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Self-Organizing Maps have been used on monitoring sites in several Scheldt sub-basins to identify the
main aquatic invertebrate assemblages and relate them to the physico-chemical and toxic water status.
12 physico-chemical variables and 2 estimates of toxic risk were available for a dataset made up of a total
of 489 records. Two of the ﬁve deﬁning clusters reﬂecting a relatively clean environment were composed
by very well diversiﬁed functional feeding groups and sensitive taxa. The cleanest assemblage was
mainly linked to the sites from the Nete sub-basin. The three other clusters were inversely described
with a dominance of oligochaetes and deposit feeders as well as a bad water quality.
Such an analysis can be used to support ecological status assessment of rivers and thus might be useful
for decision-makers in the evaluation of chemical and toxic water status, as required by the EU Water
Framework Directive.
Ó 2010 Elsevier Ltd. All rights reserved.
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1. Introduction
Natural water is an important resource for industry, agriculture,
recreation and drinking water but represents also crucial habitats
for many different types of wildlife. Nevertheless, increasing
problems with regard to water quantity and quality led to the
development of an integrated approach for water management,
including all water-related impacts (Achleitner et al., 2005) as the
amendment of the European Water Framework Directive (WFD)
(EU, 2000). One of the main objectives of this directive is the
achievement of a “good ecological status” in all water bodies of the
European Union. The WFD qualiﬁes the status of aquatic ecosystems based on traditional hydromorphological, physico-chemical
and biological parameters and on priority pollutant concentrations.
In order to support the WFD by proposing some tools able to
identify the causes of insufﬁcient ecological status, a European
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Integrated Project within the Sixth Framework Programme called
MODELKEY started in 2005 (Contract No. 511237-GOCE, http://
www.modelkey.org/). MODELKEY stands for “Models for assessing and forecasting the impact of environmental key pollutants on
freshwater and marine ecosystems and biodiversity” (Brack et al.,
2005).
Aquatic communities are rapidly disturbed by modiﬁcations in
the physical or chemical quality of rivers (Hellawell, 1986). Chemical
pollution is a well-known factor that may cause a decline in biodiversity in freshwater ecosystems. However, the diagnosis, prediction and forecasting of toxic impacts require discrimination from
other stresses and for reliable causeeeffect relationships between
chemical pollution and biodiversity decline (Brack et al., 2005).
As mentioned by Brack et al. (2009), the applicable tools
routinely used for the analysis of the role of toxicant mixtures in
affecting the ecological status are still limited, even though toxic
pollution can be of particular local and regional signiﬁcance,
despite the importance of hydromorphology and eutrophication.
One of the objectives of this project is the development of integrated diagnostic effect models based on the patterns of aquatic
communities and applying new modeling tools such as Artiﬁcial
Neural Networks (ANNs).
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To the best of our knowledge, ANNs are not commonly used in
the ﬁeld of stress ecology. Most of the studies deal with toxicological data (see Dohnal et al., 2005 for a review) as for example on
acute toxicity data (Schultz et al., 2003), or ANNs have been used as
external statistical validations of a QSAR model (Papa et al., 2005).
However, ANNs have been widely applied in interpreting complex
and non-linear phenomena in computer and electronic engineering
(e.g. Lippmann, 1987; Zurada, 1992). They have also been successfully used over the last few decades in ecology (Lek and Guegan,
2000; Recknagel, 2003). More precisely, the Self-Organizing Map
(SOM) (Kohonen, 1982), which is an unsupervised algorithm of an
ANN family, is an efﬁcient method when non-linear relationships
are present in complex data to be analysed (Lek et al., 1996; Park
et al., 2003a). SOMs are used widely for knowledge discovery,
pattern recognition, clustering and the visualization of large
multidimensional datasets (Ferran and Ferrara, 1992; Chon et al.,
1996). A SOM provides an alternative to traditional statistical
methods such as Principal Component Analysis, Polar Ordination,
Correspondence Analysis and Multidimensional Scaling (Foody,
1999; Giraudel and Lek, 2001; Brosse et al., 2001). The SOM
methodology has been used in ecology for data organization and
classiﬁcation into groups (e.g. Park et al., 2003b; Gevrey et al., 2004;
Worner and Gevrey, 2006). A SOM is used in this study in order to
identify characteristic aquatic invertebrate assemblages of a river
basin and to characterize the ecological status of a river by relating
these assemblages to a collection of physico-chemical and toxicity
variables.
Due to their diversity of forms and habits, aquatic invertebrate
communities potentially respond in many different ways to environmental stresses and therefore there is a long history of their use
to assess the quality of aquatic ecosystems (Rosenberg and Resh,
1993). These organisms are ubiquitous, conﬁned for the most part
to one locality of the river bed, and relatively easy to collect,
manipulate and identify. In addition, aquatic invertebrates are
relatively quick to react to changes (Hellawell, 1986). As a result,
several biotic indices based on aquatic invertebrates have been
established (e.g. Belgian Biotic Index (De Pauw and Vanhooren,
1983); Indice Biotique Global Generalisé (Association française de
normalisation, 1985)). However, information about how these
metrics indicate speciﬁc disturbances is lacking (Suter, 1993;
Metzeling et al., 2006). A few metrics were created to assess
speciﬁc types of stress (e.g. Acid Waters Indicator Community
Index: Davy-Bowker et al., 2005; Species at Risk Index for Pesticides: Liess and Von der Ohe, 2005; Nutrient Biotic Index: Smith
et al., 2007). Nowadays, efforts are made on the ordination of
communities and on determining deviations from reference
conditions (Marchant et al., 1997; Beketov et al., 2009) that can be
predicted with statistical methods, as shown in RIVPACS (Wright
et al., 1993). The effects of toxicants on aquatic invertebrate
communities are difﬁcult to detect (Liess and Von der Ohe, 2005).
Most of the studies focused on single species populations
(Hellawell, 1986) and the effects of one kind of toxicant (Liess and
Schulz, 1999). Difﬁculties in the prediction of toxic effects arise
from four principal causes: ﬁrstly, toxicants cause complex and
hardly predictable indirect effects in aquatic ecosystems (Preston,
2002; Fleeger et al., 2003); secondly, the large number of toxicants may lead to a lack of data on their toxic properties (de Zwart,
2002); thirdly, there is hardly enough knowledge available to
accurately predict the combined action of the toxicants that are
present in the environmental cocktail (de Zwart, 2005), and
fourthly, toxic action is largely dependent on bioavailability, which
is hard to predict as a function of the toxicant and the environmental properties (de Zwart et al., 2009). In the present study, the
toxic impact is predicted by using a model index representing
the toxic risk induced by mixtures of compounds expressed as the

