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Abstract
Background, aim and scope Due to the numerous anthropogenic stress factors that affect aquatic ecosystems, a
better understanding of the adverse consequences on the
biological community of combined pressures is needed to
attain the objectives of the European Water Framework
Directive. In this study we propose an innovative approach
to assess the biological impact of toxicants under field
conditions on a large spatial scale.
Materials and methods Artificial Neural Network (ANN)
analyses, focusing on impacts at the community level, were
carried out to identify the relative importance of environmental and toxic stress factors on the patterns observed in
the aquatic invertebrate fauna from the Scheldt basin
(Belgium).
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31062 Toulouse cedex 4, France

Results and discussion Our results show that the use of the
backpropagation algorithm of the ANN is a promising
method to highlight the relationship between environmental
pollution and biological responses. This method allows the
effects of chemical exposure to be distinguished from the
effects caused by other stressors in running waters.
Moreover, the use of an overall estimate for toxic pressure
in predictive models enables the links between toxicants
and community alterations in the field to be clarified. The
ANN correctly predicts 74% of samples with an area under
the curve of 0.89 and a Cohen’s κ coefficient of 0.64.
Organic load, oxygen availability, water temperature and
the nitrate concentration appeared important factors in
predicting aquatic invertebrate assemblages. On the other
hand, toxic pressure did not seem relevant for these
assemblages, suggesting that the water quality characteristics were therefore more important than exposure to
toxicants in the water phase for the aquatic invertebrate
communities in the study area. However, we suggest that
the high organic load encountered in the Scheldt basin may
lead to an underestimation of the impact of toxicity.
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1 Introduction
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Modelling the relationship between biological communities
and environmental parameters has played an increasingly
important role in ecology during the late 20 years (Ferrier and
Guisan 2006). Such predictive approaches lead to better
understanding of how the species composition can potentially be affected by human pressures, and which makes this
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type of modelling especially promising for use in conservation planning and resource management (Olden et al. 2006).
The importance of multiple-species models has been
demonstrated in many freshwater ecological investigations,
including biological quality assessment (Marchant et al.
1997; Smith et al. 1999; Joy and Death 2002; Kennard et
al. 2006), the prediction of algal blooms (Recknagel et al.
1997), and the assessment of the impact of land use (Park et
al. 2006a) or physical modifications (Nichols et al. 2006).
Although the definition of assemblages types through
the “classification-then-modelling” approach is subject to
criticism (Ferrier et al. 2002; Heino et al. 2003; Mykrä et al.
2008), these strategies combine the advantage of focusing
on the collective properties of a species group, instead of
single-species modelling, with the advantage of synthesizing complex data into a more interpretable form (Ferrier
and Guisan 2006). A possible alternative is the use of diversity
indices, but they can be irrelevant in detecting changes in
community composition because they do not give any
information about the identities of the community members
(Cao et al. 1997). Furthermore, a reduction in diversity under
multiple-stress conditions cannot be related to a specific
disturbance, leading to uncertainties in the interpretation of the
effects and confounding factors, or natural variation (Bunn
and Davies 2000; Bervoets et al. 2005).
A new challenge facing aquatic scientists is the
assessment of ecosystem responses to multiple key pressures, in view of the European Water Framework Directive
(WFD) objectives (EU 2000). A vast array of chemicals can
be found worldwide in surface and groundwater; the
challenge is to reveal their impacts on natural communities
(Schwarzenbach et al. 2006). At present, however, the
potential environmental effects caused by the cocktail of
these substances in the environment are not understood well
enough (Calow and Forbes 2003). MODELKEY, an
international research project, has been created with the
aim of filling in the gaps in the interpretation of the role of
key pollutants in the aquatic environment (Brack et al.
2005). MODELKEY supports the development of statistical models to understand, diagnose and predict the effects
of toxicants at different levels of biological organisation. In
this way, predictive models focusing on the communitylevel of ecological organisation were carried out to
elucidate the response of aquatic invertebrate assemblages
to contaminants and environmental factors in the Scheldt
basin (Belgium).
Aquatic invertebrates have been widely used in bioassessment because they are reliable indicators of water
quality (Bonada et al. 2006), and it has been demonstrated
that they are potentially affected by toxic pollution (Schulz
and Liess 1999; Preston and Shackelford 2002; Friberg et
al. 2003; Liess and Von der Ohe 2005; De Zwart et al.
2009). Moreover, they are a crucial component of the
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aquatic ecosystems (Hellawell 1986), so they represent
good candidates for studying the cause-effect relationships
between ecological status and environmental pollution on a
basin scale.
Recently, sophisticated statistical methods such as Artificial Neural Networks (ANN) have appeared as very attractive
for ecological applications. ANN have proven to be efficient
tools by the use of self-organizing maps (SOMs) (Kohonen
1995, 2001) in detecting community patterns (Giraudel and
Lek 2001; Brosse et al. 2001; Park et al. 2006b; Song et al.
2007), as well as in the prediction of spatial assemblages
(Horrigan et al. 2005; Gevrey et al. 2004) using the
backpropagation algorithm (Rumelhart et al. 1986). Thus,
these methods would provide new insight in the exploration
of the sensitivity of community structures to environmental
pollution (Goethals et al. 2007). Because of their ability to
deal with complex nonlinear patterns between data (Lek et
al. 1995), they should enable chemical effects to be
distinguished from other stresses or natural variability, which
is the main difficulty in assessing the dose–response
relationships in large-scale studies (Liess et al. 2008).
This study focuses on the effects of chemical pollution
on the distribution of aquatic invertebrate assemblages in
the Scheldt basin, Belgium. The main objectives were to (i)
identify the relative importance of the environmental and
toxic stress variables on observed patterns in stream aquatic
invertebrate assemblages and (ii) discuss the utility of the
ANN modelling method at a community level as a valuable
tool to assess the biological impact of toxicant exposure
under field conditions.

