N

N

Addressing bystander exposure to agricultural pesticides
in life cycle impact assessment
Mw Ryberg, Ralph Rosenbaum, L Mosqueron, P Fantke

» To cite this version:

Mw Ryberg, Ralph Rosenbaum, L Mosqueron, P Fantke. Addressing bystander exposure to
agricultural pesticides in life cycle impact assessment. Chemosphere, 2018, 197, pp.541-549.
10.1016/j.chemosphere.2018.01.088 . hal-02607345

HAL Id: hal-02607345
https://hal.inrae.fr /hal-02607345
Submitted on 16 May 2020

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://hal.inrae.fr/hal-02607345
https://hal.archives-ouvertes.fr

[\S]

6

Author-produced version of the article published in Chemosphere, 2018, N°197, p. 541-549.
The original publication is available at https://www.sciencedirect.com
Doi: 10.1016/j.chemosphere.2018.01.088

Addressing bystander exposure to agricultural pesticides in life cycle impact

assessment

Morten Walbech Ryberg™*, Ralph K. Rosenbaum”, Luc Mosqueron®, Peter Fantke®

* Quantitative Sustainability Assessment Division, Department of Management Engineering,
Technical University of Denmark, Bygningstorvet 116, 2800 Kgs. Lyngby, Denmark

® ITAP, Irstea, Montpellier SupAgro, Univ Montpellier, ELSA Research group and ELSA-PACT
Industrial Chair, 361 rue Jean-Francois Breton, BP 5095, F-34196 Montpellier Cedex 5, France
Veolia Environmental Research and Innovation, Departement of Environment and Santé, Chemin
de la Digue, 78600 Maisons-Laffitte, France

"Corresponding author: E-mail address: moryb@dtu.dk, Phone: (+45) 45 25 16 36




20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

Author-produced version of the article published in Chemosphere, 2018, N°197, p. 541-549.
The original publication is available at https://www.sciencedirect.com
Doi: 10.1016/j.chemosphere.2018.01.088

Abstract

Residents living near agricultural fields may be exposed to pesticides drifting from the fields
after application to different field crops. To address this currently missing exposure pathway in life
cycle assessment (LCA), we developed a modelling framework for quantifying exposure of
bystanders to pesticide spray drift from agricultural fields. Our framework consists of three parts
addressing: (1) loss of pesticides from an agricultural field via spray drift; (2) environmental fate of
pesticide in air outside of the treated field; and (3) exposure of bystanders to pesticides via
inhalation. A comparison with measured data in a case study on pesticides applied to potato fields
shows that our model gives good predictions of pesticide air concentrations. We compared our
bystander exposure estimates with pathways currently included in LCA, namely aggregated
inhalation and ingestion exposure mediated via the environment for the general population, and
general population exposure via ingestion of pesticide residues in consumed food crops. The results
show that exposure of bystanders is limited relative to total population exposure from ingestion of
pesticide residues in crops, but that the exposure magnitude of individual bystanders can be
substantially larger than the exposure of populations not living in the proximity to agricultural
fields. Our framework for assessing bystander exposure to pesticide applications closes a relevant
gap in the exposure assessment included in LCA for agricultural pesticides. This inclusion aids
decision-making based on LCA as previously restricted knowledge about exposure of bystanders

can now be taken into account.

Keywords: residential bystanders; pesticide emissions; near-field exposure; life cycle assessment;

spray drift
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1. Introduction

Residents living within short distance of agricultural fields may be exposed to spray drift
emissions from pesticides designed to target field pests and weeds, during and after applications
(Matthews and Hamey, 2003). Methods for estimating spray drift and potentially related exposure
of residential bystanders have been proposed based on either empirical measurements (Ganzelmeier
et al., 1995; Holterman and van de Zande, 2003; Kasiotis et al., 2014; Rautmann et al., 2001;
Salyani and Cromwell, 1992; van de Zande et al., 2010) or mechanistic models (Arya, 2003; Craig,
2004; Kennedy et al., 2012; Lebeau et al., 2011; Miller and Hadfield, 1989; Reiss and Griffin, 2006;
Teske et al., 1993, 2002). A detailed overview of identified spray drift models is provided in
Section S-5 of the Supplementary material. These models are usually applied to support
environmental risk assessment (ERA), while estimating pesticide exposure associated with spray
drift fractions for bystanders living near agricultural fields is currently not included when
comparing agricultural practices in a life cycle assessment (LCA) context (Rosenbaum et al., 2015).
This is mainly due to the fact that while most of the existing modeling approaches are suitable for
quantifying drift-related deposition profiles, their specific environmental and boundary conditions
and underlying assumptions are usually not appropriate for assessing residential bystander exposure
in an LCA context. LCA requires considering the number of residential bystanders in a defined area
that are exposed to the integrated drift-related pesticide emission amount reaching that area from a
pesticide application to the total agricultural field. Such a modeling approach, however, is currently
not available for LCA. Hence, the potential contribution of exposure associated with spray drift
fractions to overall population exposure and related impacts on human health relative to other
exposure pathways including exposure to crop residues (Fantke et al., 2012a; Fantke and Jolliet,
2016) is currently unknown. This may lead to uninformed decisions and in some cases shift burden

