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Tab.1 Summary of prior probability density functions used for the parameters in the Bayesian state-space model

parameter prior distribution 80% 80% percentiles
intrinsic growth rate, r Lognormal(~1.475, 2.837) (0.107, 0.489)
carrying capacity, K Lognormal(4.3, 2.827) (34.6 157.8)
catchability coefficient, ¢ Inverse-gamma(0.001, 0.001) no prior information
shape parameter, z Uniform(1, 5) no prior information
process error variance, o Inverse-gamma(0.001, 0.001) no prior information
observation error variance, 7* Inverse-gamma(0.001, 0.001) no prior information
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Tab. 2 Summary of posterior means and percentiles for model parameters and management indexes derived from four
Bayesian models

percentile
parameter mean SD -
2.5% median 97.5%
(a) 1(z1,r K ); DIC=-95.9
r 0.266 0.110 0.109 0.247 0.539
K 91.7 35.9 44.7 84.1 184.0
q 2.28%10°° 9.12>10* 8.52><10* 2.18%10°° 4.39%<10°
z 3.00 1.13 1.14 2.97 4.89
7 3.68><107° 3.05=<107° 4.92><10™" 291107 1.15><10™
o 455107 4.05><107 5.16<107* 3.51=<107° 1.45><10™*
MSY 8.48 3.30 5.10 7.55 17.32
Fusy 0.163 0.061 0.068 0.154 0.306
Busy 56.6 22.0 27.8 51.6 113.5
Bioso 61.2 29.0 26.0 54.1 139.3
Baoos 64.5 30.6 27.5 56.8 147.2
Baoin 64.4 35.7 9.3 58.0 155.0
(b) 2(z=1,r K ); DIC=-90.5
r 0.384 0.168 0.138 0.344 0.782
K 111.9 45.7 50.9 102.4 222.0
q 2.18%10° 9.93><10* 7.62><10* 2.02><10° 4.68><10°
7 3.75=107° 3.11=<107° 5.02>x<107* 2.96><107 1.19%<107
7 472107 4.23>107 5.27>=10"* 3.56=<107° 1.60><1072
MSY 9.70 4.22 5.26 8.50 20.78
Fusy 0.192 0.084 0.069 0.177 0.391
Busy 56.0 22.9 25.5 51.2 111.0
Biogo 67.0 35.1 24.5 58.2 157.0
Baoos 70.2 36.6 25.9 61.1 163.8
Bz 67.2 41.8 45 59.9 168.9
©) 3(z>1,r LK ); DIC=-93.8
r 0.240 0.105 0.097 0.220 0.507
K 112.3 41.1 46.9 108.0 192.1
q 2.11><10°° 1.01>=<10"° 8.02><10* 1.91>=<10° 4.48>=<10°
z 2.93 1.12 1.11 2.88 4.88
7 3.77>=107° 3.19%107 5.03><107* 2.97><107 1.18><1072
o 4.75%<107 419107 5.44><10" 3.63<107° 1.54>1072
MSY 9.29 3.70 5.12 8.22 18.99
Fusy 0.147 0.060 0.063 0.136 0.290
Busy 69.0 25.4 29.6 65.8 121.8
Bioso 69.5 33.5 25.5 61.3 147.6
Baoos 73.3 35.5 26.6 64.6 156.0
Baoin 73.6 42.5 2.7 66.8 166.9
(d) 4(z>1, K r ); DIC=-91.4
r 0.394 0.226 0.108 0.345 0.979
K 85.1 41.2 37.3 74.5 195.5
q 2.55%10° 1.12x<10° 8.77=<10* 2.39%10° 5.17=<107
z 2.56 1.14 1.05 2.35 4.82
7 3.94>107° 3.45%107 499107 299107 1.28>1072
o 4.68><107 4.12><107 55210 3.59=1073 1.51><1072
MSY 10.15 5.31 5.36 8.61 24.61
Fusy 0.229 0.116 0.068 0.206 0.523
Busy 50.9 25.3 21.8 443 117.6
Bioso 56.4 29.9 22.0 48.7 135.9
Baoos 60.0 31.9 23.5 52.0 142.3
Baoin 61.3 35.6 9.8 53.9 152.4
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Using Bayesian state-space modelling to assess Trichiurus japonicus
stock in the East China Sea

ZHANG Kui, CHEN Zuozhi

Key Laboratory of South China Sea Fishery Resources Exploitation & Utilization, Ministry of Agriculture; South China
Sea Fisheries Research Institute, Chinese Academy of Fishery Sciences, Guangzhou 510300, China

