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a b s t r a c t

In this study the performances of computational neural networks (CNNs), multiple linear regressions
(MLRs) and generalised additive models (GAMs) to predict Pacific sardine (Sardinops sagax) landings and
to analyse their relationships with environmental factors in the north area off Chile were studied. For
this purpose several local and global environmental variables and indexes (sea surface temperature, sea
level and Ekman transport index in the Chilean coast and, sea surface temperature in the area Niño 3 + 4
and Niño 1 + 2, and the south oscillation index) were considered as inputs or independent variables.
Additionally, several CNNs were calibrated and validated adding the anchovy (Engraulis ringens) landings
in the same area as model inputs. The time lags of the variables considered were selected through analysis
of the non-linear cross-correlation functions and an alternative form of sensitivity analysis based on the
approach of the missing value problem. The analysis of error measures with validation data set showed
that the best results were obtained when local and global variables were used separately and combined
with anchovy landings. Globally, the best result was given by a CNN with 18 input variables (model CNN

6(II) which only considered global variables and anchovy landings) and 10 neurons in a hidden layer. For
this configuration the explained variance was slightly higher to 86% which supposed a standard error of
prediction of 7.66%. These results were significantly better than those obtained with MLRs and GAMs. The
strong correlation between predicted and observed sardine landings suggests that CNNs captured the
trend of the historical data. Also, the generalisation capacity together the sensitivity analysis allowed us
to identify the variables with a high weight in the model and partially to interpret the statistical functional

ese en
relationships between th

. Introduction

The Pacific sardine (Sardinops sagax) is one of the dominant
lupeoid species of the Humbolt boundary current system in the
orth area off Chile. The same as California, Kuroshio and Benguela
ystems, Humbolt current system is a highly productive ecosys-
em which allowed extracting a mean of 1.8 millions of tons per
ear of this pelagic species from 1976 to 1996, which globally posi-
ions the sardine as the second more important pelagic resource of
hile. In spite of the economical importance of this fishery, studies
f quantitative predictions of sardine landings and the analysis of

he strengths of the environment–resource relationships are scarce.
áñez et al. (2001, 2003) indicated that the abundance changes
ssociated with strong environmental fluctuations is one of the
ain problems that hinders reaching these objectives.
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E-mail address: juanc@uhu.es (J.C. Gutiérrez-Estrada).
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vironmental variables and sardine landings.
© 2009 Elsevier B.V. All rights reserved.

Fluctuations of the abundance of S. sagax and other clupeoid
species as Engraulis ringens and other Engraulis species have been
observed in California, Japan, Perú, South Africa and Australia
(Lluch-Belda et al., 1989; Lluch-Cota et al., 1997; Schwartzlose et
al., 1999; Ward et al., 2001). In the north area off Chile, these fluc-
tuations have been related to changes of the marine ecosystems in
different spatial–temporal scales (Alheit and Bernal, 1993; Hare et
al., 2000; Chávez et al., 2003; Yáñez et al., 2003; Alheit and Ñiquen,
2004). Yáñez et al. (2001) indicated that changes in the compo-
sition of the pelagic fisheries of the north area off Chile in the
period 1950–1998 were associated with changes of sea surface tem-
perature (SST) measured near the coast line. Also, changes of this
marine ecosystem have been associated with mesoscale structures
as coastal-trapped waves and Rossby waves (Hormazabal et al.,

2002, 2004; Pizarro et al., 2002). In the inter-annual scale, Chávez
et al. (2002) showed the relationships between fisheries resources
in different development states and temperature levels, salinity,
chlorophyll concentration, sea level and zooplanckton. Bernal et al.
(1983), Sharp and McLain (1993), Bakun and Broad (2001), Yáñez et

http://www.sciencedirect.com/science/journal/01657836
http://www.elsevier.com/locate/fishres
mailto:juanc@uhu.es
dx.doi.org/10.1016/j.fishres.2009.06.014
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l. (2001, 2003), Chávez et al. (2003), Montecinos et al. (2003), and
ertrand et al. (2004) reported changes of sardines and anchovies
bundances in a long time scale and related the abundance fluctua-
ions with the global condition of Pacific Ocean as El Niño-southern
scillation (ENSO) events.

Linking between sardine abundance variability and environ-
ental changes in different spatial–temporal scales opens the

ossibility to understanding and to predict the sardine landings
uctuations. To reach this objective requires the selection of ade-
uate statistical and mathematical tools because, as suggested
teele (1985), Murdoch (1994) and Stenseth et al. (2002), the marine
cosystems are non-equilibrium systems characterized by the pres-
nce of a high level of stochasticity and non-linear relationships
etween environmental, biological and ecological variables. James
nd McCulloch (1990) reported that conventional models (like a
ide range of classic multivariate techniques) assume continu-

ty, steady-states and linear or simple polynomial relationships
etween variables which is a serious shortcoming when highly
on-linear relationships must be modelled (Lek et al., 1996). Partic-
larly, in clupeoid fisheries the traditional management techniques

or estimating sustainable yields and population size from catches
tatistics have proved to be of little worth (Butterworth, 1983;
itcher and Hart, 1982).

In this sense the heuristic techniques, like computational neu-
al networks (CNNs), may be more adequate since these models
re non-linear mathematical structures capable of represent-
ng complex non-linear processes which are not constrained by
ssumptions about the type of relationship between studied vari-
bles (Rumelhart et al., 1986). These features have favoured the
evelopment of applications to management and planning of fish-
ries including the modelling of abundance, recruitment, biomass
tock, distribution and catches of different fisheries (Komatsu et al.,
994; Huse and Gjøsæter, 1999; Huse and Ottersen, 2003; Hyun et
l., 2005; Arregui et al., 2006; Gutiérrez-Estrada et al., 2007).

