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runoff and resulting human health risk assessment 
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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• Probabilistic risk assessment framework 
used to assess pesticide health risks. 

• Model implementation demonstrated 
using Irish case-study. 

• Pesticides were found to pose little 
health risk at current exposure levels. 

• Model sensitivity to various site condi-
tions were assessed. 

• Proposed framework may be used for 
environmental management and deci-
sion support.  
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A B S T R A C T   

A modelling framework was developed to facilitate a probabilistic assessment of health risks posed by pesticide 
exposure via drinking water due to runoff, with the inclusion of influential site conditions and in-stream pro-
cesses. A Monte-Carlo based approach was utilised to account for the inherent variability in pesticide and 
population properties, as well as site and climatic conditions. The framework presented in this study was 
developed with an ability to integrate different data sources and adapt the model for various scenarios and lo-
cations to meet the users’ needs. The results from this model can be used by farm advisors and catchment 
managers to identify lower risk pesticides for use for given soil and site conditions and implement risk mitigation 
measures to protect water resources. Pesticide concentrations in surface water, and their risk of regulatory 
threshold exceedances, were simulated for fifteen pesticides in an Irish case study. The predicted concentrations 
in surface water were then used to quantify the level of health risk posed to Irish adults and children. The analysis 
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indicated that herbicides triclopyr and MCPA occur in the greatest concentrations in surface water, while 
mecoprop was associated with the highest potential for health risks. The study found that the modelled pesticides 
posed little risk to human health under current application patterns and climatic conditions in Ireland using 
international acceptable intake values. A sensitivity study conducted examined the impact seasonal conditions, 
timing of application, and instream processes, have on the transport of pesticides to drinking water.   

1. Introduction 

The global population is predicted to increase by 25 % by 2050 
(United Nations, 2019), and the resulting demand on food supplies is 
expected to more than double when compared to 2010 levels (Van Dijk 
et al., 2021). Pesticides are key in securing high crop yields, meaning 
agriculture has depended heavily on their use (Tudi et al., 2021). 
However, it has been suggested that as little as 1 % of applied pesticides 
reach target organisms, resulting in potential contamination of sur-
rounding environments and non-target organisms exposure (Ali et al., 
2019). Pesticides have been found to be harmful to non-target terrestrial 
and aquatic organisms (Malaj et al., 2014; Wang et al., 2022), and it has 
been suggested that repeated ingestion of low doses of pesticides may 
cause chronic health effects in humans (Aloizou et al., 2020; Giambò 
et al., 2021; Kalyabina et al., 2021). Therefore, both the likelihood of 
exposure to pesticides via water supplies, and the consequence of this 
exposure should be assessed to help understand potential risks posed by 
pesticide usage. 

Pesticide risk models have been widely used as a cost-effective 
method to provide information on the level of exposure to pesticides 
and resulting health implications, helping to limit potential risks to 
human health (Abreu-Villaça and Levin, 2017; Li and Niu, 2021). 
However, there is extensive literature examining the large variability in 
factors that influence pesticide impacts and exposure to consumers, and 
how this affects model outputs (USEPA, 2004b; Lammoglia et al., 2018; 
EFSA and BfR, 2019; Troldborg et al., 2022). Therefore, probabilistic 
pesticide models are an important tool in higher-tier risk assessment, as 
they can quantify the uncertainty associated with model parameters and 
prediction, offer additional information to catchment and risk managers, 
and assist in making risk-informed management decisions (Asfaw, 
2018). Probabilistic modelling is already widely used in assessing risks 
from pesticide exposure to humans via food to account for the variability 
in consumption patterns and the uncertainty associated with pesticide 
contamination and other contaminants (Bosgra et al., 2009; van der 
Voet et al., 2015; Stephenson and Harris, 2016; Liu et al., 2022). 

Studies probabilistically modelling pesticide risks arising from 
drinking water are however relatively limited (Cantoni et al., 2021), 
when compared to the wide use of probabilistic approaches in health 
risk via food. This is likely due to the reliance on pesticide transport 
model outputs in analysing likelihood of exposure within such models, 
for example Teklu et al. (2015) and Brodeur et al. (2023), which tend to 
adopt the traditional deterministic approach. Therefore, they rely on 
average values as input parameters to develop point estimate outputs, as 
highlighted by Gagnon et al. (2014) and Piffady et al. (2021). The use of 
average values, or point estimates, as input parameters means that the 
high level of uncertainty associated with input data and the resulting 
risks of exposure to pesticides cannot be fully accounted for (Troldborg 
et al., 2022). A number of studies have examined the suitability of 
adopting a stochastic approach to several process-based transport 
models (i.e. SWAT, PRZM, etc.) in order to address these limitations 
(Young and Carleton, 2006; Tasdighi et al., 2018; Winchell et al., 2018; 
Mentzel et al., 2022). However, these process-based transport models 
are computationally complex, requiring significant processing power 
and data input for model parameterisation (Wang et al., 2019). There-
fore, attempts to apply probabilistic approaches to these process-based 
models tend to be limited to a handful of parameters, such as probabi-
listically modelling pesticide application scenarios only (Winchell et al., 
2018; Rathjens et al., 2022) or rainfall and runoff parameters only 

(Tasdighi et al., 2018), with all other parameters modelled determinis-
tically. While very insightful, this approach cannot fully account for 
variability and uncertainty associated with the broad range of parame-
ters within the base models i.e. SWAT alone can require up to 60 user- 
defined parameters (Arnold et al., 2012). 

In order to apply a more fundamental probabilistic approach, with 
the majority of parameters considered modelled stochastically, a num-
ber recent of studies have combined Monte Carlo simulations or 
Bayesian belief networks with simpler computational models, which 
require less parameterisation and are thus more user-friendly. Monte 
Carlo risk assessment approaches have been applied by Clarke et al. 
(2016) to develop a health risk assessment posed by biosolids in surface 
water. Within the pesticide field, a similar approach was taken to assess 
pesticide risk from groundwater (Labite and Cummins, 2012), but this 
study did not consider more vulnerable surface water supplies. Both 
Cantoni et al. (2021) and Rezaei Kalantary et al. (2022) applied similar 
approaches to assess resulting health risks from treated water, however 
initial pesticide concentrations in raw water were obtained from 
monitoring data, which somewhat limits the application of these ap-
proaches to site with available monitoring data. Troldborg et al. (2022) 
developed a comprehensive model to assess concentrations in both 
groundwater and surface water using Bayesian network beliefs, but 
resulting health risks were not considered. Additionally, the simpler 
computational models used in these studies could not account for the 
effects of natural processes, such as soil retention, and instream degra-
dation, have on pesticide fate. All studies have contributed to the liter-
ature by offering more accessible probabilistic modelling approaches for 
pesticide risk assessment. However, the work in this paper seeks further 
contribute to this limited body of work and build on these existing 
studies in a number of ways. 