multiple substance Potentially Affected Fraction of species (msPAF)
(Posthuma and De Zwart, 2006). The msPAF approach estimates the
direct toxic impact combined for multiple substances, based on the
application of a chain of simple models considering bioavailability,
differences in species sensitivity and mode of action dependent
mixture toxicity. These simple models may not result in fully
realistic predictions, but the results are deﬁnitely more realistic
than the results of models (e.g. exceedence of environmental
standards for individual chemicals, toxic unit summation) that
ignore one or more of these processes (Posthuma and De Zwart,
2006; de Zwart et al., 2009). This may help to increase realism in
the assessment of toxic pollution (Brack et al., 2009). In de Zwart
et al. (2009) the results of the msPAF calculations derived from
the same dataset are discussed in detail.
Our aim is to explore on a large scale, the links which could exist
between the aquatic invertebrate assemblages and the physicochemical and toxic state of the Scheldt basin. The broad objective of
this paper is to show how assemblage-level data can be used in a riskbased framework to evaluate the ecological status of the studied
ecosystem, which, in turn, can be used to support environmental
decision-making.
2. Materials and methods
2.1. Sampling area description
The river Scheldt (Dutch: Schelde, French Escaut, Latin Scaldis, Fig. 1) is situated
in France, Belgium and the Netherlands. It is 350 km long and covers a catchment
area of about 21 000 km2, which is inhabited by 10 000 000 people (477 inhabitants/
km2). The river Scheldt is known as one of the most polluted river systems within
Western Europe, but the quality is improving following the installation of waste
water treatment plants in Belgium during the past and current decades. Four subbasins in the Flemish part of the Scheldt are considered in this study: BenedenSchelde, Boven-Schelde, Dijle-Zenne and Nete (Fig. 1).

2.2. Data available
The MODELKEY BASIN database contains historical data on physical and
chemical parameters as well as on macro-invertebrate taxa compositions, for
multiple sites and years, in three case-study river basins (von der Ohe et al., 2009).
The present analysis is restricted to the Flemish Scheldt River surface water subset
for data collected in the period between 2000 and 2004. Data on the French,
Walloon and the Dutch part of the Scheldt River basin were not available. The
database used is a compilation of 264 sampling sites, which have been sampled
either every 1, 2, 3 or 4 years, leading to 489 records (“siteeyear”) with maximum
concentration and macrofauna census data per year (Fig. 3).
2.2.1. Biota data
Aquatic invertebrate data were ﬁrstly collected for a Belgium-wide survey
program to evaluate the Belgium Biotic Index (BBI). The BBI method is a standardised
method to assess the biological water quality based on the aquatic invertebrate
community. It was proposed by De Pauw and Vanhooren (1983) and accepted as
a standard method by the Belgian Institute of Normalisation (IBN, 1984). The
sampling procedure was based on a semi-quantitative approach (for more information, see Gabriels et al., 2005) which enabled comparisons between sites. The
applied taxonomic resolution was mostly at the family or genus level. Before analysing the data, all the genera were compiled into their respective families. In order
to avoid noise created by rare families (Reece et al., 2001), all families which were
never above an abundance of 10 individuals in the overall database were deleted.
Thus, the ﬁnal biological databases contained 76 families for the water samples.
Functional feeding group (FFG) traits for each aquatic invertebrate family have
been deﬁned. Expressing communities as combinations of functional trait characteristics rather than combinations of species would then yield a more relevant
description of ecosystem structure and function (Van den Brink, 2008). We used
a fuzzy coding procedure (Chevenet et al., 1994) to describe the link between a taxon
and the feeding habit, providing information both on the amplitude of the taxon
preference and tolerance and on the intensity of the link for each modality. These
FFG scores related to the taxon were found in Tachet et al. (2000). It also allowed the
use of different taxonomic resolution with the method described in Doledec et al.
(2000). In the current study, the afﬁnities of the species to the categories of the
FFG trait have been cumulated at the family level. The afﬁnities of each family to the
categories of the FFG trait were then transformed into frequency distributions and
then multiplied by their abundances at each sampling site.
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Fig. 1. The Scheldt catchment area in Belgium and its four sub-basins (Beneden-Schelde, Boven-Schelde, Dijle-Zenne and Nete) concerned in this study, represented in different gray
colors.

Table 1
Overview of the available toxic and chemical variables, their mean values and minima and maxima. The cluster numbers where the minimum and maximum values were found
after the SOM are indicated in brackets.
Variables

Units

Mean

Min

Ammonium
Biochemical Oxygen Demand (BOD)
Conductivity
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 (ImsPAF)

mg/L
mg/L
mS/cm
mg/L
mg/L
mg/L
mg/L

2498.4
7650.16
900.47
6735.47
4251.54
3043.89
401.03
62.63
7.54
964.55
41 847.52
12.69
0.044

15.13
1000.00
158.27
1050.00
550.00
125.00
10.50
10.05
6.03
122.64
3712.50
9.30
0.000034

%
e
mg/L
mg/L

C
e
e

0.029

Max
e
e
e
e
e
e
e
e
e
e
e
e
e

(3)
(2e3)
(3)
(5)
(2e3)
(5)
(1)
(5)
(2)
(2)
(3)
(2)
(3)

0.000034 e (3)

41 807.50
188 714.30
15 015.79
11 058.00
47 066.67
13 056.36
6598.33
100.92
9.20
17 290
644 181.8
18.08
0.34

e
e
e
e
e
e
e
e
e
e
e
e
e

(5)
(5)
(5)
(3)
(5)
(5)
(5)
(3)
(5)
(2)
(5)
(5)
(5)

0.25 e (5)