2 Materials and methods
2.1 Database
The aquatic invertebrate distributions were provided by the
MODELKEY water column database that contained 489
samples collected between 2000 and 2004 in 264 unique
locations. The study area covered four subbasins in the
Flemish part (Belgium) of the Scheldt basin (Fig. 1). These
samples were derived from routine surface water surveys
according to the method required by the Belgian Biotic
Index (NBN, 1984) and the taxonomic level of the
invertebrate taxa were adjusted to the family level (Von
der Ohe et al. 2009).
Twelve physicochemical parameters and two indicators
for toxic pressure were extracted from the database
(Table 1). The two toxic estimates were expressed as the
multi-substance potentially affected fraction of species
(msPAF) for all toxicants measured in the water phase,
including pesticides, pharmaceuticals, household product
constituents, heavy metals and other organic and inorganic
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Fig. 1 Localisation of the study area in Europe, the studied Scheldt subbasins and the geographic distribution of the sampling sites

chemicals, and by the industrial msPAF (ImsPAF) for a
subset of industrial toxicants, ranging from heavy metals to
ammonia and general organic substances (De Zwart and
Posthuma 2005, De Zwart 2006). A total of 335 metal and
organic compounds of industrial origin and pesticides have
then been considered, but without full coverage (not all
compounds at all sites in all years; see De Zwart et al. 2009,
for details on toxicants site–year combination concentration
data and derived toxic pressure calculations of compounds
and mixtures).
Given the mutual interactions of thousands of chemicals
in an environment with millions of biological species, the

use of msPAF provides a basis for reducing such
complexity in grouping the compounds according to their
toxic modes of actions and by applying the concepts of
bioavailability correction, species sensitivity distribution
(SSD) and mixture toxicity evaluation.
2.2 Aquatic invertebrate community assemblages
The aquatic invertebrate assemblages used in this study
have been patterned with a SOM, an unsupervised artificial
neural network classification technique (Kohonen 1995,
2001). Based on 76 taxa (taxa occurring at less than 3% of
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Table 1 Mean values of the water characteristics for the different community clusters and mean, minima and maxima water characteristics of the
total sampling sites
Variables

Units

Clusters
1

2

3

4

5

Mean

Min

Max

Ammonium
Biochemical oxygen
demand (BOD)
Conductivity

μg/L
μg/L

1645.95
2831.95

774.02
4122.86

706.31
2193.81

2123.03
4902.11

6545.19
21627.94

2498.4
7650.16

15.13 - (3)
1000.00 - (2-3)

41807.50 - (5)
188714.30 - (5)

μS/cm

760.39

580.29

657.42

921.73

1430.4

900.47

158.27 - (3)

15015.79 - (5)

