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An evaluation of the performance of artificial neural networks (ANNs) to forecast monthly anchovy (Eng-
raulis ringens) and sardine (Sardinops sagax) catches in northern Chile (18°21'S-24°S) is presented, using
environmental variables, anchovy and sardine CPUE, fishing effort and catches between 1963 and 2007.
An analysis of previous data was carried out, consisting of a non-linear cross-correlation analysis to esti-
mate the time lags for each input variable. A multi-layer perceptron architecture model was used, cali-
brated with the Levenberg-Marquardt algorithm, thus obtaining anchovy landings and sardine CPUE
forecast models. An ecosystemic approach was conducted for both models, considering local and global
environmental variables, the anthropogenic effect, and the interaction between species as inputs. The
variance explained by both models was slightly higher than 82% and the standard error of prediction
was lower than 45%. The strong correlation between the estimated and observed series on the anchovy
and sardine models suggests that ANN models capture the trend of the historical data. Furthermore, the
generalization capacity along with the sensitivity analysis allowed the identification of high-weight vari-
ables in the model, as well as the partial interpretation of the statistical functional relationships between

the input variables and the abundance.

© 2010 Elsevier Ltd. All rights reserved.

1. Introduction

The Humboldt Current System (HCS) is very productive due to
nutrient transport by large-scale horizontal advection and persis-
tent coastal upwelling (Carr, 2002). The average annual landings
off Chile have totaled 4.8 million tons over the last three decades.
Forty percent of such landings involve pelagic resources from the
northern zone (18°21'S-24°S). Northern fisheries have been succes-
sively based on anchovy (Engraulis ringens) and sardine (Sardinops
sagax), and both species have been affected by fishing effort and
environmental fluctuations (Yafiez et al., 2008).

This anchovy-sardine succession has been documented for
250 years (Valdés et al., 2008), and it has been associated with
environmental changes. In fact, anchovy fisheries, which signifi-
cantly decrease during El Niflo events, collapsed after the 1972-
1973 event, a situation that promoted its replacement by the
sardine fisheries. However, this fishery also suffered a major
decline after 1985, when a strong recovery of the anchovy fisheries
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was also occurred (Yanez et al., 2001). In 1975, an increase of sar-
dines after a warm period was observed. After 1985, however,
rather cold conditions were re-established thus promoting the an-
chovy recovery and the sardine decline, despite the El Niflo events
in 1987, 1991-1992, and 1997-1998 (Yaiiez et al., 2003).

The connection between the variations in anchovy and sardine
abundance and environmental changes on different spatial-
temporal scales allow short-medium term predictions of landing
fluctuations, which is one of the main objectives of fishery man-
agement. Marine ecosystems are constantly in a state of imbalance
and they are characterized by high levels of stochasticity and non-
linear relationships between variables (Murdoch, 1994; Stenseth
et al,, 2002). Although both species vary according to environmen-
tal changes, predators, competitors, and parasites also affect their
composition and abundance.

The use of artificial neural networks (ANNs) in ecosystem mod-
eling began in the early 1990s, particularly for situations where
data do not fit statistical suppositions and non-linear relationships
prevail. ANNs behave better than linear models and have a good
capacity for generalizing when entering new data (Lek et al,
1996; Lek and Guégan, 1999; Ozesmi et al., 2006). Non-linear mod-
eling of pelagic fisheries off northern Chile was first done by
Gutiérrez-Estrada et al. (2007), using an univariate ANN model that
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only considered anchovy catches lagged up to 6 months, and
Gutiérrez-Estrada et al., (2009), where an ecosystemic approach
to forecast sardine landings was considered.

In this study, the performance of ANN models to forecast
monthly anchovy and sardine abundance is evaluated. This multi-
variate ecosystemic approach considers local and global environ-
mental variables, anchovy and sardine catches, fishing effort and
catch per effort unit during from 1963 to 2007.

2. Materials and methods
2.1. Information analysis

Total monthly anchovy and sardine landings (CA and CS, respec-
tively) off northern Chile (18°21'S-24°S) were taken from Statisti-
cal Fishery Yearbooks'. The fishing effort (f) was calculated by the
C/CPUE relationship, where CPUE is the monthly average of the stan-
dardized catch per unit effort for both fisheries (Espindola et al.,
2005).