Therefore, this paper evaluates the performance of CNNs to pre-
ict sardine landings in the north area off Chile and to analyse their
elationships with environmental factors. For this modelling, two
ypotheses were investigated: (i) environmental changes in differ-
nt time scale explains sardine landings fluctuation; (ii) the Pacific
ardine landings are modulated by the anchovy landings. Addition-
lly, the accuracy of the CNN models was compared with more
lassic linear and non-linear fit techniques such as multiple lin-
ar regressions (MLRs) and generalised additive models (GAMs).
s the performance of data driven techniques, such as CNNs or
AMs, is highly sensitive to the selected input variables (Fernando
t al., 2009), this study explored procedures for selecting an optimal
odel input vector from a set of candidates at different time lags.

. Methods
.1. Study area and data source

The present study was carried out with Sardinops sagax landings
shed in the stock unit located in the Chilean north coast. Catch

able 1
ean, standard deviation, maximum, minimum and variation coefficient (%) of the depen

ariables Mean Standard devia

i) Ekman transport (m3 s−1) 662.31 216.18
i) Sea surface temperature (◦C) 17.69 2.07
i) Sea level (cm) 0.72 0.06
i) Sea surface temperature (◦C), area 1 + 2 23.25 2.40
i) Sea surface temperature (◦C), area 3 + 4 27.06 1.03
i) South oscillation index −0.37 1.10
i) Anchovy monthly landings (tons) 57308.50 73471.80
d) Sardine monthly landings (tons) 77570.10 96574.70
Research 100 (2009) 116–125 117

area included the operational area of the purse seine fleet of the
Region I and II of Chile (18◦S–24◦S), from the coast line (first five
marine miles) to the Chilean exclusive economic zone (200 marine
miles) (73◦W). Monthly sardine (LSAR) and anchovy (LANC) land-
ings data were recovered from the annual fisheries reports of the
Fishery National Service of Chile (SERNAPESCA, 1978–1997). The
basic statistics of sardine and anchovy time series are shown in
Table 1.

Several local and global environmental factors were used as
input or independent variables. Time series from 1978 to 1997 of
wind magnitude and direction were used to estimate the monthly
Ekman transport (EK) (Bakun, 1973). For this same period, monthly
averages of: (a) sea level (SL) and sea surface temperature (SST)
in the coastal station of Antofagasta (23◦39′S); (b) south oscilla-
tion index (SOI); (c) sea surface temperature in areas Niño 3 + 4
(N34) (5◦N–5◦S, 120◦W–170◦W) and Niño 1 + 2 (N12) (0◦–10◦S,
80◦W–90◦W) were available (Table 1).

2.2. Modelling techniques

The prediction of sardine landings was performed using three
different techniques: (a) computational neural networks (CNNs);
(b) multiple linear regressions (MLR); (c) generalised additive mod-
els (GAM). CNNs are mathematical models inspired by the neural
architecture of the biological nervous systems. The most widely
studied and used structures are multilayer feed forward networks
or multilayer perceptrons (Rumelhart et al., 1986). These models
‘learn’ in an iterative way in which the data set are introduced to
the neural network the necessary times until to reach a determined
error level (one iteration where all the data set are introduced to
the CNN is named epoch). These supervised CNNs allow the analysis
of complex data sets and the determination of non-linear relation-
ships between dependent and independent variables. A detailed
description of multilayer perceptrons CNNs performance can be
found in Tsoukalas and Uhrig (1997) and Gutiérrez-Estrada et al.
(2008).

There are many CNN calibration or learning methods. In this
work, the Levenberg–Marquardt algorithm was applied (Shepherd,
1997). This is a second-order non-linear optimization algorithm
with a very fast convergence which is recommended by several
authors (Tan and van Cauwenberghe, 1999; Anctil and Rat, 2005).

In order to test the ‘good-of-fit’, the CNNs results were compared
with MLRs and GAMs models. MLRs models estimate q + 1 parame-
ters of the linear combination of q factors where these parameters
or regression coefficients represent the independent contributions
of each q independent variable to the prediction of one depen-
dent variable e. The global statistical significance of the relationship
between e and the independent variables is analysed by means of a
variance analysis to ensure the validity of the model in a quantified

manner (Hair et al., 1998).

On the other hand, GAM models represent a generalisation of a
multiple regression. Specifically, in linear regression, a linear least-
squares fit is computed for a set of predictors or q variables, to
predict a dependent e variable. A generalisation of a multiple regres-

dent (d) and independents (i) variables.

tion Maximum Minimum Variation coefficient (%)

1353.07 256.27 32.64
24.50 12.20 11.72

1.00 0.58 8.13
29.15 19.12 10.31
29.36 24.27 3.82

2.03 −4.14 −298
422013 0 128.20
457611 0 124.50
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Table 2
Models used for the determination of linear and non-linear cross-correlation. The
constant term is designated by ˇ0. ˇ1 and ˇ2 are parameters of the model and Y and
X are the dependent and independent variables, respectively.

