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Abstract

Small-scale fisheries substantially contribute to the reduction of poverty, local economies and food safety in
many countries. However, limited and low-quality catches and effort data for small-scale fisheries compli-
cate the stock assessment and management. Bayesian modelling has been advocated when assessing fisheries
with limited data. Specifically, Bayesian models can incorporate information of the multiple sources, im-
prove precision in the stock assessments and provide specific levels of uncertainty for estimating the relevant
parameters. In this study, therefore, the state-space Bayesian generalised surplus production models will be
used in order to estimate the stock status of fourteen Demersal fish species targeted by small-scale fisheries
in Sistan and Baluchestan, Iran. The model was estimated using Markov chain Monte Carlo (MCMC)
and Gibbs Sampling. Model parameter estimates were evaluated by the formal convergence and stationar-
ity diagnostic tests, indicating convergence and accuracy. They were also aligned with existing parameter
estimates for fourteen species of the other locations. This suggests model reliability and demonstrates the
utility of Bayesian models. According to estimated fisheries’ management reference points, all assessed fish
stocks appear to be overfished. Overfishing considered, the current fisheries management strategies for the
small-scale fisheries may need some adjustments to warrant the long-term viability of the fisheries.
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Introduction

Human dependency on maritime and coastal resources is increasing (Berkes 2001). It
is often indicated that a small-scale fishery is a mainly pro-poor activity because it is an
economic sector that is labour-intensive and comparatively easy to enter; and provides
the fields of livings to a large number of uneducated people, including women through
their participation in fish processing activities. These small-scale artisanal fisheries sub-
stantially contribute to the poverty alleviation, local economies and food security in
many countries. They engage 50 of the world’s 51 million fishermen, all of whom
are actually from developing countries (Neiland and Béné 2013). In the tropical and
subtropical coastal domains, small-scale fisheries account for the majority of catches
(Berkes 2001; Salas et al. 2007) and are considered as the more sustainable method of
fishing (Matthew 2003; Pauly 2006).

Increased over-exploitation of fishery and habitat destruction threaten the coastal
and maritime resources. Small-scale fisheries often have limited and low-quality catch
and effort data that complicates stock assessment and management. Globally, for ex-
ample, only 10% to 50% of fish stocks in more developed countries and 5% to 20%
of fish stocks in less-developed countries have been scientifically assessed due to limited
data (Chen et al. 2003; Costello et al. 2012; Jiao et al. 2011). To enhance the sustain-
ability of small-scale fisheries, therefore, suitable and reliable stock assessments are re-
quired (Berkes 2001; Hilborn and Walters 1992; Jiao et al. 2011; Xiao 1998).

Based on the various works (Valinassab et al. 2010; Valinassab et al. 2003; Vali-
nassab et al. 2006; Valinassab et al. 2005) and the reports from the Offshore Fisher-
ies Research Centre of Chabahar (OFRC) and the Provincial Fisheries Department
of Sistan and Balochestan (PFDSB), the following fourteen demersal fish species are
the most important economically: Fourfinger threadfin (Elutheronema tetradactylum),
Smalltooth emperors (Lethrinus microdon), John's snapper (Lutjanus johni), Malabar
blood snapper (Lutjanus malabaricus), Tigertooth croaker (Otolithes ruber), Silver
pomfret (Pampus argenteus), Black pomfret (Parastromateus niger), Bartail flathead
(Platycephalus indicus), Javelin grunter (Pomadasys kaakan), Blackspotted croaker (Pro-
tonibea diacanthus), Greater lizardfish (Saurida tumbil), Talang queen fish (Scomber-
vides commersonnianus), Goldlined seabream (Rbabdosargus sarba) and Indian pom-
pano (Zrachinotus mookalee). In addition, the above-mentioned fish species have been
recorded as the kinds that their abundance is in reduction and local extinctions have
been recorded by relevant organisations such as Iran Fisheries Organization (IFO) and
PFDSB. However, no wide fishery stock assessments have been undertaken. Therefore,
they are selected as targeted species in current study.

Mostly, due to insufficient information about the time series of biological and
management reference points of fish stocks, the scientific precise stock assessments
have not been undertaken for the majority of fish species in Iran, especially in the
southern coastal areas (the current study area). Therefore, due to the lack of informa-
tion toward fisheries management reference points, most fisheries planning has not had
any special effects on the sustainability of fish stocks reserves.
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So far, there has been a lot of scientific motivation for assessing fish stocks in Iran,
but it has not been implemented for two reasons; one the lack of sufficient informa-
tion used in scientific stock assessment methods and second the complexity and time-
consuming of stock assessment methods in the limited-data situations.

Bayesian modelling has been advocated to assess fisheries with limited data. Spe-
cifically, Bayesian models can incorporate information of the multiple sources such
as academic literature, empirical research, biological theory and specialist judgement.
This characteristic of the Bayesian models improves precision in the stock assessments
and provides the specific levels of uncertainty for estimating the parameters (Kuparin-
en et al. 2012; McAllister and Kirkwood 1998; Punt et al. 2011).

Therefore, in the current study, because of the limited data, the state-space Bayesian
generalised surplus production models used to estimate the stocks status of the four-
teen demersal fish species targeted by small-scale fisheries in Sistan and Baluchestan
(A coastal province south-east of Iran). This could provide scientific knowledge for the
fisheries management and contribute to the researchers applying and improving the
results of the current study in order to achieve the global environmental sustainability
and marine ecology.

Hence, in the current study, based on the above-mentioned stock assessment
Bayesian approach, the management reference points provided for the fourteen fish
species, including biomass, harvest rate and stock status, the implication of these for
the sustainable management of the small-scale fisheries was discussed. Moreover, the
estimates of biological parameters were compared to the previous findings of the four-
teen species.

Materials, methods and data selection

Study area and data source

The fisheries examined in this study are located in the Sistan and Baluchestan Province
(SBP) situated at the northern end of Mokran Sea (Gulf of Oman) in Iran (Pakzad et
al. 2014). There are ten ports along a 270 km (167.77 miles) stretch of coastline from
Govater Bay in the East to Kereti Bay in the West, spanning a longitude 59°13'E to
61°13'E (Figure 1).

