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This  paper  presents  the  parameter  estimation  and  sensitivity  analysis  of  the  APECOSM-E  model,  which
describes  the  basin  scale  3D  size-structured  population  dynamics  of the skipjack  tuna  population  in  the
Indian  Ocean  under  the  joint  effect  of  environmental  variability  and  fisheries  exploitation.  The  model
is  presented  in  detail  in the companion  paper  (Dueri  et  al.,  2012).  A common  methodology  based  on
the  evaluation  of  a cost  function  that  combines  the  negative  log-likelihoods  of  commercial  catches  and
size frequencies  is  used  for both  tasks.  A  Bayesian  term  representing  the  a priori  probabilities  about  the
model  parameters  is added  to  the  cost  function  used  for parameter  estimation.  The  partial  derivatives  of
the  cost  function  with  respect  to the parameters  are obtained  by deriving  the  tangent  linear  code  of  the
model  by  automatic  differentiation  of the direct  code.  A  minimization  algorithm  is  used  to estimate  the
parameters  related  to fisheries  and  maximise  the  fitness  of the  model  to  the  available  observations.  In  a

second step,  we  evaluate  the  local  sensitivity  of the  non-estimated  parameters  and  identify  the  model
parameters  that  have  an  important  effect  on  the  output  of  the  model  and that  would  deserve  better
measurements  in  order  to reduce  the  level  of  uncertainty  in  the  model  outputs.  The  comparison  between
the optimized  simulation  and  the  observations  allows  identifying  the  model’s  strengths  and  limitations,
in  the  perspective  of  using  the  model  to test  scenarios  concerning  the  resilience  of the  population  and

ploit
the  sustainability  of  its  ex

. Introduction

Artisanal fisheries have exploited skipjack tuna (Katsuwonus
elamis) for several centuries (Marine Research Section, 1996) in
he Indian Ocean. However, since the early 1980s the level of
xploitation has dramatically increased due to the introduction
f industrial purse seining and the concurrent raise of bait boat
nd gillnet catches. Currently, the catches of this highly migratory
ropical fish represent almost half of the tropical tuna catches in
he Indian Ocean. Although skipjack tuna are considered to have

 high resilience against overfishing due to their fast growth rate
nd their year round spawning, the decrease of catches recently
eported by the Maldivian fishery, one of the leading skipjack fish-
ries in the Indian Ocean, raises concern about the sustainability of
resent levels of exploitation (Adam, 2010).
Mechanistic mathematical models are useful tools for the
valuation of trends in marine ecosystems. These models
llow improving our understanding of the vulnerability and

DOI of original article: 10.1016/j.ecolmodel.2012.02.007.
∗ Corresponding author. Tel.: +33 0 499 57 32 53; fax: +33 0 499 57 32 95.
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ation  in the  Indian  Ocean.
© 2012 Elsevier B.V. All rights reserved.

forecasting the ecosystem’s evolution under future scenarios of
climate change and increased exploitation. As a result, they are
a source of valuable information supporting the development of
policies for the sustainable management of marine resources. In
the field of marine science the development and validation of
such models is particularly challenging given the difficulties and
cost of obtaining direct field observations (Blackford et al., 2010).
However, given the increasing anthropogenic pressures that affect
marine ecosystems the development of reliable mathematical
models for marine ecosystems based on a mechanistic represen-
tation of processes is becoming a high priority issue (Brierley and
Kingsford, 2009; Jackson, 2010).

Ecosystems are complex and non stationary systems and recent
technological improvements in the field of computation have
supported the development of numerical models that explicitly
account for this complexity. The rigorous representation of the
important mechanisms is certainly a fundamental requisite of
every model that aims at deepening the understanding of processes
and describing the future evolution of the ecosystem. However,

increased complexity of the models is often associated with a
larger number of parameters that are difficult to constrain and this
can increase the uncertainty of the simulated results (Anderson,
2010).

dx.doi.org/10.1016/j.ecolmodel.2012.02.008
http://www.sciencedirect.com/science/journal/03043800
http://www.elsevier.com/locate/ecolmodel
dx.doi.org/10.1016/j.ecolmodel.2012.02.007
mailto:sibylle.dueri@ird.fr
dx.doi.org/10.1016/j.ecolmodel.2012.02.008
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Parameters are characterised by an inherent uncertainty linked
o the paucity of comprehensive and accurate data which would
e needed to constrain the model. Assessing the effects of these
ncertainties in the model parameter values is an essential step
or model evaluation. Sensitivity analysis provides a tool for this
urpose as it allows evaluating the relative importance of the model
arameters on the response of the model. Furthermore, it can help
o investigate the way uncertainty propagates through the model to
ts outputs and it allows distinguishing between factors that would
eserve better measurements in order to reduce the uncertainty

n the model outputs and factors that are less influential (Cariboni
t al., 2007).