Model Equation

(1) Linear Y = ˇ0 + ˇ1X
(2) Reciprocal Linear Y = 1/(ˇ0 + ˇ1X)
(3) Rectangular Hyperbola I Y = (ˇ0 + ˇ1X)/(1 + ˇ1X)
(4) Reciprocal Rectangular Hyperbola I Y = (1 + ˇ1X)/(ˇ0 + ˇ1X)
(5) Rectangular Hyperbola II Y = X/(ˇ0X + ˇ1)
(6) Reciprocal Rectangular Hyperbola II Y = (ˇ0X + ˇ1)/X
(7) Parabola Y = ˇ0 + ˇ1X + ˇ2X2

(8) Power Y = ˇ0X�1

(9) Modified Power Y = ˇ0ˇ1
X

(10) Root Y = ˇ0
(1/X)

(11) Geometric Y = ˇ0X�1X

(12) Modified Geometric Y = ˇ0X(�1/X)

(13) Exponential Y = ˇ0 exp(ˇ1X)
(14) Modified Exponential Y = ˇ0 exp(ˇ1/X)
(15) Logarithm Y = ˇ0 + ˇ1 log(X)
(16) Reciprocal Logarithm Y = 1/[ˇ0 + ˇ1 log(X)]

(17) Hoerl Y = ˇ0[ˇX
1 ][Xˇ

2 ]

(18) Modified Hoerl Y = ˇ0[ˇ(1/X)
1 ][Xˇ

2 ]

(19) Normal Y = ˇ0 exp[−(X − ˇ1)2/(2ˇ2
2)]

(20) Normal Logarithm Y = ˇ0 exp[−(log(X) − ˇ1)2/(2ˇ2
2)]
18 J.C. Gutiérrez-Estrada et al. / Fis

ion model implies maintenance of the additive nature of the model,
ut replacing the simple terms of the linear equation by a non-
arametric function. Thus, instead of a single coefficient for each
ariable (additive term) in the model, in additive models an unspec-
fied (non-parametric) function is estimated for each predictor, to
chieve the best prediction of the dependent variable values (Hastie
nd Tibshirani, 1990). In this study Normal and Gamma distribu-
ion models with identity, inverse and logit link functions and cubic
pline smooth function with three degrees of freedom were fitted.

.3. General procedure

Previously to the models calibrations, data series of sardine and
nchovy landings were smoothed. Fréon et al. (2003) reported that
his procedure is recommended to remove high-frequency noise
hich can be caused by serious under-reports of the true landings

Alheit and Ñiquen, 2004). In this work, the smooth function was
mean of 3 months centred. In this way, the sardine and anchovy

andings (vwn,t) were smoothed as:

won,t = vwn,t−1 + vwn,t + vwn,t+1

3
(1)

here vwon,t is the monthly smoothed value of vwn,t and vwn,t−1,
nd vwn,t+1 are the previous and posterior monthly values to vwn,t ,
espectively.

Later on, the data set was divided in two subsets: the first one
training set = calibration set + selection set, CS + SS) was composed
f 85% sardine landings data and the second one (validation set,
S) was composed of 15% remaining data. The 75% of the train-

ng set was used for the CNNs calibration or learning (CS set). The
5% of data of the training set (SS set) was used for internal val-

dation which allows the CNN training process to stop avoiding
ver-learning effects.

An inherent problem associated with CNNs is their tendency
o get stuck in local minima. To solve this problem, the same CNN
rchitecture was trained 30 times, re-sampling the training and val-
dating sets and re-starting with a random set of weights (Anctil
nd Rat, 2005). This repetition level allows selecting a CNN which
s among the best 14% of the distribution of all possible CNN with
his configuration at the 99% confidence level (Iyer and Rhinehart,
999). The best hidden configuration was determined comparing
he mean error for the validation set by means of a Kruskal-Wallis
NOVA by ranks test (Gutiérrez-Estrada et al., 2008). Once deter-
ined the best hidden configuration, the CNN with the lowest error

sing the validation data set was selected.
Once the external validation for each model has been carried out,

n alternative form of sensitivity analysis based on the approach
f the missing value problem was used. The sensitivity analysis
as carried out by replacing each variable by missing values and

ssessing the effect upon the output error. Then, the new error cal-
ulated was compared with the original error to obtain a ratio value
ratio = error of the model with a variable with missing values/error
f the model with all variables). In this way, for a variable x, a ratio
ith a value equal to 1 or very close to 1 indicates that this variable

as a very low weight in the general structure of the model (Hunter
t al., 2000).

The number of input variables was determined by means a trial
nd error process, using as a guide the first sensitivity analyses car-
ied out in a CNN which considered as inputs all environmental
ariables (SST, EK, SL, N34, N12, SOI). Independently of the time lags

umber (see Section 2.4) considered for each variable, the num-
er of input variables oscillated between one and six. In all cases,
he output or dependent variable was LSAR. CNN configurations
ith one or two hidden layers with a minimum of five nodes and a
aximum of twenty nodes for each layer were successively trained.
(21) Cauchy Y = ˇ0/[1 + ((X − X0)/ˇ1)2]

(22) Beta Y = ˇ0[Xˇ
1 ](1 − X)ˇ

2

In the case of MLR and GAM models, the same number of
repetitions and the same training and validation sets were used.
All models were implemented using STATISTICA 7.0 (StatSoft Inc.,
1984–2005).

2.4. Model order determination

A key aspect in time series modelling is the correct determina-
tion of the model order. That is to say, how much and what lags
of each input variable explains the highest variance level and pro-
vides the lowest error in the external validation phase? An incorrect
selection of the input variables (and their time lags) facilitates the
presence non-desired effects such as naïve effect, increases the
presence of local optima and hinders the extraction of physical
meaning from calibrated models. Many of the neural approaches
used in the specialised literature, have adopted methodologies
such as autocorrelation and partial autocorrelation functions anal-
ysis, linear cross-correlation analysis or spectral analysis (Jain and
Kumar, in press; Shrestha et al., 2005; Elgaali and García, 2007;
Pulido-Calvo and Portela, 2007; Gutiérrez-Estrada et al., 2007) to
solve this problem. However, seems evident that these methodolo-
gies are designed to capture the linear correlation between different
lags. This can mask the strength of the non-linear relationships,
favouring the omission of relevant inputs (model will be under
specified).