Based on the local reportage of PFDSB and IFO, the fishery is an important
source of income, cultural heritage and recreation in the area. In addition, it forms
the largest employment with over 24,500 locals involved in fishing industries perma-
nently or seasonally. The fishing system of SBP consists of inshore fleets, with 60%
(1430) of vessels registered as weighing at least three gross tonnes, as most of which
are primarily made of fibreglass. The fishing activities are mainly seasonal and fisher-
men change their fishing gear (gill nets, hand-lines/hook-and-lines and traps) and
strategies based on water levels, habitats, migration patterns and species targeted.
However, the majority of vessels that fish annually use gill nets. The total catches of
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Figure . Study area and the locations of fishing landing ports related to small scale fishing vessels.

the fourteen species examined in this study from 21 March 2015 to 18 March 2016
were 35,937 metric tonnes. This catch comprises 49% of the demersal fish catch;
31% of all fish species caught and 187 million US$ of economic value which repre-
sents an important resource for the fishery.

Nine years (21 March 2006 to 18 March 2015) of fisheries-dependent commer-
cial landings and effort data for the fourteen demersal fish species listed earlier were
acquired from Iran’s National Fishery Data Collection and Reporting System Unit and
also reports from the Provincial Fisheries Department. In addition, the used time series
of catch and standardised CPUE values as relative abundance indices are considerable
as the supplementary data. The nominal CPUE indices that derived from commercial
fisheries” logbooks are affected by some variables such as spatiotemporal and environ-
mental factors. The considered standardised CPUE indices are reliable abundance in-
dices which allow the implementation of the conservation and management measures
and have been obtained by the most common and competent statistical approach in
the domain of fisheries™ researches, such as generalised additive models (GAMs), that
are used for standardising catch and effort data.

Modelling methods

Biomass dynamic models are popularly used for stock assessment when only catch and
effort time series data are accessible (Hilborn and Walters 1992; Kinas 1996; Laloé
1995; Mintyniemi et al. 2015; Quinn and Deriso 1999). These models equate current
biomass as previous biomass plus surplus production (growth, recruitment and natural
mortality) minus harvest removals (Hilborn and Walters 1992; McAllister and Kirk-
wood 1998; Schaefer 1957).
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The biomass dynamics model of the equation discrete time form is as follows (Hil-
born and Walters 1992):

B=B +hB )-C (1)

In Equation 1, B_, C_and A(B_,) denote biomass and catch for year #-1 and the
surplus production function, respectively.

Bayesian state-space surplus production model

Bayesian state-space models consist of three levels (Berliner 1996; De Valpine and
Hastings 2002; Haddon 2010; Parent and Rivot 2012) as follows:

(I) a process equation which depicts the time dynamics of a stochastic process as
a function of time-invariant hyper-parameters. (II) an observation equation based on
population-specific inspection data that are a function of the unobserved state process
(Buckland et al. 2004). (I1I) the prior distributions level that comprises an explanation
of the prior probability distribution of the parameters and condition at the first time
moment (Rankin and Lemos 2015). These three levels are specified in the following
section in the background of a surplus production model.

Process equation

With regards to the Equation 1, the process equation describes the surplus production
function in a generalised surplus production model (GSPM) (Fletcher 1978; Pella and
Tomlinson 1969) as follows:

hB, )=rB (1-(B_/K)),r>0,K>0,z>0 (2)

where 7 is the intrinsic population growth rate; K is the carrying capacity of the
population and z is the shape parameter of the production model that determines at
which B/K ratio maximum surplus production was attained and commonly noted as
equivalent biomass and at which the maximum sustainable yield (MSY) was attained
(B,,)- If the shape parameter was less than unity (0 < z < 1), then surplus production
would increase (to the peak point) when the biomass was below K/2 (a left-skewed
production curve). If the shape parameter was greater than unity (z > 1), then biomass
production would increase (to the peak point) when the biomass was more than K/2 (a
right-skewed production curve). If the shape parameter was identical to unity (z = 1),
the production model would reduce to the Schafer form, attaining MSY when biomass
was equal to K/2. If zapproached zero (z = 0), the production model would reduce to
the Fox model that results into maximum surplus production at ~0.37K.
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Replacing Equation 2 in Equation 1 and multiplying the right hand side of the
resultant equation with #, yields the stochastic form of the biomass dynamic model
with generalised surplus production (GSP) (Parent and Rivot 2012):

Br = (Bz—l + VrBt—l(l - (Bt—l /K)Z) - Cz—l)ut (3)

Where « is process noise — supposed to be independent and log-normally distrib-
uted; specifically u = et where e ~ N[0, 7], i.e. ¢, is i.i.d. normal with mean zero and
variance 7.

Equation 3 was re-parameterised using relative biomass (P = B,/ K) to diminish
parameter confounding such as that between biomass and K that could result in related
priors (Meyer and Millar 1999) as follows. Thus, the final stochastic form of the pro-
cess equation is given by Equation 4:

P=(P +tP (1-(P_ ))-C_ | Ku, (4)

Observation equation

According to regular assumptions, CPUE values are relative abundance indices propor-
tional to the biomass. The observation equation relates the unobserved states B, to the
relative abundance indices / (Harley et al. 2001; Bishop 2006; Ye and Dennis 2009;
Yu et al. 2013). Thus, the observation equation with log-normally distributed errors
to attain the stochastic observation equation (Rankin and Lemos 2015) can be written
as Equation 5:

I =qKPv, )

where I is the relative biomass index; ¢ is the “catchability” coefficient that in-
dicates the effectiveness of each unit of fishing effort and v, is the observation error
entered as an independent and log-normally distributed random variable. Specifically,
v, = e" where n - NIO, %], i.e. is n i.i.d. normal with mean zero and variance 7

Parameter prior distribution layer

An advantage of the Bayesian models is its ability to use the prior distributions based
upon the existing knowledge to set plausible values for model parameters (Gelman et
al. 2014). The generalised surplus production model (GSPM) parameters include the
carrying capacity K, the intrinsic growth rate 7, the shape parameter z, the catchability
coeflicient g, the process and observation noise variances 6% and 1*and the proportion
of initial biomass to carrying capacity P.



