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a b s t r a c t

This study analysed the possibility of using the sea surface temperature (SST) of the Atlantic Ocean to pre-
dict the recruitment of European eels in one of the most important estuaries of the south of Europe. For
this purpose, two different time series concerning glass eel in the Guadalquivir estuary (the first obtained
from a set of fishery-independent experimental samplings in this estuary and the second from an unof-
ficial database on commercial catches provided by one of the main local marketer-buyers) were stand-
ardised to obtain a single time series on a monthly scale. This series was correlated with a total of 368
SST time series for 368 sectors of 1.95� � 1.95� of the Atlantic Ocean covering the possible migration
routes of adult eels and leptocephalous larvae. The significant sectors were clustered and selected as
inputs for artificial neural network models (ANNs) with the objective of obtaining a model to forecast
glass eel recruitment. Globally, the best result was given by an ANN with only 12 clusters as input vari-
ables and 35 neurons in the hidden layer. For this configuration, the explained variance in the test phase
was slightly higher than 79%. These results were significantly better than those obtained with classical
methods. The strong correlation between predicted and observed glass eel abundance suggests that:
(a) there is a marked non-linear relationship between SST and glass eel recruitment in the Guadalquivir
estuary; (b) SST is a good proxy for predicting glass eel recruitment and; (c) one of the main factors
responsible for the changes in abundance of this species is changes in the ocean conditions.

� 2014 Elsevier Ltd. All rights reserved.
Introduction

In spite of the considerable number of studies carried out on the
European eel (Anguilla anguilla) since the 1920s, it remains one of
the most mysterious species from a biological point of view. This
is because the European eel undertakes a very complex reproduc-
tive migration that begins in the freshwaters and estuaries of Eur-
ope and ends in a large oceanic area known as the Sargasso Sea.
From there, the leptocephalus larvae return via various different
migration routes to European coasts where they transform into
the glass eel that move into estuaries and freshwater habitats to
close the cycle (Schmidt, 1922; Tesch, 2003).

Traditionally, these migratory movements have been exploited
by local fishermen to catch adult specimens in the estuaries when
the eels move to spawning grounds and glass eels when they come
to colonise freshwater systems. These catches, on many occasions
regulated poorly or not at all, together with other factors, such as
freshwater pollution, habitat disturbance, watershed fragmenta-
tion and variation in the oceanic conditions as a consequence of cli-
mate change, are the most probable causes reported of the drastic
decrease in all eel populations detected in Europe over recent
decades.

In this sense, the Iberian eel populations are not an exception.
As has happened with the rest of the European populations, the
traditional Iberian stocks have reduced in size considerably since
1980s (ICES, 2007), leading to this species currently having a crit-
ically endangered conservation status. The synchronous decreases
in the abundance of European eel populations makes it plausible to
suppose that the effect of the oceanic component is highly impor-
tant and one of the main causes of their decline.

For this reason, several studies have analysed the effects of oce-
anic and atmospheric conditions on adult eels, leptocephalus lar-
vae and abundance of glass eels at different spatial–temporal
scales. For example, McCleave and Kleckner (1987) related the dis-
tributions of leptocephalus larvae of the Anguilla species to pat-
terns of water circulation in the western Sargasso Sea. Knights
(2003) correlated the changes in the Den Oever Glass Eel Recruit-
ment index (DOI) with the North Atlantic Oscillation index (NAO)
and reported the existence of a coupling between atmospheric
conditions over the North Atlantic and the recruitment of eels, in
such a way that negatives phases of the NAO are significantly asso-
ciated with positives phases of DOI. Additionally, this author
detected relatively high recruitment in Europe during low-NAO/
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Sargasso-cool periods between the 1950s and 1970s. More
recently, Friedland et al. (2007) analysed the effects of decade-
scale changes and regime shifts in key thermal, wind, oceanic cur-
rents, and productivity associated with the NAO on European eel
recruitment. A similar approach was taken by Durif et al. (2010)
using a historic database of eel catches along the Skagerrak coast
(Norway). In the case of the south of the Iberian Peninsula,
Arribas et al. (2012) analysed the effect of the NAO on the glass eels
in the Guadalquivir estuary (South of Spain) and likewise the influ-
ence of the annual productivity in the Sargasso Sea in the period of
maximum leptocephalus larvae density.

Unlike research on other species (Gutiérrez-Estrada et al., 2009;
Yáñez et al., 2010), most studies concerning European eels with
meta-data, that is non-simulated data, have been carried out on
an annual time scale and the spatial analysis has been limited to
specific locations such as the spawning area. This is a consequence
of the difficulty of obtaining significantly long, high frequency (for
example, monthly or weekly) time series of abundance from inde-
pendent experimental surveys as well as the unavailability of envi-
ronmental databases on the same time scale for the entire oceanic
basin covered by the migratory process. Sometimes, commercial
catch databases are available on a high frequency scale; however,
researchers generally analyse such data with caution when there
is no reference time series to allow supervised standardisation.
The direct effect of this is the absence of forecasting models of
eel abundance, while such models are essential for any manage-
ment plan with the goal of promoting recovery of the species.

