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Summary

Data collected through 20 observer fishing trips were used to quantify
the number of silky sharks taken as bycatch by the French tuna
purse seine fishery of the Western Indian Ocean. 1,385 immature
silky sharks of which 85% was discarded at sea and 15% retained
aboard, were observed as bycatch during 685 fishing sets observed
from October 2005 to April 2008. Zero-inflated regression models
fitted with Bayesian methods were used to explain silky shark
bycatch as a function of fishing mode (free vs. fishing aggregating
device-associated (FAD) schools), area, and season. Model results
showed that silky sharks occurred in 24% of the fishing sets with an
expected number of sharks per set estimated to be 2.02 + 0.05. The
3 covariates were found to significantly explain both the presence
and number of silky sharks caught by the French purse seiners. FAD
was shown to have a strong positive effect on the number of silky
sharks caught, an expected value of 4.3 sharks being taken in FAD-
associated schools versus 0.3 shark in free schools. There were
significant differences in silky shark bycatch between seasons and
areas with higher bycatch than average in July-September and in the
South-East Seychelles area while fewer sharks were expected to be
caught in the North Somali area. Results are discussed within the
context of the ecosystem approach to fisheries for the analysis of
ecosystem effects of fishing.
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1. Introduction

In the recent years, the European tuna purse fisitery catches annually about
250,000 t of major commercial tunas, i.e. more tii&Po of the annual total
catch of tuna and tuna-like species caught by pseseers in the Indian Ocean.
Species primarily targeted by the European tunaesseine fishery of the
Indian Ocean include yellowfin tunehunnus albacare@Bonnaterre 1788) and
skipjack tunaKatsuwonus pelamid.innaeus 1758); albacoféhunnus alalunga
(Linnaeus 1758and bigeye tunashunnus obesut.owe 1839) being caught as
secondary target species, mostly as juveniles uigleng aggregating devices
(FADs). More than fifty non-targeted marine speciesluding billfishes,
selaceans, turtles, cetaceans, and several fisfisae be taken as incidental
bycatch in the tuna purse-seine fisheries of tlthaim Ocean (Amandé 2007,
Gonzalezet al 2007; Romanov 2002). Bycatches are either dischat sea
because they have no commercial value, retainedrdbiishing vessels for
consumption by the fishing crew, or sold on logsth fmarkets because they can
not be processed by tuna canneries.

Incidental bycatch and associated discarding ignoftlifficult to quantify
because it is generally not or poorly recordedogbboks by fishing masters.
The issues raised by bycatch and discarding arevemwof increasing concern
because such practices are responsible for econasse juvenile mortality,
ecological effects on key species which are relewarthe overall ecosystem
structure and functioning, and added threat to egel@d or high ethical value
species (Pascoe 1997; Garcia and Cochrane 2005ddition, catches of
juvenile tunas that are discarded or sold on Idisld markets are generally
absent of official statistics whereas they showdrzluded in stock assessment
models in use for providing scientific advice tcshieries managers and
stakeholders (Clucas 1997). There has been a gyomterest about bycatch
and discards in the world fisheries in the lastades (Alversoret al 1994;
Harringtonet al 2005; Rosenberg 2005; Kelleher 2005) and the itapoe of
monitoring and reducing bycatch and discards has kenphasized as a key for
an ecosystem-based fishery management (Garcia actar&he 2005; Pikitcht

al. 2004).

While several studies have been conducted in th@fieeaDcean based on
observer data (Edwards and Perkins 1996; Lawsoii; 12&rkins and Edwards
1998; Olsonet al 2006) bycatch remain poorly studied in the trapigurse-

seine fisheries of the Atlantic and Indian Oceafaetneret al 2002;

Romanov 2002). In the Western Indian Ocean (WIKkB,danly studies published
in scientific journals concern the Soviet/Russidmdtian-flag purse seiners
based on about 500 fishing sets observed duringti€l980s and early 1990s
(Romanov 2008). Recently, analyses based on obisealmard French and



Spanish fishing vessels and scientific surveys hdascribed the composition
and spatial distribution of bycatch in the westana eastern parts of the Indian
Ocean (Delgado de Molinat al. 2005; Rajruchithonget al. 2005, Viera and
Pianet 2006, Gonzalezt al 2007). Despite these analyses, few information is
currently available about quantitative estimatedyfatch and discards of the
European purse-seine fishery (Amardal 2008).