3212

M. Gevrey et al. / Environmental Pollution 158 (2010) 3209e3218

2.2.2. Water chemistry and toxicity
The abiotic data concern the concentrations of a suite of physico-chemical
parameters (a total of 335 compounds, consisting of metals, organic compounds
from industrial origin and pesticides), but without full coverage (not all
compounds are measured at all sites in all years: see de Zwart et al., 2009 for
details on toxicants siteeyear combination concentration data and derived toxic
pressure calculations of compounds and mixtures).
Classical chemical variables used in this study and their abbreviations can be
found in Table 1.
The combined exposure of a diverse mixture of toxicants has been converted to
a single estimate of toxic risk for ecosystem integrity, expressed as the fraction of
species that is exposed to a mixture with concentrations potentially leading to a certain
level of effect. This measure of risk is called the multi-substance Potentially Affected
Fraction of species (msPAF) (de Zwart et al., 2006). The calculation methods were based
on the concept of Species Sensitivity Distribution (SSD), which considers that toxicants
affect an assemblage of species in the same manner as they affect individuals of
a unique species. Both ecotoxicological models of Concentration Addition (CA: all
compounds of the mixture have a simple similar action) and Response Addition (RA:
Compounds in the mixture can have an independent joint action) have been used.
(For more information, see de Zwart and Posthuma, 2005; de Zwart et al., 2006).

Calculations of msPAF are a promising way to increase the statistical power in
the attribution of observed effects to the underlying causes (due to reducing degrees
of freedom). In this study two different indices for overall toxic pressure have been
deﬁned. The ﬁrst index (msPAF) was to include all the toxicants measured and the
second (ImsPAF) was to include only the compounds of industrial origin.
2.3. Self-Organizing Map (SOM)
In order to extract the structure of the high-dimensional data formed by the
sample units (siteeyear), a method based on Artiﬁcial Neural Networks (ANNs)
using an unsupervised algorithm called Self-Organizing Map (SOM) (Kohonen,
2001) has been used. SOM performs a topology-preserving projection of the data
space onto a regular two-dimensional space.
SOM network is composed of two layers of neurons: the input and the output.
The input layer is associated to the dataset of samples. Each sample constitutes
a “sample vector” (SV) composed of components that are characterized by the
variables describing the sample. The input layer then has as many neurons as
variables in an SV. The output layer forms a map which is often in the form of
a rectangular grid with a certain number (C) of hexagonal lattices (“neurons” or
“cells”). Each cell of the output layer is linked to the neurons of the input layer by

Fig. 2. Pattern of aquatic invertebrate communities in the Scheldt river basin. (a) Self-Organizing Map (SOM) showing the ﬁve sampling site clusters established for four Scheldt
sub-basins based on the abundances of aquatic invertebrate families and deﬁned with a UPGMA hierarchical clustering analysis on the trained model. The number of sites from each
sub-basin classiﬁed into each cluster is noted; (b) Dendrogram of the clustering analysis representing the level of cluster number chosen.
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weightings. These weightings represent virtual values for each variable and they
form the “virtual vectors” (VV) of each cell of the output layer. Each output neuron is
then associated to a VV with the same number of components as the SV. The
principle is to classify the SVs, described by a set of variables on the map according to
the similarities between the variables. Two SVs that are similar (from a variable
point of view) are classiﬁed in the same cell of the map or in neighbouring cells,
while two different SVs are classiﬁed in separate cells that could be distant from
each other.
The SOM learning algorithm can be summarized as follows:
(i)
(ii)
(iii)
(iv)

VV are initialised with randomly assigned values.
Using a distance measure, an SV is compared to these randomly VV.
This SV is then assigned to the nearest VV (the Best Matching Unit, BMU).
The values of this BMU are modiﬁed in order to be close to the values of the SV
that has been assigned to it. The VV values of the neighbouring cells changed
inversely with the value of the distance that separates the cells from the BMU.

This process is repeated sequentially for each SV and for a ﬁxed number of
iterations.
2.3.1. SOM implementation
In this study, the SOM method has been used to classify the Scheldt sites based
on their taxa assemblage similarities.
As suggested by the Laboratory of Computer and Information Science, Helsinki
University of Technology (Espoo, Finland), the optimal number C of cells in the
pﬃﬃﬃ
output layer can be approximately deﬁned using the formula C ¼ 5 n where n is
the number of SV. This number associated to the topographic error, an evaluation
criterion to quantify the topology preservation, helps to deﬁne the ﬁnal number of
neurons and the size of the map. The topology preservation represents the
proportion of all sample vectors for which ﬁrst and second BMUs are not adjacent
units.
The distance measure used in this study is the Bray and Curtis method (Bray and
Curtis, 1957). This distance was chosen because it is well-adapted to the data analysed, i.e. abundances of taxa. It calculates the similarity between two samples and
only takes into account the families that are present in at least one of the two
samples (Clarke and Warwick, 1994), which is especially suitable in this case owing
to the high number of double zeros in the data matrix.
The sampling sites data described by the 76 aquatic invertebrate families were
ﬁrst logged (x þ 1) and then ranged linearly in [0, 1] intervals. This step was
necessary in order to equalize the effect of each input variable on the ﬁnal SOM
output irrespective of the difference in their original range (i.e. variations in abundance), and to increase the information brought by rare taxa (Tison et al., 2005).
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2.3.2. SOM output
Several results could be extracted after the SOM training: (i) sampling site
distribution according to the similarities between the studied variables (here,
aquatic invertebrate families); (ii) clustering of the map cells composed of sampling
sites applying a hierarchical clustering analysis; (iii) using the smoothed values of
the variables; one map per variable, called component plan (here, one map per
invertebrate family) can be obtained as well as the virtual/modelled abundance of
the families in each cell that can be used for further investigation (iv) the distribution of a new variable (not used for the training of the SOM) by computing the
mean and standard deviation values of this variable in each cell.
The SOM simulator used in this study was accomplished using the Matlab
programming language and SOM toolbox (version 2.0 beta, Matlab 6.1) developed by
the Laboratory of Computer and Information Science, Helsinki University of Technology (http://www.cis.hut.ﬁ/projects/somtoolbox/documentation/somalg.shtml).
The indicator value method (INDVAL) was then used to identify the most
characteristic families of each group of sampling sites (Dufrêne and Legendre, 1997).
Its value varies from 0 to 1, and it attains its maximum value when all individuals of
a family occur on all the sites of a single group. The statistical signiﬁcance of the
indicator value was tested by a Monte Carlo randomization test with 1000
permutations.