To mitigate this problem, in the study the models orders were
established through the analysis of the linear and non-linear cross-
correlation functions calculated between LSAR and all input or
independent variables. In this way, 22 models (Table 2) were fit-
ted in order to extract the linear and non-linear cross-correlations
for each possible two-dimensional relationship. The fitting for each
pair of variables was carried out considering the influence of the

independent variable lagged in the time. Thus, lags from t = 0 (no
lagged) to t = 36 (lagged 3 years) were analysed. The maximum lag
(t = 36) was selected introducing the following practical and bio-
logical approaches: (a) a compromise between the length of the
time series, the prediction unit (step of period prediction) and the
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moothed function proposed; (b) the annual recruitment of the sar-
ine in the study area is given at age class 2+ and 3+ (Yáñez et al.,
001; Alheit and Ñiquen, 2004).

In order to facilitate the fittings comparison, the 22 models
howed in Table 2 were implemented in a computer program called
ORN 1.0 which was specifically designed for this study. For each
air of variables and for each time lag, the program fits all non-

inear functions by mean minimum least square method obtaining
he total explained variance (TEV). The absolute cross-correlation
ndex (Rn) was obtained as TEV1/2. The selected non-linear function

aximized the summation of Rn for all lags considered.
Once the non-linear function was selected, the time lags choice

f each variable was carried out using the following criteria: (a) if
he selected non-linear fit and linear fit have a similar trend then the
ags with very high Rn were chosen; (b) if a different trend between
inear and non-linear fits were found then the time lags associated
o lack of trend between both functions was selected.

.5. Error measures

Important aspects of any model are the capture of mapping data
nd its capacity to generalise from examples. Generalisation refers
o the model capacity to provide a correct response with patterns
of the past or future) that have not been employed in its cal-
bration. The generalisation capacity can be evaluated by means
ifferent error or accuracy measures. In this study seven accuracy
easures were calculated in the calibration and validation phases

f CNN, MLR and GAM models: (a) the correlation coefficient (R);
b) the determination coefficient (R2); (c) the square root of the

ean square error (RMSE); (d) the standard error of prediction
SEP); (e) the average relative variance (ARV); (f) the efficiency coef-
cient (E2); (g) the persistence index (PI) (Nash and Sutcliffe, 1970;
itanidis and Bras, 1980; Ventura et al., 1995; Legates and McCabe,
999).

For each accuracy measure, the benchmark of the worst per-
issible error was calculated. McLaughlin (1983) suggests that a

aïve model determines the forecasting accuracy benchmark of any
odel. The basic naïve model is defined as the next period’s level
ill be the same as that of the preceding period.

Additionally, it is interesting to analyse the model generalisation
apacity at different levels of the dependent variable, that is to say,
hat is the model response when the sardine landings are low.

hus, all accuracy measures were re-calculated after 1990 because
rom this year the landings level was significantly lower than the
ecorded between 1978 and 1989.

. Results

.1. Cross-correlation function analyses

Fig. 1 shows the values of absolute cross-correlation index (Rn)
etween LSAR and the environmental variables SST, EK, SL, N34,
12, SOI and anchovy landings (LANC) for the 36 lags considered

cross-correlation functions). For all cases, it is possible to observe
hat the best non-linear fit explains a higher variance level than
he linear cross-correlation index which is equivalent to Pearson
orrelation index (R).

Four variables (LANC, N12, SL and SST) showed a similar trend
n the linear and non-linear fits. For the remaining variables (N34,
OI and EK) different partial trends were found. For example, in

he case of N34 a parabolic fit provided a slight higher Rn for all
ags. From the lag 0 to lags 14–15, the parabolic and linear fits had

similar trend. However, between the lags 16 and 24 months the
arabolic fit exhibited a different behaviour in relation to the lin-
ar cross-correlation function. Similar effect was found for SOI. For
Fig. 1. Linear and non-linear cross-correlation functions for each possible two-
dimensional relationship.

this variable, a clear non-linear trend was found between 8 and 16
lagged months. On the other hand, EK cross-correlation function
showed four periods of high Rn with respect to the linear fit. The first
from lag 0 to lags 3–4 and the remaining from 11–12 to 15–16 lagged
months, from 23–24 to 27–28 lagged months and from 34–35 to the
last lag considered.

The visual analysis of these cross-correlations functions allowed
us to detect a priori the lags with a high weight on the system. Table 3
shows the lags selected for each variable as well as those rejected
after the first sensitivity analyses.

3.2. Pacific sardine landings prediction

A total of 5280 (22 input configurations × 8 hidden configura-
tions × 30 repetitions) CNNs were calibrated and validated. The
22 input configurations included combinations of local and global
variables together with anchovy landings. Table 4 shows the CNNs
configurations used in this study. Additionally, the input variables
that provided the best CNN results were used as independent
variables for the MLR and GAM models. Thus, 30 MLRs (1 inde-
pendent variables configuration × 30 repetitions) and 90 GAMs (1
independent variables configuration × 2 distributions × 3 link func-

tions × 30 repetitions) were calibrated and validated.