In the present analysis, we focused on silky sH@akcharhinus falciformis
(Muller and Henle 1839), the most frequent specfeshark taken as bycatch in
the tuna purse-seine fisheries of the Indian O¢@damande 2007; Delgado de
Molina & al. 2005; Gonzaleet al 2007). The objective was to estimate the
amount of silky sharks per set taken as bycatdhmenFrench tuna purse-seine
fishery of the WIO. Silky shark’s catch generallgshmany zero-valued
observations and also includes high values (FigPé&dkins and Edwards (1996)
examined such types of data in the purse-seinerisbf the eastern tropical
Pacific Ocean using a delta method that may alsappécable to the estimation
of non-target species. Statistical models baseal lange dataset of observer data
were used to predict the amount of silky shark bagpgr fishing set. A zero-
inflated Poisson regression model fitted with Bagesmethods was used to
quantify the expected number of silky sharks talgrihe French tropical tuna
purse-seiners.

2. Materials and methods
Data

Data were collected within the framework of the &ean program of data
acquisition ‘Data Collection Regulation’ (DCR). émMmation about sets was
collected by observers placed aboard French tunsegaeiners during fishing
trips from October 2005 to April 2008. A total 3% fishing sets were observed
from 20 observer trips made during this period regponding to 613 fishing

days. The coverage rate has evolved from aboutfa@ial fishing days in 2005

to reach 8% in 2007. The data consist in visuahedés of the commercial

catch because weighting total catch is not feasdtleard purse-seiners for
logistical reasons. For each fishing set, the ofeserecords the quantity in
weight or number and average estimate of the blgaatd discards in weight or
length for each species. Information about theiriiglsets and environmental
conditions is also recorded, i.e. fishing time, seaface temperature, fishing
mode, geographic position, etc.

The number of silky sharks caught per set durirg fiehing trips was not
always available because observers sometimes eotyded a total and/or an
average weight of sharks caught. In such cases wate converted into



numbers using the published Length-Weight relatgnaVv = 2.16 * L 32
(Froese and Pauly 2008).

Factor s affecting bycatch

Several factors have been shown to influence lesetiscarding and bycatch,
including the fishing methods and technical chaastics of the fishing vessel
(gear selectivity, size, fishing mode, holding aapa etc.), the spatio-temporal
variability of the resource, the environmental datinds that can affect both
resource availability and catchability, and the kearincentives (Rochet and
Trenkel 2005). In the present analysis, we focumedhe effect of the fishing

mode that has been shown to be of major importdocduna purse seine
fisheries (Gaertneet al 2002). Tuna purse-seine sets are generally adtedo

into 3 types of fishing mode but only 2 were coesadl in the present analysis:
tuna concentrations associated with FADs and fobeds (FSC). Here, FAD

includes any type of floating object, i.e. natudalgs, palm branches,
anthropogenic flotsam, and specially constructed$A&quipped or not with

relocation equipment such as satellite transmitters

To increase sample size, all years available weaded in the present analyis,
l.e. no year effect was considered. The spatiahlbdity in silky shark bycatch

was investigated by considering large spatial adfathe WIO (Fig. 2). The

fishing area of the Indian Ocean has been strdtiido ten strata said “ET
areas” based on differences in catch compositisané®et al 1998). These

areas were considered here as factors to repraisentifferent habitats for silky
shark. Seasonal variations can be very high intden Ocean and related to
monsoon and El Nino-Southern Oscillation (ENSO)mnes€Krishnamurthy and

Kirtman 2003). To account for seasonal changesilky shark bycatch, the

guarter corresponding to the period of fishing weduded as a covariate into
the model. The sampling design was quite unbalarcet there were some
confounding effects between area and season dte tepatial reallocation of
the fishing fleets throughout the year in the Wialgle I)

Statistical modd

A mixture distribution with added zeros was usedntmdel the number of silky
sharks caught per set. Mixture models have beeth msdifferent contexts by
several authors and are appropriate for modellkeyved data. By contrast,
regression models with commonly used discreteildigions such as Poisson or
Negative Binomial may not fit such data well, itbey do not relate well
covariates to the large percentage of zeros andetiveoccurrences of high



values (Perkins and Edwards 1996; Wang and Alb&;2Prtin et al 2005;
Lord et al 2005; Ghoslet al.2006). Thus, the zero-inflated distribution is more
appropriate for modelling real-life data that dasploverdispersion and excess
zeros in the case of the silky shark bycatch (Minatral 2007). In the present
analysis, a zero-inflated Poisson (ZIP) regressiodel that is a modification of
the Poisson model with added zeros was used. Todehallows for "excess
zeros" in count models under the assumption that glky shark bycatch is
characterized by 2 regimes due to 2 distinct psessone where data always
have zero counts, and one where data have zeroostive counts. The
likelihood of being in either state is estimateithgsa Bernoulli trial while the
number of sharks in the second state are estingiag a Poisson distribution.

