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4.1 Sensitivity Analysis of a Model of 
Pesticide Leaching and Accumulation 

Abstract 

Introduction 

The sensitivity of pesticide leaching and accumulation to variations in 
pesticide properties, soil temperatures, soil water fluxes, and transport 
parameters was investigated with the general solute transport model, 
SOTRAS. Pesticide interactions include non-linear Freundlich equi
librium sorption, temperature and pressure head dependent first-order 
transformation kinetics, and plant uptake. For a number of pesticides 
with different mobility and half-lives, Monte Carlo simulations were 
carried out with Latin Hypercube Samples in a preset range of the in
put parameter domain. The sensitivity of model inputs to model out
puts was quantified by statistics of linear regression. The time evolu
tion of model sensitivity and the contribution of various model inputs 
to the total sensitivity were quantified as well. The standardized 
analysis gives rapid quantitative information about model behavior. 
The results from the analysis are used to determine which parameters 
should be measured in greater detail and which need further calibra
tion. Results are also used to set up sampling strategies. 

In general, the accumulation of pesticides in the plough layer was 
very sensitive to model inputs influencing the transformation rate of 
the pesticide (soil temperature and half-life) and almost insensitive to 
sorption characteristics and soil water fluxes. Only in the case of very 
persistent and mobile pesticides, accumulation was most sensitive to 
soil water fluxes. The concentration of pesticide in ground water was 
most sensitive to the Freundlich concentration exponent, and, to a 
lesser extent, to the Freundlich coefficient, except for some pesticides 
which are hardly sorbed. The leaching of these pesticides was most 
sensitive to half-life and soil temperature. The linear regression model 
could not be used for pesticides with high sorption coefficients, even if 
variation of the input was kept as low as 1%, but good results were 
obtained after logarithmic data transformation. 

The most important environmental aspects of pesticide use are 
leaching into groundwater and accumulation in the upper soil 
layer. Assessment of the leaching and accumulation potential of 
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a pesticide are now an important part of the pesticide admis
sion procedure. In the Netherlands, these properties are as
sessed with the Pesticide Leaching and Accumulation (PESTLA) 
model (Boesten and Van der Linden, 1991). The most important 
pesticide interactions included are transport, sorption, trans
formation kinetics and plant uptake. Simulations are carried 
out for a sandy soil cropped with maize, under Dutch weather 
conditions for the year 1980 and a fixed groundwater table at 1 
m depth. The PESTLA model is primarily meant for classifying 
pesticides with respect to leaching and accumulation potential. 

To assess the accuracy of the predictions for actual situa
tions, the model results can be compared with field studies. 
However, as the number of model inputs is high and sampling 
is laborious (Boesten and Van der Linden, 1991), it is necessary 
to know which of these model inputs needs to be quantified at 
a high level of accuracy. This insight may be gained by carrying 
out sensitivity and uncertainty analyses on the basis of a Monte 
Carlo oriented approach. Sensitivity analysis is the study of the 
influence of variations in model parameters, boundary condi
tions and initial conditions on selected model outputs. Here, 
variations in model inputs are described by normal distribu
tions with a coefficient of variation of 1% and sampling is car
ried out from these distributions. Uncertainty analysis deals with 
the influence of real distributions of all these model inputs. A 
sensitivity analysis gives insight into the behavior of the model 
itself and can be carried out with a priori knowledge about real 
distributions; an uncertainty analysis provides insight into the 
combined effect of real distributions and model behavior. This 
paper deals with sensitivity analysis. As the results are depend
ent on the choice of the nominal values of model inputs (local 
sensitivity analysis), the analysis was repeated for various 
nominal values (global sensitivity analysis). In this way, model 
sensitivity was analyzed for a broader range of model inputs. 

This paper presents the results of a sensitivity analysis of a 
mathematical model for pesticide leaching and accumulation. 
First the model and the sensitivity analysis procedure will be 
described. Second, the model inputs and outputs and the sensi
tivity to various model inputs are discussed using objective, re
producible quantities. Finally, the importance of the major pes
ticide transport and transformation processes will be discussed. 
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SENSITIVITY ANALYSIS OF A MODEL OF PESTICIDE LEACHING 

This paper will show that both the modeling and the sensitivity 
analysis are standardized. 

Materials and Methods 

Description of the model 

A framework for standardizing transport modeling 
The general SOTRAS (Solute Transport Assessment) model is 
used to describe transient flow, hydrodynamic dispersion, irre
versible interactions or transformations, plant uptake and equi
librium reactions for one or more components in an unsatu
rated column. The model consists of a number of modules, each 
module describing an individual process. For some processes, 
there are different modules available. Initialization and input of 
required (process specific) parameters are carried out within 
these modules. In this way SOTRAS offers a framework for stan
dardizing the simulations and guarantees modules being used 
as often as possible, thus avoiding redundant programming. 
Standard modules are available for the calculation of soil water 
fluxes (Tiktak and Bouten, 1992; Van Grinsven and Makaske, 
1993), soil heat fluxes and temperatures (Van Grinsven and 
Makaske, 1993), as well as convective and dispersive fluxes, 
sorption, integration, and input/output. Interactions or trans
formations, either through equilibrium reactions or (irreversi
ble) kinetic reactions, are often solute dependent and must be 
defined by whoever constructs a new transport program. Al
though general algorithms exist for the calculation of chemical 
equilibria, they are not used within SOTRAS. Instead, a proce
dure has been developed for standardizing the derivation of 
'dedicated' chemical equilibria routines. These routines are 
faster when the number of components is limited, thus making 
SOTRAS also suitable for multiple simulations such as Monte 
Carlo analyses, or regional applications. 

At present, SOTRAS applications are available for pesticides, 
and heavy-metals. This paper, will deal with the pesticide case. 

Transport equations 
The model provides a solution to the Richards equation for 
water transport and the convection-dispersion equation for sol
ute transport: 
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dt dz 
*(A)(f^ + D Sw(h) 

and 

dpX 39c 

3? 3f 

3 

3z 3z dz 

(1) 

•Ä, (2) 

where C (m1) is differential water capacity, t (d) is time, z (m) is 
vertical position, h (m) is soil water pressure head, K (m d') is 
unsaturated hydraulic conductivity, S„ (d1) is sink term ac
counting for root water uptake, p (kg rn3) is dry bulk density of 
the soil, X (kg kg"1) is solid phase mass content, c (kg m"3) is 
mass concentration in the liquid phase, D (m2 d"1) is hydrody-
namic dispersion coefficient, v (m d"1) is rate of flow of the pore 
water, Ss (kg m 3 d"1) is rate of plant uptake of solute, and Rs (kg 
m3 d"1) is rate of irreversible transformation of solute. The hy-
drodynamic dispersion coefficient is assumed to be equal to the 
sum of the molecular diffusion coefficient (DJ and the hydro-
dynamic dispersion coefficient (DJ: 

D = Dm+Dd=XD0+a\v\ (3) 

where À (-) is tortuosity factor, Do (rh
2 d"1) is molecular diffusion 

coefficient in water and a (m) is the dispersivity. 

Case-dependent process formulations 
For pesticide transport the most important processes are trans
port, sorption, transformation and plant uptake. Process for
mulations are derived from Boesten and Van der Linden (1991). 

Sorption is described by the Freundlich equation: 

X = KFcn (4) 

where KF (m3 kg'1) is the sorption coefficient and n (-) is the 
Freundlich exponent. Kr is estimated from fmKom, where fm 

(kg kg"1) is the mass fraction of organic matter and Kom (m3 kg1) 
is the coefficient for partitioning between organic matter and 
soil water. 