3. Results
The non-linear projection of abundances data onto twodimensional space allowed the Scheldt sampling sites to be classiﬁed according to the similarity of their assemblages of aquatic
invertebrate taxa.
A series of maps was trained on the whole matrix which consisted of 489 sampling site records, each containing 76 values
relative to the abundance of the 76 aquatic invertebrate families. A
130-cell [13  10] map was chosen which was a good compromise
between the optimum number of cells (C ¼ 110) and the minimum
topographic error value (0.031) (Fig. 2a). The hierarchical clustering
analysis applied to the SOM results is represented by the dendrogram of Fig. 2b. The 489 sampling sites were classiﬁed into ﬁve
groups sharing similar abundances of aquatic invertebrate families
(Fig. 2). The choice of ﬁve clusters was made according to the Mean
Split Silhouette (MSS) criterion (Pollard and van der Laan, 2002)

Fig. 3. Scheldt basin map showing the pattern of 264 sites sampled one to four times between 2000 and 2004 leading to 489 records. The years of these sampling sites are
represented by the size of the circle while the colors differ according to the cluster to which they belong.
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Table 2
For each cluster, the aquatic invertebrate families for which the indicator values
(Indval) were signiﬁcant after a Monte Carlo randomization test with 1000
permutations (p-value) are shown with their associated Indval and p-values.
Family

Indval

p-value

Cluster 1
Ostracoda
Culicidae
Chironomidae

0.363
0.266
0.216

0.001
0.019
0.001

Cluster 2
Scirtidae
Nemouridae
Limnephilidae
Empididae
Veliidae
Limoniidae
Tabanidae
Elmidae
Hydrophilidae
Psychomyiidae
Tipulidae
Stratiomyidae
Aeshnidae
Ceratopogonidae
Ephydridae
Hydropsychidae
Hydrobiidae
Gammaridae
Sialidae
Baetidae
Simuliidae
Sphaeriidae
Lumbricidae
Colembola
Lumbriculidae

0.877
0.846
0.805
0.784
0.756
0.707
0.696
0.624
0.614
0.571
0.568
0.567
0.530
0.530
0.525
0.515
0.479
0.464
0.448
0.425
0.418
0.388
0.365
0.302
0.290

0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.003
0.001

Cluster3
Argulidae
Naucoridae
Caenidae
Noteridae
Piscicolidae
Ecnomidae
Leptoceridae
Haliplidae
Cambaridae
Aphelocheiridae
Gyrinidae
Gerridae
Acroloxidae
Platycnemididae
Bithyniidae
Corophiidae
Athericidae
Planorbidae
Valvatidae
Dendrocoelidae
Calopterygidae
Lestidae
Polycentropodidae
Coenagrionidae
Notonectidae
Dreissenidae
Phryganeidae
Ancylidae
Hydroptilidae
Corixidae
Dugesiidae
Hydridae
Planariidae
Nepidae
Lymnaeidae
Daphniidae
Hydracarina
Neritidae
Physidae
Dytiscidae

0.936
0.935
0.894
0.884
0.879
0.851
0.832
0.784
0.784
0.776
0.771
0.769
0.769
0.748
0.740
0.734
0.716
0.710
0.706
0.696
0.691
0.680
0.675
0.674
0.659
0.633
0.630
0.616
0.593
0.589
0.545
0.525
0.502
0.483
0.476
0.470
0.460
0.438
0.416
0.404

0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001

Table 2 (continued )
Family

Indval

p-value

0.348
0.320
0.319
0.296

0.001
0.001
0.001
0.001

Cluster 4
Nematoda
Copepoda
Tubiﬁcidae

0.371
0.362
0.263

0.001
0.001
0.001

Cluster 5
Psychodidae

0.310

0.011

Erpobdellidae
Asellidae
Naididae
Glossiphoniidae

and the Multiple Response Permutation Procedure (MRPP) (Mielke
et al., 1976). MSS has identiﬁed the number of 5 clusters as the level
of the tree with maximally homogeneous clusters while signiﬁcant
differences between these ﬁve clusters of sampling sites were
tested by MRPP (p < 0.001). These clusters were plotted on a map of
the Scheldt basin (Fig. 3) using different circle sizes and gray scales
to visualize respectively the year concerned and each cluster.
Globally minor changes were observed over the years, the same
color is often conserved for the same sampling site and its several
years of sampling. Only about 10% of cluster variation was observed
for the sampling sites that were recorded over several years. Cluster
3 is the biggest cluster representing 41.51% of the sampling sites
(203). Via a higher separation criterion, Cluster 3 is closely related
to cluster 2 which contains only 5.93% of the total number of sites.
Clusters 1, 4 and 5, that compose a second upper separation criterion comprised respectively of 10.63%, 17.19% and 24.74% of the
sites. Cluster 3 is mainly represented by sites in the Nete sub-basin
(65%) while the sites of this sub-basin represent only 24.1% of
cluster 2, 26.9% of cluster 1, 16.5% of cluster 5 and 9.5% of cluster 4.
Cluster 1 is mainly represented by the sites in the Dijle-Zenne subbasin (53.8%) as is cluster 5 (39.7%).
For each cell of the SOM map, and therefore each sampling site,
it was possible to deﬁne a virtual taxa assemblage. The indicator
values (Indval) of every individual taxon have been computed for
each cluster (Table 2). Some clusters are represented by only a few
families compared with the others, showing biodiversity differences between clusters. While cluster 1 and 4 have only three
indicator families and cluster 5 one, cluster 2 has 25 families and
cluster 3 has 44, among which 4 and 6 families respectively belong
to the Epheroptera, Plecoptera and Trichoptera orders. Moreover
the Indval values are lower than 0.37 for clusters 1, 4 and 5 while
the values started at 0.936 for cluster 3 and 0.877 for cluster 2.
The Functional Feeding Group ratio in each cluster has been
computed in order to compare the different clusters. In Fig. 4, FFG
(absorbers, deposit feeders, shredders, scrapers, ﬁlter feeders,
piercers, predators and parasites) ratios are presented in a pie chart
for each cluster. Clusters 1, 4 and 5 are mainly dominated by deposit
feeders (respectively 44, 60 and 49%) while this FFG represents only
17% for cluster 2 and 16% for cluster 3. Absorbers and shredders are
the two other FFGs that primarily compose cluster 4 (respectively 19
and 16%). Clusters 2 and 3 present an equilibrium of the different FFG
types. However, the dominant FFG types next to the deposit feeders
are the shredders (respectively 35 and 24%), the scrapers (respectively 19 and 16%) and the ﬁlter feeders (respectively 14 and 15%).
Finally, the mean and standard deviation of the set of chemical
and toxic variables per cluster have been computed and are presented as bar plots in Fig. 5. Cluster 5 has the highest average values
of ammonium (6545 mg/l), BOD (21 627 mg/l), conductivity
(1430 mS/cm), nitrogen (9519 mg/l), orthophosphate (913 mg/l) and
phosphorus (1771 mg/l) and the lowest value of oxygen saturation
(45.5%). The lowest average values of ammonium (704 and
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Fig. 4. Pie chart representing the functional feeding group ratios in each of the 5 clusters.