from population far-field or crop residue exposure to exposure of bystanders.
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To address this issue, we aim in the present study to develop and apply a framework for
quantifying exposure of bystanders to pesticide spray drift fractions from agricultural fields for
integration in life cycle impact assessment (LCIA), and focus on the following specific objectives:
(1) to propose a modeling framework for estimating bystander inhalation exposure to agricultural
pesticides from spray drift, (2) to evaluate the model in terms of uncertainty using Monte Carlo
simulation and in terms of comparing modeled air concentrations with field measurements in a case
study of pesticides applied to potato fields, and (3) to compare the magnitude of estimated
bystander exposure with overall population exposure to environmental far-field emissions (via
fractions lost to the environment during and after pesticide application) and population exposure to
residues in food crops. The results of this study close a known gap in exposure modelling in LCIA
toxicity characterization by providing a quantitative estimate of inhalation exposure of bystanders to

agricultural pesticides.

2. Materials and Methods

2.1. Model framework

We propose a model to estimate inhalation exposure of bystanders living in the vicinity of
agricultural fields to the integrated air-borne pesticide spray fraction drifting beyond the field
boundaries during and after application for inclusion as complementary exposure pathway in LCIA
human toxicity characterization. A conceptual overview of the model setup is presented in Figure 1.
In the following, we provide an overall description of the modeling framework, while further details
of the approach and underlying model equations can be found in Section S-1 of the Supplementary

material.
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Figure 1 Conceptual overview of the approach to model pesticide spray drift from a field, and the

)

model boundaries, where subsequent exposure to the integrated spray drift fraction over the
considered residential bystander area is included. Off-field spray drift is inversely correlated with

the distance between the sprayed field row and the field edge.

The residential bystander exposure model consists of three main parts: (1) the loss of
pesticide from the agricultural field via spray drift after application; (2) environmental fate of the
pesticides in air outside of the treated field; and (3) exposure of the bystander population to the

pesticide spray drift fraction. Spray drift loss and environmental fate processes are considered by

the fate factor, FF [Kg;, ,ir Per Kg,ppiicd d™'], while human exposure is represented by the exposure

factor, XF [Kg: hated d-! per kg, ...], integrated over the boundaries of the considered bystander

. . . . 1 . . .
residence area. The human intake fraction iF [Kg; naieq KEappiica ] 1S @ representative metric to

express the mass of pesticide inhaled by the entire bystander population per unit of mass applied

pesticide and can be calculated as the product of fate and exposure, i.e. FFxXF. The iF can then be
multiplied with a human toxicity-related effect factor, EF [diseasecases kg;llhaled] that relates

human inhalation intake to disease risk (Crettaz et al., 2002; Jolliet et al., 2006) to finally arrive at a

5
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characterization factor, CF [disease cases kg;;plied] , expressing the potential impacts on human

health of bystanders from agricultural pesticide applications:

CF =FFxXFxEF =iFxEF Eq. 1
The residential bystander model estimates the exposure of residential and non-residential bystanders
from initial spray drift. Exposure associated with continuous processes, such as volatilization and
subsequent inhalation or deposition onto field crops and subsequent ingestion of crop residues, are
not considered in the presented model, as the contribution of these pathways to overall population
exposure is already considered by existing LCIA models, such as USEtox (Rosenbaum et al., 2008)

and dynamiCROP (Fantke et al., 2011a, 2011b).

2.1.1 Environmental fate of pesticides applied to fields

The fate of the pesticides as expressed by the FF was estimated according to:

FP = Minair _ Ziminair,i
nggpplied Zi nggpplied,i

Eq.2

where m.

in air,i

[Kginair] 1s the time-integrated mass in air associated with spray row 7, and n% . ;

[KEapplicd d™'] is the mass applied per day to spray row i. The mass found in air is essentially a

function of two components (see Supplementary material, Eq. S6) in line with recommendations
based on a broad agreement regarding the modeling of the delineation of pesticide environmental
distribution processes between life cycle inventory (LCI) and LCIA (Rosenbaum et al., 2015). The
first component is considered in the LCI phase estimating the fraction of the pesticide applied to the
field that is lost via spray drift, while the second component is considered in the LCIA phase
estimating the fate of pesticides in air outside of the treated field.