Transformation of a pesticide in soil, Rs, is described with a 
first-order rate equation: 

R, = kc* (5) 
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in which k (d1) is the rate coefficient for transformation, and c* 
(kg m"3) the total content of pesticide in the soil system. The rate 
coefficient is calculated from the rate coefficient for reference 
conditions (fcre/): 

k=fTMzKej (6) 

where /T,/e and fz (-) are factors accounting for the influence of 
temperature, water content and depth in soil. The reference 
conditions are defined as those in fresh soil, sampled from the 
plough layer, kept at 20 °C and at a soil water pressure head of -
100 cm. The half-life time under reference conditions is calcu
lated from: 

DT50 =ln(2) /kreJ
 ( 7 ) 

The reduction factors are described by: 

/r=exp(Y(r-rre/)) (8) 

and 

/e=te /e r e / )
B (9) 

where y (-) is an empirical parameter, T (°C) is the prevailing 
soil temperature, Trtf (°C) is the reference temperature (20 °C), Qrlf 

(m m3) is volumetric water content at reference conditions (i.e. 
water content at h = -100 cm), and B (-) is an empirical parame
ter. The depth-in-soil function, accounting for depth distribu
tion of microbial activity, is described by a numerical function. 

The rate of uptake of a pesticide by plant roots from soil, Ss, 
is described by: 

Ss=FSwc (10) 

where F (-) is the transpiration stream concentration factor. 

Sensitivity analysis 
In this paper sensitivity analysis is defined as the study of the 
influence of variations in model inputs initial conditions, etc. on 
model outputs. The results of the sensitivity analysis are used 
to gain insight into the behavior of the model, to evaluate the 
required accuracy of the model inputs and to assess the rele
vance of major processes when using pesticide models. 
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CHAPTER 4.1 

The sensitivity analysis is carried out with the UNCSAM soft
ware package (Janssen et al., 1994). This package provides a 
standardized method for performing model analyses on a large 
variety of mathematical models on the basis of a Monte Carlo 
oriented approach. Monte Carlo based methods for sensitivity 
analysis rely on the fact that variations in model inputs can be 
described by specifying probability distributions, which reflect 
the variation of a model input around a 'nominal' value. Sam
pling is performed from these distributions, resulting in a set of 
values for the various model inputs. A disadvantage of the 
Monte Carlo approach is the large number of samples required. 
In order to reduce this, the efficient Latin Hypercube Sampling 
(LHS) technique is used. When using LHS, the parameter space is 
sampled in a representative way with only a few samples (N > 
5p, where p is the number of model inputs to be sampled and N 
is the number of samples). The sampled model inputs are used 
to simulate model outputs. The further analysis consists of 
computing basic statistical information (means, percentiles and 
variances) and performing regression analysis to obtain insight 
into the contribution of the various model inputs to sensitivity. 
The coefficients of this regression analysis are used as sensitiv
ity measurements. Suppose that least-squares linear regression 
of the model output y(k) in the fc-th run (k = 1 ,., N) on the asso
ciated sampled model inputs x,(k) ,.., xp(k) results in the regres
sion equation: 

y(fc) = ß0 + Xßi^Cc) + e(/c) (fc = l ,JV) (11) 

where ßo ,...,ßp denote the ordinary regression coefficients (ORC), 
and ê(k) denotes the regression residual, ß, can be considered 
absolute sensitivity measurements for the absolute change of 
Ay of y, if x. changes with amount Ax,, while the other model in
puts remain constant. The coefficient of determination, COD, 
expressing the validity of the linear regression model, y (k), 
to approximate the original model output, y{k), is equal to: 

COD=^L ( 1 2 ) 

where S2 denotes the sample variance of the associated quan
tity. COD has a value between 0 and 1; COD values close to 1 in-
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Table 1 
Nominal value of half-
life (D7"J and Freund
lich coefficient (Kor) of 
the investigated pesti
cides. 

SENSITIVITY ANALYSIS OF A MODEL OF PESTICIDE LEACHING 

dicate a good approximation. In this paper the regression coef
ficients are standardized by dividing the absolute change by the 
average values, and considering the change Ayi I y, of Ay due to 
a relative change Ax, / xi of xr The associated regression coeffi
cients are called the normalized regression coefficients (NRC), 
and, in fact, measure the relative changes with respect to the 
average values (i.e. relative sensitivity measurement). The NRC 
can be positive or negative. Notice that the regression coeffi
cients are valid only if the linear regression model applies (i.e. 
COD approaches 1), and if no correlations exist between the 
model inputs. 

Pesticide K 
(L kg"1) 

DT50 

(d) 

hypothetical; case 1 
hypothetical; case 2 
hypothetical; case 3 
metalochlore 
pirimifos-methyl 
thiram 
atrazine 
metamitron 
cyanazine 
chlorothalonile 
hydroxy-chlorothalonile 
bentazone 

200 200 
1 10 
1 200 

103 101 
200 12 
4 18 
70 50 
43 28 
55 16 

5031 10 
15 387 
0.4 48 

As solute transport models often show a strong non-linear 
behavior, the linear model only applies when the model inputs 
are given small variations around their nominal values. There
fore the model inputs are sampled from normal distributions 
with a mean u equal to the nominal value of the model input 
and standard deviation a = O.Olu. The sensitivity analysis thus 
performed is a local sensitivity analysis and must be repeated 
several times with different nominal values. Model inputs vari
able with time and/or depth are varied by multiplying them by 
a unique factor for all times and/or depths. These factors have 
a nominal value of 1. This implies that the variations of these 
model inputs are fully correlated in time and depth. 
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Strategy for pesticides 
The sensitivity analysis was carried out for a vulnerable Dutch 
situation, i.e. a sandy soil cropped with maize, with moderate 
organic matter content, and with a fixed, hypothetical ground
water table at a 1 m depth. Meteorological conditions are those 
recorded in De Bilt in 1980, which is a 75% wet year. A pesti
cide dose of 1 kg ha1 was applied once on 25 May. Sensitivity 
analyses were carried out for three hypothetical pesticides, 
characterized by different sorption coefficients and half-lives, 
and for nine existing pesticides (Table 1). 

In the sensitivity analysis several model inputs were taken 
into account. A summary of the inputs is found in Table 2. The 
model inputs were grouped according to the process in which 
they play a role (i.e. transport, sorption, transformation or plant 
uptake). As the nominal values of all other model inputs were 
constant, the sensitivity analyses were local with respect to soil 
parameters and meteorology dependent parameters (such as 
soil water fluxes and temperatures). 

Two model outputs were considered: (1) the fraction of pes
ticide left in the plough layer (frpl), and (2) the maximum con
centration of pesticide from a depth of 1 to a depth of 2 m (cmJ. 
The first model output is considered a measurement of pesti
cide accumulation in the top soil, and the second a measure
ment of pesticide leaching. 

Results and Discussion 

Fraction of pesticide left in the plough layer 
Figure la-c show the percentiles oifr. as a function of time for 
the three hypothetical pesticides. Note that for each of the three 
pesticides considered, the relative variation (coefficient of 
variation) is small (» 1%). The non-mobile pesticide (case 1) is 
still present in the plough layer five years after application. The 
other two pesticides are removed from the plough layer within 
one year of application, either by advection or by transforma
tion. Sensitivity of model outputs to model inputs is time-
dependent. As sensitivity analysis after the pesticide has been 
completely removed from the plough layer is meaningless, the 
point in time at which the analysis is carried out must be cho-
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Table 2 
Summary of nominal 
parameter values and 
weather data used in 
the simulations. The 
nominal values are ac
cording to Boesten 
and Van der Linden 
(1991). The Freundlich 
coefficient (Kom) and 
the half-life (DTS0) are 
variable (cf. table 1). 

Variable 

sen carefully. We decided to evaluate the analysis when about 
half of the pesticide is still present in the plough layer. 

Table 3 shows the results for the three pesticides. The linear 
regression model gives a good fit (COD ~ 1) for all cases. The 
following conclusions can be drawn from the table: 

• In analysis 1, the model inputs to which frpl is most sensitive 
are: ƒ, ~ DT50 ~ T > Y ~ B. All model inputs concern transfor
mation. Despite the high DT^, transformation processes ap
pear to control the pesticide fraction left, due to high sorp
tion, the pesticide remains in the upper soil layer and can be 
transformed. This explains the importance of the depth de
pendence of transformation (fz). 

