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1 Introduction
The aim of this deliverable is to study catchment-scale hydrological processes and
biodiversity, and to contribute to integrated water management, in the context of the global
changes. The following topics are covered:


hydrochemical modelling at the catchment scale with applications of land-cover data;



effect of land-cover on biodiversity of fish community;



effect of environmental changes in hydrochemical
macroinvertebrates, macrophytes and fish fauna;



information supply and demand for decision-making on river basin water resources.

on

biodiversity

of

Hydrologists and hydrobiologists have a long history of research into constructing
mathematical models of hydrological processes (Clarke, 1994). Some of the models that
have resulted from this research have been thoroughly tested and, consequently, are rarely
questioned now. However, there is an increasing demand for catchment scale models or even
models of very large river basins. To be practical, such models should employ mathematical
descriptions of hydrological processes at large scales. Unfortunately, hydrologists and
hydrobiologists have been very much less successful in developing large scale process
descriptions that can stand up to the same rigorous scrutiny as the, tried and tested, small
scale process descriptions. Consequently, the extrapolation of the theories of non-linear
hydrological processes to large-scale, three dimensional natural systems such as large
drainage basins, floodplains and wetlands continues to pose a serious problem.
In an attempt to produce some practical models that can be used in addressing problems at
these larger scales, hydrologists have employed a range of different techniques. These can be
categorised into one of two main generic types:
•

Deterministic models

•

Stochastic models

During the 20th century these two modelling types were developed by engineers as pragmatic
tools for hydrological/hydraulic design. The stochastic for determining the probability that
extreme events might occur; the deterministic aimed at hydrological/hydraulic design. Until
very recently, these two modelling techniques have remained the standard modelling tools
for practicing engineers. There have been many incarnations of these models but all are based
on the underlying assumptions of the original models proposed in the early part of the 20th
century.
The onset of climate change and the need to asses the impacts of landuse change is forcing
practising engineers to re-evaluate the models they use to predict design floods, and during
the last decade they have started to routinely use alternative techniques. Models attempt to
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incorporate some of the modellers understanding of the physical processes but do not attempt
to represent the physical structure of the catchment area.
With respect to catchment-scale hydrological processes, there is special emphasis on the
development of physically based on stochastic models of hydrochemical concentrations, and
land-cover-biodiversity interactions. These can be used to examine the hydrological system
and its component processes and to study the effects of climate change, land-use change and
other human influences on geochemical, environmental and biodiversity balance of
catchments. Spatial information technologies, such as geographic information systems, are
essential tools in this field. The group is studying and applying advanced data mining
techniques (i.e. geo-statistical) to improve model calibration and validation procedures and
to improve on-line and off-line simulation performance.
Mathematical tools, such as neural networks, non-linear optimisation procedures,
disaggregation techniques and data assimilation are central to this research. The group uses
these models and techniques to study biodiversity and global changes in river basins. The
group’s research on integrated water resources management combines knowledge about
catchment-scale hydrological processes with additional information (GIS) to improve
decision-making on the biodiversity level. Specifically, methodologies are developed to
handle uncertain information from field observations, model simulation results and targeted
objectives.
This deliverable is organized as follow:
•

•

•

The first part aims to determine the long term trends in water chemistry in the
Adour-Garonne hydrographic network during the last three decade. Using the spatial
(45 studied sites, over the catchment scale) and temporal (more than 30 years of data,
1971 to 2004), models were developed to predict the general trends of variations of
some hydro-chemical components. Considering the GIS data, models predicting
main hydrochemical changes were also developed.
The second part aims to model the impacts of land cover on fish distribution at the
catchment scale. Using 192 studied sites over the whole Garonne basin, we firstly
realized the models predicting the community changes according to the first level of
GIS data and some topographic data. This paper has been published in Science of the
Total Environment (2006). The second step is to realize the models predicting species
occurrence, using detailed GIS data. The contributions of parameters explaining fish
occurrence, according to global changes is discussed in this part.
The third part concerns the models developed for Lamburn basin. Using benthic
macroinvertebrate data, annual variation of communities were evaluated using a
self-organizing map (SOM). And the ordination capacity of SOM was compared with
traditional multivariate statistical analysis such as principal component analysis
(PCA) and non-metric multidimensional scaling (NMS).
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2 Adour-Garonne basin (France)
2.1. Trends in the long term changes chemistry of the watercourses in the
Adour-Garonne hydrographic network during the last three decades
Damage caused to inland hydrosystems consists of one of the most serious environmental
problem. Clear water is a question of vital importance for the well-being of our societies.
Historically, rivers have been considered as drainage way for dilute pollutants; and that
behaviour leaded to an inevitable increase of pollutant load. Water shortages are increasingly
common and likely to become more sever in the future. Water shortages and poor water
quality are linked, because contamination reduces the supply of water and increases the cost
of treating water for use (Carpenter et al., 1998). There is a growing body of evidence that
long-term changes are occurring in surface water chemistry in Europe and North America
(Jenkins et al., 2001). As a response to this environmental preoccupation, there are an
obligation and strong political pressures for greatly increased emphasis on the control of
pollution level. In that way, the recent agreed EC Water Framework Directive requires all
inland water to reach “good ecological status” to 2015.
Over the past two decades, interest in environmental long-term changes has resulted in
numerous studies designed to monitor catchment physicochemical responses. Acidification,
major cations (Na+, K+, Ca2+, Mg2+) and anions (HCO3-, NO3-, SO42- and Cl-) predominating
the ionic strength of surface water have been studied by many authors (Kopacek et al., 2001;
Harriman et al., 2001; Moldan et al., 2001; Bhangu & Withfield, 1997; Hutchins et al., 1999).
In the same time, most hydrochemical studies seeking to identify stream water chemistry
have been based on the headwater catchment scale (Smart et al., 1998; Evans & Monteith,
2001). There are relatively few studies dealing with major river systems.
The present study examines 30 years of water quality (19 physicochemical variables) at 45
sites over the Adour-Garonne basin, one of the largest basin in France. The original feature is
to gather in the same study a large temporal and spatial scale. Large scale whole ecosystem
provides a tool for studying the response of ecosystems and for evaluating physicochemical
trends that include global change processes.
This paper reports the results of an investigation into the long term trends (changes in the
overall mean of decade time-series) of water chemistry characteristics. The main aims,
therefore, are (1) to determine the long-term directional changes in the stream
hydrochemistry, (2) to identify the major parameters concerned and (3) to discuss what
further potential recovery is to be expected. These goals are reached using a Self-Organising
Map method which is an unsupervised artificial neural networks technique. One major
question underlying dominate the study of water quality during a large temporal scale: if the
water quality is changing over the time, is it improving or deteriorating?
Quality monitoring of ecosystems is vital to determine whether variations in the water
physico-chemistry is leading to the desired improvements in the water quality of damage
5

systems and also to develop the scientific understanding and predictive models used to
support decision making on future pollution reduction.