Applying bayesian population assessment models to artisanal, multispecies fisheries... 67

The reason for choosing the priors was based on the following rationale. First,
based on the expert consultations of IFO and PFDSB and the available information
from Valinassab et al. 2010; Valinassab et al. 2003; Valinassab et al. 2006 and Vali-
nassab et al. 2005, an objective and informative uniform prior for carrying capacity, K,
was specified with a lower frontier of the supreme reported landings and an upper fron-
tier equal to fifty times the lower boundary as values below or above this are unlikely.
According to Cheung and Sumaila (2015), FishBase (http://www.fishbase.org), and
expert consultations of OFRC and PFDSB, an objective and informative lognormal
distribution priors were adopted for the intrinsic growth rate 7. Based on the method
presented in Parent and Rivot (2012) and Montenegro and Branco (2016), a rather
diffuse prior (inverse-Gamma (0.001,0.001)) provided for the catchability coeflicient
¢> and also, according to King et al. 2009, a non-informative gamma distribution prior
with parameters (2,2), selected for the shape parameter z. In addition, the consider-
able prior in Table 1 for the initial relative biomass P[1], was based on Valinassab et
al. 2010; Valinassab et al. 2003; Valinassab et al. 2006; and Valinassab et al. 2005 and
reported landings from IFO and PFDSB were specified as an objective and informa-
tive lognormal distribution. In addition, some required procedure of the used prior
distributions functions were presented in (Appendix 1) for parameters.

Based on Kéry and Schaub (2011) and Gelman and Meng (2004), Jiao etal. (2008),
Meyer and Millar (1999), Millar (2002), and Seaman et al. (2012), the Bayesian popu-
lation assessments, particularly estimates of state-space models, especially the process
and observation noise variances 6% and %, are more sensitive to the prior specifications
than the other parameters. Therefore, in order to ensure that the results of the study
were not misleading due to the inappropriate selection of prior distribution of the ¢*
and 7%, the various prior distribution combinations were opted and examined as fol-
lows. In the first stage, the same Inverse-Gamma with parameters (0.001, 0.001) was
designated for the above-mentioned two variance parameters. With those priors, the
Markov Chain Monte Carlo (MCMC) algorithm convergence and stationarity were
not verified based on the formal diagnosis tests. Therefore, a uniform prior distribution
U (0, 100) was used for the 6*and 17, equivalently. Again, as in the previous stage, the
(MCMC) algorithm convergence and stationarity were not confirmed based on formal
diagnosis tests. Finally, after a trial and error process on changing the shape and scale
parameters of Inverse-Gamma distribution, the best prior distribution as two Inverse-
Gamma with parameters (15, 0.1) and (10, 0.1) was selected for the process and ob-
servation noise variances 6% and 1%, respectively. Furthermore, to the aforementioned
prior distributions details, a summary of the prior distribution values for the P [1], K
and r is presented in Table 1.

Fisheries management reference points

The major fisheries reference points for the GSPM (Chaloupka and Balazs 2007; Punt
and Szuwalski 2012; Zhu et al. 2014) examined in this study are as follows:
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Table I. Summary of the Prior distribution functions used for some parameters of all bayesian state-space

GSPM Fourteen specified high-commercial demersal fish species.

Speci Parameter
pecies Intrinsic growth rate, r Carrying capacity, K Initial condition, P[1]
Ehtheronema pi - uniform(0.01,0.135)
tetradactylum r ~ lognormal(-1.1139,4.4814) | K ~ uniform(604,30200) pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)
Lothrinus pi ~ uniform(0.0132,0.125)
crod r - lognormal(-0.2326,4.4814) | K - uniform(1089,54450) pm = log(pi)
nucrodon P[1] ~ lognormal(pm, 1/6?)
pi ~ uniform(0.019,0.116)
Lutjanus johni r - lognormal(-1.4741,4.4814)) | K ~ uniform(1180,59000) pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)
Lutianus pi ~ uniform(0.012,0.14)
; bari r -~ lognormal(-1.2447,4.4814) | K - uniform(704,35200) pm = log(pi)
malabaricus P[1] -~ lognormal(pm, 1/c?)
pi ~ uniform(0.01,0.135)
Orolithes ruber | r ~ lognormal(-1.9888,4.4814) | K ~ uniform(4187,209350) pm = log(pi)

P[1] ~ lognormal(pm, 1/6%)

Pampus argenteus

t - lognormal(-0.5547,4.4814)

K ~ uniform(569,28450)

pi - uniform(0.014,0.132)
pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)

Parastromateus
niger

r ~ lognormal(-1.8574,4.4814)

K - uniform(6456,322800)

pi~uniform(0.01,0.121)
pm=log(pi)
P[1]-lognormal(pm, 1/6?)

Platycephalus

indicus

r - lognormal(-2.0425,4.4814)

K - uniform(1076,53800)

pi ~ uniform(0.0126,0.113)
pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)

Pomadasys
kaakan

r ~ lognormal(0.0615,4.4814)

K ~ uniform(2992,149600)

pi ~ uniform(0.01,0.114)
pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)

Protonibea
diacanthus

r - lognormal(-1.0531,4.4814)

K - uniform(4429,221450)

pi ~ uniform(0.0171,0.1587)
pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)

Saurida tumbil

r - lognormal(-0.9886,4.4814)

K ~ uniform(2170,108500)

pi - uniform(0.0154,0.1286)
pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)

Scomberoides
commersonnianus

r - lognormal(-1.5099,4.4814)

K - uniform(11001,55005)

pi ~ uniform(0.0194,0.105)
pm = log(pi)
P[1] ~ lognormal(pm, 1/6?)

Rhabdosargus
sarba

r - lognormal(-1.0634,4.4814)

K -~ uniform(1746,87300)

pi ~ uniform(0.0164,0.1613)
pm = log(pi)
P[1] ~ lognormal(pm, 1/6%)

Trachinotus
mookalee

r ~ lognormal(-1.7514,4.4814)

K ~ uniform(712,35600)

pi ~ uniform(0.0163,0.12)
pm = log(pi)
P[1] - lognormal(pm, 1/6?)

The stock biomass at which the maximum sustainable yield (MSY) was attained
(B,,) is given as Equation 6:

B, =Kz + 1)

(©)
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whilst, 7, is the fishing mortality corresponding to MSY and is described as

Equation 7:
F o= Kz + 1)c12 (7)
The related value of MSY is calculated as Equation 8:

MSY=B,  F. . =Kz+1)"r(z+ 1)) = Kr(z + 1) (8)

MSY™ MSY

Finally, the relative fishing mortality rate £ and relative biomass B, are assessed by
F,=F/F,and B.=B /B

sy Tespectively.