The optimization of model parameters against available data is
ssential for improving the realism of the model and identifying
he domains where it is not performing well. Optimizing the model
arameters consists in finding the parameters that allow the best
t to the data. It can be achieved using a parameter estimation
lgorithm to minimize the distance between the simulation and
he observed data. However, before starting the optimization we
ave to ensure that the inverse problem is well-posed and that the
arameters can be estimated independently and accurately from
he available data. Therefore, parameter estimation has to be pre-
eded by the assessment of the parameters identifiability.

In this paper we present the parameter estimation and the sen-
itivity analysis of the APECOSM-E model, a deterministic model
hat represents the basin scale 3D population dynamics of skip-
ack tuna under the joint effect of environmental conditions and
xploitation by fisheries (Dueri et al., 2012.). A common method-
logy based on the evaluation of the partial derivatives of the cost
unction with respect to the model parameters is used for sensitiv-
ty analysis and parameter estimation. It relies on the tangent linear
ode of the model derived by automatic differentiation of the direct
ode. The first objective is to estimate the parameter values that
aximise the fitness of the model to the available observations.
owever, the high number of model parameters makes it difficult

o estimate all the parameters at once. Since the available obser-
ations are related to fisheries (catch and size frequency data), we
stimate only the fisheries-related parameters. In a second step,
e characterize which of the non-optimized parameters are sensi-

ive and influence the model output. The comparison between the
ptimized simulation and the observations allows identifying the
trengths and limitations of the model and constitutes the basis
or improvement, in view of using the model to test scenarios con-
erning the resilience of the population and the sustainability of its
xploitation in the Indian Ocean.

. Methodology

.1. Model description

APECOSM-E (Apex-Predator-Ecosystem-Model – Estimation) is
 deterministic model that represents the basin scale 3D population
ynamics of skipjack tuna under the joint effect of environmental
onditions and exploitation by fisheries (Dueri et al., 2012). This
odel is a simplified version of the more general APECOSM frame-
ork (Maury, 2010), which represents the flow of energy through

he global marine ecosystem considering different communities
f epipelagic and mesopelagic organisms. APECOSM-E is a single-
pecies version devoted to parameter estimation. In the model,
emperature, oxygen, food and oceanic currents affect the physiol-
gy of tuna (growth, reproduction and mortality), their movements
nd the spatial distribution of the population. Observed spatial

shing effort data are linked to fishing mortality and are used to
imulate monthly catches and size frequencies.

The model is structured in 3D space and fish size and considers
ize dependent reproduction, growth, predation, natural mortality
lling 245 (2012) 55– 64

and fishing mortality. It is based on a single partial differential
equation describing the change of the population density function
p as a function of time:

∂tp = div(d∇p − vp) + ∂z(dz∂zp − vzp) − ∂V (gp) − (m + f )p (1)

in  ̋ × (wmin, wmax) × (0, tmax). The four terms on the right side
of Eq. (1) represent: (1) horizontal advection and diffusion, (2)
vertical advection and diffusion, (3) growth and (4) natural and
fishing mortality. Advection and diffusion are represented by the
horizontal velocity v(x, y, z, V, t) [m s−1], the vertical velocity vz(x,
y, z, V, t) [m s−1], the horizontal diffusion d(x, y, z, V, t) [m2 s−1]
and the vertical diffusion dz(x, y, z, V, t) [m2 s−1]. Here we  assume
that there is no cross-diffusion term in z. Growth is represented
as an advection of the biomass density in the size dimension and
is characterised by the growth rate g(x, y, z, V, t) [m3 s−1], while
natural and fishing mortality rates are described by m(x, y, z, V, t)
[s−1] and f(x, y, z, V, t) [s−1] respectively.

Processes are all time, space and size-dependent and linked to
the environment through mechanistic bioenergetic or behavioural
parameterizations. Physiological rates such as growth, reproduc-
tion and ageing mortality are described consistently with the
Dynamic Energy Budget (DEB) theory (Kooijman, 2000). Both hor-
izontal and vertical movements are driven by habitat gradients,
oceanographic currents and physical diffusion. Horizontal pro-
cesses are modelled using the mechanistic approach developed in
Faugeras and Maury (2007) which enables to consistently relate
advection and diffusion.

The model has 48 parameters (Table 1), 18 of which are related
to fisheries and define length and depth selectivity of the fishing
gears, catchability and increasing efficiency due to technological
development of different fleets, 8 are DEB parameters describing
the kinetic of growth, reproduction and ageing mortality and 22
are ecological parameters describing the interaction between the
environment and the population.

APECOSM-E is integrated numerically on a 1◦ by 1◦ horizon-
tal grid covering the Indian Ocean and 20 vertical layers reaching
500 m depth, with a 10 m interval in the first 150 m. A more detailed
description of the model is presented in a companion paper (Dueri
et al., 2012).