Mass fraction of 

organic matter (fj 

Dry bulk density of 
the soil (p) 

Dispersivity (a) 
Freundlich exponent (n) 
Molecular diffusion 
coefficient (D0) 
Tortuosity factor for 
diffusion in the 
liquid phase (A) 

Transpiration stream concentration factor (F) 
Parameter in temperature reduction function (y) 
Parameter in water reduction function (B) 
Function describing depth 
dependence of transformation (f) 

Annual rainfall 
Annual potential évapotranspiration 
Annual average soil temperature at 5 cm depth 

Condition Value(s) Unit 

0 .0<z<0 .3 m 0.047 (kg kg') 
0 .3<z<0 .5 m 0.008 (kg kg'1) 

0 .5<z<0 .6 m 0.002 (kg kg1) 
0 .6<z<1 .0 m 0.002 (kg kg') 

z> 1.0m 0.001 (kg kg') 
0 .0<z<0 .3 m 1310 (kg m3) 
0 .3<z<0 .5 m 1540 (kg m"3) 

z > 0.5 m 1640 (kg m3) 
0.05 (m) 
0.9 (-) 
4.103 (m2 d') 

6 £ 0.035 < 0.002 (-) 
e = 0.070 0.010 (-) 
9 = 0.100 0.030 (-) 
6 = 0.150 0.060 (-) 
9 = 0.200 0.100 (-) 
6 = 0.300 0.200 (-) 
6 = 0.400 0.340 (-) 

0.5 (-) 
0.08 (K') 
0.25 (-) 

z< 0.3 m 1.0 (-) 
z=0.5 m 0.9 (-) 
z= 1.0 m 0.0 (-) 

860 (mm) 
480 (mm) 

11 (°C) 
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• In analysis 2, the inputs are ranked as follows: T » DT50 ~fz> 
Y > v. The model inputs ranking highest concern transforma
tion. 

• In analysis 3, the order is: v > T ~ a ~ DT50 ~ fz. Here, both 
transport and transformation parameters are relevant. 

All NRCs are low in the first analysis, implying that here jr. is 
not very sensitive to the model inputs. In the second analysis 
the NRCs are high, implying high sensitivity. For example, in
creasing the soil temperatures by 1% decreases the fraction of 
pesticide in the plough layer by more than 5%. In none of the 
analysis, do plant uptake parameters play an important role. 

Table 3 
Sensitivity of the pesti
cide fraction left in the 
plough layer (frj to 
various model inputs. 
Analysis is carried out 
at the point in time 
when half the dose 
was still present in the 
plough layer. 

Process Analysis 1 Analysis I Analysis 3 Process 

K = 200 Kom=\ /C=1 
DTX= 200 DTS0=W D 7 > 2 0 0 
COD =1.00 COD =0.998 COD =0.999 

NRC rank NRC rank NRC rank 

T Transformation +0.244 1 -5.514 1 -0.257 2 
DT„ Transformation +0.227 2 +4.490 2 +0.212 4 
f, Transformation -0.226 3 -4.439 3 +0.210 5 

Y Transformation +0.040 4 +1.083 4 +0.054 10 
B Transformation +0.011 5 +0.183 7 <0.001 >10 

n Sorption -0.003 6 -0.157 8 -0.064 9 

L Sorption +0.002 7 +0.110 11 +0.199 6 

p Sorption +0.002 8 0.156 9 +0.196 7 
Km Sorption <0.001 >10 +0.136 10 +0.192 8 

V Transport <0.001 >10 -0.916 5 -0.993 1 
a Transport <0.001 >10 +0.402 6 +0.248 3 
D0 Transport <0.001 >10 <0.001 >11 <0.001 >10 

S Uptake -0.001 9 <0.001 >11 <0.001 >10 
F Uptake -0.001 10 <0.001 >11 <0.001 >10 

Both the absolute value of the NRCs and the order in which 
the model inputs are ranked are dependent on the point in time 
at which the evaluation is carried out. For example, in the third 
case, the model inputs are ranked as follows at six months after 
application: v ~ n » a > fom ~ p. This implies that transport and 
sorption have become more important than transport and 
transformation. In general, the sensitivity to the Freundlich ex-
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ponent (n) increases with time. This is due to the non-linear 
sorption isotherm (n < 1) resulting in a slower decrease in the 
amount of pesticide sorbed than in the amount of pesticide in 
the liquid phase. Remarkable is that in none of the three analy
ses is the value of the Freundlich coefficient (KoJ important. 

Note the importance of the dispersivity (a) in the third 
analysis. This is due to the fact that pesticide application is car
ried out during a dry period with low soil water fluxes and 
relatively high concentration gradients. If the application had 
been carried out during a wet period, the influence of the dis
persivity would certainly have been negligible. This demon
strates the local character of the sensitivity analysis. However, 
the choice of application in dry periods is realistic, as no farmer 
would apply pesticides during wet periods. 

Table 4 
Sensitivity of the 
maximum concentra
tion of pesticide in the 
shallow groundwater 
(c™*) t ° various model 
inputs. Analysis is car
ried out at the point in 
time when half the 
dose was still present 
in the plough layer. 

Process Analysis 1 Analysis 2 Analysis 3 

Km = 200 
DT50= 200 
COD =0.925 

K =1 
DTSO=10 
000=0.951 

K =1 
DTm= 200 
COD =0.960 

NRC rank NRC rank NRC 

T Transformation 
DT50 Transformation 
fz Transformation 
Y Transformation 
B Transformation 

n Sorption 
fom Sorption 
p Sorption 
KQm Sorption 

v Transport 
a Transport 
Do Transport 

S Uptake 
F Uptake 

rank 

-2.678 
+1.235 
+2.182 
-3.493 
-1.352 

9 
>10 
>10 

8 
3 

-5.679 
+4.947 
-4.752 
+1.635 
<0.001 

1 
2 
3 
6 

>10 

-0.436 
+0.390 
-0.380 
+0.164 
<0.001 

1 
2 
3 
8 

>10 

+62.89 
-10.67 

-7.731 
-11.30 

1 
3 
5 
2 

+1.014 
-0.582 
-0.543 
-0.455 

7 
8 
9 

10 

+0.057 
+0.199 
+0.196 
-0.038 

9 
5 
6 

>10 

+10.66 
+5.719 
-3.657 

4 
6 
7 

+4.027 
+1.824 
<0.001 

4 
5 

>10 

+0.184 
-0.235 
<0.001 

7 
4 

>10 

+2.588 
<0.001 

10 
>10 

<0.001 
<0.001 

>10 
>10 

-0.048 
-0.050 

9 
>10 
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arithetic mean 20 % percentile 
median value 80 % percentile 

A: Case 1 (K m = 200; DT^ = 200) D: Case 1 (K om = 200; DT M = 200) 

0 1 2 3 4 
years alter aplication 

B:Case2(Ko m = 1;DT 50=10) 

0 1 2 3 4 
years after aplication 

E:Case2(Kom = 1;DT50 = 10) 
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Figure 1 
Percentiles and means 
for three hypothetical 
pesticides as a func
tion of time. A-C: Frac
tion of pesticide in the 
plough-layer; D-F: 
Maximum concentra
tion of pesticide in the 
groundwater. 

Concentration of pesticide in groundwater 
The percentiles of the pesticide concentration in the shallow 
groundwater are presented in Figure ld-f. It is obvious that the 
relative variation (coefficient of variation) of this model output 
is higher than for the fraction of pesticide in the plough layer. 
The maximum concentration of pesticide in the groundwater is 
reached between 2.5 and 5 years after application for case 1, 
between 1 and 3 years for case 2 and within 1 year for case 3. 

The following conclusions can be drawn from Table 4: 
• In analysis 1, the model inputs are ranked as follows: n » 

Km ~ fom ~ v ~ P- F ° u r sorption parameters are found at the 
highest sensitivity level. The sensitivity to the Freundlich ex
ponent (n) strongly dominates other model inputs. 

• In analysis 2, the model inputs are ranked as follows: T ~ 
DT^ » ƒ > v > a. The maximum concentration in groundwater 
is sensitive to almost the same model inputs as the fraction 
left in the plough layer. 

• In analysis 3, the order is: T « DT50 « fz > a « v. Again, trans
formation parameters are important. 
From the sorption parameters, the Freundlich exponent 

dominates model sensitivity. Notice the very high NRC for this 
model input. With respect to transport parameters, the high 
sensitivity for the dispersivity (a) is remarkable. The impor
tance of both model inputs has already been discussed. 