Let y; be the observed catch of silky shark in théishing set. The observation
is choosen from the first process (the perfeceytaith probability 1-p and
from the second process (the imperfect state) witbability p. The perfect
state generates only zero values and the impestats is able to produce any
possible value of the Poisson distribution (Minathal 2007).

= (1)

XI

[0 with probability 1-p
Yi =

g(yix,A)=a"e with probability 0

where/ is the mean parameter of the Poisson distribution.

The distributional assumption of the silky sharlkcéigh yields a probability
model with two parameter#: = {p, 1}. Thus, the probability function for the
ZIP regression model is expressed as:

1-p, +9(0/x,u;,0) for y =0

X (2)
P ayIX .k ,0) for y, € N

flylz. x.B.y.a,p) =

where gy | %, @) is the Poisson density function given by equatibn The
probability of being in the imperfect sta®)(@nd the mean in this stage) (were
modelled via logistic and log-linear regressiorspextively:

K
logit(p) = y, + kakak (3)
=1

log(u) = B, + kglﬁkxik (4)



where the Rcovariate values for th& bbservation arexzand x. No interaction
effect was considered in the present analysis.mastid coefficients of the
model ¢ and f) were derived from Bayesian methods consideringg no
informative prior distribution. The model was fidteusing the R statistical
modelling freeware with the BRugs and coda packd&BeBevelopment Core
Team 2008).

Posterior distributions of the parameters were inbththrough Markov chain
Monte Carlo methods that are implemented in BRugsthe form of a
Metropolis-Hastings within Gibbs algorithm. We ust@& Gelman and Rubin
approach for monitoring convergence of MCMC by lghing 3 parallel chains
with starting overdispersed values.

Predicting silky shark bycatch

Posterior distributions for the significant coeiiéiots were used to calculate the
mean and 95% confidence interval (Cl) of the prdiigkp) and the average
number of silky sharksuj. For visualisation purpose, the expected numlber o
silky sharks predicted by the ZIP regression madgs$ predicted considering
each covariate individually, i.e. averaging thesef$ of other covariates.

3. Reaults

For the 685 fishing sets observed aboard Frenchepseiners from October
2005 to April 2008, the percentage of null sets wbsut 40% and 10% for
FSCs and FADs, respectively. A total of 1,385 sikarks corresponding to a
total weight of about 30 t were recorded as bycdtalough the observer
programme. The silky sharks appeared in 24% ofdta sets, 15% and 28% on
FSCs and FADs, respectively. 1,183 silky sharkggbaiby the purse-seiners
during this period were discarded at sea (790 dwatl 393 alive) and 202
conserved aboard for later use (for sale or setfsemption). The length
frequency of the silky sharks fluctuates betweer250 cm, dominated by the
100 cm individuals corresponding to immature indibals (Oshitaniet al.
2003). The figure 3 shows no difference in bycatcigth of male comparing to
female.

The expected number of silky shark per set estithaiéh the ZIP model was
2.02 + 0.05 (Table 2). The probability of an obs¢ion to be in the imperfect
state, i.e. the state in which sharks can occumbutcertain, was 0.24 + 0.01
(Table 2). A significant effect of the 3 covariatasthe probabilityp of being in
the imperfect state was shown with the ZIP regoessnodel (Table 2). The
fishing mode was shown to affggtwith a strong positive effect of FAD on the
value ofp (coefficient = 1.56). The probabilify was also shown to vary with



season throughout the year, with the highest pibtyabf catching silky sharks
during the months of July-September (coefficient069). There was a
significant difference between spatial areas of\Western Indian Ocean, with
lower values op in North Somali and higher valuesin South Somali (Table
2).

In the imperfect state, the average value estimatitdl the ZIP regression
model was 7.42 = 0.37 sharks. Under the assumpfi@anPoisson distribution,
such a high value gft equal to 7.42 implies that the probability of atvasy
zero shark in the imperfect state is quasi n@l,the probability of being in state
1 and that of the zero values are quasi identi@&l6). The 3 covariates were
found to significantly explain the mean number itkysshark in the imperfect
state (Table 2). There was a positive significdfeoe of FAD on the number of
silky sharks caught (coefficient = 1.15). There evesignificant differences
between seasons with more silky sharks caught gluha first quarter of the
year. The number of sharks caught as bycatch vwasfisantly higher than
average in the Mozambique Channel (coefficient 840.and South Somali
(coefficient = 0.28).