Losses of pesticides from agricultural fields have been extensively assessed, where focus has
primarily been on the deposition of the pesticides (Ganzelmeier et al., 1995; Holterman and van de

Zande, 2003; Teske et al., 2002). Based on these studies, we calculated spray drift as a fraction of
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the applied pesticide mass separately for each nozzle row i according to available drift deposition
curves by e.g. Holterman and van de Zande (2003), which estimate the deposited fraction as a
function of distance from the application site. At sufficiently large distance from the place of
application, the entire fraction drifted from the field was assumed deposited. The deposition curves
do not include the spray drift fraction that remains airborne, thus, slightly underestimating the total
losses from the field. Nevertheless, this method was regarded as a good proxy for the total loss via
spray drift. Based on this assumption, we estimated the applied pesticide fraction lost via wind drift
using an emission quantification model building on PestL.CI 2.0 (Dijkman et al., 2012), which we
adapted to account for integrated emission mass beyond agricultural fields, buffer zones and drift

curves applicable for potato cultivation:

Srasini = ﬁ X {%ﬁ (e—quﬁ1 —e )+ Z_z (e_ZUXﬁZ —e )} Eq.3

where fiyiq ; [Kggin kg a_plpned ]1s the fraction of pesticide lost from the field via spray drift and
reaching the exposed area per mass applied in nozzle row i €{l,...,n}, z,; [m] is the distance of

spray row i to the field edge, z,; [m] is the distance of spray row i to field edge plus 10,000 m after

which all spray drift is assumed to be deposited, and &, &,, B, B, are regression coefficients,

which primarily depend on crop type, nozzle type and application technique (Holterman and van de
Zande, 2003). The implemented drift deposition curves are based on spray drift of pesticides in
aqueous formulations, for which our model is valid. Implementation of other spray drift curves (e.g.
from Ganzelmeier et al., 1995; Kasiotis et al., 2014; Rautmann et al., 2001) is possible by adapting
the integrated function in Eq. 3 to be based on the equation specific to any new spray drift curve.
Drift curves for similar crops and similar application techniques were found to vary substantially
between studies. For instance, the total drift-related loss of pesticide from a single spray row
expressed as % of applied mass to potato crops using conventional ground boom sprayers was

found to range from 15% to 73% depending on the spray drift curves used (see Supplementary
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material, Table S10). This variation is likely a result of differences in spray technologies used in the
underlying spray drift studies, in environmental conditions during measurements, and in
measurement setups and technologies.

For pesticide emissions beyond agricultural fields from each nozzle row i, the mass fraction
of pesticides in the air was estimated as a function of distance based on a Gaussian plume
dispersion model including terms for advection, horizontal and vertical dispersion processes
yielding a time-integrated estimate of the average air mass fraction in the exposed bystander area as

a function of distance:

6 4 4dvyetign4 g horjgopte diggersion 6 4 4 4 4 A"HFHREIng 4 4 4 48

2 \2 2
1 1 ‘lx[y] *l{‘hm J ’l{ hJ
2 \o, 2 o 2 o,
ﬁdisp,i = x xe x rsize x|pe + rreﬂect xe Eq 4

Ca  2XTXUXO, X0,

where fryio, ; [K8aispersed kgyla] is the mass fraction of spray drift lost from the field from

application in row i and dispersed in downwind direction at distance x within the exposed area,

Cyals d™'] is a conversion factor of seconds per day to correct for the unit of inputs to the plume

model, x [m] is the downwind distance between field edge and point distance in the exposed
bystander area, y [m] is the transversal distance away from the center of the plume,u [ms™'] is the

average wind velocity, o, and o, [m] are horizontal and vertical dispersion coefficients of the

spray cloud, respectively (US Environmental Protection Agency, 1993), A, [m] is the height of

app

spray application which is application technique and crop specific. A default 7,,, of 0.5 m above
crop canopy for potatoes was used based on Holterman and van de Zande (2003).v [ms™'] is the

settling velocity of spray droplets, fii,e [K&urop-size kgt_oltal] is the mass fraction of the total source

S1Z¢

strength in the selected drop-size category, and f7, (K€ efiected kg;ilspersed] is the mass fraction

reflect

that is reflected (re-emitted) at deposition surfaces. We use a constant prevailing wind direction

under the assumption that an average agricultural field is equally surrounded by residential
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bystander areas in all directions. Thereby, the population-level exposure from a change in wind
direction would be the same, which is what we are after in a LCA context where the specific
location of a treated field is usually unknown. Further details of the emission and fate calculation

are given in Egs. S1-S10 of the Supplementary material.

2.1.2 Residential bystander population exposure
Human exposure via inhalation of residential bystanders living in any pre-defined, exposed

area outside a treated agricultural field can be described by an exposure factor:

IR x
:Axc Eq. 5

v exposure
air

where XF [Kg;hated d! perkg, ...] is the bystander inhalation exposure factor within the exposed

area, IR [m;, .4 capita ' d'] is the average individual human inhalation rate, n  [capita] is the

pop

3

number of bystanders living in the exposed area, ¥, [m;, ] is the volume of air in the exposed area,

and ¢ is a factor correcting for the fact that bystanders during the spray drift period spend

exposure
part of the time outdoors and part of the time indoors, both within the exposed area (US
Environmental Protection Agency, 2011).