Contribution of processes to model sensitivity 

Figure 2 shows the contribution of the four major processes to 
model sensitivity for the 3 hypothetical pesticides described 
above and for 9 existing pesticides. As pesticides are character
ized by different Kom and DT^ values, their position can be 
plotted in a plot of Kom versus DT50. The length of the bars is 
proportional to the contribution of the major processes to the 
sensitivity of the model outputs considered (i.e. frpl at the point 
of time that half the dose is present in the plough layer and cmx 

at t = 5 years), which is calculated as follows: 

NRC 
process 

^NRCt/m (13) 
;=i 
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where m is the number of evaluated model inputs for each pro
cess. 

Model sensitivity for frpl is highest at high transformation 
rates (low DT5I). Except for the lower right hand corner where 
transport parameters control fr,, transformation parameters are 

Figure 2 
Contribution of the 
major processes to the 
model sensitivity for 
the 12 pesticides con
sidered (Table 1). The 
length of the bars is 
proportional to the 
contribution of the 
processes to the over
all sensitivity. 
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Figure 3 
Scatter plot of the 
Freundlich exponent 
(n) versus the maxi
mum concentration of 
pesticide in the 
groundwater (cmJ) for 
analysis 1 (Kom = 200 
L kg-1; DTS0 = 200 d. 

Conclusions 

SENSITIVITY ANALYSIS OF A MODEL OF PESTICIDE LEACHING 

the most important. This is also true for the upper right hand 
corner of the diagram. The most important conclusion which 
can be drawn from these findings is that model inputs con
cerning transformation should be measured with relatively 
high accuracy. 

0.03 

0.02 

0.01 

0.00 

Scatterplot of cmax vs. Freundlich n 
K„m = 200;DT5o=10 

0.93 

For cma, model sensitivity is to a large extent controlled by 
sorption processes. Sensitivity is highest in the upper part of 
the diagram (strong sorption). The Freundlich exponent (n) is 
the most important sorption parameter. In cases of very high 
sorption, the CODs were too low for applying linear regression. 
These cases are not plotted in the diagram. In cases of high 
sorption, a clear exponential relation was found between n and 
c
ma (Figure 3). This finding was verified by performing linear 

regression analysis between n and the logarithmic-transformed 
model output cmüX. In such cases, high values of COD (0.916) were 
found and n strongly dominated model sensitivity. 

The UNCSAM software provides a convenient and adequate tool 
for performing Monte Carlo based sensitivity analysis. The effi
cient Latin Hypercube Sampling technique allowed the number 
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of samples to be limited to five times the number of investi
gated model inputs. In most cases, linear relations were found 
between the investigated model inputs and outputs if varia
tions of the model inputs were kept low (standard deviation 
1%). Only for pesticides with high sorption coefficients, the lin
ear regression model did not apply. However, in these cases a 
good fit could be found after logarithmic data transformation. 

Except for persistent pesticides with low sorption coeffi
cients, the fraction of pesticide left in the plough layer (frp) is 
most sensitive to transformation parameters. Therefore, for ac
curate predictions of accumulation in the plough layer, trans
formation parameters should be determined with high level of 
accuracy. The maximum concentration of pesticide in the 
groundwater (c„m) is very sensitive to sorption parameters, the 
most important parameter being the Freundlich exponent (n). 
In some cases, changing the Freundlich exponent by 1% results 
in a change of the maximum concentration of pesticide in the 
groundwater by 65%. It is obvious that for accurate predictions 
of the maximum concentration, the Freundlich exponent must 
be measured with high accuracy. We can also conclude that lin
ear sorption models, which are often used in pesticide leaching 
studies, may yield incorrect results. 

Because of the non-linear behavior of the transport model, 
the linear regression model can only be applied if small varia
tions in the model inputs were considered (standard deviation 
o = 0.01p). Thus, the results of the analysis care strongly de
pendent on the value of model inputs {local sensitivity analysis). 
However, in this study the analysis has been successfully con
verted into a global sensitivity analysis with respect to Kom and 
DT50 by carrying out sensitivity analyses for a number of pesti
cides with different Kam and DT50. The analysis is nevertheless 
still local with respect to other parameters. For example, rainfall 
distribution after pesticide application will strongly influence 
the results of the sensitivity analysis. 

It should be mentioned that the sensitivity of model outputs 
will be different if the real distributions of the model inputs are 
considered ('uncertainty analysis')- For example, if we consider 
that the real uncertainty of the sorption coefficient Kom is much 
higher than the uncertainty of the sorption exponent (n), the in
fluence of Kom will be higher than the influence of n (see also 
Boesten, 1991). In any case, both sensitivity analysis and un-
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certainty analysis provide useful tools in evaluating the model. 
A sensitivity analysis gives a clear insight into the behavior of 
the model itself and can be carried out without a priori knowl
edge about real distributions; an uncertainty analysis provides 
insight into the combined effect of real distributions and model 
behavior. 
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4.2 Uncertainty in a Regional-Scale 
Assessment of Cadmium Accumula
tion in Soils in the Netherlands 

Abstract 

Introduction 

Atmospheric deposition and agricultural activities may cause the 
cadmium content in the rural environment in the Netherlands to ex
ceed legal environmental standards. A simple process-oriented model, 
SOACAS, in combination with a Geographical Information System was 
used to assess the magnitude of the cadmium accumulation on a re
gional-scale. The objective of this study was to quantify the uncer
tainty in the cadmium accumulation due to uncertainty of the model 
inputs. Another objective was to study whether maps of simulated and 
observed cadmium contents were statistically different when the un
certainty in both maps was considered. From a Monte Carlo analysis 
we derived that the model behaved virtually linear within the range of 
model inputs considered, and concluded that First-Order Uncertainty 
Analysis (FOUA) was appropriate for mapping prediction uncertain
ties. The maps created by FOUA indicated that the contribution of in
dividual model parameters to the total uncertainty was soil dependent, 
and that the pedotransfer function for cadmium sorption gave the 
largest contribution to the total uncertainty. In an earlier analysis we 
found that in 25% of the total area SOACAS underestimated the aver
age levels of current cadmium contents by more than 50%. The model 
predictions and the observations were statistically different at a much 
smaller area (10% of the total area), showing that ignoring uncer
tainty may result in misleading interpretations when the model is 
compared to field measurements. 

The cadmium content in soils in the rural environment in the 
Netherlands may increase towards an exceedance of environ
mental standards due to atmospheric deposition and the use of 
fertilizer and animal manure (RIVM, 1997). From a policy point 
of view, further accumulation of cadmium is unacceptable and 
reduction of immission to those soils where net accumulation 
occurs is required. As there are various mechanisms that affect 
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the fate of a metal, models are indispensable tools in evaluating 
the effect of reduced soil loads. A simple process-oriented 
model, SOACAS, in combination with a Geographical Informa
tion System was used to assess the magnitude of the accumula
tion on a regional-scale (Tiktak et al., 1997). 

Awareness has grown that environmental model assess
ments contain considerable uncertainty (Freeze, 1975; Summers, 
et al., 1993; Zhang et al., 1993; Loague, 1996). An important rea
son for this is that models often rely on data that exhibit large 
spatial variation and that are sparsely sampled. Moreover, in 
regional-scale assessments, many model inputs are derived 
from generally available data sources using pedotransfer func
tions (Bouma and van Lanen, 1987; Elzinga et al., 1999; Tiktak 
et al., 1998a). It is obvious that the accuracy of so derived model 
inputs is less when compared to direct measurements (Finke et 
al., 1996). The major drawback with deterministic models is 
their inability to recognize the uncertainty associated with 
model predictions. Ignorance of the uncertainty associated with 
model predictions may result in misleading interpretations 
when the model is compared with field measurements (Shaffer, 
1988). It also imposes a risk to the decision maker, who may 
draw a wrong conclusion from a single model prediction. For 
example, if a conservative decision requires that the predicted 
value always be less than some limit, the lower boundary of the 
prediction interval may be more relevant than the mean of the 
predictions. An important conclusion from the 1995 Bouyou-
cous Conference on Application of GIS to the Modeling of Non-
Point Source Pollutants in the Vadose Zone was therefore that 
the uncertainty in regional-scale assessments should be made 
clear to the policy maker by presenting associated maps of un
certainties (Corwin and Loague, 1996). 