Basically, three modelling approaches can be taken to reach a
significant forecasting objective: (a) the univariate approach, in
which the independent variables are the same variable to predict
lagged in time (the classical approach would be the ARIMA models)
(Box and Jenkins, 1976; Stergiou, 1989; Czerwinski et al., 2007); (b)
the multivariate approach where predictors are different to the
dependent variable, such as, for example, multiple linear regres-
sion (MLR) (Hair et al., 1998) and; (c) a hybrid configuration
Fig. 1. Chart of the central-north part of the Atlantic Ocean. Above, the dotted ellipse is
368 sectors of 1.95� � 1.95�.
between the two approaches (Stergiou et al., 1997). This last
approach is very interesting because enables us to use information
contained in proxy variables with different time lags such as atmo-
spheric indexes like NAO or oceanic parameters as salinity, chloro-
phyll concentration or sea surface temperature (SST), among
others.

Among all oceanic parameters that could be used, SST is an
interesting option because the SST databases are on a high range
of spatial–temporal scales, as well as being easy and open access.
The SST can be considered an oceanic proxy variable because in
spite of the water temperature having a direct effect on the phys-
iological status of adult eels and leptocephalus larvae, it is known
that at both these stages the species carries out daily vertical
migrations during the horizontal migration process (McCleave
and Kleckner, 1987; Aaresrup et al., 2009).

Therefore, the objectives of this study were firstly to assess the
possible relationships between the changes in glass eel abundance
in the south of the Iberian Peninsula (Guadalquivir estuary) and
the SST of the Atlantic Ocean on a high-frequency time scale
(monthly) and secondly to calibrate a forecast model that allows
prediction in a precise way and in the short-term changes in glass
eel abundance as a function of only SST data.
Material and methods

Study area

The study area in this work includes a section of the Atlantic
Ocean which extends from 45�N–75�W, close to Baccaro Point
(Canada) and Cape Cob Bay (USA), to 23�N–6�W (close to the Gulf
of Cintra in Western Sahara) (Fig. 1). This section integrates the
European eel spawns area which is approximately a narrow ellipse
whose long axis extends east–west from 48� to 74�W longitude and
23� and 30�N latitude (McCleave and Kleckner, 1987) and the
approximately the spawn area of the European eels. Down, the grid is composed by
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possible migration routes of leptocephalus larvae from this spawn
area to the Guadalquivir estuary.

The Guadalquivir estuary is the largest estuary of the south of
the Iberian Peninsula. It extends from 36�470N–06�220W to
37�040N–06�050W. This corresponds to approximately the first
32 km of the Guadalquivir River from its mouth until a stretch
knows as Tarfía (Sobrino et al., 2005). However, the tidal effects
in the Guadalquivir River can be observed until the Alcalá del Río
dam (110 km upstream from the mouth), which regulates the
freshwater input in the estuary. From a conservation point of view,
the Guadalquivir estuary is very important because the marshlands
and drainage system of the Doñana National Park depends on the
estuary dynamics.

Sea surface temperature data

The SST data for the Atlantic Ocean section analysed in this
work were downloaded using griddap on the website of the Envi-
ronmental Research Division’s Data Access Program (ERDDAP), a
research division of the National Oceanic and Atmospheric Admin-
istration (NOAA) (http://coastwatch.pfeg.noaa.gov/erddap/
index.html). Specifically, the data used are included in the Path-
finder Version 5.0 Sea Surface Temperature dataset which is a
reprocessing of global SST data from NOAA’s Advanced Very High
Resolution Radiometer (AVHRR) aboard NOAA’s Polar Operational
Environmental Satellites (POES). The University of Miami’s
Rosenstiel School of Marine and Atmospheric Science (RSMAS)
and NOAA’s National Oceanographic Data Center (NODC) under-
took the reprocessing work. This reprocessing task provides a
long-term continuous data series for use in climate research as
well as other applications requiring the highest possible quality
of data.

Pathfinder processing uses a modified version of the non-linear
SST (NLSST) algorithm (Walton et al., 1998). Kilpatrick et al. (2001)
introduced some changes in the algorithm which included: an
improved atmospheric correction, superior cloudmasking, and
monthly recalculation of algorithm coefficients based on a
match-up database of in situ SST measurements (moored and drift-
ing buoys). The data are mapped to an equal-angle grid (0.05� lat-
itude by 0.05� longitude) using a simple arithmetic mean to
produce individual and composite images of various durations.
Composite images are generated using only the pixels of the high-
est quality. SST data are available at 4-km resolution (with an accu-
racy of 0.3 �C) in a monthly composite from September 1981 to
December 2009.

Biological data

The glass eel data for the Guadalquivir estuary have been
obtained from two different sources: (a) an unofficial database
on commercial catches (NODB) provided by one of the main mar-
keter-buyers of glass eels in the south of Spain and; (b) an official
database (ODB) obtained by fishery-independent experimental
samplings.

NODB is composed of the daily purchases (kg) of glass eel from
the local fishermen from November 14 1983 to May 27 1998. It is
important to remark that these data proceed from the unregulated
glass eel fishery that until November 2010 traditionally operated in
the Guadalquivir estuary. That is, they are not official statistics on
commercial catches of glass eels in the Guadalquivir estuary.

Data for the second database (ODB) have been mapped from the
results of several research projects conducted in the study area
focused on assessing variations in glass eel density. The main
results of these projects can be reviewed in Sobrino et al. (2005),
Arribas (2009) and Arribas et al. (2012). In all these projects, the
samplings were carried out using local fishery gear (the sampling
procedure being described in detail in Sobrino et al. (2005))
monthly from June 1997 to December 2006. In these works, the
abundances of glass eel were given as number of individuals per
volume of filtered water (indiv. 10�5 m�3).
SST and biological data processing

The study area, which was mapped to an equal-angle grid, was
divided into 368 sectors of 1.95� � 1.95� which permit us to ana-
lyse the possible effects of SST on glass eel recruitment to the
mesoscale level (Fig. 1). For each sector, mean SST was calculated
for each month and the time series from November 1983 to
December 2006 extracted. Later, the time series associated with
each sector was detrended to avoid the effects of tendency
changes. Finally, the SST anomalies (SSTAs) were then obtained,
with respect to the 1983–1993 monthly mean values. To ensure
that all SSTA calculations were correct, the anomalies of each grid
square were checked to ensure that they summed to zero over the
period considered.