Monthly averages (1950-2007) of the following variables were
analyzed, which were recorded at the Antofagasta meteorological
and oceanographic stations (23°26'S): sea surface temperature of
Antofagasta (SSTA), average sea level (SL), air temperature (AT),
wind direction and magnitude for estimating the Ekman transport
(ET) (Bakun et al., 1974) and the turbulence index (TI) (Elsberry
and Garwood, 1978). Monthly averages were also considered for
the Southern Oscillation Index (SOI; Allan et al., 1991); the Cold
Tongue Index (CTI), an SST anomaly from 6N-6S and 180W-90W
(Deser and Wallace, 1990); and the SST in El Nifio region 1+ 22
(SSTN12; 0°5-10°S and 90°W-80°W) and El Nifio region 3 + 42
(SSTN34; 5°N-5°S and 170°W-120°W).

According to Yafiez et al. (2008), anchovy landings are sug-
gested to be proxy for the abundance of the species in northern
Chile, as landings show clear interdecadal, interannual and intra-
seasonal fluctuations that may be directly related to the resource
abundance. Moreover, these authors reject CPUE as an abundance
index, since it differs from the direct biomass estimations. The
same authors also suggest sardine CPUE as an abundance proxy
for sardine, as it shows a good correlation with biomass estima-
tions and landings. In this work, the abundance of both resources
is analyzed, i.e. landings and CPUE are considered as abundance in-
dexes for anchovy and sardine, respectively.

2.2. Data treatment

Previous data analyses are crucial for the calibration of a neural
network; consequently, the variables representing the nature of
the problem to be modeled must be selected carefully. The inclu-
sion of “noise” in the calibration of the network weight makes
learning more difficult and, therefore, diminishes the predictive
capacity of the model (Ozesmi et al., 2006; Lek and Guégan,
1999). Thus, a correlation analysis among variables was first per-
formed in order to determine their association to discriminate
among highly correlated variables. Then, a principal component
analysis was carried out to establish the most representative vari-
ables of the environmental variability.

A cross-correlation analysis was done between the input vari-
ables and the predicted variable, using non-linear functions. This
method considers a series of non-linear functions to estimate the
lag correlation in time (Table 1). The estimation of the cross-corre-
lation was made using the specially designed program CORN 1.0

1 SERNAPESCA. 1963-2007. Anuarios Estadisticos de Pesca. Servicio Nacional de
Pesca, Ministerio de Economia, Fomento y Reconstruccién, Chile.
2 http://www.cpc.ncep.noaa.gov/data/indices.

Table 1

Models used for the determination of linear and non-linear cross-correlation. The
constant term is designated by fo. #1 and f, are parameters of the model and Y and X
is the dependent and independent variables respectively.

Model Equation

Y=fo+ X

Y=1/(Bo+ 1X)

Y= (fo+ pX)I(1+ p1X)
Y=(1+p:X)/(o+ p1X)
Y=X[(BoX + p1)

Y= (X + p1)IX

1) Linear

2) Reciprocal linear

3) Rectangular hyperbola I

4) Reciprocal rectangular hyperbola I
5) Rectangular hyperbola Il

6) Reciprocal rectangular hyperbola II

(

(

(

(

(

(

(7) Parabola Y=o+ fiX + poX°

(8) Power Y = poX’y

(9) Modified power Y=po ff

(10) Root Y= golt¥)

(11) Geometric Y= BoXP*

(12) Modified geometric Y= X0

(13) Exponential Y = Bo exp(p1X)

(14) Modified exponential Y = Bo exp(B1/X)

(15) Logarithm Y=o+ p1 log(X)

(16) Reciprocal logarithm Y=1/[fo+ p1 log(X)]
(17) Hoerl Y = BoppiX X"

(18) Modified Hoerl Y = Bofpy (11X XP2

(19) Normal Y=o exp[—(X — ﬂ1 PI(262%)]
(20) Normal logarithm Y = Bo exp[—(log(X) — 1)*/(227)]
(21) Cauchy Y=fof[1+((X - Xo)//fl)zl
(22) Beta Y= poXha(1 - x)f

(Gutiérrez-Estrada et al., 2009). The highest significant absolute
correlation value (R) for every 12 months lag was chosen as the
lags for each variable. A maximum delay of 24 months (2 years)
for anchovy, and 72 months (6 years) for sardine was considered,
based on the biology of each species, i.e. the anchovy catches are
concentrated in the early year classes, while the catches of sardine,
a more long-lived species, are concentrated in the classes 5 and 6
(Yafiez and Barbieri, 1989; Yanez et al., 2001; Alheit and Niquen,
2004).

