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Abstract

There is worldwide interest in the application of probabilistic approaches to pesticide fate models to account for
uncertainty in exposure assessments. The first steps in conducting a probabilistic analysis of any system are:(i) to
identify where the uncertainties come from; and(ii) to pinpoint those uncertainties that are likely to affect most of
the predictions made. This article aims at addressing those two points within the context of exposure assessment for
pesticides through a review of the different sources of uncertainty in pesticide fate modelling. The extensive listing
of sources of uncertainty clearly demonstrates that pesticide fate modelling is laced with uncertainty. More importantly,
the review suggests that the probabilistic approaches, which are typically being deployed to account for uncertainty
in the pesticide fate modelling, such as Monte Carlo modelling, ignore a number of key sources of uncertainty, which
are likely to have a significant effect on the prediction of environmental concentrations for pesticides(e.g. model
error, modeller subjectivity). Future research should concentrate on quantifying the impact these uncertainties have
on exposure assessments and on developing procedures that enable their integration within probabilistic assessments.
� 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Probabilistic approaches to environmental risk
assessment for pesticides and other chemicals are
currently receiving a vast amount of interest, espe-
cially in the US (ECOFRAM, 1999; Solomon et
al., 2000) and in Europe(Jager et al., 2001;
EUPRA, 2001). The application of probabilistic
techniques to the assessment of exposure is tradi-
tionally expected to yield a number of benefits
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including: (i) the quantification of the uncertainty
associated with model predictions;(ii) the identi-
fication of the factors which most influence model
predictions;(iii ) the promotion of critical exami-
nation of the data and exposure models; and(iv)
the generation of meaningful outputs for subse-
quent decision-making(EUPRA, 2001). The over-
all aim of any probabilistic exercise is to account
for ‘uncertainty’. Uncertainty is a capacious term
used to encompass a multiplicity of concepts
(Morgan and Henrion, 1990) and has different
meaning in various disciplines(Mowrer, 2000).
Terminology that has been related to uncertainty
within the context of contaminant modelling
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includes: variation, variability, ambiguity, hetero-
geneity, approximation, inexactness, vagueness,
inaccuracy, subjectivity, imprecision, misclassifi-
cation, misinterpretation, error, faults, mistakes and
artefacts. Within the context of this article, the
term uncertainty is used in its widest sense and is
meant to represent the combination of factors of
various origins leading to a lack of confidence
with regard to the description of the system under
study. The terminology used encompasses both
stochastic variability and incertitude.
The very first step in any assessment of uncer-

tainty is to compile a list of the different sources
of uncertainty(Warren-Hicks and Moore, 1998).
Listing uncertainties is useful in that it provides a
means to:(i) explicitly acknowledge the different
uncertainties which will either be integrated in the
modelling or not;(ii) identify those uncertainties
which are difficult to integrate into uncertainty
analyses carried out using traditional methods(e.g.
Monte Carlo or first order uncertainty analyses);
and (iii ) draw attention to the confidence that
should be assigned to the results of probabilistic
modelling. Although uncertainty analyses and
probabilistic modelling exercises within the con-
text of pesticide fate modelling have been reported
in the literature(e.g. Carsel et al., 1988; Fontaine
et al., 1992; Nofziger et al., 1994; Maund et al.,
2001; Carbone et al., 2002), sources of uncertainty
have never been discussed in detail.
This article reviews the sources of uncertainty

associated with pesticide fate modelling. For illus-
tration, emphasis is put on simulation of pesticide
leaching through soil, but the analysis and discus-
sions are relevant to other pesticide fate models
and the broader field of environmental modelling.
Contributions to the overall uncertainty are pre-
sented in a practical classification which follows
the different steps in the modelling process:(i)
the acquisition of basic(primary) data in the field
or in the laboratory;(ii) the derivation of model
input parameters from basic data or by other
means; and(iii ) the modelling itself. Sources of
uncertainty that are rarely acknowledged, but
which may have a significant influence on esti-
mations of environmental concentrations, are also
discussed.

2. Uncertainty in the primary data

The primary data are defined here as the basic
physical, chemical and environmental properties
determined either in the field or in the laboratory
which are either directly fed into a model or used
to derive input parameters for the model. Depend-
ing on the amount of information available to the
modeller, primary data might include site charac-
teristics (e.g. longitude, latitude, elevation), soil
properties (e.g. organic carbon content, particle
size distribution, water retention data), weather
conditions(e.g. rainfall, minimum and maximum
temperatures, humidity and radiation data), pesti-
cide properties(e.g. solubility, Henry’s constant,
laboratory data on sorption and degradation) or
results of field experiments(e.g. soil residues at
different depths, pesticide loss by run-off, pesticide
concentrations in leaching or drainage waters).
Uncertainty in the primary data will arise from the
spatial and temporal variability of environmental
variables, from sampling procedures in the field
and from analysis in the laboratory. These sources
of uncertainty are discussed below.

2.1. Spatial and temporal variability of environ-
mental variables

A large number of articles have reported on the
spatial variability of pesticide residues or leaching
in the field (Rao and Wagenet, 1985; Vischetti et
al., 1997) or in lysimeters(Flury et al., 1998;
Simmonds and Nortcliff, 1998). This has been
attributed to some extent to the variability in space
of environmental properties which in turn influence
predictions of pesticide leaching models, such as
physical(Bosch and West, 1998), chemical(Wood
et al., 1987) and biological(Parkin, 1993; Soulas
and Lagacherie, 2001) data. Temporal variability
has been the subject of much less research. Causes
of spatial variability are traditionally classified into
intrinsic or extrinsic factors. Taking the agricultural
soil system as an example, intrinsic variability is
due to natural conditions in soils whilst extrinsic
variability is that imposed on a field as part of
crop production practices. Examples of soil char-
acteristics that exhibit intrinsic variations are tex-
ture and mineralogy whilst tillage, fertilizer and
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Fig. 1. Distribution of Koc for atrazine within a 6.25-ha field.
The contour map was generated from 2601 block-kriged esti-
mates of Koc for atrazine based on a 5 by 5 m grid pattern
using block estimates(reproduced from Novak et al., 1997,
with permission).