706 mg/l), conductivity (580 and 657 mS/cm), nitrogen (2755 and
1761 mg/l) and orthophosphate (174 and 157 mg/l) are observed
mainly in clusters 2 and 3, while for these clusters the values of
oxygen saturation (77 and 72%) and dissolved oxygen (8540 and
7746 mg/l) are higher than for the other clusters. The lowest msPAF
and ImsPAF values are observed for cluster 2 (0.018 and 0.014). Low
nitrate values are observed for clusters 3 and 5 (2397 and
2379 mg/l). In cluster 5 the standard deviations for most variables
are often larger than in the other clusters. In Table 1, the average
values of each variable as well as the minima and maxima are
summarized. The number of the cluster where the minimum and
maximum values have been found is also associated to each value.
The maximum values for ammonium, BOD, conductivity, nitrogen,
nitrate OP, pH, SM, temperature, msPAF and ImsPAF are in cluster 5
as well as the minimum values of DO, nitrate and OS. Cluster 2 and 3
contain mainly the minimum values of ammonium, BOD, conductivity, nitrogen, pH, SM, temperature, msPAF and ImsPAF and
maximum values of DO and OS.
4. Discussion
The development of tools for measuring and monitoring the
ecological status of a river based on aquatic species abundance is
part of the requirement of the European WFD. However, in order to

improve the evaluation of the water quality, an interdisciplinary
approach has to be employed, integrating chemical and biological
issues (Geiszinger et al., 2009).
This study showed that there is a clear link between the
biological and the chemical quality of aquatic ecosystems. Moreover, the environmental parameters that could be responsible for
the biological communities were highlighted. Thus this study
provided a better understanding of the relationships between the
impact of environmental pollution and the ecological status, as
addressed by the WFD (Brack et al., 2005).

4.1. Scheldt basin water quality characteristics
The ﬁve clusters that are identiﬁed by our study could be related
to different chemical status. Clusters 1, 4 and 5 form a ﬁrst main
group which is related to organic pollution (Figs. 2 and 5). From this
group, cluster 5 has been clearly detected as the most impacted,
where the highest BOD, ammonium, conductivity, nitrogen and
suspended matter values and the lowest dissolved oxygen and
oxygen saturation values were found. Clusters 2 and 3 seem to be
cleaner with the completely inverse situation. According to the
geographical Scheldt map, these two clusters are related to the Nete
sub-basin which is the cleanest sub-basin (OECD, 2007).
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4.2. Characteristics of aquatic invertebrate assemblages
Even if the taxonomic determination at the family level
decreases the information content in our analyses, it is also efﬁcient
when strong environmental differences or gradients occur
(Verdonschot, 2000) as we suspected in our study. Each of the 5
discriminated assemblages is characterized by a set of aquatic
invertebrate indicator families. The poorest clusters from a chemical
quality point of view are also the ones with the smallest number of
indicator families (3 for cluster 1, 3 for cluster 4 and 1 for cluster 5,
compared with 25 for cluster 2 and 44 for cluster 3). These indicator
families are also distinctive of poor quality sites as for example
Chironomidae or Tubiﬁcidae which are both very tolerant to low
levels of dissolved oxygen (Mattson et al., 2008) and organic toxicants (von der Ohe and Liess, 2004). At the contrary, sensitive
families to pollution belonging to the Ephemeroptera, Trichoptera
and Plecoptera orders are only found as indicator families of clusters
2 and 3 (e.g. Nemouridae, Limnephilidae or Polycentropodidae),
reﬂecting a better ecological status.
As mentioned by Liess et al. (2008), the use of species traits
seems to be a possible approach to allow the interpretation of
community changes under the inﬂuence of stressors.
Traits could effectively be an interesting approach to characterize
the functional composition of communities. Associated with speciﬁc
environmental gradients, predictive relationships between selected
traits and environmental stressors could be determined. That is why
the functional feeding group ratio has been calculated for each cluster
of aquatic invertebrate communities. This approach matches
perfectly with the previous ﬁndings where deposit feeders dominate
clusters 1, 4 and 5, while clusters 2 and 3 are well represented either
by ﬁlter feeders, scrapers, shredders or deposit feeders (Lillie et al.,
2003). In order to improve the quality of the biomonitoring applied
in this work and to better identify criteria protective of biological
integrity, the evaluation of the responses of multiple biological
endpoints from a variety of indicator groups across multiple trophic
levels could be investigated as suggested by King and Richardson
(2003). However, such a multi-factorial approach is difﬁcult to organize for practical reasons, as well as ﬁnancial and time constraints, or
they should be reduced to a smaller number of sampling sites.
4.3. Indices of potential toxicity
Ecosystems are usually exposed to complex mixtures of
compounds rather than to individual compounds. That is why the
use of concepts and tools that address toxic effects of mixtures are
pertinent such as the msPAF approaches applied in this work or, for
example, the toxic unit approaches (von der Ohe et al., 2009).
It should be realized that the prediction of the toxic impact as
generated by the msPAF approach is based purely on a statistical
evaluation of single species toxicity data without any ecological
veriﬁcation. The msPAF calculations are based on species sensitivity
distributions (SSDs), related to species composition and thus
ecosystem structure. Underlying the correct use of SSDs is a set of
assumptions concerning theory and application of SSDs (Forbes and
Calow, 2002). Whether these assumptions are met or violated in the
present study is not evaluated. However, complex eco-epidemiological evaluations repeatedly revealed a marked correspondence
between the msPAF prediction of impact and the observed impact
attributable to toxic action (Kapo et al., 2008; de Zwart et al., 2009).
Fig. 5. Bar plot of the mean and standard deviation of each chemical and toxic index
variable (see Table 1 for details) in each cluster: a) ammonium, b) biological oxygen
demand, c) conductivity, d) dissolved oxygen, e) nitrogen, f) nitrate, g) orthophosphate,
h) oxygen saturation, i) pH, j) phosphorus, k) suspended matter, l) temperature, m)
msPAF and n) ImsPAF.