Model predictions

The ZIP model predicts a few number of silky shaoks set caught on free
school sets (0.29) associated with a small varigbiVthereas the number of
sharks caught is about 15 times more importantAD-&ssociated sets (Fig. 4).
Predictive values indicate a seasonal profile vgilky shark bycatch higher

during the third quarter compared to the rest efytear (Fig. 5). The variability

appears however high during this time period amidbuld be due to the rather
low sample size during the July-September periodewthe purse seiners are
mainly located in the North West of the Seyche#lad South Somali areas. The
catch of silky sharks appears higher than averagéhe South East of the

Seychelles (3.5 individuals per set) compared ¢odtiher areas and lower in the
North Somali (Fig. 6).

4. Discussion

Observer data recently acquired through the DCPREaan program provide a
unique opportunity to assess the amount of sharlsoéher associated species
taken as bycatch in the purse-seine fisherieseofrttiian Ocean, silky shark be-
ing the main shark species taken by the Europeasepaeiners in the Indian
Ocean (Amandet al 2008). Our findings show that silky sharks, maisthem
being immature, were caught in 24% of the fishiatssin about 40% of FAD-
associated school sets and in less than 15% fersfrkool sets. In the WIO, the
French tuna purse seine fishery generates few shiayk bycatch that are al-



most exclusively caught under FADs. Consideringwiele French tuna purse
seine fishery, about 2 silky sharks were estim&bede caught per fishing set
with major differences between areas and seasons.

Explaining silky shark bycatch

The regression models used to explain both theepoesand number of silky
sharks caught included fishing mode, area, andoseahe estimates of
probability of presence and mean number of sillgrlsthave shown significant
spatio-temporal patterns in silky shark bycatchddition to the strong effect of
the fishing mode. Although only 24% of all fishisgts contained silky sharks,
the results showed that the FADs substantiallyeiased the probability of silky
shark presence (> 40%) while the free schools dserk them (15%). This
could be mainly due to the gregarious behavioujueénile silky sharks that
tend to gather in schools under FADs for feedingl @ppear then more
vulnerable to the purse seine fishing gear.

FAD-associated fishing sets showed a larger amuoiusitky sharks compared to
free schools with quite a high variability, indiceg the number of silky sharks
could strongly vary from one concentration to aeotlrhis could be due to

local oceanographic conditions, prey availability, differences in the tuna
school composition or size. Including environmentalvariates such as sea
surface temperature or chlorophyll-a concentratiod covariates describing the
composition of tuna concentration in regression @®dould improve our

understanding of the processes explaining silkykshgcatch.

Zero-inflated models

Zero-inflated models have been used in many eatdbgases including fishery

data analysis with excess zeros (Fletakteal 2005). The main objective is to
determine the origin of the zeros: the 'false’' g@mming from the perfect state
and the 'true' zeros coming from the imperfectestdibhe potential sources of
zeros in ecological data are developed in Martiralet(2005). Such models

appear particularly appropriate for bycatch analysipurse seine fisheries that
are characterized by many zero values and somareaces of extreme values
(Minami et al.2007).

Our results indicate a high value for the mean matar of the Poisson
distribution, suggesting that the ZIP is not fullgapted and a zero inflated
negative Binomial (ZINB) distribution might fit ket the data and be more
consistent with underlying dynamics. Such a ZINB hbaen shown to lead to
better statistical fittings than ZIP models but @so lead to poorer fits when
data are dominated by zero values such as silkk stndhe case of free schools



(Minami et al. 2007). Using both approaches in parallel to compaondel
outputs might help assessing the robustness ofrdbelts. Including other
observation data of silky shark bycatch as from3panish fleet in the analysis
would increase the bearing and consistency of malifgs. Including a year
effect could allow tracking temporal trends in gilkhark abundance following
Minami etal. (2007) who have shown a significant decreashearpercentage of
sets with no reported silky shark bycatch durin§4t2004. Such methods could
be applied to other bycatch species when the dateseis sufficient.