Model fitting

The Bayesian state-space combines the joint prior distributions of all parameters and
unobservable conditions with the likelihood functions of the observations (Brodziak
and Ishimura 2011; Meyer and Millar 1999; Punt and Hilborn 1997). Due to the
conditional independence between the model parameters and unobserved conditions,
the joint posterior distribution of the unobservable data, (»(K, 1, q, z, 6% %, P,..., P,
| 1., ..., 1)), is proportional to the joint posterior distribution of all un-observables
and observables (Meyer and Millar 1999; Montenegro and Branco 2016; Rankin and

Lemos 2015) formulated as Equation 9:

p(K1,q,2,0% 74Py, o, By, oo 1) = [K] X [r] X [q] X [2] X [6%] X [£?] X [Py]0?]

N N (9)
X ﬂp(Ptlpt—l'Klr:Z: 02) X l_[p(ltlpth: q,TZ)
t=2 t=1

with square brackets indicating densities and N referring to the number of samples.
Supplementary information on the above-mentioned general factorisation of Bayesian
model (Eq. 9) is available in Wikle et al. 1998 and Clark and Gelfand 2006.

The Markov chain Monte Carlo (MCMC) algorithm using Gibbs sampling was
used to explore the joint posterior distributions of the parameters and un-observable
states. OpenBugs software (v3.2.3) (Thomas et al. 2006) was used for simulations
and was run within R using the R20penBugs package (Sturtz et al. 2010). Three
chains of 100,000 iterations used to estimate parameters for the model of each
fish species. The first 50,000 iterations of each chain were discarded to remove
any dependence on initial parameter values; as well, random initial values were
generated for each chain. The resulting 50,000 samples were thinned at a rate of 1:5
to remove autocorrelation. This results in a sample size of 10,000 per chain to assess



the summary statistics of parameter posterior distributions. Model convergence was
assessed with the convergence diagnostics of Geweke (Geweke 1991), Gelman—
Rubin’s potential scale reduction measure (Gilks et al. 1996) and Heidelberger and
Welch stationarity (Heidelberger and Welch 1983), calculated using the R-package
CODA (Plummer et al. 2006).

Results and discussion

In line with the aims of the current research, the results of Bayesian state-space GSPM
from MCMC simulations are briefly presented in Tables 3—4 and Figures 2—3 for the
fourteen specified high-commercial demersal fish species in the study area. In addition,
the related results are described and discussed as follows:

Convergence to posterior distribution

Table 2 presents the outcomes of three tests for model diagnosis about convergence
and stationarity (Plummer et al. 20006).

In the first place, the Geweke diagnostic test was separately applied to verify con-
vergence of the mean of each parameter obtained from the sampled values related to
each single chain. In the following, the derived Z-score indicates convergence if its
values be less than 2 at absolute value. Thus, as shown in Table 2, for three MCMC
chains of all fourteen specified high-commercial demersal fish species, the absolute
value of Z-scores is less than 2 which demonstrates that there are no considerable
differences in the means of the first and last collections of iterations of the chains.
Secondly, the potential scale reduction factor of the Gelman-Rubin diagnostic (R)
is used to investigate the convergence of the chain applying two or more samples
produced in parallel. The Rvalues, approximately close to one, which reveal conver-
gence shows that all MCMC samples of the model parameters reached convergence
to posterior distributions. Therefore, according to the results, the Rvalues are identi-
cally one for all the above-mentioned fish species MCMC chains, which are consist-
ent with the convergence in distribution of the MCMC samples to the posterior
distributions. The third diagnostic statistic, the Heidelberger-Welch stationarity test,
was used to explore the sample convergence of single chains from univariate observa-
tions, expressed by p-values. Hence, considering the results, the MCMC chains of all
the fish species MCMC simulations passed the Heidelberger and Welch stationarity
test, which could not reject the hypothesis that the MCMC chains are stationary at
the 95% confidence level for any of the parameters. Generally, the above-described
diagnostic convergence tests and visual consideration of trace plots in Appendix 2,
confirm that the MCMC chains of all fourteen specified high-commercial demersal
fish species produce representative specimens from the joint posterior distribution
over the model parameters.
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Estimates of model parameters

Summary of the posterior descriptive statistics is presented in Table 3, including the
posterior means and marginal posteriors with 95% credibility intervals (Crl) (the 2.5%
and 97.5% percentiles as lower and upper limits) for Bayesian state-space GSPM pa-
rameters of the fourteen specified high-commercial demersal fish species.

Since the intrinsic growth rate 7 shows the relationship between size and age, it is
an important factor in life history theory (Arendt 1997). The marginal posterior means
of the intrinsic growth rate (r) for Elutheronema tetradactylum within 95% credibility
intervals (0.051, 0.332) indicated that the given available data information (prior dis-
tribution) and the true value of (r) falls within (Crl) with 95% probability. Similarly,
for all other thirteen fish species, the marginal posterior means of (r) were within
95% credibility intervals of the posterior predictive distributions and it can be con-
cluded that, for the given available data information (prior distribution), the true value
of (r) falls within (Crl) 95% probability for them. The posterior means of intrinsic
growth rate for Platycephalus indicus and Scomberoides commersonnianus were similar
to results attained by Cheung and Sumaila (2015), but for all the other 11 remaining
fish species, except for Protonibea diacanthus, the posterior means of intrinsic growth
were lower and, for Protonibea diacanthus, it was more than the results of the recently
above-mentioned study. The posterior means of all the fish species more than medians
indicates that their posterior distributions right skewed. Since the mean and median of
posterior distribution of (r) for all fish species was within 95% (Crl), therefore for the
given available data information (prior distribution), the true value of (r) falls within
(Crl) with 95% probability.

