = 2.79 [0.33, 23.48] p = 0.345 OR = 3.24 [0.37, 28.17] p = 0.287 OR = 3.26 [0.37, 28.38] p = 0.284

250m OR = 0.89 [0.62, 1.28] p = 0.531 OR = 0.9 [0.63, 1.30] p = 0.582 OR = 0.9 [0.63, 1.30] p = 0.585

500m OR = 1.03 [0.96, 1.10] p = 0.376 OR = 1.03 [0.97, 1.10] p = 0.330 OR = 1.03 [0.97, 1.10] p = 0.363

Outcome

Active 
ingredient 

(AI)
Buffer
size

Basic model Intermediate model Full model

Risk 
estimate

Risk 
estimate

Risk 
estimate

p 
value

p 
value

p 
value



186

Low 
birth 
weight

thiacloprid 50m OR = 0.18 [0.00, 1.2e+05] p = 0.800 OR = 0.12 [0.00, 7.2e+04] p = 0.751 OR = 0.12 [0.00, 7.5e+04] p = 0.757

100m OR = 1.25 [0.11, 14.61] p = 0.861 OR = 1.12 [0.10, 13.13] p = 0.930 OR = 1.14 [0.10, 13.36] p = 0.918

250m OR = 0.94 [0.65, 1.34] p = 0.715 OR = 0.94 [0.66, 1.34] p = 0.728 OR = 0.95 [0.66, 1.35] p = 0.761

500m OR = 0.98 [0.93, 1.04] p = 0.539 OR = 1 [0.94, 1.06] p = 0.924 OR = 1 [0.94, 1.05] p = 0.902

triadimenol 50m OR = 2.41 [0.00, 6.7e+17] p = 0.966 OR = 0.05 [0.00, 4.9e+16] p = 0.890 OR = 0.05 [0.00, 4.8e+16] p = 0.889

100m OR = 377.28 [0.40, 3.6e+05] p = 0.090 OR = 189.94 [0.17, 2.1e+05] p = 0.142 OR = 190.83 [0.17, 2.1e+05] p = 0.141

250m OR = 2.54 [0.93, 6.99] p = 0.070 OR = 2.4 [0.86, 6.66] p = 0.093 OR = 2.45 [0.88, 6.79] p = 0.085

500m OR = 1.02 [0.84, 1.23] p = 0.863 OR = 1.05 [0.87, 1.26] p = 0.642 OR = 1.08 [0.89, 1.30] p = 0.441

vinclozolin 50m OR = 1.8e+185 [0.00, Inf] p = 0.170 OR = 2e+179 [0.00, Inf] p = 0.200 OR = 3e+185 [0.00, Inf] p = 0.181

100m OR = 1.8e+28 [0.00, 
6.1e+90]

p = 0.376 OR = 9.7e+25 [0.00, 
4.9e+90]

p = 0.431 OR = 5.8e+27 [0.00, 
1.1e+92]

p = 0.397

250m OR = 0 [0.00, 1.0e+08] p = 0.597 OR = 0 [0.00, 2.0e+07] p = 0.502 OR = 0 [0.00, 4.1e+07] p = 0.538

500m OR = 0.02 [0.00, 0.52] p = 0.019 OR = 0.03 [0.00, 0.75] p = 0.033 OR = 0.02 [0.00, 0.64] p = 0.026

Large for 
gestational 
age

asulam 50m OR = 0.59 [0.32, 1.08] p = 0.089 OR = 0.58 [0.31, 1.07] p = 0.083 OR = 0.57 [0.31, 1.06] p = 0.077

100m OR = 0.91 [0.80, 1.03] p = 0.132 OR = 0.91 [0.80, 1.03] p = 0.124 OR = 0.9 [0.80, 1.02] p = 0.113

250m OR = 1 [0.98, 1.02] p = 0.659 OR = 1 [0.98, 1.02] p = 0.643 OR = 0.99 [0.98, 1.01] p = 0.612

500m OR = 1 [1.00, 1.01] p = 0.023 OR = 1 [1.00, 1.01] p = 0.036 OR = 1 [1.00, 1.01] p = 0.039

carbetamide 50m OR = 1.04 [0.23, 4.64] p = 0.959 OR = 1.03 [0.23, 4.57] p = 0.973 OR = 0.97 [0.22, 4.33] p = 0.967

100m OR = 0.96 [0.71, 1.28] p = 0.759 OR = 0.95 [0.71, 1.27] p = 0.732 OR = 0.94 [0.70, 1.26] p = 0.670

250m OR = 0.98 [0.94, 1.03] p = 0.421 OR = 0.98 [0.94, 1.03] p = 0.376 OR = 0.98 [0.93, 1.02] p = 0.340

500m OR = 0.99 [0.98, 1.00] p = 0.134 OR = 0.99 [0.98, 1.00] p = 0.078 OR = 0.99 [0.98, 1.00] p = 0.087

cyproconazole 50m OR = 8.6e+21 [0.00, 
3.8e+46]

p = 0.081 OR = 4.1e+21 [0.00, 
1.9e+46]

p = 0.086 OR = 8e+20 [0.00, 
3.8e+45]

p = 0.097

100m OR = 345.08 [0.01, 2.1e+07] p = 0.299 OR = 268.2 [0.00, 1.7e+07] p = 0.321 OR = 173.54 [0.00, 1.1e+07] p = 0.360

250m OR = 8.1 [1.59, 41.22] p = 0.012 OR = 7.59 [1.49, 38.61] p = 0.015 OR = 7.03 [1.38, 35.85] p = 0.019

500m OR = 0.69 [0.46, 1.04] p = 0.074 OR = 0.7 [0.47, 1.06] p = 0.090 OR = 0.69 [0.46, 1.05] p = 0.081

epoxiconazole 50m OR = 0.02 [0.00, 408.96] p = 0.427 OR = 0.01 [0.00, 352.94] p = 0.410 OR = 0.04 [0.00, 975.37] p = 0.534

100m OR = 0.57 [0.08, 3.91] p = 0.569 OR = 0.55 [0.08, 3.79] p = 0.548 OR = 0.72 [0.11, 4.94] p = 0.742

250m OR = 1 [0.75, 1.34] p = 0.987 OR = 1 [0.75, 1.33] p = 0.976 OR = 1.04 [0.78, 1.39] p = 0.800

500m OR = 1.01 [0.96, 1.06] p = 0.773 OR = 1.01 [0.96, 1.06] p = 0.780 OR = 1 [0.95, 1.05] p = 0.881

fluroxypyr-
meptyl

50m OR = 3.99 [0.04, 449.92] p = 0.566 OR = 3.49 [0.03, 397.69] p = 0.605 OR = 1.76 [0.02, 200.58] p = 0.815

100m OR = 1.7 [0.67, 4.32] p = 0.269 OR = 1.65 [0.65, 4.20] p = 0.297 OR = 1.37 [0.54, 3.49] p = 0.513

250m OR = 1.15 [0.99, 1.34] p = 0.060 OR = 1.14 [0.98, 1.33] p = 0.078 OR = 1.1 [0.95, 1.28] p = 0.212

500m OR = 0.99 [0.96, 1.02] p = 0.441 OR = 0.99 [0.96, 1.01] p = 0.314 OR = 0.98 [0.95, 1.01] p = 0.116

S5 Results of regression analyses with increasing level of adjustment to potential 
confounders (cont.)
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187186

Large for 
gestational 
age

glufosinate 50m OR = 0 [0.00, 3.80] p = 0.101 OR = 0 [0.00, 4.96] p = 0.115 OR = 0 [0.00, 9.75] p = 0.156

100m OR = 0.33 [0.06, 1.85] p = 0.209 OR = 0.36 [0.06, 1.98] p = 0.239 OR = 0.41 [0.07, 2.30] p = 0.312

250m OR = 0.96 [0.73, 1.26] p = 0.755 OR = 0.96 [0.73, 1.26] p = 0.764 OR = 0.96 [0.73, 1.27] p = 0.777

500m OR = 1 [0.95, 1.05] p = 0.907 OR = 1 [0.95, 1.05] p = 0.942 OR = 0.96 [0.91, 1.01] p = 0.085

glufosinate-
ammonium

50m OR = 8.85 [0.21, 367.84] p = 0.252 OR = 9.58 [0.23, 399.16] p = 0.235 OR = 6.91 [0.17, 287.36] p = 0.310

100m OR = 1.57 [0.68, 3.64] p = 0.287 OR = 1.6 [0.69, 3.70] p = 0.269 OR = 1.48 [0.64, 3.42] p = 0.354

250m OR = 0.96 [0.83, 1.11] p = 0.588 OR = 0.96 [0.83, 1.12] p = 0.614 OR = 0.95 [0.82, 1.10] p = 0.514

500m OR = 0.96 [0.94, 0.99] p = 0.006 OR = 0.96 [0.94, 0.99] p = 0.005 OR = 0.97 [0.95, 1.00] p = 0.032

linuron 50m OR = 4.64 [0.88, 24.41] p = 0.070 OR = 4.09 [0.78, 21.51] p = 0.097 OR = 4.19 [0.80, 22.13] p = 0.091

100m OR = 1.46 [1.05, 2.02] p = 0.023 OR = 1.42 [1.02, 1.97] p = 0.036 OR = 1.43 [1.03, 1.98] p = 0.033

250m OR = 1.08 [1.02, 1.13] p = 0.005 OR = 1.07 [1.02, 1.13] p = 0.008 OR = 1.07 [1.02, 1.13] p = 0.008

500m OR = 1.01 [1.00, 1.02] p = 0.004 OR = 1.02 [1.01, 1.03] p < 0.001 OR = 1.01 [1.00, 1.02] p = 0.005

propiconazole 50m OR = 12.01 [0.14, 1.1e+03] p = 0.276 OR = 14.67 [0.17, 1.3e+03] p = 0.240 OR = 11.76 [0.13, 1.0e+03] p = 0.281

100m OR = 1.3 [0.48, 3.52] p = 0.611 OR = 1.37 [0.50, 3.72] p = 0.536 OR = 1.31 [0.48, 3.57] p = 0.592

250m OR = 0.9 [0.75, 1.07] p = 0.228 OR = 0.9 [0.76, 1.08] p = 0.256 OR = 0.9 [0.76, 1.08] p = 0.251

500m OR = 0.94 [0.91, 0.97] p < 0.001 OR = 0.94 [0.91, 0.97] p < 0.001 OR = 0.95 [0.92, 0.98] p = 0.004

thiacloprid 50m OR = 0.18 [0.00, 31.54] p = 0.517 OR = 0.18 [0.00, 30.38] p = 0.508 OR = 0.13 [0.00, 22.34] p = 0.434

100m OR = 0.81 [0.29, 2.25] p = 0.693 OR = 0.81 [0.29, 2.24] p = 0.682 OR = 0.75 [0.27, 2.08] p = 0.580

250m OR = 0.96 [0.82, 1.13] p = 0.636 OR = 0.96 [0.82, 1.12] p = 0.606 OR = 0.95 [0.81, 1.11] p = 0.530