This study was conducted to quantify the magnitude and 
sources of uncertainty in the predicted cadmium accumulation. 
The two components to model uncertainty are accuracy and 
precision (Summers et al., 1993). Accuracy shows how well the 
model predicts the true value. In a previous study we assessed 
the accuracy of the SOACAS model by testing whether it was 
possible to reconstruct the soil's present cadmium content us
ing independent estimates of historical cadmium loads ('hind-
cast simulation'; Tiktak et al., 1998a). An important conclusion 
was that for 40% of the total area the average levels of current 
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cadmium contents were underestimated by more than 0.1 
mg kg"1, which came down to an underestimation of more than 
50% at 25% of the total area. The current study expands upon 
the earlier study by also considering model precision. Precision 
is the amount of variation inherent in the model output. We 
will show how the combined interpretation of accuracy and 
precision affects statements on model performance. 

Materials and Methods 

Methods for uncertainty analysis 
The two most commonly used methods for estimating the un
certainty in model predictions are Monte Carlo simulation 
(MCS) and First-Order Uncertainty Analysis (FOUA). Monte 
Carlo simulation involves the repeated sampling of the prob
ability distribution for various model inputs, and the use of 
each generated set of samples in a model run to produce a 
probability distribution of model predictions. Monte Carlo 
simulations are computationally expensive, although an array 
of techniques exists to increase the efficiency of the method 
such as Latin Hypercube Sampling (Janssen et a l , 1994). Monte 
Carlo simulation requires complete representation of the 
population distribution of the model parameters; however, in 
regional-scale assessments, these are rarely known. First-Order 
Uncertainty Analysis offers an attractive solution in such as
sessments. This method involves the linearization of the model 
about one or some predetermined points, and the computation 
of the first and second moments (i.e. means and variances) of 
the estimated output distributions at those points. FOUA has 
extensively been used in groundwater quality modeling (Det-
tinger and Wilson, 1981; Loague et al., 1989). The first-order 
approximation may deteriorate when: (i) the model-inputs are 
not (log)normally distributed, (ii) the coefficients of variation of 
the model inputs are large (Zhang et a l , 1993), or (iii) the model 
under consideration is highly non-linear. As it is therefore nec
essary to investigate the applicability of FOUA, we followed a 
two-step approach. We first employed both methods (MCS and 
FOUA) for some typical situations, after which we compared the 
results from both methods and judged whether FOUA would be 
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appropriate. The second step was the actual application of 
FOUA. 

First-Order Uncertainty Analysis 
Cornell (1972) describes the theoretical basis and the limitations 
of FOUA. Basically, the first-order approximation of functionally 
related variables is obtained by truncating a Taylor-series ex
pansion (about the mean) for the function after the first two 
terms. The general case of a multivariate relationship approxi
mated to the first-order is given by: 

Y = g(X) = g(u x ) + b T ( X - u x ) (1) 

where X is a column vector of random variables, ]ix is a vector 
of means, and bT is the transpose of a vector of partial deriva
tives. The i th element of b is given by: 

bi = d-& (2) 
1 ax(

 v ' 
The mean uv and variance o\ of the dependent variable Y are 
given by (Cornell, 1972): 

H X ^ ê K H X ) (3) 

of = bTCxb (4) 

where Cx is the covariance matrix of the functionally dependent 
variables Xr Equation 4 can be written in index notation as: 

4=ÉÈbibAi (5) 

where n is the number of parameters, and 

c ; , j = rujax,°Yj (6) 

Here, rtj is the correlation between X,. and X(, and at is the stan
dard deviation of parameter X,, 

The model 
SOACAS was developed to predict heavy-metal contents in the 
topsoil in response to metal input scenarios (Tiktak et al., 
1998a). The model describes the fate of a metal in one com
pletely mixed soil compartment, assuming no dispersion and 
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diffusion at the lower boundary. The depth for which the cad
mium accumulation is calculated is 5 cm for natural soils, and 
20 cm for agricultural soils. Sources of metal inputs considered 
are atmospheric deposition, animal manure and fertilizer. 
Leaching and plant uptake are described by first-order rate 
processes. The model is described in terms of parameters that 
can be derived from a limited-number of spatially distributed 
parameters, using (pedo)transfer functions. 

Under the assumption of first-order rate leaching, the fol
lowing mass balance can be derived (Vissenberg and Van 
Grinsven, 1995): 

^L = -c'(kL+ku) + -L (7) 
dt pa 

where c* (mg kg1) is the total mass fraction, t (a) is time, kL (a1) 
is first-order rate leaching coefficient, ku (a"1) is first-order plant-
uptake rate coefficient, I (mg m2 a"1) is metal input rate, p 
(kg m'3) is the dry bulk density, and d (m) is the thickness of the 
soil compartment considered. For constant boundary condi
tions, and provided that kL and ku do not vary much over a 
timestep, an approximate analytical solution is given by: 

ct*+At = c t V ' ^ ) A t + - J - M - e - " ^ * ' ) (8) 
pd[kL + ku ) 

where Af (a) is the time-step. Vissenberg and Van Grinsven 
(1995) showed that a time-step of five years was appropriate, 
given the evolution of the boundary-conditions over the simu
lation period (see next section). 

The total mass fraction of a metal is the sum of the mass 
fraction in the solid and liquid phases: 

c'=Q + ^- (9) 
P 

where Q (mg kg"1) is mass fraction of metal in the solid phase, c 
(mg L"1) is concentration in the soil solution, and 6 (L m"3) is the 
volumetric water content. Equilibrium partitioning over these 
two phases is described by a Freundlich isotherm: 

9 = KFcn (10) 
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where KF (L" mg") is the Freundlich adsorption constant, and n 
(-) is the Freundlich adsorption exponent. KF is related to basic 
soil properties by a pedotransfer function (Elzinga et alv 1999): 

KF =Kj(H+rmCECa (11) 

where Kf (mg1 " kg""1 L""" mmol / mol'") is the adsorption coeffi
cient, CEC (mmolc kg!) is the Cation Exchange Capacity, and m 
and a are empirical parameters. See further the section on 
model inputs. 

The first-order leaching rate coefficient can be written as 

kL=q 

pel 
(12) 

/ d + e / p 

where q (L m2 a"1) is the soil water flux at the lower boundary, 
and rd (L kg ') is the distribution ratio, which is given by 

r d =10 6 K F c ( n - 1 ) (13) 

The first-order plant-uptake rate coefficient is defined by 

. Jbcrq . . 

Pd 

where rg (kg m~2 a"1) is the dry-matter crop production, and fk 

(kg kg') is the bioconcentration factor. 
From Eqn. 7 it is obvious that the model operates for a point 

in space. However, model outputs are presented for 500x500 m2 

gridcells, which is a commonly used presentation resolution for 
environmental assessments in the Netherlands (RIVM, 1997; 
Tiktak et al., 1996a). True upscaling from point-support to 
larger scales would require running the model for all points 
within a block, after which the model outputs are aggregated 
(Bierkens and Gaast, 1998; Heuvelink and Pebesma, 1998). As 
this procedure is not feasible for regional-scale assessments, we 
first aggregated the model inputs to the block-scale, after which 
we ran the model for one point within the block. This single 
point is assumed representative for the block as a whole. 

Hind-cast simulation 
The methodology for model-validation employed in this study 
was hind-cast simulation, which comes down to comparing the 
soil's present cadmium content with results from simulations 
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Figure 1 
Diagram showing the 
approach for the cur
rent model validation 
study. 
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with the SOACAS model over a past period (Figure 1). The pro
cedure was described in detail by Tiktak et al. (1998a); here we 
give a brief summary. 

Upscaling the observations 

Generalized Additive 
Model (GAM) 

Map based on the GAM 
(resolution 500x500 m2) 

Hind-cast simulation 

SOACAS (process-
oriented model); 

including (pedo)transfer 
v functions. 