2.2. Fishery data

The model requires three types of fishery time series: fishing
effort, catch and size frequency data. Observed effort data are used
to impose the effect of fishing activities on the population: spa-
tially explicit fishing effort is applied to the simulated biomass to
produce simulated catches and size frequencies. On  the other hand,
observed catch and size frequency data are required for the com-
putation of the cost function that is used for parameter estimation.
These datasets are obtained from the Indian Ocean Tuna Commis-
sion in the standardized form which is available on the CLIOTOP
MDST website (http://vmmdst-proto.mpl.ird.fr/MDST/). Observed
monthly catch and effort data are spatially aggregated over a 1◦

by 1◦ grid, while monthly size frequencies are spatially aggregated
over a 5◦ by 5◦ grid.

The model considers four different fleets: French purse sein-
ers “PS1”, Spanish purse seiners “PS2”, “World” purse seiners “PS3”
(combining the fishing data of Mauritius, Seychelles and NEI-other)
and Maldivian bait boats “BB”. These four fleets represent the main
skipjack fisheries of the Indian Ocean providing a reliable time

series of fishing data from the beginning of industrial fisheries in
1984. Other fleets, such as the gillnet fleet, had to be excluded due
to the uncertain quality of their data.

http://vmmdst-proto.mpl.ird.fr/MDST/
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Table 1
Model parameters.

Parameter Description Type

� Fraction allocated to soma DEB
{ṗAm} Surface-area specific assimilation rate DEB
[Em] Maximum energy density of reserves DEB
[EG] Volume-specific energetic growth cost DEB
[ṗM]  Volume-specific maintenance cost DEB
�R Fraction reproduction energy fixed in eggs DEB
lmat Length at maturity DEB
ḧa Ageing acceleration DEB
av Maximal horizontal speed Ecology
˛  Concentration factor coefficient Ecology
av,z Maximal speed, vertical Ecology
d� Physical diffusivity, vertical Ecology
T0 Metabolic energy production/thermal capacity Ecology
kT Thermic conductance/thermal capacity Ecology
Ta Arrhenius temperature Ecology
Tl Reference temperature Ecology
T1 Lower boundary of tolerance range Ecology
Th Upper boundary of tolerance range Ecology
Tal Arrhenius temperature for lower boundary Ecology
Tah Arrhenius temperature for upper boundary Ecology
kG Half saturation constant for forage Ecology
aO Steepness of oxygen limitation curve Ecology
O0 Half saturation constant for oxygen limitation Ecology
pT Weighting factor temperature Ecology
pF Weighting factor forage Ecology
p0 Weighting factor oxygen Ecology
mp1 Predation mortality coefficient 1 Ecology
mp2 Predation mortality coefficient 2 Ecology
mT1 Temperature mortality coefficient Ecology
amdv Maximal attraction factor for Maldives Ecology
ll,ps1 Length selectivity, PS1 Fishery
ls,ps2 Length selectivity, PS2 Fishery
ls,ps3 Length selectivity, PS3 Fishery
ls,bb Length selectivity, BB Fishery
kl,ps Steepness length selectivity, PS Fishery
kl,bb Steepness length selectivity, BB Fishery
zs,ps1 Depth selectivity, PS Fishery
zs,bb Depth selectivity, BB Fishery
kz,ps Steepness depth selectivity, PS Fishery
kz,bb Steepness depth selectivity, BB Fishery
pps1 Catchability PS1 Fishery
pps2 Catchability PS2 Fishery
pps3 Catchability PS3 Fishery
pbb Catchability BB Fishery
aps1 Increased efficiency, PS1 Fishery
aps2 Increased efficiency, PS2 Fishery

2

o
a
a
o
l
a

a
o
s
t
t
i
m
b
fi
�
c

aps3 Increased efficiency, PS3 Fishery
abb Increased efficiency, BB Fishery

.3. Cost function components

The quantitative comparison of the model results with available
bservations is essential for the assessment of the model strengths
nd weaknesses. In the present study we used time series of catches
nd size frequencies of different fishing fleets for the computation
f a cost function that quantifies the discrepancy between simu-
ated and observed data using the method developed by Faugeras
nd Maury (2005).