500m OR = 0.99 [0.96, 1.01] p = 0.295 OR = 0.98 [0.96, 1.01] p = 0.204 OR = 0.99 [0.97, 1.02] p = 0.521

triadimenol 50m OR = 1.06 [0.00, 1.8e+06] p = 0.993 OR = 0.72 [0.00, 1.3e+06] p = 0.965 OR = 0.61 [0.00, 1.1e+06] p = 0.946

100m OR = 1.84 [0.09, 37.74] p = 0.693 OR = 1.62 [0.08, 33.42] p = 0.753 OR = 1.47 [0.07, 30.47] p = 0.803

250m OR = 1.19 [0.74, 1.93] p = 0.471 OR = 1.18 [0.73, 1.92] p = 0.491 OR = 1.14 [0.70, 1.85] p = 0.591

500m OR = 1.04 [0.95, 1.13] p = 0.372 OR = 1.03 [0.95, 1.13] p = 0.454 OR = 1.01 [0.93, 1.10] p = 0.801

vinclozolin 50m OR = 0 [0.00, 7.4e+31] p = 0.183 OR = 0 [0.00, 1.5e+30] p = 0.172 OR = 0 [0.00, 6.6e+34] p = 0.203

100m OR = 0 [0.00, 1.5e+06] p = 0.168 OR = 0 [0.00, 5.0e+05] p = 0.154 OR = 0 [0.00, 4.6e+06] p = 0.183

250m OR = 0.08 [0.00, 131.90] p = 0.498 OR = 0.07 [0.00, 118.37] p = 0.480 OR = 0.09 [0.00, 158.84] p = 0.532

500m OR = 4.84 [1.73, 13.52] p = 0.003 OR = 4.54 [1.62, 12.69] p = 0.004 OR = 3.49 [1.23, 9.90] p = 0.019

Small for 
gestational 
age

asulam 50m OR = 0.9 [0.40, 2.02] p = 0.791 OR = 0.9 [0.40, 2.04] p = 0.807 OR = 0.93 [0.41, 2.11] p = 0.870

100m OR = 1 [0.85, 1.18] p = 0.957 OR = 1 [0.85, 1.18] p = 0.961 OR = 1.01 [0.86, 1.19] p = 0.879

250m OR = 1 [0.97, 1.02] p = 0.879 OR = 1 [0.97, 1.02] p = 0.875 OR = 1 [0.97, 1.03] p = 0.958

500m OR = 0.99 [0.99, 1.00] p < 0.001 OR = 0.99 [0.99, 1.00] p < 0.001 OR = 0.99 [0.99, 1.00] p < 0.001

carbetamide 50m OR = 1.65 [0.32, 8.47] p = 0.547 OR = 1.67 [0.32, 8.56] p = 0.542 OR = 1.81 [0.35, 9.27] p = 0.478

100m OR = 1.16 [0.85, 1.59] p = 0.340 OR = 1.17 [0.86, 1.61] p = 0.315 OR = 1.2 [0.88, 1.64] p = 0.258

250m OR = 1.01 [0.96, 1.06] p = 0.662 OR = 1.02 [0.97, 1.07] p = 0.521 OR = 1.02 [0.97, 1.07] p = 0.442

500m OR = 1 [0.99, 1.01] p = 0.789 OR = 1 [0.99, 1.01] p = 0.522 OR = 1 [0.99, 1.01] p = 0.498

cyproconazole 50m OR = 0 [0.00, 5.4e+18] p = 0.486 OR = 0 [0.00, 1.1e+20] p = 0.541 OR = 0 [0.00, 5.7e+19] p = 0.528

100m OR = 0 [0.00, 0.59] p = 0.041 OR = 0 [0.00, 1.16] p = 0.053 OR = 0 [0.00, 1.06] p = 0.051

250m OR = 0.07 [0.01, 0.45] p = 0.005 OR = 0.08 [0.01, 0.50] p = 0.007 OR = 0.08 [0.01, 0.51] p = 0.007

500m OR = 0.75 [0.49, 1.14] p = 0.182 OR = 0.74 [0.48, 1.12] p = 0.155 OR = 0.82 [0.54, 1.24] p = 0.345

Outcome

Active 
ingredient 

(AI)
Buffer
size

Basic model Intermediate model Full model
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Risk 
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p 
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p 
value



188

Small for 
gestational 
age

epoxiconazole 50m OR = 0.02 [0.00, 823.29] p = 0.475 OR = 0.03 [0.00, 1.3e+03] p = 0.527 OR = 0.02 [0.00, 716.07] p = 0.454

100m OR = 0.78 [0.10, 6.01] p = 0.812 OR = 0.87 [0.11, 6.75] p = 0.892 OR = 0.74 [0.09, 5.80] p = 0.774

250m OR = 1.05 [0.77, 1.43] p = 0.746 OR = 1.05 [0.78, 1.43] p = 0.736 OR = 1.02 [0.75, 1.38] p = 0.917

500m OR = 1.08 [1.03, 1.14] p = 0.001 OR = 1.08 [1.02, 1.13] p = 0.004 OR = 1.06 [1.01, 1.11] p = 0.029

fluroxypyr-
meptyl

50m OR = 0.95 [0.01, 148.84] p = 0.985 OR = 1.08 [0.01, 170.79] p = 0.976 OR = 1.6 [0.01, 254.46] p = 0.856

100m OR = 0.48 [0.17, 1.32] p = 0.154 OR = 0.5 [0.18, 1.39] p = 0.185 OR = 0.56 [0.20, 1.56] p = 0.267

250m OR = 0.82 [0.70, 0.96] p = 0.015 OR = 0.84 [0.72, 0.99] p = 0.041 OR = 0.88 [0.75, 1.03] p = 0.114

500m OR = 0.95 [0.92, 0.98] p < 0.001 OR = 0.96 [0.93, 0.99] p = 0.006 OR = 1 [0.97, 1.03] p = 0.935

glufosinate 50m OR = 2.57 [0.00, 1.1e+04] p = 0.826 OR = 1.82 [0.00, 8.0e+03] p = 0.889 OR = 2.19 [0.00, 9.6e+03] p = 0.855

100m OR = 1.1 [0.18, 6.63] p = 0.920 OR = 1.03 [0.17, 6.26] p = 0.971 OR = 1.1 [0.18, 6.64] p = 0.921

250m OR = 1.12 [0.84, 1.48] p = 0.445 OR = 1.11 [0.84, 1.47] p = 0.469 OR = 1.12 [0.84, 1.48] p = 0.437

500m OR = 1.01 [0.96, 1.06] p = 0.646 OR = 1.02 [0.97, 1.07] p = 0.552 OR = 1.02 [0.96, 1.07] p = 0.566

glufosinate-
ammonium

50m OR = 0.03 [0.00, 3.25] p = 0.144 OR = 0.03 [0.00, 2.76] p = 0.126 OR = 0.03 [0.00, 2.84] p = 0.128

100m OR = 0.5 [0.19, 1.32] p = 0.162 OR = 0.48 [0.18, 1.29] p = 0.145 OR = 0.48 [0.18, 1.29] p = 0.144

250m OR = 1.05 [0.90, 1.23] p = 0.502 OR = 1.06 [0.91, 1.23] p = 0.488 OR = 1.06 [0.91, 1.24] p = 0.431

500m OR = 1 [0.97, 1.03] p = 0.921 OR = 1.01 [0.98, 1.03] p = 0.634 OR = 1.01 [0.99, 1.04] p = 0.285

linuron 50m OR = 0.85 [0.12, 5.75] p = 0.864 OR = 1.08 [0.16, 7.35] p = 0.937 OR = 0.95 [0.14, 6.46] p = 0.957

100m OR = 0.91 [0.63, 1.33] p = 0.637 OR = 0.96 [0.66, 1.40] p = 0.850 OR = 0.94 [0.64, 1.36] p = 0.731

250m OR = 0.95 [0.89, 1.00] p = 0.054 OR = 0.95 [0.90, 1.01] p = 0.086 OR = 0.95 [0.90, 1.00] p = 0.069

500m OR = 1 [0.99, 1.01] p = 0.444 OR = 0.99 [0.98, 1.00] p = 0.070 OR = 0.99 [0.98, 1.01] p = 0.320

propiconazole 50m OR = 0.22 [0.00, 42.79] p = 0.570 OR = 0.14 [0.00, 29.05] p = 0.474 OR = 0.18 [0.00, 35.30] p = 0.520

100m OR = 0.64 [0.21, 1.95] p = 0.433 OR = 0.59 [0.19, 1.81] p = 0.359 OR = 0.61 [0.20, 1.87] p = 0.388

250m OR = 1 [0.84, 1.20] p = 0.958 OR = 1 [0.84, 1.19] p = 0.984 OR = 1 [0.84, 1.19] p = 0.992

500m OR = 1 [0.97, 1.03] p = 0.956 OR = 1 [0.97, 1.04] p = 0.837 OR = 1 [0.97, 1.03] p = 0.958

thiacloprid 50m OR = 0.59 [0.00, 226.58] p = 0.861 OR = 0.56 [0.00, 217.71] p = 0.849 OR = 0.66 [0.00, 254.20] p = 0.893

100m OR = 1.06 [0.33, 3.39] p = 0.922 OR = 1.05 [0.33, 3.35] p = 0.940 OR = 1.1 [0.34, 3.50] p = 0.876

250m OR = 0.94 [0.79, 1.13] p = 0.507 OR = 0.95 [0.79, 1.14] p = 0.566 OR = 0.96 [0.80, 1.14] p = 0.629

500m OR = 0.96 [0.93, 0.98] p = 0.003 OR = 0.97 [0.94, 1.00] p = 0.027 OR = 0.97 [0.94, 0.99] p = 0.019

triadimenol 50m OR = 0 [0.00, 3.1e+03] p = 0.363 OR = 0 [0.00, 5.8e+03] p = 0.405 OR = 0 [0.00, 4.2e+03] p = 0.384

100m OR = 0.57 [0.02, 13.13] p = 0.726 OR = 0.66 [0.03, 15.27] p = 0.795 OR = 0.65 [0.03, 14.89] p = 0.786

250m OR = 1.29 [0.79, 2.10] p = 0.302 OR = 1.32 [0.81, 2.15] p = 0.265 OR = 1.37 [0.84, 2.23] p = 0.203

500m OR = 1.05 [0.96, 1.14] p = 0.305 OR = 1.06 [0.97, 1.16] p = 0.191 OR = 1.11 [1.02, 1.21] p = 0.018

vinclozolin 50m OR = 0 [0.00, 2.2e+121] p = 0.875 OR = 0 [0.00, 4.2e+122] p = 0.885 OR = 0 [0.00, 2.0e+127] p = 0.944

100m OR = 38.51 [0.00, 1.7e+28] p = 0.907 OR = 81.57 [0.00, 5.9e+28] p = 0.889 OR = 1900 [0.00, 1.3e+30] p = 0.811

250m OR = 5.27 [0.00, 7.9e+04] p = 0.735 OR = 5.79 [0.00, 9.1e+04] p = 0.722 OR = 9.34 [0.00, 1.5e+05] p = 0.651

500m OR = 0.2 [0.04, 0.90] p = 0.036 OR = 0.25 [0.05, 1.11] p = 0.069 OR = 0.21 [0.05, 0.96] p = 0.044

S5 Results of regression analyses with increasing level of adjustment to potential 
confounders (cont.)