Dissolved oxygen (DO)
Kjeldahl_nitrogen
Nitrate
Orthophosphate
Oxygen saturation (OS)
pH
Phosphorus
Suspended matter (SM)
Temperature
multi-substance Potentially
Affected Fraction of
species (msPAF)
Industrial multi-substance
Potentially Affected
Fraction of species
(ImsPAF)

μg/L
μg/L
μg/L
μg/L
%
μg/L
μg/L
°C
-

7554.05
2840.89
4619.77
387.48
69.45
7.59
788.64
35612.03
11.8
0.03

8540.21
2755.62
4694.36
174.45
77.34
7.6
1094.95
58129.18
10.98
0.02

7746.15
1761.64
2397.16
157.95
72.51
7.46
547.32
23496.04
12.92
0.04

5764.49
4070.24
4017.9
336.66
54.03
7.64
874.52
55659.01
13.44
0.06

4929.61
9519.44
2379.9
913.66
45.57
7.56
1771.37
61824.88
12.58
0.05

6735.47
4251.54
3043.89
401.03
62.63
7.54
964.55
41847.52
12.69
0.044

1050.00 - (5)
550.00 - (2-3)
125.00 - (5)
10.50 - (1)
10.05 - (5)
6.03 - (2)
122.64 - (2)
3712.50 - (3)
9.30 - (2)
0.000034 - (3)

11058.00 - (3)
47066.67 - (5)
13056.36 - (5)
6598.33 - (5)
100.92 - (3)
9.20 - (5)
17290 - (2)
644181.8 - (5)
18.08 - (5)
0.34 - (5)

-

0.02

0.01

0.03

0.03

0.03

0.029

0.000034 - (3)

0.25 - (5)

The cluster numbers where the minimum and maximum values were found after the SOM are indicated in brackets.

sites were not included), five distinct clusters have been
identified. This patterning of community assemblages has
been described in a previous study (Gevrey et al.
submitted). The mean water characteristics related to
the different assemblages are summarized in Table 1.
According to Gevrey et al. (submitted), the water quality
status was concordant with the biological and functional
characteristics defined for each assemblage. Clusters 1, 4
and 5 presented high levels of conductivity, nitrogen,
phosphorus and lower dissolved oxygen and oxygen
saturation values, and were associated with families
typically tolerant to pollution and dominated by deposit
feeders. Cluster 5 appeared as the most impacted assemblage. On the contrary, clusters 2 and 3 were characterized
by the cleanest water status and for cluster 2, the lowest
msPAF values, sensitive taxa and very diverse functional
feeding groups.

set of input variables in learning machine systems allowed
the identification of general data trends (D’heygere et al.
2003). The physical–chemical variables, temperature, pH,
conductivity, nitrate and suspended matter concentration
were kept unchanged. The initial variables, biochemical
oxygen demand, ammonium, Kjeldahl nitrogen, orthophosphate and phosphorus, and on the other side dissolved
oxygen and oxygen saturation were summarized in two
new variables, respectively named “org” for organic
enrichment and “oxy” for oxygen availability. Similarly,
the two toxic stress variables were compiled into one
simple one called “tox”.
The eight descriptors obtained were used to predict the
five aquatic invertebrate community clusters of the 489
sites of the data set. Prior to the optimisation process, the
independent variables had been standardized to z scores to
ensure that all the variables received equal weighting in the
training process (Goethals et al. 2007).

2.3 Environmental predictors
2.4 Statistical methods
Due to redundancies among environmental variables, we
separately subjected three groups of them to principal
component analysis to derive a synthesized set of composite variables. Whereas the ANN methodology is not
sensitive to correlation in the data set, the use of a reduced