This paper builds on current research through the modification of an 
existing pesticide transport model to be integrated into a quantitative 
health risk assessment. The study seeks to address identified shortcom-
ings in the literature by 1) developing a probabilistic pesticide risk 
model based on a simple computational model resulting in a more user- 
friendly option for assessing pesticide risk probabilistically, 2) including 
model modifications, such as in-stream reduction process, which in-
creases the models ability to better represent real-world scenarios while 
maintaining broad appeal, and 3) the progression of the framework 
beyond pesticide transport modelling, to include health risk by incor-
porating a widely used approach to quantify health risks, which may 
increase the user base for such a framework to include not just pesticide 
researchers and water quality managers, but also those interested in 
public health. The next section of this paper describes the development 
of a probabilistic modelling framework to assess pesticide health risks 
via drinking water. This framework is then applied to an Irish case-study 
in Section 3 to quantitatively assess the health risk, a comprehensive 
sensitivity study is presented in Section 4 which assesses overall model 
sensitivity, and the impact that seasonal conditions, timing of applica-
tion, instream processes, and site location, have on the model output. 

2. Methodology 

2.1. Summary of transport model selection 

This sub-section provides a brief summary of the selection process 
used to identify the appropriate pesticide runoff model for probabilis-
tically modelling a consumer’s likelihood of exposure to pesticides via 
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surface waterbodies. In this process several deterministic pesticide fate 
and transport models were examined for suitability for probabilistic 
modelling. As the aim of this study was develop a fully quantitative risk 
assessment approach that is accessible to a range of users from different 
backgrounds, and can be easily adapted and to suit the user’s needs, the 
models were assessed based on the balance between accuracy, 
complexity, required parametrisation and the practicality of adapting 
the model to facilitate representation of the majority of the model pa-
rameters probabilistically. Factors such as 1) balance between model 
complexity and proven realistic representation of pesticide transport 
process, 2) the level of expertise required for users of the framework to 
apply the model i.e. the mathematical complexity of the model, 
including number of equations and theoretical complexity of the equa-
tions, and 3) the availability of probabilistic data for the majority of the 
model parameters. A more detailed discussion of the model selection 
process is provided in Section S1 of the Supporting Information 
document. 

In summary, a variety of models ranging from simple transport in-
dicators and conceptual mathematical models to detailed, process-based 
models such as FOCUS modelling software and SWAT were considered. 
Indicator-based models are some of the most widely used methods to 
assess the likelihood of exposure to pesticides due to their easy appli-
cation and low data requirement. They allow pesticide mobility to be 
scored using physio-chemical properties (e.g. California’s SWPP 
approach (Luo et al., 2014)) or a site’s vulnerability to pesticide pollu-
tion can be estimated based on geological features like DRASTIC (Aller 
et al., 1985). However, such methods cannot be used to assess health 
risks arising from pesticide exposure as they cannot provide probabi-
listic data on exposure concentrations. Conversely, a range of compu-
tational software has been developed to assess pesticide transport to 
surface waterbodies such as watershed models SWAT (Arnold et al., 
2012), AGNPS (Bingner and Theurer, 2001) or, SWASH, an edge-of-field 
assessment framework developed for use within the EU by FOCUS (Te 
Roller et al., 2015). Within the EU SWASH, which combines models 
PRZM, MACRO and TOXSWA, is widely used in pesticide regulation, 
while both SWAT and AGNPS are used internationally for pesticide 
research. 

However, the application of models such as those in the SWASH 
framework and SWAT to individual sites or regions, outside of FOCUS 
surface water scenarios for example, requires a knowledge of hydro-
logical processes, a high-level of programming competence and large 
resource and time demands (Wang et al., 2019). For example, using 
PRZMSW within the SWASH framework, may require up to 40 user- 
defined input parameters (FOCUS, 2010), while users may need to 
input up to 60 parameters to run SWAT depending on their site scenario 
(Arnold et al., 2012). This makes model parameterisation for specific 
study sites time consuming and data intensive (Adu and Kumarasamy, 
2018), and the limited availability of localised datasets can affect the 
model accuracy (Troldborg et al., 2022). Both the large data demands 
and the complex computational nature of the models also result in sig-
nificant resource challenges when attempting to apply probabilistic 
approaches to the majority of the parameters for such models. The 
processing power required to run process-based models is significant, 
and can take a very long time to produce results if run for multiple 
scenario combinations, as may be required for probabilistic analysis 
(Bach et al., 2017). As a result, a relatively simple model, that could be 
more easily parameterised for a probabilistic approach, was selected 
herein to provide a practical compromise between comprehensive 
modelling and computational costs, and ease of use for users. The 
Simplified Formula for Indirect Loading caused by runoff (SFIL) (OECD, 
2000) was chosen as a suitable runoff model for the application of 
probabilistic methods. This model allows for the incorporation of a 
range of factors that influence pesticide transport and facilitates esti-
mation of actual exposure concentrations, unlike simple environmental 
indicators. Despite this, it requires less data input (with only 22 input 
parameters in total), and expert knowledge than the more complex 

modelling (Troldborg et al., 2022). Its relatively simple theoretical basis 
also allows for modifications to be made to the model to improve its 
representation of study scenarios (Berenzen et al., 2005) and it has also 
been shown to compare well to observed data when used deterministi-
cally (Utami et al., 2020). The model used herein is not without its own 
limitations, however. In order to address some of these limitations, this 
study utilised a probabilistic approach to account for data uncertainty 
and variability. Additional pesticide processes were also integrated into 
the modelling framework to improve the representation of in-stream 
processes. The output of this model was then used to assess level of 
resulting health risk as described in Section 2.3. 

2.2. Predicted concentrations in surface water 

A probabilistic model, in accordance with the framework outlined in 
Fig. 1, was applied to predict the concentration of a single pesticide in a 
surface waterbody due to runoff. The theoretical model that forms the 
basis of this framework was adapted from Berenzen et al.’s (2005) 
modified SFIL (Eqs. 1–5 & 8) (OECD, 2000). This model allows factors 
that influence pesticide environmental fate and transport, such as 
pesticide physiochemical properties, rainfall and runoff volumes, site 
topography and agricultural processes, to be considered in estimations 
of concentration. It was further modified here by 1) the use of the US Soil 
Conservation Service (SCS) curve number method (Eq. 6 and 7) to assess 
runoff volume, and 2) the reduction of in-stream concentrations due to 
adsorption and degradation (Eqs. 9–11). A probabilistic approach, 
detailed in Section 2.4, was then applied to this model utilising the 
statistical parameters described in Section 3. This methodology was 
adapted for an Irish case study, described in Section 3, to demonstrate 
how regional and national datasets may be applied to assess pesticide 
transport and resulting health risks in local areas. It is important to note 
in this context that water treatment processes that may reduce pesticide 
concentrations in drinking water were therefore not considered in this 
study, as effective pesticide removal processes are not currently avail-
able in water treatment plants within the Republic of Ireland (Uisce 
Eireann, 2021). 