Fredn et al. (2003) recommend smoothing the data series in or-
der to reduce the high frequency noise to achieve a clear observa-
tion of the tendency. In this case, a moving average of three
centered months was used for such effect.

2.3. Artificial neural networks (ANNs)

ANNs are mathematical models inspired by the human brain.
They are able to recognize behavioral patterns and learn from their
interactions with the environment. The most common models
used in ecology are those known as feed forward multi-layer per-
ceptrons (Suryanarayana et al., 2008; Lek et al., 1996). A typical
three-layer feed forward ANN has g, n, and s nodes or neurons in
the input, hidden and output layers, respectively. In this paper,
the ANN architectures will be defined as g:n:s. The parameters
associated with each of the connections between nodes are called
weights. An iterative process, known as neural network training or
learning, defines the interconnections between the neurons, and
when carried out using known inputs and outputs (training data
or patterns) varied iterations are done until the desired exit values
are obtained. The value of the weights is adjusted using an error
convergence method, such that the desired output value is gener-
ated by an input value. There are several training algorithms and,
herein, a variation of the back propagation algorithm (Rumelhart
et al.,, 1986), known as the Levenberg-Marquardt algorithm (Hagan
and Menhaj, 1994), is used, which is a second order, non-linear
optimization algorithm with a very rapid convergence and is rec-
ommended by various authors (Tan and Van Cauwenberghe,
1999; Anctil and Rat, 2005).

All iterations (epochs) are performed during the training period
for all patterns used in the training. Overtraining is probably the
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most common problem when training neural networks; the
network may be adjusted to noise when calculating the weights.
The best method for ensuring that overtraining does not occur is
periodical monitoring of the sum squared error for the training
data and another group called the selected data (this process is
called internal validation). The selected data are a subset of the
training data (usually 15-20%). When the sum squared error of
the selected data begins to increase, the training must be stopped
and the weights of this epoch must be used in the external valida-
tion with the test set (also called generalization phase or external
validation), which represents data the network has never encoun-
tered before.

2.4. General procedure

The monthly data for anchovy and sardine were divided into
three groups (randomly selected): 60% of the data were used for
training (or calibration of the neural network parameters), 20%
for internal validation, and 20% for external validation (EV) of the
network.

The selection of the best models was based on the fitness of the
EV data, because the fitness of the training data may not perform
well in cases based on the unseen data (EV group). This procedure
is also used by Makkearsorn et al. (2008) and Gutiérrez-Estrada
et al. (2009).

An inherent problem of ANNSs is their tendency to get stuck in
local minima. In order to solve this problem, the same architecture
of neural networks was trained more than once, beginning with a
series of random weights (Anctil and Rat, 2005). Thus, the neural
network with the lowest error index in the external validation
phase was chosen. In this work, all architectures were calibrated
30 consecutive times. This level of repetitions implies that the cho-
sen model was distributed within 14% of the best possible models,
with 99% confidence (Iyer and Rhinehart, 1999). This procedure al-
lowed the determination of the best ANN architecture.

Once the external validation for each model was performed, a
sensitivity analysis was done considering each input variable to
the neural network as if it was not available in the model. Hunter
et al. (2000) defined a procedure for substituting the missing val-
ues. First, the network is run with a set of test cases and the result-
ing error is saved. Later, the same network is used but the observed
values are replaced with the value estimated by the missing-value
substitution procedure and the error of the network is saved again.
Given the effective removal of information used by the network
(one of the input variables), there will be a decline in the error le-
vel. The basic sensitivity measure is the quotient (ratio) between
the network error without the input variable and the original error.
If the ratio is less than or equal to one, then the variable removal or
adding will have no effect, or will eventually improve, the error le-
vel of the network.

2.5. Error indexes

Several accuracy measures were applied to assess the model
performances during the validation phases, as no unique and more
suitable performance evaluation test has been developed (Yapo
et al., 1996; Legates and McCabe, 1999; Abrahart and See, 2000),
such as the coefficient of determination (R2), the percentage of
standard error of prediction (%SEP) (Ventura et al., 1995), the coef-
ficient of efficiency (E) (Nash and Sutcliffe, 1970; Kitanidis and
Bras, 1980), and the average relative variance (ARV) (Grifid,
1992). These estimators are not influenced by the variation range
of their elements and they are used to see to what extent the mod-
el is able to explain the total data variation. They are also appropri-
ate to quantify the error in terms of the units of the variable to be
estimated. These measures of absolute errors include the square

root of the mean squared error (RMSE). In order for the goodness
of fit to be acceptable, the values of R?> and E should approach
one and the values of %ZSEP must be close to 0.