Defining the size of the exposed area is essential for modeling exposure of bystanders as it
influences the exposed bystander population and related air volume. The width of the exposed area
was considered equal to the width of the treated agricultural field (wgelq; m). The field width was
based on an estimation of typical European field sizes, which were between 8 to 20 hectares with
lengths between 600 and 700 m (European Commision - Joint Research Centre, 2012). This gives a
typical field width between 150 and 330 m, from which we defined a default field width of 300 m
for the present study. The length of the exposed bystander area outside the field (/; m) was defined
by three archetype distances (i.e. 8 m, 50 m and 100 m downwind) within which the exposed

residents are assumed to be located. The three distances used were based on distances typically
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evaluated also in risk assessment (Garreyn et al., 2003; Kruijne et al., 2011; Martin et al., 2008) and
allow for evaluating exposure within different area sizes.

As the XF is directly proportional to the exposed population size, the number of inhabitants
living in the area exposed to pesticide spray drift is an important parameter. The population size in

the exposed area was calculated as:

n

pop — ppop X Weld xI Eq 6

-2
exposed

Where p;op 1s the population density in the exposed bystander area [capita m ]. Specific data on

population density near agricultural fields were not available and would likely also show large
spatial variability. Therefore, the population density as used in USEtox for the continental scale (i.e.
111 capita per km” for an average, generic continent (Rosenbaum et al., 2011)) was used as a
default value. The sensitivity of the model to this parameter was tested as part of the sensitivity and
uncertainty analysis. Further details of the exposure factor calculation and underlying terms are
given in Eqgs. S11-S13 of the Supplementary material, and information on how we corrected for
differences between outdoor and indoor air concentrations are provided in Section S-3 of the

Supplementary material.

2.2. Model evaluation

2.2.1 Model sensitivity and uncertainty analysis

A Monte Carlo simulation was conducted to determine the probability distribution and
variability of the model results and to evaluate the robustness of the model results toward changes
in model inputs. Input parameters for the residential bystander model were assigned a probability
distribution and probability parameters (see Supplementary materials, Table S8), and the Monte
Carlo simulation was run for 10,000 iterations to estimate the probability distribution of the intake
fraction, iF, for the residential bystander population at four distance intervals, namely 0 to 100 m, 0

to 8 m, 8 to 50 m, and 50 to 100 m from the edge of the treated agricultural field.

10
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Based on the Monte Carlo simulation, the squared geometric standard deviation (GSD?) of

model output was estimated as:

o
GSD? — [97.5% .11e Eq. 7
2.5%-1le

The GSD? describes the variance of the iF uncertainty range across a 95% confidence interval
assuming an ideal lognormal distribution (Fantke et al., 2012b), which is plausible for many
parameters involved in calculating environmental processes (Limpert et al., 2001; Ott, 1990).

To demonstrate how to compare uncertainty estimates of spray drift related characterization
factors, CFs, for residential bystanders to general population related CFs for impacts on human
health obtained with USEtox for far-field environmental exposure pathways, iF and related GSD?
values were coupled with effect factors found in the USEtox organic substances database
(http://usetox.org) with data for both carcinogenic and non-carcinogenic effects. The uncertainty of
the iF was estimated from uncertainty propagation using Taylor series expansion (MacLeod et al.,
2002) coupled with the uncertainty of the EFs based on Huijbregts et al. (2005) to give the overall
GSD? of CFs for bystander exposure in the 0 to 100 m bystander exposure area. Further details on

the Monte Carlo simulation are provided in Section S-4 of the Supplementary material.

2.2.2 Evaluation against measured data

Regardless whether model output is or is not sensitive toward changes in model inputs, the
accuracy of the model in terms of predicting the “true” value may still be low due to the potential
influence of data variability and the relatively small number of model inputs (Huijbregts, 1998).
Hence, we also evaluated our bystander exposure model’s predictive ability by comparing predicted
average air concentrations (which are the basis for the subsequent inhalation exposure of
bystanders) with measured air concentrations based on the relative difference between predicted and

measured air concentrations:

11
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L

predicted Cmeasured

Cmeasured ) - C Eq 8

measured

Relative difference (C

predicted »

34 . . . .
where Cogicreqa [H€M 7] is the average air concentration over the full considered exposure range of

0 to 100 m distance from the treated potato field edge estimated with the residential bystander

model, and C

measured LLE m ] is the measured air concentration averaged over 100 m from the field
edge within 24 hours after pesticide application based on reported data from a treated potato field in
Prince Edward Island, Canada (Garron et al., 2012, 2009). We adapted the measured data to reflect
air concentrations that are integrated over distance and time to enable comparison with results from
our residential bystander model. Our comparison of model results with measured data was restricted
to a very limited set of scenarios, where actual information on field size, application method and
meteorological conditions was reported as required input to the residential bystander model. This is

in line with recommended data reporting requirements using experimental data inputs to facilitate

the parameterization and evaluation of estimation models (Fantke et al., 2016).