Map obtained by SOACAS 
(resolution 500x500 m2) 

Simulations were carried out with the SOACAS model for the 
period 1890-1990. Dutch natural background values for cad
mium in the topsoil are usually below or very close to the ana
lytical detection limit (Edelman, 1984; Dijkstra, 1996), so we as
sumed that in 1890 there was no cadmium present. Essential to 
the method is the independent derivation of a record of past 
cadmium loads. See Tiktak et al. (1998a) for assumptions. Major 
result of the simulations is a map of current cadmium contents 
for 500x500 m2 gridcells. 

Results from the SOACAS simulations were compared with 
2544 point observations of cadmium in the rural environment. 
These observations were interpolated onto the 500x500 m2 grid 
described before. An advantage of using an interpolated map 
rather than the observations themselves is that a direct com
parison can be made with the simulated cadmium contents. The 
fairest comparison between the model outputs and the inter
polated image would require the calculation of gridcell aver
ages. It is clear that there are not enough observations available 
to calculate these gridcell averages directly from the observa
tions. Spatial-aggregation would require a model-based ap
proach, which is commonly known as block-kriging (Deutsch 
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and Journel, 1992). This enables the use of point values outside 
a block to predict block averages. Additional information in the 
form of explanatory variables can be included (Pebesma and De 
Kwaadsteniet, 1998). Although a model-based approach can 
potentially produce accurate predictions of block-averages, the 
accuracy is built on the presumption that the variable of interest 
satisfies an assumed spatial correlation model. The required 
knowledge of the variogram is problematic when performing 
block-kriging (Heuvelink and Pebesma, 1998). For this reason, 
we have used a Generalized Additive Model (Hastie and Tib-
shirani, 1990). The GAM included a locally weighted smoother 
of the X-Y plain, the soil organic-matter content, the clay-
content, and land-use type. It can be shown that there is a 
mathematical equivalence between GAMs and universal kriging 
(Hastie and Tibshirani, 1990). The most attractive aspect of the 
GAM is that it is based upon the data, instead of being model-
based. In our case, it was also attractive that spatial trends 
could be described without assumptions about historical cad
mium loads (Tiktak et al., 1998a). 

The precision of the estimates is represented by the ap
proximate pointwise 95% confidence interval of the estimates, 
which is given by: 

[p-2ô,ï ï + 2â] (15) 

where p. is the point estimate, and is ô the estimation standard 
error. Notice that the standard errors obtained by the GAM refer 
to a single point within each gridcell. As it is commonly known 
in geostatistics that variability decreases from point-support to 
block-support (Heuvelink and Pebesma, 1998), so obtained 
prediction intervals may be overestimated. 

The actual comparison of model predictions with the obser
vations was done using a combination of graphical and statisti
cal methods. The statistical method employed was a slightly 
adapted version of the factor-of-/ approach (Parrish and Smith, 
1990). It concludes the model to be 'acceptable' when the model 
predictions, P, are within the approximate 95% confidence in-
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tervals of the observations, O. A simple index of model capa
bility, C, was defined as follows: 

Omin.i / P m a x . i > " Omin.i > Pmax.i 

C i = ' Pmin.i /Omax.i • ^ Omax.i *• Pmin.i K^J 

1, otherwise 

where i is the gridcell index, and min and max are the lower 
and upper limits of the approximate 95% confidence intervals. 

Derivation of model inputs and uncertainties 
In SOACAS, three types of model inputs can be distinguished: (i) 
soil properties, (ii) crop properties, and (iii) cadmium loads. 
Uncertainty of cadmium loads was not considered, because this 
information was not available. 

SOACAS contains basic and derived soil data, where the sec
ond group of model inputs is generated from the first group by 
pedotransfer functions (PTFs; Bouma and Van Lanen, 1987). To 
evaluate the total uncertainty, both the spatial variability of the 
basic soil properties, and the estimation error of the PTFs should 
be considered (Finke et al., 1996). As the PTFs were derived 
from independent experiments in the laboratory (see Elzinga et 
a l , 1999 for the derivation of the sorption PTFs), we assumed 
that the estimation error of the PTFs was independent of the un
certainty due to spatial-variability of basic soil data [conform 
Vereecken et al. (1992) and Finke et al., (1996)]. 

Basic soil data 
Maps of the soil organic matter content, clay content and pH 
were obtained by combining in a GIS soil survey data with the 
1:50,000 soil map of the Netherlands (De Vries, 1994a). The 
maps are shown in Color plate 5. Averages and approximate 
95% confidence intervals were calculated for mapping units, 
which generally occupied a larger area than the 500x500 m2 

gridcells used in this study. This extrapolation using Soil Tax
onomy is based on the assumption that these mapping units are 
spatially homogeneous. A point of consideration in the use of 
this approximation is that soil variability at the scale of 500x500 
m2 gridcells may be underestimated due to spatial correlation 
structures which may exist within mapping units (Heuvelink 
and Bierkens, 1992). Summary statistics of the final maps and 
correlations between these maps are shown in Table 1. It should 
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Table 1 
Summary statistics of 
soil based maps used 
in this study. 

be noted that the figures shown in table 1 are added for com
pleteness. They have, however, not been used in the uncer
tainty analysis, as they merely reflect the spatial variation from 
one gridcell to another and not the uncertainty of the actual 
model inputs. 

Derived soil properties 
Elzinga et al. (1999) derived generic Freundlich isotherms for 
cadmium using multiple linear regression on results from batch 
experiments published in the literature. They described the 
solid phase mass fraction, Q (mg kg"1) as a function of total dis
solved Cd, CEC and pH: 

log©) = log(K j ) + n log(c) + m pH + a log (CEC) (17) 

where Kf (mg1"" kg""1 L""° mmolc"° mol"") is the Freundlich coeffi
cient, c (mg L"1) is the total activity of Cd, CEC (mmolc kg"1) is 
the Cation Exchange Capacity, and n, m and a are regression 
parameters. Parameter values are listed in Table 2. A 

L 'clay pH q e 

min 
median 
max 

0.1 
1.8 

28.0 

2.0 
4.8 

58.0 

3.5 
4.9 
7.8 

0.398 
0.590 
0.758 

0.215 
0.290 
0.545 

Correlation matrix 

L 'clay pH Q e 

L 
'clay 

pH 

q 
e 

1.000 
0.271 

-0.272 
0.256 
0.510 

1.000 
0.499 
0.173 
0.642 

1.000 
-0.047 
0.319 

1.000 
0.237 1.000 

foc (9 100g 1) is the organic carbon content, fdai (g 100g') is the clay content, 
c7(m a"1) is soil water flux and e (m3 m"3) is soil water content. 

predicted value of an individual observation of Q at x0 will have 
variance (Montgomery and Peck, 1992): 

V(Qo) = o2(l + jr + xl(XTxrlx0) (18) 

where a2 is the variance of Q, N is the number of data-points, 

and X is a matrix of regressor variables. As-jL + xJ (XTX)_1x0 is 

smaller than 0.03 for the study under consideration, a2 can be 
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used as an approximation of V"(Q), which has the advantage 

that V[Q), becomes independent of X. 
The original study of Elzinga et al. (1999) was focused on de

riving a sorption PTF for a wide range of soils, so they did not 
limit their dataset to Dutch soils. We performed an alternative 
regression analysis on a reduced dataset in which we left out all 
experiments with soil material from outside the Netherlands. 
Parameter values are also listed in Table 2. Comparison of both 
regressions shows that the multiple correlation coefficient was 
hardly affected, but that a reduction of the total variance by al
most 50% occurred. This example shows that when enough 
data are available to built a pedotransfer function for the area of 
interest, this is to be preferred. 

Table 2 Parameter Full dataset t Reduced dataset t 

Parameter values for log(/Q -1.8458 (0.0880) t -1.8787 (0.0670) 
the sorption pedo n 0.7424(0.0159) 0.5267(0.0196) 
transfer function, m 0.4074(0.0136) 0.3676(0.0120) 
Eqn. 17. a 0.6559 (0.0293) 0.5632 (0.0229) 

N § 1444 1046 

R2 0.641 0.596 

a2§ 0.556 0.251 

t In the reduced dataset, soils from outside the country were left out. 
t Figures between brackets denote standard deviations. 
§ /Vis number of datapoints; a2 is the variance, which is approximated by 

the residual mean squares. 