Before using the data contained in NODB, these needed to be
standardised with respect to the data series recorded by Sobrino
et al. (2005), Arribas (2009) and Arribas et al. (2012). In a first
stage, we checked the similarity in the frequency domain of the
two series with the objective of assessing the possibility of esti-
mating each NODB value as a function of the regression equation
obtained from the overlapped section of the two time series (June
1997 to May 1998). For that, the autocorrelation functions (ACFs)
of NODB and ODB were compared. Additionally, the results of the
ACFs were crossed with the corresponding periodograms obtained
by means of a Fast Fourier Transform (FFT). The comparison of the
periodograms was carried out with the Dnp statistic (Caiado et al.,
2008), for which a value out of the interval [�1.96,1.96] implies
accepting spectral differences at a significant level of 0.05
(Borlado-Machado et al., 2009). Later, we normalised the two
series in function of their respective means and standard
deviations. In this way, two detrended data series were obtained,
with a mean value of 0 and standard deviation of 1.

As there was a relatively short overlap between ODB and NODB
data (12 months), we tested the validity of the NODB data transfor-
mation independently of the regression significance level using a
Monte Carlo simulation. For that, firstly we tested the normality
by months by means a Kolmogorov–Smirnov and Lilliefors test.
Then, the mean and standard deviation of the NODB series data
were calculated for each month. Subsequently, the mean and stan-
dard deviations of each month were used to generate 1000 Gauss-
ian random series between June 1997 and May 1998. A random
value for each month with the same probability and spectral char-
acteristics as the original series was obtained using the Box–Muller
method (Box and Muller, 1958), in which a pair of independent
random variables (Z1 and Z2) with a standard normal distribution
N(0,1) are generated from two independent random numbers (U1

and U2).

Z1 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�2 ln U1

p
cosð2pU2Þ
Z2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�2 ln U1

p
sinð2pU2Þ

The 1000 random series were regressed with the 12 original
data sets corresponding to period ranging from June 1997 to May
1998 of ODB to obtain the Pearson’s coefficient (R). From all simu-
lations, the 5% with the highest R values were selected and then the
mean of R was calculated (RMC). Finally, the correlation coefficient
of the regression between ODB and NODB (Ro) and RMC were com-
pared, and if Ro was higher than RMC then the transformation of
NODB in function of the regression equation was accepted.

http://coastwatch.pfeg.noaa.gov/erddap/index.html
http://coastwatch.pfeg.noaa.gov/erddap/index.html
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Modelling techniques

The estimation and forecasting of glass eel abundance in the
Guadalquivir estuary was performed using artificial neural net-
works (ANNs). ANNs are mathematical models inspired by the
neural architecture of the biological nervous system. The most
widely studied and used structures are multilayer feedforward
networks or multilayer perceptrons (Rumelhart et al., 1986).
These models ‘learn’ in an iterative way in which the data are
introduced to the neural network a number of times until a pre-
determined error level (calculated as the sum of the squared
errors) is reached (the iteration in which all the data are intro-
duced to the ANN is termed the epoch). These supervised ANNs
allow the analysis of complex data sets and the identification of
non-linear relationships between dependent and independent
Fig. 2. Schematic representation of the general procedure followed for the calibratio
CSS = Calibration + Select Subset; N = number of patters.
variables. A detailed description of the performance of multilayer
perceptron ANNs can be found in Lek and Guegan (1999),
Gutiérrez-Estrada et al. (2000), Dedecker et al. (2005), Goethals
et al. (2007), Pulido-Calvo and Portela (2007) and Gutiérrez-
Estrada et al. (2008). There are many ANN calibration or learning
methods. In this work, the Levenberg–Marquardt algorithm
(Shepherd, 1997) was applied. This is a second-order non-linear
optimisation algorithm that guarantees local convergence and
which is recommended by several authors (Tan and van
Cauwenberghe, 1999; Anctil and Rat, 2005).

Although the objective of this study was not to compare ANNs
with other methodologies, in order to test the linearity of the rela-
tionships between SST and glass eel recruitment, the ANN results
were compared with those obtained by generalised additive mod-
els (GAMs) and MLRs.
n of neural network models. CS = Calibration Set; SS = Select Set; TS = Test Set;
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General procedure

Once that NODB was standardised as a function of ODB, an
extended single series of glass eel density was obtained. This
new series (EODB) was detrended and expressed as anomalies rel-
ative to the respective 1983–1993 monthly period (EODBAs). Fol-
lowing, the SSTA series of each grid was linearly correlated with
EODBA series considering a number of lags (t) between t = 1 and
t = 36. The maximum number of lags (36 months) was selected
because according to several authors the passive oceanic transport
of leptocephalous larvae could have last for 3 years (Bonhommeau
et al., 2008). This way, a correlations distribution map can be
obtained for each time lag.