In order to calculate the cost function, we first have to gener-
te model outputs that are formally consistent with the available
bservations, i.e. monthly 1 degree square catches and 5 degree
quare size frequencies per fleet k. For this purpose, in each cell i of
he grid where the observed fishing effort is positive, we calculate
he daily catch by multiplying the size- and depth dependent fish-
ng mortality f by the corresponding total biomass density p. Total

onthly catches per 1 degree square and per fleet, Ck, are computed

y integrating daily catches over the vertical domain �z, over all
shed size classes �V  and over the number of days in a month
t(m). The resulting value comes with the unit of weight and is

alculated per grid cell i and per month m.
lling 245 (2012) 55– 64 57

Ck(i, m) =
nz∑

z=1

nV∑

V=1

nt(m)∑

t=1

fk(i, z, V, t(m))

p(i, z, V, t(m))�x�y�z�V�t(m) (2)

where the nz corresponds to the number of layer of the water col-
umn, nV to the number of size classes and nt(m)  to the number of
days per month.

Fishing mortality exerted by given fleet k is calculated as the
product of the observed fishing effort ek by the catchability pk at
t0 multiplied by an exponential function representing the increase
of fishing efficiency at a rate ak due to technological development
in time, a size selectivity function and a depth selectivity func-
tion. Technological development is assumed to be continuous and
includes the raise of the size and performance of the fishing ves-
sels, the enhancement of the fishing gears, the progressive use of
new electronic devices such as bird radar and other remote sens-
ing tools and the deployment of more and more sophisticated fish
aggregating devices (FADs) (Valdemarsen, 2001). The length and
depth selectivity of the different gears are represented using two
sigmoid functions where lS and zS are the length and depth leading
to 50% selection while kl and kz define the steepness of the sigmoid
curves.

fk(i, z, V, t) = ek(i, t)pk exp(akt)

× 1
1 + exp(−kl(V1/3/ıM − ls))

1
1 + exp(kz(z − zs))

(3)

Similarly, for each cell of the grid with positive fishing effort,
size frequencies per fleet are calculated per grid cell, month and
size.

Qk(i, m, V)

=
∑nz

z=1

∑nt
t=1fk(i, z, V, t)p(i, z, V, t)�x�y�z�V�t

∑nz
z=1

∑nV
V=1

∑nt
t=1fk(i, z, V, t)p(i, z, V, t)�x�y�z�V�t

(4)

Since the observed size frequencies are given on a 5◦ by 5◦ grid
while the model runs with a 1◦ by 1◦ grid, we need to further inte-
grate Qk in order to obtain the same level of horizontal resolution
as the data.

We  now define the vector of the model parameters K and the
components of the cost function related to catch JC(K), size frequen-
cies JQ(K) and parameters JP(K). For estimating the parameters the
total cost is obtained by summing the three components, while
for sensitivity analysis the cost function is determined by the sum
of the first two  components (excluding the priors on the parame-
ter values). The components of the cost function are expressed as
the negative log-likelihoods, which measure the distance between
observed and simulated responses. Likelihoods are then summed
over all fleets, months and horizontal grid squares. Assuming that
the observation error for catch data follows a log-normal distribu-
tion, we  calculate the total cost of catches as:

JC (K) =
∑

k

1

2�2
C,k

∑

i

∑

m

(log(Ck(i, m))  − log(Cobs
k (i, m)))

2
(5)

where �C,k is the fleet dependent standard deviation for catches.
Length frequencies are assumed to exhibit a normally dis-

tributed observation error. Their contribution to the cost function
is therefore expressed as:

∑ 1 ∑∑∑
obs 2
JQ (K) =
k

2�2
Q,k i l m

(Qk(i, m, l) − Qk (i, m,  l)) (6)

where �Q,k is the fleet dependant standard deviation for size fre-
quency.
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The Bayesian component of the cost function accounts for the
ifferences between the initial values of the parameters and the
ew value. This allows us to estimate the parameters in a Bayesian
ontext by computing the mode of the posterior density function
f the parameters knowing the data. Assuming that the a priori
istribution of parameters is normally distributed, the contribution
f the n values of the parameter vector K to the cost function is

p(K) =
∑

n

1

2�2
n

(Kn − K0
n )

2
(7)

here K0 is the initial guess of the parameter. Since parameters
ave different units and magnitude we need to adimensionalize
he vector by dividing each parameter by the corresponding initial
uess.

.4. Parameter identifiability

Before attempting to solve an inverse problem that involves con-
training parameters to fit observations, it is important to ensure
hat the problem is well posed and that the parameters can be esti-

ated accurately and independently from the available dataset.
or this purpose, we use an approach based on the computation of
he Hessian matrix that allows assessing the identifiability of the
arameters given the conceptual representation of the phenomena
rovided by the model (Thacker, 1989). This method has been suc-
essfully implemented by Fenner et al. (2001) and Faugeras et al.
2003) to evaluate parameter identifiability of marine ecosystem

odels representing biogeochemical and plankton dynamics.
The elements that compose the Hessian matrix are the second

erivatives of the cost function with respect to the parameters. The
ost function used for identifiability comes without penalty term
nd is called JS to distinguish it from the general cost function J with
enalty used for optimization (see next section). JS is composed of
wo terms, the negative log-likelihood of catches and the negative
og-likelihood of size frequencies.