The persistence index (PI) was used to evaluate the perfor-
mance of the model (Kitanidis and Bras, 1980). The PI index is
well-designed for the evaluation of the models applied in this
work, since the landings in previous months represent the input
variables of the neural networks. A PI = 1 indicates a perfect fit be-
tween the estimated and observed values. On the other hand, a
PI =0 is equivalent to saying that the model provides the previ-
ously observed values as a prediction, which is known as a naive
model. A negative PI value means the model is altering the original
information, performing worse than a naive model (Anctil and Rat,
2005).

Other indexes used for the identification of the best models are
the Akaike Information Criterion (AIC) and the Bayesian Informa-
tion Criterion (BIC) (Qi and Zhang, 2001). These indexes measure
the goodness of fit of the model and a sanction for the excess of
parameters (weights). Thus, the model with the lowest AIC and
BIC values is selected. Weights are not strictly considered as param-
eters. Nevertheless, as in Qi and Zhang (2001) and Chen and Hare
(2006), they have been considered as such when calculating AIC
and BIC in order to compare this work with models obtained by
other authors.

3. Results
3.1. Data treatment

The correlation analysis among variables showed high correla-
tions between SSTA and AT (0.96), ET and TI (0.92) and SSTN34
and CTI (0.80) (Table 2). Although it is considered that two
variables are highly correlated when the value of the Pearson
coefficient is above or equal to 0.8 (Real et al., 2008), this paper
also considers those variables where the level of correlation was
marginally close to this value (SSTA-SSTN12, SSTN12-AT); these
results can be also seen on the PCA (Fig. 1). The highest correla-
tion for the PCA (and the highest negative correlation) with PC1
was SSTA and SOI (negative); and for PC2 the variables were ET
and SSTN34 (negative). The aforementioned variables were
selected to continue with the non-linear cross-correlation
analyses.

Based on previous information analyses, two local and two ba-
sin environmental variables were chosen to be included into the
ANN models: SSTA, ET, SOI and SSTN34, respectively. For the an-
chovy ANN model, only SSTA was considered as an environmental
variable; the other three variables do not present any significant
lag. The maximum non-linear cross-correlation between the land-
ing and SSTA was —7 months (Fig. 2). Although this correlation va-
lue is slightly higher than that obtained between the lagged
variables and the linear function, no difference was detected in
the lag between the linear and non-linear functions. The anchovy
landings (CA) from previous periods were also included to improve
the prediction based on the work carried out by Gutiérrez-Estrada
et al. (2007), who used an univariate model considering anchovy
catches, with a lag of up to 6 months; this lag was found using
an autocorrelation analysis. Sardine landings (CS) from previous
periods were also included.

Two local (SSTA and ET) and one basin (SOI) environmental
variables were selected for the sardine ANN model (the lags for
SSTN34 were insignificant). The fishing effort (fS) and previous an-
chovy landings (CA) were also included as input variables. A pat-
tern was observed for the maximum cross-correlation lags for
the local environmental variables: there was a peak every
12 months approximately from the first maximum lag. On the
other hand, the maximum lag for SOI was very clear, at
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Table 2
Correlation matrix of environmental variables, highly correlated variables in bold.
TI ET SSTA AT SL PDO SSTN12 SSTN34 sol
ET 092"
SSTA 0.38" 040"
AT 037" 040" 0.96""
SL 0.00 0.02 038" 0.37"
PDO 0.11" 0.09" 0.12" 0.08 017"
SSTN12 —-0.01 -0.01 0.69"" 0.69" 0.46" 021"
SSTN34 -0.18" -0.18" 0.00 0.00 035" 037" 0.42"
sol -0.06 -0.07 015" -0.17" -031" -031" -0.25" -0.65"
CTI 0.16™" 0.14™ 0.14™ 0.14"" 035" 034" 030" 0.80" -0.65""
Values are Pearson correlation coefficients.
* P<0.05.
" P<0.01.
1L0T— 3.2. Abundance prediction models
{2 PCI group
[ PC2 group
0.8 1 The same procedure in terms of data percentage for training
@ (60%), internal validation (20%), and external validation (20%)
061 AT was used for both anchovy and sardine models. The final input
SSTA configuration for both models is shown in Table 3.
T A total of 420 ANNs were calibrated and validated: 180 for an-
. 0D chovy and 240 for sardine, each composed of six hidden and eight
§ ' hidden configurations with 30 repetitions each, respectively.
S o0t TNI2 An error analysis in the external validation phase of the ancho-
& vy and sardine ANN modeling was conducted. Thus, the best model
= 024+ PDO SL| was selected (from a pool of 30 repetitions) from each hidden con-
° figuration, ending up with a selection of six and seven ANN models
044+ for anchovy and sardine, respectively. The anchovy and sardine
o best ANN model selection (with 18 and 22 neurons in the input
-0.6+ layer, respectively, and one in the output layer) exceeded 73%
and 91% of the explained variance and showed a standard error
0.8+ of prediction below 44% and 31%, respectively (Table 4).
The best error measures for anchovy were associated with the
-1.0 f f f f f f f t f 18:20:1 architecture (with 20 neurons in the hidden layer), except
-10 08 -06 04 02 0. 02 04 06 08 10