However, as the correlations are calculated between EODBAs
and SSTAs, and the SSTAs are estimated for a grid square, it is pos-
sible that such significant relationships have merely arisen by
chance. Therefore, to avoid the misinterpretation of the correlation
maps, a finiteness test was performed. Finiteness is defined as the
dimensionality of the grid (Phillips and McGregor, 2002). When a
correlation coefficient is calculated for any given grid square two
possible results can be obtained: the coefficient is significant
(result a) (commonly at the 95% confidence level) or is not signif-
icant (result b). If this two-result process (a + b) is repeated n times
(where n is the number of grid square in the data matrix) then a
binomial probability distribution is obtained. The binomial expan-
sion of (a + b)n can thus be used to determine the number of grid
squares that must have statistically significant correlations at the
95% confidence level (M0) from a total of n (the total number of cor-
relation coefficients calculated) such the probability of the result
occurring by chance is less than 0.05 (Phillips and McGregor,
2002). Livezey and Chen (1983) (page 49, Fig. 3) provided a graph
in which this critical percentage (M0) is given as a function of the
number of tests n carried out. Taking in account the data availabil-
ity and the number of independent tests conducted by month in
this study (368), the critical value (M0) estimated from the work
of Livezey and Chen (1983) was set at 7%.

In each correlation map the significance level (pa) between
EODBAs and SSTAs was computed which allowed configuring dif-
ferent correlation clusters. A cluster here is defined as set of two
or more 1.95� � 1.95� grid squares that share at least one common
Fig. 3. Autocorrelation functions and periodograms of the unofficial database on commer
south of Spain and the official database (ODB) obtained by fishery-independent experim
edge or vertex. The average SSTA for each cluster (Cti) was com-
puted and used as input variables into ANN models to try to esti-
mate and forecast the anomalies of glass eel densities in the
Guadalquivir estuary.

The general procedure employed for the calibration of neural
network models is outlined in Fig. 2. The data set was randomly
divided into two subsets: the first one (calibration subset [CS] + se-
lect subset [SS], CSS) was composed of 266 patterns (from Novem-
ber 1983 to December 2005) and the second one (the test subset,
TS) was composed of the glass eel densities of the year 2006 (12
patterns). In the first subset (CSS), 40 patterns (also randomly
selected) composed the select subset (SS) and these were used to
avoid overtraining or over-calibration of the ANN. The best method
to ensure that overtraining does not occur is to monitor periodi-
cally (at the end of each epoch) the sum square error for both
the CS subset and SS subset (internal validation). It is normal that
the sum square error for the CS subset decreases continuously with
training. However, this may be forcing the neural network to fit the
noise in the CS subset. To avoid this problem, training is stopped at
the end of each epoch and the sum square error of the SS subset is
calculated. When the sum square error of the SS subset begins to
increase, training must be stopped and the weights of the epoch
which provided a minimum error for the SS subset should be
tested with the TS subset. This last phase is also known as the gen-
eralisation phase, or external validation. Iyer and Rhinehart (1999)
recommend repeating this process at least 30 times for each
model, and in this work each ANN architecture was training and
tested 100 times (Fig. 2, step 1).

Once each ANN was calibrated and tested a neural ensemble
process was carried out. This process combines the best ANNs at
the level of the output neuron. In this work, a good ANN is one that
provides a correlation coefficient for the select set (SS) higher than
or equal to 0.65. Ensemble processes, together with internal valida-
tion, are the most important means of combating over-learning
and improving the generalisation capacity of the ANN (Watts and
Worner, 2008).

In a second phase, each ensemble ANN was subjected to a selec-
tivity analysis in order to select the most weighted input variables
(Fig. 2, step 2). The sensitivity analysis was carried out by replacing
each variable by missing values and assessing the effect of this on
cial catches (NODB) provided by one of the main marketer-buyers of glass eels in the
ental samplings.
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the output error. Following this, the new error calculated was com-
pared with the original error to obtain a ratio value (ratio = error of
the model with a variable with missing values/error of the model
with all variables). In this way, for a given variable x, a ratio with
a value lower than or very close to 1 indicates that this variable
has a very low weight in the general structure of the model and
therefore it will not be selected (Hunter et al., 2000). Once the
independent variables were selected, step 1 was repeated. This
way, a new ensemble neural network was obtained with the input
variables selected.

The procedure described above was carried out for each neuro-
nal configuration tested. In this work, ANNs with one and two hid-
den layers were tested. In both cases, the number of neurons in the
hidden layers was varied between 5 and 40 with steps of 5 neurons.
Six accuracy measures were calculated in the calibration, selection
and validation phases of each ANN examined: the correlation coef-
ficient (R), the determination coefficient (r2), the square root of the
mean square error (RMSE), the mean absolute error (MAE), the effi-
ciency coefficient (E2) and persistence index (PI) (Nash and Sutcliffe,
1970; Kitanidis and Bras, 1980; Legates and McCabe, 1999).
Table 1
Regression summary for glass eel abundance (individuals per 10�5 m�3) for the
period between June 1997 and May 1998. n = 12; R = 0.8782; r2 = 0.7712;
F(1,10) = 33.7098; p < 0.01.

b p-Level

Intercept 43.4123 <0.05
Independent variable (kg glass eel month�1) 0.6330 <0.01
Results

