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Abstract

The modern fishery stock assessment could be conducted by various models, such as Stock Synthesis model with
high data requirement and complicated model structure, and the basic surplus production model, which fails to
incorporate individual growth, maturity, and fishery selectivity, etc. In this study, the Just Another Bayesian
Biomass Assessment (JABBA) Select which is relatively balanced between complex and simple models, was used
to conduct stock assessment for yellowfin tuna (Thunnus albacares) in the Atlantic Ocean. Its population
dynamics was evaluated, considering the influence of selectivity patterns and different catch per unit effort
(CPUE) indices on the stock assessment results. The model with three joint longline standardized CPUE indices
and logistic selectivity pattern performed well, without significant retrospective pattern. The results indicated that
the stock is not overfished and not subject to overfishing in 2018. Sensitivity analyses indicated that stock
assessment results are robust to natural mortality but sensitive to steepness of the stock-recruitment relationship
and fishing selectivity. High steepness was revealed to be more appropriate for this stock, while the fishing
selectivity has greater influence to the assessment results than life history parameters. Overall, JABBA-Select is
suitable for the stock assessment of Atlantic yellowfin tuna with different selectivity patterns, and the assumptions

of natural mortality and selectivity pattern should be improved to reduce uncertainties.
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1 Introduction

Yellowfin tuna (Thunnus albacares) is one of the most valu-
able species in the global marine fisheries with the production
worth tens of billions of dollars each year (Galland et al. 2016). In
the Atlantic Ocean, the yield of yellowfin tuna has reached 140 kt
(ICCAT, 2019a). The main tuna fisheries contain longline, purse
seine, bait boat and other surface small-scale fisheries, while the
purse seine fishery yields about 70% of the total catch in the At-
lantic Ocean (ICCAT, 2019a). Fishing selectivity and landings
vary by gears in yellowfin tuna fishery, for example, longline fish-
ery tends to catch bigger fish than purse seine and bait boat.
Therefore, the exploitable biomass of yellowfin tuna are not con-
stant among different fisheries with the same spawning biomass
(Langley, 2019; Walter, 2019).

The Atlantic yellowfin tuna stock is managed by the Interna-
tional Committee and Conservation of Atlantic Tunas (ICCAT).
To improve the accuracy and precision of stock assessment res-
ults, multiple models are encouraged for Atlantic yellowfin tuna
stock assessment, including A Stock Production Model Incorpor-
ating Covariates (ASPIC) (Matsumoto and Satoh, 2017), Age
Structured Production Model (ASPM) (Satoh et al., 2017), Virtual
Population Analysis (VPA) (Tropical Tunas Species Group, 2012),

Just Another Bayesian Biomass Assessment (JABBA) (Sant’Ana et
al., 2020), Surplus Production Model (SPM) (Merino et al., 2019)
and Stock Synthesis I1I (SS3) (Walter, 2019). In 2019, manage-
ment strategy was defined according to integrated results of
JABBA, SPM and SS3 (ICCAT, 2019b). However, selectivity vari-
ations were not considered in the stock assessment of Atlantic
yellowfin tuna, which may hinder the understanding of popula-
tion and fishing dynamic, and impact its management (ICCAT,
2019b).

Since the data limit occurs frequently for marine pelagic spe-
cies (Costello et al., 2012; Carruthers et al., 2014), SPMs are the
preference source for Regional Fishery Management Organiza-
tions (RFMOs) when it comes to routine stock assessment for
such species, or to provide more information for comparison
with other complicated models (Chang et al., 2015; Punt et al.,
2015; Rankin and Lemos, 2015; Omori et al., 2016; Kolody et al.,
2019). SPMs are among the least data and parameter demanding
population models that can produce estimates of maximum sus-
tainable yield (MSY) and associated fisheries reference points.
The shape of production function depends on biological para-
meters and age-specific selectivity of the fishery, without consid-
eration in SPMs (Pella and Tomlinson, 1969; Maunder, 2002;
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Wang et al., 2014). Contrasts to SPMs, ASPMs also consider the
spawning biomass besides exploitable biomass (Restrepo and
Legault, 1998), which is the portion of the biomass that is made
up of mature fish (or females) in the population. This allows ASPMs
to account for age-specific processes into the fishery, to track the
propagation of cohorts, and to explicitly account for the effects of
selective fishing, even in the absence of reliable size or age data.