pesticide applications, harvesting and removal of
crop residues all contribute to the development of
an extrinsic variability.
Spatial dependency of measurements in the field

occurs when samples collected close to one another
are more similar than samples collected at greater
distances(Cambardella et al., 1994). Although the
application of classical statistics to instances where
spatial dependence is present is valid(Brus and
de Gruijter, 1997), the use of geostatistics designed
to exploit non-random and correlated data(Yost et
al., 1993) is often preferred(Hamlett et al., 1986).
Geostatistical analyses have been performed to
study the spatial variability of pesticide sorption
(Cambardella et al., 1994; Novak et al., 1997;
Jacques et al., 1999) and degradation(Price et al.,
2001) in the field. Webster and Oliver(2001)
provide a description of geostatistical techniques.
Describing uncertainty using geostatistics is not an
activity exempt from uncertainty itself as vario-
gram uncertainty may be large(Jansen, 1998) and
spatial interpolation may be undertaken using dif-
ferent techniques.
The capacity of soils for sorption and degrada-

tion play an important role within the context of
pesticide fate modelling(Boesten and van der
Linden, 1991; Dubus et al., 2003). Spatial varia-
bility in pesticide sorption has been reported for a
range of geographical entities, including individual
fields showing some homogeneity in terms of soil
series(Lennartz, 1999; Elabd et al., 1986; Jacques
et al., 1999), fields or contiguous fields made of
different soil series(Jaynes et al., 1995; Novak et
al., 1997; Oliveira et al., 1999), catchments
(Coquet and Barriuso, 2002) and a large number
of soils contrasting in their geographical origin
(Barriuso and Calvet, 1992; Ahmad et al., 2001a;
Dubus et al., 2001). Variability in the sorption
distribution coefficient Kd can generally be
reduced by normalising it to the organic carbon
content(Hamaker and Thompson, 1972), but the
variability of the resulting Koc often remains
considerable(Fig. 1). Some authors consider that
the use of Koc reduces the variability in Kd and
that variability in Koc is generally due to experi-
mental errors and variations in the nature of the
organic matter(Gerstl, 2000) although others have
observed that normalisation of Kd to organic car-

bon failed to reduce variability compared to that
of Kd (Elabd et al., 1986; Beck et al., 1996). In
terms of shape of distribution describing spatial
variability, both normality(Coquet and Barriuso,
2002; Wood et al., 1987; Elabd et al., 1986;
Lennartz, 1999) and log–normality(Novak et al.,
1997; Jaynes et al., 1995) of Kd have been
reported. In most of the modelling studies account-
ing for the variability in the sorption distribution
coefficient Kd, a normal distribution was hypoth-
esised(Nofziger et al., 1994; Franke and Teutsch,
1994; van der Zee and Boesten, 1993; Di and
Aylmore, 1997) although uniform (Soutter and
Pannatier, 1996; Warren-Hicks et al., 2002) and
log–normal (Dubus and Brown, 2002) distribu-
tions have also been used. The practical imple-
mentation of Monte Carlo modelling for sorption
has been handled differently by various authors.
Nofziger et al. (1994) considered that Koc was
normally distributed and then derived Kd by mul-
tiplying Koc by fixed values of organic carbon. In
contrast, some studies derive Kd on the basis of
fixed values of Koc and a distribution of organic
carbon values(Lafrance and Banton, 1995; Zach-
arias et al., 1999). Disregarding one of the two
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components of the variability in Kd is likely to
have noticeable effects on results of the probabi-
listic modelling(Coquet and Barriuso, 2002).
The spatial variability of degradation has

received less attention. Walker et al.(2002) inves-
tigated the variation in degradation of isoproturon
at the field level and reported DT50 values varying
from 6 to 30 days. Spatial differences in degrada-
tion were found to occur over a range of a few
metres or even less. Vischetti et al.(1997) reported
CVs of 11–110% for DT50 for metamitron and
chloridazon in three Italian field soils. Walker and
Brown (1983) investigated the variability of DT50
for metribuzin and simazine for 10 different plots
in three fields(CV of 7 and 21% for simazine and
metribuzin, respectively) and the within-field var-
iability (20 samples per plot; CV 23 and 25% for
simazine and metribuzin, respectively). Walker et
al. (2001) suggested that the variability in the
degradation of isoproturon was related to microbial
biomass and diversity, which appeared to be influ-
enced by pH at the field scale. Rao and Davidson
(1982) reviewed the data on degradation for 31
pesticides. The coefficient of variation for topsoil
metabolism or dissipation was usually greater than
40% and averaged 73%(Cohen et al., 1995). Wolt
et al. (2001) consider that a log–normal distribu-
tion should be used to describe the variability in
degradation data because physicochemical proper-
ties of the soil environment that may impact half-
life, such as aggregate and particle size
distribution, exchangeable cations and diffusion
coefficients are log–normally distributed. Warren-
Hicks et al.(2002) reported a beta distribution for
describing the spatial variability of chemical deg-
radation rates at three sites although it should be
noted that the beta distribution is very flexible and
can take a very diverse set of shapes(Vose, 2000).
Relatively large variabilities have been reported

for residues of pesticides in the field. Uncertainty
in pesticide residues observed shortly after appli-
cation might be due in part to the variability
associated with the spraying of the pesticide(Vis-
chetti et al., 2001). These authors reported CVs of
9.5–31% for concentrations of four herbicides
sampled using spray traps and CVs of 30–61%
for concentrations in soil 1–2 h after spraying.
Larger CVs for application rates have been report-

ed by others(Vischetti et al., 1998; Walker and
Brown, 1983; Smith and Parrish, 1993). Residues
of various contaminants in the environment have
often been found to be log–normally distributed
and Ott(1990) provided a theoretical justification
of the ubiquity of this skewed distribution in the
description of environmental concentrations of
pollutants.
Issues of spatial variability are not limited to

pesticide and soil properties as rainfall data may
also be significantly variable(Krajewski et al.,
1998). Variability in rainfall will directly affect
the water balance in pesticide fate models. The
assumption usually made of spatial uniformity in
rainfall at the small watershed scale did not hold
for a 4.4-ha catchment characterised by convective
storms(Goodrich et al., 1995) and a large uncer-
tainty in the model outputs can be expected if this
rainfall variability is not accounted for in the
modelling(Chaubey et al., 1999).