PC1 (36.4%)

Fig. 1. Grouped environmental variables after a principal components analysis
(PCA).

—39 months. The maximum cross-correlation index for fS was at
lag —1 and the cross-correlation lag for CA was not as clear as
the other variables (Fig. 3). Therefore, the selected lags were based
on the maximum lag per year (every 12 months lag).

for the AIC and BIC indexes. This model explained 85% of the vari-
ance, which suggested an efficiency of 0.84. The persistence index
is 0.83, which implies a very low lag between the observed and
estimated series. The standard error of the prediction (34.15%)
and RMSE (19022.07 tons) values showed the scatter between
the observed and estimated series is relatively low for the low
and high landing values (Fig. 4).

The best error measures for the ANN sardine model corre-
sponded to the 22:20:1 architecture (with 20 neurons in the hid-
den layer), which showed an explained variance of 95%, while
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Fig. 2. Linear (dashed) and non-linear (solid) cross-correlation for anchovy catches and sea surface temperature of Antofagasta (SSTA), sea surface temperature on the Nifio

34 region (SSTN34), and sardine catches (CS). Significance level also included (P = 0.05).
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Fig. 3. Linear (dashed) and non-linear (solid) cross-correlation for sardine CPUE and Ekman transport (ET), sea surface temperature of Antofagasta (SSTA), Southern
Oscillation Index (SOI), sardine fishing effort (fS) and anchovy catches (CA). Significance level also included (P = 0.05).

Table 3
Input configurations for each anchovy and sardine abundance forecast models.

Input variable

Anchovy model (CA)

Lags selected

SSTA -7

CA -1, -2, -3, -4, -5, -6

CS -1, -2, -3, -4, -5, -6, -10, —-11, -12, 14, -15
Sardine model (CPUES)

SSTA —-18, -30

TE -1, -7, -19, -31, -37, —49

Nel -39

fS -1, -12, 23, -35, -42, 53, —65

CA -10, —21, —32, —46, —55, —68

the AIC and BIC indexes were lower than the anchovy ANN model
(12.32 and 12.14 respectively). Furthermore, the persistence index
was 0.73, which showed a low lag although it was not as low as the
lag presented on the anchovy ANN model (Fig. 5).

The sensitivity analysis (Table 5) identified three variables
which showed a greater-than-average ratio (CA¢_1, CA¢_4, CA¢_3
and CA; ;) for the anchovy ANN models. Furthermore, none of
the variables presented a ratio below 1; therefore, none could be
eliminated. The most important variables (greater-than-average
ratio) for the sardine ANN model sensitivity analysis were fishing
effort (fS;_1, fS¢_42, fS¢_s3, fS¢_12, fS¢_»3), Ekman transport (ET;_,
ET:_19, ET¢_31) and anchovy landings (CA¢_gs, CA¢_s5, CA;_21). Like
the anchovy models, none of the variables could be eliminated.

4. Discussion

This paper was developed based on the work of Gutiérrez-Estra-
da et al. (2007), where univariate ANN models dependent only on
anchovy catches from previous periods were used. Moreover, Gut-
iérrez-Estrada et al. (2009) used a multivariate ecosystemic ap-
proach to forecast sardine landings off northern Chile.In this
paper, a non-linear multivariate approach predicting monthly
abundance of anchovy and sardine off northern Chile was made
using an integrated ecosystemic modeling with environmental
and fisheries data and the relation between species. As suggested
by Legates and McCabe (1999), a multicriteria performance assess-
ment based on different accuracy measures was appropriate to se-
lect the best models. The comparison of the results of this work
revealed that the multivariate methodology was characterized by
a higher accuracy in terms of all evaluation measures. It is neces-
sary to highlight that the method is still experimental and highly
dependent on expert criteria.