2.4.1 Model construction
The prediction of the community assemblages was obtained
using a single hidden-layer feedforward multilayer percep-
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tron trained by the backpropagation algorithm (Rumelhart
et al. 1986). The architecture of this neural network
consisted of three layers of neurons: the input layer, the
hidden layer and the output layer. The input layer contained
eight neurons, one for each of the independent variables.
The output layer was composed of five neurons, according
to the number of clusters or dependant variables to be
predicted. The number of neurons of the hidden layer has
been optimized empirically by comparing the performances
of different networks. The final network contained six
hidden neurons. Each neuron of the neural network is
connected to all neurons from adjacent layers by weighted
links. These connections propagated signals from the input
layer through the hidden layer to the output layer, whereas
the intensity of the signal transmitted is modulated by the
weight. During the training process, the initial weights that
had been randomly assigned at the beginning were
iteratively adjusted, layer by layer, to minimize the mean
square error between the prediction computed by the
network and the observations. The sequential operations
of propagation and backpropagation of the signal were
repeated until this error reached the minimum.
2.4.2 Model performance
We used a cross-validation procedure to assess the accuracy
of the predictive model on independent data (Lek and
Guégan 1999). We randomly selected two-thirds of the data
for the network training and one-third for independent
model testing.
The performance measures were evaluated using three
metrics: (i) the correct assignment score, which is the
percentage of cases where the assemblages are correctly
classified; (ii) the Cohen’s κ coefficient of agreement
(Cohen 1960) and its associated p value to assess if the
prediction accuracy of the model differed from expectation
based on chance alone and to indicate the degree of
agreement (Landis and Koch 1977); (iii) the area under
the receiver operating characteristic curve (AUC) (Bradley
1997; Hanley and McNeil 1982). The AUC quantifies the
trade-off between sensitivity and the false-negative rate for
each class prediction. The overall AUC is obtained by
summing the AUC over the different classes weighted by
the class prevalence in the data (Provost and Domingos
2001).
2.4.3 Relative contributions
Following the methodology of Olden and Jackson (2002b),
the variable contributions were determined as the product
of the hidden-input and hidden-output connection weights
between each input neuron and output neuron and then
summing the products across all hidden neurons. Then, the
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relative contributions were calculated by dividing the
absolute value of each of the variable contribution values
by the sum of all absolute contribution values.
2.4.4 Modelling procedure
The ANN model was run 1000 times, with different
randomly chosen samples in the training and in the testing
data sets to test the reliability of the results. The
performance measures and the relative contributions were
averaged across all the simulations.
Matlab and R programming language were both used for
the different analyses done in this study.

3 Results
3.1 Prediction of community assemblages
The ANN showed a good predictive ability with a global
AUC of 0.89 and 74.42% of samples being correctly
classified (Table 2). Cohen’s κ coefficient was 0.64,
indicating good agreement between assemblages predicted
by the ANN and the corresponding expected clusters
defined by the SOM, and all predictions were significant
(p<0.05).
Considering the clusters individually, the AUC values
were always greater than 0.7, whereas the correct classification rates were moderate for clusters 1 and 2 with values
of 46.72% and 45.11%, respectively. Among the clusters,
cluster 3 and 5 were the best predicted with AUC above
0.90 and correct predictions of about 84%. By contrast,
other clusters showed lower prediction measures and higher
standard deviations, especially for the correct classification
rate of cluster 2.
3.2 Contribution of predictor variables
The nitrate concentration is the most important factor in
determining cluster 1, followed by temperature and oxygen
availability, represented by “oxy” (Fig. 2). For cluster 2, the
organic load, represented by “org”, and temperature are the
most important variables, followed by oxygen availability.
These three factors are also the most relevant for clusters 3
and 5, where the oxygen availability is second in rank of
importance. For cluster 5, the organic load accounts for
about 40% of the variation explained, while the relative
contributions of oxygen availability and temperature are
below 15%. For cluster 4, the oxygen availability is the
most contributing factor, followed by the concentrations of
nitrate and suspended matter. The toxicity, characterized by
“tox”, never showed contributions above 7% for all
clusters.

1474
Table 2 Global and individual
cluster performance measures
of artificial neural network
models estimated with AUC,
score and Cohen’s κ coefficient
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Clusters

Number of samples
Prevalence
% Correct classification
Cohen's κ
AUC

The numbers in brackets are
standard deviations.

Global

1

2

3

4

5

52
0.11
47
(11)
-

29
0.06
45
(21)
-

203
0.42
84
(4)
-

84
0.17
65
(10)
-

121
0.25
85
(6)
-

0.73
(0.07)

0.89
(0.07)

0.91
(0.02)

0.88
(0.04)

0.94
(0.02)