Outcome

Active 
ingredient 

(AI)
Buffer
size

Basic model Intermediate model Full model

Risk 
estimate

Risk 
estimate

Risk 
estimate

p 
value

p 
value

p 
value



189188

CHAPTER 6

GENERAL DISCUSSION
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The study of exposure to agricultural pollutants, specifically pesticides and livestock 
emissions, and health effects among residents in rural areas is a complex. The work pre-
sented in this thesis makes its contribution to the topic by using large administrative 
data sets and modelled exposure to identify potential associations of these exposures 
to health outcomes. Using large data resources to study this topic is a powerful ap-
proach, since large studies help identify small risks that may have a significant impact 
in rural population’s health, given the large number of people potentially exposed to 
agricultural pollutants. In this chapter, lessons learned from the previous chapters are 
brought together to provide a picture of what insights were gained and how they fit in 
past and future research on this topic. The chapter begins by revisiting the main find-
ings and proceeds with a discussion of the strengths and limitations of the approaches 
taken. These are further put into context by comparing this work with that of other 
studies. Finally, it provides a perspective for future work on the topic. 

SUMMARY OF THE MAIN RESULTS

In general, and contrary to expectation, people living near crops where pesticides were 
applied presented better physical and mental health (chapter 4) and overall lower mor-
tality risks (chapter 3) when compared to people living further way but still in rural ar-
eas. In contrast to this overall pattern, a signal for an association between living near 
maize crops and respiratory mortality arose, even when stringent interpretation criteria 
were applied (chapter 3). The study on birth outcomes identified specific active ingre-
dients of concern, namely linuron, fluroxypyr-meptyl, glufosinate-ammonium, vinclozolin 
and picoxystrobin, raising important questions regarding mechanisms for toxicity and 
dysregulation that could potentially lead to disease (chapter 5). The association found 
between residential proximity to pig farms and increased respiratory mortality found in 
the livestock study, albeit referring to a time period of about 20 years ago, indicate a 
potential concern regarding pig farm emissions that should be investigated, since it is 
likely that exposures are still qualitatively similar nowadays (chapter 2). 
The use of administrative databases supplied the studies with a large number of sub-
jects for analyses, providing enough power to detect even small risks but rendering in-
terpretation challenging, especially in distinguishing false positive results and judging 
what pertains a relevant health effect. It also required exposure assessment methods 
based on modelling given the impossibility to measure and analyze exposures of such 
large study populations. Concomitantly, selection of health outcomes was limited to 
those available in registries at the time the studies were conducted. The use of these 
data sources shaped the analyses described in this thesis. Strengths, limitations and 
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methodological aspects of using these administrative datasets for the study of the 
effect of agricultural pollutants on rural populations health are discussed and put into 
context with other approaches below.

THE STUDY OF THE EFFECT OF AGRICULTURAL POLLUTANTS ON HEALTH – CONSIDER-
ATIONS ON THE APPROACHES TAKEN IN THIS THESIS

There is currently no gold standard approach to study the effect of agricultural pollut-
ants on health, largely because both “agricultural pollutants” and “health” encompass 
a great number of aspects. Different approaches regarding data sources and exposure 
and outcome assessment methods present their own strengths and limitations as well 
as feasibility to address specific goals (exploratory research to identify potential as-
sociations, corroboration of previously reported associations, quantification of effect 
sizes). As mentioned, the studies comprising this thesis had a common premise: the 
use of administrative data sets for outcome and exposure assessment. In particular, 
farmers’ surveys and registries and geodatabases were used to compute proxies of 
exposure to pesticides and to livestock emissions based on residential proximity to 
crops and farms, respectively, while outcome and covariate information was obtained 
from national health surveys and registries.

THE USE OF ADMINISTRATIVE DATA

Administrative data can supply large amounts of study subjects, resulting in large data 
sets for analysis. In chapters 2 and 3, virtually all rural residents fulfilling the inclusion 
criteria (30 years old or older, complete information on residential history) were includ-
ed, resulting in data sets of 3-4 million subjects. Similarly, in chapter 5, virtually all sin-
gleton births from mothers living in rural areas that had occurred over 5 years (nearly 
340,000) were included in the study. In chapter 4, although the study population was 
comprised of a sample of the Dutch population, the study still relied on over 215.000 
subjects. The inclusion of a large number of subjects provides the statistical analysis 
with large power to detect subtle effects and allows investigation of rare outcomes 
and rare exposures. Small effect sizes are common in observational epidemiological 
studies but because a large number of people are potentially exposed there can be 
important public health and policy consequences. Likewise, outcomes that do not oc-
cur often may still be of interest if they have a severe impact on society and/or affect 
individuals early in life, such as some rarer types of cancer or congenital malformations. 
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Administrative information is virtually complete across exposures, outcomes and some 
relevant covariates, available at individual level. Indeed, it was possible to compute 
exposure proxies for all residences in the Netherlands based on the Basisregistratie 
Adressen en Gebouwen (BAG), a public geodatabase containing all addresses and 
buildings in the Netherlands. The Basisregistratie Gewaspercelen (BRP) and the Lan-
delijk Grondgebruik Nederland (LGN) geodatabases provided maps with information 
on the location and types of crops while farmer’s surveys provided information on the 
type and amounts of pesticides used on those crops. Agricultural registries provided 
information on the location, type and size of farms. Death and birth registries provided 
the information on nearly all deaths and births in the Netherlands while the Health Sur-
vey 2012 provided a study population based on a representative sample of the Dutch 
population and self-reported depression and perceived health. Because the registries 
and the health survey are available as microdata within Statistics Netherlands (CBS) 
secure environment, it was possible to link them to other sources of administrative 
data obtaining therefore information on relevant covariates such as sex, age, complete 
residential history (an essential input for linking individual health data to modelled 
exposure), household income, migration background, and marital status as well as in-
formation on aggregated level such as neighborhood’s urbanization degree, and social 
economic position. The survey provided, in addition, information on lifestyle factors. 
Furthermore, completeness of data also pertains to completeness of subjects in the 
databases, that is, the entire Dutch population. Since virtually all people complying 
with the specific inclusion criteria for each chapter were included in the studies, it 
was possible to circumvent the limitations of some types of bias such as selection or 
participation bias.
In the Netherlands, and many other countries, administrative data is routinely collected 
for a myriad of purposes, consisting of a cost-efficient way of obtaining and storing 
information. In contrast, setting up and maintaining large cohorts is a laborious and 
expensive endeavor, especially when follow-up extends for long periods; recruiting 
participants in case-control studies is also often challenging and slow. This constant 
availability of data allows for the prompt start of retrospective cohort, case-control 
and cross-sectional studies at any time, provided that it is possible to assess exposure 
in the past. It is important to note, however, that consistent and periodic collection 
of registry data or availability of such data for research is not a reality for all countries.
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STRENGTHS

Exposure assessment

Because of the large number of subjects included in the studies covered in this thesis, 
measurement of exposure concentrations was not feasible and modelling approach-
es were used to estimate residential exposure to agricultural pollutants. The models 
relied on registries as input data allowing for an objective exposure assessment at an 
individual level. An individual level objective assessment for agricultural pollutants is 
rarely observed in studies where measurements are not a possibility, which usually ei-
ther rely on questionnaires or aggregated level information for exposure assessment, 
such as estimates on the amount of pesticides sold or the total number of farms in a re-
gion. Another advantage of using models is that it allows for the estimation of exposure 
levels for very large geographical areas. Indeed, in all chapters exposure was assessed 
for the whole country, whereas most studies on the topic are often focused on a re-
gional approach. Nationwide exposure assessment not only provides large power in 
subsequent statistical analysis, but also helps achieve exposure contrasts that may be 
difficult to obtain when studying specific regions. Table 1 displays succinctly the main 
approaches to exposure assessment used in studies on the topic, providing a general 
overview of how these approaches compare in terms of key strengths and limitations. 

Outcome assessment

The thesis explored several health endpoints, including birth outcomes, specific caus-
es of death, and depression and perceived health. Birth outcomes and causes of death 
(chapters 2, 3 and 5) were available from registries, which provide complete informa-
tion on individual level that was objectively determined by a health professional. By 
including all birth and death from people meeting the inclusion criteria of the specific 
studies, certain sources of biases were avoided, namely participation selection and 
exclusion biases. Chapter 4 focused on (non-clinical) depression and perceived health. 
While self-reported, and thus conditional on some degree of subjectivity, these out-
comes can only be assessed via questionnaire. Information on these outcomes was 
virtually complete (1-3% missing values). 

Information on other relevant covariates

In all chapters, analyses considered several relevant factors that may be relevant for the 
associations under investigation, in increasingly adjusted models. Overall, information 
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on age, sex, migration background, household income and marital status, were availa-
ble at the individual level and objectively obtained from registries. Another advantage 
of using registries is that this sort of information is nearly complete and systematically 
updated, with most data sets being produced on a yearly basis. Information, including 
start and end dates of all sorts of occurrences (such as births, deaths, changes in res-
idence, changes in marital status, etc), is thus continuously assessed, processed and 
added to the data bases. However, information on lifestyle, such as drug and alcohol 
use, smoking habits or physical activity is, of course, not included in registries and 
therefore not included in the studies, except that of chapter 4. In this chapter, informa-
tion on lifestyle factors was available since data in this study came primarily from the 
2012 Health Survey. Of note, is that the national Health Surveys, although conducted 
on a regular basis (about every 4 years), are each time based on a different sample 
from the population. Consequently, these surveys often pertain to a one-time lifestyle 
factors assessment that is not updated regularly.

Statistical approach, biases and interpretation

In all chapters, an exploratory approach was used to identify potential associations 
between residential proximity to crops, amount of pesticides used near the residence 
or residential proximity to different types of farms, and several health endpoints. This 
consequently resulted in the estimation of many associations raising concerns about 
multiple testing and erroneous inferences about the results. Together with the use of 
big data, the work covered in this thesis is prone to detection of statistically signifi-
cant findings and raises the chance of obtaining false positive results. To mitigate this, 
a rather strict interpretation of results was used: results were always interpreted in a 
holistic manner and, when applicable, the false discovery rate (FDR) method was used. 
An isolated result was never considered on its own but rather interpreted in context 
with other results. For example, there was careful verification of whether effects were 
consistent among different buffer sizes and/or among different exposure metrics. Then 
again, one can argue that application of so many criteria for interpretation could have 
hampered the detection of a true finding or may have resulted in overlooking of a 
signal (false negative). In exploratory research, such as the one featured in this thesis, 
balancing between false negative and false positive results is key. It is important that 
false negatives are avoided so as not to miss important signals that can become leads 
in confirmatory research (which will later “weed [false positive results] out”)1 Howev-
er, a too lenient approach can come at the cost of obtaining a relatively high rate of 
false positives and generating spurious leads that would potentially waste research 
resources.
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To address potential sources of bias, such as effect modification and confounding by 
unmeasured factors, many sensitivity analyses and stratified analyses were conduct-
ed across all chapters. Negative control analyses were carried out in chapter 2 as a 
further step to identify residual sources of bias, using outcomes that were related to 
poor lifestyle behaviors but not to exposure to livestock pollution. In chapter 3 analy-
ses were re-run using another (smaller) cohort, the AMIGO cohort, where information 
on lifestyle factors was available. Interestingly, all of these analyses showed no major 
changes in results or at least not enough that would induce a change in the general 
interpretation of the results as a whole. Overall, throughout all chapters, rather strin-
gent interpretation criteria were applied and there was thoughtful examination and in-
tegrated interpretation of the main and additional analyses. Such an approach borders 
the concept of triangulation and lends credit to the robustness and trustworthiness to 
the identified signals. As some authors argue, such pluralistic approaches may be more 
adequate to assess the impact of specific sources of bias in observational studies than 
using a deterministic risk of bias assessment method2 .