2.2. Sampling procedures and measurement error

The term ‘measurement error’ refers to the
uncertainty originating from the sampling in the
field and the determination of physical or chemical
properties of the samples. Differences in sampling
procedures for pesticide residues between organi-
sations and individuals is likely to contribute to
the overall uncertainty in the determination of
persistence of pesticides in the field. Walker and
Brown (1981) compared the degradation of
metamitron, atrazine and propyzamide in fresh soil
with that in soil stored for seven months either at
5 8C, frozen, or sieved and air-dried. They found
considerable differences in degradation rates both
between the pretreatments, and between stored and
fresh soil for metamitron and atrazine. Procedures
for the preparation of sediment and soil samples
(storage, subsampling, sieving, dryingyrewetting,
homogenisation) and the subsequent addition of
organic compounds(addition method, carrier sol-
vents, mixing) are largely variable between the
individuals and this may introduce unintentional
bias in the experimental studies(Northcott and
Jones, 2000). As well as a ‘random error’, labor-
atory measurements may be subject to a ‘system-
atic error’, which results from bias in the
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measuring apparatus and experimental procedure.
Systematic errors arise, for example, because a
measurement device is imperfectly calibrated, con-
sistently used incorrectly or an incorrect multiplier
or scaling factor is used in the computations
(Millstein, 1994). Uncertainty may also arise from
the use of laboratory or field materials, which have
been demonstrated to interact with pesticides such
as ceramic porous cups(Beltran et al., 1995),
walls of PVC lysimeters(Koskinen et al., 1999),
flasks and tubes(Topp and Smith, 1992) or filter-
ing devices(Mouvet and Jucker, 1997; Clausen,¨
2000; Ahmad et al., 2001b).
Uncertainty in the modelling may originate from

the use of input data obtained using different
laboratory approaches. A typical example is the
derivation of sorption and degradation data for a
compound through either batch and incubation
experiments or column studies. Degradation has
often been found to be faster in column experi-
ments than in incubation procedures(Comfort et
al., 1992; Estrella et al., 1993). This has been
attributed to the downward movement of degrading
microorganisms through the soil profile(Shaw and
Burns, 1998) and to the decreasing substrate con-
centrations in the incubation experiments com-
pared with constant influent substrate concen-
trations in column experiments(Estrella et al.,
1993). Fitting a mathematical model to column
breakthrough curves is generally expected to result
in sorption values similar to those which can be
obtained in the batch experiments(Wauchope et
al., 2002) provided small infiltration rates are used
(Johnson and Farmer, 1993), an adequate fitting
model is adopted(Singh et al., 1996) and batch
experiments do not implement high solution to
soil ratios and short equilibration times(Johnson
et al., 2000).
With regard to rainfall, Krajewski et al.(1998)

compared rainfall measurement from a tipping
bucket and an optical gauge at the same location
and reported significant differences between the
two measuring devices, especially at the beginning
of rainfall events. Specific factors that may influ-
ence the reliability of rainfall data include differ-
ences in the measurement height, the presence of
a building or natural feature, which may influence
the distribution of wind at the point of measure-

ment (Verschoor et al., 2001), losses by evapora-
tion, the absence of heating systems to enable the
measurement of snowfall, differences in collector
shapes, the non-instantaneous character of buckets
when being emptied, the presence of impurities
deposited in buckets and inadequate calibration
(Viton, 1970; Krajewski et al., 1998).

3. Uncertainty in the derivation of model input
parameters

Process simulation models are by their very
nature complex and it is not easy to make them
simple to use(Garen et al., 1999). A ‘good’ model
should strike a balance between complexity(which
can be grossly estimated by the number of model
parameters) and accuracy(goodness of fit between
simulated and measured) (Beck et al., 1997).
Although the use of experimental data for a direct
parameterisation of a pesticide leaching model is
recommended, these data are not always available
and most input parameters will require manipula-
tion of the data by the modeller. For instance,
units of the model input may be different from
that of the field or laboratory measurement or the
model might need surrogate parameters, which
reduce primary data to a few summary variables.
Examples include the use of DT50 values(surro-
gate for the degradation data), sorption distribution
coefficients (surrogate for the sorption isotherm
data) and parameters of the van Genuchten or
Brooks and Corey equations(surrogate for the
water release and hydraulic conductivity curves).
The difficulty in using experimental data directly
in the modelling holds particularly for the more
complex models that may include conceptual the-
ories for which parameters are difficult to derive.
In these instances, the modeller might decide to
(i) leave the parameters at their default values,
(ii) make an educated guess using expert judge-
ment, (iii ) extract values from existing databases
or (iv) derive the values from empirical functions
presented in the literature. Each procedure may
introduce uncertainty into the modelling, depend-
ing on the sensitivity of the model.