4.4. SOM general applicability
In this study, the purpose of the research was to introduce
artiﬁcial neural networks to detect the main aquatic invertebrate
assemblages and their linkage to environmental conditions.
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The interpretation of the SOM algorithm makes it possible to obtain
visual correlations between toxicity or chemistry and the aquatic
invertebrate assemblages.
It was possible to distinguish groups of similar sampling sites
based on input data and makes SOM an alternative to the statistical
methods, such as cluster analysis, principal component analysis,
canonical correspondence analysis or redundancy analysis.
The SOM method shows its ability to produce an ordination of
sampling sites as well as a visualization of the relationships among
the aquatic invertebrate taxa in their contribution in the classiﬁcation. The component planes display could be comparable to
principal component analysis, with the advantage that the
discriminatory power of the taxa in the mapping procedure is more
directly described (Kohonen, 2001).
The SOM method is well-known and commonly used in several
biological areas. Successful results in aquatic community ecology
using such models have been well-documented (Park et al., 2003b;
Gevrey et al., 2004). This study highlights how these novel tools
could improve ecological risk assessments.
By providing a detailed quantiﬁcation of the assemblage status
with regards to the biological elements of it rather than focusing
only on affecting factors, a picture of quality can quickly be built
which accurately portrays the status in terms of ecological quality.
Then, once the relationship between water quality and biological
status is understood, the causes of biological impairments can be
evaluated and the relative contribution of the different stressors
identiﬁed (Comte et al., in press).
5. Conclusion
The strengths of our approach are the recognition of the main
aquatic invertebrate assemblages describing four Scheldt subbasins using a Self-Organizing Map and their linkage to speciﬁc
environmental features. The results are easy to interpret and
communicate to environmental decision-makers and the public.
Based upon these results, the SOM modeling approach seems to be
a promising assessment method to evaluate water quality. By using
other aquatic organisms, this process can offer a better insight into
the stressors affecting the ecological status. Moreover, other stress
criteria could be used in order to characterize the real causes of
a disturbance at a particular site.
Finally, once the description of the existing assemblages and of
their obvious relationship with the environmental pollution is done,
the prediction of effects of individual toxicants and mixtures on
biodiversity is now necessary and should be seriously considered.
Acknowledgments
This work was supported by the EU FP6 Integrated Project
MODELKEY (Contract No. 511237-GOCE). The authors thank the
Flemish Environmental Agency for making their data available to
the MODELKEY project. They also thank Mr. John Woodley for
reading their MS and the English corrections.
References
Achleitner, S., De Toffol, S., Engelhard, C., Rauch, W., 2005. The European water
framework directive: water quality classiﬁcation and implications to engineering planning. Environmental Management 35, 517e525.
Association, F.d.N., 1985. Essais des eaux. Détermination de l’indice biologique
global (IBGN). French Standard ‘Norme NF T90-350’.
Beketov, M., Foit, K., Schäfer, R.B., Schriever, C.A., Sacchi, A., Capri, E., Biggs, J.P.,
Wells, C., Liess, M., 2009. SPEAR indicates pesticide effects in streams e
comparative use of species- and family-level biomonitoring data. Environmental Pollution 57, 1841e1848.
Brack, W., Apitz, S.E., Borchardt, D., Brils, J., Cardoso, A.C., Foekema, E.M., van Gils, J.,
Jansen, S., Harris, B., Hein, M., Heise, S., Hellsten, S., de Maagd, P.G.-J., Muller, D.,