LIMITATIONS

Exposure assessment

Despite the advantages of modelled exposure assessment used in this thesis, this ap-
proach has its own set of limitations. Logically, taking personal or environmental sam-
ples to measure exposure to agricultural pollutants delivers the highest level of detail 
for (individual) exposure assessment, providing information on specific compounds 
and their concentrations in the environment (residence) and/or in subjects. Neverthe-
less, this is usually only feasible in small to medium-scale studies and for a sample of 
the population of interest, with the added disadvantage that data collection can be 
affected by participation bias in some study designs (in terms of both exposure and 
outcome perceptions or concerns). In the studies comprising this thesis, measuring 
and analyzing samples for exposure assessment was not a possibility, not only because 
of the large amounts of study subjects but also because exposure occurred in past 
and no measurements were performed then. Indeed, a big limitation of this approach 
is that exposure measurements do not reflect past exposures when they are not per-
formed during a study’s exposure period.
Estimation of residential exposure to agricultural pollutants was thus obtained from a 
modelling approach, based on a rather crude computation and with limitations that 
complicate the interpretation of the results. First, the modelled exposure metrics re-
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flected a mixture of components, that is, they reflected the total combination of pes-
ticides used in a crop (chapters 3 and 4) and the several pollutants generated in live-
stock farming (various gases and particles including greenhouse gases, ammonia, fine 
particles and endotoxins, chapter 2). Although some specificity regarding the mixture 
was achieved by using exposure variables that reflected the area of a specific crop or 
the number of specific livestock animals, it was not possible to disentangle the indi-
vidual effects of the compounds in the exposure mixture precluding  pinpointing the 
actual culprits for the findings. The exception was the approach taken in chapter 5 on 
birth outcomes, where it was possible to estimate the amount of specific active ingre-
dients used around the residence. In this chapter, annual crop data with high resolution 
and detailed information on crop types was available (unlike chapters 2 and 3), the 
exposure time window was shorter and clearly defined and the design was longitudi-
nal (unlike chapter 4). These conditions allowed for the computation of estimates of 
the amount of specific active ingredients used around residences and provided insight 
into possible cause-effect relationships between those active ingredients and birth 
outcomes. Throughout all chapters, the semi-quantitative proxies used for exposure 
unavoidably resulted in (difficult to quantify) degree of exposure misclassification. This 
misclassification is due to several aspects: 1) the inability to account for determinants 
that influence personal exposure, such as people’s time-activity patterns and other 
sources of exposure to agricultural pollutants (occupation, food contamination), 2) me-
teorological conditions affecting the dispersion of agricultural pollutants and adoption 
of exposure mitigation measures by farmers, which can lead to a discussion on whether 
the use of symmetrical buffers is appropriate (even though it would remain difficult 
to determine what the optimal buffer shape would be), and 3) difficult identification 
of the pollutants’ source in a more precise manner, especially pertaining to the exact 
location of livestock animals that are usually raised in grazing systems (such as dairy 
cattle and sheep). Nevertheless, it is important to mention that exposure assessment 
based on measurements is also not free of exposure misclassification due to other de-
terminates, especially those related to the temporal variability of the concentrations 
of the components in the environment and in the body and the ability to take samples 
at the appropriate timing (Table 1). Still, the modelled exposure proxies used in the 
studies of this thesis are likely suited for long term exposure assessment. Indeed, area 
of crop and animal-specific livestock-related characteristics (such as number of farms 
or number of species-specific animals) within a buffer were found to be among the 
strongest predictors in exposure models developed for estimating residential expo-
sure to pesticides and livestock-related air pollution, respectively3,4 Studies conducted 
in the US have also shown high correlations between residential proximity to crops and 
pesticide concentrations at home (albeit a translation to the European setting may not 
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be entirely adequate since different agricultural practices, such as aerial spraying of 
pesticides, can affect the dispersion of agricultural pollutants)5

A major challenge, not only in this thesis’ work but in general, is the linkage of exposure 
assessment data to the relevant induction time period for the outcome of interest, es-
pecially when it is unclear which time period of exposure would be of relevance (preg-
nancy, childhood, adolescence, adulthood) or when the induction time for the disease 
is unclear or long (a common feature of chronic diseases). Except for chapter 5 on birth 
outcomes, where the exposure period considered was pregnancy, a rather loose ap-
proach was taken in all chapters, considering exposure periods only during adulthood. 
Nevertheless, one should not ignore that other time windows could be highly relevant, 
such as the case of early life exposures that can imply an increased duration of expo-
sure or exposure during crucial developmental periods. A relevant reflection regarding 
the studies included in this thesis, however, is that looking into several time periods 
in addition to already large number of tests performed in each study would lead to a 
compounding of the multiple testing problem.
The study populations from the studies included in this thesis were based on the gen-
eral population, which naturally includes farmers and other occupations where expo-
sure to pesticides is higher. Because exposure was assessed based on residence, it was 
not possible to determine the occupational exposures. Nevertheless, since registries 
have information on working sectors, it was possible to perform sensitivity analyses ex-
cluding people working in the agricultural setting and assess if the effects were driven 
by occupational exposures. In all studies, this sensitivity analysis showed that the ef-
fects found remained, after excluding agricultural workers from analyses, albeit in some 
cases with a slightly lower magnitude. This reinforces that the findings were driven by 
residential exposures.

Outcome assessment

The quality of outcome definition across the chapters was variable. In chapter 5, analyses 
were based on quite detailed and complete data where birth outcomes from all births 
occurring after 22 weeks of gestation were registered by health professionals (midwives 
and obstetricians). In chapters 2 and 3, outcome was defined as the primary cause of 
death, which often results in missing cases for diseases that are usually not (registered 
as) direct causes of death, such as neurologic diseases (for example, Parkinson’s disease 
and Alzheimer’s disease). This may have hampered the possibility of identifying associ-
ations between exposure to agricultural pollutants and these diseases. Chapter 4 was 
based on data from the national health survey from 2012, where information on (chronic) 
health conditions is obtained from a sample of the population. Outcome information was 
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based on self-report and did not include the date of diagnosis. Such information allows 
for an inference on the prevalence of the inquired diseases but hampers the possibility 
of performing a longitudinal study, since it precludes assignment of exposure prior to 
developing the outcome. A general overview of the advantages and disadvantages of 
several data sources for outcome assessment is displayed in Table 2.
Finally, because this work was based on registries and other administrative data, it was 
not possible to investigate other outcomes of scientific interest or of public health rele-
vance (for example, cognitive problems in children). In the Netherlands, communicable 
and non-communicable diseases are registered at the level of hospitals, general prac-
titioners (GPs), laboratories and surveillance institutes, such as the National Institute 
for Public Health and the Environment (RIVM), and then reported to the municipalities’ 
Public Health Department (Gemeentelijke Gezondheidsdiensten, GGD). 

Information on other relevant covariates

Although it was possible to include information on several factors that are featured 
in registries, information on lifestyle factors that could be potential confounders was 
not available (except in chapter 4). However, it is unlikely that lifestyle factors are as-
sociated with living in proximity to a specific type of livestock farm (e.g. pigs but not 
poultry), a specific crop type (e.g. summer barley but not winter wheat) or a specific 
active ingredient (boscalid but not fluopyram). In addition, it is debatable whether one 
should expect lifestyle-related confounding differentially affecting results depending 
on whether someone lives within the short distances analysed in this thesis. This would 
entail lifestyle differences e.g. of people living within 50m as compared to living be-
tween 50-100m from a crop. Further analyses were conducted to evaluate the robust-
ness of the results to uncontrolled potential confounders across all studies. Given that 
contrasts in lifestyle factors clearly exist between rural and urban areas, all chapters 
included a sensitivity analysis restricted to the most rural areas.
 In this analysis, people living in semi-urban areas that could potentially have lifestyles 
more similar to those living in urban areas were exclude. No major changes in effect 
estimates, compared to the main analyses, were observed. Other analyses, such as 
the negative control analysis previously mentioned, and an analysis using a small data 
set for which lifestyle factors were included in the models, also did not provide clear 
evidence that lifestyle factors were associated with exposure to agricultural pollutants 
and thus markedly bias the association of these exposures with the health outcomes 
investigated. Naturally, there is still potential for residual confounding and there are 
other approaches to assess confounding such as indirect adjustments to the models 
and computing E-values, which are revisited later in the outlook section of this chapter.
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Biases and statistical approach

The exposure misclassification resulting from the rather simple exposure models used 
was likely non-differential therefore resulting in an overestimation of exposed people 
and biasing the estimates towards the null, i.e., an underestimation of the effect size. 
Consequently, there is the possibility of signals having been missed due to the similar-
ity in exposure levels of exposed and unexposed groups, and the identified signals, if 
true, may in fact correspond to higher risks for the population. 
While using big data provides large power to detect small effect sizes, these are ten-
dentially statistically significant and may not correspond to relevant health effects or 
clinical significance. An example of this is the small increase in gestational age or birth 
weight observed in babies whose mothers were exposed to some active ingredients 
during pregnancy (chapter 5). Mothers who were highly exposed to linuron (90th per-
centile of exposure to linuron) had babies 12 (500m buffer) to 26 (50m buffer) grams 
heavier than babies whose mothers were not exposed. These are small effects when 
compared to the decrease in birth weight in mothers that smoke during pregnancy 
(around 200 grams). However, it is important to bear in mind that, although the clini-
cal relevance these small effects may not be impactful on an individual level, they can 
translate in important shifts in the distribution of the outcomes among the exposed 
population. In the case of birth weight, this could translate into a shift in the mean birth 
weight exposed population that could result in a higher proportion of babies being 
classified as large for gestational age. As mentioned before, exposure misclassification 
may have led to an underestimation of the effects and careful interpretation of the re-
sults is warranted. The approach taken in this thesis has an exploratory character with 
no attempt to quantify effects per se and rather than using clinical minimal values, all 
results that were robust (that is, indicative of potential associations) were reported. 
Clinical relevance and impact in public health should be considered in subsequent 
(confirmatory) analyses.
On the other hand, to mitigate the tendency to consider individual statistically signifi-
cant result as findings, results were interpreted in a careful and holistic manner. While 
this gives confidence about the signals found, it is arguable that criteria for interpre-
tation used were rather stringent and that associations pointing to potentially harmful 
effects were overlooked.
Another point that could raise some critique regarding the methods applied in the 
chapters using area of a specific crop as the exposure metric is the fact that these ex-
posure metrics were used as continuous variables in the models and it is arguable that 
their relationships with the outcomes are not linear and/or that a comparison should 
be made between the different exposure levels. This was in fact explored in a report 
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for the Ministry of Health, Welfare and Sport, where it was determined that for some 
specific crop and outcome pairs, the relationship was indeed not linear, but the same 
conclusions were overall reached: only living near maize crops showed evidence of 
being at higher risk of death from chronic lower respiratory diseases.6