According to the results in Table 3, the marginal posterior means of shape pa-
rameter, (z), for Elutheronema tetradactylum was within the 95% credibility intervals
(0.112, 2.736), indicating that, for the given available data information (prior distri-
bution), the true value of (z) falls within (Crl) with 95% probability. Similarly, for all
other thirteen fish species, the marginal posterior means of (z) were within the 95%
credibility intervals of the posterior predictive distributions and it can be concluded
that, for the given available data information (prior distribution), the true value of (z)
falls within (Crl) with the 95% probability for them. In addition, based on the results,
for all Bayesian state-space GSPM, the marginal posterior means for (z), with 95%
credible interval, were dissimilar and the posterior means greater than medians indi-
cated that the related posterior distributions were right skewed. The posterior means
of shape parameter z for Platycephalus indicus and Scomberoides commersonnianus were
more than unity and indicates that the biomass production was increased into peak
when the biomass was more than K/2. However, for all the other remaining 12 fish
species, the posterior means and medians of shape parameter z were less than unity,
indicating that the biomass production peaked when the biomass was less than K/2.
As mentioned above and according to the results of Table 3, although the value of the
shape parameter z is different from unity for all 14 models, due to the proximity of
the value of z with unity, it may be assumed that the classic Schaefer (logistic) surplus
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Table 3. A summary of the posterior descriptive statistics for bayesian state-space GSPM parameters of

fourteen specified high-commercial demersal fish species.

Species
Parameter Elutheronema | Lethrinus | Lutjanus | Lutjanus | Otolith Pamp Parastromat

tetradactylum | microdon |  johni | malabaricus | ruber | argenteus niger

Mean 0.329 0.727 0.248 0.298 0.152 0.612 0.34
S.D. 0.141 0.286 0.113 0.134 0.074 0.279 0.161
MC error 0.001 0.004 0.001 0.001 9.8E-4 0.002 0.001

" Perc. 2.5% 0.126 0.295 0.09 0.111 0.054 0.223 0.124
Median 0.304 0.688 0.223 0.273 0.137 0.558 0.306
Perc. 97.5% 0.668 1.393 0.529 0.627 0.336 1.295 0.748
Mean 1058 1530 1995 1110 5175 1409 12080
S.D. 365.6 370 623.6 353 908.7 553.5 5477

K MC error 2.726 3.717 6.953 2.64 18.11 5.416 51.99
Perc. 2.5% 621.5 1104 1214 718.1 4215 634.5 6602
Median 975.7 1438 1865 1017 4918 1318 10450
Perc. 97.5% 1975 2463 3526 2018 7565 2736 26630
Mean 0.001 0.001 0.001 0.001 0.001 0.001 5.5E-4
S.D. 5E-4 3E-4 4.4E-4 4.2E-4 1.5E-4 7.2E-4 1.9E-4
MC error 4E-6 3E-6 4.5E-6 3E-6 3E-6 6.5E-6 1.7E-6

4 [Perc. 2.5% 8E-4 88E-4 | 84E-4 | B83E4 | GYE4 | 8.5E4 264
Median 0.001 0.001 0.001 0.001 0.001 0.001 5.5E-4
Perc. 97.5% 0.002 0.002 0.002 0.002 0.001 0.003 9.2E-4
Mean 0.953 0.89 0.995 0.96 0.993 0.987 0.983
S.D. 0.708 0.661 0.709 0.688 0.695 0.712 0.698
MC error 0.006 0.008 0.008 0.005 0.012 0.006 0.005

“ Perc. 2.5% 0.112 0.108 0.119 0.117 0.122 0.118 0.121
Median 0.779 0.723 0.829 0.795 0.84 0.821 0.82
Perc. 97.5% 2.736 2.604 2.808 2.707 2.728 2.776 2.766
Mean 0.007 0.007 0.008 0.007 0.007 0.007 2.5E-4
S.D. 0.002 0.002 0.002 0.002 0.002 0.002 1.4E-4
, |IMC error 1.2E-5 1.5E-5 1.6E-5 1E-5 1.3E-5 1.4E-5 8.7E-7
° Perc. 2.5% 0.004 0.004 0.004 0.004 0.004 0.004 9.8E-5
Median 0.006 0.007 0.008 0.006 0.007 0.007 2E-5
Perc. 97.5% 0.012 0.014 0.015 0.012 0.012 0.139 6.3E-4
Mean 0.358 0.071 0.021 0.459 0.012 0.079 0.121
S.D. 0.105 0.023 0.007 0.134 0.004 0.025 0.045
2 MC error GE-4 1.3E-4 4.8E-5 8E-4 2.5E-5 1.3E-4 3.2E-4
Perc. 2.5% 0.206 0.037 0.009 0.266 0.006 0.042 0.06
Median 0.341 0.068 0.02 0.437 0.012 0.075 0.112
Perc. 97.5% 0.613 0.127 0.04 0.785 0.023 0.139 0.236

production model (SSPM) is a better option than the generalised surplus production
model (GSPM). Therefore, the (SSPM) was estimated for all aforesaid fourteen studied
fish species and compared with (GSPM) based on predictive performance using the
Deviance Information Criterion (DIC), given by Spiegelhalter et al. 2002. In addi-
tion, according to Ando (2010), DIC is used to compare the performance of different
Bayesian models. It is particularly useful where the posterior distributions of the mod-
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Table 3. Continued.