S(K) = JC (K) + JQ (K) (8)

Near the global minimum, the matrix provides key indicators of
he convergence and uncertainty related to optimization (Thacker,
989). The condition number of the Hessian defined as the ratio
f its largest to smallest eigenvalue, determines the rate of con-
ergence of the minimization algorithm. For large values of the
ondition number the matrix is ill conditioned and nearly singu-
ar. The off-diagonal elements of the Hessian matrix correspond
o the degree of correlation of pairs of parameters. Eigenvectors
nd eigenvalues provide important information on the uncertain-
ies related to parameter estimation. Small eigenvalues indicate
arge uncertainties in the identification of parameters that make

 significant contribution in the related eigenvector. Furthermore,
he inverse of the Hessian matrix provides an approximation of the
ovariance matrix of the model parameters.

Here, we want to estimate the model parameters related to fish-
ng activities by using the likelihood of catch and size frequency
ata. To ensure that the desired parameters can be identified inde-
endently and are sufficiently constrained by the data we  compute
he Hessian matrix of the cost function without penalty term at the
lobal minimum. The minimum is obtained by running the model
ith a known set of parameters K0 using simulated catch and size

requencies time series instead of observations in the calculation
f the cost function. Running the simulation with the same param-

ter set we obtain a perfect match with the synthetic observations,
nd the cost function is equal to zero. The Hessian of the cost func-
ion can then be calculated by means of a central finite difference
cheme approximation that uses the exact gradients to calculate
lling 245 (2012) 55– 64

the second derivatives:

∂2JS

∂Ki∂Kj
≈ gi(K + ıKjε) − gi(K − ıKjε)

4ε
+ gj(K + ıKiε) − gi(K − ıKiε)

4ε
(9)

where ε is the step size, ıK is the direction of perturbation and g
is the exact gradient of the cost function provided by automatic
differentiation

gn(K) = ∂JS

∂Kn
(10)

2.5. Parameter estimation

Parameter estimation in the APECOSM-E model is based on the
simultaneous minimization of the three terms of the cost function:
the negative log-likelihood of catches, the negative log-likelihood
of length frequencies and the log of the prior density function of
the parameters.

J(K) = JC (K) + JQ (K) + JP(K) (11)

The minimization of the cost function is implemented using the
n1qn3 Fortran subroutine of Gilbert and Lemaréchal (1989).  This
gradient-based minimization algorithm requires the calculation of
the exact gradient of the cost function with respect to the parameter
being estimated. For this purpose, we  derive the tangent linear code
by means of an automatic differentiation engine, called TAPENADE
(Hascoët and Pascual, 2004), which is developed by the French
National Institute for Research in Computer Science and Control
(INRIA) and freely available on-line (http://tapenade.inria.fr).

Before using the tangent linear code generated by TAPENADE, it
is necessary to test it by comparing the exact gradient given by the
automatically differentiated code to its finite difference approxi-
mation. For this purpose, we  use the Taylor test implemented by
Faugeras and Maury (2005) and compute the ratio of the finite
difference approximation of the gradient to the exact derivative.
This test ensures that the differentiated code provides the correct
derivative if for a decreasing parameter perturbation, the finite dif-
ference formulation tends to the value of the exact gradient (and
their ratio tends towards 1). A previous evaluation of the model has
shown that the lower limit of perturbation for which this is true is
10−6, which corresponds to the precision level expected from the
finite difference computation given the truncation error (Faugeras
and Maury, 2005).

The parameter estimation is performed over a temporal win-
dow of 10 years, from 1984 to 1993. This window corresponds
to a period of time for which a complete dataset of fleet-specific
monthly catches is available for all fleets. After 1993 catches of the
Maldivian bait boat are reported on a yearly basis and are therefore
less suitable for parameter estimation. This furthermore allows to
keep a large set of data (1994–2001) unused for parameter estima-
tion, to assess the model predictions.

2.6. Sensitivity analysis

The sensitivity analysis measures the reaction of the model to
small changes in the input parameters. By identifying the parame-
ters that have a large effect on the output, it highlights the processes
that drive the system dynamics and the parameters that should be
defined accurately in order to increase the reliability of the model
and its ability to forecast the evolution of the system under chang-
ing conditions.
Among the different methods, the one based on the automatic
differentiation of the code belongs to the methods that are con-
sidered appropriate for sensitivity analysis of complex non-linear
models with a large number of parameters (Cariboni et al., 2007;

http://tapenade.inria.fr/
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rey and Patil, 2002). Automatic differentiation enables to com-
ute the first order partial derivatives of the output variables with
espect to the input parameters. The value of the first derivative
ndicates the local sensitivity of the model outcome with respect
o small changes in the parameter.