Abstract: Hairtail (Trichiurus japonicus) is one of the most economically important fish species in the East China
Sea and supports one of the most valuable fisheries in China. From 1990 to 2012, the total catch for this fishery
ranged from 0.39 to 0.91 million tons. However, most studies on this fishery concentrated on feeding habit, varia-
tions of catches, trophic composition, and the stock-recruitment relationship. For management, yield per recruit
and surplus production models were applied to analyze the data of this fishery and provide a rough MSY estimate
of approximately 7.5x10° tons. Until now, reports on the use of stock assessment models for this fishery are lim-
ited, and no uncertainty assessment has been undertaken. Therefore, Bayesian state-space modelling was applied
to the catch and catch per unit effort(CPUE) data for this fishery. A state-space model describes the dynamics of
two related processes: the observation process, which is a function of the unobserved state process, and the state
process, which describes the unobserved population dynamics in terms of biomass or abundance. In the present
study, the Pella—Tomlinson surplus production model was used for the state process. We used Bayesian inference
because it can take into account more uncertainties that are linked to parameters. In this study, four models were
constructed based on Markov Chain Monte Carlo simulation with a mix of information and non-information priors.
Marginal posterior distributions of model parameters, biological reference points (BRPs), and unobserved vari-
ables were based on 250000 iterations after discarding the first 50000 burn-in iterations to ensure no persistent
initial pathologic behavior. Results showed that the best-fit of the four models was model 1, with lognormal priors
for the intrinsic rate of increase r and carrying capacity K based on deviance information criterion. Gelman &
Rubin’s method was applied for convergence diagnostics, and WINBUGS software computed the results of the
autocorrelation diagnostics. The parameters in model 1 were best fit and passed all the diagnostics. The prior dis-
tributions had a significant impact on the results of » and K, which indicates that the data are sensitive to the type
of prior distributions of 7 and K. The significant difference between the prior and posterior distributions of » and K
indicate that the data provide more information than the prior distribution for Bayesian analysis. BRP results
showed that hairtail stock was overfished from 1995 to 2010 (catch over maximum sustainable yield) and faced a
serious threat from 2000 to 2006 (fishing mortality coefficient over Fysy). The stock was in a good state in 2012
but required persistent management. Because of possible statistical distortion, the results of MSY and Bysy may be
overrated. The estimated results from 2004 to 2012 also have uncertainties, because the hairtail fishery in the East
China Sea was also influenced by monsoon, precipitation, and other environmental factors.

Key words: Bayesian state-space model; Trichiurus japonicas; stock assessment; Markov Chain Monte Carlo;
biological reference point
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Mi% 1 WINBUGS I2F(#E8 1)

Appendix 1 WINBUGS program (model 1)
Model 1

{

# Prior for initial population size P[1]
Pi~dunif(0.01, 1)

Pm[1] <- log(P1)

P[1] ~ dlnorm(Pm[1], isigma)

# SP Model.

for (tin 2: N) {

P[t] ~ dlnorm(Pm([t], isigma)

Pm[t] <- log(max(P[t-1] + r*P[t-1]*(1-pow(P

[t-1], 2))- (C[t-1])/K, 0.001))

}

# Observation equations
for (tin 1: N) {

Imed[t] <- log(q*K * P[t])
I[t] ~ dInorm(Imed[t], itau)
H

# Prior for intrinsic rate of increase r
r~dlnorm(-1.475, 2.837)

# prior distribution of K
K~dlnorm(4.3, 2.827)

# prior distribution of q
ig~ dgamma(0.001, 0.001)
q<-1/ iq

# prior distribution of shape parameter z of P-T model
z~dunif(1, 5)

# Prior for process noise
isigma ~ dgamma(0.001, 0.001)
sigma <- 1/ isigma

# Prior for observation error
itau ~ dgamma(0.001, 0.001)
tau <- 1/ itau

# Output

for(tin 1: N) {

B[t] <-P[t] * K

F[t] <- (C[t])/B[t]
Ip[t]<-(q*K*P[t])

H

# MSY and BRPs
FMSY<-r/(pow((z+1), (1/2)))
BMSY<-K/(pow((z+1), (1/2)))
MSY <-FMSY*BMSY

for(tin 1: N) {

Fs[t] <- F[t]/FMSY

Bs[t] <- B[t]/BMSY

H

H

#Data and inits ()