The original SFIL estimates the percentage of the applied pesticide 
dose that will be lost to runoff. This was determined using the pesticide’s 
physiochemical properties and several site conditions: 

L% =
Q
P
x
e

− tln2
DT50,s x 100
1 + Kd

x f1 x f2 x f3 (1)  

where Q is the runoff volume (mm), P is the daily average rainfall (mm), 
t is the number of days between application and rainfall event. The SFIL 
model runs on the assumption that there will be three days between 
pesticide application and a rainfall event (OECD, 2000). In Ireland it is 
advised to ensure there is no rainfall forecast for 48 h after pesticide 
application (Teagasc, 2020). DT50,s is the pesticide half-life in soil 
(days). Kd is the ratio of dissolved to adsorbed pesticide and is calculated 
as: 

Kd =
Koc x OC

100
(2)  

where Koc is the pesticide adsorption coefficient (l/kg), and OC is the 
soil’s organic carbon content (%). 

The correction factors f1, f2, f3 account for the effects of site condi-
tions and agricultural practices on pesticide loss. Correction factor f1 
considers how site slope affects potential runoff based on the relation-
ship developed by Beinat and Van den Berg (1996), whereby: 

f1 = 0.02153slope+ 0.001423slope2; for slope < 20%
f1 = 1; for slope ≥ 20% (3) 

The effect that the distance between application site and closest 
waterbody has on pesticide loss is considered using the correction factor 
f2 developed for the RETOX model (OECD, 2000): 
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Fig. 1. Modified surface runoff model framework; Modifications to existing model shown in hatched areas.  
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f2 = 0.83z (4)  

where z is the distance to the waterbody (m). In this study, a buffer zone 
of zero metres was assumed in line with findings in literature that this 
factor overrepresents the effects of buffer zones on pesticide mobility 
(Schriever and Liess, 2007). 

The amount of applied pesticide intercepted by crop cover was 
included using factor f3, whereby: 

f3 = 1 −
PI

100
(5)  

where PI is the plant interception factor (%), based on the crop type and 
its growth stage, as adapted for FOCUS (2002). 

To date, runoff volume (Q) was obtained from methods described by 
Lutz (1984) and Maniak (1992), which were only available for two soil 
types: sandy and loamy, and only applied to three site scenarios: Sce-
nario 1, bare soil (i.e. pre-emergence) with high moisture content; 
Scenario 2, bare soil with low moisture; and Scenario 3, covered soil (i.e. 
crops in growth stages) with low moisture. This limits the ability of the 
SFIL model to represent a variety of sites as there are various combi-
nations of soil types, moisture content and crop cover not considered. 
Consequently, the current study applied an approach of obtaining runoff 
volume through the use of the SCS Curve Number method. The SCS 
Curve Number method is used by the USDA to estimate runoff volumes 
from small agricultural catchments (USDA, 2004) in order to provide 
more site-specific estimations of runoff volumes. A curve number was 
obtained based on a specific combination of a site’s hydrologic soil 
group, land use and crop type (USDA, 2009) (Table S1 & S2). The curve 
number (CN) was then used herein to assess the maximum potential soil 
retention (S) of a site before runoff occurs: 

S =
25400
CN

− 254 (6) 

Runoff is expected to occur when precipitation exceeds 20 % of the 
soil’s maximum potential retention, and the resulting runoff volume was 
calculated as follows (USDA, 2004): 

Q =
(P − 0.2S)2

(P+ 0.8S)
; for P ≥ 0.2S

Q = 0; for P < 0.2S
(7) 

Many of the more complex edge-of-field runoff models such as PRZM 
(Suárez, 2005), as well as catchment-scale models such as AGNPS and 
SWAT (Bingner and Theurer, 2001; Arnold et al., 2012), use the SCS 
Curve Number method for their runoff estimations. This method was 
utilised herein for a more detailed representation of site conditions by 
considering soil texture, land use, and growth stage. 

As shown in Fig. 1, the pesticide loading by runoff (L%) obtained in 
Eq. 1 was then used to calculate Pc, the edge-of-field concentration (μg/ 
l) as per Berenzen et al. (2005): 

Pc = L% x Pa x
1

Qstream xΔt
(8)  

where Pa is the pesticide application rate to the site (μg), Qstream is the 
flowrate of the stream during the rainfall event (l/s), Δt is the duration 
of the rainfall event (s). 

The SFIL is an edge-of-field model and cannot account for the fate or 
behaviour of a pesticide once it enters a waterbody. However, this study 
expands upon previous studies by considering the potential reduction in 
pesticide concentration resulting from instream processes. Adsorption of 
pesticides to suspended solids and sediment (Eqs. 9 and 10), and in- 
stream degradation (Eq. 11) were considered as suggested by the Eu-
ropean Chemical Bureau (ECB, 2003), and modified by the EPA NZ 
(2020). The reduction due to adsorption to suspended solids in the 
waterbody was calculated as follows: 

ρss =
1

1 +
(
foc(ss) x Koc x suspwater

)
x 10− 6

(9)  

where foc(ss) is the fraction of organic carbon content in suspended solids, 
and suspwater is the density of suspended solids in water (mg/l) (ECB, 
2003). 

The reduction of pesticide concentration due to adsorption to sedi-
ment was accounted for as follows: 

ρsed =
z

z+ ESD x SBD x foc(sed) x Koc
(10)  

where z is the depth of the waterbody (cm), ESD is the effective sediment 
depth (cm), SBD is the sediment bulk density (kg/m3) and foc(sed) is the 
fraction of organic carbon in sediment in accordance with ECB (2003) 
and FOCUS (2015) guidelines. 

Pesticide concentrations are also reduced through in-stream chemi-
cal and biotic degradation processes. These were considered in the 
following first-order degradation factor: 

ρdeg = e
− ln2tr
DT50,w (11)  

where DT50,w is the pesticide half-life in water (days) and tr is the resi-
dence time (days). A residence time of five days was assumed based on 
FOCUS (2015). 

These factors are combined with the edge-of-field pesticide concen-
tration, Pc, so that the final predicted environmental concentration 
(PECsw) may be calculated: 

PECSW = ρss x ρsed x ρdegx Pc (12)  

where the reduction factors ρss, ρsed and ρdeg represent the reduction in 
pesticide concentration due to adsorption to suspended solids and 
sediment, and in-stream degradation, respectively (Eqs. 9, 10 & 11), and 
Pc is the edge-of-field surface water concentration (Eq. 8). 