Here, we examine the sensitivity of the cost function without
enalty term JS with respect to small parameter perturbations. The
elative sensitivity is defined as the derivative of the cost function
ith respect to parameters, multiplied by the value of the param-

ter and divided by the value of the cost function at the evaluation
oint K1.

∂JS(K)
∂K

K1

JS(K1)
(12)

We  carry out the sensitivity analysis only for the parameters that
re not considered for parameter estimation. In order to test the
ariability of the sensitivity over time, we split the simulated time-
rame (1984–2001) in 3 periods of 6 years (1984–1989, 1990–1995
nd 1996–2001) and calculate the relative sensitivity for each sub-
et. This allows investigating the stability and robustness of the
nalysis over different periods and calculating the mean and stan-
ard deviation of the sensitivity.

Local sensitivities can be either positive or negative, depending
n the sign of the derivative of Eq. (12). The absolute value of the
ocal sensitivity informs us about the magnitude of the sensitivity.
he relative sensitivity S is then obtained by dividing the absolute
alue of the local sensitivity by the sum of all sensitivities. Finally,
e use this relative sensitivity to calculate the mean value of the

ensitivity S̄ and the standard deviation �S.

. Results and discussion

.1. Evaluation of parameter identifiability

In order to test the parameter identifiability, we  compute the
essian matrix of the cost function with respect to the parameters,
t the global minimum and we calculate the condition number,
he eigenvalues and eigenvectors of the Hessian. Since the opti-

ization is based on fishing data, we assess the identifiability of
9 parameters, 18 parameters directly related to fishing activities
lus one ecological parameter describing the attraction of the Mal-
ivian Islands, which is important for the Maldivian fisheries (Dueri
t al., 2012). This configuration leads to a condition number of the
essian matrix equal to 4.2 × 106 indicating a poorly constrained

nverse problem formulation. By far the two smallest eigenvalues
re �1 = 0.0248 and �2 = 0.19. Looking at the corresponding eigen-
ectors we notice that eigenvector v1 has significant contribution
rom kz,ps while eigenvector v2 has significant contribution from

z,bb (Fig. 1). These parameters represent the steepness of the depth
electivity for purse seiners and bait boat, respectively, and the
nalysis suggests that they are poorly constrained by the available
ata and must be excluded from the optimization. The exclusion of

Fig. 1. Values of the elements that compose eigenvectors v1 and v2, 
lling 245 (2012) 55– 64 59

these two parameters leads to a major improvement of the condi-
tion number which decreases to 2.8 × 104. Further exclusion of two
more parameters contributing to the second eigenvector, namely
the depth selectivity of bait boats zs,bb and the catchability of bait
boats pbb produces only a minimal improvement of the condition-
ing number (1.91 × 104), thus indicating that these two parameters
can be kept in the optimization. This outcome indicates that 17
of the 19 parameters that we initially wanted to include in the
parameter estimation can be reliably estimated with the available
data.

3.2. Parameter optimization

The parameters estimated with the minimization algorithm
include the fleet specific catchability pk, the fleet specific increase
in fishing efficiency ak, the gear specific fishing length selectivity
coefficients lS and kS, the gear specific depth selectivity coefficient
zs, and the parameter representing the attraction of the Maldivian
Islands amdv. The parameters were estimated using the likelihoods
of catch and size frequency data over a period of 10 years, from 1984
to 1993. The minimization algorithm converged after 122 itera-
tions (Fig. 2). The parameters showing the largest relative changes
in comparison to their initial values were the ones representing
the catchability increase due to technological development of the
three purse seine fleets (variations between 43% and 76%) and the
parameter describing the steepness of the length selectivity of bait
boat (43%). The parameters showing the smallest variation were
the ones related to the length selectivity of purse seiners (<3%),
indicating that these parameters were already well tuned before
optimization. Initial and final values of estimated parameters are
given in Table 2. The depth of selectivity was  considerably increased
by the optimization process for purse seiners from 100 m to 124 m,
while the selectivity of bait boats was only slightly increased from
20 to 22 m.  Comparison between the optimized fleet specific catch-
ability increase due to technological development shows similar
values for the 3 purse seine fleets with a slightly higher value for
Spanish purse seiners and slightly lower values for bait boats.

3.3. Sensitivity analysis

The sensitivity analysis pointed out seven parameters having a
major impact on the cost function (Fig. 3) among which we find
four energetic parameters ({ṗAm}, [ṗM], [Em] and �) used in the DEB
formulation and three ecological parameters (Th, mp1 and mp2). Five
of them ({ṗAm}, [ṗM], �, Th and mp2) show a considerable variability
of the local sensibility represented by the standard deviation. This
indicates that the sensitivity of these parameters varies over the
three periods considered for the analysis.
The results emphasize the important sensitivity of Th which
represents the upper boundary of the temperature tolerance
in the functional response to temperature (Dueri et al., 2012;
Kooijman, 2000). This function determines the changes in

corresponding to the two smallest eigenvalues of the Hessian.
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Fig. 2. Variation of the parameters as a function of the iteration number during the minimization process. Values are normalized relatively to the optimized values.