2.1.1. Data presentation
Study area - The Adour-Garonne hydrographic network covers the South-west Atlantic areas.
It extends on 116 000 km2 from Charentes and Massif Central to the Pyrenees, gathering 120
000 km of watercourses including 68 000 km permanent rivers running out towards the
Atlantic. The Garonne is the main channel, running over 580km from the Pyrénées to the
Gironde estuary in the Atlantic coast. Its majors tributaries come from the Massif Central
plateau (Aveyron, Lot, Tarn) and minors from the Pyrenees range (Gaves).
The Adour-Garonne watershed presents a large scale of altitudes (hight mountains to plain
and coastal areas) and geological substrates: calcareous, sedimentary, sandstone, crystalline
and volcanic (Tison et al., 2005). From south to northwest, topography and climate
determine three great landscape types: the Pyrenean mountains with a pronounced relief, a
vast, green hill zone of piedmont, and the valley of the Garonne river with flooding zones and
alluvial terraces. The oceanic influence predominates on the totality of the basin, but lessens
to the south-east where it undergoes the Mediterranean influence with dry winds and weaker
pluviometry (Mastrorillo et al., 1998).
The geographical features gathering climate, geology and relief are summarised by the
concept of Hydroecoregion. This typology of aquatic ecosystems results from the
implementation of the Water Framework Directive (Wasson et al. 2001). The basin covers 6
hydroecoregions, from south to north: Pyrénées (headwaters of the left side tributaries of the
river Garonne), Côteaux aquitains (main floodplain), and Causses calcaires; at the Est:
Grands Causses and Massif Central (headwaters of the right side tributaries of the river
Garonne) and at the West with the coastal streams Les Landes (Fig. 1a).
The catchment is important as a regional water resource for drinking water, industry,
irrigation and Agriculture (35 000 irrigants farmers) supplying over 6.5 millions
consummers. Thirty percent of the population lives in rural zone, 28% in 35 cities of more
than 20 000 inhabitants. Etchanchu & Probst (1998) considered that the Garonne basin is one
of the least impacted by flow regulation in Europe and one of the least polluted, it has
suffered from intensive damming during the second half of the 20th century (Steiger et al.,
1998) and the quantity of applied fertiliser has dramatically increased in the past few years
(Semhi et al., 2000).
Sampling sites - The data used in this work come from national water quality monitoring
programmes in France (Réseau National de Bassin). The French hydrographic network is
divided in six main basins and the south-western part is monitored by Water Agency of the
Adour-Garonne basin (Agence de l’Eau Adour-Garonne). Thus, long-term monitoring of
run-off chemistry over the three last decades in the Adour-Garonne basin carried out by the
Water Agency provides a huge database for analysis of chemical trends. We focused our
survey on 45 sites, including 18 sites along the river Garonne, gathering the longest and most
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complete temporal dataset collected since 1971. Temporal scale covers the last three decades,
from 1971 until 2004. These sampling sites are distributed over the 7 main sub-basins related
to the following river: Adour river, Charente river, Dordogne river, Garonne river, Lot river,
Tarn-Aveyron rivers and coastal streams (Table 1, Fig. 1b,c). Due to missing values in the
series for some variables, the mean value of each variable by year was calculated. Then, it
has been decided to concentrate our work on three decades: the first from 1975 to 1984, the
second from 1985 to 1994 and the third from 1995 to 2004. Mean values per decade were
also calculated.
Nineteen major chemical variables were taken into account : dominants cations (NH4+, Ca2+,
K+, Na+), dominants anions (HCO3-, CL-, NO3-, NO2-, PO42-, SO42-) and NH3, pH,
conductivity, Biological Oxygen Demand (BDO5), Suspended mater, Oxygen (mg.l-1),
Oxygen saturation, air and water temperature.

Table 1: Listing of sampling sites (legend: Code HER1 = code for level 1 of hydroecoregion)
Code
GA_01
GA_02
GA_03
GA_04
GA_05
GA_06
GA_07
GA_08
GA_09
GA_10
GA_11
GA_12
GA_13
GA_14
GA_15
GA_16
GA_17
GA_18
AD_01
AD_02
AD_03
AR
AU
AV
AVE_01
AVE_02
BA
BL
CE
DR_01
DR_02
ES
GO
GP
GI
IS
LE
LO_01
LO_02
MI
SA
TA_01
TA_02
TA_03
VI

River

Site

Altitude

Code HER-1

HER-1

Relief

Geology

Climate

GARONNE

Pont du Roi

580

1

Pyrénées

High mountains

Metamorphic granit

Humid mountain
Humid mountain

GARONNE

Chaum

479

1

Pyrénées

High mountains

Metamorphic granit

GARONNE

Valentine

364

1

Pyrénées

High mountains

Metamorphic granit

Humid mountain

GARONNE

Labarthe Inard

321

1

Pyrénées

High mountains

Metamorphic granit

Humid mountain

GARONNE

Boussens

260

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Cazères D7

233

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Marquefave

191

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Pinsaguel

150

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

St-Pierre

131

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Gagnac

119

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Verdun

96

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Lamagistère

52

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Aqueduc

40

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

St- Léger

37

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Mas d'Agenais

17

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Couthures

16

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Cadillac

6

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GARONNE

Bordeaux

4

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

ADOUR

Pouzac

505

1

Pyrénées

High mountains

Metamorphic granit

Humid mountain

ADOUR

Estirac

164

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic
Meridional oceanic

ADOUR

Dax

5

14

Coteaux aquitains

Gentle relief

Detritus

ARROS

Tasque

120

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

AUSSONNELLE

Cornebarieu

140

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic
Meridional oceanic

AVANCE

Plantey

48

14

Coteaux aquitains

Gentle relief

Detritus

AVEYRON

Ampiac

490

3

Massif central Sud

Mountains

Metamorphic granit

Humid mountain

AVEYRON

Loubéjac

75

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

BANDIAT

Villejaleix

141

9

Tables calcaires

Plains

Sedimentary limestone

temperate oceanic

BLEOU

Gourdon

170

11

Causses aquitains

Gentle relief

Sedimentary limestone

Meridional oceanic
Meridional oceanic

CELE

Cabrerets

165

11

Causses aquitains

Gentle relief

Sedimentary limestone

DRONNE

Valeuil

99

11

Causses aquitains

Gentle relief

Sedimentary limestone

Meridional oceanic

DRONNE

Coutras

4

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic
Meridional oceanic

ESTAMPON

Roquefort N132

62

13

Landes

Plains

Detritus

GAVE OLORON

Oloron

211

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

GAVE PAU

Rieulhes

342

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic
Meridional oceanic

GIMONE

Lafitte

84

14

Coteaux aquitains

Gentle relief

Detritus

ISLE

Bénevent

35

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

LEYRE

Facture

6

13

Landes

Plains

Detritus

Meridional oceanic

LOT

Livinhac

194

3

Massif central Sud

Mountains

Metamorphic granit

Humid mountain

LOT

Douelle

112

11

Causses aquitains

Gentle relief

Sedimentary limestone

Meridional oceanic
Meridional oceanic

MIDOUZE

Laujuzan

79

14

Coteaux aquitains

Gentle relief

Detritus

SALAT

Caumont

358

1

Pyrénées

high mountains

Metamorphic granit

Humid mountain

TARN

Millau

360

19

Grands causses

Mountains

Sedimentary limestone

Sub-mediterranean

TARN

Rabastens

101

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

TARN

Moissac

65

14

Coteaux aquitains

Gentle relief

Detritus

Meridional oceanic

VIAUR

La Garde

195

3

Massif central Sud

Mountains

Metamorphic granit

Humid mountain

7

8

9

2.1.2. Time series analysis and discussion
An artificial neural network method was used in this study to classify the sites according to
their similarities between chemical variables. The unsupervised method called
Self-Organizing Map (SOM) was used to reach this goal (Kohonen, 1982).
A SOM is an unsupervised learning algorithm of artificial neural network that through a
process called self-organisation performs a non-linear projection of the multidimensional
data space onto two-dimensional space. The SOM neural network consists of two layers of
neurons: the input layer and the output layer. The output layer is represented by a map or a
rectangular grid with l by m neurons (or cells), laid out in a hexagonal lattice. The principle is
to classify the sample vectors (SV) described by a set of descriptors on the map according to
the similarities between these descriptors. Two SV which are similar (in a descriptor point of
view) are classified in the same cell of the map or in neighbouring cells when two different
SV are classified in separate cells which could be distant the one from the other.
The SOM algorithm can be summarised as follows (see Kohonen, 1995 and Giraudel & Lek,
2001 for more details):

The virtual vectors (VVj, 1 ≤ j ≤ c ) are initialised with a random sample drawn
from the input dataset.