2.2.3 Evaluation against other exposure pathways

We finally compared our iF estimates for bystanders between 0 and 100 m from the treated
field edge with iFs for other exposure pathways including aggregated inhalation and ingestion
exposure mediated via the environment for the general population estimated with the USEtox model
(Rosenbaum et al., 2011, 2008), and general population exposure via ingestion of pesticide residues
in consumed food crops estimated with the dynamiCROP model (Fantke et al., 2011a, 2011b).

The comparison is based on estimating iFs from USEtox and dynamiCROP and normalizing
USEtox iFs to exposure per kg applied to allow comparison of iFs estimated with the residential
bystander model and dynamiCROP. Thereby, the pesticide mass in the USEtox air compartment
was linked to the mass applied by introducing a generic fraction of the applied mass (spray drift

plus volatilization) lost to the air compartment. For pesticide spray applications to potatoes, this

12
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fraction was estimated to be 4.85% with an additional 10% loss to account for initial volatilization

of pesticides (Fantke and Jolliet, 2016). For dynamiCROP, the exposed population was estimated
from the total harvested annual potato yield of 1.6 kg m™ (Juraske et al., 2011) multiplied with the
considered field area from Table 1 and divided by the annual amount of potatoes consumed per
capita of 32 kg capita ' (FAO, 2013). The comparison was done for carbofuran (insecticide),

chlorothalonil (fungicide).

3. Results

3.1. Bystander exposure and comparison with measured data

Figure 2 shows estimated average air concentrations integrated over all spray rows within
residential bystander areas over different distance ranges from the edge of a treated agricultural
field. It is apparent that concentrations are substantially higher close to the field edge and that
concentrations decrease rapidly after about 10 m from the field. The difference in average air
concentrations between the 0 (agricultural field edge) to 8 m bystander range and the 50 to 100 m
bystander range is about four orders of magnitude. Indeed, the average air concentration between 0

and 100 m was found to be dominated by the concentration within the initial 0 to 8 m range.

C—1[0;100] [ [0;8]
C—118;50] [——1]50;100]
= = Concentration gradient

1.E+00
1.E-01
1.E-02
1.E-03
1.E-04
1.E-05
1.E-06

air concentration [ug/m?3]

0 8 50 100
Distance [m]

Figure 2 Gradient in outdoor air concentration integrated over all spray rows from 0 to 100 m range
as a result of 1 kg of pesticide, with chlorothalonil as active ingredient, applied to a generic

agricultural field using a conventional boom sprayer. The figure also shows the average outdoor air

13
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concentration integrated over all spray rows within four distinct ranges over distances from the

treated agricultural field edge covering potentially exposed bystander areas.

Table 1 shows estimated iFs based on parameters reported together with air concentration
measurements (Garron et al., 2012, 2009). Across application scenarios of different pesticides and
different bystander exposure distance ranges, iFs differ by less than one order of magnitude within
the 0 to 8 m and 0 to 100 m, distance ranges (where the latter range is dominated by the 0 to 8 m
range), while the difference in iFs between scenarios was substantially larger with about four orders
of magnitude within the 8 to 50 m and 50 to 100 m distance ranges. Table 1 also shows how model
predictions for pesticide air concentrations match with reported field measurements. The relative
difference between the predicted (i.e. modeled) average air concentration between 0 and 100 m
exposed bystander range and the reported average air concentration between 0 and 100 m measured
over the first 24 hours after pesticide application to potato fields ranges between 0.07 and 1.47. We
observe a notable difference between measured and predicted air concentrations. However, the
difference is considered acceptable for providing a realistic indication of the time and space
integrated air concentration. This is also true when taking into account the inherent variability in
measured spray drift concentrations and the general uncertainty related to describing air
concentrations as a function of wind speed, temperature, relative humidity, etc. (see Supplementary
material, Section S2). Therefore, the modeling approach is considered of suitable accuracy for
providing a representative estimate of pesticide concentration in air from spray drift as a result of

pesticide application to potato fields.

Table 1 Predicted bystander population intake fractions (iF) for different pesticide
application scenarios and different exposure distance ranges from the treated agricultural field,
predicted (Cpredicted) and measured (Creasured) air concentrations between 0 and 100 m and their

relative difference, and main model inputs, namely wind speed (u), relative humidity (#4), air

14



318
319
320

321

(98]
[\®]
[\S]

(98]
[\®]
(O8]

w
S}
~

(98]
(98]
[\S]

(98]
(8]
(O8]

w
o)
=~

Author-produced version of the article published in Chemosphere, 2018, N°197, p. 541-549.
The original publication is available at https://www.sciencedirect.com
Doi: 10.1016/j.chemosphere.2018.01.088

temperature (74ir), mass of pesticide applied (mapp), treated field area (Ageiq), field length along the
prevailing wind direction (Lgeiq), application duration (%), and population density (ppep). All
scenarios represent a separate field trial test, where pesticides have been applied and measured at

different distances from the field edge and at different times over the course of one day.