THIS THESIS IN THE CONTEXT OF WORK ON THE TOPIC OF AGRICULTURAL POLLUT-
ANTS AND HEALTH

The observations of lower mortality, lower risk for depression and lower risk of bad per-
ceived health in the people living near crops are in contrast to the expected direction 
of effects, although inverse associations between adverse health outcomes and oth-
er types of environmental exposures, including air pollution and livestock emissions, 
have previously been observed among the Dutch rural populations.7,8 It remains unclear 
what is driving the observed overall lower risks, but possible explanations lie with po-
tential for residual confounding likely biasing the effects towards the null. Results that 
differed from this general tendency were all the more noteworthy.
Chapter 3 revealed indications for an association between living near maize crops 
and higher risk of chronic lower respiratory mortality. It is unclear whether this effect 
is related to exposure to the pesticides used in maize crops or to other characteris-
tics specific to this crop that could adversely affect respiratory health. Regardless, 
results are in line with findings from both occupational studies identifying higher risks 
for COPD and asthma in people exposed to pesticides and from a study identifying 
higher mortality in maize farmers due to production related air pollution (namely am-
monia from nitrogen fertilizers).9 In chapter 2 people living near pig farms were also at 
higher risk of death from chronic lower respiratory diseases and associations between 
pig farm emissions and respiratory diseases have been reported in studies assessing 
occupational exposures10 Results from chapter 5 showed that linuron and vinclozolin, 
pesticides with antiandrogenic effects, were associated with higher birth weight, high-
er risk of being large for gestational age (linuron) and longer gestational age (vinclo-
zolin), especially in girls. It is unclear why we observed these effects especially in fe-
males, but it is likely that the balance in sex hormones during gestation is important for 
fetal growth. Interestingly, even though results across studies are inconsistent, most 
indicate higher risks for lower birth weight when pregnant women are exposed to 
pesticides and endocrine disrupting chemicals11–13. In this chapter, we also observed 
that glufosinate-ammonium was associated with higher risk of having babies with low 
birth weight, fluroxypyr-meptyl was associated with longer gestational age and pi-
coxystrobin was associated with longer gestational age and with higher risk of having 
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large for gestational age babies. The underlying mechanisms for these effects remain 
unknown as well, especially since toxicological studies either show no evicence of re-
productive and/or developmental effects or point to adverse birth outcomes that are 
not in line with the observed effects, such as foetal death and premature deliveries and 
reduced body weight14–16

Overall, the effect sizes of the signals identified throughout the chapters were small, but 
even a small change in risks can have significant impact given the large number of peo-
ple affected. In other words, environmental factors, such as those explored in this thesis, 
causing small upward shifts in disease risk or burden distributions in an exposed popu-
lation translates into a substantial increase of the proportion of individuals with the dis-
ease. Generalization of the results of this work to other countries is not straightforward. 
The Netherlands is a densely populated country where people live closer to agricultural 
plots and farms than in most other countries. International generalization of the results 
from the chapters using crops as proxy for exposure to a mixture of pesticides is espe-
cially hampered by differences in agricultural settings. For example, differences in climat-
ic zones determine the type of crops grown, the type of pesticides used and the timing 
of their application. European countries are bound to regulations that differ from those 
applied in other countries regarding agricultural techniques (such as prohibition of aerial 
spraying) and approved active ingredients. Results from the livestock study (chapter 2) 
may be more generalizable. Albeit relying on data from nearly 20 years ago and farm-
ing practices having evolved since then, the type of emissions produced by livestock 
farming is likely qualitatively similar today and similar to those in other countries (except 
specific pathogens). Given that adverse respiratory health effects are currently observed 
in people living near farms, the result on higher risk of respiratory mortality in people 
living near pig farms should be a research priority. Similarly, the results from the chap-
ter on birth outcomes are more easily generalizable to other countries since specificity 
of exposure assessment was relatively higher (specific active ingredients in a short but 
specific time window of exposure (pregnancy)). It follows that it is important to replicate 
this result and to elucidate the biological mechanisms underpinning the observed effect.
Many of the studies on the topic of the effects of agricultural pollutants on health have 
taken a range of different, yet complementary, approaches, with the limitations of one 
approach covering the limitations of another. On one hand, and similarly to the ap-
proach taken in this thesis, there are studies covering large areas (states or countries) 
and using complete data from several administrative sources. For example, a study in 
California, USA, estimated residential exposure to relevant active ingredients based on 
land use maps and the pesticide usage in each field from the California’s Pesticide Use 
Report (PUR) to assess their association to adverse birth outcomes (using information 
from the birth registry)17 Another example is the Dutch cross-sectional study on the ef-
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fects of residential proximity to livestock farms on COPD, where researchers assessed 
the association between distance to livestock farms and use of COPD medication, us-
ing medication purchase information registered by health insurance companies18 In 
these large studies, exposure assessment was based on modelled estimates of expo-
sure, with the limitations discussed above, and information on potential confounders 
was limited, while simultaneously struggling with interpreting statistically significant 
results of very small effects that are possibly clinically irrelevant. Complementary to the 
caveats of large epidemiological studies are smaller studies that are able to use (per-
sonal) measurement for a more precise exposure assessment and to collect detailed 
information on several potential confounders. However, their lower statistical power or 
cross-sectional design can limit their capacity to provide statistically significant results 
for the small effect sizes that are expected or to provide strong evidence of causality. 
In the end, the fact that different types of studies provide different types of information 
underscores the importance of interpreting results from all approaches in a holistic 
manner. Such is the approach taken on the EXPANSE project (and, at a smaller scale, in 
chapter 3 with the use of a smaller cohort study to investigate the impact of adjusting 
for lifestyle factors). In EXPANSE, researchers investigate how the urban exposome, 
i.e., all environmental factors people are exposed to in cities, affects health. They have 
triangulated the result from studies using large administrative cohorts with very limit-
ed phenotyping, prospective cohorts with less subjects but better phenotyping, and 
molecular studies including just a few people where very deep phenotyping was per-
formed, to understand what and how environmental factors pose potential health risks.
Finally, of note is the fact that the main route of exposure to pesticides is food intake, 
which was not considered in any of the chapters concerning health effects of pesticide 
exposure. It is difficult to assess what the impact of this route of exposure can be among 
the rural population. On one hand, people in rural areas may be more likely to grow 
their own vegetables, a practice that can be even more common close to agricultural 
fields. Their food gardens may be contaminated by pesticides applied in fields nearby 
or people might use pesticides themselves, possibly ending up using pesticides and 
fertilizers in a less efficient way than in intensive crop productions. On the other hand, 
one can also argue that it is unlikely that there are systematic differences in food intake 
between people living within and beyond certain buffer sizes from a specific type of 
crop and that, consequently, confounding by food intake may be neglectable.
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OUTLOOK

With the results and the limitations encountered in this work in mind, clear directions 
for future work for the study of agricultural pollutants and health in the Netherlands can 
be identified. These belong to three major steps discussed in this subsection.

Important steps in exposure assessment

The natural next step in exposure assessment is the use of more precise exposure 
models that take the physicochemical characteristics of the compounds including the 
exposure mixtures and their dispersion patterns into account. Such models are funda-
mental tools for residential exposure assessment in large studies and there have been 
efforts to develop such models in the last years.
Deterministic exposure models have been developed by Figueiredo et al. for pes-
ticides used in flower bulbs in the Netherlands19 The models were developed using 
data from downward spraying events and were validated for such applications. They 
are probably suited for lateral spraying but their performance in crops where upward 
spraying of pesticides is used (for example in fruit tree crops) must be assessed. A prac-
tical limitation of using these models for exposure assessment is that input data is not 
registered in necessary detail on a routinely manner. Those data refer to information on 
exact time and location of spraying, and exact amounts and types of pesticides used 
on a specific field. In the Netherlands, farmers must note what pesticides are used in 
their fields but this information is not accessible, hence the need to rely on quadren-
nial surveys to estimate the amounts used in specific types of crops. However, given 
that farmers already register these activities, a solution could be the use of applica-
tion programming interfaces (APIs) to retrieve and automatically pre-fill the already 
established yearly agricultural census (Landbouwtelling). This would, in turn, allow the 
construction a pesticide usage database that would not only monitor pesticide usage 
but could also help identify challenges farmers face in their production and effective 
alternatives to pesticides. A prototype of such a software has been recently developed 
for information regarding crop harvesting but the use of different farm management 
software among farmers is a challenge regarding APIs development, protection of sen-
sitive data and harmonization of data.
de Rooij et al. developed a land-use regression (LUR) model and a dispersion model 
for livestock emitted PM10 (particulate matter ≤10μm) and its endotoxin content. Both 
models were developed using data in the context of the Livestock Farming and Res-
idential Health (VGO) program, which is set on a region of the Netherlands with high 
density of livestock farming. These models are specific for the regions covered in the 
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VGO program and lack validation in other parts of the Netherlands. A first step is then, 
naturally, validation of these models for national level use. There is also space for im-
provement of these spatial models, by including for example temporality (an important 
feature in the study of the effect of short-term and long-term exposures) or developing 
a hybrid model that combines both the LUR and dispersion modelling techniques20 
Spatio-temporal models require detailed information not only on the number, type and 
location of livestock animals, but also on time-varying factors such as farm practices 
(housing system, type ventilation systems and hygiene practices) and health status. 
Therefore, a crucial step would be the creation of a national database with such infor-
mation, similarly to what was proposed above on the registration of pesticide usage in 
crops and an extension of the national agricultural census.
Finally, there are other common limitations regarding the use of these advanced pesti-
cide and livestock emissions exposure models. Firstly, these models require various in-
put information (such as properties of the active ingredients in the pesticide model or 
particles’ emission data for different sources in the livestock dispersion model) which 
may be missing and estimated or published values must be used instead, adding to 
the uncertainty of the output of the models. Secondly, it is difficult to assess whether 
they are suited to estimate distant past emissions when measures for reduction of ag-
ricultural activities pollution were not as widely implemented nor regulated as today. 
Thirdly, they don’t consider all pathways that lead to residential exposure (such as 
take-home pathways). Lastly, estimating exposure to several compounds for studies 
with large populations can be computationally challenging. Together, the described 
limitations restrict current use of these models in studies but their further development 
and improvement would greatly contribute to the assessment of residential exposure 
to agricultural pollutants in future research.