Process and observation errors are important in fishery stock
assessment model, corresponding to the errors from fish popula-
tion dynamics and fishing behavior, respectively. However, these
two errors could not be estimated simultaneously in traditional
SPMs, which affects the precision and accuracy of stock assess-
ment (Xu et al., 2019). With Markov Chain Monte Carlo (MCMC)
techniques, Bayesian methods with informative prior distribu-
tions can simulate the unconditional likelihood function of the
parameter in the stochastic model, with precise parameter estim-
ates and reduced bias (Punt and Hilborn, 1997; McAllister et al.,
2001; Lewy and Nielsen, 2003). State-space approach allows
stock assessment model to simultaneously account for both pro-
cess and observation errors for random variability in the data and
annual biomass dynamics of a stock (Millar and Meyer, 2000).
Thus, by overcoming SPMs’ shortcomings, Bayesian state-space
model facilitates the model fitting and reduces uncertainties of
stock assessment.

There are many applications of Bayesian state-space surplus
production model in the stock assessments, such as JABBA
(Winker et al., 2018), Bayesian state-space surplus production
model (BSM) (Froese et al., 2017) and a generalized Bayesian
surplus production stock assessment software (BSP2) (McAl-
lister, 2014). Among them, JABBA-Select (Winker et al., 2020) was
formulated to incorporate life history and fishery selectivity, con-
sidering different selectivity and associates fishing mortality over
time and across different fleets. Moreover, the inclusion of life-
history parameters enables its ability to distinguish between ex-
ploited biomass and spawning biomass, thus making its results
directly comparable to those of ASPMs.

Besides the fishing behavior, fish population dynamics is
highly affected by many biological and environmental factors,
such as predators, preys, sea surface temperature, sea current,
North Atlantic Oscillation index, etc. These factors influence the
growth, maturity, fecundity, and natural mortality in fish life his-
tory, which introduce much uncertainties to life history estima-
tion. These uncertainties in both fishing dynamics and life his-
tory would definitely affect the stock assessment results and bio-
logical reference points estimations. To improve the effective
conservation and management for Atlantic yellowfin tuna, it’s
important to evaluate the influence of these uncertainties.

In this study, we applied this alternative method, JABBA-Se-
lect, to assess the stock of Atlantic yellowfin tuna. The objectives
of this study are (1) to evaluate the state of Atlantic yellowfin
tuna’s stock; (2) to explore the influences of different selectivity
patterns and life history parameters on stock assessment results
and fishery management for Atlantic yellowfin tuna.

2 Materials and methods

We assumed that the yellowfin tuna species in the whole At-
lantic Ocean belongs to a single stock which is acknowledged by
ICCAT, and the population size in 1950 is the unexploited bio-
mass, equal to the carrying capacity (K).

2.1 Data sources

Catch and standardized catch per unit effort (CPUE) indices
used in this study, are derived from ICCAT (ICCAT, 2019a; Hoyle
et al., 2019; Narvaez, 2020; Guéry, 2020) (Figs 1 and 2). The CPUE
series were calculated from five fleets, including French purse

seine (FR-PS), joint longline of three regions (tropical, north, and
south temperate area, represented by JLL-R1, JLL-R2 and JLL-R3,
respectively, with borders of about 15°N and 15°S) and Venezuela
longline (VEN-LL). Considering different trends and fleets of
these CPUE series, multiple scenarios were established in the
preliminary experiments to compare model fitting and perform-
ance (Table 1). All scenarios use the same life-history paramet-
ers (Table 1) and logistic selectivity patterns for both longline and
purse seine fishery (LLL-PSL) (Fig. 3a). The catches of longline,
bait boat and other small-scale fisheries were assumed to follow
longline selectivity, while catches of PS followed purse seine se-
lectivity.

Some life-history traits and fishery dynamics information are
required to establish JABBA-Select for Atlantic yellowfin tuna, in-
cluding the growth parameters of von Bertalanffy growth func-
tion, length-weight relationship parameters, natural mortality,
Beverton and Holt spawner recruitment relationship, maturity,
and fisheries selectivity (Table 2).

140 000 -
—BB
120 000 f —LL
—PS
100 000 OTH
£ 80000
2
S 60000
40 000 -
20 000 4 e
N
O N
1950 1960 1970 1980 1990 2000 2010 2020
Year

Fig. 1. The catch of Atlantic yellowfin tuna among different fish-
eries from 1950 to 2018. OTH means small-scale fisheries except
for longline (LL), purse seine (PS) and bait boat (BB).
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Fig. 2. Available standardized catch per unit effort (CPUE) series
for Atlantic yellowfin tuna from 1979 to 2018.

Table 1. Configuration of Scenarios S1-S6 considering different
catch per unit effort (CPUE) in the JABBA-Select model for At-

lantic yellowfin tuna
Scenarios CPUE RMSE/% DIC
S1 JLL-R1, JLL-R2, JLL-R3, VEN-LL, FR-PS 27.8 -361.1
S2 JLL-R1, JLL-R2, JLL-R3, FR-PS 214  -403.7
S3 JLL-R1, JLL-R2, JLL-R3 15.4 -4254
S4 JLL-R1, JLL-R2, FR-PS 22.8 -392.4
S5 JLL-R1, JLL-R3, FR-PS 20.8 -383.0
S6 JLL-R2, JLL-R3, FR-PS 23.1 -316.8

Note: RMSE is the abbreviation of root mean square error; DIC, de-
viation information criteria.
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Fig. 3. Maturity and assumed selectivity patterns in the JABBA-Select model for Atlantic yellowfin tuna fisheries. LL-logi-sel and PS-
logi-sel represent logistic longline and purse seine selectivity, respectively; LL-dome-sel and PS-dome-sel represent dome-shaped

longline and purse seine selectivity, respectively.