Globally, the best fits were obtained when local and global scale
variables were independently used. Thus, the CNN 6 (global scale
variables as inputs) and CNN 8 (local scale variables as inputs) con-
figurations provided the best accuracy measures. Good fits were
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Table 3
Lags selected a priori for each variable after cross-correlation functions analysis
and rejected after the first sensitivity analyses. SST = sea surface temperature in
Antofagasta; EK = Ekman transport; SL = sea level in Antofagasta; N34 = sea surface
temperature in area Niño 3 + 4; N12 = sea surface temperature in area Niño1 + 2;
SOI = south oscillation index; LANC = anchovy landings.

Variable Lags selected Lags rejected

LANC 18, 19, 20, 21, 22, 23,
30, 31, 32 and 33

18, 19, 22, 23, 30 and 33

N12 3, 4, 5, 9, 10, 11, 15, 16,
17, 21, 22, 23, 27, 28 and
29

3, 5, 9, 11, 15, 17, 21, 23,
27 and 29

N34 17, 18, 19, 20, 21 and 22
SOI 11, 12, 13, 14 and 15 11 and 15
SL 2, 3, 4, 16, 17, 18, 19, 28,

29 and 30
2, 4, 16, and 19

EK 0, 1, 2, 3, 12, 13, 14, 15,
23, 24, 25, 26, 27, 35

0, 3, 14, 15, 23, 24, 25,
26, 27, 35 and 36
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Table 4
Input CNN configurations considered. Each input
configuration was proved with 8 different hidden
architectures and the training of each CNN was
repeated 30 times. SST = sea surface temperature in
Antofagasta; EK = Ekman transport; SL = sea level in
Antofagasta; N34 = sea surface temperature in area Niño
3 + 4; N12 = sea surface temperature in area Niño1 + 2;
SOI = south oscillation index; LANC = anchovy landings.

CNN number Input CNN configurationa

1 SST, EK, SL, N34, N12, SOI
2 SST, N34
3 SST, N34, N12
4 SST, N12
5 N34, SOI
6 N34, N12, SOI
7 SST, EK
8 SST, EK, SL
9 EK

10 EK, SL

T
A
r
A
o

M

N
C
C
C
C
M
G

M

N
C
C
C
C
M
G

C
E
L
N

and 36
ST 0, 5, 6, 7, 17, 18, 29, 30

and 31
0, 5, 29, 30 and 31

btained using EK, SST and SL variables as input variables [CNN
(I)], although the prediction capacity of this model was slightly

mproved when four anchovy landings lags (LANCt−20, LANCt−21,
ANCt−31, LANCt−32) were added [CNN 8(II)] (Table 5). Also, good
redictions were obtained by CNNs that had global scale variables
s inputs. Concretely, CNNs with 10 neurons in one hidden layer
ith different lags of N34, N12 and SOI provided the best results

CNN 6(I and II)] (Table 5). CNN 6(I) had as inputs six different lags
or N34 (N34t−17, N34t−18, N34t−19, N34t−20, N34t−21, N34t−22), five
ags for N12 (N12t−4, N12t−10, N12t−16, N12t−22, N12t−28) and three
ags for SOI (SOIt−12, SOIt−13, SOIt−14) which were selected from the

on-linear cross-correlation analysis. The same as CNN8(II), CNN
(II) was calibrated adding four anchovy landings lags (LANCt−20,
ANCt−21, LANCt−31, LANCt−32).

Fig. 2a shows the linear regression between observed and esti-
ated sardine landings obtained with CNN 6(I). This regression

able 5
ccuracy measures of naïve, best CNNs with local variables [CNN 8(I) and CNN 8(II)], bes
egression and generalised additive models. Calculus for full and validation sets in the
ntofagasta; EK = Ekman transport; SL = sea level in Antofagasta; N34 = sea surface temper
scillation index; LANC = anchovy landings; LSAR = sardine landings.

odel All data set (1978–1996)

R R2 RMSE (tons) SEP (%) E2 ARV PI

aïve 0.90 0.81 34729 7.35 0.80 0.19 0
NN 8(I) 0.94 0.89 26104 5.54 0.89 0.11 0
NN 8(II) 0.97 0.95 20476 4.56 0.95 0.05 0
NN 6(I) 0.93 0.86 30084 6.34 0.85 0.15 0
NN 6(II)a 0.98 0.96 16384 3.46 0.96 0.04 0
LRb 0.69 0.48 69715 14.76 0.48 0.52 −1

AMb,c 0.87 0.76 38836 8.22 0.76 0.24 −0

odel All data set (1990–1996)

R R2 RMSE (tons) SEP (%) E2 ARV PI

aïve 0.87 0.76 6485 4.55 0.96 0.04 0
NN 8(I) 0.73 0.54 10941 7.68 0.89 0.11 −1
NN 8(II) 0.59 0.35 5736 4.26 0.96 0.04 −5
NN 6(I) 0.75 0.56 11659 7.99 0.87 0.13 −1
NN 6(II)a 0.82 0.68 7201 5.05 0.95 0.05 0
LRb 0.25 0.06 22737 15.94 0.53 0.47 −11

AMb,c 0.34 0.11 14526 10.19 0.81 0.19 −4

NN 8(I) model: LSARt = f(EKt−1, EKt−2, EKt−12, EKt−13; SLt−3, SLt−4, SLt−16, SLt−17, SLt−18, SLt

Kt−2, EKt−12, EKt−13; SLt−3, SLt−4, SLt−16, SLt−17, SLt−18, SLt−28, SLt−29, SLt−30; SSTt−6, SS
SARt = f(N34t−17, N34t−18, N34t−19, N34t−20, N34t−21, N34t−22, N12t−4, N12t−10, N12t−16, N1
34t−19, N34t−20, N34t−21, N34t−22, N12t−4, N12t−10, N12t−16, N12t−22, N12t−28, SOIt−12, SOI
a Best result.
b The same independent variables that CNN 6(II).
c Distribution: Gamma; Link function: inverse.
11 N34, N12, SOI, SST

a Each configuration was re-calibrated together with
LANC.

shows a good fit for the training data set. However, accuracy mea-
sures for the validation data set were significantly worse. The level
of explained variance only was slightly higher than 55%. Also, this
lack of fit was observed in the remaining error terms. This way,
the RMSE was clearly higher than 65,000 tons, which supposed
SEP value around of 14%. The PI value was significantly lower than
0.6 (PI = 0.3) as a consequence of the slight displacement between
observed and estimated sardine landings and the presence of some
negative predictions (Fig. 2b).