Important steps in health research

A natural follow-up from the work of this thesis is the investigation of the signals iden-
tified, namely whether these signals correspond to true effects. These include research 
on the associations between pollutants from maize production and respiratory mortality, 
pollutants from pig farms and respiratory mortality and maternal exposure to fluroxy-
pyr-meptyl, glufosinate-ammonium, vinclozolin and picoxystrobin and several poten-
tially adverse birth outcomes, namely the higher birth weight, longer gestational age 
and increased risk of having large for gestational age babies. Of note is that, except for 
fluroxypyr-meptyl, none of these pesticides are currently approved for use in the Euro-
pean Union (EU) but there are other active ingredients belonging to the same chemical 
group or having the same mode of action that are nowadays used in the EU and should 
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be investigated. For example, linuron is a carbamide that is banned in the EU and, al-
though many other carbamides are banned, some, such as chlorotoluron and metobro-
muron, are currently approved for usage. Investigating such compounds, for example in 
in vitro studies in a read-across approach can be useful in filling in knowledge gaps in 
biological mechanisms and pathways leading to (potentially adverse) effects.
There are also other health outcomes that have been reported to be linked to pesti-
cide exposure that were not investigated in this work, such as incidence of Parkinson’s 
disease (mortality was addressed in this thesis), congenital malformations, incidence 
of COPD, incidence of leukemia in both adults and children, cognitive problems in chil-
dren, acute health problems (for example acute respiratory or neurologic symptoms, 
dermatologic or ocular lesions), and exacerbation or faster progression of underlying 
diseases such as COPD and Parkinson’s disease.
There has been recent discussion on other health problems being related to agricul-
tural pollutants, such as the link between exposure to pesticides and heart arrythmias 
or how the loss of biodiversity due to current pesticide use and livestock farming prac-
tices may indirectly affect human health. This is an indication that there is much on the 
effects of agricultural pollutants that remains unknown and unexplored, and it is crucial 
that we learn more about them. Since the agricultural sector is growing to ensure food 
production for a worldwide growing population, it is important that we have a deeper 
knowledge on safe practices and on safe compounds and their usage. 

Important steps in linkage and statistical methods

Data of many of the abovementioned outcomes is available from various institutions 
in the Netherlands. For example, data on incidence of adult and childhood leukemia 
can be obtained from the Netherlands Cancer Institute (NKI). Many communicable and 
non-communicable diseases are often registered at the level of hospitals, general prac-
titioners (GPs), surveillance institutes and health insurance companies. The Vektis and 
the Dutch Hospital Data (DHD) are examples of how data from health care claims and 
data from hospitals and medical centers, respectively, can be collected, wrangled, 
stored and later used for research purposes. These databases are good candidates for 
obtaining information on the incidence of most of the chronic and neurologic diseases 
previously mentioned. Information on acute outcomes or exacerbation of symptoms 
can be obtained from medical registries (GPs) or ongoing studies. It is possible to link 
most of the available databases and data sets from institutions listed above as well as 
newly created data sets to administrative data and obtain information on residential 
history and other important covariates that may not be otherwise available (for ex-
ample, household wealth, marital status, migration background, and ecological varia-
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bles at neighborhood level such urbanization degree). Linkage of several (large) data 
sources provides important advantages in epidemiological studies, by supplying data 
on medically assessed health outcomes and objectively assessed and systematically 
updated relevant covariate information. Statistics Netherlands (CBS) provides a digital 
infrastructure that allows for such linkages and that guarantees compliance with GDPR 
and ethics regulations, provided that appropriate agreements and contracts between 
all institutions involved are established. There have also been other large efforts to 
harmonize data from several cohorts nationally, such as the Netherlands Cohorts Con-
sortium (NCC), and internationally, such as the European Human Exposome Network 
(EHEN), which further strive to make data FAIR (Findable, Accessible, Interoperable 
and Reusable). Future studies on the topic of health effects of agricultural pollutants, in 
particular research on the outcomes not featured in this thesis, would greatly benefit 
of such linkage approaches.
The databases mentioned above do not contain information on lifestyle factors, which 
could modify the association between agricultural pollutants and several of the out-
comes of interest. A solution to overcome the lack of information on such potential 
confounders when using administrative sources of data might be the use of indirect 
adjustments methods using information from health surveys or questionnaires. These 
methods rely heavily on sometimes unverifiable assumptions, such as that the associa-
tion between exposure and the unmeasured confounder is linear or that the prevalence 
of the unmeasured confounder is similar across strata of the exposure and of other 
measured confounders21–23 The latter assumption implies thus that the registry and the 
ancillary survey populations are comparable but comparability between these popula-
tions is more often than not difficult to achieve. However, it may be (at least partially) 
overcome by random stratified sampling of the registry population to create groups 
that resemble the survey population24 Another less cumbersome option to evaluate 
the risk of confounding is computing E-values, a method that helps quantifying how 
substantial the unmeasured confounding would have to be (how strongly associated 
with both the exposure and the outcome) that the observed effect estimate could be 
explained away (i.e., negate the finding). As the authors of this method put it, “the 
higher the E-value is, the stronger the unmeasured confounding must be to explain 
the observed association”25 E-value computation is an intuitive and easy tool that does 
not require any assumptions about the unmeasured confounder. Reporting E-values in 
large observational studies, where there is a tendency to find statistically significant 
but spurious associations, may be very useful as they help characterize the evidence 
strength for causality26 However, their interpretation depends on knowledge about the 
strength of the associations between the unmeasured confounders and the outcome 
and the exposure, so that the researcher can compare them to the E-value. This is often 
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unknown, such as in the case of this thesis, where the associations between unmeas-
ured confounders and the several agricultural pollutants is unknown.
There is also much to explore regarding statistical analyses of agricultural pollutants 
and of environmental exposures in general. So far, most epidemiological studies focus 
on exposure to a single compound or to a few compounds of the same source or nature 
(air pollutants, pesticides, industrial chemicals). While it is still important to evaluate 
the effects of individual compounds, it crucial to evaluate their interaction and com-
bined effects to characterize real-life exposures more accurately. People are exposed 
to a range of chemicals and evidence from several studies support the dose-additiv-
ity concept, that is, the combined effect of simultaneous exposure to several chemi-
cals with similar modes of action is larger than the effect of one mixture component 
alone2727 Concomitantly, research also points to important adverse effects from (low 
dose) exposure to compounds that have dissimilar modes of action but that produce 
the same adverse outcome.28,29 This highlights the importance of expanding research 
focus from groups of compounds with similar modes of action to considering several 
compounds that act through different pathways to cause an adverse health outcome. 
Accordingly, there has been growing interest in the “chemical mixture problem” in en-
vironmental epidemiology, with an expanding body of literature focused assessing and 
quantifying the combined effects of exposure to chemicals. In the SPRINT-project, for 
instance, efforts are made to develop methods to characterize and quantify the effect 
of pesticide mixtures have impact on biological systems (human, animal, plant and en-
vironmental health)30 Statistical methods that can be used to examine mixtures range 
from classical Principal Component Analysis (PCA) to more complex techniques using 
supervised learning, such as Weighted Quantile Sum (WQS) and Bayesian Kernel Ma-
chine (BKMR) regressions. These methods are not only able to provide leads for future 
research by detecting relevant compounds among the mixture but are also capable of 
estimating the overall mixture effect. 

Policy implications

By identifying signals pointing to adverse health effects in people exposed to agricul-
tural pollutants, this work raises important questions on whether there are specific ag-
ricultural pollutants causing these effects or whether the culprit is the mixture of com-
pounds itself. It is crucial that these questions are answered to implement appropriate 
preventive actions. But, perhaps more importantly, it is imperative to obtain deeper 
understanding on the relevance of agricultural pollutants not just to these direct health 
effects but to broader issues such as biodiversity, economic growth and social equity, 
much of which we currently cannot foresee. Politicians in Europe seem to have now 
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given the topic of agricultural practices management its due attention, and strategies 
and actions from the European Green Deal, such as Farm to Fork or Zero Pollution, are 
first steps into finding solutions to balanced agricultural activities31,32 It is still unknown 
how these actions will impact European agriculture. On the one hand, efforts are being 
made to reduce agricultural pollutants, such as legislation to reduce the use of pesti-
cides and fertilizers in crops and of antimicrobials in livestock animals, or campaigns 
to raise awareness of the health and environmental benefits of reducing the amount of 
animal products in the diet. On the other hand, the predicted increase in global human 
population in the next decades raises concerns about food security and pesticides 
may become more relevant in ensuring food production. Consequently, there may be 
increased health risks regarding pesticide usage and knowledge on safe compounds 
and safe usage becomes the more crucial. In the end, the aim of these strategies is to 
aid in the transition to a more sustainable food system that will significantly contribute 
to improvements in public health, economic growth, food security and a reversal of 
loss of biodiversity.

CONCLUSION

The study of the effects of residential proximity to sources of agricultural pollutants 
on health is a complex topic, with scientific, societal and political challenges. From a 
scientific point of view, this complexity pertains not only to the unknown magnitude 
of the health impacts these pollutants have but also the uncertainties inherent to the 
methods currently being used for exposure assessment and statistical analysis. The 
work in this thesis constitutes a starting point, providing valuable insights on potential 
health issues related to agricultural pollutants, namely pesticides and livestock emis-
sions, but it admittedly uncovers only a small section of the iceberg. The common ap-
proach between the studies comprising this thesis was the use of administrative reg-
istries and surveys for both exposure and outcome assessment. These databases are 
useful to explore associations and detect weak signals, as well as investigating rarer 
outcomes with potentially high impact to society. However, due to limitations on expo-
sure assessment and information on relevant outcomes and covariates, these databas-
es become less suited for providing quantification of effects. To have a deeper under-
standing of these effects, combining different approaches to the topic is required. Only 
by combining complementary research, possibly in a triangulation approach within a 
large (inter)national project, will we be able to have a complete and accurate image 
of all aspects that this complex topic involves, from exposure, to disease pathways, to 
appropriate epidemiological designs and statistical methodologies.
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The exploratory approach taken in this work identified a few signals pointing to asso-
ciations to (adverse) health outcomes. Specifically, analysis showed higher risk of res-
piratory mortality in people living near maize crops and near pig farms, and larger baby 
(girls) when mothers were exposed to linuron, fluroxypyr-meptyl, glufosinate-ammoni-
um, vinclozolin and picoxystrobin  during pregnancy. This work also provided valuable 
information to determine priorities for future work. First, the identified methodologi-
cal and statistical challenges have shown the need for high quality exposure assess-
ment and use of statistical approaches that handle the effects of mixtures. Second, the 
studies included in the thesis took steps for interpretation that reduced the detection 
of false positive results and therefore the identified signals constitute a strong basis 
for hypothesis-based research. In this sense, these results are helpful in steering fu-
ture work toward identification of culprit compounds or mixtures, so that appropriate 
measures can be taken. Third, the experience gained while conducting these studies 
will help setting up new studies on relevant health outcomes that were not featured 
in this thesis, such as neurologic diseases, incidence of chronic diseases, acute effects 
and cognitive problems in children. Finally, to truly understand the effects of agricul-
tural pollutants on health it is important that research is conducted in a holistic manner 
and thus includes efforts to quantify the impacts of loss of biodiversity due to agri-
cultural activities on cornerstones of human health (food security, balanced nutrition, 
wellbeing and quality of life, and infectious diseases spread).
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TABLES

Table 1: State of the art approaches for environmental exposure assessment in the 
study of the effect of agricultural pollutants on health.