i i H b A Cpredicted Creasured® Relative
Scenario Model inputs iF [KQinhaled kg appiied] ligm? | [ugm? | difference
- U || Ta | map | Aveis | Lios | tp | P 50 to 100 Oto | 0to100
# | Pesticide ms | 2% | 1 | kel | tal | m] | [cm;a O0to8m | 8to50m m 0t0 100 m 100m m
1 | Chlorothalonil 35 (79184121101 336 | 1.2 | 1.11x10+4 | 5.9x1010 | 7.6x10-1" | 2.7x10-2 | 6.1x100 | 0.22 0.11 1.05
2() | Chlorothalonil 21 |69 (199121 (101|333 | 06 | 1.11x104 | 8.6x10-10 | 6.5x10-"2 | 8.8x10" | 7.9x10"0 | 0.29 0.34 0.14
3 | Chlorothalonil 16 |78 1209 | 48 | 4 | 133 | 04 | 1.11x104| 2.5x10° | 1.6x1013 | 7.3x10-1%6 | 2.3x10° | 0.33 0.36 0.07
4 | Chlorothalonil 21 | 73263 | 48 | 40 | 133 | 04 | 1.11x104| 1.9x109 | 1.3x10-"* | 1.6x10'3 | 1.8x10° | 0.26 0.57 0.55
5@) | Carbofuran 30 (83163 64 | 121|270 | 0.6 | 1.11x104 | 1.1x10° | 4.9x10-"" | 1.2x10-2 | 1.0x10° | 0.13 0.08 0.61
6@ | Methamidophos | 2.7 | 68 | 156 | 8.7 | 8.1 | 403 | 0.5 | 1.11x104 | 3.4x100 | 1.5x10-"" | 3.5x10-13 | 3.3x10-0 | 0.13 0.66 0.80
7@) | Mancozeb 40 |94 186|218 |121| 403 | 0.6 | 1.11x104 | 3.2x100 | 6.3x10" | 2.7x10-12 | 3.5x10-0 | 0.23 0.09 147

"Data from Garron et al. (2012); “Data from Garron et al. (2009); *Experimental data were averaged from 0 to 24 hr and

from 0 to 100 m to get results that were comparable with outputs from the residential bystander model.

3.2. Model sensitivity and uncertainty results

Based on the Monte Carlo simulation, Figure 3 shows the variability of bystander population
iF (i.e. intake fraction of all bystanders considered within the exposed area next to the treated

FP¥™°" (i.e. intake fraction of a single bystander person

agricultural field) and individual bystander 1
determined by dividing the exposure factor by the number of bystanders living in the considered
exposed area; see Eq. 5). The variability in iF values for the 0 to 100 m and 0 to 8 m distance ranges
is very similar, because iF for the 0 to 100 m range is again dominated by iF for the 0 to 8 m range.
The 95% confidence interval is about one order of magnitude for both total bystander iF and
individual bystander iF"***" in the 0 to 100 m and 0 to 8 m distance ranges, which indicates
relatively little variability. The parameters contributing most to variability are wind speed,

FP*" while these parameters together with

application duration and individual inhalation rate for i
bystander population density are dominating for total bystander iF. For the 8 to 50 m and 50 to 100

m distance ranges, the 95% confidence interval spans over three orders of magnitude and the

parameters contributing most to variability were wind speed, relative humidity and application
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335  duration for iF***", while these parameters together with population density are dominating for
336 total bystander iF. Details of the sensitivity of modeled air concentrations as output of the fate

337  model toward the aforementioned input parameters are provided in Section S-4 of the

338  Supplementary material. In general, little difference in variability was found at the exposure results
339 level between iF and iF"*"™" which is primarily due to the relatively low population density within
340  the exposed bystander area, where e.g. the total population living within the total 0 to 100 m

341  distance range is on average only 3.37 persons. Hence, the varying population within the bystander

342 area does not differ much from the iF***°" where only a single bystander is considered.

343
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344 iF i Fperson

345 Figure 3 Box plots showing intake fraction ranges across Monte Carlo simulations for four
346 bystander exposure distance ranges from the field edge, highlighting the difference in exposure at
347  different distances to the treated field and also evaluating exposure per capita compared to exposure

348  of the entire considered bystander population.

349
350 Overall, our bystander exposure model does not appear highly sensitive to changes in model
351 inputs as the GSD? for 1F[0-100m} was 4.27 and the corresponding lower and upper 95% confidence
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interval limits are respectively 1.3 x10'° and 2.4x10” kg inhaled by the bystander population per
kg applied pesticide. This means that between 0.13 and 24 ppb (parts per billion) of applied
pesticides are inhaled by bystanders with 95% certainty in our scenarios. After coupling the
uncertainty of the bystander intake fraction in the range 0 to 100 m, iFjo-100m), With the uncertainty of
the effect factor, EF, linking exposure to disease risk, the GSD? of the corresponding
characterization factors, CF[o.1gom}, were 78.7 and 192.4 for non-carcinogenic and carcinogenic
health effects, respectively. Based on this scenario, the GSD? for CF10-100m] lies within the
uncertainty for other CFs for impacts on human health ranging from 77 to 2189 depending on the
emission compartment and exposure pathway considered (Rosenbaum et al., 2008). However, the
highest contribution to the uncertainty of our bystander exposure related CFs is not associated with
our estimated intake fractions, but with the extrapolated human effect factor, especially for the
widely varying non-cancer effects, which is consistent with other studies (Fantke et al., 2012a;

Huijbregts et al., 2005; Rosenbaum et al., 2008).