Autocorrelation functions and spectral analysis of NODB and ODB

The analysis of autocorrelation functions of NODB and ODB pro-
vided similar results (Fig. 3). In both cases, the dominant periodic-
ity of the time series was of 12 months. This frequency pattern was
very evident for NODB which showed significant positive correla-
tions for 12, 24 and 36 lagged months and additionally for 1 lagged
month. These lags had the highest absolute correlation values for
each period of 12 months and, in the same way, the highest values
of the positive component of the autocorrelation function. On the
other hand, the negative component of the function showed a
strong dependence for 6, 18 and 30 lagged months. Similarly, these
lags were associated with the strongest correlation coefficients of
the negative component of the function. These results were corrob-
orated with those obtained through the spectral analysis of the
NODB series. Only two significant frequencies were detected in
the periodogram: the most important was 0.0833 month�1

(12 months) and the other was 0.1666 month�1 (6 months).
The ODB series was also dominated by a 12-month periodicity

with positives correlations, although the pattern was slightly less
marked than in the NODB series. In this case, the negative compo-
nent was controlled by 6, 17–18 and 29 lags. These small changes
in the seasonality in relation to the autocorrelation function of
NODB are reflected in the periodogram of ODB series with the
emergence of significant frequencies associated with periods of 9,
6.75 and 3.86 months. In addition, the concurrence of similar val-
ues in the maximum of the positive component for each 12-month
period leads to the emergence of a pattern with a 0.0277 month�1

frequency, corresponding to a period of 36 months.
The value obtained for the Dnp statistic was 1.8394, allowing us

to accept the hypothesis that the periodograms of NODB and ODB
have been generated by similar stochastic processes at a confi-
dence level of a = 0.05. These results indicate that the two series
behave in a very similar way and, therefore, it is feasible, at least
regarding their frequency variations, to estimate NODB as a func-
tion of ODB.
Fig. 4. Eel density anomalies (EODBAs) time series. The reference period (from
November 1983 to December 1993) is shown.
NODB and ODB regression analysis for the period June 1997 to May
1998 and Monte Carlo simulations

For the 12 overlapped values available between June 1997 and
May 1998 the single linear regression procedure provided
significant results (Table 1). The correlation coefficient was higher
than 0.87 (Ro = 0.8782) and the model explained nearly 80% of the
variance (r2 = 0.7713). The standard error of the estimate was more
than 40% which was associated with an absolute error of 52 indi-
viduals per 10�5 m�3. The residuals analysis indicated the exis-
tence of a slight positive serial correlation (0.2407) although the
value of the Durbin–Watson statistic was above the critical value
(d = 1.4130).

The Monte Carlo simulation generated 1000 random series with
the same spectral characteristics and the same probability of
occurrence as the original NODB series in the period from June
1997 and May 1998. The average correlation coefficient of the 50
best regressions (5%) with the same period of ODB provided a value
of RMC ¼ 0:8183. Therefore, since the value of Ro was higher than
RMC , the standardisation of NODB as a function of the regression
equation shown in Table 1 was accepted.
Monthly correlations between SSTAs and EODBAs

The complete series of eel density anomalies is shown in Fig. 4.
This series is characterised by a clear dominance of the negative
component, which is very evident from early 1990s. From these
years, positive anomalies only were found sporadically while the
negative anomalies followed a defined pattern with minimum val-
ues around the months of the December and January.

This series was correlated with each SSTA series of each of the
1.95� � 1.95� sectors of from 1984 to 2006 and considering a max-
imum of 36 lags (Figs. 5a, 5b and 5c). The correlation maps were
clearly dominated by negative correlations (cold colours) with an
absolute maximum (R = �0.3020; p < 0.01) found for lag 18, sector
121 (30�N 34�W) (Fig. 6). The relationship was clearly inverse
when the SSTAs were higher or lower than 0.7 and �0.7 �C respec-
tively (R = �0.5487; p < 0.01). Only three sectors showed signifi-
cant positive correlations for the 36 time lags considered. These
sectors (232, 267 and 268) were localised in lag 2 and showed cor-
relation values of around 0.14.



Fig. 5a. Correlation maps for the first year (lag = 1 to lag = 12 months). Continuous red lines delimit the clusters (Cti). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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The finiteness test applied to each of one of the correlation
maps indicated that all correlations obtained were not a conse-
quence of random process except for the maps of lags 27, 28, 29,
34, 35 and 36.

A total of 90 clusters were formed considering the 36 correla-
tion maps. Some of them grouped a great number of sectors and
bounded a substantial part of the Atlantic Ocean (see, for example,
clusters C1a, C2a, C3a or C4a). In contrast, others were only formed
by two or three sectors that usually were localised in the bound-
aries of the study area and rarely were found in the central region
of the map (for example C7c or C8e between others). Overall, ana-
lysing the formed clusters from the correlation map t – 36 to the
t � 1 is possible to observe an anticyclonic change pattern. This
way, the clusters detected near of the coast of the Iberian Peninsula
or the Northwest African coast, evolve towards the peripherical
area of the Canary Islands and from there, the correlation kernels
progressively moves towards the Sargasso Sea. Likewise, the clus-
ters detected around of the spawn area tend to narrow heading
north following the way traced by the Gulf Stream. These kernels
are less apparent between the 30�N and 40�N but subsequently
reappear above 40�N move towards Azores Islands and Iberian
Peninsula Coast. This process is particularly visible from t � 24
(Figs. 5a and 5b).