Table  2
Optimized parameters.

Parameter name Initial value Final value Unit Description

ll,ps1 0.500 0.490 m Length selectivity, PS France
ls,ps2 0.500 0.486 m Length selectivity, PS Spain
ls,ps3 0.500 0.490 m Length selectivity, PS Word
ls,bb 0.450 0.482 m Length selectivity, BB
kl,ps 45 45.7 Steepness length selectivity, PS
kl,bb 45 31.4 Steepness length selectivity, BB
zs,ps1 100 124.8 m Depth selectivity, PS
zs,bb 20 22.1 m Depth selectivity, BB
pps1 0.015 0.016 Fishing power PS1
pps2 0.015 0.016 Fishing power PS2
pps3 0.025 0.030 Fishing power PS3
pbb 0.005 0.004 Fishing power BB
aps1 0.200 0.113 Increased efficiency, PS1
aps2 0.200 0.139 Increased efficiency, PS2
aps3 0.200 0.115 Increased efficiency, PS3
abb 0.100 0.086 Increased efficiency, BB
amdv 0.400 0.299 Maximal attraction factor for Maldives

Fig. 3. Mean and standard deviation local sensitivity coefficients.
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hysiological rate of an organism induced by temperature varia-
ions and defines habitat preferences in relation to temperature.
n the model this parameter was set according to reported habitat
references of tropical tuna in the Indian Ocean, which are con-
trained between 20 and 32 ◦C (Stéquert and Marsac, 1989). It is not
urprising that the parameter has such a major effect on the out-
ome since it influences temperature-related migrations as well as

rowth and reproduction.

The sensitivity analysis further highlights the impact of pre-
ation mortality parameters mp1 and mp2. These parameters

ig. 4. Comparison between simulated (red) and observed (black) monthly aggregated c
atches  on free schools (bottom). Optimisation is performed on total catches from 1984 

he  references to color in this figure legend, the reader is referred to the web  version of th
lling 245 (2012) 55– 64 61

determine the survival of the small size fishes (larvae and juve-
niles) and are therefore very important for population dynamics.
At the same time this process is characterised by a high level of
uncertainty given the difficulties in collecting observations. In
the present model the parameters were tuned. The replacement
of the empirical power law function used to represent predation
mortality by variable predation mortalities outputted from the

APECOSM model (Maury, 2010) could help to constrain these
parameters and would greatly benefit the reliability of the model
outcome.

atches of skipjack tuna for the different fleets: Results for total catches (top) and
to 1993 and the model is running freely from 1994 to 2001. (For interpretation of
e article.)
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The results underline the sensitivity of four DEB parameters
escribing bio-energetic fluxes in the equations for growth, repro-
uction and ageing mortality of tuna. These parameters are the
urface-area specific assimilation rate {ṗAm}, the volume-specific
aintenance cost [ṗM] the maximum energy density of reserves

Em], and the fixed fraction of the energy spent on growth (of struc-
ure) and somatic maintenance к. The parameterisation of {ṗAm}
nd [ṗM] and � were derived from Kooijman (2010) while [Em]
as estimated from available growth curves (Dueri et al., 2012).
s these parameters have an important effect on the model out-
ome it is desirable to improve the reliability of their estimation.

 possible way to achieve a better confidence in the estimation is
he assimilation of the data from the Regional Tuna Tagging Project
f the Indian Ocean (RTTP-IO). During this program 78 326 skip-
ack were tagged and released from May  2005 to August 2007 in
he western Indian ocean and so far more than 12 000 fish (>16%)
ave been recovered and recorded. Thus, this remarkable dataset

s a unique source of information concerning the physiology and
ovements of tunas that could contribute to improve the confi-

ence in the sensitive DEB parameters of the model by integrating
hem in the parameter estimation.

.4. Comparison between simulated and observed temporal
ynamics of catches and size frequencies (1984–2001)
In order to evaluate the model’s ability to represent the temporal
ynamics of catches and size frequencies beyond the timeframe of
ptimization, we compare the simulated and the observed monthly
atches over the entire period of simulation 1984–2001.
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Fig. 6. Comparison between observed and simulated length
Fig. 5. Spearman’s correlation coefficient for observed and computed catches (only
years with significant correlations are represented).