3.1. Derivation of parameters from primary data

As seen before, uncertainty in degradation can
originate from spatial and temporal variability of
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Table 1
Variability in DT50 and DT90 values introduced by the fitting of different equations to four degradation datasets(different com-
pounds). Only those fittings withr )0.7 were considered. Adapted from Leake et al.(1995)2

Number of fittings Range(days) Coefficient of variation(%)

DT50 values
Dataset 1 8 16–38 35.1
Dataset 2 7 95–110 5.4
Dataset 3 9 95–180 24.0
Dataset 4 9 64–180 41.3

DT90 values
Dataset 1 8 32–120 42.3
Dataset 2 6 336–380 4.2
Dataset 3 9 317–411 8.1
Dataset 4 9 241–698 33.9

degradation in the field, from storage and prepa-
ration of soil samples and from slight differences
in experimental conditions in the laboratory. Addi-
tional uncertainties in the modelling originate from
the derivation of values for input parameters. A
typical example is the variability in DT50 values
arising from their derivation from laboratory data.
Leake et al.(1995) calculated laboratory DT50
values for four pesticides by applying six decay
equations using six curve-fitting programs. Calcu-
lated DT50 values were found to be strongly
affected by the equation and package used(Table
1). Other sources of uncertainty in the derivation
of DT50 values include:(i) the application of
first-order kinetics to data which do not follow
this decay pattern;(ii) the use of linear transfor-
mation of the data as opposed to a direct non-
linear estimation(Beulke and Brown, 2001); and
(iii ) modeller subjectivity(Boesten, 2000). Aver-
aging procedures can also introduce significant
uncertainty. Leaching concentrations predicted
using the average of four sorption values were 2–
30 times smaller than the average of four separate
simulations with the individual sorption values
(Beulke et al., 2001). Degradation data are gen-
erally log–normally distributed(Wolt et al., 2001),
so the median of a population of data points may
be very different from its mean. Aspects of inter-
action between model non-linearity and error are
discussed in Addiscott and Tuck(2001) using
examples based on a solute leaching model. The
difference between ‘evaluate first’ and ‘interpolate
first’ also raises concern with regard to the uncer-

tainty in large-scale spatial simulations, particular-
ly where there is an implicit assumption that using
spatially averaged parameters is equivalent to
applying spatial averaging to the model output
(Heuvelink and Pebesma, 1999; Addiscott and
Tuck, 2001). Discrepancies can also be introduced
in the modelling if different statistics summarising
sorption and degradation are used.

3.2. Procedures to derive input parameters using
limited information

3.2.1. Use of pedotransfer functions
Soil hydrological properties are subject to a

large spatial variability and are strongly dependent
on the measurement technique(Vereecken, 1992).
In order to help with the model parameterisation,
empirical equations, known as pedotransfer func-
tions (PTFs; Bouma, 1989), have been established
which express relationships between basic soil
properties and parameters which are difficult to
measure. Typical examples are the derivation of
retention data or parameters of retention curve
equations(Tietje and Hennings, 1993) and the
derivation of saturated hydraulic conductivities
(Pachepsky et al., 1999). PTFs suffer from a
number of shortcomings, which introduce addition-
al uncertainty in the model parameterisation. First,
the uncertainty in the databases used to derive
relationships is likely to transfer to the derivation
of values using these relationships. Secondly, PTFs
usually have a domain of validity, which is often
unknown to the end-user and thus ignored. In
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addition, the differences between values estimated
with different PTFs results in variability in esti-
mated parameters(Tietje and Tapkenhinrichs,
1993). Tiktak et al. (1999) performed an uncer-
tainty analysis of a model describing the deposition
of cadmium in the Netherlands and found that the
largest source of uncertainty in coarse-textured
soils was introduced by an empirical relationship
to estimate cadmium sorption in the soils. The use
of PTFs for estimating soil hydraulic conductivity
was identified as a key problem for obtaining
reliable LEACHM predictions (Inskeep et al.,
1996). Satisfaction with the accuracy of PTFs is
dependent on the intended use of the relationships
(Pachepsky et al., 1999). For instance, PTFs were
used to derive hydraulic properties for the MAC-
RO model and were considered sufficiently accu-
rate for registration purposes(Jarvis et al., 2000).
An alternative to estimating the hydrological par-
ameters using PTFs is to use soil databases, which
provide measured values for water retention and
hydraulic conductivity curves for specific classes
of soil (e.g. Wosten et al., 1994; Hollis et al.,¨
1993). Again, the use of such generic data are
likely to introduce some uncertainty in the mod-
elling, although the procedure is useful for per-
forming regional assessments and for para-
meterisation of a model under conditions of limited
data.

3.2.2. Use of spatially referenced data
Applications in pesticide fate modelling may

draw on GIS(geographical information systems)
technology and spatial data for(i) deriving local
environmental properties for a given site through
the use of spatial databases(e.g. Hallet et al.,
1995) or (ii) performing spatially distributed pes-
ticide exposure assessments at different scales(see
Cryer et al.(2001), Shukla et al.(2000), Verro et
al. (2002) and Bach et al.(2001) for recent
applications at the scales of catchment, county,
region and country, respectively). Although the
end products of GIS applications(typically large,
attractive multicoloured maps or tables) give an
impression of reliability and accuracy on which
clear cut decisions can be robustly based(Mowrer,
2000), they may be subject to significant uncer-
tainties. Hardly any GIS in use can present the

user with information about the confidence limits
that should be associated with the end product
(Heuvelink, 1998), while the uncertainty in GIS
applications is recognised from a research point of
view (Goodchild and Gopal, 1989; Heuvelink,
1998; Zhang and Goodchild, 2002).
Data stored in GIS may be acquired through

digitisation or scanning of the existing maps or by
interpolation from point observations. The acqui-
sition of data from existing maps through digitis-
ation means that the variabilityyuncertainty in the
maps is propagated to the digitised version. The
digitisation process itself will introduce additional
uncertainty in the data(Burrough and McDonnell,
1998). Although maps usually display data with a
number of homogeneous zones separated with
crisp boundaries, these boundaries, such as the
limit between two soil series, are often gradual
and mapping units are rarely truly homogeneous
in the real world (Heuvelink, 1998). This may
lead to misclassification of location in map units
or positional errors of class boundaries(Tarantola
et al., 2002). In addition, the representation of
spatial attributes in the form of uniform grid cells
(the problem of ‘mixed pixels’; Burrough and
McDonnell, 1998) will carry some uncertainty.
Each grid cell typically contains a single value of
an attribute, so the information presented(typically
a mean value) does not reflect the variability in
the attribute displayed unless multi-layered maps
are used. In vector-raster conversion, the mixed
pixel problem leads to the dilemma of whether to
classify a cell according to the class covering the
geographic reference point(e.g. the centre of the
cell) or according to the dominant class occurring
in the cell.
The acquisition of data through interpolation