Glass eel anomalies estimation and forecasting

A total of 1600 ANNs (16 hidden configurations � 100 repeti-
tions) were calibrated and validated in a first phase in which the
SSTAs averaged for each significant cluster were used as input vari-
ables. For this input level, the best overall result was obtained by
an ensemble of five ANNs with a hidden configuration of 20 neu-
rons grouped in an single hidden layer (Fig. 7). This first model cap-
tured the general tendency of the data set providing a good fit in
the calibration phase. The estimated series was significantly corre-
lated with the observed EODBA series (R = 0.8310; p < 0.01). The
absolute error was slightly higher than 0.50 and the gap between
observed and estimated values was significantly lower
(PI = 0.6127). However, the external validation of this model gave
very poor results. In this phase, the correlation coefficient was very
low and non-significant (R = 0.2799; p = 0.3906). The RMSE was



Fig. 5b. Correlation maps for the second year (lag = 13 to lag = 24 months). Continuous red lines delimit the clusters (Cti). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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higher than 1.20 and the persistence index indicated that a single
naïve model would provide better results.

The sensitivity analysis indicated that only 12 clusters had a
significant weight in this model (Table 2). Among these clusters,
none was found of the detected in the maps t � 27, t � 28, t � 29,
t � 34, t � 35 and t � 36, nor were found in those from the third
year. The average ratios indicated that although the cluster C17a

was ranked in the first position (Ratio = 1.0865) its specific weight
was similar to that of the other selected clusters.

Newly, for this input configuration (12 clusters), another 1600
ANNs were calibrated and validated. In the calibration phase, the
results very similar were obtained considering all clusters and a
hidden configuration with 35 neurons (Fig. 8). The correlation coef-
ficient was slightly lower (R = 0.8181) and the explained variance
higher than 66% (r2 = 0.6693). Likewise, the RMSE was significantly
low and the persistence index was very close to 0.6. However,
though the results were very similar to those of the calibration
phase, the error terms in the external validation showed a very dif-
ferent behaviour of this last model. In this phase, the model fol-
lowed capturing the tendency of the data series. Specifically, the
coefficient correlation and the explained variance were high and
significant (R = 0.8909; r2 = 0.7937). The absolute error was lower
than 0.6 and the persistence index indicated that the behaviour
was significantly different to a single naïve model (PI = 0.6418).
Discussion

This paper has sought to describe association between the sur-
face temperature anomalies of the Atlantic Ocean (SSTAs) and
anomalies in glass eel abundance (EODBAs) in the Guadalquivir
estuary (South of Spain) with the objective of calibrate a forecast
model that allows predict to short term the input of glass eel in
the estuary, which is a key aspect in the development of any man-
agement plan whose objective is the recovery of the species.
SST as proxy variable

The results shown in this study indicate that SST may be a good
proxy for variation in the abundance of eel in the Guadalquivir
estuary due to changes in oceanic conditions, SST being a direct
indicator of the changes in these conditions. For this reason, SST



Fig. 5c. Correlation maps for the third year (lag = 25 to lag = 36 months). Continuous red lines delimit the clusters (Cti). ⁄Finiteness test non-significant; M0 < 7%. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 6. Time series of glass eel anomalies and SST anomalies lagged 18 months in
the sector 121. Ra is the correlation between both series considering only SST
anomalies higher or lower than 0.7 and �0.7 respectively.
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has been analysed several times in relation to spatial and temporal
changes in the ocean. For example, Marcello et al. (2011) use SST
images for the period 1987–2006 to analyse features of the coastal
upwelling region off northwest Africa, reporting a persistent
upwelling throughout the year from 20�N to 33�N. More recently,
Cropper et al. (2014), based on SST upwelling indices, found ample
evidence of a summer increase in upwelling north of 21�N (more so
from 26 to 35�N) for the 1981–2012 period which supports Bakun’s
(1990) upwelling intensification hypothesis.

Water temperature affects growth, feeding, and reproduction of
fish, as well as changes the suitability of marine habitats, thus lead-
ing to changes in the distribution, abundance and migration pro-
cesses of fish species (Thomas et al., 2004). In line with this,
abundance and distribution have been reported to be related to
SST in several species in the bathyal zone. Mourato et al. (2014),
modelling catch rates of a epipelagic species such as Sailfish (Istio-
phorus platypterus) on the coast of Brazil with GAMs, found that
one of the most important predictive variables was SST. Significant
correlations were observed between SST and the abundance of 10
epipelagic species, commonly found in the Tung-Ao bay (Taiwan),



Fig. 7. Calibration and external validation of an ensemble of five ANNs with a
hidden configuration of 20 neurons grouped in a single hidden layer. For this model,
all clusters were considered as input variables and the maximum number of SSTA
lags considered was 36 months.

Table 2
Ensemble ANN 90a:20s:1l sensitivity analysis. Ranking and mean ratios are shown.
a = 90 SSTAs clusters as input variables; s = 20 neurons with sigmoid functions
grouped in one hidden layer; l = Glass eel density anomaly as output, one neuron with
a linear response.

Cluster Ranking Average ratio

C17a 1 1.0865
C5b 2 1.0462
C5c 3 1.0465
C20d 4 1.0491
C20e 5 1.0391
C1a 6 1.0358
C5a 7 1.0351
C3a 8 1.0407
C21a 9 1.0336
C8e 10 1.0270
C15b 11 1.0303
C21b 12 1.0235

Fig. 8. Calibration and external validation of an ensemble of four ANNs with a
hidden configuration of 35 neurons grouped in a single hidden layer. For this model,
only the clusters selected (12) by means a sensitivity analysis were used as input
variables. The maximum number of SST anomalies considered was 21 months.
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which was directly affected by changes in the Kuroshio Current (Lu
and Lee, 2014).