3217

Panov, V.E., Posthuma, L., Quevauviller, P., Verdonschot, P.F., von der Ohe, P.C.,
2009. Toward a holistic and risk-based management of European river basins.
Integrated Environmental Assessment and Management 5, 5e10.
Brack, W., Bakker, J., de Deckere, E., Deerenberg, C., van Gils, J., Hein, M., Jurajda, P.,
Kooijman, B., Lamoree, M., Lek, S., de Alda, M.J.L., Marcomini, A., Munoz, I.,
Rattei, S., Segner, H., Thomas, K., von der Ohe, P.C., Westrich, B., de Zwart, D.,
Schmitt-Jansen, M., 2005. MODELKEY e models for assessing and forecasting
the impact of environmental key pollutants on freshwater and marine
ecosystems and biodiversity. Environmental Science and Pollution Research 12,
252e256.
Bray, J.R., Curtis, J.T., 1957. An ordination of the upland forest communities of
Southern Wisconsin. Ecological Monographs 27, 325e349.
Brosse, S., Giraudel, J.-L., Lek, S., 2001. Utilisation of non-supervised neural network
and principal component analysis to study ﬁsh assemblages. Ecological
Modelling 146, 159e166.
Chevenet, F., Dolédec, S., Chessel, D., 1994. A fuzzy coding approach for the analysis
of long-term ecological data. Freshwater Biology 31, 295e309.
Chon, T.S., Park, Y.S., Moon, K.H., Cha, E.Y., 1996. Patternizing communities by using
an artiﬁcial neural network. Ecological Modelling 90, 69e78.
Clarke, K., Warwick, R., 1994. Changes in Marine Communities: an Approach to
Statistical Analysis and Interpretation. Plymouth Marine Laboratory, Plymouth.
Comte, L., Lek, S., de Zwart, D., de Deckere, E., Gevrey, M. Assessment of stream
biological responses under multiple-stress conditions. Environmental Science
and Pollution Research, in press.
Davy-Bowker, J., Murphy, J.F., Rutt, G.R., Steel, J.E.C., Furse, M.T., 2005. The development and testing of a macroinvertebrate biotic index for detecting the impact
of acidity on streams. Archiv Fur Hydrobiologie 163, 383e403.
De Pauw, N., Vanhooren, G., 1983. Method for biological quality assessment of
watercourses in Belgium. Hydrobiologia 100, 153e168.
de Zwart, D., 2002. Observed regularities in species sensitivity distributions for
aquatic species. Species Sensitivity Distributions in Ecotoxicology, 133e154.
de Zwart, D., 2005. Ecological effects of pesticide use in the Netherlands: modeled
and observed effects in the ﬁeld ditch. Integrated Environmental Assessment
and Management 1, 123e134.
de Zwart, D., Dyer, S.D., Posthuma, L., Hawkins, C.P., 2006. Predictive models
attribute effects on ﬁsh assemblages to toxicity and habitat alteration. Ecological Applications 16, 1295e1310.
de Zwart, D., Posthuma, L., 2005. Complex mixture toxicity for single and multiple
species: proposed methodologies. Environmental Toxicology and Chemistry 24,
2665e2676.
de Zwart, D., Posthuma, L., Gevrey, M., von der Ohe, P.C., de Deckere, E., 2009.
Diagnosis of ecosystem impairment in a multiple stress context e how to
formulate effective river basin management plans. Integrated Environmental
Assessment and Management 5, 38e49.
Dohnal, V., Kuca, K., Jun, D., 2005. What are artiﬁcial neural networks and what they
can do? Biomedical Papers (Olomouc) 149, 221e224.
Doledec, S., Olivier, J.M., Statzner, B., 2000. Accurate description of the abundance of
taxa and their biological traits in stream invertebrate communities: effects of
taxonomic and spatial resolution. Archiv Fur Hydrobiologie 148, 25e43.
Dufrêne, M., Legendre, P., 1997. Species assemblages and indicator species: the need
for a ﬂexible asymmetrical approach. Ecological Monographs 67, 345e366.
European Union, 2000. Directive of the European Parliament and the Council
Establishment a Framework for Community Action in the Field of Water Policy.
Legislative Acts and Other Instruments. ENV221 CODEC 513. European Union.
Ferran, E.A., Ferrara, P., 1992. Clustering proteins into families using artiﬁcial neural
networks. Computer Applications in the Biosciences 8, 39e44.
Fleeger, J.W., Carman, K.R., Nisbet, R.M., 2003. Indirect effects of contaminants in
aquatic ecosystems. Science of the Total Environment 317, 207e233.
Foody, G.M., 1999. Applications of the self-organising feature map neural network
in community data analysis. Ecological Modelling 120, 97e107.
Forbes, V.E., Calow, P., 2002. Species sensitivity distributions revisited: a critical
appraisal. Human and Ecological Risk Assessment 8, 473e492.
Gabriels, W., Goethals, P.L.M., De Pauw, N., 2005. Implications of taxonomic
modiﬁcations and alien species on biological water quality assessment as
exempliﬁed by the Belgian Biotic Index method. Hydrobiologia 542, 137e150.
Geiszinger, A., Bonnineau, C., Faggiano, L., Guasch, H., Lopez-Doval, J.C., Proia, L.,
Ricart, M., Ricciardi, F., Romani, A., Rotter, S., Munoz, I., Schmitt-Jansen, M.,
Sabater, S., 2009. The relevance of the community approach linking chemical
and biological analyses in pollution assessment. TrAC Trends in Analytical
Chemistry 28, 619e626.
Gevrey, M., Rimet, F., Park, Y.S., Giraudel, J.L., Ector, L., Lek, S., 2004. Water quality
assessment using diatom assemblages and advanced modelling techniques.
Freshwater Biology 49, 208e220.
Giraudel, J.L., Lek, S., 2001. A comparison of self-organizing map algorithm and
some conventional statistical methods for ecological community ordination.
Ecological Modelling 146, 329e339.
Hellawell, J.M., 1986. Biological Indicators of Freshwater Pollution and Environmental Management. Elsevier, London.
IBN, 1984. Biological Quality of Watercourses. Determination of the Biotic Index
Based on Aquatic Macroinvertebrates. Belgian Institute for Normalisation,
Brussels, Belgium, Volume: 11 pp., NBN T92-402 (in Dutch and French).
Kapo, K.E., Burton, G.A., De Zwart, D., Posthuma, L., Dyer, S.D., 2008. Quantitative
lines of evidence for screening-level diagnostic assessment of regional ﬁsh
community impacts: a comparison of spatial database evaluation methods.
Environmental Science and Technology 42, 9412e9418.