The comparison of catches shows that while the simulation
successfully represents some of the peaks, it clearly fails to cap-
ture most of the autumn peaks observed in the time series of
the French and Spanish purse seiners. These missing peaks are
related to a specific fishing technique that exploits fish aggre-
gating devices (FAD). Tuna and especially skipjack are known
to associate with natural and artificial floating objects. Differ-
ent hypotheses have been proposed to explain this associative
behaviour (Fréon and Dagorn, 2000) and concern has been raised

regarding the possible “ecological trap” effect that could be caused
by the increased number of FADs deployed that could eventually
attract and trap tunas in areas of the ocean with low productivity
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ig. 7. Observed (blue) and computed (red) temporal evolution of size frequency fo
r  second mode (dots) for Maldivian baitboats. (For interpretation of the references

Marsac et al., 2000; Hallier and Gaertner, 2008). In the Indian
cean the deployment of FADs by purse seiners have consider-
bly increased since the early 1980s and nowadays 80% of catches
ccurs in association with FADs (Indian Ocean Tuna Commission,
008).

The performance of the model improves if we compare catches
f free schools (not associated to FADs). This suggests that the
odel satisfactorily represents the spatio-temporal dynamics of

una when it is not affected by the presence of FADs (i.e. free
chools) and dominantly driven by the modelled habitat conditions,
hile other factors not included in the model may  intervene in the

ssociation of tunas under FADs (Fig. 4). Further developments of
he model that aim at distinguishing explicitly FAD fishing from free
chool fishing in both the model formulation and the parameter
stimation are therefore to be recommended.

In order to quantify the goodness of fit, we calculate the non-
arametric Spearman’s rank correlation coefficient of simulated
nd observed catches (Fig. 5). The Spearman’s r coefficient deter-
ines how tightly two variables are linked to each other. Here

t is used to evaluate the temporal variability of the correlation
nd to quantify how well the model fits overall catches versus
atches on free schools. Results from this analysis show that
espite some temporal variability, the correlation is consistently
igher for free school catches, with two exceptions in 1987 and
995. Spearman’s r for free schools is significant for 17 of 18
ears, while for overall catches, the test is significant for 14 of 18

ears.

Observed and computed length frequencies have also been
ompared for the four fleets (Fig. 6). The model succeeded in repre-
enting the length frequency distribution observed in purse seine
four fleets: mean (solid line) and standard deviation (dotted line) for purse seiners
lor in this figure legend, the reader is referred to the web version of the article.)

catches, but it underestimates the presence of large individuals in
the catches of the Maldivian bait boats. Observed bait boat length
frequency around the Maldivian Islands are well known to exhibit
a marked bi-modal distribution with an under-representation of
the skipjack having a size between 50 and 60 cm. This pattern was
not captured by the model. Adam and Anderson (1996) hypoth-
esize that the missing size-class might migrate offshore, away
from the Maldives, for some unknown reasons. Possible causes of
this migration could be related to prey abundance issues. Since
in the present model formulation the size distribution of preys is
imposed by a power law, we  are possibly missing a process, which
could potentially help to explain the observed phenomena. Further
improvement of the model are planned in order to implement a
more realistic representation of the preys dynamics.

The temporal dynamics of size frequencies was  also compared
to the simulation (Fig. 7 ). For purse seiners, there is a generally
good overlap between simulation and observation although the
real data show a slight interannual variability that is not captured
by the model. The simulation reveals a steady decreasing trend
in the mean size frequencies, but this trend is less evident in the
observations given the aforementioned interannual variability. For
Maldivian baitboats, despite the lack of the bimodal distribution of
the size frequency, the representation of the temporal dynamics of
the mean value is satisfactory.
4. Conclusion

Optimization and sensitivity analysis were carried out on the
APECOSM-E model in order to constrain the identifiable model
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arameters using the available data and evaluate the sensitivity of
he non-estimated parameters. Despite the generally satisfactory
utcome of the model, some limitations and needs for improve-
ent have been pointed out from the comparison of the optimized
odel with the observed data. To begin with, the present model

ormulation does not account for the aggregating effect of fish
ggregation devices (FAD) and this limits the ability of the model
o represent properly FAD catches which constitute an important
omponent of the total catches. As a result, the model cannot
ully account for the effect of this fishing technique on the spatial
opulation dynamics. A proper comprehension of the attraction
henomenon is presently missing, even though a growing scien-
ific effort is directed to improve its understanding (Taquet et al.,
007; Gaertner et al., 2008; Soria et al., 2009; Dagorn et al., 2010).

Sensitivity analysis has pointed out that several DEB parameters
elated to the bioenergetics of skipjack tuna should be improved in
rder to increase the reliability of the model results. In the present
odel, the DEB parameters are based on extrapolation from exist-

ng information on skipjack tuna physiology, but a better estimation
f the relevant parameters based on more specific experimental
esting and inclusion of other datasets (e.g. tag-recapture data), is
ighly recommended in order to enhance the confidence in the
odel results.
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