3.3. Comparison of different exposure pathways

Figure 4 shows the results of the comparison between 1F[.19om; for bystanders and the iFs
predicted by USEtox for environmentally mediated general population exposure aggregating
inhalation and ingestion, and by dynamiCROP for general population ingestion exposure to residues
in harvested food crops. The differences in iFs between bystander exposure, environmentally
mediated population exposure and population exposure to crop residues (Figure 4) show that crop
residue ingestion and environmentally mediated exposure dominates total exposure from pesticides
applied to agricultural fields, while bystander exposure only contributes by about 0.1% to the total

iF (sum over all exposed populations and exposures associated with the same application scenario).
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Figure 4 Intake fractions for total exposed population (all considered bystanders for bystander
exposure, all exposed consumers for crop residue exposure, and total population for

environmentally mediated exposure) per kg of pesticide applied to agricultural fields.

The question is, however, whether this kind of direct comparison between iF representing
different population sizes is meaningful. Indeed, bystander exposure was found to dominate
together with exposure via ingestion of crop residues aggregated per capita (i.e. individual) intake
fractions, while environmentally mediated general population exposure was found to have almost

no contribution to aggregated individual intake fractions (Figure 5).
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Figure 5 Individual (i.e. per capita) intake fractions per kg of pesticide applied to agricultural fields.

4., Discussion

4.1. Model framework and performance

The developed residential bystander model allows for predicting intake fractions for
different exposure ranges as a function of the distance from the field of application. Related
characterization factors can be estimated by multiplication of these bystander exposure results with
effect factors for the assessed pesticides. It is, per default, recommended for LCA practitioners to
apply results for the 0 to 100 m distance to the field edge range, because this range includes the full
residential bystander population potentially exposed to pesticide spray drift fractions and, thereby,
gives the most comprehensive indication of related bystander exposure. However, the fact that
exposure of bystanders decreases substantially after about 8 m distance from the considered field
edge underlines the benefit of spray buffer zones around agricultural fields which can substantially
reduce exposure of bystanders to spray drift (de Snoo and de Wit, 1998). Such a difference in
agricultural practice is of interest from an LCA perspective, particularly in the agrifood sector, and

our model allows this to be captured in LCA results.
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The model was only compared to measurements for ground field crops (potatoes). The
model predictions were generally in good agreement with field measurements for pesticide air
concentrations, especially in relation to natural variability of pesticide application and spray drift
together with general uncertainty in measurements of spray drift. This shows that our bystander
exposure model provides a realistic indication for the exposure of bystanders to pesticides during
and after application to agricultural fields. However, further testing of the model against
measurements for other application such as in orchards or vineyards is required to increase the
validity and applicability of the model. The comparison of our bystander exposure estimates with
estimates of exposure from crop residues and environmentally mediated emissions shows that
bystander exposure does contribute to overall pesticide population intake, but that population intake
is generally not dominated by spray drift related exposure of bystanders, which is mainly due to the
small fraction of the general population that is considered to be residential bystanders living in the
close vicinity to agricultural fields.

Dividing the fate calculation part of the bystander model framework into an emission
fraction quantification component and an environmental fate quantification component as part of
the impact assessment is practical as it allows for using individual parts of the model for more
specific assessments, e.g. for impact assessment in modelling exposure to humans from pesticide
spray drift and for inventory modelling in estimating loss of pesticide from agricultural fields. As
for human exposure, the model currently includes inhalation-related pathways, while dermal
exposure from deposition of spray drift on bystanders is not included due to lack of relevant data
regarding deposition area, dermal uptake and related human effects information.

Moreover, for evaluating agricultural product systems in a life cycle perspective, the
inclusion of an inventory part (i.e. pesticide loss from fields after application) coupled with an
LCIA model that includes the fate of the spray drift outside the field is an advantage, because
information about specific pesticide losses from the field (e.g. spray drift, run-off, volatilization) are

often unknown while information about the mass of pesticide applied to the field are usually well
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known (Rosenbaum et al., 2015). Hence, our bystander exposure model provides a consistent
framework linking known inventory data (mass applied) via emissions to environmental fate and
exposure for bystander populations. For application and use in LCA studies, 1Fs estimated using the
residential bystander model can be coupled with pesticide-specific EFs (as shown in Eq. 1) to
estimate pesticide-specific CFs for off-field spray drift from agricultural pesticide application. CFs
thereby represent potential human toxicity impacts per kg pesticide applied to the field. This aligns
well with recommendations that life cycle inventories should report the mass applied of each active
ingredient (Rosenbaum et al., 2015) in order to consistently cover all pathways relevant for
pesticides. Moreover, iFs for off-field spray drift can be integrated into existing LCIA toxicity
characterization models, but would have to be extended to cover many more existing pesticides. For
instance, our pathway can be included in USEtox by adapting the intake fraction matrix. Such
integration would then facilitate a consistent and more comprehensive assessment of human

exposure to toxic substances in practice.