4 Discussion
In the present study, the relationship between physicochemical and toxicological stress factors and aquatic invertebrate
community structure has been identified. Most aquatic
systems are subject to several types of disturbances,
interacting in a complex way, and assessing the impacts
of pollutants requires improved analytical and modelling
tools (Schwarzenbach et al. 2006). Hence, multistress
analyses are necessary to determine the relationship
between impacts and potential causes (Vinebrook et al.
2004; Preston and Shackelford 2002). However, the major
challenge remains the development of models able to
predict the potential effect of toxic compounds separately
from the ecological impact of other factors such as
eutrophication, physical–chemical parameters or habitat
degradation (Brack et al. 2009). The application of
bioinformatic approaches offers new possibilities in which
the high degree of internal complexity is accepted as an
inherent property (Van Straalen 2003). The use of ANN
subsequently appeared as a promising method to predict the
effects produced by economic activities in the river basin,
as addressed by the WFD (Agostini et al. 2006). Furthermore, because organisms are exposed to complex chemical
mixtures rather than isolated pollutants, the use of overall
toxic pressure estimates decreases the level of complexity
in predicting the mixture toxicity and enhances our ability
to clarify the links between toxicants and community
alterations in the field (Posthuma and De Zwart 2006).
The use of combined ecotoxicological, ecological and
statistical models in concert appears to be crucial in
assessing the potential toxic effects of exposure to chemical
mixtures in complex ecological systems.
As part of the process of identifying pressures, the listing
of significant impacts on invertebrate communities is
required (Logan and Furse 2002). Our results reveal that
the toxicity due to contaminants in the water phase does not
seem overly important for predicting the effects on species
assemblages; however, the species assemblage in cluster 2

489
74
(3)
0.64
(0.05)
0.89
(0.03)