2.3. Human health risk assessment 

Firstly, the estimated daily intake of a pesticide was obtained for 
adult and child population using FAO and WHO guidelines (FAO and 
WHO, 1997): 

EDI =
PEC x WC
BW x 1000

(13)  

where EDI is the estimated daily intake (mg/kg/day), PEC is the pre-
dicted environmental concentration (μg/l) obtained from Eq. 12, WC is 
daily water consumption (l/day), BW is body weight (kg) and 1000 is a 
conversion factor to convert micrograms to milligrams. A probabilistic 
approach, as described in Section 2.4, was applied to this model using 
statistical parameters presented in Section 3. 

The calculated EDI was then compared to the acceptable daily intake 
to assess the risk quotient (RQ), or the likelihood of chronic human 
health risk associated with exposure to an individual pesticide, as rec-
ommended by both the EU and WHO (EFSA, 2019): 

RQ =
EDI
ADI

(14)  

where EDI is obtained from Eq. 13 and ADI is the acceptable daily intake 
(mg/kg/day), the level of daily pesticide exposure at which no adverse 
effects are expected which was obtained from EFSA reports for each 
pesticide (EFSA, 2021). 

In order to quantify the risk resulting from pesticide mixtures, the 
concentration addition approach was applied as recommended by the 
EFSA (EFSA, 2019). In this study, it was conservatively assumed that all 
study pesticides were presented in the mixture. The resulting total 
health risk posed by the mixture is calculated as the sum of risk quotients 
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for individual pesticides (i): 

RQsum =
∑n

i=1
RQi =

∑n

i=1

EDIi
ADIi

(15)  

In either case, if the risk quotient is greater than one, the risk associated 
with the level of pesticide exposure was deemed unacceptable and 
adverse health effects may occur. If the risk quotient is less than one, 
there is no likelihood of health risk and therefore the level of exposure is 
deemed acceptable. 

2.4. Probabilistic model methodology 

A probabilistic approach was adopted using the Monte-Carlo tech-
nique, as it is recognised as a useful and reliable method for probabilistic 
assessments and uncertainty analysis. Monte-Carlo simulations involve 
random sampling of input parameters and successive model runs to 
produce statistical distributions of outputs. For each model iteration one 
value is randomly selected from the probability distribution of each 
input parameter and the model output results in a probability distribu-
tion, in this case a distribution of pesticide concentrations, and subse-
quently risk quotients. To ensure the statistical stability of the model’s 
outputs, the Monte Carlo simulation was run for 1,000,000 iterations. 
Both the model developed in this study and the Monte Carlo simulation 
were programmed using MATLAB®. Distributions were selected for 
several of the model inputs, e.g. Irish rainfall data from Met Éireann 
(2022), based on best-fit analysis of recorded data on MATLAB®, and a 
review of distributions used in literature to date for parameters. The 
distributions and statistical parameters used in the models are presented 
in Tables 1 and 2. 

2.5. Sensitivity analysis methodology 

Analysis was conducted to test the sensitivity of the model to vari-
ation in input parameters, thus identifying critical input parameters. In 
this study overall model sensitivity, as well as the influence of five 
important factors: rainfall pattern, timing between application, curve 

number, instream processes and seasonal conditions, were examined. 
Triclopyr was selected in this case as it had the highest modelled con-
centrations as discussed in Section 4.1 and the results were discussed in 
terms of the effects on its 95th percentile concentration. However, 
where the model results are particularly affected by pesticide properties, 
additional analysis was included to highlight these affects. Model 
sensitivity was assessed using the simple approach of one-at-a-time 
sensitivity analysis (Dabrowski and Balderacchi, 2013). This involves 
varying each input parameter independently within a realistic range, 
and then observing the resulting impact on the model predictions. In this 
study a ± 10 % range was used, as has been used in literature (Probst 
et al., 2005; Faúndez Urbina et al., 2020) and its impact was observed. 
To investigate how the model may respond to different rainfall levels, 
the model was run using rainfall data from the west coast of Ireland, the 
wettest part of the country (μ = 4.1 mm/day, σ = 5.89; 1187 mm/year), 
in place of original rainfall data (μ = 2.7 mm/day, σ = 5.28; 847 mm/ 
year). The impact of application timing has on pesticide runoff was 
examined by running the model for one, two and five days between 
application and rainfall. To assess the impact that different site condi-
tions, and resulting curve numbers, have on the results, the model was 
run for a grassland site with alternative soil conditions. The effects of the 
additional instream processes were assessed by running the model with 
and without these instream processes. The model was also run for two 
climatic scenarios using annual rainfall (μ = 2.7 mm/day, σ = 5.28) and 
the rainfall levels prevalent during the growing season, assumed to be 
March – October (μ = 2.4 mm/day, σ = 5.19), to assess the impact on the 
modelled results. 

3. Case study 

An Irish case study was used herein to illustrate how the proposed 
framework can be applied to estimate pesticide concentrations in 
waterbodies and assess resulting health risks due to pesticide use on an 
agricultural site. Site specific data was obtained from national pesticide, 
soil, and weather databases, while pesticide properties were obtained 
from European databases. A hypothetical site of a field with a stream 
running alongside was developed to represent an Irish agricultural 
scenario using dominant and/or average conditions for land use, soil 
properties, climate conditions and agricultural practices. Model simu-
lations were carried out for a grassland site (pasture, rough grazing, 
silage, hay or any combination), as it makes up approximately 90 % of 
Irish agricultural land (Cawkwell et al., 2017). Irish soil maps, reports 
and databases were used to identify the dominant soil hydrologic groups 
in Ireland (EPA, 2021b). Based on USDA classifications (USDA, 2009), 
approximately 48 % of soils were found to be Group C soils, and 39 % of 
soils were Group B soils (Table S1 description of soil groups). Group C 
was selected for modelling as it was the more prevalent soil type in 
Ireland, and associated properties were identified based on analysis of 
the EPA Soils database (EPA, 2021b). However, as Group B is the second 
most prevalent soil group, (39 % compared to 48 %), and therefore is 
also widely representative of Irish soils additional analysis was carried 
out for this soil type in Section 4.3. Precipitation and hydrologic data 

Table 1 
Statistical parameters for probabilistic runoff model.  