from point observations involves extrapolations
and generalisation assumptions, and thus there is
a risk of a particular point in space being misclas-
sified. Some of this uncertainty can be accounted
for using geostatistics(Webster and Oliver, 2001).
The point data are themselves uncertain since they
are subject to positional and measurement error.
Data will carry additional uncertainty if their
sampling location is assessed using global posi-
tioning (Mowrer, 2000) or if they have been
acquired through remote sensing techniques(Friedl
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et al., 2001). Although some of the physical,
chemical and biological variables measured in the
field will vary in time over different scales(e.g.
days, season, year, decade), the geographically
referenced data will only represent a single occur-
rence or state in time.
As for a numerical model, uncertainty in the

data stored in the GIS may be propagated to the
spatial outputs produced through manipulation of
the data within the GIS, depending on the sensitiv-
ity of the calculations applied to the data. Addi-
tional uncertainty may be introduced when data
from sources of different quality are combined,
when multiple classification classes are integrated
(Stine and Hunsaker, 2001) or when the data are
transformed from vector to raster(Burrough,
1986). It is important to realise that the outcome
of a GIS exercise at a given scale may be influ-
enced by the spatial resolution of the data(Tar-
antola et al., 2002) and that model predictions
may be affected(Finke et al., 1999). Recommen-
dations are available on the estimation of the risk
of pesticide leaching at the regional scale using
GIS (Loague et al., 1996).

3.3. Other sources of uncertainty in the derivation
of input parameters

Additional uncertainty factors associated with
the derivation of input parameters from primary
data include the treatment of replicates and outliers
in a dataset, the selection of a representative
variable(i.e. arithmetic or geometric mean, medi-
an), the use of inadequate units or the rounding of
values. Millstein(1994) considers that a simulta-
neous and proportional increase in the precision of
all variables will help to control error arising from
loss of significant digits in a computation with one
numerical division. Particular attention has to be
paid to units of parameters since discrepancies in
units between pesticide leaching models are com-
mon. Another source of uncertainty arises from
the lack of detailed information provided in sci-
entific reports, which are used to support the model
parameterisation. Examples include the reporting
of pH values of soil samples without the specifi-
cation of the background electrolyte and the report-
ing of the particle size distribution as sand, silt,

clay without any reference to particle-size limits
(Nemes et al., 1999). Whereas FAO and some
national systems(e.g. USA, France), define the
boundary between sand and silt fractions at 50
mm, others(e.g. UK, Germany) set the division at
60 or 63mm (Wosten et al., 1999).¨

4. Other uncertainties related to the modelling

Modelling the fate of pesticides represents a
challenge to any modeller since the behaviour of
the compound in soil is influenced by a large
number of physical, chemical and biological pro-
cesses, some of them probably unknown. The
multiplicity of factors affecting the fate of pesti-
cides leads to the introduction of uncertainty in
the modelling through model error(also referred
to as structural error or model inadequacy), the
inability of the model to represent reality accurate-
ly even when adequate model inputs are being
used. Other sources of uncertainty inherent in the
use of pesticide leaching models which are often
overlooked are the influence of the choice of a
particular model, subjectivity introduced by the
modeller, linguistic imprecision and the inappro-
priate use of concepts implemented in the models.
These are discussed below. Sources of uncertainty
which were considered to be outside the scope of
the present review include: human error(through
unstable or biased experimental procedures, inter-
pretation, typing error or the simple variation
between people; Stine and Hunsaker, 2001) and
uncertainty resulting from the upscaling of models
to a scale larger than that for which they were
developed(Gaunt et al., 1997).

4.1. Inability of the model to describe experimental
observations

The fact that a model is unable to simulate
experimental observations even when an appropri-
ate set of model inputs is used has been termed as
structural error, conceptual error, uncertainty in the
conceptual model, model inadequacy and model
error (Beck et al., 1997). Although model error
can be due to errors in translation(the process of
converting a scientific concept into a set of equa-
tions or computer code; Addiscott and Tuck,
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Fig. 2. Variability in the selection of DT50 and Kd values for ethoprophos and bentazone by a range of modellers. Selection was
based on the same degradation and sorption datasets for all individuals(adapted from Boesten, 2000).

2001), these ‘errors’ will most often originate from
the non-inclusion or inappropriate representation
of significant processes in the model. The error is
typically revealed through evaluation exercises
where the model is tested against experimental
data. Excellent fit for simulations of field leaching
data have rarely been reported in the literature and
this is not surpirsing given the complexity of the
system to be described.

4.2. Selection of a pesticide fate model

Choosing an appropriate model can be a difficult
and confusing task, especially for the non-expert
(Del Re and Trevisan, 1995; Garen et al., 1999).
PRZM is the primary model used in the United
States to assess the fate of a pesticide in the
unsaturated zone whereas four models(PRZM,
PELMO, PEARL and MACRO) are mainly used
in the European Union. Most of these models have
their own specificities and comparison studies have
demonstrated that large differences between the
models can sometimes be obtained(Vink et al.,
1997). Model selection can be a significant source
of uncertainty in pesticide fate modelling. Pollock
et al.(2002) compared the variation in predictions
from four pesticide leaching models to that
obtained by varying a number of input parameters
in a Monte Carlo exercise. These authors conclud-
ed that the variability in results due to model
selection could be more significant than that due

to input parameter variation, although it should be
noted that only a small variation(CV 10%) was
assigned to the input parameters. In theory, the
selection of a particular model from those recom-
mended for pesticide registration should result
from balance between considerations regarding the
model(i.e. model capabilities, data required, extent
of validation, ease of use and documentation;
Russell et al., 1994), the objectives of the model-
ling exercise(e.g. predictive simulation, simulation
of field data, calibration), and the availability of
data for model parameterisation(Di and Aylmore,
1997), but external factors such as known prefer-
ences of national registration authorities also come
into play (Travis, 2000).

