Artificial neural networks as a tool for predicting fish community
composition in rivers
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Fish community composition has been successfully modeled by means of artificial neural
networks (ANNS), using environmental variables as predictors. Two applications of this
technique are presented, based on different levels of integration of the information about
fish community composition. Local species richness was modeled in the Garonne river
(France), using only 3 environmental predictive variables, whereas presence or absence
of 30 fish species was modeled in north-eastern Italian rivers using 26 environmental
predictive variables. The results were very good in both cases: the ANN models were
able to explain 82% of the variance in local species richness and to correctly predict
presence or absence of fish species in more than 85% of the cases. These results pointed
out that ANNs can play a very important role in the study of ecological communities.

1. INTRODUCTION

Artificial neural networks (ANNs) are powerful tools for empirical modeling, that can
be applied to a broad spectrum of problems, even when the underlying causal relation-
ships are poorly understood or completely unknown. Moreover, any finite-dimensional
vector function on a compact set can be approximated to arbitrary precision by multi-
layer feedforward ANNs, provided that enough data and computing resources are available
[1].

As ANNSs can model complex nonlinear relationships, they have proved to be very useful
in ecological research, where these conditions are very common [2]. In particular, species
distribution with respect to complex environmental gradients is a typical example of mul-
tiple nonlinear biotic response. Its study has played an important role in modern ecology,
since it is deeply related to the development of the concept of ecological community.
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Given a data set large enough to allow for effective ANN training (i.e. for model cali-
bration), many ecological variables can be accurately estimated on the basis of both biotic
and abiotic predictive variables [3]. Even the prediction of ecological community struc-
ture, which is a very challenging problem for conventional models [4], could be successfully
solved by using ANNS, as previous attempts have already pointed out [5-7, etc.].

In this paper the above said problem will be dealt with in relation to river ecosystems
at two very different levels of integration, by predicting: (a) local fish species richness, i.e.
the total number of species at a given site; (b) fish community composition, i.e. presence
or absence of fish species at a given site.

The former goal is probably simpler to attain, but it is also the most promising in terms
of generalization. The latter one, although not trivial to achieve, might play an important
role in ecological research, as it could provide significant insights into the inner mechanics
of community ecology and overcome the limitation of conventional linear approaches to
ecological data analysis and modeling.

2. MATERIALS AND METHODS

2.1. Data collection

Data from 207 sampling sites have been used to model fish local species richness (LSR)
in the Garonne river (France). LSR data were collected between 1986 and 1996 by using
electrofishing, during low-flow periods. At each studied site, three environmental variables
were recorded: distance from source (DFS), elevation (ELE) and catchment area (CAA).
CAA was measured with a digital planimeter on a 1/500000 scale map of the Garonne
river basin, whereas the other variables (DFS and ELE) were collected from 1/25000
scale maps. A second independent data set, including data for the same variables from 72
sites, was used to test the model. It has been collected according to the same sampling
procedures from 1985 to 1995.

Data from 176 sampling sites in the rivers of the province of Vicenza (Italy) have
been used to predict fish community structure on the basis of 26 environmental variables,
namely: elevation (m); falls, small falls, rapids, runs, pools and riffles (surface, %); runs,
pools and riffles (depth, cm); maximum, minimum and average width (m); homogeneity
(score, 0-5); boulders, rocks and pebbles, gravel, sand, silt and clay (surface, %); stream
velocity (0-5); flow (dm? s71); vegetation covering (surface, %); shadow (0-5); anthropic
disturbance (0-5); pH; conductivity (uS). All the environmental data were scaled into a
[0,1] interval before ANN training. Information about fish community was based on binary
(i.e. presence or absence) data for 30 species (see species names in tab. 1). Sampling was
carried out by electrofishing from 1987 to 1994.

2.2. Modeling methods

A three layer feedforward ANN was used to model LSR. It had a 3-3-1 architecture, i.e.
an input layer of three neurons (one for each environmental variable), a hidden layer with
three neurons and an output layer with a single neuron (i.e. LSR). Sigmoid activation
functions have been used in all the nodes of the hidden and output layers of the ANN.
Learning rate and momentum, which were initially fixed respectively at 0.01 and 0.95,
have been modified during the training according to the output error. The initial weights
for the links between neurons were randomly chosen within a [-0.3,0.3] interval.



The error backpropagation algorithm [8] was used to adjust these weights during the
training procedure. Modeling was carried out in three steps: (1) the first data set (n=207)
was randomly divided into two data subsets and the first subset, i.e. 75% of whole set
(n=155), was used to train the ANN model for 500 epochs; (2) the second subset, i.e.
25% of the whole set (n=>52), was used to test the previous model; (3) further testing of
the ANN model was performed using the second independent data set (n=72) in order to
determine the predictive quality of the model.

The same ANN architecture, i.e. a three layer feedforward ANN, was also used to
model fish community composition, i.e. presence or absence fish species. In this case,
however, the ANN was much more complex, as it had a 26-40-30 structure. The number
of nodes in the hidden layer was defined after empirical tests, that showed that 40 hidden
nodes provided the best performance when compared to other structures with a number
of hidden nodes in the [Z,2n] range, where n is the number of input nodes.

The training procedure has been slightly more complex for this ANN than for the
previous one. As in the previous case, an "early stopping” strategy was used, but the
number of epochs was not a priori defined. In fact, all the available data were divided into
three sets. Half of the available patterns (n=88) was randomly selected as training set. A
second set (25% of the available patterns, n=44) was used to compute the mean square
error (MSE) of the ANN output after each training epoch: as soon as the MSE started
to increase, the training was stopped. Finally, a third data set (25% of the available
patterns, n=44) was only used to test the performance of the ANN after completion of
the training phase.