Regarding effects of characteristics of the upper ocean layers on
the abundance and distribution of meso and epipelagic fish species,
some authors such as Tian et al. (2012) have reported significant
negative correlations between catches of Yellowtail (Seriola quin-
queradiata) and mean annual changes in SST in the sea of Japan.
Similarly, Fock et al. (2004) observed that the distribution of
deep-sea fish assemblages in the bathyipelagic zone depends of
characteristics of the ocean surface layer, such as the salinity,
chlorophyll concentration and temperature. In all these cases (also
in our work), there is a link between the fish assemblages or abun-
dance of single species and surface water mass characteristics
through a process that is persistent enough to establish vertical
alignments, although these links may not be linear or in phase.
Therefore, although it is known that both adult eels and leptoceph-
alous larvae undertake daily vertical migration of 200–1000 m, the
connections between the characteristics of surface and deep ocean
layers (at least regarding temperature) may explain the significant
correlations found in this study.
Time series standardization

An important factor to be taken into account regarding the
results of this study is the process used for standardisation of the
data series. In any type of fishery, it is commonplace to use abun-
dance indices such as catch per unit effort (CPUE), this usually
being obtained from data on total catches in relation to some mea-
sure of fishing effort. When such data are not available, which is
often the case in unregulated fisheries, CPUE cannot be calculated
from total catch data. In these circumstances, the only way it is
possible to use catch data (very often the only data available for
certain periods) is to employ abundance time series for the fisher-
ies, used together, at least in part with total catch series. This
makes it possible to correlate overlapping data and obtaining a
transformation function for the catch series. Although this situa-
tion is not common in fisheries (Borlado-Machado et al., 2009),
in this study we described a procedure for combining two time ser-
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ies in an efficient manner to obtain a single series indicating
monthly changes in eel abundance in the Guadalquivir estuary
from the end of 1984 to the end of 2006 (22 years).

Correlation maps

Obtaining a single abundance time series for eels in the Guadal-
quivir estuary has enabled us to perform a spatial and temporal
correlation analysis between this time series and SST anomalies
in the Atlantic Ocean. This analysis has indicated that there is a sig-
nificant negative correlation between eel abundance anomalies in
the Guadalquivir estuary and anomalies in SST in certain oceanic
locations and at certain stages during the migratory routes of adult
eels and leptocephalus larvae. In this way, warm phases in the
ocean would imply lower recruitment of eels in the estuary, while
cool phases would mean an increase in recruitment.

Through the migratory route of adult eels (from the Guadalqui-
vir estuary and probably towards Madeira and passing by Seewar-
te, Hyéres, Cruiser and Plató seamounts up to the Sargasso sea), the
cores of negative correlation may suggest a lower ability of ther-
moregulation. Aaresrup et al. (2009) indicated that the objective
of daily vertical migration is basically to maintain a mean temper-
ature of below 11 �C, in order to delay the development of gonads
until reaching the breeding zones. A significant increase in sea
temperature along the migratory route of the eels may lead to pre-
mature gonadal development and a spawning at a distance from
the traditional breeding area. In this way, the spawning leptoceph-
alus larvae would be in a more unfavourable location for migrating
to the coasts, thus leading to a lower recruitment. This is very clear
between 21 and 15 months before the eels have arrived to the
estuary.

On the other hand, the clusters of negative correlation found in
the centre of the breeding area (very clear 24, 23, 19, 12 , 11 and
10 months earlier) may be related to variations in the characteris-
tics of the cyclonic eddies in the breeding zones. It is known that
these mesoscale structures represent one of the main modes of
nutrient transport in the open ocean, hence they are associated
to zones with high primary production levels (Olson and Backus,
1985; McGillicuddy et al., 1998). Similarly, these structures work
as mechanisms for transporting leptocephaluse larvae from the
spawning zones to the warm-edge of the Gulf Stream (McCleave
and Kleckner, 1987). Therefore, these structures play a very impor-
tant role in the development and survival of larvae during the first
stages of life.

Various authors have observed a great seasonal and yearly var-
iation in the number of structures generated as well as in the life-
time and surface area occupied by each of these structures
(Glover et al., 2002). A set of complementary data obtained from
the mesoscale eddies in altimeter observations of sea surface height
(SSH) data base (Chelton et al., 2011) indicate that there is a mar-
ginal significant correlation between the annual average SSTA in
the spawning area and the number of cyclonic eddies
(R = �0.5009; p = 0.0680). The correlation was highly significant
when only anomalies out the interval [�0.1,0.1] were considered
(R = �0.7340; p < 0.001). However, this statistical relationship was
not found between the annual average SSTAs and the anticyclonic
eddies in any case.

Among the negative correlation cores found in the spawning
area, the nearest from a temporal point of view was determined
for a 10-month lag, indicating that the migration process of lepto-
cephalus larvae from the Sargasso Sea to the Guadalquivir estuary
could be faster than that calculated by means Lagrangian transport
models (Kettle and Haines, 2006). These results are consistent with
those reported by Arribas et al. (2012) who found a lag of 9 months
between the annual mean glass eel recruitment in the Guadalqui-
vir estuary and annual mean primary production index in the
Sargasso Sea. Likewise, our results are in agreement with the active
migration process proposed by Arai et al. (2000). However, signif-
icant lags were also found for 24, 23 and 19 months which support
the results of Kettle and Haines (2006). These apparently contra-
dictory results would support the idea that the migration process
is highly variable and dependent of the individual intrinsic metab-
olism and the environmental conditions and therefore, probably it
is not possible to understand the migration process if the larvae are
considered as passive particles or if only active migration is taken
in account.
ANNs: forecasting capacity

There is no ideal form of fisheries resources modelling that is
universally applicable. However, various authors have noted
advantages of ANNs compared to other types of classical modelling
such as MLR, generalised linear models or GAMs. (Lek-Ang et al.,
1999; Schlink et al., 2003; Gutiérrez-Estrada et al., 2009). This type
of method is particularly useful when modelling systems such as
marine ecosystems in which the relationships between species
abundance and ecosystem characteristics are stochastic and highly
non-linear in nature (Stenseth et al., 2002).