4.1. Anchovy abundance models

In relation to the analysis of non-linear cross-correlations for
anchovy, the lags encountered for SSTA could be explained in
terms of the environment-resource interaction. The most signifi-
cant lag was at —7 months, the sea surface temperature off Anto-
fagasta has a 7-month in-advance effect on landings. According
to Braun et al. (1995) and Castillo et al. (2002) this is a biolog-
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Anchovy and sardine artificial neural networks (ANN) models accuracy measures. Presented are the values of the best model for each hidden neuronal architecture following the

external validation (EV).

Accuracy measures Number of weights R? RMSE SEP (%) E PI AIC BIC
Anchovy ANN architecture
18:5:1 95 0.81 22775.23 39.46 0.80 0.77 10.54 10.56
18:10:1 190 0.73 28690.70 43.77 0.72 0.72 12.57 12.60
18:15:1 285 0.80 20095.75 33.02 0.79 0.77 14.09 14.13
18:20:1 380 0.85 19022.07 34.15 0.84 0.83 15.87 15.93
18:25:1 475 0.81 23302.16 40.05 0.81 0.78 17.87 17.95
18:30:1 570 0.84 22616.94 39.38 0.82 0.74 19.67 19.76
Sardine ANN architecture
22:5:1 115 0.93 17.01 2422 0.93 035 4.96 492
22:10:1 230 0.92 16.73 3022 0.92 0.46 7.45 7.36
22:15:1 345 0.92 18.79 29.94 0.92 036 10.05 9.91
22:20:1 460 0.95 1448 21.99 0.95 0.73 12.32 1214
22:25:1 575 091 2053 29.84 091 021 15.12 14.90
22:30:1 690 095 1517 24557 094 054 17.36 17.09
22:35:1 805 091 18.90 28.85 091 036 21.90 21.55
The bold values indicate the best validated models.
(a) 300 —— T T T T A . Y (a) 250 T T T T T T - -
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)
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=
£ 200¢ 1 =
@ & 150F E
£ O
E 150t b =Ea
= T 100} .
=<
Z 100+ 1 w
=
=
< 50+ i 50+ 1
(% Vek T 3 ]
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Fig. 4. Forecast of the best anchovy artificial neural network (ANN) model, and
monthly observed and estimated catches for external validation (EV) data. Monthly
observed and predicted landings for calibration and validation sets (a), scatter plot
between observed and predicted anchovy landings (b).

ical relationship, as they indicate that anchovy recruitment oc-
curs 5-6 months after spawning. This is added to the fact that
variations in the fecundity of clupeiform species are probably af-
fected by temperature 2-3 months before spawning (Winters
et al., 1993). Hence, when adding the lags suggested by the pre-
vious authors, we obtain a range similar to that of this work
through the non-linear crossed correlation analysis. The SST
measured in the coastal stations in northern Chile is closely re-

Fig. 5. Forecast of the best sardine artificial neural network (ANN) model, and
monthly observed and estimated CPUE for external validation (EV) data. Monthly
observed and predicted CPUE for calibration and validation sets (a), scatter plot
between observed and predicted sardine CPUE (b).

lated to the temperature recorded by satellite images (Barbieri
et al., 1995), and large-scale physical processes (Hormazabal
et al, 2001; Montecinos et al., 2003). SST is also considered as
a proxy of ecosystem variability (Yafiez et al., 2008), which
would indicate changes in primary productivity, food, fertility,
egg and larvae survival due to upwelling turbulence, and conse-
quently in recruitment and landings.
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Table 5

Sensitivity analysis for the anchovy and sardine artificial neural networks (ANN)
models. Average of the ratios between the network error without the input variable
and the original error (see text) for the best models. Ranking and mean ratio are
shown. Bold indicates higher-than-mean ratio.