The fit capacity was significantly improved when the anchovy

landings (LANCt−20, LANCt−21, LANCt−31, LANCt−32) were added
(CNN 6(II); Fig. 3a). The incorporation of four anchovy landings lags
was enough to adjust the model order. In the validation, the deter-
mination coefficient indicated that the 86% of the variability was

t CNNs with global variables [CNN 6(I) and CNN 6(II)] and the best multiple linear
periods 1978–1996 and 1990–1996 are shown. SST = sea surface temperature in

ature in area Niño 3 + 4; N12 = sea surface temperature in area Niño1 + 2; SOI = south

Validation set (1978–1996)

N R R2 RMSE (tons) SEP (%) E2 ARV

– – – – – – –
.45 30 0.88 0.78 42070 8.98 0.78 0.22
.66 30 0.89 0.80 37374 8.52 0.79 0.21
.27 30 0.74 0.55 65232 14.10 0.37 0.63
.78 30 0.92 0.86 35586 7.66 0.85 0.15
.66 30 0.70 0.49 66003 14.22 0.48 0.52
.25 30 0.86 0.74 49664 10.70 0.71 0.29

Validation set (1990–1996)

N R R2 RMSE (tons) SEP (%) E2 ARV

– – – – – – –
.84 12 0.22 0.05 17106 12.21 0.68 0.31
.61 9 0.20 0.04 10961 8.21 0.81 0.18
.76 11 0.54 0.29 20871 14.64 0.35 0.64
.27 14 0.61 0.37 10751 7.50 0.85 0.14
.29 14 0.43 0.19 18186 12.67 0.57 0.43
.01 14 0.50 0.25 11694 8.15 0.82 0.18

−28, SLt−29, SLt−30; SSTt−6, SSTt−7, SSTt−17, SSTt−18); CNN 8(II) model: LSARt = f(EKt−1,
Tt−7, SSTt−17, SSTt−18, LANCt−20, LANCt−21, LANCt−31, LANCt−32); CNN 6(I) model:
2t−22, N12t−28, SOIt−12, SOIt−13, SOIt−14); CNN 6(II) model: LSARt = f(N34t−17, N34t−18,
t−13, SOIt−14, LANCt−20, LANCt−21, LANCt−31, LANCt−32).
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Fig. 2. CNN 6(I) prediction results. Input variables: N34t−17, N34t−18, N34t−19,
N34t−20, N34t−21, N34t−22, N12t−4, N12t−10, N12t−16, N12t−22, N12t−28, SOIt−12, SOIt−13,
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Fig. 3. CNN 6(II) prediction results. Input variables: N34t−17, N34t−18, N34t−19,
N34t−20, N34t−21, N34t−22, N12t−4, N12t−10, N12t−16, N12t−22, N12t−28, SOIt−12, SOIt−13,
SOIt−14, CANCt−20, CANCt−21, CANCt−31, CANCt−32: (a) scatter plot between observed
and predicted sardine landings. The accuracy measures of validation data set are
showed; (b) monthly observed and predicted sardine landings for calibration, select
and validation sets.

Table 6
CNN 6(II) sensitivity analysis. Ratio, ranking and mean ratio are shown. Bold indi-
cates a variable with ratio higher than mean ratio. SST = sea surface temperature
in Antofagasta; EK = Ekman transport; SL = sea level in Antofagasta; N34 = sea sur-
face temperature in area Niño 3 + 4; N12 = sea surface temperature in area Niño1 + 2;
SOI = south oscillation index; LANC = anchovy landings.

Variable Ratio Ranking

N34t−20 5.69 1
N12t−22 5.22 2
N34t−18 4.96 3
N12t−16 4.89 4
N12t−28 4.59 5
N34t−17 4.59 6
N12t−4 4.52 7
LANCt−21 3.87 8
N34t−21 3.85 9
N12t−10 3.79 10
N34t−22 3.76 11
SOIt−14 3.21 12
LANCt−32 3.00 13
N34t−19 2.89 14
LANCt−20 2.77 15
OIt−14: (a) scatter plot between observed and predicted sardine landings. The accu-
acy measures of validation data set are showed; (b) monthly observed and predicted
ardine landings for calibration, select and validation sets.

xplained (R2 = 0.86). The standard error of prediction was slightly
igher than 7% which supposed a RMSE value of 35,586 tons.
lso, the persistence index was significantly improved (PI = 0.78)

Fig. 3b).
Globally, the response of all CNNs worsened when a detail anal-

sis from 1990 to 1996 was carried out. In this period only the CNN
(II) model provided satisfactory results. In this case, only the per-
istence index (PI) was improved in relation to the calculated for
he naïve model. However, the remaining accuracy measures of
NN 6(II) for full data and validation sets were very close to the
cceptance threshold (Table 5).