Type Sample/method Routea Period Strenghtsc Limitationsc

PERSONAL 
MEASUREMENTS

Urine All routes Current (Days) Reflects recent expo-
sure to all routes

Large temporal (almost daily) 
variability

Blood All routes Current (Days) Reflects recent expo-
sure to all routes

Large temporal variability + 
invasive 

Hair All routes Past & Current 
(days to months)

Easy to collect, store 
and transport + 
cost-effective

Difficult to translate con-
centrations in hair to actual 

exposure

Handwipe Dermal contact Current Easy to collect + 
cost-effective

Temporal variability (probabil-
ity of hand being contami-

nated)

Wristbands All routes Current & Future 
(variable)

Easy to deploy, store 
and transport + 

captures all routes + 
cost-effective

Highly dependent on diffusion 
rates

Questionnaire d Nd Past & Current Easy to collect 
information

Recall bias and difficult to 
quantify

Expert assessment d Nd Past & Current Complementary tool, 
important to fill in 
data gaps, stand-

ardize and integrate 
expert knowledge

Uncertainty in exposure 
ranking

ENVIRONMENTAL 
MEASUREMENTS

Active air sampling 
(AAS)

Inhalation Current Accuracy + High 
temporal resolution

Cost and difficult deployment

Passive air sampling 
(PAS)

Inhalation Current Economically viable Not as accurate as AAS

Vacuumed floor dust Dermal contact 
& dust ingestion

Past & Current 

(Weeks to years) Economically 
viable

Difficult to as-
certain exposure 

time-frame

Dust from doormat 
[placed clean]

Dermal contact 
& dust ingestion

Current & Future 
(Defined time-

frame)

One can chose which 
exposure time-frame 

to capture

Does not capture all exposure 
routes

Electrostatic Dust 
Collector (EDC)

Inhalation & der-
mal contact

Nd Easy to collect and 
cost-effective

Only captures settable dust

Wipe – indoor 
surfaces

Dermal contact Nd Easy to collect and 
cost-effective

Large concentration variability 
between indoor surfaces

Soil from residential 
garden

Ingestion and 
dermal contact

Past & Current 
(Weeks to 
months)

Assess a very specif-
ic exposure route

Mainly captures home out-
door exposure
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Table 2: Main approaches for outcome and potential confounders assessment in the 
study of the effect of agricultural pollutants on health

a 	 This is the main exposure route captured according to literature. The sampled matrix might capture other exposure 
routes. 

b	 If a sample is collected multiple times, then it is possible to assess chronic exposure.
c	 Some of the most important strengths and limitations.
d	 These are qualitative methods. The route cannot be determined given that it is dependent on the questions asked (for 

the questionnaire) and on the type of expert assessment performed.
Nd 	 Not possible to determine given the current literature.
This table is an extension of a table created by Daniel Figueiredo, 2022.

Questionnaires / self-report Easy to collect information
Lifestyle information

Participation bias
Diagnosis not confirmed by health 

professional

Biometrics (measurements) Objective assessment
Information collected for the purpose of 

the study

Expensive and time-consuming
Potential for participation bias

May require contact between researchers 
and study subjects

Hospital registries
General Practitioners’ data bases

Birth and death registries

Already available data
Routinely collected, complete and updated 

data
Cost-efficient

No contact between researchers and study 
subjects

GDPR restraints
Not all outcomes and potential confounders 

of interest are registered

Data source Strengths Limitations

Type Sample/method Routea Period Strenghtsc Limitationsc

MODELLING OF
ENVIRONMENTAL 
EXPOSURE

Proximity to source 
(presence, area, 

distance or counts)

All routes Past and current 
(weeks to years)

Cost effective, no 
sampling needed

Relies on several assumptions
Computes proxies for 

exposure

Dispersion modelling 
and land use regres-

sion modelling

All routes Past and current 
(weeks to years)