Number Anchovy Sardine

Variable Ratio Variable Ratio
1 CA¢ 1 3.22 S¢ 1 1.53
2 CAc_4 191 ET,_, 1.51
3 CA; 3 1.46 S 42 1.37
4 CA: 2 145 S¢ 53 1.34
5 CSt 11 1.27 fSe 12 1.34
6 CS; > 1.24 ET; 10 133
7 CSt 4 1.23 CA: 68 1.33
8 CA¢ s 1.22 CA: 55 1.33
9 CSt_10 1.20 fS¢_23 133
10 CSt 4 1.19 ET; 31 133
11 CSt_ 12 1.18 CA: 21 1.31
12 CS¢_3 1.16 ET; 37 1.29
13 CSt 14 1.14 SSTA: 30 1.28
14 CSi s 1.13 St 35 1.27
15 CSt 15 1.13 St 65 1.27
16 CSi_s 1.12 ET;_49 1.26
17 CAt 6 1.08 CA¢ 3 1.24
18 SSTA: 7 1.03 ET, 7 1.23
19 SSTA:_18 1.22
20 CA¢ 46 1.22
21 CA¢ 10 1.14
22 SOl_39 1.12

Mean ratio 135 1.30

The cross-correlation analysis of SSTN34 showed no significant
lags with respect to CPUE. On the other hand, an 8-month lag be-
tween SSTA and SSTN34 was found, which could be indicate a re-
mote effect from the equator on anchovy when considering the
coastal trapped waves as a source of variability in the landings.
The dynamics of coastal trapped waves has been studied by differ-
ent authors (Pizarro et al., 1994, 2001; Hormazabal et al., 2002;
Yafiez et al., 2008). The coastal trapped waves influence the
dynamics of the sea level, sea surface temperature, and currents
on an interseasonal scale (Shaffer et al., 1997; Hormazabal et al.,
2001, 2002). Morales et al. (1999) pointed out a direct relationship
between the coastal trapped waves and the variability of the oxy-
gen minimum layer, which is directly associated to the thermo-
cline depth in the area off Antofagasta (Morales et al., 1999;
Ulloa et al., 2001). The direct relationship between the minimum
oxygen layer and the vertical distribution of the anchovy was doc-
umented by Morales et al. (1996). Therefore, it is suggested that
the effect of SSTN34 on landings is associated with changes in
the resource accessibility—vulnerability: accessibility is related to
a geographical area (fishing ground), and the vulnerability depends
on the interaction between fishing gear (in this case purse seine)
and the behavior of the resource. Therefore, anchovy would cause
accessibility and vulnerability changes to fishing gear to migrating
against long-term environmental changes in response to warm-
cold-warm periods, while vertical migration in response to deep-
ening of the thermocline would result in an increase in the vertical
distribution of the anchovy.

Landings integrate all the environmental variability and any
other factors not considered among the input variables. This ex-
plains the great importance of landings in the sensitivity analysis
of calibrated models. Regarding the autocorrelation study of an-
chovy landings performed by Gutiérrez-Estrada et al. (2007), in
which they show that the anchovy landing series is autocorrelated,
CA;_; is the most important variable. Moreover, according to Yafiez
et al. (2008), anchovy landings are the longest analyzed fishing ser-
ies and an empirical orthogonal function (EOF) analysis conducted
between environmental fluctuations and landings, found the best

simulation was obtained from the landing series. Moreover, land-
ings show clear interdecadal, interannual and intraseasonal fluctu-
ations, which may be directly related to the abundance of the
resource. This is why landings are proposed as a proxy for the
abundance of anchovy in northern Chile.

4.2. Sardine abundance models

Regarding the non-linear cross-correlation analysis of the sar-
dine model, the most representative ages caught for the species
were 5, 6, 7 and 8 years (Yanez and Barbieri, 1989), which are
mainly concentrated at 5-6 year periods (69-72 months). The lat-
ter was considered to lag the sardine series to 72 months.

The lags for environmental variable can be gathered into two
groups. The first group corresponds to values beyond —36 months
that may be related to the sardine reproduction and recruitment
conditions, considering the spawning that it takes between 2 and
3 years for this species to be recruited (Serra and Tsukayama,
1988; Alheit and Niquen, 2004). The second group involves those
with lags less than 36 months, which may be associated with avail-
ability of the resource under different environmental conditions.