5. Conclusion

Modelling observations of associated-fauna specaght with tuna during a
fishing set is a major prerequisite to identify thwjor factors explaining
bycatch and to quantify their level at ecosystealescSuch analyses are a first
step to propose potential measures to mitigateativerse ecosystem effects of
fishing. For instance, our findings indicate thaeduction in FAD-fishing in the
South East of the Seychelles would result in a tambal reduction in silky
shark bycatch. Evaluating the impact on tuna cataheconomic consequences
for the fishing fleets of such measures is howesercial to address their
usefulness and justification. In addition, mitigatimeasures for the purse seine
fishery should be considered in a context whergllna fishing gears have been
shown to result in higher levels of shark bycatahwhere observer data remain
generally poorly available.
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Figure captions

Fig. 1. (a) Fishing set histogram of null and pwesitvalues of silky shark
bycatch (b) Frequency histogram (in number) of fpasibycatch values
per fishing set

Fig. 2. Size frequency histogram by sex for silkgrk (a) males and (b) females

Fig. 3. Spatial distribution of observed fishingssper statistical rectangle of 1°
latitude and 1° longitude in the Western Indian &geFSC = Free
school (lightgrey), FAD = Fishing aggregating deviassociated school
(darkgrey). Solid lines define “ET” areas

Fig. 4. Predicted number of silky sharks per sat éach fishing mode
considered in the study. FSC = free school; FADshihg aggregating
device-associated school. Solid line indicates #%%6 confidence
interval

Fig. 5. Predicted number of silky sharks per setdach season of the year.
Solid line indicates the 95% confidence interval

Fig. 6. Predicted number of silky sharks per setefich Western Indian Ocean
area considered in the study. Solid line indicates 95% confidence
interval
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Fig. 1. (a) Fishing set histogram of null and positive values of silky shark bycatch (b) Frequency histogram (in number) of positive bycatch
values per fishing set
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Fig. 6. Predicted number of silky sharks per set for each Western Indian Ocean area considered in the study. Solid line indicates the 95%
confidence interval



Table I. Number of fishing sets per strata observed during October 2005 to January 2008

ET Areas
Fishing NW Mozambique Maldives North South
mode Quarter Seychelles SE Seychelles Channel Chagos Somali Somali Total
Jan - Mar 8 42 6 35 26 18 135
Apr - Jun 39 30 36 - - - 105
FSC
Jul - Sept 30 - - - - 23 53
Oct - Dec 26 90 - 24 - 34 174
Total FSC 103 162 42 59 26 75 467
Jan - Mar 18 9 3 7 6 49
Apr - Jun 12 10 13 - - 37
FAD
Jul - Sept 9 - - - - 19 28
Oct - Dec 33 23 - 10 37 104
Total FAD 72 42 16 17 7 64 218
Total 175 204 58 76 33 139 685




Table Il. Estimates of coefficients, standard errors (se) and 95% confidence interval for the zero inflated regression model.

Significant coefficients are marked by xxx

Covariates Mean se 2.5% 97.5% Significance
Intercept -1.29 0.21 -1.72 -0.91 XXX
Fishing mode FSC -1.56 0.12 -1.81 -1.33 XXX
FAD 1.56 0.12 1.33 1.81 XXX
Jan - Mar -0.61 0.23 -1.08 -0.17 XXX
Quarter Apr - Jun 0.07 0.24 -0.40 0.53 -
Jul - Sept 0.69 0.28 0.15 1.24 XXX
p Oct - Dec -0.15 0.18 -0.51 0.21 -
North Somali -1.35 0.71 -2.92 -0.14 XXX
South Somali 0.46 0.30 -0.11 1.06 -
Area NW Seychelles 0.30 0.26 -0.22 0.82 -
SE Seychelles 0.29 0.28 -0.25 0.85 -
Mozambique Channel 0.04 021 -0.54 0.36 -
Arabian sea 0.27 0.34 -0.12 1.08 -
Intercept 1.85 0.12 1.57 2.07 XXX
Fishing mode FSC -0.15 0.04 -0.23 -0.07 XXX
FAD 0.15 0.04 0.07 0.23 XXX
Jan - Mar 0.29 0.06 0.14 0.40 XXX
Quarter Apr - Jun -0.33 0.14 -0.49 0.20 -
Jul - Sept 0.13 0.09 -0.12 0.26 -
T Oct - Dec -0.09 0.06 -0.24 0.01 -
North Somali -0.88 0.42 -1.75 -0.28 XXX
South Somali 0.02 0.13 -0.21 0.29 -
NW Seychelles 0.26 0.15 -0.10 0.55 -
Area SE Seychelles 0.84 019  0.44 1.20 XXX
Mozambique Channel -0.16 016  -0.46 0.16 -
Arabian sea 0.28 0.13 0.04 0.55 XXX
P (imperfect state) 0.24 0.01 0.21 0.26 XXX
Bycatch mean | imperfect state 7.42 0.37 6.67 8.13 XXX
ZIP mean 2.02 0.05 1.91 2.13 XXX
Probability of zero bycatch 0.76 0.01 0.74 0.79 XXX