4.2. Application by LCA practitioners

Our bystander exposure calculations are generally based on generic input data for cases
where specific information on the application scenario is lacking, but can be modified to quantify
site- and application method-specific characterization results in cases where the LCA practitioner
has detailed knowledge about underlying environmental conditions and pesticide application. It was
found that the most influential parameters are bystander population density, wind speed, application
duration and individual inhalation rate. Statistics on average wind speed and application duration
are available or can be measured on site, while inhalation rate is traditionally well studied with
sound measurements of human inhalation rates, e.g. from the US Environmental Protection Agency
(2011). To ensure a robust quantification of bystander exposure, specific data on the population
density or the number of bystanders in the exposed area should be retrieved. These data will

essentially be specific to each area (or field).
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The model currently includes spray drift curves for ground spraying of, e.g. potatoes,
cereals, and for spraying of fruit trees (see Supplementary material, Table S3) and can quantify
spray drift associated with these crops. Other application methods, such as aerial application and
hand-operated sprayers, are currently not included due to a lack of information regarding the
associated losses from spray drift. It is recommended for assessments of specific cases to obtain
spray drift curves that are as representative as possible to their case in order to get the most precise
results. This is, for instance, the case for assessments of specific crops and application techniques,
but also for assessments under different environmental and climatic conditions, which may affect

spray drift, e.g. as described in Kasiotis et al. (2014).

4.3. Individual exposure compared to population exposure

The results showed that per capita exposure was higher for bystanders compared to per
capita exposure for pathways associated with environmentally mediated emissions or crop residues
(Figure 5), highlighting the significance of the population size considered to be exposed.
Essentially, this means that the sub-population qualifying as bystanders may be exposed by more
than twice the pesticide dose than the general population receives on average, depending on the
pesticide. In LCIA practice, however, this will currently not be captured since exposures are only
calculated on the total population level, so that we observe a “dilution” of those higher exposures as
shown in Figure 4. So far, toxicity LCIA models only consider exposure pathways affecting the
entire population (i.e. inhalation and ingestion of chemicals via food, including pesticide residues,
and general environmental exposure). As soon as a particular sub-population, e.g. bystanders or
workers, with a potentially much higher exposure than the general population is included in the
assessment, the impacts (or exposures) cannot simply be summed up anymore, because that will
render the higher impacts on the sub-population (few people with high exposure/effects) invisible
compared to the impacts on the general population (billions of people with very low
exposure/effects) and will also not capture potentially relevant differences in the dose-response for
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low versus high exposure levels. This illustrates a known limitation to LCIA in not highlighting the
most exposed or vulnerable populations but instead focusing on highlighting (and comparing) total
population-level exposure.

This accentuates the need for harmonizing the assessment of different population sizes in
LCA as only reporting aggregated population-level intake fractions will fail to reveal the large
variability in the actual exposure of different populations. The lack of focus on exposure of specific
population groups might lead to unfavorable decision-making, because exposure exceeding
tolerable doses for specific populations may be overlooked if diluted in population-level exposure
results. This dilemma does not only occur for exposure to spray drift but for all types of exposure
that are predominantly targeting specific population groups (e.g. specific occupational or consumer
exposure settings). Hence, further research is required to allow for an adequate consideration of
sub-populations with higher exposures, which will also open the door to integration of occupational

and consumer exposure into the LCIA toxicity characterization.

5. Conclusions

We presented a framework for assessing residential bystander exposure to pesticide
applications to agricultural fields which closes a gap in the exposure assessment included in LCA
studies where agricultural pesticides play a role. The inclusion of bystander exposure aids decision-
making based on LCA because previously unavailable insights about exposure of bystanders can
now be taken into account in LCA. The model showed a reasonable predictive capability in
comparison with field crops (potatoes). Our model currently provides a proof-of-concept that spray
drift can be included in LCIA, and the model can be used by LCA practitioners to address exposure
to initial pesticide spray drift. However, the model will have to be further adapted and validated
against data for additional crop types and other application techniques, such as aerial and hand-

operated spraying, should be included.
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506 It was found that exposure of bystanders is limited relative to total exposure of populations
507  from ingestion of pesticide residues in crops, but that the magnitude taken in by bystanders can be
508  substantially larger than the intake of populations not living in the proximity to agricultural fields.
509  Hence, more focus on the most exposed populations as part of LCA could be beneficial to provide a
510 more comprehensive basis for decision-making where not only total population exposure, but also
511 exposure of differentiated population groups is taken into account.

512 Our bystander exposure model is available free of charge upon request from the authors.

513
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