The CNN 6(II) sensitivity analysis indicated that nine of the input
ariables had ratio values higher than mean ratio (Table 6). Among
hese nine variables, eight were composed by lags of N34 or N12
nd only one was a LANC lag (LANCt−21). All SOI lags were consid-
red less important by the model. In spite of this, the individual
atio levels indicated that to remove any variable would produce
n important decrease of the model estimation capacity. Likewise,
he sensitivity analysis showed that the most important variable
as N34t−20. However, the examination of the statistical functional

elationships of N34t−20 with sardine landings indicated that the
nclusion of this variable in the model was only necessary to explain

he sardine landings in presence of El Niño event. In absence of
l Niño event, the effect of N34t−20 on sardine landings was only
ignificant when in austral winter months (July and August) the
emperature in the Niño 3 + 4 area oscillated between 25.2 and

LANCt−31 2.72 16
SOIt−13 2.18 17
SOIt−12 2.14 18

Mean ratio 3.81
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ig. 4. CNN 6(II) statistical functional relationships between sardine landings and th
year-type with El Niño event was calculated averaging the functional relationship

7.6 ◦C (Fig. 4). Also, this effect was observed for N34t−17 (rank-
ng = 6; ratio = 4.59). On the other hand, the opposite effect was
btained for N34t−18 (ranking = 3; ratio = 4.96). In this case, the hot
ocus was displaced toward the austral winter months in a year-type

ithout El Niño event. Other variables as N12t−16 had a signifi-
ant effect in year-type with and without El Niño events, whereas
ariables as LANCt−21 only showed a slight significant contribu-
ion in year-type with El Niño event in a very short-time period
April–June).

The CNN 6(II) results contrast with those obtained with the more
lassical approach using the same independent variables configu-
ation and the same training and validation sets. MLR and GAM

odels had a fit capacity significant lower than CNNs (Table 5).
lthough in the validation the explained variance for both models

N = 30; R2(MLR) = 0.49; R2(GAM) = 0.74; p < 0.01) was statistically

ignificant, their global behaviours on the full data and validation
ets indicated that MLR and GAM models did not reach the min-
mum benchmark established by a naïve model in any accuracy

easures. This lack of fit was very strong when only sardine land-
ngs predictions from 1990 to 1996 were considered (Table 5).
ut variables ranked in positions 1–5 for a year-type without and with El Niño event.
e years 1982, 1983, 1987, 1990 and 1991.

4. Discussion

There is no ideal form of fisheries resources management that
is universally applicable. For this reason, it is fundamental a better
understanding of the environment–resource relationships which
allow to identify the sustainable exploitation alternatives and to
evaluate the ecological consequences over different climatic condi-
tions. Thus, this paper presents a study aimed at predicting sardine
landings in the north area off Chile and at identifying conceptual
analogies in trained and validated neural approaches in terms of the
physics of the problem by the analyses of statistical functional rela-
tionships between environmental variables and sardine landings.

One of the significant steps in CNN models development has
been the selection of an appropriate set of input variables from the
available candidates. The strengths of the relationships between

potential model inputs and outputs were examined using linear and
non-linear cross-correlation functions and sensitivity analysis. The
results indicated that the CNN models developed with the selected
input variables performed well. The inclusion of additional vari-
ables as inputs did not increase the generalisation capabilities of the



heries

t
t
t

o
b
n
a
b
r
t
G
t
a
w
G

e
i
b
i
a
h
i
s
C
o
t
e
e

o
a
a
v
m
t
m
i
b
i
s
u
m
l

l
(
o
a
g
a
t
i
y
t
s
fl
w

w
e
a
s
y
d

J.C. Gutiérrez-Estrada et al. / Fis

rained CNN models, as too Fernando et al. (2009) concluded, using
he modified PMI algorithm (partial mutual information algorithm),
o forecast water salinity in the River Murray (South Australia).

The results obtained with CNNs were clearly better than those
btained with MLR and GAM models. The GAM models performed
etter than the MLR models, which along with the results of the
eural approaches, support the hypothesis pointed by Stenseth et
l. (2002) about the stochasticity and high non-linear dependence
etween the abundance and ecosystem characteristics. Similar
esults can be found in other ecological applications that compare
he prediction capacity of MLR with CNN (Lek-Ang et al., 1999;
utiérrez-Estrada et al., 2008). Also, Schlink et al. (2003) reported

hat CNN models performed better than other types of models such
s transfer function models, dynamic regressions implemented
ith Kalman filter, wavelet approaches, deterministic models and
AM models for predictions of short-time ozone concentration.

Cury et al. (2000), Boyer et al. (2001) and Hardmand-Mountford
t al. (2003) indicated that although overfishing has played an
mportant role in the decline of small pelagic stocks in different
oundary current upwelling systems, the environmental variabil-

ty is a key factor to explain the fluctuation of abundances of species
s the Pacific sardine. Although the calibrated models in this study
ave been carried out on the base of the variation of sardine land-

ngs, according to Serra and Canales (2003) and Yáñez (2005) a
trong correlation exists between sardine landings and sardine
PUE (R = 0.95). Therefore, the models developed in this paper not
nly explain a coupling between the landing level and environmen-
al conditions, it would also be indicating that a strong relationship
xists between sardine abundance fluctuation and the variation of
nvironmental factors considered.