The virtual vectors are updated in an iterative way.
o A sample vector (SVk) is randomly chosen as an input vector.
o The Euclidean distance between this SVk and each VV (each cell) is
computed.
o The VV closest to the SVk is selected and called “best matching unit”
(BMU).
o The BMU and its neighbours are moved slightly towards the SVk
using this rule:
VV j (t + 1) = VV j (t ) + η (t ) ⋅ N (t , r )(SVk (t ) − VV j (t ))

where t is the number of iterations, SVk(t) is a sample vector, in other words, SVk(t) is a
vector of the values of the input neurons at iteration t, VVj(t) is a virtual vector that represents
the weights between a neuron j of the output layer and all the neurons of the input layer at
iteration t, η (t ) is the learning rate that is a decreasing function of iteration t and N (t , r ) is the
neighbourhood function with r representing the distance in the map between the winning
neuron and its neighbouring neurons. This function defines the size of the neighbourhood of
the winning neuron (BMU) to be updated during the learning process. At the end of the
learning process, the BMU is determined for each site, and each site is associated with the
corresponding cell of the map.
In this study, the SV are represented by the stations for each decade (3 per stations) described
by the chemical variables. The input layer comprised then 19 neurons connected to 135 sites
(i.e. 135 SV). The output layer comprised 70 neurones organised in a array with 10 rows and
7 columns. This number of neurones was defined according to a compromised between the
formula c = 5 n proposed by the laboratory of Computer and Information Science (CIS),
Helsinki University of Technology (2000), where c is the number of cells and n is the number
10

of training samples (sample vectors) and the computation of the topographic and
quantization errors, two evaluation criterias to quantify the resolution and the topology
preservation.
To analyse the contribution of each descriptor (chemical variables) to structure the trained
SOM, each descriptor and the connection weight associated calculated for each virtual vector
during the training process, can be visualized in grey scale on the SOM map. A map can then
be visualised separately for each descriptor.

2.1.3. Results
Sampling site classification:
The sampling sites have been first classified on the [10 x 7] SOM map according to their
similarity in a physico-chemical point of view (Fig. 2).
It is already possible to identify different groups of stations according to their position on the
map. Below, we give some non exhaustive examples:
- stations are present in the same cell for the three decades as for the station “GA_18” on the
bottom right of the map, the site “AU” in the bottom center, or “LE” in the center ;
- other sites still in the same map “region” for the three decades, this is the case for the
stations “AD_03” on the bottom right, “AD_01” on the top right corner, “LO_01”on the top
center or “VI” in the center of the map;
- in the other end, stations are not gathered like “IS” crossing the map from the right to the
left, or “GA 11” shifting from the bottom center to the left center.
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10x7

2-GA-05
3-GA-07
3-TA-01
2-TA-01
2-GA-07
2-GO

2-LO-01
3-GA-06
1-GA-08
2-GA-04

2-LO-02
3-LO-02
3-GA-08
2-GA-08
3-GA-10

2-AD-02

3-AD-02

3-AV

2-GA-15

2-GA-14

1-AVE-02
1-GA-17

2-IS
2-GA-16

2-AR

1-GI
3-DR-02
2-DR-02
3-GI
2-BL
3-BL
2-MI
2-GI
3-AVE-01

1-DR-01
1-AR

2-AV
1-DR-02

2-GA-11

1-GA-06

1-GA-05
1-SA

1-GA-16
3-CE

2-CE

3-GA-15
3-GA-17
3-GA-16
3-GA-13
2-GA-09

2-GA-13
3-AR
2-GA-12

1-LO-02
3-GA-05

1-GA-07
2-GA-06

1-CE
1-AD-02

2-DR-01

3-TA-02

1-TA-03
2-GA-17
2-GA-10

3-AVE-02
3-GA-14

3-ES
2-LE
3-LE
1-LE
1-BA
2-ES

3-VI
2-BA
2-VI

3-DR-01

2-TA-03
3-GA-11
2-TA-02
3-GA-09
3-GA-12
3-IS
2-AVE-02
3-TA-03

1-VI

3-BA

1-TA-02

2-GA-03
1-TA-01

1-GA-04
1-LO-01

3-LO-01

3-AD-01
1-AD-01
2-GA-02
3-GO
3-GA-01
3-GA-02
2-GP
2-GA-01
1-GA-02
2-AD-01
1-GA-01
3-GA-04

1-GO
2-SA
3-GP
1-GA-03
3-SA
1-GP
3-GA-03

1-IS

1-GA-12
1-ES
1-GA-10

1-GA-09

1-GA-13
1-GA-14
1-AV
1-GA-15
1-AVE-01

1-AD-03

3-AD-03

2-AVE-01
1-MI
3-MI

1-BL
2-AU
3-AU
1-AU
1-GA-11

2-AD-03

1-GA-18
3-GA-18
2-GA-18

Fig. 2: Classification of sampling sites based on similarities in a physico-chemical point of view on the SOM
output layer. The acronyms in the hexagonal units represent the different sites, and are shown in Table 1.

Physicochemical trends:
A map for each physico-chemical variables (Fig. 3) has been drawn to define the contribution
of each to the building of the stations map.
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10x7

Fig. 3: Maps of each descriptor displaying the contribution of the 19 environmental variables of sampling sites.
Dark represents high values of each variable, whereas light is for low values.

According to the contribution of each input variable, the SOM map puts forward four major
gradients:
- from the bottom to the left (O2 mg.l-1) or to the right (O2 saturation) top corner a gradient of
oxygenation;
- from the upper left corner to the lower right corner a gradient of mineralisation with an
increasing of electric conductivity (Cl-, Na+, K+, suspended mater - SM- and conductivity cond);
- from the upper part to the lower a gradient of eutrophication with high load of phosphorus
and nitrogen;
- from the left to the right a gradient based on the air and water temperature.
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Fig. 4: Location in the SOM map of 7 regions defined by a clear physicochemical tendency.

To sum-up seven groups could be identified (Fig. 4) on the base of similarity pattern. Each
group is mainly associated with the characteristics of water types and showed different aspect
of environment. For instance, group I and II consist of sites of headwaters characterised by
high level of oxygen, group III gathers sites of low land with large water bodies showing high
air and water temperature, group IV stations with high organic load, group V with important
level of calcium bicarbonates. Groups VI and VII represent respectively sites with high
nutrients and mineral loads.
Temporal evolution:
GA_03

GA_02

GA_04

GA_01
GA_08
GA_05

GA_07

GA_06

GA_16

GA_10
GA_12

GA_17
GA_09
GA_15
GA_13
GA_14

GA_11

GA_18

Fig. 5: Diagrammatic representation of the Garonne sites shifting in the SOM map during the three last
decades. The point positions the first decade, the first arrowhead the second and the second arrowhead the last
decade. Thus, each arrow represents the translation of a site during a decade. The circular arrow means that
there is no change. Acronyms are shown in Table 1.
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According to the Fig. 5, showing the temporal shifting of the Garonne sites on the SOM map,
it seems that the chemical changes concerns mainly two directions:
- the first and major one, concerns the shifting of the station to the left center of the map. This
location corresponds to the highest rate of water and air temperature (Figs. 2, 3);
- the second one, shows a smooth moving to the top, in a contrary direction of eutrophication
gradient;
On the other end, some sites show a stability during the three decades, this is the case for the
stations located on the top right and bottom right corner.