Parameter Unit Distribution/ 
model 

Parameters 
utilised 

Source 

DT50,s days Normal* Pesticide Specific (see Table S4) 
t days Fixed 3 (OECD, 2000) 
KOC l/kg Normal* Pesticide Specific (see Table S4) 
OC % Normal* μ = 2.36; σ =

2.79 
(Fay et al., 2007;  
EPA, 2021b) 

PI % Uniform min = 0; max 
= 70 

(Labite and 
Cummins, 2012;  
FOCUS, 2015) 

P mm Gamma* a = 0.255; b =
10.457 

(Mockler et al., 2016; 
Met Éireann, 2022) 

S mm Based on Curve 
Number 

– (USDA, 2004) 

slope % Fixed 3 (Clarke et al., 2016) 
z m Fixed 0 (Berenzen et al., 

2005) 
Pa μg Fixed Pesticide Specific (see Table S4) 
Qstream l/s Lognormal* μ = 6.602; σ =

1.562 
(WMO, 1989; EPA, 
2021a) 

Δt s Fixed 3600 (APVMA, 2020) 
foc(ss) kg Fixed 0.1 (ECB, 2003) 
suspwater mg/ 

l 
Fixed 15 (ECB, 2003) 

foc(sed) – Fixed 0.05 (ECB, 2003) 
ESD cm Fixed 0.8 (FOCUS, 2015) 
DT50,w days Normal* Pesticide Specific (see Table S4) 
tr days Fixed 5 (FOCUS, 2015)  

* Distribution type has been selected based on recommendations from litera-
ture, distribution parameters developed from best-fit analysis to data. 

Table 2 
Population data and statistical parameters.  

Parameter Unit Distribution Statistical 
parameters 

Source 

Adult Body 
Weight 

kg Normal μ = 78.0, σ =
16.5 

(IUNA, 2011) 

Child Body 
Weight 

kg Normal μ = 32.5, σ =
11.4 

(IUNA, 2021) 

Adult Water 
Intake* 

l/ 
day 

Lognormal μ = 1.2, σ = 0.68 (USEPA, 2004a;  
IUNA, 2011) 

Child Water 
Intake* 

l/ 
day 

Lognormal μ =0.5, σ = 0.32 (USEPA, 2004a;  
IUNA, 2021)  

* Includes water-based drinks such as tea and coffee. 
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were obtained from Met Éireann (Met Éireann, 2022), and EPA (EPA, 
2021a) or GSI (GSI, 2021) databases, respectively and analysis of the 
rainfall data was carried out to assess the likelihood of runoff events for 
the selected site scenario. 

Pesticide usage surveys carried out by the Department of Agriculture, 
Food and the Marine (DAFM) have identified 82 pesticides used on 
grassland and fodder crops in Ireland for the years 2016 and 2017 
(DAFM, 2020, 2021). The DAFM publishes national data over a five-year 
reporting period, therefore 2016/2017 data was used in this study as it 
was the most recent data available. Results of risk screening study of 
pesticides used in Irish agriculture were used to select 15 pesticides due 
to their mobility, potential impact on human health, quantity of use, or a 
combination of the three (Harmon O’Driscoll et al., 2022). Relevant 
pesticide specific data used in the modelling process are presented in 
Table S4. Pesticide risk was assessed for both Irish adults and children. 
Statistical parameters and distributions for population data were ob-
tained from the Irish Universities Nutritional Alliance and the USEPA to 
allow for this probabilistic approach to be applied (Table 2) (IUNA, 
2011, IUNA, 2021, USEPA, 2004a). 

4. Results and discussion  

4.1.1. Predicted concentrations in surface water 
As stated in Section 2.1, the incorporation of the SCS curve number 

method allows site properties to be accounted for in the rainfall-runoff 
relationship, i.e., the amount of rainfall required to result in a runoff 
event is dictated by a site’s soil type and land use. The daily likelihood of 
rainfall exceeding required levels for runoff occurring for a number of 

site combination in the east of Ireland is presented in Fig. 2. 
The grassland site with group C soils selected for this study requires a 

minimum of 8.3 mm of rainfall for runoff to occur (Fig. 2). Based on 35 
years of rainfall data in the east of Ireland, such a rainfall event is ex-
pected to occur approximately 10 % of the time, an average of 36 days 
each year. Consequently, the vast majority of modelled days will result 
in no runoff and, as a result, the model will predict a zero result for in- 
stream pesticide concentrations. However, there is a variation of pesti-
cide concentrations predicted on the days where runoff will occur; this 
bimodal nature of modelled results is demonstrated for triclopyr in 
Fig. S1 in the Supplementary Information. The likelihood of no runoff, 
and as a result no pesticide detection, is very high in Fig. S1. This is 
consistent with monitoring programmes of Irish rivers carried out by the 
EPA over a five-year period, which detected pesticides in 4.1 % of 
16,069 measurements (EPA, 2019). 

The pesticides have been ranked based on their predicted 95th and 
99th percentile concentrations in Table 3 for 1 million model runs, as is 
the likelihood of exceeding the 0.1 μg/l legal limit. Only the 95th and 
99th percentile values are presented as there are no predicted concen-
trations below the 90th percentile due to rainfall not exceeding 8.3 mm 
for 90 % of model runs (see Fig. 2). Triclopyr was found to have the 
highest concentration of 8.7 μg/l, followed by 2-methyl-4-chlorophe-
noxyacetic acid (MCPA) (7.56 μg/l), and mecoprop (5.13 μg/l). All 
three pesticides have very low Koc values – in fact they have the second, 
third and sixth lowest, respectively, of the 15 pesticides. Therefore, they 
are unlikely to adsorb to soil, making them more available to surface 
runoff. Mecoprop is not very persistent in soil but is very persistent once 
in water, with an average half-life of approximately 155 days, and has a 
relatively high legal application dose. Hence it ranks higher than more 
mobile pesticides like 2,4-Dichlorophenoxyacetic acid (2,4-D), which 
rapidly breaks down in water with a half-life of 9.4 days, or clopyralid 

Fig. 2. Likelihood required rainfall in East Ireland for different combinations of land use and soil groups common in Ireland. Site scenario used in case study 
highlighted. 
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which is applied at a much lower dose than mecoprop. Conversely, the 
two lowest ranked pesticides, prothioconazole and phenmedipham, 
have 99th percentile concentrations of 7.7e-4 μg/l and 2.1e-8 μg/l, 
respectively. Both are relatively immobile as they readily adsorb to soil 
with high KOC values. Prothioconazole is the least persistent pesticide in 
soil and is also non-persistent in water, while phenmedipham rapidly 
degrades in water with an average DT50,W of <5 h. It is to be expected 
that concentrations of such immobile and non-persistent pesticides 
would be nearly undetectable in surface water, as has been found in 
monitoring studies (Aamlid et al., 2021). The modelled ranking of the 
pesticides is in broad agreement with the ranking of pesticides detected 
in Irish EPA monitoring. Of 14 pesticides monitored in 144 rivers in 
Ireland over a five-year period found that MCPA was the most widely 
detected pesticide in Irish rivers, followed by mecoprop and 2,4-D (EPA, 
2019). The ranking of the modelled pesticides agrees with most 
commonly detected pesticides in this nationwide monitoring pro-
gramme, whereby MCPA, mecoprop and 2,4-D were also predicted to 
have three of the four highest concentrations in this study. 