is characterized by the lowest toxicity level. The most
important variables are associated with organic pollution
such as the organic load, oxygen availability and temperature as well as the nitrate concentration for the assemblages in cluster 1 and 4. Whereas the variable “org” mainly
reflects domestic and industrial sources, the nitrate concentration is related to agricultural sources or to the oxygen
status that determines the nitrification process, indicating
various anthropogenic pressures related to the different
assemblages. The high mean values of ammonium
(2498.4 µg/l), nitrate (3043.89 µg/l) and orthophosphate
(401.03 µg/l) point to a consequent nutrient enrichment at
the basin scale. Moreover, all the mean oxygen saturation
values observed in the different assemblages are lower than
80%, and only about 54% and 45% for clusters 4 and 5,
respectively. The mean toxic pressure values ranged
between 2% of the expected biological impact for assemblage 2 and 6% for assemblage 4 and between 1% and 3%
regarding only the industrial toxicants. Consequently, it
could be concluded that the water quality characteristics are
thus more important than toxic pollution of the water phase
at the sampling sites. The biological alterations observed at
the community level could be mainly imputed to organic
pollution and oxygen depletion rather than toxic stress.
These results are in accordance with previous studies
carried out on the Scheldt basin. De Zwart et al. (2009)
showed that the biological impact assigned to the toxic
pressure was below 10% in the majority of sites studied,
while Gabriels et al. (2007) and D’heygere et al. (2003)
found that the organic pollution was clearly correlated with
variations in benthic invertebrate communities.
ANN methodologies have already been employed in the
field of quantitative structure–activity relationships in
aquatic toxicology for carrying out toxicity assessment
studies for very diverse lists of chemicals and organisms
(Kaiser 2003). However, the use of this method in this
research area is scarce. A large number of innovative
analytical techniques have been promoted as powerful
alternative to traditional approaches for modelling ecolog-
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ical data as classification tree, support vector machines,
random forest and so on. These techniques have often been
compared to ANN (Olden and Jackson 2002a; Moisen and
Frescino 2002) and are then now used in consensus with
ANN for more robust forecasts (Araujo and New 2007).
However, our aim in this study was to use a powerful
method able to overcome nonlinearity associated with
ecological data (Lek and Guegan 2000) and flexible to
modelling these complex type of data. ANN appeared then as a
good candidate, notably with the calibration of ANN internal
parameters that permits to reach these goals. A major drawback
of ANN has long been their “black-box” type model. The
ability to gain explanatory insights into the prediction process
was missing. Two recent advancements such as the studies of
Gevrey et al. (2003) and Olden et al. (2004) have illustrated
that now ANN have the ability to identify individual and
interacting contributions of the predictor variables using a
combination of quantitative approaches, such as the use of
connection weights. In our study, ANN demonstrated that
they have the potential to offer insight into the relationship
between different stressors and biological communities, and
particularly to discriminate between toxic and organic
pollution. In increasing the transparency of the effects of
environmental pollutions on natural aquatic communities, this
approach appeared as a valuable tool to be extended in
ecotoxicology to assess the effects of toxicants.
The reliability of our result can however be discussed
due to several sources of inevitable uncertainty. One source
of uncertainty can come from the taxonomic resolution
which may also mask the real toxicity impact (Verdonschot
2006). In fact, the level of identification may act as
confounding factor when affected species are replaced by
other ones within the focused taxa (Liess et al. 2005).
In addition, whereas studying ecological effects at the
community level maximize the likelihood of detecting
effects on sensitive species and also overall community
changes, by predicting the assemblages instead of the
species, simplified results are obtained. Future research
concentrating on an approach employing all taxa at once
(Olden et al. 2006) could be envisaged to explore more
specifically the aquatic invertebrate responses. In view of
the fact that species exhibit a wide range of sensitivity to
compounds (Relyea and Hoverman 2006), and given also
the numerous indirect effects due to biological and
chemical interactions (Fleeger et al. 2003), several difficulties would have to be tackled to interpret the model results,
but the approach would be very promising. Moreover, the
use of a larger set of input variables, including structural
factors reflecting habitat features, anthropogenic modifications and sediment quality, could provide an improvement
in predictive models. It is effectively possible that other
factors not considered in the current study also influence
aquatic invertebrate assemblages, such as catchment and
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habitat features (Newell et al. 2006), especially given the
chanalised character of the Scheldt and these tributaries
(Von der Ohe et al. 2009). These factors have to be
characterised and understood correctly in order to reduce
the uncertainty and increase the power of toxicity detection
in monitoring and field studies. In particular, site-specific
parameters which may have an important influence of
habitat have to be considered in the prediction of effects.
However, D’heygere et al. (2003) have demonstrated that
the pollution in Flanders was currently more important for
the benthic invertebrates than the natural and structural
variability of watercourses. On the other hand, De Zwart et
al. (2009) showed that a considerable amount of the impact
on aquatic invertebrate biodiversity is attributable to
unknown factors such as unidentified toxicants. This could
explain the lower rate of correctly classified instances in
clusters 1 and 2, whereas the prevalence also influenced the
predictive performance of the models.
Finally, a historical perspective has always to be taken
into account in assessing the effects of combined pressures,
with the present status of aquatic ecosystems reflecting
centuries of environmental disturbances (Nedeau et al.
2003; Brunberg and Blomqvist 2001). The Scheldt basin
is characterized by early industrial and urban development
and has been influenced by very high nutrient discharges
during the 20th century (Billen et al. 2005). In addition,
although water quality has improved significantly over the
last 20 years due to wastewater treatment policies, the
fluxes of nutrients and the oxygen depletion were still very
high in many areas of the drainage network (Abril and
Frankignoulle 2001; Billen et al. 2005; Buysse et al. 2008).
This indicated that the response of aquatic invertebrates to
toxic pollution may be underestimated due to the influence
of high levels of organic matter in the Scheldt basin.
Similarly, uncertainties in assessing the potential toxicity
affecting the biological community may lead to estimates
that are not fully representative of the observed impact.
Therefore, the highly variable coverage of toxicants
identified in each sample and the chemical monitoring
assessment employed (De Zwart et al. 2009; Von der Ohe et
al. 2009) as well as the assumption of the representativeness of the species used to generate the estimated toxic
risks through the SSD may affect the ability of the model to
recognize any patterns that were toxicologically important.
Because variations in community assemblages are due to
resulting interactions between environmental parameters
and biological characteristics, an adequate assessment of
toxic impacts implies to deal with physicochemical as well
as biological confounding factors. Such an evaluation
requires to be performed at sufficient spatial and temporal
scale to allow potential effects to be detected. Taking into
account whole communities may then help to link toxicant
exposure to biological alterations. However, the measure of
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chemical compounds concentrations in the field are not
enough to explain the observed effects under multiple-stress
conditions. The use of powerful statistical methods in
combination to ecotoxicological expertise could then be the
way to elucidate the effects of other stressors and thus
isolate potential effect of toxicity. As a fact, the methodologies proposed in our study could provide an enhanced
basis for understanding and predicting toxic effects on a
large spatial scale and represent promising applications to
the environmental objectives of the WFD.
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