Sardines show a increased production during warm periods, ex-
cept for the 1982-83 El Nifio event when a significant decrease
was observed. On the other hand, cold conditions may cause unfa-
vorable conditions for sardines (Yanez et al., 2001). Sardine recruit-
ment and SST show a dome-shaped relationship with a maximum
at 17.7 °C (Yanez et al., 2001). In fact, the relationship with SST has
a quadratic form that explains the increase and decrease of the sar-
dine CPUE (Yanez et al., 2001, 2003, 2008); this justifies the search
for non-linear relations to find lags and the subsequent modeling
through ANN. SSTA lags (SSTA;_1s and SST;_3), below 36 months,
may be related to accessibility and vulnerability changes of the re-
source associated with changes in the thermal structure, such as El
Niflo events, affecting the anchovy and sardine distribution, not
only horizontally but also vertically with depth (Yafez et al.,
2001). Historical time series suggest that El Nifio events affect sar-
dine populations with lag of 6-36 months.

Based on the sensitivity analysis, SSTA was not one of the most
important variables of the sardine model (above-mean ratio).
Other variables as fS, ET or CA seemed to play a more relevant role
in sardine abundance, as in the sensitivity analysis they are identi-
fied as top variables. However, the importance ratio of the other
variables was not high, so that all variables contributed in a similar
manner to the model.

During long warm periods, turbulence (dispersing food) and Ek-
man transport (advecting the reproductive elements towards the
offshore west) increase. The proximity and duration of warm water
in this area supports the abundance increases of sardine and, con-
sequently, fisheries develop (Parrish et al., 1983). According to
Yariez et al. (2008), the sardine CPUE showed positive non-linear
relations with fS and ET, a fact that supports the search of non-
linear relations through cross-correlation and subsequent ANN
modeling. On the other hand, a high correlation (0.73) has been
estimated between the ET index and the parental biomass of
pre-recruit sardine (average i to i-3). Cury and Roy (1989) have
suggested the wind stress causes significant mixing of the water
column when speeds are 5-6 m/s; this implies dissemination of
plankton concentrations. The ET lags higher than 36 months were
ET;_37, ET_49, while those lower than 36 months were ET;_4, ET;_7,
ET¢_19, ET¢_31.

The change of climate regime observed in 1976 agrees with the
decrease of anchovy fisheries and the development of sardine fish-
eries (Yanez et al., 2001; Yafez et al., 2008), a fact that is related to
the long-term SOI variability, which decreased as the local vari-
ables increased (Yafiez et al., 2008). However, the SOI has not been
clearly associated with the SST change since mid-1980 (Yanez
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et al., 2001). The maximum significant lag detected for this variable
was SOI;_39, which may be considered as a proxy for basin-scale
changes of environmental conditions, such as El Nifio events or re-
gime changes.

In the case of succession between anchovy and sardine off the
coasts of Peru and Chile, climatic fluctuations can cause predation
or prey size and abundance variations, thus promoting the domi-
nance of one species or another (Yafiez et al., 2003; Alheit and
Niquen, 2004). In this sense, sardine is a great predator of anchovy
eggs (Santander et al., 1983).

4.3. Final considerations

The approach of Yafiez et al. (2008), who suggested sea surface
temperature at Antofagasta as an environmental proxy, is vali-
dated for both models. This variable, may represent the environ-
mental effects on both species, particularly recruitment and its
spatial distribution against environmental phenomena such as El
Nifio events.

The predictive lag capacity between species abundance and the
input variables of these models should be noted. We have up to 2
and 6 years lag on the input variables for the anchovy and sardine
models, respectively. It should be noted that the lags between the
environmental variables and landings or CPUE are not always ex-
act, due to the occurrence of anomalous periods, such as El Nifio
events.

Climatic variations associated with El Nifio events have an ef-
fect on the abundance and distribution of pelagic fish and fishing
effort. However, long-term climatic variability is mainly affects
fishing activity; such changes may be favorable or unfavorable
for some species. Therefore, the suggested predictive models must
be used with care. In fact, besides the difficulties of climate predic-
tion, uncertainty must be regarded as a highly important factor
considering the behavior and evolution of the population changes
in atmospheric conditions.

Finally, it is important to mention that this method is clearly a
first step, heavily dependent on the individuals conducting the
analyses and future work should improve (from a statistical point
of view) and automate the process.

In conclusion, this work focused on the prediction of anchovy
and sardine abundance indexes using a multivariate approach.
The low error levels in the validation phase of the models suggest
that the objective was accomplished. However, it must be pointed
out that difficulty of a good prediction depends not only on the
relationships between environment, the resource and the spatial
and temporal complexity of the environmental effects, but also
on the type of relationships that are assumed between the vari-
ables and the modeling processes employed.
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