One of the significant steps in the development of ANN models
is the selection of an appropriate set of input variables from the
available candidates. In this work, the strengths of the relation-
ships between potential model inputs and outputs were examined
using sensitivity analysis. The results indicated that the ANN mod-
els developed with the selected input variables performed signifi-
cantly well. The inclusion of additional variables as inputs did
not increase the generalisation capabilities of the trained ANN
models, as well as other authors have concluded (Fernando et al.,
2009; Yáñez et al., 2010; Pulido-Calvo et al., 2012). Another aspect
that has contributed significantly to the generalisation of ANNs has
been the ensemble process carried out. This has been highlighted
by Watts and Worner (2008) who compared the behaviour of cou-
pled and cascade neural networks to predict insect species distri-
bution as a function of biotic and abiotic variables. Further,
Gutiérrez-Estrada and Bilton (2010) indicated that the behaviour
of coupled neural networks was significantly better than that of
generalised additive models when they modelled the variation of
the diversity of aquatic beetles as a function of environmental vari-
ables at the local level.

The ANN approach applied in this study resulted in models
which, in the test phase, explained more than 79% of the variance
in glass eel density anomaly. This level of explained variance is in
line with previous applications of other heuristic techniques like
fuzzy regressions and other ANN-based approaches in other com-
plex systems (Lek et al., 1996a,b; Lek-Ang et al., 1999). This fit level
indicates a clear non-linear relationship between the inputs and
output variables. In fact, the results of a MLR in which the indepen-
dent variables were the 12 clusters obtained from the sensitivity
analysis provided a very poor fit and a nonsignificant beta coeffi-
cients (R = 0.2653; r2 = 0.0704; p = 0.0695). The results were
improved by a GAM which has the capacity of establishing non-lin-
ear relationships between variables (R = 0.5155; r2 = 0.2658;
p < 0.01), but in any case the model performance was clearly
poorer than the ANN calibrated and validated in this work
(R = 0.8909; r2 = 0.7937; p < 0.01). This is a direct consequence of
the multimodal behaviour of the ANNs. Gutiérrez-Estrada and
Bilton (2010) predicting the diversity of aquatic beetles as a func-
tion of water features found that the response of any input variable
with respect to the output variable can be desegregated into differ-
ent responses subsets, each of which can be efficiently modelled
with a GAM model. Therefore, an ANN model works as a multi
GAM (MGAM).
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On the other hand, an explanation of more than 79% of the var-
iance of glass eel density anomaly would imply that one of the
main components responsible for the changes in abundance of this
species is changes in ocean conditions. This is consistent with
reports by other authors, like Durif et al. (2010) who found that
the abundances of eels on the Skagerrak coast (Norway) was neg-
atively correlated with the Sargasso Sea temperature with a lag of
12 years, revealing a cyclic and detrimental effect of high temper-
atures on the newly hatched larvae. Also, Arribas et al. (2012)
reported significant correlations between the recruitment of glass
eel in the Guadalquivir estuary and the NAO, an atmospheric index
coupled to the oceanic conditions. Likewise, this level of explained
variance makes scientific sense in a context in which most eel pop-
ulations have decreased their abundances in a synchronised way
(ICES, 2007).

Conclusions

The European eel populations have drastically decreased in the
last years, and there is increasing interest among the scientific
community in the analysis of the possible environmental and man-
agement causes underlying this trend at local and global level.
Although, in relation to this, a relatively large number of studies
have been carried out, there is still no consensus on what compo-
nent/factors or combination of them have a stronger effect on the
life cycle of European eels. Without a doubt, it is improbable that
an effective recovery plan for this species could be implemented
without this knowledge. Therefore, the objectives of this study
were to analyse one of these factors (the SST along the migration
routes of adult eels and leptocephalus larvae over in time) and
try to integrate this factor in a model that allows us to produce a
short time forecast of the recruitment of glass eel in one of the
most important estuaries of the south of Europe.

From the results of this study, we can conclude that the SST is a
good proxy to estimate and predict the recruitment of glass eel in
the Guadalquivir estuary, and probably will be a good proxy for
other locations. The analysis of this proxy enables us to define clus-
ters spatially and temporally located that are spatially and tempo-
rally consistent with what is known about the migratory behaviour
of the European eels.

Finally, this study has highlighted the non-linear nature of the
relationship between the recruitment of glass eels in the Guadal-
quivir estuary and the SST, and illustrates the good performance
of ANNs in modelling recruitment-SST interactions. The generalisa-
tion capacity of ANNs (explaining more than 79% of variance in
recruitment of glass eels) suggests that realistic simulations can
be made under different environmental scenarios. In short, this rel-
atively simple model (with only SSTAs as inputs) has a high predic-
tive power, and therefore could be employed to forecast how the
recruitment of glass eel in the Guadalquivir estuary will respond
to changes in oceanic conditions in the future.
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