Spatial trends:
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Fig. 6. Euclidian distance between SOM cells for the sites, excepted the main channel of river Garonne
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Fig. 7: Euclidian distance between SOM cells for the Garonne sites
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Cartographic and graphic representations of the Euclidean distance between the SOM cells
bring out the occurrence of changes concerning watercourses physicochemistry in the
Adour-Garonne basin. Theses changes show different scales of magnitude, that leads to
pattern of spatial distribution over the basin:
- sites with minor changes (Euclidean distance < 0.24) are localised upstream in the Pyrenean
headwaters (GA_01, GA_02, GA_03, AD_01 and GP), in the coastal (LE) or estuary zones
(AD_03 and GA_18). We only find one site located in Toulouse suburb without any changes.
- sites strongly affected by chemical changes (Euclidean distance > 0.5), are four sites in the
middle Garonne (GA_09, GA_10, GA_11 and GA_12), two sites (LO_02 and BL) in the
“causses aquitains” (HER-1 n° 11) and one site (IS) in the north of “coteaux
aquitains”(HER-1 n° 14).
- one cluster of 17 sites is affected by moderate changes (Euclidean distance between 0,25
and 0,5).

Fig. 8: Cartographic representation of the temporal trends of the water chemistry on the three last decades
based on the Euclidean distance between the SOM cells
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2.1.4. Discussion
Comparison of both sampling sites (Fig. 2) and environmental variables SOM maps (Fig. 3)
puts forward a sites organisation rather well defined based on the presence of several major
chemical gradients:
- a group of sites with high level of oxygen gathering the headwater stations on the top right
and left top corner of the SOM maps;
- a group of sites with high air and water temperature. These stations are localised on the
floodplain;
- a group of sites strongly affected by eutrophication like the “Aussonnelle – AU” in
Toulouse suburb;
- a last group gathering highly mineralisated sites with brackish water near the Garonne and
Adour estuary.

It comes out from this analysis that the stations located upstream as well as the stations
downstream have a great chemical stability over the time. On the contrary, stations in the
middle part of the rivers are characterised by a marked temporal chemical evolution. In the
same way, sites concerned by temporal evolution showed a clear shifting to condition with
higher temperature and less eutrophic condition. This fact is clearly represented in Fig. 5 by
the arrow going from the centre right side to the left side (gradient of oxygenation, see Figs. 3
and 4). It seems that the gradient of temperature constitutes the main “channel” of temporal
chemical trends. Gradient of eutrophication have a secondary rule, in the way of decrease.
As a summary, stations concerned by chemical evolution are affected by a marked
increase of water temperature and a moderate decrease of eutrophication.
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2.2. Modelling the Impact of Land Cover on Fish Species Distribution
2.2.1. First analyses: Community prediction
Please refer for this part to the published paper: Stream fish assemblages and basin land
cover in a river network by Young-Seuk Park, Gaël Grenouillet, Benjamin Esperance and
Sovan Lek in Science of the Total Environment (2006). A copy of this paper can be found in
appendix of the deliverable.

2.2.2. Second analyses: Species prediction
Freshwater ecosystems, by the complexity of the relations which intervene as for example
between the biota, the water quality and the habitat available, are difficult to study.
Observing some habitat variables for short fragments of a river can be limiting to conclude
about the impact of these variables to the biota for the whole river. Larger phenomenon, as
landscape modifications, can also have an impact to the biota.
Human modifications of the landscape lead degradations to the adjacent streams. Streams
ecosystems are then affected by anthropic impact on the landscapes as deforestation (Jones et
al., 1999), urban land use (Booth & Jackson, 1997; Lammert & Allan, 1999; Roy et al.,
2003) or agricultural land use (Meador & Goldstein, 2003). Landscape modifications do not
have direct impacts on fish populations. Their effect on stream morphology, sediment
transport and riparian vegetation will in turn influence the present biota (Jowett et al., 1996).
The goal of this study is to define the impact of land cover on different fish species present in
the Garonne River. An artificial neural network algorithm, the backpropagation, is applied to
predict the occurrence of each species using the land cover as predictor variables.
2.2.2.1. Data presentation
Site description - A total of 191 stream sites were sampled in the Adour-Garonne Basin (Fig.
9).
The Adour-Garonne hydrographic network covers the South-west Atlantic areas. It extends
on 116 000 km2 from Charentes and Massif Central to the Pyrenees, gathering 120 000 km of
watercourses including 68 000 km permanent rivers running out towards the Atlantic. The
Garonne is the main channel, running over 580km from the Pyrénées to the Gironde estuary
in the Atlantic coast. Its majors tributaries come from the Massif Central plateau (Aveyron,
Lot, Tarn) and minors from the Pyrenees range (Gaves).
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The Adour-Garonne watershed presents a large scale of altitudes (high mountains to plain
and coastal areas) and geological substrates: calcareous, sedimentary, sandstone, crystalline
and volcanic (Tison et al., 2005). From south to northwest, topography and climate
determine three great landscape types: the Pyrenean mountains with a pronounced relief, a
vast, green hill zone of piedmont, and the valley of the Garonne river with flooding zones and
alluvial terraces. For more details about the study area description, please refer to the
previous published study (Park et al., 2006).

France

0

50

100 Km

Fig. 9: Distribution of the sampling sites along the Garonne catchment area

Fish species - Data was extracted from two datasets from the fish database of the Aquatic
Environment Team, School of Agronomy at Toulouse (ENSAT) and the French Fisheries
Council (CSP). The 191 samples sites have been collected between 1986 and 1996 by electro
fishing and gill or drift-netting according to the type of waters. Thus, we have an effective
assessment of river’s fish diversity (Seegert, 2000). Species occurrences were based on
presence/absence data due to difficulties in obtaining reliable estimates of abundance
(Hughes & Gammon, 1987).
In dataset, 34 species were identified. Species which occur in only a small proportion of the
sites (in less than 10 % on overall basin) were removed for the analysis (Waite, 2000). Rare
species in the analysis increase the complexity of the statistical computations and
interpretations and they have typically a little effect on the results (Gauch, 1982). The final
dataset contains 20 species (Table 2).
Please refer to the previous paper (Park et al., 2006) for details about the fish sampling.
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Table 2: List of the 20 species used in the analysis with their Latin and common name, as well as the
abbreviation used in all the paper and their prevalence.