4.3. Modeller subjectivity

Brown et al.(1996) first reported a ring test in
which pesticide leaching in a sandy loam soil was
simulated by five modellers using three pesticide
fate models. Other recent studies with a larger
number of models and datasets have confirmed
the user-dependent variability of model outputs
(e.g. Tiktak, 2000; Boesten and Gottesburen,¨
2000). Boesten(2000) reported a ring test exercise
in which 18 pesticide fate modellers received raw
data from the laboratory degradation studies and
were asked to derive DT50 values(at 10 8C) and
sorption distribution coefficients for ethoprophos
and bentazone, respectively. Calculated DT50 val-
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ues ranged from 92 to 346 days(mean 191 days,
CV 29%) and from 33 to 204 days(mean 83
days, CV 46%) for the two compounds(Fig. 2).
Variation in sorption distribution coefficients was
smaller with CVs of 21 and 13% for the two
pesticides. Variability in the derivation of environ-
mental properties was attributed, in decreasing
importance, to the expert judgement introduced in
establishing the relationship between transforma-
tion rate and soil temperature, the inclusionyexclu-
sion of data for incubation times larger than 100–
200 days and the use of different fitting
procedures. Uncertainty in degradation and sorp-
tion properties is almost always propagated
through the modelling(Dubus et al., 2003). Boes-
ten (2000) suggested that the subjective influence
of the model user was much greater than the
variability introduced by the use of different mod-
els. The uncertainty introduced by the modeller
subjectivity could be reduced through detailed
guidance on model parameterisation(Brown et al.,
1996) and discussion of procedures for deriving
input parameters(Boesten, 2000).

4.4. Inadequate use of concepts implemented in
models

Perhaps one of the largest sources of error in
modelling is the use of concepts, which do not
apply to a particular modelling situation. Examples
of pitfalls are the inadequate use of the Koc(or
Kom) approach and the parameterisation of pesti-
cide decay. Sorption is often characterised by the
Koc and the sorption distribution coefficient nor-
malised to organic carbon is defined as:

Kd
Kocs =100 (1)

OC

where Kd is the linear sorption distribution coef-
ficient determined in the batch equilibrium exper-
iments, usually expressed in lykg, and OC is the
organic carbon content, expressed in percent.
The Koc was introduced to reflect the linear

relationship between Kd and OC, which was estab-
lished for non-ionic compounds(Hamaker and
Thompson, 1972) because this variable has the
virtue of being broadly independent of any partic-

ular soil (Hamaker, 1975). Nevertheless, the Koc
concept tends to be used by modellers for all
molecules regardless of their ionisation status. The
Koc approach is usually invalid for ionisable
compounds(Wauchope et al., 2002) since there is
often no clear influence of organic matter on
sorption (Shimizu et al., 1992; Ukrainczyk and
Ajwa, 1996). Another pitfall relates to the para-
meterisation of degradation. Most pesticide leach-
ing models use first-order kinetics to describe the
degradation of pesticides in soil. If a first-order
model is selected in the model, then it is a
necessity that DT50 values(or degradation rates)
derived by first-order kinetics are used, even if
other equations fit the data better(Beulke and
Brown, 2001). Inputing DT50 values in a model
that was derived with another equation is a com-
mon mistake since the modeller can be provided
with DT50 values without further information on
the way these were derived. The inadequate appli-
cation of model concepts is likely to contribute
significantly to the overall uncertainty of the mod-
elling and should obviously be avoided. Adequate
documentation, on-screen help, version control and
the provision of training are all possible ways to
address this.

4.5. Linguistic imprecision

Linguistic imprecision was identified as a source
of uncertainty by Morgan and Henrion(1990), as
we often refer to events or quantities with impre-
cise language. Equally, we may describe two dif-
ferent concepts using the same term. Sorption data
originating from batch equilibrium studies are
often described using the non-linear Freundlich
equation:

1ynXsKf C (2)

whereX is the amount adsorbed,C is the concen-
tration of pesticide in solution, and Kf and 1yn
are coefficients(referred to as the Freundlich
distribution coefficient and exponent, respect-
ively).
It is common practice to normalise the Kf

coefficient to organic matter and to report this new
variable as Koc. As pointed out earlier, the initial
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definition of the Koc refers to the linear distribu-
tion coefficient(Eq. (1)). Therefore, there is pos-
sible confusion on the term Koc, which could
represent either the linear or Freundlich distribu-
tion coefficient normalised to organic carbon. Dif-
ferences in the values for the two different Koc
will be maximum for the compounds that exhibit
strong non-linear sorption.
The term ‘field capacity’ refers to a specific

point on the water retention curve to which a
wetted, freely-draining profile is considered to
drain within a defined period. Uncertainty in the
modelling might arise because the reference ten-
sion varies between countries:y5 kPa in the UK,
y10 kPa in the Netherlands,y33 kPa in the US,
for instance. Similarly, different leaching models
implement different definitions(y5 kPa in MAC-
RO, y33 kPa in PRZM,y10 kPa in PESTLA)
and the model user can introduce significant uncer-
tainty if heyshe does not select the appropriate
tension.

4.6. Model calibration

Model calibration is a cornerstone in pesticide
fate modelling(Dubus et al., 2002). It is some-
times considered that calibration can help to reduce
the uncertainty in the modelling through the deri-
vation of input parameters that improves the sim-
ulation of experimental data, but this might not
always be the case(Beck, 1987). The calibration
might be ill-posed(Carrera and Neuman, 1986)
and uncertainty will originate from the fact that
multiple combinations of input parameters will
provide a similar fit to the experimental data
(equifinality; Beven and Binley, 1992). Predictive
uncertainty arising from the lack of a unique
solution to the calibration problem can be account-
ed for using dedicated procedures such as the
Generalized Likelihood Uncertainty Estimation
(Beven, 2001), the Pareto Optimal Set procedure
(Yapo et al., 1998) or the non-linear predictive
analyser of the PEST inverse modelling package
(Doherty, 2002). Although these approaches will
provide a confidence interval for each optimised
parameter and for subsequent extrapolations on the
basis of these parameters, the uncertainty estimates
provided will be dependent on subjective choices

made, such as the selection of an objective function
or the limit from which you consider that the
model is not calibrated anymore(Beven, 2001).
‘Parameter lumping’ may also prevent a decrease
in uncertainty following calibration(Dubus et al.,
2002). This occurs when there is enough flexibility
in the modelling system to allow for changes in
specific parameters to compensate for inaccuracies,
uncertainties and limitations associated with exper-
imental data, modelling and calibration procedures.
Lumped parameters can only be obtained by cali-
bration and will have lost their physical, chemical
or biological definition (Jansen, 1998). In cases
where lumping occurs, calibration will result in an
increase in parameter uncertainty, although this
may not be transparent to the modeller.