The CEC (mmolc kg"1) at pH 6.5 was calculated according to 
(Breeuwsma et a l , 1986): 

CEC = 5 / c i a y + 27.25/0, rz =0.98 (19) 

where fx (g 100g') is the organic carbon content and /ctaJI 
(g 100g"1) is the clay content. 

Long-term average soil water fluxes and volumetric soil 
water contents were calculated with the hydrological model 
SWIF (Tiktak and Bouten, 1992). The model was run for ap
proximately 3000 combinations of soil type, land-use type, 
groundwater-depth class and precipitation class, using weather 
data for the period 1960-1990 (Tiktak et a l , 1996a). Approxi
mate 95% confidence intervals of soil water fluxes and soil wa
ter contents were estimated by FOUA. Parameters considered 
uncertain in this analysis were the soil-organic matter content, 
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the clay-content and the soil hydraulic characteristics (Wösten 
et al., 1994). 

Crop properties 
Dry matter production rates and their standard deviations were 
obtained from crop yield tables (CBS, 1990). 

Bockting and Van den Berg (1992) derived bioconcentration 
factors on the basis of field experiments and inventories pub
lished in the literature. They performed regression analysis 
between the soil total cadmium content and the plant cadmium 
content. For arable land, a bioconcentration factor of 0.7 kg kg"1 

was obtained, whereas for grass it's value was 0.15 kg kg"1. 
However, these values were based on a rather poor correlation 
between the soil's cadmium content and the plant's cadmium 
content, so these values are laced with uncertainty (standard 
deviations are 0.2 and 0.05 kg kg"1, respectively). In natural ar
eas we assumed no harvesting, so the bioconcentration factor 
was set to zero. 

Results and Discussion 

Comparison of results from MCS and FOUA 
Eight cases with different model inputs were selected to com
pare results from MCS with results from FOUA. Model inputs 
and their associated uncertainties are summarized in Table 3. 
The actual comparison was based on the total variance pre
dicted and the contribution of individual model parameters to 
the total variance. 

Monte Carlo simulations were carried out with UNCSAM, a 
model independent tool using Latin Hypercube Sampling 
(Janssen et al., 1994). UNCSAM uses multiple linear regression 
between the sampled model inputs and model outputs to cal
culate the total variance and the contribution of individual 
model parameters to the total variance. The validity of the re
gression model was checked by the coefficient of determination 
(R2), expressing the fraction of variance explained by the re
gression model. For the eight cases considered here, the coeffi
cient of determination ranged from 0.86 to 0.98. From this we 
concluded that the linear approximation was appropriate for 
our problem. 
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Table 3 
Averages (jj) and 
standard deviations (a) 
of model inputs f for 
eight selected cases $. 

UNCERTAINTY IN A REGIONAL-SCALE ASSESSMENT OF CADMIUM 

Color plate 8 shows a summary of results from MCS and 
FOUA. Predicted means and standard deviations of the output 
distributions are shown in the upper part of the figure, the 
contribution of individual model parameters to the total vari
ance is shown in the lower part. Examination of plate 8 shows 
that MCS and FOUA generally produced similar re suits, both 
with respect to the simulated means and variances of the out
put distributions, and with respect to the ranking of the uncer
tainty contributions. The small differences between FOUA and 
MCS do not affect the conclusions that one would draw from the 
analysis, indicating that in this particular case FOUA is appro
priate for mapping model uncertainty. Notice that this conclu
sion may not be applicable to other model studies, as shown by 
for example Tiktak et al. (1994b). In a sensitivity analysis of a 
model of pesticide leaching, they showed that the performance 
of a linear approximation already deteriorated with coefficients 
of variation as small as 1%. 

Parameter Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 

^(g lOOg 1 ) M 3.0 4.0 18.0 50.0 27.0 4.0 2.0 2.4 
o 0.8 § 1.0 4.3 7.5 4.5 0.8 1.0 1.0 

Ugioog"1) M 7.0 5.0 2.5 18.4 2.5 4.5 1.2 3.8 

a 1.1 1.3 0.8 3.0 0.5 1.3 0.4 0.9 

pH M 3.6 4.9 7.3 4.9 6.8 4.4 7.1 3.8 

a 0.3 0.3 0.3 0.3 0.3 0.4 0.4 0.3 

e (m3 m3) M 0.24 0.27 0.37 0.55 0.38 0.26 0.30 0.23 

a 0.02 0.03 0.04 0.06 0.04 0.03 0.03 0.02 

g (m a') M 0.754 0.398 0.371 0.349 0.430 0.305 0.304 0.293 

a 0.076 0.074 0.069 0.065 0.080 0.056 0.056 0.054 

\og(K) M -1.88 -1.88 -1.88 -1.88 -1.88 -1.88 -1.88 -1.88 

a 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 

Ukgkg') M NRH 0.15 0.70 0.15 0.15 0.15 0.70 0.70 

a NR 0.04 0.20 0.04 0.04 0.04 0.20 0.20 
Mkgm-V1) |J NR 1.4 0.8 1.1 1.1 1.1 0.8 0.8 

a NR 0.18 0.8 0.2 0.2 0.2 0.8 0.8 

Soil properties are valid for the 0-5 cm soil layer in natural soils (case 1), and for the 0-20 cm soil 
layer in agricultural soils (all other cases). 
Case 1 : Veluwe (forest on sand); case 2: Kempen (maize on sand); case 3: Zeeland (arable land on 
marine clay); case 4: Groene Hart (grass on peat); case 5: Betuwe (grass on river clay); case 6: 
Achterhoek (grass on sand); case 7: Duinen (arable land on sand; high pH); case 8: veenkoloniën 
(arable land on sand; low pH). 
Figures between brackets denote standard deviations. 
Not Relevant (no harvesting considered). 
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Variance partitioning 
Combined examination of Table 3 and Color plate 8 shows that 
the coefficient of variation of the simulated cadmium contents 
generally increases with the mobility of cadmium. This implies 
that the coefficient of variation is low in soils with a high or
ganic matter content (e.g. case 4) and in soils with a high pH 
(cases 3, 5 and 7). The opposite is true for cases with low pH 
(cases 1, 2, 6 and 8), which have coefficients of variation ranging 
from 25 to 33%. 

For cases with low pH (cases 1, 2, 6 and 8), the uncertainty of 
the Freundlich PTF explains most variance. The only exception 
is case 4, where the uncertainty of the organic matter content 
dominates. For cases with high pH, the contribution of the 
Freundlich PTF is small or even negligible. In peat soils (case 4), 
the contribution of the Freundlich PTF to the total uncertainty is 
less than the contribution of the organic matter content. 

The contribution of organic matter content to the total un
certainty is dominant in cases with high pH (cases 3, 5 and 7) 
and in soils with a high organic matter content (case 4); how
ever, the coefficients of variation of the output distributions are 
lower (4-13%) than in low pH cases. Variance due to spatial 
variability of soil pH is approximately proportional to the 
sorption pedotransfer uncertainty, but the contribution to the 
total uncertainty is usually rather small (<10%). 

Simulated cadmium contents were rather insensitive to the 
uncertainty in soil water fluxes and soil water contents. Ap
proximately the same conclusion-on was drawn by Finke et al. 
(1996), who found that hydraulic properties did not affect 
breakthrough of strongly and moderately sorbing chemicals in 
general, and cadmium in particular. Notice that the contribu
tion of spatial variability of the basic soil properties may be un
derestimated due to the already mentioned ignorance of spatial 
variability within mapping units. 

In arable land (cases 3, 7 and 8), a substantial part of the total 
variance is explained by model parameters related to metal 
uptake. The importance of plant uptake parameters in arable 
land is caused by the considerable uncertainty about the bio-
concentration factor. An important assumption for the SOACAS 

model is that bioavailability is only affected by the total metal 
content in the soil. In reality, various soil parameters including 
soil pH can affect cadmium uptake (Alloway, 1995). This was 
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confirmed by Bockting and Van den Berg (1992) who found a 
rather poor correlation between the soil cadmium content and 
the plant cadmium content, implying that the bioconcentration-
factor is uncertain. 