Abreviation

Latin names

Prevalence

gog
php
lec
bab
sat
rur
ana
lel
ala
pef
leg
cht
esl
abb
tit
cog
sal
lap
icm
sce

Gobio gobio
Phoxinus phoxinus
Leuciscus cephalus
Barbus barbus
Salmo trutta
Rutilus rutilus
Anguilla anguilla
Leuciscus leuciscus
Alburnus alburnus
Perca fluviatilis
Lepomis gibbosus
Chondrostoma toxostoma
Esox lucius
Abramis brama
Tinca tinca
Cottus gobio
Sander lucioperca
Lampetra planeri
Ictalurus melas
Scardinius erythrophtalmus

0.79
0.68
0.62
0.61
0.61
0.53
0.46
0.45
0.41
0.31
0.29
0.29
0.24
0.23
0.23
0.19
0.16
0.16
0.14
0.14

Land cover quantification - A Geographical Information System (GIS) (Arcview 3.1; ESRI,
Redland, CA, USA) was used to quantify the relative proportion (%) of different land-cover
classes. For each site, using a Digital Elevation Model, the boundaries were determined, and
then, hydrographic basin area was obtained. Theses surfaces were overlapped with the
Corine land Cover 2000 layer, and land cover was extracted for each sampling site
(http://www.eea.europa.eu/main_html)
The Corine classification system is made up of 3 hierarchical levels, the first one being
composed of 5 main classes: (i) artificial surfaces, (ii) agricultural area, (iii) forest and
natural area, (iv) wetlands and (v) water bodies. The third level which is the most details
includes 44 subclasses. In this study, all the classes were not all represented. Moreover, only
the first three categories called in our study ARTI for artificial surfaces, AGRI for agriculture
area and FOR for forest and natural area were included in the analysis, wetlands and water
bodies being sparsely represented in the Adour-Garonne Basin. In summary, three classes
were used ARTI, AGRI and FOR which were divided respectively into 10, 8 and 12
subclasses, that is 30 subclasses in total (see table 3 for details).
The second hierarchical level was not taken into account in our study. The third was
preferably used, allowing the extraction of the maximum of information.
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Table 3: List of the Corine Land Cover classes constituted of 3 hierarchical levels: (i) composed of tree classes:
ARTI (artificial), AGRI (agriculture) and FOR (forest and natural area), (ii) composed of 11 classes and (iii)
composed of 30 classes (10 for ARTI, 8 for AGRI and 12 for FOR).
CORINE CLASS 1

CORINE CLASS 2

Urban Fabric

Industrial, commercial, transport units
ARTI
Artificial surfaces
Mine, dump and construction sites
Artificial, non-agriciultural vegetated areas

Arable Land
Permanent crops
AGRI
Agricultural area

Pastures

Heterogenous agricultural areas

CORINE CLASS 3

c111 Continuous urban fabric
c112 Discontinuous urban fabric
c121 Industrial or commercial units
c122 Road and rail networks and associated land
c124 Airports
c131 Mineral extraction sites
c132 Dump sites
c133 Construction sites
c141 Green urban areas
c142 Sport and leisure facilities

c211 Non-irrigated arable land
c221 Vineyards
c222 Fruit trees and berry plantations
c231 Pastures
c241 Annual crops associated with permanent crops
c242 Complex cultivation patterns
c243 Land principally occupied by agriculture, with significant areas of natural vegetation
c244 Agro-forestry areas

Forest

FOR
Forest and Natural area

Shrub/Herbaceous vegetation associations

Open spaces with little or no vegetation

c311 Broad-leaved forest
c312 Coniferous forest
c313 Mixed forest
c321 Natural grassland
c322 Moors and heathland
c323 Sclerophyllous vegetation
c324 Transitional woodland-shrub
c331 Beaches, dunes, and sand plains
c332 Bare rock
c333 Sparsely vegetated areas
c334 Burnt areas
c335 Glaciers and perpetual snow

2.2.2.2. Modelling methods
Prediction
The relationship between the occurrence of fish species and land cover classes for the 191
sites was identified using a feed-forward multi-layer perceptron trained using the
backpropagation error algorithm (BP) (Rumelhart et al. 1986). The BP algorithm is a
supervised learning algorithm designed to minimize the mean square error between the
results or predictions computed by the network and the observations.

Network Architecture: the network is composed of three layers of neurons, the input
layer, the hidden layer and the output layer. The neurons of each layer are connected to all
neurons of next layers. The neurons receive and send signals through these connections,
which are assigned a weight. These weights modulate the intensity of the signal they transmit.
The network’s final configuration resulting in a specific number of neurons and a specific
learning rate is arrived at by testing various possibilities and selecting the one that provides
the best compromise between bias and variance (Kohavi 1995).
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Algorithm: two main steps comprise the algorithm: the propagation of the signal from
the input layer to the output layer with the objective of computing the observed output and
the backpropagation of the signal from the output layer back to the input layer to modify the
weight values to minimize the error between the network output and the dependent variable
or the desired output. These two steps are repeated or iterated many times in what is called an
epoch until specified end conditions are reached.

Model validation: cross-validation is a method to assess prediction accuracy on
independent data (Verbyla & Litaitis 1989). This technique consists of dividing the data
matrix into several parts, one to train the model, a second one to monitor network error after
each training cycle, enabling training to be stopped when the network began to over-train or
over-fit the data (Tarassenko 1998). A last one could be use to test the calibrated model on
data which are completely unknown for the model.

Model evaluation: in case of presence-absence prediction, the simplest and most
widely used measure of overall classification accuracy is the number of correctly classified
cases that can be called the correct assignment score. Several metrics can be used to test the
sensitivity or the specificity of the model (see Joy & Death 2004 for details). Cohen’s Kappa
coefficient of agreement (Cohen 1960) is a commonly used statistic that provides a measure
of proportional accuracy, adjusted for chance agreement. This test provides a robust
evaluation of model performance relatively independent of species frequency of occurrence
or prevalence (Manel et al. 2001, Liu et al. 2005.)
Adaptation for the current study:
Several decisions have been taken in this study concerning the use of the method:
- Due to the number of sampling site (191), the matrix has been divided into two parts;
2/3 (127) of the data to train the model and 1/3 (64) to validate the model.
- After several test concerning the changes of predictive power according to the
changes of the number of hidden neurons, 5 neurons in the hidden layer are used for all the
models.
- To be sure that the results obtained are not simply due to chance resulting to a
correct mixing of the sampling sites in the training and test datasets, 500 “replications” are
realized for each model, with for each, different sampling sites in the training and in the test
dataset, chosen randomly. This stage can be compare to a bootstrap procedure and give us the
way to test robustness of models results.
- As mentioned previously, the models can be evaluated in case of presence-absence
prediction using the correct assignment score. However the output given by the model is a
continuous value comprised between 0 and 1. In general the threshold of 0.5 is chosen. If the
predicted value is higher, the species is considered present, else absent. However it has been
demonstrated that this threshold could be dangerous for the quality of the results. We decided
to use the threshold proposed by Liu et al. 2005 which is the value of the prevalence of the
dataset. But due to the dataset partition we use training dataset prevalence as threshold.
- The correct assignment could be useful to decide if a model is correct or not, only
with the association of a Kappa test. In this study the limiting Kappa value was 0.4.
Contribution of predictor variables
It is necessary to apply a supplementary method to the trained network to evaluate the most
22

important input that explained species presence or absence. Moreover, the usefulness of the
other variables can be discussed. There are many ways to perform a sensitivity analysis (see
Gevrey et al. 2003 for details), but the connection weight method (Olden & Jackson, 2002)
was selected in this study to assess variables contribution.
The contribution method was applied on each of the 500 random models explained in the
previous part. This gives the opportunity to test the stability of the contribution obtained. The
average percentage of the relative contribution of each variable is then recorded to rank the
variables by order of importance. Moreover, when a selection of variables is needed, it has
been decided that only the variables with a contribution higher than 10% will be used (Brosse
et al., 2003.). In order to separate the variables for which the contributions are different, a
Tukey’s Honestly Significant Difference test for multiple comparisons is used.
Modelling process
The total number of land-cover subclasses considered in this study is 30. All these subclasses
could be used in input of a predictive model, however, the contribution of the input will be
very difficult to interpret due to the large number of variables which should share the 100%
of contribution. The differences of contribution between several variables could then be very
difficult to define. The aim of this modelling process is to avoid this problem using: (i) first
three different models (single class) for each species (corresponding to the three main classes
of land-cover); (ii) then selecting in each of these three classes the most important subclasses
and (iii) finally built a new model based on these contributing subclasses to predict the
species occurrences (multi-classes). The process is explained in details below.
Step 1: single class models
Each species is predicted using first the 10 ARTI subclasses, second the 8 AGRI subclasses
and third the 12 FOR subclasses (see table 2 for details). At the end, three models are built for
each species. Each model is validated with the Kappa value. The connection weights
approach is applied on each validated model to select the most important variables (Fig. 10
step1)
Step 2: multi-class models
The selected variables of the first step are then used in input of a new model (called
“n-selected subclasses model”). Each species are then predicted using this model. The
connection weights approach is applied to each validated model to define the importance of
each input. The percentages of contribution for ARTI, AGRI and FOR are then calculated by
summing the contribution of each subclass (Fig. 10 step2).
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STEP 1