5. Discussion and implications

5.1. Contribution of individual sources of uncer-
tainty to the overall uncertainty in pesticide fate
modelling

The listing of sources of uncertainty clearly
shows that pesticide fate modelling is laced with
uncertainty. A priority should therefore be to esti-
mate the magnitude of the uncertainties listed
above and whether they transfer into uncertainty
in the estimation of exposure. This task is made
difficult because only a few uncertainties are easily
quantified, many or most are quantified with dif-
ficulty and several may not be quantifiable at all
(Oreskes, 1998). In addition, parameter uncertainty
may be transferred differently through the model-
ling, from suppression to large exaggeration
(Addiscott and Tuck, 2001) depending on the
sensitivity of the model. For these reasons, very
few attempts to differentiate between the contri-
butions of the different sources of uncertainty to
the overall uncertainty in exposure modelling have
been reported(Zhang et al., 1993; Nofziger et al.,
1994; Loague et al., 1996). Zhang et al.(1993)
investigated the influence of the uncertainty in
model input parameters and year-to-year rainfall
variability on predictions of the pesticide leaching
model Chemical Movement in Layered Soils using
first-order second moment analysis and Monte
Carlo simulation. Both sources of uncertainty were
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found to have comparable effects on the magnitude
of the uncertainty in model predictions and the
combined variabilities appeared to magnify the
overall uncertainty. Nofziger et al.(1994) consid-
ered the influence of the uncertainty in weather,
soil and pesticide properties on predictions for
bentazone leaching. Uncertainty contributions were
found to vary between the two years simulated
and the overall uncertainty in predictions when
combining the three classes of uncertainty was 28
orders of magnitude. Loague(1994) investigated
the influence of reductions in data uncertainties on
the overall uncertainty levels predicted in a number
of uncertainty analyses. A useful step in gaining
an understanding of the uncertainty in pesticide
fate modelling resulting from the uncertainty in
model input parameters is to assess the extent of
the latter. Such an approach was recently undertak-
en by an IUPAC working group, which derived
information on the uncertainty in sorption in the
form of ‘rules of thumb’(Wauchope et al., 2002).
The authors considered that(i) the batch experi-
ment probably varies from the true average Kd in
the field of the same soil by a factor of two;(ii)
the variability in Kd in the field is to be attributed
to variation of the organic matter content in the
field and of the organic matter itself and typically
has a CV of approximately 50%;(iii ) a Kd
determined for different soils will vary by approx-
imately one order of magnitude;(iv) a CV of 30–
60% is common in multi-soil studies and reflects
the variability in the sorption capacity of the
organic matter and in the measurement of the
organic carbon content; and(v) Koc values report-
ed for different studies with multiple soils are
expected to vary by an order of magnitude. The
application of a similar approach for other key
model input parameters would be useful. A number
of sensitivity analyses have demonstrated that pre-
dictions of pesticide fate models for leaching will
mainly be influenced by sorption and degradation
parameters(Boesten, 1991; Soutter and Musy,
1998; Dubus et al., 2003), although a number of
models have also shown large sensitivities to
hydrological parameters(Dubus and Brown, 2002;
Wolt et al., 2002).
Model error is one of the most basic forms of

error in modelling, but is notoriously difficult to

estimate. In chemistry, the analytical bias can be
estimated independently by the use of certified
reference materials(Ramsey, 1998) or by compar-
ing a given method to others(Heber et al., 1998).
An attempt to transpose this general evaluation
approach to environmental fate modelling has
occasionally been made through the comparison
of results of simple models against those obtained
with codes that are more complex to assess the
model error. For instance, Loague et al.(1996)
compared the results of the simple ‘Attenuation
factor’ index method with the more conceptually
rigorous PRZM model. However, the procedure is
limited since relative agreement with a complex
model does not guarantee agreement with behav-
iour in the field. For these reasons, model error is
traditionally assessed by comparing model predic-
tions against experimental data(model evalua-
tion). The inherent capability of models to describe
field data can be assessed by simulating the exper-
imental data using information on the study site
but without knowledge of the pesticide concentra-
tions found at the site(‘predictive’ or ‘blind’
simulation). It is increasingly recognised that pes-
ticide leaching models cannot accurately simulate
field data in predictive mode, partly because of
variability and uncertainty aspects(Vanclooster et
al., 2000). The most popular technique for evalu-
ating model error has therefore been to calibrate
the model against the data to be simulated although
issues are being introduced through the use of
calibration(Dubus et al., 2002). Whether calibra-
tion is used or not, the testing of the model is
likely to be as much an evaluation of the capabil-
ities of the modeller as of those of the model.
User-subjectivity has been shown to contribute to
the modelling uncertainty to such an extent that it
may prevent the evaluation of model concepts
(Tiktak, 2000).

5.2. The uncertainty iceberg

Techniques used to propagate uncertainty in
pesticide fate modelling include differential anal-
ysis (Loague, 1991; Loague et al., 1996; Li et al.,
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Fig. 3. The uncertainty iceberg. Although uncertainty in pes-
ticide fate modelling has beenignored in the past(a), there has
been a number of attempts to quantify uncertainty over the last
10 years(b). The challenge is now to ascertain whether the
uncertainty, which is accounted for represents a large(c) or
small (d) proportion of the overall uncertainty in pesticide fate
modelling.