Species
Paramet Platyceph dasys| Pr ibea |Saurida| Scomberoides | Rhabdosargus| Trachinotus
indi kaak di hus | tumbil | commersonnianus sarba mookalee
Mean 0.145 1.173 0.474 0.411 0.247 0.378 0.175
S.D. 0.073 0.567 0.328 0.201 0.124 0.175 0.079
MC error 8.3E-4 0.004 0.009 0.002 0.001 0.002 7.6E-4
' Perc. 2.5% 0.051 0.42 0.142 0.146 0.087 0.136 0.066
Median 0.13 1.057 0.377 0.369 0.221 0.343 0.16
Perc. 97.5% 0.332 2.598 1.314 0.92 0.561 0.806 0.367
Mean 1609 4015 6641 2580 11630 2146 1121
S.D. 445.7 902.6 1876 390.6 616.1 365.3 336
K MC error 4.183 6.027 2851 4.339 6.865 4.086 2.851
Perc. 2.5% 1095 3022 4504 2182 11020 1758 7274
Median 1498 3771 6149 2466 11450 2042 1041
Perc. 97.5% 2734 6334 11510 3607 13270 3109 1971
Mean 0.001 0.001 0.001 9.5E-4 4.3E-4 0.001 0.001
S.D. 3.4E-4 2.5E-4 3.2E-4 | 1.3E4 3.2E-5 1.6E-4 4E-4
MC error 3E-6 1.6E-6 49E-6 | 1.5E-6 5E-7 1.8E-6 3.2E-6
& [Perc. 2.5% 8E-4 7.7E-4 6.8E-4 | 6.6E-4 3.6E-4 6.9E-4 8.4E-4
Median 0.001 0.001 0.001 9.5E-4 4.3E-4 0.001 0.001
Perc. 97.5% 0.002 0.001 0.001 0.001 4.9E-4 0.001 0.002
Mean 1.001 0.996 1.047 1.006 0.982 0.993 0.965
S.D. 0.704 0.699 0.72 0.73 0.691 0.701 0.711
MC error 0.005 0.005 0.01 0.011 0.012 0.007 0.005
“ Perc. 2.5% 0.12 0.118 0.131 0.118 0.12 0.117 0.109
Median 0.842 0.838 0.89 0.836 0.824 0.832 0.792
Perc. 97.5% 2.774 2.752 2.869 2.824 2.726 2.765 2.803
Mean 0.007 0.007 0.008 0.008 0.008 0.008 0.007
S.D. 0.002 0.002 0.003 0.002 0.003 0.003 0.002
, |[MC error 1.6GE-5 1.4E-5 2.3E-5 | 1.5E-5 1.8E-5 1.8E-5 1.2E-5
° Perc. 2.5% 0.004 0.004 0.004 0.004 0.004 0.004 0.004
Median 0.007 0.007 0.008 0.007 0.008 0.007 0.007
Perc. 97.5% 0.014 0.013 0.017 0.014 0.016 0.015 0.012
Mean 0.068 0.082 0.027 0.056 0.028 0.046 0.145
S.D. 0.022 0.026 0.01 0.019 0.011 0.016 0.044
, |MC error 1.3E-4 1.4E-4 1E-4 1E-4 7.6E-5 9.9E-5 24E-4
' Perc. 2.5% 0.035 0.044 0.01 0.028 0.012 0.022 0.08
Median 0.064 0.078 0.026 0.053 0.026 0.044 0.138
Perc. 97.5% 0.122 0.146 0.053 0.102 0.055 0.085 0.252

els have been obtained by MCMC algorithm estimation. Therefore, while comparing
different possible models for their similar records, lesser values of DIC recommend
better predictive capability. Thus, according to the results of Table 4, the value of DIC
for all fish species, based on GSPM, is less than that of SSPM. Therefore, GSPM is

more suitable for analysing the present study.
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FiFmsy

B/Bmsy BBusy

B/Bmsy

Recovering

B/Bmsy BBmsy

Figure 2. Phase diagram depiction of F/F, i and B/B, , for fourteen specified highcommercial demersal
fish species, each panel is designate by the common name of the fish at the top. The numbers on purple
circles represent the last two digits of the year related to abovementioned ratios.
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The results of Table 3 identify that the marginal posterior means of carrying ca-
pacity, (K), for Elutheronema tetradactylum was within the 95% credibility intervals
(621.5, 1975) and indicates that, for the given available data information (prior distri-
bution), the true value of (K) falls within (Crl) with 95% probability. Similarly, for all
other thirteen fish species, the marginal posterior means of (K) were within the 95%
credibility intervals of the posterior predictive distributions and it can be concluded
that, for the given available data information (prior distribution), the true value of
(K) falls within (Crl) with 95% probability for them. The posterior means of carrying
capacity K with 95% credibility intervals more than the medians as reveals that the
posterior distributions right skewed.

The marginal posterior means of the catchability coefficient (q) for Elutheronema
tetradactylum was within the 95% credibility intervals (0.0008, 0.002) and indicates
that, for the given available data information (prior distribution), the true value of (q)
falls within (Crl) with 95% probability. Similarly, for all other thirteen fish species,
the marginal posterior means of (q) were within the 95% credibility intervals of the
posterior predictive distributions and it can be concluded that for the given available
data information (prior distribution), the true value of (q) falls within (Crl) with 95%
probability for them. Furthermore, the posterior means and medians of the catch-
ability coeflicient (¢) with 95% confidence interval for all the studied fish species were
equal which shows that their posterior distributions were symmetric.

The marginal posterior means of the process noise variances, (£%) for Elutheronema
tetradactylum was within the 95% credibility intervals (0.004, 0.012) and indicates
that, for the given available data information (prior distribution), the true value of
(=?) falls within (Crl) with 95% probability. Similarly, also, for all other thirteen fish
species, the marginal posterior means of (2?) were within the 95% credibility intervals
of the posterior predictive distributions and it can be concluded that, for the given
available data information (prior distribution), the true value of (=?) falls within (Crl)
with 95% probability for them. In addition, for the process noise variances of Bayesian
state-space GSPM of Lutjanus malabaricus, Parastromateus niger, Saurida tumbil and
Rhabdosargus sarba with 95% confidence interval, the posterior means were generally
higher than the medians because their posterior distributions were right skewed. How-
ever, for the other 10 fish species, the posterior means and medians of the process noise
variances &* were equal which shows that their posterior distributions were symmetric.

The marginal posterior means of the observation noise variances, (t?) for Eluther-
onema tetradactylum within 95% credibility intervals (0.206, 0.613), indicates that
for the given available data information (prior distribution), the true value of (t?) falls
within (Crl) 95% probability. Similarly, for all other thirteen fish species, the marginal
posterior means of (t?) were within 95% credibility intervals of the posterior predictive
distributions and it can be concluded that, for the given available data information
(prior distribution), the true value of (t?) falls within (Crl) with 95% probability for
them. In addition, the means and medians marginal posterior of observation noise
variances (1?) of Bayesian state-space GSPM, except for Orolithes ruber, were dissimilar
for the other species. For the above-considered fish species, the equality of the poste-



Applying bayesian population assessment models to artisanal, multispecies fisheries... 77

Bartail flathcad

350
300 a—acig
— - - -~ -
£ 250 a A cacca
2 200
2 150 — e .
éloo T P G 3
S S0
- o 4
2005 2007 2009 2011 2013 2015
Year
Blackspotted croaker
1600 4 &
1400 A -a e
S 1200 -
£ 1000 L aa-aa