single class models
Species prediction

ARTI

AGRI

FOR
c311

c111
c312
c112

c211

c121

c221

c122

c222

c124

c231

c313
c321
c322

spi

c131

c241

i from 1 to n

c132

c242

spi

spi

c323
c324

i from 1 to n

i from 1 to n

c331
c133

c243

c141

c244

c332
c333

c142
c334

Land cover
classes selection

c335

STEP 2

multi-class models
Species
Prediction
ARTI

spi

AGRI

i from 1 to n

FOR

ARTI, AGRI and FOR
land cover classes contributions
% ARTI

% AGRI

% FOR

Fig. 10: Modelling process: step 1: three single-class models are used to predict the fish species occurrence
using either ARTI, AGRI or FOR land-cover classes and a selection of the most contributing classes for each
model is done. step 2: the fish species are predicted using the most contributed classes of the previous steps
(multi-classes models) and the contribution in percentage of ARTI, AGRI and FOR classes are computed.
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2.2.2.3. Results and discussion
Step 1: single class models
Prediction
The selection of the powerful model was defined using the score and the kappa obtained from
500 replications per species. The entire results for this step are summarized in Fig. 11. We
can see that the score values are always higher than 0.6 and can reach 0.9. These values are
validated by the kappa values. Among the 20 selected species, three could not be used for the
rest of the study due to too low kappa values: php, lel and cht. Moreover, AGRI models for tit
and ARTI for cog are not good enough to be used later on, Kappa values being under the
threshold of 0.4. Except for three species, each of the classes was able to predict the species
occurrence using the subclasses.

Fig. 11: Cleveland dot plots of the Score and the kappa value in the test dataset for ARTI, AGRI and FOR,
results issued from step 1(single classes models).

Contribution
The connection weight method associated to the backpropagation algorithm allows the
selection of the most important land-cover subclasses for each single class model. All classes
which contribute higher than 10% are considered and a Tukey test is applied to define which
contributions are significantly different from the others. The results are summarized with the
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dot chart of the Fig. 12 for two example species bab and pef and for all species in Table 4.
Only 17 species are now studied and AGRI for tit and ARTI for cog have not been studied for
their contributions.

Fig. 12: Cleveland dots plots of the Land cover subclasses contributions for two example species: Barbus
barbus (bab) and Perca fluviatilis (pef). A threshold of 10 % is represented by the dotted vertical line to select
the most contributing variables. The variables for which the contributions are not significantly different are
represented by the same symbols (e.g. circle, square, triangle…).
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Among the seventeen fish species which responded to land cover subclasses, only two
(Cottus gobio and Tinca tinca) responded to subclasses from two land cover classes. The
others were all influenced by at least one subclass of each land cover class (Fig. 13).
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Fig. 13 : Number of land cover subclasses selected by the single-class models for each fish species.

The total number of subclasses selected by the single-class models varied from 3 (Cottus
gobio) to 14 (Esox lucius) (Fig. 13, Table 4).
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Table 4: Results of the land-cover subclasses selection (contribution higher than 10%) for the three single-class
models and each species. Black cases mean that the models were not able to predict correctly the species
occurrences.
Species

ARTI

AGRI

FOR

gog

c121 c131 c112 c142

c242 c243 c244 c222 c211

c323 c334

php

non

non

non

lec

c121

c222 c242 c211 c244

c321 c324 c312

bab

c121 c111 c124 c132

c244 c221 c222 c242

c324 c334 c333 c323

sat

c112 c111 c121 c132 c124

c221 c211 c222

c321 c323 c331 c333

rur

c132 c111 c141 c112

c241 c211 c244 c221 c222

c321 c323 c322

ana

c121 c122 c111 c112

c241 c222 c221

c334 c331

lel

non

non

non

ala

c111 c122 c132 c141

c244 c241 c221 c222

c321 c323

pef

c141 c142

c221 c244 c242

c323

leg

c141 c142 c132 c133 c122

c221 c244 c211

c323 c321 c334

cht

non

non

non

esl

c132 c112 c142

c222 c241 c244 c242 c221 c211 c243 c231

c335 c323 c334

abb

c122 c141 c111

c244 c221 c222

c323 c335 c312

tit

c122 c133 c124 c142

non

c335 c312 c334

cog

non

c244

c333 c332

sal

c142 c122 c132 c133

c243 c222 c244 c242 c221

c323 c335

lap

c141 c133 c121

c231 c221 c244 c243

c333 c335 c313

sce

c131 c112 c122 c141

c242 c241 c221 c243 c244

c323 c313 c324 c334

icm

c131 c142 c141

c221 c241 c244 c242

c321 c323 c335 c334

Among the land cover subclasses selected, those from the agriculture class were the most
frequently selected. In particular, agro-forestry areas (c244), vineyards (c221) and fruit trees
(c222) were selected for fourteen, thirteen and ten fish species, respectively. FOR models
showed that sclerophyllous vegetation (c323) was the most frequently selected subclass (for
twelve fish species). Subclasses from the ARTI class were the less selected ones (i.e., green
urban areas (c141) selected for eight fish species).

Step 2: multi-classes models
Using the subclasses selected for each species in the single models, new models have been
built to predict the species occurrences with in input these selected subclasses. Models are
validated, as previously, using the score values associated to the Kappa test (Fig. 14). The
score values are between 0.7 and 0.9 while the Kappa are all higher than 0.4.
A contribution analysis using the connection weights method has been applied. Then, the
contribution values of the subclasses belonging to the same classes have been summed in
order to obtain a percentage of contribution for ARTI, AGRI and FOR. A bar plot
summarized all the contribution results with bars divided into three parts for ARTI, AGRI
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and FOR. Each part has a size proportional to the contribution value (Fig. 7).

Fig. 14: Cleveland dot plots of the Score and the kappa value in the test dataset for ARTI, AGRI and FOR,
results issued from step 2 (multi-classes models).
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Fig. 15: Bar plot of the percentage of contribution for each species of the tree main classes: AGRI, ARTI and
FOR
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The species are not all influenced by the same classes. Some species are influenced by
agriculture land cover (lec, pef, cog…) while others are influence by artificial land cover (ala,
sal, tit…), and for other the forest land-cover is also important (cog, sat, lap…).
Globally, these results are consistent with our first analysis performed at the community level.
Among land cover variables tested in this previous study, only agricultural land appeared to
be related to stream fish assemblages using artificial neural networks, whereas discriminant
analysis also identified percentage of forests as an important correlate. In both analyses,
artificial land cover was the less important land cover class influencing stream fish
distribution.
These results are coherent with other fish studies which have documented similar impacts at
both community (Rowe et al., 1999) and population (Hanchet, 1990) levels. For example,
riparian forest removal has been shown to be associated with decreased abundance of benthic
species, which were replaced by sediment-tolerant species (Dale Jones et al., 1999).
Similarly, numerous studies have underlined that salmonid populations could be strongly
impacted by agricultural land-use driven alterations (e.g. Pess et al., 2002).
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3 River Kennet (England)
3.1 Database
Annual variation of benthic macroinvertebrate communities were evaluated using a
self-organizing map (SOM), and the ordination capacity of the SOM was compared with
traditional multivariate statistical analyses. Benthic macroinvertebrates data obtained from
CEH were used in the analysis. Macroinvertebrates were collected on the dominant macrophyte
and gravel at three sites (Littlecote, Saversnake (Upper and Lower)) on the River Kennet (Fig.
16) in June and December in 1974-1975, 1997-2001. Among the dataset, we used sampled
collected in June. The dataset consisted of 43 samples collected in June with 52
macroinvertebrate family (or taxa). Details of the data are reported in Wright et al. (2002).
Abundance of each family was proportionally scaled between 0 and 1 in the range of the
minimum and maximum values to be used as input data for the modelling procedure.