Pesticide detections in Irish surface water are relatively infrequent 
and the majority of model runs in this study result in no pesticide runoff. 
However, it is important to recognise that pesticide runoff can still occur 
with concentrations exceeding legal limits for drinking water. The legal 
limits set within the EU were not based on toxicological studies, and are 
therefore not significantly relevant in terms of health risk assessments 
(Dekant et al., 2010). However, these threshold values are important in 
assessing water quality due to their practical application within the EU 
in a legislative context. To better investigate potential pesticide trans-
port, and allow for comparisons between pesticides, the model results 
were truncated to only include runoff events i.e. the distribution shown 
in the inset of Fig. S1. Henceforth only the pesticide concentrations from 
rainfall events exceeding the required level to result in runoff are 
assessed, and the resulting concentration distributions of the 15 pesti-
cides modelled in this study are presented in Fig. 3. It is important to 
keep in mind the context of likelihood of exposure when examining the 
predicted concentrations of the selected pesticide. The 90th percentile 
concentrations of several pesticides presented in Fig. 3 are relatively 
high when compared to the EU’s legal limit of 0.1 μg/l for individual 
pesticides in drinking water (European Commission, 1998), and even 
the limit of 0.5 μg/l for total pesticide concentration set out by the 
original drinking water quality directive 75/440/EEC (European Com-
mission, 1975) which is still in place today. However, these limits were 
derived using the lowest limit of detection at the time, rather than actual 
pesticide toxicology, and are perceived by some to represent the EU’s 
desire to have no level of pesticides in drinking water (Dolan et al., 
2013). Additionally, Fig. 3 relates only to simulations when runoff 

occurs i.e. approximately 10 % of days annually, as stated above. In that 
context, a 9.37 μg/l concentration of triclopyr is predicted to occur less 
than four times a year. These concentrations will be further investigated 
in terms of their toxicity in Section 4.2. 

Only one of the fungicides selected for this study, penthiopyrad, is 
predicted to reach the legal limit of 0.1 μg/l at the 90th percentile 
concentration, the resulting health implication of these exceedances will 
be discussed in Section 4.2. In general, fungicides are relatively immo-
bile with moderate to high adsorption coefficients (Zubrod et al., 2019), 
while the herbicides selected in this study tend to be very mobile. 
Penthiopyrad has a comparatively low adsorption coefficient of 796.8 l/ 
kg for a fungicide and is also significantly persistent in both soil (DT50,s 
of 122 days) and water (DT50,W of 279 days). The other fungicides 
selected for this study either rapidly breakdown in soil and water, such 
as prothioconazole (14th of 15) (Fig. 3), or are very immobile, such as 
prochloraz. This is also reflected in data from monitoring programmes of 
European surface waters from 2007 to 2017, which found that herbi-
cides were the cause of the majority of pesticide exceedances, with 5–15 
% of herbicide detections resulting in an exceedance, while fungicides 
exceeded limits in <1 % of cases (Mohaupt et al., 2020). This suggests 
that fungicides tend to be of lesser concern in surface water despite 
being used in similar quantities as herbicides within the EU (McGinley 
et al., 2023a). 

4.1.2. Comparison of predicted concentrations with measured data 
In order to assess whether the model produced realistic results, the 

predicted environmental concentrations were compared to monitoring 
data from a two-year long field study (McGinley et al., 2023b). These 
field studies were carried out at two locations in the north and east of the 
country, monitoring surface waterbodies for some of the most widely 
used pesticides in Ireland: MCPA, fluroxypyr, triclopyr, 2,4-D, mecoprop 
and clopyralid. The monitoring sites were predominately grassland, 
with moderate-to-poor draining soils, similar to the hypothetical site 
developed for the case study. Passive water samplers were in-situ for two 
weeks every month during the monitoring periods of April to November, 
inclusive, for the years 2021 and 2022. For each month a 14-day time- 
weighted average concentration was obtained for the monitored pesti-
cides. In order to compare the predicted surface water concentrations in 
this study to the measured data, an average daily concentration was 
calculated every 14 model runs (representing 14 days in the model) to 
develop comparable concentrations. The 14-day average concentrations 
obtained from the field studies and the modelled results were compared 
in Fig. 4 to assess whether the model produced realistic results for Irish 
agricultural sites. It is noted that this comparison is intended as a form of 
‘reality check’ on the model output, rather than a direct comparison. The 
hypothetical modelled site used was developed based on the most 
common features of Irish agriculture land (soil conditions, crop type, 
etc), so that it could be widely representative of many agriculture sites in 
Ireland, rather than a single localised monitored location. Direct com-
parison between the model results and the measured concentrations thus 
cannot made as the modelled site conditions are not an exact replica of 
the conditions present at the monitored sites. Comparison with real 
monitoring data within Ireland is still however useful. Overall the 
modelled concentrations showed broad agreement with the monitored 
concentrations, with both the monitoring programme and the model 
detecting relatively high 95th percentile concentrations of MCPA, 2,4-D 
and triclopyr compared to the legal limit in drinking water. Agreement 
between the monitored and modelled concentrations of the other three 
pesticides was not as good, this may reflect the extent of usage of these 
pesticides in the field studies, and modelling assumptions. All pesticides 
were modelled for their full recommended doses, which may not be the 
case in reality. Mecoprop and clopyralid made up only 8 % and 10 % of 
detections, compared to MCPA and fluroxypyr 25 % and 22 %, sug-
gesting that the pesticides with poorer agreement are not widely used in 
the areas where the monitoring was carried. Additionally, some 
disparity between the model results and measured concentrations are to 

Table 3 
Ranking of selected pesticides based on predicted concentration in surface water 
(including zero-runoff days).  

Pesticide 95th 
Percentile 
(μg/l) 

99th 
Percentile 
(μg/l) 

Likelihood of 
exceedance (%) 

Rank 

Triclopyr 0.49 8.7  7.2  1 
MCPA 0.38 7.56  6.8  2 
Mecoprop 0.27 5.13  6.4  3 
2,4-D 0.27 4.85  6.4  4 
Clopyralid 0.21 3.48  6.1  5 
Fluroxypyr 0.1 1.76  5.0  6 
2,4-DB 0.04 1.13  3.6  7 
Terbuthylazine 0.036 0.72  3.4  8 
Penthiopyrad 4.3e-3* 0.095  0.95  9 
Propyzamide 2.2e-3* 0.06  0.63  10 
Prochloraz 1.2e-4* 4.0e-3*  0.05  11 
Glyphosate 5.5e-5* 2.6e-3*  0.07  12 
Pendimethalin 3.1e-5* 7.7e-4*  0.005  13 
Prothioconazole 1.8e-5* 5.7e-4*  0.003  14 
Phenmedipham 1.3e-12* 2.1e-8*  0  15  

* Predicted concentration less than the limit of detection (LOD) (Table S5). 
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Fig. 3. a) 10th, b) 50th, and c) 90th percentile concentrations on days when rainfall exceeds 8.3 mm (* denotes less than LOD (Table S5)).  
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be expected due to the differences in site conditions and model limita-
tions. These limitations include the lack of consideration of some factors 
that may further influence pesticide transport, including alternative 
degradation pathways and volatilisation, have not been included. 
However, the comparison presented here suggests that the model can 
produce relatively realistic results for the modelled conditions, while 
remaining simple enough to encourage adoption across a broad user 
base. 