800

Biomass ( Metric

400 T e
200
o +
2005 2007 2009 2011 2013 2015
Year
Goldlined seabream
400 =
350 A A
= 300 S E—
= 250
2 N._.
S 200 4
a
2 456 |y A A 4 4 o, a4 a
2 100 -
2 504
o
2005 2007 2009 2011 2013 2015
Year
Indian pompano
250 -
a P
T 200 4 a e R SR Y
=
g 150 ]
Z 100 | T
= A—A—A—A—A— 4 o —a
£ o] = a
£
=
o
2005 2007 2009 2011 2013 2015
Year
450
400 -
= 350 4
= 300
£ 250
= 200 -
~ 150
g 100 4
2 50
o
2005 2007 2009 2011 2013 2015
Year
Sitver
250 pomfret
—a
__. 300 e T T I AT o
5 250 et SPURELY oy
= i
£ 200 A
2 150 o —— -
z 100
E s0] a4 A A aa A AA A
2
o
2005 2007 2009 2011 2013 2015
Year
Talang queen fish
1600 a— e
1400 - AT A
s STmTTAD
z—-g 12007 \*‘_._‘-"'_‘—.-»._\:
2 1000 g A A g
3 800 4 a
= 600 -
% 400 -
£ 200 1
=
o
2005 2007 2009 2013 2015

2011
Year

Biomass ( Metric Ton)

Biomass ( Metric Ton )

Biomass ( Metric Ton )

Black pomfret
3000 -
2500 A A A A A A A -A-A
£= 2000
S 1500 4
=
21000 {  *——e
3
2500 a 4 & a a a4 & a a a
=
o
2005 2007 2009 2011 2013 2015
Year
Fourfinger threadfin
250 - Cd
a
— 200 A A A A A AA-aa
3
g 150 4
= 100 ] o—e
ESO_AAAAAAAAAA
=
2005 2007 2009 2011 2013 2015
rear
Greater hzardfish
450 ——
__ 400 4 ATaATTATI a a
= 350 . a
= 300 A
B 250 4T
= 200 G BV X a
< 150 1—= = =
2 100 4
£ so
o
2005 2007 2009 2011 2013 2015
Year
Javelin grunter
700 { Aaa,
= 00 PO i, ootV O
= 500 4
ool ——— o o
ESDO«AAAA“AA‘A
2z 200 4
S 100 +4
=
o
2005 2007 2009 2011 2013 2015
Year
Malabar blood snapp:
300 = =
250
a
200 O Y U Sy
150
100
a a
%6 N aa el ) S S
o
2005 2007 2009 2011 2013 2015
Year
Smalltooth emperors
300
R S
250 e S A AR A
200
150 e ————— . e
100 e RSP U W A ——
50
o —+
2005 2007 2009 2011 2013 2015
Year
Tigertooth croaker
1000
200 a = =
800 = e
700 anoa Ay
600
500 =
400 a a a
a a -~ a a
300 e
200
100
o+
2005 2007 2009 2013 2015

2011
Year

Figure 3. Simulated biomass time series (solid line with squares) of fourteen specified highcommercial

demersal fish species, with 95 % confidence intervals (grey dashed and dotted lines with triangle).

rior mean and median of observation noise variances (t%) indicates that their posterior
distributions were symmetric. However, for all the other remaining 13 fish species, due
to the right skewed of their posterior distributions, the means were generally higher

than the medians.
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Table 4. A summary of model selection information between Generalised Surplus Production Model
(GSPM) and Classic Schaefer (logistic) Surplus Production Model (SSPM) based on predictive perfor-

mance using Deviance Information Criterion (DIC) for fourteen studied demersal fish species.

Models
Species GSPM SSPM
Total DIC Total DIC
Elutheronema tetradactylum 1.52 3.07
Lethrinus microdon 10.48 12.38
Lutjanus johni 22.33 25.59
Lutjanus malabaricus 2.352 3.87
Otrolithes ruber 20.73 25.47
Pampus argenteus 7.267 9.49
Parastromateus niger 6.68 8.38
Platycephalus indicus 11.24 13.14
Pomadasys kaakan 7.14 8.96
Protonibea diacanthus 2.65 6.16
Saurida tumbil 11.82 13.92
Scomberoides commersonnianus 8.68 10.98
Rhabdosargus sarba 15.97 18.52
Trachinotus mookalee 8.02 9.68

Estimates of reference points

A summary of the results of fisheries management reference points derived from Bayes-
ian state-space GSPM is graphically presented for all fourteen specified high-com-
mercial demersal fish species through the stock status plots (i.e. Kobe plots or phase
diagrams) in Figure 2; as well, time series of posterior median biomass with confidence
intervals is shown in Figure 3.

The Kobe plot characterises, relative biomass (B; = B/ B,,,) and relative fish-
ing mortality rate (F, = F/ F, ) in a graph which provides four different quadrants,
each indicating a different population status. The red region is kept for the worst case
in which the stock is excessively overfished (B / B, < 1) and, at the same time, the
overfishing is at a high rate (F/ F, ;> 1). The green zone denotes a situation where no
overfishing is happening (F/ F, . < 1) and where the stock is not overfished (B/ B, ,
> 1), so it is the best condition for the stock. The orange quadrant presents a situation
where overfishing is occurring (#/ F,>1), while the stock is not overfished (B / B,
> 1), so a decrease in fishing intensity would bring it back to the ideal green condition.
The yellow subdivision shows that the stock has been overfished (B / B, , < 1), while
the overfishing has not occurred (F/ F, . < 1), 50 it will recover in due course if the
fishing intensity is continued at the existing level.