Cost effective, no 
sampling needed

Requires availability of several 
sources of data

May require intensive compu-
tations depending on amount 

compounds investigated, 
time period assessed and 
number of observations
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SUMMARY
With growing political, scientific and public interest on the health effects of agricul-
tural pollutants among the general population, it has become important to gain ev-
idence-based knowledge about the potential association between these pollutants 
and health. This is especially relevant for rural populations, who are the most exposed 
to agricultural pollutants given their residential proximity to these pollutants´ sources. 
In the Netherlands, a very densely populated country, about 35% of the population 
lives in rural areas and their residences are located close to livestock farms and crop 
fields where pesticides are applied. Because of the large number of exposed individ-
uals, even the typically small effects of environmental exposures, such as agricultural 
exposures, can have important public health impacts. This thesis, “Residential expo-
sure to agricultural pollutants – the use of administrative data to explore the health of 
the Dutch rural populations”, makes use of large national administrative databases to 
explore associations between exposure to agricultural pollutants, namely pesticides 
used in crops and livestock farming emissions, and health outcomes among the Dutch 
rural population. The aim was to identify possible associations between living close to 
sources of these pollutants and cause-specific mortality, birth outcomes, psychologi-
cal distress and perceived health that could point to more specific (groups of) expo-
sures for further confirmatory research.
Chapter 2 of this thesis assesses the potential associations between respiratory mor-
tality and residential proximity to (intensive) livestock farms, considering both the spe-
cies and the number of animals being raised. From the Dutch Environmental Longitudi-
nal Study (DUELS), a national census-based cohort, we selected about 4 million study 
subjects living in rural areas and that did not change address in the period 1999-2003 
to build a retrospective cohort. For each of these individuals´ residences, we com-
puted the average number of cattle, pigs, chicken, and mink present in 500m, 1000m, 
1500m and 2000m. We followed the individuals over 8 years for respiratory mortality. 
Using Cox proportional hazards regression and adjusting for potential confounders at 
individual and neighborhood level, we found evidence that living up to 2000m of pig 
farms was associated with increased respiratory mortality, namely from chronic lower 
respiratory diseases. 
Chapter 3 uses the same cohort, but further restricted to people that did not change 
addresses in the period 1995 to 2003, which amounted to a study population of ~3.1 
million. In this chapter, we studied the potential effects of living near pesticide-treated 
agricultural land and cause-specific mortality. We estimated the area of specific crop 
groups cultivated within buffers of 50m, 100m and 250m around each individual’s resi-
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dence and the amount of fungicides, herbicides and insecticides used within the same 
buffers. We followed the individuals for 25 primary causes until 2012. Using the same 
statistical approach as in the previous chapter we observed overall decreased mortal-
ity risks. In contrast to this overall trend, we noted an increased risk for chronic lower 
respiratory diseases mortality and proximity to maize cultivation. The analysis focused 
on amount of pesticides used near residences did not provide evidence of an associ-
ation with cause-specific mortality. Together, these results indicate that specific pes-
ticides or practices in maize cultivation that may lead to the observed increased risk.
Chapter 4 investigated the association between residential proximity to crops and 
mental and perceived health in a cross-sectional study. Using the Public Health Monitor 
national survey from 2012, we selected 216 932 participants who lived in rural areas of 
the Netherlands. As in the previous chapter, we estimated area of specific crop groups 
cultivated within buffers of 50m, 100m, 250m and 500m around each individual’s res-
idence in the period 2009-2012. Psychological distress (depression) was assessed via 
the Kessler Psychological Distress scale (K10) and participants were asked to assess 
their own health. Unlike other chapters using solely registry data, here we were able 
to include information on lifestyle factors, such as alcohol and drug use, smoking and 
physical activity. These, and other individual and area-level confounders were included 
in logistic regression analyses which later revealed no evidence that residential prox-
imity to pesticide treated-crops was associated with psychological distress or poorer 
perceived health.
In chapter 5 we used the Dutch birth registry to explore associations between residen-
tial exposure to specific pesticides during pregnancy and birth outcomes. From all sin-
gleton births registered in 2009-2013, we selected those whose mothers lived in rural 
areas (N=339 947). We estimated the amount (kg) of 139 active ingredients (AIs) used 
within buffers of 50m, 100m, 250m and 500m around each mother’s home during preg-
nancy. First, we focused on 12 AIs for which there was a priori toxicological evidence 
of reproductive and developmental adverse effects. We investigated their associations 
with birth outcomes using generalized linear models. These analyses showed that ma-
ternal residential exposure to linuron was associated with higher birth weight and high-
er odds of having large for gestational babies, glufosinate-ammonium was associated 
with higher risk of having babies with low birth weight, and both fluroxiypyr-meptyl 
and vinclozolin were associated with longer gestational age. Second, we explored oth-
er potentially relevant associations by applying a variable selection method to the pool 
of the remainder 127 AIs. From these analyses, we found that picoxystrobin was associ-
ated with having large for gestational age babies. Although the underlying mechanism 
driving this effect is unclear, this finding warrants more research into the effects of 
(non-occupational) exposure to the identified AIs on human health.
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Administrative data provide a potentially highly useful resource. With near-complete 
population coverage (no selection or participation biases), they contain detailed infor-
mation at individual level regarding exposures, outcomes and demographic character-
istics. Big study populations grant sufficient statistical power for detection of subtle 
effects and for investigation of rare exposures and rare outcomes. Furthermore, admin-
istrative data allow for time and cost efficient set-up of retrospective or cross-sectional 
studies that provide valuable information before setting up huge target studies, which 
is an important aspect for policy-relevant research. However, a major challenge in us-
ing such data sources is that exposure cannot be measured, either because exposure 
occurred in the past or because it is unfeasible to do so for such large numbers of 
subjects. Alternatively, as was done in this thesis, exposure was modelled, specifically 
by computing proxies reflecting the number of animals, the area of specific crops or 
the amount of active ingredients used around residences was used. These proxies are, 
however, prone to some degree of exposure misclassification that could have resulted 
in underestimation of the effects obtained in this thesis. Additionally, administrative 
data often do not include information on non-communicable diseases, incidence of 
relevant other health outcomes nor possibly relevant additional information (such as 
lifestyle factors). Despite these limitations, use of large administrative data is useful 
in exploratory approaches, such as the one taken in this thesis, that aim to identify 
relevant associations and narrow the scope of agricultural pollutants candidates for 
more targeted studies. In smaller targeted studies it is possible to have more detailed 
information on exposure, outcome and potential confounders and to conduct confirm-
atory research. Only by combining complementary research approaches will we have 
a complete and accurate image of all aspects involved in this complex topic of the ef-
fects of agricultural pollutants on the health of rural populations. Important next steps 
in research on this topic include the improvement of exposure models for agricultural 
pollutants that have been recently developed for the Dutch scenario and further inves-
tigation of identified signals in this thesis.
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SAMENVATTING
Door de toenemende politieke, wetenschappelijke en publieke interesse naar de ge-
zondheidseffecten van landbouwgerelateerde verontreinigende stoffen onder de al-
gemene bevolking, is het belangrijk geworden om empirisch bewijs te verzamelen 
over de potentiële associatie tussen deze verontreinigende stoffen en gezondheid. 
Dit is in het bijzonder relevant   voor de populatie die op het platteland woont, omdat 
zij het meest blootgesteld zijn, gezien hun nabijheid tot de bronnen van verontreini-
gende stoffen. In het dichtbevolkte Nederland leeft ongeveer 35% van de populatie 
op het platteland, gebieden die in de buurt liggen van veehouderijen en gewassen 
waar bestrijdingsmiddelen worden gebruikt. Zelfs de relatief kleine effecten van milieu-
vervuiling, waaronder landbouwverontreiniging, kunnen een enorme impact hebben 
omdat het gaat om een groot aantal blootgestelde individuen. In dit proefschrift, get-
iteld “Residential exposure to agricultural pollutants – the use of administrative data 
to explore the health of the Dutch rural populations”, worden grote nationale admin-
istratieve databases gebruikt om de associaties tussen blootstelling aan landbouwve-
rontreiniging en gezondheidsuitkomsten in kaart te brengen, onder de Nederlandse 
plattelandsbevolking. Met de term landbouwverontreiniging bedoelen we hier nameli-
jk verontreinigende stoffen uit de veehouderijen en bestrijdingsmiddelen die bij ge-
wassen worden gebruikt. Het doel was om mogelijke associaties vast te stellen tussen 
wonen in de buurt van deze bronnen van verontreinigende stoffen en oorzaak-speci-
fieke sterfte, geboorteuitkomsten, psychisch lijden en de zelf-ervaren gezondheid. De 
resultaten kunnen als basis dienen voor nader bevestigend onderzoek naar effecten 
van meer specifieke (groepen van) blootstellingen.
Hoofdstuk 2 van dit proefschrift onderzoekt de mogelijke associatie tussen sterfte aan 
luchtwegaandoeningen en de nabijheid van (grote) veehouderijbedrijven om de won-
ing, waarbij rekening wordt gehouden met de soort en het aantal gehouden dieren. Uit 
de Dutch Environmental Longitudinal Study (DUELS), een nationaal census-gebaseerd 
cohort, selecteerden we vier miljoen personen die op hetzelfde adres op het platteland 
leefden van 1999-2003 om een retrospectief cohort op te zetten. For alle woonadressen 
van de deelnemers, berekenden wij het gemiddelde aantal runderen, varkens, kippen en 
nertsen in categorieën tot 500 meter (m), 1000m, 1500m en 2000m. We volgden deze 
deelnemers gedurende acht jaar voor sterfte aan luchtwegaandoeningen. Met een Cox 
proportionele hazards regressie model gecorrigeerd voor mogelijke verstorende vari-
abelen op individueel- en wijkniveau, vonden wij bewijs dat tot 2000m afstand wonen 
van varkensboerderijen geassocieerd was met verhoogde kans op sterfte aan luchtwe-
gaandoeningen, namelijk door chronische aandoeningen van de onderste luchtwegen.
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In hoofdstuk 3 gebruikten wij ditzelfde cohort maar nu verder geselecteerd op personen 
die op hetzelfde adres op het platteland leefden van 1995-2003, waardoor ongeveer 
3.1 miljoen personen overbleven. In dit hoofdstuk onderzochten we de mogelijke ef-
fecten van wonen nabij gewassen (die met bestrijdingsmiddelen wordt behandeld) en 
oorzaak-specifieke sterfte. We schatten het oppervlak van bepaalde typen gewassen 
die gecultiveerd werden in buffers van 50m,  100m en 250m rondom de woning van 
participanten. We schatten ook de hoeveelheid bestrijdingsmiddelen d.w.z. schimmel-, 
onkruid- en insectendodende middelen in dezelfde buffer categorieën. We volgden 
de participanten tot 2012 voor 25 verschillende oorzaken voor sterfte. Met hetzelfde 
statistische model als het vorige hoofdstuk vonden wij in het algemeen lagere risico’s 
op sterfte voor participanten die op een afstand tot 500m van de gewassen woonden. 
In contrast met deze algemene trend, vonden we een verhoogd risico op sterfte 
door chronische aandoeningen van de onderste luchtwegen voor participanten nabij 
maïsteelt. We vonden geen associaties tussen de hoeveelheid bestrijdingsmiddelen en 
oorzaak-specifieke sterfte. Samengenomen geven deze resultaten aan dat bestrijding-
smiddelen of praktijken specifieke voor de maïs-teelt verantwoordelijk kunnen zijn voor 
het gevonden verhoogd risico. 
In hoofdstuk 4 onderzochten wij in een dwarsdoorsnede onderzoek de associatie tus-
sen nabijheid tot gewassen en de mentale en zelf-ervaren lichamelijke gezondheid. 
Uit een landelijke onderzoek uit 2012, de Gezondheidsmonitor Volwassenen en Ou-
deren 2012,  selecteerden we 216 932 participanten die op het Nederlandse platteland 
woonden. Net als in het vorige hoofdstuk schatten we het oppervlakte van specifieke 
groepen gewassen die gecultiveerd werden binnen buffers van 50m, 100m, 250m en 
500m rond ieders woning in de periode 2009-2012. Psychisch lijden (depressie) was 
vastgesteld met de Kessler Psychological Distress scale (K10) en participanten werden 
ook gevraagd hun eigen gezondheid te beoordelen. In tegenstelling tot andere hoofd-
stukken met alleen registergegevens konden we hier ook informatie over leefstijlfac-
toren meenemen zoals alcohol- en drugsgebruik, roken en lichamelijke activiteit. Deze 
factoren, inclusief de eerdere factoren op individueel- en wijkniveau, werden meege-
nomen in het logistische regressiemodel. We vonden geen associaties tussen nabij-
heid van met bestrijdingsmiddelen-behandelde gewassen en psychisch lijden of een 
slechtere zelf-ervaren gezondheid.
In hoofdstuk 5 gebruikten we data uit het Nederlandse geboorteregister om associ-
aties te onderzoeken tussen blootstelling van omwonenden aan specifieke bestrijding-
smiddelen gedurende de zwangerschap en geboorteuitkomsten. We selecteerden 
moeders die op het platteland woonden die een eenling baarden en deze registreerde 
in de periode van 2009-2013 (N = 339 947). We schatten het gewicht (in kilogram, kg) 
van 139 actieve ingrediënten (AIs) die gebruikt werden in buffers van 50m, 100m, 250m 
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en 500m afstand van de woning van de moeders gedurende hun zwangerschap. Eerst 
richtten we ons tot de 12 AIs waar al enig toxicologisch bewijs voor was reproductieve 
en ontwikkelingsbijwerking kunnen hebben. We onderzochten hun associaties met ge-
boorteuitkomsten met behulp van generieke lineaire modellen. Deze analyses toonden 
aan dat moederlijke residentiele blootstelling aan linuron geassocieerd was met een 
hoger geboortegewicht en hogere kans op een groot voor de zwangerschapsduur 
baby, glufosinate-ammonium was geassocieerd met een hoger risico op baby’s met 
een laag geboortegewicht, en zowel fluroxiypyr-meptyl als vinclozolin waren geasso-
cieerd met een langere zwangerschapsduur. Als tweede stap onderzochten we andere 
mogelijke associaties voor de overgebleven 127 AIs met een selectiemethode. In deze 
analyses vonden we dat picoxystrobin geassocieerd was met een hogere kans op een 
groot voor de zwangerschapsduur baby te hebben. Hoewel het onderliggende mech-
anismes achter deze effecten onduidelijk zijn, geven deze bevindingen aan dat er verd-
er onderzoek nodig is naar de effecten van (niet-beroepsmatige) blootstelling aan de 
geïdentificeerde AIs en de menselijke gezondheid.
Administratieve data (zoals nationale registratie databases) zijn belangrijke bronnen 
voor wetenschappelijk onderzoek. Ze omvatten doorgaans de complete populatie (er 
vindt geen selectie of participatie plaats) en gedetailleerde informatie op individueel 
niveau voor blootstellingen, uitkomsten en demografische gegevens. Grote populaties 
geven de statistische power die vereist is om ook kleinere effecten op de gezondheid 
aan te kunnen tonen, of onderzoek te doen naar zeldzame blootstellingen of uitkom-
sten. Verder zijn administratieve data een kosten-efficiënte manier om explorerend 
onderzoek te doen, die vervolgens bevestigd kunnen worden in ander, doelgericht 
onderzoek. Een uitdaging in het gebruik van deze databronnen is dat blootstelling vaak 
niet gemeten kan worden, enerzijds omdat blootstelling in het verleden plaats vond, 
of omdat het niet haalbaar is om te meten voor een populatie van miljoenen perso-
nen. Een oplossing, zoals veelvuldig toegepast in dit proefschrift, is om blootstelling 
te modelleren, hier door gebruik te maken van proxy’s die het aantal dieren, opperv-
lakte van gewassen en de hoeveelheid AIs rondom de woningen van de participanten 
schatten, wat vervolgens de verwachte blootstelling reflecteert. Deze proxies blijven 
echter schattingen en die zijn niet zonder fouten, waardoor misclassificatie van bloot-
stelling plaatsvindt, wat mogelijkerwijs een onderschatting oplevert van de gevonden 
associaties in dit proefschrift. Administratieve databases verzamelen doorgaans ook 
geen informatie over niet-overdraagbare ziektes, de incidentie van andere belangrijke 
gezondheidsuitkomsten of overige belangrijke informatie voor individuen zoals leefsti-
jlfactoren. Ondanks deze beperkingen blijft het gebruik van administratieve databases 
nuttig voor exploratief onderzoek, zoals uitgevoerd in dit proefschrift, om een selectie 
te maken van de landbouwgerelateerde verontreinigende stoffen die verder onder-
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zocht zouden moeten worden. In kleinere, gerichte studies kan vervolgens op meer 
detail informatie worden verzameld voor alle belangrijke factoren waaronder blootstel-
lingen, uitkomsten en mogelijke verstorende variabelen om de initiële verdenking te 
bevestigen. Alleen door deze aanpakken te combineren, kunnen we een volledig en ac-
curaat beeld krijgen van alle aspecten in het complexe onderwerp van de effecten van 
landbouwverontreiniging op de gezondheid van de plattelandsbevolking. Belangrijke 
stappen voor vervolgonderzoek voor dit onderwerp zijn onder meer het verbeteren 
van de modellen om blootstelling aan verontreiniging te bepalen, waar aan gewerkt 
wordt voor een Nederland-specifiek scenario, en nader onderzoek  naar de signalen 
die zijn gevonden in dit  proefschrift.
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