4.2. Human health risk assessment 

For the sake of brevity only the 99th percentile EDIs, the fixed ADI 
values obtained from the EFSA and risk quotient values are presented in 
Table 4. Triclopyr has the highest EDI for adults and children. Overall 
children have a higher rate of exposure to pesticides in drinking water 

due to their higher water consumption rate in terms of body weight 
(Rezaei Kalantary et al., 2022). However, the daily levels of exposure for 
both adults and children are predicted to be well below the acceptable 
daily intake for all pesticides, even at the most extreme concentrations. 

As was the case for the modelled EDIs, the risk quotient for children’s 
health is higher than adults for example, exposure to mecoprop results in 
a 99th percentile risk quotient of 0.015 for adults but 0.019 for children. 
From Table 4, the pesticides with the highest potential to harm human 
health due to exposure via surface water were mecoprop, triclopyr and 
2,4-D (risk quotients of 0.023, 0.013 and 0.011, respectively). It is 
interesting to note that despite terbuthylazine’s relatively low concen-
trations in drinking water (8th out of 15, Table 3), it has the 4th highest 
risk quotient. This may be explained by its very low ADI of 0.004 mg/ 
kg/day, compared to pesticides such as mecoprop (ADI = 0.01 mg/kg/ 
day), and triclopyr (ADI = 0.03 mg/kg/day). However, terbuthylazine is 

Fig. 4. Predicted vs monitored concentrations of pesticides in runoff.  
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not widely used in Ireland, with its annual quantity of use 3 % that of the 
quantity of applied MCPA, therefore it is unlikely to be a major risk to 
the health of the general public in Ireland. Of the most widely used 
pesticides in Ireland, both fluroxypyr and glyphosate are ranked very 
low (8th and 14th lowest). MCPA, however, has a much higher risk 
quotient score due to its mobility to water supplies, and as a result ranks 
in the top five pesticides in terms of risk quotient. However, no EDIs 
exceed their respective ADIs, even the 99th percentile risk quotients are 
well below an unacceptable level of risk of one. The total level of risk 
posed by exposure to all pesticides is also well below one for both adults 
and children at the 99th percentile, with total risk quotients of 0.023 and 
0.066 respectively. This suggests that despite concentrations occurring 
at levels higher than the EU legal limit of 0.1 μg/l, the results indicate 
that there is currently a very low level of risk to human health via 
drinking water under normal pesticide application patterns. In fact, if a 
child with average weight (32.5 kg) and water consumption (0.5 l/day) 
(IUNA, 2021) was exposed to legal concentrations (0.1 μg/l) of terbu-
thylazine, the most toxic pesticide in the study, and fluroxypyr, the least 
toxic, the resulting risk quotients would be 3.85e-4 and 1.92e-6, 
respectively. Conversely, in order to be exposed to an unacceptable 
level of risk, a child would have to be exposed to a concentration of 
terbuthylazine of 260 μg/l, which is over 350 times the 99th percentile 
of modelled concentration (Table 2). These findings broadly agree with 
Dekant et al.’s (2010) suggestion that the EU limits were set with little 
consideration of a pesticide’s evaluated toxicological significance and 
therefore can be overly restrictive for pesticides that have been found to 
have low human toxicity. 

On the basis of the study site conditions and the fifteen pesticides 
assessed, it suggests that there is little risk associated with the level of 
pesticide contamination of Irish drinking water sources. However, 
different agricultural management practices and site conditions will 
result in varying levels of exposure and health risks, therefore it cannot 
be assumed that the contamination of Irish water supplies pose no risk to 
human health. Additionally, a fundamental issue with pesticide health 
risk assessment lies with classification of pesticide toxicity. It has been 
suggested that some pesticides have been incorrectly classified as low- 
risk due to misreporting of some pesticides’ neurotoxicity by the pesti-
cide industry (Mie and Rudén, 2023), and contradicting reports on the 
toxicity of pesticides (Kalofiri et al., 2021). Conversely, restrictions on 
the use of other may be overprotective, as they have been found to have 
overly conservative exposure limits (Moxon et al., 2020). It is therefore 
important to interpret the results of this study in the context of the 
recently revealed limitations that exist around international pesticide 
toxicity classification, in addition to the issues associated with assess-
ments on a site-specific level, and modelling limitations. 

4.3. Sensitivity analysis 

The impact of variation in input parameter on the final output, risk 
quotient, was assessed in accordance with the + − 10 % of mean 
approach outlined in Section 2.5 above. The health risk model was most 
sensitive to variation to the pesticide’s ADI (+15 %,-11 %). The in- 
stream concentration was found to be almost as influential (+15 
%,-10 %), and was followed by body weight (+9 %, − 5 %) and finally 
water consumption (+3 %, − 1 %). As the in-stream concentration was 
found to be a highly influential parameter, and involves a number of 
parameters and computational processes, further analysis of the influ-
ence of parameter variability and model sensitivity was carried out as 
presented in the following sections. 

4.3.1. Model sensitivity 
The runoff model was most sensitive to a variation in rainfall (+22 

%, − 25 %), distance to waterbody (− 16 %), field slope (+14 %, − 10 %), 
pesticide application rate, (+10 %, − 9 %), and stream flowrate (+3 %, 
− 7 %). Both distance to waterbody and slope were identified as critical 
parameters by Probst et al. (2005), while Schriever and Liess (2007) and 
Utami et al. (2020) found that daily average rainfall was one of the most 
influential parameters. Most of the influential parameters in this study 
are modelled as fixed variables due to their localised nature. This 
highlights the importance for obtaining site-specific data where possible 
for best representation of the modelled site. 

4.3.2. Impact of rainfall data on model output 
Rainfall was identified as the most important parameter for runoff. 

The change in rainfall data, using precipitation data from the west of the 
country, represented a 51 % increase in daily average rainfall and, 
resulted in a 210 % increase in 95th percentile concentration of triclopyr 
in surface water. This most likely due to an increase in days where 
rainfall exceeds the level required for runoff to take place in accordance 
with the SCS curve number approach (USDA, 2004). 