Fig. 16. The R. Kennet and tributaries upstream of Hungerford, showing the main river sampling sites and
Knighton gauging station. Insert shows the location of the R. Kennet in central southern England (from Wright
et al. 2002)
.
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3.2 Modelling methods
Self-organizing map (SOM)
Self-organizing map (SOM), unsupervised artificial neural network, was used to classify
samples and to summarize the variability of the data. SOM consists of two layers: an input
layer formed by a set of units (or neurons which are computational units), and an output layer
formed by units arranged in a two-dimensional grid. In this study, each input unit accounts
for the abundance of one species, leading to an input layer made of 52 neurons (for each of 52
families). The output layer is made of output units in the hexagonal lattice (i.e. in this study
35 units in a grid of 7×5 cells) providing better visualisation. The map size (number of output
units) of the SOM is critical for accommodating hierarchical levels in community
classification. We trained the SOM with different map sizes, and chose the optimum map size
(35=7×5) based on the minimum values of quantization and topographic errors. A hexagonal
lattice was preferred because it does not favour horizontal or vertical directions (Kohonen,
2001). Formally, the SOM algorithm maps a set of input vectors (i.e. samples in this study)
onto a set of vectors of output units, according to the characteristics of the input vector
components (i.e., family in this study). It can be interpreted as a non-linear projection of the
high dimensional input data onto an output array of neurons. Each output unit has a vector of
coefficients associated with input data. The coefficient vector is referred to as a weight (or
connection intensity) vector between input and output layers. The weights play an important
role in the propagation of the signal through the model. They establish a link between the
input units and their associated output units.
The SOM algorithm is presented in the Section 2.1, and a detailed description of the SOM
algorithm has been given by Kohonen (2001) for the theory and Park et al. (2003) for
ecological application.
This learning process results in training the network to pattern the input vectors and preserves
the connection intensities in the weight vectors. On the trained SOM map, it is difficult to
distinguish subsets because there are still no boundaries between possible clusters. Therefore,
it is necessary to subdivide the map into different groups according to the similarity of the
weight vectors of the neurons. We used a hierarchical cluster analysis with a Ward’s linkage
method based on Euclidean distance measure.
During the learning process of the SOM, map units that are topographically close in the array
will activate each other to learn something from the same input vector. These weight vectors
tend to approximate the probability density function of the input vector. Therefore, the
visualisation of elements (i.e. family) of these vectors is convenient to understand the
contribution of each input variable with respect to the clusters on the trained SOM. To
analyse the contribution of variables to cluster structures of the trained SOM, the weight
vector of each input variable (species) calculated during the training process was visualised
in each neuron on the trained SOM map in grey scale.
Principal component analysis (PCA)
PCA is the basic eigenanalysis technique. It maximizes the variance explained by each
successive axis. It was first used in ecology by Goodall (1954). Although it has severe faults
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with many community data sets, it is probably the best technique to use when a data set
approximates multivariate normality. Due to its presence in all statistical software, PCA
remains very popular for its easy use even if the problems with it are well known particularly
with non linear relationships as for ecological data (Orloci, 1974). In this work, the variables
were standardised (means of zero and variances of one) and so PCA was carried on the
correlation matrix.
Information on PCA can be found in almost any textbook on multivariate statistics (McCune
and Mefford 1999). Sometimes it is considered a special case of factor analysis. Tabachnik
and Fidell (1989) and Ludwig and Reynolds (1988) contain good introductions to PCA.
Consult Jackson (1993) for advice on significance testing and interpreting PCA. Beals (1984)
discussed problems in applying PCA to ecological data.
Non-metric multidimensional scaling (NMS)
The use of this method has been described particularly by Fasham (1977). The algorithm
described by Kenkel and Orloci (1986) has been used in this work. In this ordination method,
the number of dimensions has to be pre-specified and then the algorithm minimises the
relationship between the similarity in the species composition and the closeness in the
ordination space. The result is completely dependent on the number of axes taken into
account. Clarke (1993) provides an excellent summary of the advantages and uses of NMS.
NMS (MDS, NMDS, or NMMDS) is an ordination method that is well suited to data that are
nonnormal or are on arbitrary, discontinuous, or otherwise questionable scales (McCune and
Mefford 1999). For this reason, NMS should probably be used in ecology more often than it
is. This method can be used both as an ordination technique and as a method for assessing the
dimensionality of a data set (plot minimum stress against k, the number of dimensions in the
ordination space). NMS differs fundamentally in design and interpretation from other
ordination techniques (Kruskal and Wish 1978; Clarke 1993).
An advantage of NMS is that, being based on ranked distances, it tends to linearize the
relation between environmental distance and sociological distance (Beals 1984), relieving
the "zero-truncation problem", a problem which plagues all ordinations of heterogeneous
data sets (McCune and Mefford 1999). Possible disadvantages include difficulties in
detecting discontinuities and failing to find the best solution (minimum stress) because of
intervening local minima. Nevertheless, NMS has performed well with both simulated
gradients and field data.
The learning process of the SOM was carried out using the SOM Toolbox developed by the
Laboratory of Information and Computer Science in the Helsinki University of Technology
(http://www.cis.hut.fi/projects/somtoolbox/) in Matlab environments and adopted the
initialization and training methods suggested by the SOM Toolbox authors that allow the
algorithm to be optimized. PCA and NMS were carried out using PC-ORD ver 4.25 (McCune
and Mefford 1999).
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3.3 Results
Through the learning process of the SOM, 43 samples were classified in the SOM map (Fig.
17a). Based on the dendrogram of a cluster analysis with a Ward linkage method using
Euclidean distance, two main groups were identified, and subsequently 6 clusters were defined
in the SOM map at different distance levels (Fig. 17b). The results reflected spatial and
temporal variation of macroinvertebrates. For example, samples of 1974 and 1975 were
grouped in the left area of the ordination (cluster 3 and 6). Cluster 3 was characterised by
samples from Littlecote in 1974 and 1975, whereas cluster 6 was by samples from Lower
Saversnake and Upper Saversnake in 1974 and 1975. Samples from Littlecote in 1997-2001
were grouped in cluster 1, and samples from Saversnake (Upper and Lower) in 1997 were
grouped in cluster 7, and samples in 2001 were in cluster 4. This indicates that benthic
macroinvertebrate communities were greatly changed during last 20 years. It may reflect habitat
changes of study sites.
Occurrence of taxa was the highest at clusters 1 and 3 with 52 families, and abundance was
also highest at cluster 1 (Fig. 18). This reveals that benthic macroinvertebrates are more
diverse at sampling site Littlecote than at Saversnake, and the abundance is recently increased
compared with that of 1974 and 1975. Meanwhile at Saversnake, the occurrence numbers of
taxa were slightly decreased compared with that of 1974 and 1975. However abundance was
not significantly different in the annual changes. This reflects the changes of benthic
macroinvertebrate community composition in the study sites.
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Fig. 17. Patterning macroinvertebrates of River Kennet with SOM. a) ordination of samples on SOM map, b)
classification of SOM units with Ward’s linkage. In the sample names, the first two column indicate sampling
area (LC; Littlecote, LS; lower Savernake, US; upper Savernake), column 3 is sampling month (J; June),
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Fig. 18. Differences of number of taxa (family) (a) and abundance (b) at different clusters.