1998; Freissinet et al., 1999; Diaz-Diaz et al.,
1999), Fourier amplitude sensitivity test(Fontaine
et al., 1992), Monte Carlo analysis(Carsel et al.,
1988; Zhang et al., 1993; Nofziger et al., 1994;
Soutter and Pannatier, 1996; Soutter and Musy,
1998, 1999; Zacharias et al., 1999; Ma et al.,
2000; Trevisan et al., 2001; Dubus and Brown,
2002; Carbone et al., 2002; Pollock et al., 2002)
and fuzzy logic (Freissinet et al., 1998, 1999).
These uncertainty analyses have investigated the
effects of input uncertainty on model predictions
and generally assume implicitly that(i) the major
sources of uncertainty are those associated with
model input parameters;(ii) the model is structur-
ally correct;(iii ) modeller subjectivity is minimal;
and (iv) an adequate parameterisation of a model
is possible. Jansen(1998) noted that in the best
case, these uncertainty analyses could only provide
an optimistic estimate of prediction error, since
model errors cannot be fully captured by such
analyses and because of restrictions in the sources
of uncertainty considered. The contribution of
sources of uncertainty other than those in model
input parameters is largely unknown and further
research is clearly required in this area. It can be
strongly suspected that random variability is sim-
ply swamped by other kinds of uncertainties(Bai-
lar, 1988, reported by Costanza et al., 1992). As
noted earlier, model error is notoriously difficult
to estimate and cannot be easily implemented in
traditional uncertainty assessment techniques.
Modeller subjectivity can be assessed by asking
different individuals to simulate the same model-
ling situation(Brown et al., 1996; Boesten, 2000).
Somewhat perversely, the selection and imple-

mentation of techniques designed to account for
uncertainties are themselves subject to significant
uncertainty. For instance, overall results from Mon-
te Carlo based probabilistic assessments will be
influenced by the selection of input parameters to
be included in the analysis(Nofziger et al., 1994),
the type(Mosleh, 1986; Brattin et al., 1996) and
parameterisation(Brattin et al., 1996) of probabil-
ity distribution functions attributed to input para-
meters, the absence or presence of correlation
between variables(Iman and Conover, 1982), the
extent of the correlations considered(Smith et al.,
1992), the sampling scheme used(Saltelli et al.,

2000) and the seed number used in the sampling
(Dubus and Janssen, 2003).
It is generally considered important to differen-

tiate in quantitative risk analyses between stochas-
tic variability (‘Type A’ uncertainty) and
uncertainty due to the lack of knowledge(incerti-
tude or ‘Type B’ uncertainty) (IAEA, 1989; Hoff-
man and Hammonds, 1994; US EPA, 1996). This
is because variability is an inherent and irreducible
property of the scenario being evaluated, while
incertitude is not an inherent property and can(at
least in theory) be reduced by collecting additional
data or information or performing additional anal-
ysis (Brattin et al., 1996). The approach typically
results in a two-dimensional(also known as ‘nest-
ed’ or ‘double loop’) Monte Carlo analysis, being
carried out where the contribution of each of these
broad classes is assessed. Typical applications of
two-dimensional Monte Carlo analyses reported in
the literature have only focused on a limited
number of sources of uncertainty and may have
ignored significant others(Kelly and Campbell,
2000). Results might therefore underestimate
uncertainty and convey a false sense of accuracy.
A simple but useful representation of the chal-

lenges facing the pesticide fate modelling com-
munity and those who base part of their
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decision-making on the results of pesticide leach-
ing models is presented in Fig. 3. In the past
(iceberg(a)), the uncertainty associated with pes-
ticide fate modelling was largely ignored by
modellers and decision-makers, and the uncertainty
iceberg was largely concealed. The last 10 years
have seen an increasing recognition of variability
in the natural environment and procedures to
account for uncertainties in model input, such as
Monte Carlo analysis, have been recommended
and applied(iceberg(b)). A listing of the sources
of uncertainty in pesticide fate modelling reveals
that many are not accounted for by traditional
approaches to uncertainty analysis and that the
underwater section of the uncertainty iceberg may
be much larger than anticipated(icebergs(c) and
(d)). More research is urgently required to estimate
the ratio emergedysubmerged matter currently
implemented in probabilistic modelling exercises.
As noted by Cornell(1972); reported by Melching
(1995), it is important that we avoid the tendency
to model only those probabilistic aspects that we
think we know how to analyse.

6. Conclusions

Research on uncertainty is concerned with the
identification of uncertainty, its description and
with predicting its effects on the outputs of the
analysis. The present article has demonstrated that
the errors and uncertainties accumulate in pesticide
fate modelling in various forms and disguises.
Further research is clearly required to(i) assess
the magnitude of the different sources of uncer-
tainties affecting pesticide fate modelling; and(ii)
integrate into probabilistic modelling exercises
those significant sources of uncertainty that are
not currently considered(e.g. model error, modell-
er subjectivity). There is no doubt that assessing
the uncertainty in inputs of soil and water models
and model error is a difficult task. Working
towards a better quantification of uncertainties and
their reduction should be a common effort across
the whole community of people who have a direct
or indirect input into the study of the fate of
pesticides, from individuals involved in designing
soil sampling strategies in the field right through
to the modellers and eventually to decision-makers.

Deterministic models implicitly assume that data
on which the parameterisation is based are error-
free and parameters and model structures are con-
sidered as completely known(Tarantola et al.,
2002). Although there have been some attempts at
putting variability at the heart of the modelling
itself (Jury and Gruber, 1989; Gustafson and Hol-
den, 1990; van der Zee and Boesten, 1991; Wu et
al., 1997), deterministic models are likely to
remain the main tools for simulating the fate of
pesticides for the foreseeable future. Accounting
for uncertainty in pesticide fate modelling is still
in its infancy, but progress in this domain is crucial
if robust estimates of uncertainty in model predic-
tions are to be obtained. Uncertainty will limit the
use of a model for making regulatory decisions
unless the uncertainty is figured into the decision
making process(Jury et al., 1987; Greig-Smith,
1992; Costanza et al., 1992). Disclosure of the
sources and magnitude of the uncertainty is needed
for the decision maker to understand how confident
he or she can be about the decisions that are being
made.
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