4.3.3. Impact of timing of application on model output 
The resulting impact of varying application timing for one, two and 

five days on triclopyr’s 95th percentile concentration was +6.1 %, +4.1 
% and − 4.1 % respectively. Triclopyr is moderately persistent with a 
mean DT50,s of 35 days, therefore changing the number days between 
application and rainfall by a few days does not have as large an impact as 
it would for a pesticide that rapidly degrades such as prothioconazole 
with a half-life of 2.8 days (+11 %, +50 % and − 40 % impact on 95th 
percentile concentrations). 

Table 4 
99th percentile estimated daily intake (mg/kg/day) for adults and children, pesticides’ acceptable daily intake (mg/kg/day), and resulting 99th percentile risk 
quotient.  

Pesticide Rank EDI Ranking Health Risk Ranking 

EDIadult EDIchild ADI Rank RQadult RQchild 

Mecoprop  3 1.50e-4 1.92e-4  0.01  1 0.008 0.023 
Triclopyr  1 1.17e-4 3.24e-4  0.05  2 0.005 0.013 
2,4-D  4 1.34e-4 1.70e-4  0.02  3 0.004 0.011 
Terbuthylazine  8 1.93e-5 2.42e-5  0.004  4 0.003 0.008 
MCPA  2 2.02e-4 2.54e-4  0.05  5 0.002 0.007 
2,4-DB  7 3.10e-5 3.94e-5  0.02  6 9.1e-4 0.003 
Clopyralid  5 9.57e-5 1.20e-4  0.15  7 3.7e-4 0.001 
Fluroxypyr  6 4.91e-5 6.27e-5  0.8  8 3.5e-5 9.6e-5 
Propyzamide  10 1.59e-6 2.04e-6  0.05  9 1.9e-5 5.2e-5 
Penthiopyrad  9 2.50e-6 3.14e-6  0.1  10 1.5e-5 4.2e-5 
Prochloraz  11 9.98e-8 1.27e-7  0.01  11 6.0e-6 1.7e-5 
Prothioconazole  14 1.91e-8 2.43e-8  0.05  12 1.8e-7 4.9e-7 
Pendimethalin  13 2.06e-8 2.60e-8  0.125  13 9.7e-8 2.7e-7 
Glyphosate  12 6.78e-8 8.52e-8  0.5  12 7.9e-8 2.2e-7 
Phenmedipham  15 5.1e-13 6.5e-13  0.03  15 1.1e-5 3.0e-11 
TOTAL      0.023 0.066  
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4.3.4. Impact of curve number on model output 
The change in site scenario was found to have a significant impact on 

the modelled results, as much more rain is required for runoff to occur. 
Rainfall of 13.5 mm is required for group B soils, with only 4.5 % of 
model runs exceeding this, compared to 8.3 mm or 10 % of model runs 
for group C soils. As a result, triclopyr’s 95th percentile concentration 
for the new scenario was zero, and there was a 78 % decrease in the 99th 
percentile concentration. This highlights the importance of site-specific 
conditions in pesticide transport and illustrates the impact improve-
ments made to the model developed with the addition of the curve 
number to the SFIL approach, may have to model results. 

4.3.5. Impact of in-stream process on model output 
Overall, the inclusion of instream processes results in a 51 % 

decrease in the 95th percentile concentration of triclopyr, with 
adsorption to sediment contributing most to the reduction in concen-
tration (26 % reduction) and adsorption to suspended solids contrib-
uting the least (0.4 % reduction). However, instream processes would 
have a much greater impact on pesticides with very high adsorption 
coefficients such as prochloraz, or very short DT50,W such as prothio-
conazole. If they are removed, the 95th percentile concentrations for 
these pesticides increase by +3233 % and 11,011 % respectively. 

4.3.6. Seasonal analysis 
The variation of site conditions and agricultural practices due to 

seasonal effects can also impact pesticide transport. In Ireland, pesti-
cides tend to be used in the greatest quantities shortly before and during 
the growing season, which begins in spring and extends until the end of 
autumn. However, Ireland can experience some of its most extreme 
periods of rainfall during the winter months, when pesticides are not in 
use. Therefore, it is important to consider the climatic conditions prev-
alent during the growing season and avoid including extremely heavy 
rainfall events that are less likely to occur during this period. As ex-
pected, the simulated concentrations of triclopyr were lower for the 
growing season than the annual conditions, with a 25 % decrease in the 
95th percentile concentration over the growing season. This is most 
likely due to the reduced number of rainfall events that will result in 
runoff during the growing season, with <8.5 % of rainfall events during 
the growing season expected to result in runoff, compared to 10 % 
annually. 

5. Conclusions and recommendations 

A probabilistic modelling framework was developed, by adapting 
existing pesticide transport models and combining them with a quanti-
tative health risk assessment approach, to improve the representation of 
real-world scenarios and quantitatively assess potential human health 
risks. This framework offers a useful step towards the use of probabilistic 
analysis in pesticide risk assessment. Although this modelling approach 
does not incorporate detailed considerations of some of the pesticide 
transport models, its comparative simplicity facilitates the integration of 
important uncertainty. Thus, the model provides valuable insights into 
the relative risks of various pesticides, while using an accessible 
approach for a wide user base. 

An Irish case study was developed to illustrate how the model may be 
applied and facilitate study of the potential health risks arising from 
contamination of drinking water by several pesticides used in Ireland. 
The modelled concentrations were shown to be in broad agreement with 
the measured concentrations of an Irish field study, and the modelled 
ranking of pesticides most likely to be detected in surface waters com-
pares well with the findings of Irish and European monitoring studies. 
Triclopyr, MCPA and clopyralid were found to be the most mobile 
pesticides and predicted to occur in the highest concentrations. The 
three highest risk pesticides in terms of human health were found to be 
mecoprop, triclopyr and 2,4-D, however all pesticides were found to be 
well below an unacceptable level of risk currently and may only need 

increased monitoring in areas of high usage in Ireland to ensure levels of 
risk do not exceed acceptable level. The modelling framework in this 
study was developed in such a way to allow catchment managers and 
water quality monitors to adapt the model for their own use. The model 
was found to be sensitive to variation in localised parameters, suggesting 
a need for site-specific parameters when using the model. Additional 
factors such as site location, timing of pesticide application, and the 
addition of instream processes were all found to affect the modelled 
results. 

The model may be improved through the incorporation of more 
health data from literature and lab studies, in addition to the use of 
regulatory thresholds, to allow for greater consideration of uncertainty 
associated with pesticide toxicity. Future works may include combining 
this model with environmental risk models to quantitatively assess 
pesticide risk to aquatic or terrestrial organisms, or the incorporation of 
geospatial datasets to develop a GIS-based tool. Additionally, input pa-
rameters may also be adapted to account for potential effects resulting 
from climate change. 
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