According to Figure 2, the stock status of Greater lizardfish (Saurida tumbil), Jave-
lin grunter (Pomadasys kaakan) and Tigertooth croaker (Otolithes ruber) are completely
(100%) in the red zone. Therefore, these stocks are being excessively overfished and are
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threatened with extinction. The other situation of fish species, despite being overfished
in recent years, is in the yellow subdivision, which indicates that these stocks are not
being overfished. So, they will recover in due course if the fishing intensity continues
at the existing level. Amongst them, the recovery condition of Bartail flathead (Plaz-
yeephalus indicus), Fourfinger threadfin (Elutheronema tetradactylum), Malabar blood
snapper (Lutjanus malabaricus), Black pomfret (Parastromateus niger) and John’s snap-
per (Lutjanus johni), is much better due to their high percentage in the yellow zone.
Additionally, in terms of recovery condition, the Goldlined seabream (Rhabdosargus
sarba), Smalltooth emperors (Lethrinus microdon), Talang queen fish (Scomberoides
commersonnianus) and Blackspotted croaker (Protonibea diacanthus) because of their
less percentage in the yellow zone are in the second place. Finally, the Silver pomfret
(Pampus argenteus) with one percentage in the yellow zone has the worst recovery situ-
ation. It can be said that it is located in the red zone and is threatened with extinction.
It is noteworthy that the overfishing and overfished results of the described demersal
fish species in this research were similar to those previously described (Valinassab et al.
2010; Valinassab et al. 2003; Valinassab et al. 2006; Valinassab et al. 2005). These re-
sults about the overfishing and overfished demersal fish species are also similar to those
by Osio et al. 2015 who expressed that 95% of the assessed and potentially 98% of the
unassessed demersal fish are overexploited. Therefore, regarding the above-described
conditions, the fish species extinction may be a possibility in the future.

Simulated biomass time series of the fourteen specified high-commercial demersal
fish species with 95% confidence intervals are considerable as shown in Figure 3.

According to the above-described results of the Kobe diagrams, in which all stocks
are in critical condition and are threatened with extinction, the trend plots of simu-
lated biomass confirm the previous results, due to the Biomass not having a good
increasing trend. As the charts in Figure 3 show, the quantity of Biomass has not
improved in recent years for all specified-fish species. If these trends unfortunately
continue, the species may be extinct and the livelihoods of fishermen could be lost in
the near future.

Conclusion

In summary, the Bayesian state-space GSPM under the MCMC algorithm was used
to assess the stocks and provide fisheries management reference points for the four-
teen high-commercial demersal fish species in the coastal domain of the study area.
The authority of simulations about the models” parameters and fisheries management
reference points were approved by common diagnostic convergence tests. All the as-
sessed fish stocks encountered were overfished and being overfished. The assessment
outcomes, which reveals that the stock statuses of all targeted fish species were deterio-
rating indicates that the available fishery management strategies of small-scale fishery
in the study area were not enough and new strategies associated with sustainable man-
agement were necessary.
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As mentioned in the introduction, the scientific precise stock assessments have not
been undertaken in Iran, especially on the southern coastal areas (such as the current
study area) because of insufficient and limited information. Accordingly, it is one of the
important reasons for the inefficiency of the available fishery management and conser-
vation strategies for sustaining the studied fish species population status in the current
study area. This reason is due to lack of applicable information for fisheries management
and conservation planning (such as fisheries management reference points, biomass, har-
vest rate and stock status) that can be obtained from scientific precise stock assessments.
Thus, in the short-term, the transferring of the obtained stock assessment outcomes of
the current study to fisheries managers, planners and all other activists (such as fisher-
men) can improve the available fisheries strategies and harvesting treatments to rebuild
and improve the current bad situation of studied fish species population status. Addition-
ally, in the long run, the recommended use of the obtained stock assessment outcomes
(e.g. management and biological reference points, biomass, harvest rate, stock status) for
future research in line with appropriate ecosystem-based fishery management will deter-
mine the best strategies for preventing overfishing, improving, sustaining and conserving
the above-overfished stocks. Hence, the obtained stock assessment outcomes in a viabil-
ity theory framework to investigate various fishing scenarios for the implementation of
the sustainable fishery management in the small-scale fishery sector of the current study
area were used providing the details of the recommended viability theory modelling as an
appropriate ecosystem-based fishery management approach in our further works.
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Appendix |

Procedure of prior distributions functions used for parameters of all Bayesian state-
space GSPM

Log-normal distribution procedure for intrinsic growth rate (r)

Standard Deviation = x

Average of Intrinsic Growth Rate (r) = y

Precision of Prior = 1/log(1 + x/2)

Average of Prior = log(y) — (0.5/ Precision of Prior)

r - dlnorm (Average of prior, Precision of prior)

Inverse Gamma Distribution Procedure for the Process and Observation Noise Variances

Shape Parameter = x

Scale Parameter=y

Gamma ~ dgamma (x, y)

Inverse-Gamma = 1/Gamma

Log-Normal Distribution Procedure for Initial Relative Biomass P[1]

BO=the Biomass in First Time

Kmin=minimum carrying capacity is considered equal to minimum Historical catches.

Kmax= maximum carrying capacity is considered equal to ten times the minimum
Historical catches.

Pi -~ dunif(B0/Kmax, BO/Kmin)
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isigma= Inverse Gamma Distribution for process noise variances
Pm[1] <- log(Pi)
P[1] - dlnorm(Pm[1], isigma)

Appendix 2

Trace plots for Bayesian state-space GSPM parameters (r, K, g, z, (sigma), and (tau))
for fourteen studied demersal fish species. Consider figures A1-14.
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Figure A3. Trace plots for Bayesian state-space GSPM parameters of Lutjanus johni model.
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Figure A4. Trace plots for Bayesian state-space GSPM parameters of Lutjanus malabaricus model.
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Figure A7. Trace plots for Bayesian state-space GSPM parameters of Parastromateus niger model.
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Figure A8. Trace plots for Bayesian state-space GSPM parameters of Platycephalus indicus model.
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r
001.0203.04.0
Aamamaman ]

K
0.01.0E+4 25E+4.

50000 60000 80000
ieration

st uh it o Dbt

a
8
8
3
3

00 0.00%.002
e e

60000 80000
iteration

Z

50000 60000 80000
iteration

0.02.04.06.08.0

sl bogansltbion it

9
3
8
8

sigma

0.00.020.040.06

ol st i s

60000 80000
iteration

tau

000.050.10.15

50000 60000 80000
iteration

st sl b i i

50000 60000 80000

iteration
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Figure A12. Trace plots for Bayesian state-space GSPM parameters of Scomberoides commersonnianus
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Figure A13. Trace plots for Bayesian state-space GSPM parameters of Rhabdosargus sarba model.
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