The learning constant was set to 0.9 and the momentum term to 0.1 and these values
were not modified during training. In order to avoid overtraining, a small amount of
gaussian noise (u=0, 0=0.01) was added to the ANN input patterns (thus generating a
virtually infinite number of slightly different input patterns). Moreover, only a random
subset of the training set was submitted to the ANN at each epoch (i.e. 44 patterns out
of 88) .

3. RESULTS

The 3-3-1 ANN model of local fish species richness (LSR) performed very well, as the
determination coefficient for the regression between observed values and ANN outputs
obtained after training was R?=0.874 (Figure 1). When computed only for the test subset
in the first data set the determination coefficient was R?=0.817, whereas it was somewhat
smaller (R?=0.676) when the second independent data set was used as a test set.

The 26-40-30 ANN model of fish community structure, in spite of its inner complex-
ity, provided accurate estimates of species presence or absence. After completion of the
training procedure, all the ANN outputs, which were continuous because of the sigmoid
activation function in the output layer, were converted back to a binary form by a thresh-
old function that was set at 0.5. The percentages of matches, i.e. of exact predictions of
species presence or absence that were obtained with respect to the test set, are shown in
Table 1.

As the test set was completely independent of the training and validation sets, the
accuracy of the ANN model was remarkable: in fact, the average percentage of matches
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Figure 1. Garonne river local fish species richness: artificial neural network output vs.
observed values.

was 85.6%. When predictions for single species were taken into account, in 14 out of 30
cases the percentage of matches was greater than 90%, whereas only one species (Cottus
gobio) was almost unpredictable, as only 52.3% of matches between its field records and
ANN output were obtained (obviously random predictions would have provided 50% of
matches).

It is important to notice that the low predictability of this species was ecologically
sound, as C. gobio can be found in two completely separated river zones and its presence
or absence depends on water quality descriptors that were not included in the set of
environmental predictive variables of this ANN model.

However, the level of predictability of a given species can be affected not only by the
relevance of the environmental predictive variables, but also by the role the species plays
in the ecosystem. For instance, species whose level of predictability is low are probably
more involved in complex biotic relationships (e.g. interspecific competition) than species
whose presence or absence can be accurately predicted by the ANN model on the basis
of the given set of abiotic environmental variables. Therefore, the level of predictability
provided by the ANN model can highlight interesting ecological properties of the modeled
species.

When the whole community structure was taken into account instead of the distri-
butions of single species, the ANN predictions still proved to be accurate. In order to
compare real and predicted community structure, two matrices of similarity between fish
community samples were computed, using real data from the test set and data predicted
by the the ANN model on the basis of environmental information. The similarity between
real and predicted fish community compositions was computed according to the Rogers
& Tanimoto index [9]:

a+d

S = 1
7a+2b+2c+d (1)
where a and d are respectively the number of species whose presence and absence matched




Table 1
Province of Vicenza fish communities: percentage of matches in estimates of species
presence or absence (test set only).

Species name matches Species name matches
Abramis brama 97.7% Perca fluviatilis 97.7%
Alburnus alburnus alborella 77.3% Lepomis gibbosus 90.9%
Anguilla anguilla 75.0% Micropterus salmoides 93.2%
Barbus plebejus 79.5% Ictalurus melas 97.7%
Carassius carassius 93.2% Phozinus phozinus 81.8%
Cyprinus carpio 100.0% Scardinius erythrophthalmus 88.6%
Leuciscus cephalus 75.0% Cottus gobio 52.3%
Cobitis taenia 72.7% Gasterosteus aculeatus 90.9%
Gambusia holbrooki 93.2% Thymallus thymallus 90.9%
Padogobius martensii 72.7% Tinca tinca 84.1%
Gobio gobio 93.2% Rutilus erythrophthalmus 72.7%
Lampetra planeri 95.5% Salmo (trutta) trutta 88.6%
Chondrostoma genei 86.4% Oncorhynchus mykiss 84.1%
Esox lucius 79.5% Salmo (trutta) marmoratus 100.0%
Orsinigobius punctatissimus 72.7% Leuciscus souffia 90.9%

the ANN predictions, and b and ¢ are the number of species which were present but not
predicted and vice versa.

These similarity matrices were compared by using the Mantel permutation test [10],
which allowed to reject the null hypothesis of no relationships between them [R=0.50778,
P(R)=1.000, n=100000]. As the unit probability level suggests, the observed value of
the standardized Mantel statistics R was greater than all those that were obtained after
100000 random permutations of one of the similarity matrices. This obviously implies that
the fish community composition was not only non-independent in observed and predicted
data sets, but even very similar. This evidence is particularly significant, because the
Rogers & Tanimoto similarity index allocates more importance (i.e. a double weight) to
discrepancies than it does to agreements between observed and predicted data.

4. CONCLUSIONS

ANNSs proved again to be a very important tool in modern ecological research, as they
can be effectively used to predict community composition on the basis of environmental
variables. ANNs can outperform most conventional modeling and data analysis techniques
because they are inherently more suited to deal with nonlinear relationships, which are
the rule rather than the exception in ecology.

They can be applied to a wide spectrum of ecological problems [3], providing accurate
estimates of synthetic descriptors (e.g. species richness) as well as complex information
like species composition of ecological communities.

Even though a proper selection of relevant predictive variables is always of paramount
importance in ecological modeling and no model can work properly if enough information



about the underlying processes is not available, ANN models can effectively cope with
ill-defined problems. In fact, ANN models can adjust their inner structure in order to
isolate ineffective predictive variables (i.e. unnecessary ANN inputs), provided that their
training processes have been optimized to attain optimal accuracy and generalization
capabilities.
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