Among all CNNs calibrated, the best accuracy measures were
btained in those models that only considered local and global vari-
bles separately. In both cases the results were improved when the
nchovy landings were added as models input. The effect of this
ariable was clearly significant on estimation capacity of CNN 6(I)
odel which did not achieve an explained variance level higher

han 55% with the validation data set. In this way, the CNN 6(II)
odel explained the highest level of the variability with the val-

dation data set (86%) and was the only model that had a correct
ehaviour after 1990. These results in relation to anchovy landings

nclusion could be interpreted as: (a) classical biological processes
uch as inter-specific competence and predation would be reg-
lation mechanisms which would play an important role in the
odulation of sardine abundance changes; (b) inclusion of anchovy

andings could have a proxy effect on the fit capacity of CNNs.
In relation to first interpretation, some authors have postu-

ated the competition hypothesis for the complex sardine-anchovy
Pauly, 1987; Serra and Tsukayama, 1988; Ward et al., 2001) and
ther pelagic species (Cury and Fontana, 1988). Cubillos et al. (2002)
nalysing the monthly abundances of common sardine (Stran-
omera bentincki) and anchovy (E. ringens) in the central-southern
rea off Chile observed that when recruitment of common sardine
ended to be low, the recruitment of anchovy tended to be higher,
ndicating that the dynamics of these two species depends on the
early pulse of recruitment. These authors concluded that although
he relationship between the recruitments of both species was not
ignificant, one probable hypothesis that could explain the inverse
uctuation of the abundances of anchovy and common sardine
ould be the inter-specific competition.

On the other hand, the decrease of S. sagax landings associated
ith the setting-up of cold conditions from 1985 to 1986 (Yáñez
t al., 2001) could be modulated by the increment of anchovy
bundances. Santander et al. (1983) studying stomach contents of
ardines from Peruvian coast indicated that 62% of stomachs anal-
sed contained anchovy eggs. Also Miller et al. (2000) and Van
er Lingen (2002) found that the main carbon contribution of the
Research 100 (2009) 116–125 123

sardine diet in the California and Benguela ecosystems was from
crustacean zooplankton and anchovy eggs. In this way, anchovy
eggs could be an important energy source for the sardine of the
Humboldt ecosystem which would explain the significant levels of
sardine landings until 1992 in spite of that clear unfavourable envi-
ronmental conditions for the sardine were observed 2 or 3 years
before. This could to explain the weight of LANCt−31 on model CNN
6(II).

But, on the other hand, the inclusion of anchovy landings could
have a proxy effect on the fit capacity of the CNN models. In
this way, the fluctuation of anchovy landings could be a reflex of
the variation of other environmental variables not considered in
the model and even could be indicating the influence of different
frequencies of the environmental variables already included. For
example, the dynamics of anchovy and meso-zooplankton seem to
be well correlated. Ayon and Guevara (2003) and Alheit and Ñiquen
(2004) indicated that zooplankton volumes off central Peruvian
coast decreased drastically around 1968. That is to say, 24 months
previous to the drop of anchovy landings in 1970. In 1974, 2 years
previous to the strong anchovy landings decrease, zooplanckton
biomass decreased to very low levels and stayed low until the late-
1980s.

The effects of remote physics forcing have been described for
some clupeoid species. For example, Alheit and Ñiquen (2004)
described minutely in three phases the events that cause the
decrease, collapse and recovery of anchovy population of the Hum-
boldt Current system. In a first phase, these authors indicated that
around 1968–1971, the input of oceanic subtropical water masses
to the Peruvian and Chilean coasts originated a series of biological
and ecological events which caused the decrease of anchovy abun-
dance. In the second phase, they highlight that the climate event
called North Pacific regime shift occurred in winter 1976–1977
(Hare and Mantua, 2000) probably strengthened the processes
described in the first phase which caused the anchovy biomass
collapse. Likewise, these authors indicated that in the case of the
sardine, the abundance changes cannot be a consequence of the
climatic changes in this oceanic spatial scale. However, the gener-
alisation capacity of the CNN 6(II) seems to indicate that a strong
relationship exists between the sardine landings and the water tem-
perature in the area Niño 3 + 4 (5◦N–5◦S, 120◦W–170◦W) 17–22
previous months to the sardine landings in the north area off Chile
(18◦S–24◦S, 73◦W), which is particularly significant during El Niño
events.

Since an El Niño event lasts approximately 18–22 months, the
results obtained allow us to suggest that the conditions of adult
biomass and the reproductive success in a pre-Niño period is key
factor to estimate accurately the landings 2 years later. However, in
spite of the good fit of CNN 6(II), it is difficult to associate a causal
effect with the temperature in the area Niño 3 + 4, a symptomatic
effect being more probable. In this way, the same as LANC, N34
could be considered as a proxy variable.

In conclusion, the results of this paper support that the quan-
titative prediction of sardine landings can be carried out from
environmental variables, although the predictive capacity of the
CNNs is significantly improved if the anchovy landings are added
as input variable. Also, various components of the relationships
between the environmental variables and sardine landings could
be identified. Additionally, it is possible to affirm that the difficulty
of a good estimation is not only dependent on the nature of inter-
relationships between environmental and fisheries variables and
the spatial and temporal complexity of environmental effects but

also on the type of relationship among variables assumed and the
modeling procedures used.

On the other hand, although the good generalisation capabil-
ity of the neural approaches are partially a consequence of the
proposed method for the selection of an appropriate set of input
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ariables from the available candidates (Bowden et al., 2005; May
t al., 2008), it is necessary to remark that this method is even
udimentary and highly dependent of the human expert criterion,
hich is the reason why it should be perfected. In this sense, in

uture works the application of non-linear dependence measures,
uch as mutual information (Sharma, 2000; Fernando et al., 2009),
nd/or soft-computing technologies, such as evolutionary comput-
ng (Doglioni et al., 2008), should be proved in terms of the inputs
dentified as significant and the accuracy of the resulting models.
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