3218

M. Gevrey et al. / Environmental Pollution 158 (2010) 3209e3218

King, R.S., Richardson, C.J., 2003. Integrating bioassessment and ecological risk
assessment: an approach to developing numerical water-quality criteria.
Environmental Management 31, 795e809.
Kohonen, T., 1982. Self-organized formation of topologically correct feature maps.
Biological Cybernetics 43, 59e69.
Kohonen, T., 2001. Self-Organizing Maps. Springer, Berlin.
Lek, S., Delacoste, M., Baran, P., Dimopoulos, I., Lauga, J., Aulagnier, S., 1996. Application of neural networks to modelling nonlinear relationships in ecology.
Ecological Modelling 90, 39e52.
Lek, S., Guegan, J.-F., 2000. Artiﬁcial Neuronal Networks, Application to Ecology and
Evolution. Springer-Verlag, Heidelberg.
Liess, M., Schafer, R.B., Schriever, C.A., 2008. The footprint of pesticide stress in
communities e species traits reveal community effects of toxicants. Science of
the Total Environment 406, 484e490.
Liess, M., Schulz, R., 1999. Linking insecticide contamination and population
response in an agricultural stream. Environmental Toxicology and Chemistry
18, 1948e1955.
Liess, M., Von der Ohe, P.C., 2005. Analyzing effects of pesticides on invertebrate
communities in streams. Environmental Toxicology and Chemistry 24, 954e965.
Lillie, R.A., Szczytko, S.W., Miller, M.A., 2003. Macroinvertebrate Data Interpretation
Guidance Manual. Wisconsin Department of Natural Resources, Madison.
Lippmann, R.P., 1987. An introduction to computing with neural nets. IEEE Acoustics, Speech and Signal Processing Magazine April, 4e22.
Marchant, R., Hirst, A., Norris, R.H., Butcher, R., Metzeling, L., Tiller, D., 1997. Classiﬁcation and prediction of macroinvertebrate assemblages from running
waters in Victoria, Australia. Journal of the North American Benthological
Society 16, 664e681.
Mattson, V.R., Hockett, J.R., Highland, T.L., Ankley, G.T., Mount, D.R., 2008. Effects of
low dissolved oxygen on organisms used in freshwater sediment toxicity tests.
Chemosphere 70, 1840e1844.
Metzeling, L., Perriss, S., Robinson, D., 2006. Can the detection of salinity and habitat
simpliﬁcation gradients using rapid bioassessment of benthic invertebrates be
improved through ﬁner taxonomic resolution or alternative indices? Hydrobiologia 572, 235e252.
Mielke, P.W., Berry, K.L., Johnson, E.S., 1976. Multiresponse permutation procedures
for a priori classiﬁcations. Communications in Statistics A5, 1409e1424.
OECD, 2007. Environmental Performance Reviews: Belgium. 272 p. (see page 59).
Papa, E., Villa, F., Gramatica, P., 2005. Statistically validated QSARs, based on theoretical descriptors, for modeling aquatic toxicity of organic chemicals in
Pimephales promelas (fathead minnow). Journal of Chemical Information and
Modeling 45, 1256e1266.
Park, Y.S., Cereghino, R., Compin, A., Lek, S., 2003a. Applications of artiﬁcial neural
networks for patterning and predicting aquatic insect species richness in
running waters. Ecological Modelling 160, 265e280.
Park, Y.S., Chang, J.B., Lek, S., Cao, W.X., Brosse, S., 2003b. Conservation strategies for
endemic ﬁsh species threatened by the Three Gorges Dam. Conservation
Biology 17, 1748e1758.

Pollard, K., van der Laan, M., 2002. A method to identify signiﬁcant clusters in gene
expression data. In: Sixth World Multiconference on Systemics, Cybernetics and
Informatics, pp. 318e325.
Posthuma, L., De Zwart, D., 2006. Predicted effects of toxicant mixtures are
conﬁrmed by changes in ﬁsh species assemblages in Ohio, USA, Rivers. Environmental Toxicology and Chemistry 25, 1094e1105.
Preston, B.L., 2002. Indirect effects in aquatic ecotoxicology: implications for
ecological risk assessment. Environmental Management 29, 311e323.
Recknagel, F., 2003. Ecological Informatics. Understanding Ecology by Biologicallyinspired Computation. Spinger-Verlag, Heidelberg.
Reece, P.F., Reynoldson, T.B., Richardson, J.S., Rosenberg, D.M., 2001. Implications of
seasonal variation for biomonitoring with predictive models in the Fraser Ricer
catchment, British Columbia. Canadian Journal of Fisheries and Aquatic Sciences
58, 1411e1418.
Rosenberg, D.M., Resh, V.H., 1993. Freshwater Biomonitoring and Benthic Macroinvertebrates. Chapman and Hall, New York.
Schultz, T.W., Cronin, M.T.D., Netzeva, T.I., 2003. The present status of QSAR in
toxicology. Journal of Molecular Structure e Theochem 622 PII S0166-1280(02)
00615-2.
Smith, A.J., Bode, R.W., Kleppel, G.S., 2007. A nutrient biotic index (NBI) for use with
benthic macroinvertebrate communities. Ecological Indicators 7, 371e386.
Suter, G.W.I., 1993. A critique of ecosystem health concepts and indexes. Environmental Toxicology and Chemistry 12, 1533e1539.
Tachet, H., Richoux, P., Bournaud, M., Usseglio-Polatera, P., 2000. Invertébrés d’eau
douce. Systématique, biologie, écologie. CNRS Editions, Paris, France.
Tison, J., Park, Y.S., Coste, M., Wasson, J.G., Ector, L., Rimet, F., Delmas, F., 2005.
Typology of diatom communities and the inﬂuence of hydroecoregions: a study
on the French hydrosystem scale. Water Research 39, 3177e3188.
Van den Brink, P.J., 2008. Ecological risk assessment: from book-keeping to
chemical stress ecology. Environmental Science and Technology 42, 8999e
9004.
Verdonschot, P.F.M., 2000. Integrated ecological assessment methods as a basis for
sustainable catchment management. Hydrobiologia 422, 389e412.
von der Ohe, P.C., de Deckere, E., Pruess, A., Munoz, I., Wolfram, G., Villagrasa, M.,
Ginebreda, A., Hein, M., Brack, W., 2009. Toward an integrated assessment of
the ecological and chemical status of European river basins. Integrated Environmental Assessment and Management 5, 15513777.
von der Ohe, P.C., Liess, M., 2004. Relative sensitivity distribution of aquatic
invertebrates to organic and metal compounds. Environmental Toxicology and
Chemistry 23, 150e156.
Worner, S.P., Gevrey, M., 2006. Modelling global insect pest species assemblages to
determine risk of invasion. Journal of Applied Ecology 43, 858e867.
Wright, J.F., Furse, M.T., Armitage, P.D., 1993. RIVPACS: a technique for evaluating
the biological quality of rivers in the UK. European Water Pollution Control 3,
15e25.
Zurada, J.M., 1992. Introduction to Artiﬁcial Neural Systems. West Publishing
Company, New York.