To estimate the relative importance in each cluster, we visualised the estimated abundance of 52
taxa from weight vectors of the trained SOM (Fig. 19). Dark hexagon indicates high
abundance, whereas light one reveals low abundance. Through this component map we could
evaluate the association of species each other, and the relations with clusters. In cluster 1, 19
families including Goeridae and Gammadidae showed the highest abundance (Table 5).
Cluster 2 was characterised by 4 taxa including Oligochaete and Baetidae, cluster 3 was by 8
taxa inclusing Hydroptilidae and Lumbricidae, cluster 4 was by 9 taxa including Ancylidae
and Empididae, cluster 5 was by 6 taxa Asellidae and Glossiphoniidae, and cluster 6 was by 6
taxa including Sphaeriidae and Hydrobiidae.
On the other hand, Oligochaeta was low in clusters 3 and 6, while it was high in cluster 2.
This indicates that abundance of Oligochaeta excluding Lumbricidae increased during last 20
years in the study sites. In contrast, Lumbricidae decreased during this period. Tipulidae was
low in cluster 5, while it was high in cluster 3. Tipulidae and Asellidae showed negative
association.
Finally we could summarise relations between variables: clusters (or samples), taxa, and
other concerned variables such as abundance and species richness in samples. In this study
these results were summarised in Table 1. At present, we don’t have available physical and
chemical environmental data measured at the sampling sites when samples were collected.
Therefore, environmental variables were not visualized and summarised in Figure or Table.
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Fig. 19. Distribution maps of each component (family) displaying the contribution on sampling sites and cluster.
Dark represents high values of each variable, whereas light is for low values.
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Table 5. Summary of characteristics of each cluster.
Cluster

Number of
abundant taxa

Number of occurrence
taxa per sample

Abundance per
sample

1

19

52.0 (0.10)*

1596.2 (180.9)*

2

4

50.2 (0.09)

1029.9 (158.7)

3

8

52.0 (0.16)

1260.8 (286.0)

4

9

49.3 (0.19)

1128.5 (330.3)

5

6

50.0 (016)

931.5 (286.0)

6

6

50.2 (0.11)

976.1 (190.7)

Corresponding
site and year
Littlecote,
1997-2001
Saversnake,
1998-2000
Littlecote,
1974-1975
Saversnake,
2001
Saversnake,
1997
Saversnake,
1974-975

Representative taxa
Goeridae, Gammadidae
Oligochaete, Baetidae
Hydroptilidae, Lumbricidae
Ancylidae, Empididae
Asellidae, Glossiphoniidae
Sphaeriidae, Hydrobiidae

* Standard error
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Fig. 20. PCA ordination with macroinvertebrates. Cross (+) indicates ordination of taxa. Corresponding
clusters of samples are indicated with circles and cluster numbers. Explanation of sample names is given in
Figure 17.

The capability of the SOM to classify samples and to summarize the variability of the data
was compared with that of PCA. Overall the ordination showed similar patterns to that of
SOM (Fig. 20). The same cluster numbers were indicated on the PCA ordination to
corresponding samples. For example, samples from Littlecote (clusters 1 and 3 in SOM) were
located in the upper area of the ordination map, and samples in 1974 and 1975 were located
closely each other. Samples from Saversnake were located closely each other as in SOM.
However, when we see in detail the ordination map, cluster 3 was not clearly distinguished from
cluster 1. In particular clusters 2, 4, 5, and 6 were overlapped each other. Although PCA
ordination showed overlap of clusters, some samples were samples did not clearly separated
samples
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Fig. 21. NMS ordination with macroinvertebrates. Cross (+) indicates ordination of taxa. Corresponding
clusters of samples are indicated with circles and cluster numbers. Explanation of sample names are given in
Figure 17.

NMS ordination classified samples from Saversnake in 1997 in the top area of the ordination
(Fig. 21). Overall the ordination showed spatial and temporal variation of samples, showing
similar patterns of SOM map. These samples were belonged to cluster 5 in the SOM map.
Samples from Littlecote were mostly in the bottom left area of the ordination. These samples
were belonged to cluster 1 in the SOM map.

3.4 Discussion and conclusion
SOM has several advantages: SOM averages data and thus removes noise (Vesanto et al.,
1998), SOM allows the visualisation of association even if it differs in different parts of the
data space, and the sample units and the species abundance can be seen in the same figure and
the analysis is becoming easier. They were presented in this study. Overall SOM clearly
distinguished spatial and temporal variation of benthic macroinvertebrates and visualized the
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relations with taxa, showing changes of communities during last 20 years.
Although comparison of ordination methods is not easy task as mentioned by several authors
(e.g. Manly 1994, Giraudel and Lek 2001), our results showed that the SOM ordination is the
most interpretable compared with PCA and NMS in ecological aspects. PCA ordination also
showed similar patterns with SOM, although samples were not clearly distinguished. NMS
ordination also revealed some similar patterns with SOM and PCA. However, most samples
scattered on the ordination plot, so it was not easy task to identifying patterns of samples in
the plot.
The SOM algorithm and linear ordination methods have already been compared (Blayo and
Demartines 1991, Giraudel and Lek 2001) and it has been emphasised that when non-linear
algebra is involved in the computation, formal proofs are almost impossible and an
experimental approach is the only way. Giraudel and Lek (2001) compared the performance
of several ordination techniques with very simple dataset.
Like NMDS, SOM is a non-linear method. Then, the problem of the horseshoe effect (PCA)
or arc effect in correspondence analysis does not exist with SOM. However, it is not possible
with SOM to control the direction of the gradients (Giraudel and Lek 2001). After training
the SOM, new samples can be added to the SOM network without affecting the ordination,
then recognize the new samples in the trained SOM map. After the recognition, the new
samples can be evaluated by comparing the trained patterns which their environmental
condition is defined. The new sample has to be compared with each virtual unit, then the best
matching unit is determined and the new sample is represented on the map in the hexagon
corresponding to this best matching unit. In a same way, if outliers exist in the dataset, each
of them affects only one map unit and its neighbourhood. The other areas of the map are not
affected by these data (Kaski, 1997).
For each ordination method, the distance or the similarity distance have to be chosen
(Legendre and Legendre, 1998), unlike almost all conventional methods, SOM allows a large
choice, requiring an adaptation of the learning equation. It remains to provide a complete
description of these equations for the most used distances or similarity measures.
The repeatability of the method might be a problem with SOM. During the training, the
sample units are connected randomly, so with the same dataset, the final SOM maps might be
different. However, if the learning parameters have been correctly fixed, the maps will be
different, but the relative positions of the unit will be almost the same ones.
Adrawback of the SOM algorithm is that the size and the shape of the map have to be fixed in
advance. The number of virtual stations may be much bigger than the number of sample units.
Growing self-organizing networks have been proposed in order to tackle this problem
(Fritzke, 1995), and this approach remains to be applied to ecological data.
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