Mapping uncertainty on a regional-scale 
Plates 6a-c give an overview of the contribution of model pa
rameters to the total uncertainty obtained by FOUA. Plate 7a 
shows the map of simulated cadmium in the topsoil, plate 7b 
shows the approximate standard deviations of the simulations, 
which were calculated according to Eqn. 15. To obtain better 
readability of plate 6, the individual model parameters were 
lumped to three groups. The first group contains the basic spa
tially-distributed soil properties (clay content, organic matter 
content, pH, soil water content, and soil water flux), the second 
group contains parameters related to metal uptake (the biocon
centration factor and the crop yield), whereas the sorption pe-
dotransfer function is treated separately. 

An interesting conclusion to be drawn from plate 6 is that 
each group of model parameters is important in different re
gions of the country. The sorption pedotransfer function is 
dominant in sandy soils (see plate 5) where cadmium mobility 
is relatively high. These areas also show high standard devia
tions (plate 7b) and the highest coefficients of variation (map 
not shown). Metal uptake parameters dominate in regions 
where arable land-use is predominant (particularly coastal and 
fluvial soils). Basic soil properties are most relevant in clay soils 
and soils that are high in organic matter content (plate 5). In 
clay soils, the contribution of the organic matter content to the 
total uncertainty is rather high because the Dutch soil taxon
omy does not consider organic matter content for clay soils. The 
highest standard deviations for sandy soils are found in the 
Southeast where cadmium contents are high due to past depo
sition of cadmium from zinc smelters. This is a direct conse
quence of the fact that the sorption pedotransfer function was 
obtained after log-transforming the data (Eqn. 17), so the vari
ance on the original scale increased with cadmium content. 

It can be concluded that the sorption PTF yields the largest 
contribution to the uncertainty, not only in a relative sense 
(contribution to the total uncertainty), but also in an absolute 
sense. In view of uncertainty reduction, future research to im-
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prove the precision of regional-scale cadmium assessments 
should focus on improving the accuracy and precision of the 
sorption pedotransfer functions. 

Comparison of observed and simulated Cadmium 
contents 
Plates 3 and 7 show maps of cadmium in the topsoil, based on 
the simulations (plate 7a) and the observations (plate 3b). Also 
plotted are the standard deviations (plates 3c and 7b). 

Visual inspection of plate 3b and plate 7a shows that the 
model predicts lower cadmium contents than one would expect 
on the basis of the observations. This is especially true for high 
contents, as indicated by the frequency distributions of the 
maps. The median values of the maps correspond well (0.24 mg 
kg"1 for the simulations and 0.26 mg kg"1 for the observations), 
but the 90 percentiles are lower (0.40 mg kg"1 for the simulations 
and 0.56 mg kg"1 for the observations). On a gridcell basis, the 
observed and simulated cadmium contents show only moder
ate correlation (coefficient of linear correlation, r1, is 0.496). 
Nevertheless, from both maps one would draw the same gen
eral conclusions: cadmium contents are higher in soils with 
high organic matter contents and in clay soils. These soils are 
situated in the lower altitude part of the country (the western 
and northern parts, and a belt in the center; see also plate 5). 
Elevated contents are also found in the Southeast, where past 
emission of cadmium from zinc smelters has occurred. Gener
ally, the effect of soil type dominates over the effect of land-use 
type; however, in the case of natural land-use, cadmium con
tents are lower but this effect is less pronounced in the map of 
observed cadmium contents. This is due to the fact that SOACAS 
takes explicit account of the relation between land-use type and 
cadmium sources, whereas the statistical model uses geo
graphic co-ordinates, yielding a smoothed geographical pattern 
in areas with different land-uses at short distances. Moreover, 
in the observational dataset, natural land-use is poorly repre
sented (Tiktak et al., 1998a). 

The accuracy of SOACAS was assessed by plotting the differ
ence between the simulated and observed cadmium contents 
(plate 7c). This comparison shows that in 40% of the total area 
the average levels were underestimated by more than 0.1 mg 
kg"1. The largest systematic bias was found for the Southeast 
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where historical cadmium loads were underestimated, and in 
peat soils where cadmium accumulation may have started be
fore 1890 due to elevation of land by city compost. For a de
tailed discussion on the processes that have led to the observed 
and simulated geographical patterns, the reader is referred to 
Tiktak et a l , 1998a. 

Comparisons made so far do not take into account the preci
sion of the estimates. As shown in plate 3c and 7b, the standard 
deviations associated with the model predictions and the inter
polation of the observations are considerable (median value of 
the standard deviation for the map based on the observations is 
0.08 mg kg"1; median standard deviation for the model predic
tions is 0.05 mg kg"1). Application of the model capability index 
approach shows that the model had to be rejected (C > 1) for 
two regions covering only about 10% of the total area (plate 7d). 
For both regions, the atmospheric deposition rates were under
estimated, either because past deposition rates were underesti
mated or because the dry deposition rates on forests were un
derestimated (Tiktak et al., 1998a). Notice that parameters 
dealing with cadmium inputs were not part of the uncertainty 
analysis. This implies that errors in the assessment of cadmium 
loads appear as part of the model error. 

This example shows that the consideration of precision may 
significantly affect statements about model performance. De
spite the fact that in 40% of the total area the model predictions 
were more than 0.1 mg kg"1 lower than the observed contents, 
we could reject the model for only 10% of the area. This implies 
that for a substantial part of the total area the precision of either 
the model predictions, or the map based on the observations 
was too low to justify the statement that the model predictions 
were lower than the observations. 

Summary and Conclusions 

We employed both Monte Carlo Simulation (MCS), and First-
Order Uncertainty Analysis (FOUA) to assess the uncertainty as
sociated with predictions of cadmium contents in the topsoil 
with the SOACAS model. MCS and FOUA yielded almost similar 
results, both with respect to the total uncertainty, and with re
spect to the contribution of the individual model inputs to the 
total uncertainty. From this we concluded that FOUA was ap-
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propriate for mapping uncertainty. This conclusion, however, 
does not necessarily hold for other models, as shown by for ex
ample Tiktak et al. (1994b). They showed that in the case of a 
process-oriented pesticide leaching model the performance of a 
linear approximation already deteriorated with coefficients of 
variation as small as 1%. 

Using FOUA, we mapped the total uncertainty associated 
with the model predictions. Also the contributions of model pa
rameters to the total uncertainty were mapped. Results showed 
that this contribution strongly depended upon soil properties. 
Uncertainty in the sorption pedotransfer function dominated 
the total uncertainty in sandy soils with low pH where cad
mium mobility was high. Also the total uncertainty expressed 
as a fraction of the mean was high in these soils. Spatial vari
ability of basic soil properties dominated the uncertainty in clay 
and peat soils, but the total uncertainty expressed as a fraction 
of the mean was much smaller for those soils. We concluded 
that in view of uncertainty reduction, future research should be 
directed towards the derivation of more reliable sorption pedo
transfer functions. 

Comparison of the model results with a map based on 2544 
point observations of cadmium contents in the topsoil showed 
that for 40% of the total area the average levels of current cad
mium contents were underestimated by more than 0.1 mg kg'. 
If, however, the precision of the model predictions and the ob
servations was considered, these differences turned out to be 
relevant for only 10% of the total area. This shows that the 
combined interpretation of accuracy and precision strongly af
fects statements about model performance. However, the fact 
that the model and the observations were generally not stati
cally different, is not a guarantee that the model is sufficiently 
validated to predict trends of future metal contents as a func
tion of abatement scenario's. If, for example, the uncertainty in 
the model is too large to predict with some confidence whether 
the cadmium accumulation after emission reduction will be 
higher or lower than the environmental standard, the model 
together with the input data has to be improved. Also, the pre
cision of the observations may have to be improved. The fact 
that we cannot reject the model is also not an indication that all 
processes and model parameters are represented perfectly 
(model validation 'in-a-strong-sense', Leijnse and Hassani-
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zadeh, 1994; see also Tiktak et al., 1998a). The most efficient 
strategy to get insight into the behavior of simple regional-scale 
models (such as SOACAS) is to apply more comprehensive site 
versions of those models to a number of field plots, where all 
model inputs can be derived from direct measurements and 
where the cadmium content is available as a function of depth 
and time. As long as model predictions are subject to uncer
tainty, we should present the uncertainty to policy makers, who 
may draw a wrong conclusion from a single model prediction. 
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