Table 2. Summary of life history and selectivity parameters for Atlantic yellowfin tuna used in the JABBA-Select

Parameters Symbol Values Sources/References

Maximum length/cm Lo 155.7 ICCAT (2019a)
Growth rate/a! k 0.443 ICCAT (2019a)
Theoretical age at zero-length/a ) 0.014 8 ICCAT (2019a)
Scaling coefficient for the weight at length/(kg-cm3) a 2.15x10-° ICCAT (2019a)
Shape parameter for the body form b 2.976 ICCAT (2019a)
Minimum age/a Lonin 0 ICCAT (2019a)
Maximum age/a Lax 18 ICCAT (2019a)
Natural mortality M 0.35 ICCAT (2019a)
Steepness in the spawner recruitment relationship h 0.8 ICCAT (2019a)

Length at 50% maturity/cm matso 115 Diaha et al. (2015)

Length at 95% maturity/cm matys 135 Diaha et al. (2015)
Length at 50% selectivity of longline/cm Ly 50 100 Walter (2019)
Length at 95% selectivity of longline/cm Ly o5 115 Walter (2019)
Length at 50% selectivity of purse seine/cm Lps 50 52 Walter (2019)
Length at 95% selectivity of purse seine/cm Lps o5 59 Walter (2019)

2.2 JABBA-Select model
Based on the life history parameters and fishery’s selectivity,
the age-structured equilibrium model (ASEM) (Winker et al.,
2020) defined in JABBA-Select, generates parameters of r and m
for surplus production function. Detailed information and for-
mula of ASEM are provided in Winker et al. (2020) (see its Fig. 2).
The generalized form of the process equation is given by

SBy =SB, 1 +SP,1 — »_ Cyyr, Q)
where SP is surplus production in year y; C  is the catch in year
y with selectivity s; and SB, is spawning biomass. The surplus pro-
duction is assumed as function of spawning biomass (Thorson et

al., 2012):
m—1
" sp(1- (B :
m—1 SBO

where r is the intrinsic rate of population increase; SB, is SB
when the stock was unfished; and m is a shape parameter that
determines at which SB/SB ratio of the maximum surplus pro-
duction is attained.

With the definitions that H,gy is the harvest rate at MSY, and
P, is the ratio of SB, to SB, (i.e., Hygy=MSY/SBygy and
P=SB/ SB,). Equations (1) and (2) could be combined and trans-

SP = @)

ferred to the full process equation in JABBA-Select:
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where y, ., is the initial fishery year (1950); ¢ is scaling for initial
biomass depletion P, with ¥~Lognormal(1, 0.3). And 7, is the
process error term with ny~Normal(0, 03); and 02~L0gnormal
(0.08, 0.2). The 7s=C;s,/>,Cs,y is used as a multiplier to weight
Huwsy, relative to catch taken with selectivity s, while SB is as-
sumed with mean equal to 2 500 000 t and coefficient of variation
equal to 2. The biomass reference point was set to be SByq,/SB,=
0.4 (Thorson et al., 2012; Punt et al., 2014b).

The exploitable biomass (EB) is expressed as the product of

SBy:

EB,, = SB, (le RGN o (PP

— s, (Py—Pg
1—e ( ) ) ’ @)

where vy, — vs, are the externally derived parameters to approx-
imate the ratio EB, ,/SB,. The observation equation defined in
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JABBA-Select is given by

In (I,,) ~ N (In (@:EB,,) . 02,,) )

where Iy is the standardized CPUE; g; is the catchability coeffi-
cient for CPUE i; and ag_’y) ;is the total observation variance, which
is given by

2 2 2
Uc,y,i = Uest,i + Ofixs (6)

where 0% ; is the estimated portion in model running; o3, is fixed
at 0.1 for addressing over-precise in fitting (Winker et al., 2013).

2.3 Model diagnostics

The goodness of fitting among different models or scenarios
was evaluated by root mean squared error (RMSE) and deviation
information criteria (DIC). RMSE aims to quantitatively evaluate
the randomness of model residuals, and DIC is particularly use-
ful in Bayesian model selection where the posterior distributions
of the models have been obtained by MCMC simulation. Lower
DIC and RMSE values indicate better performance.

For all scenarios, convergences of the posterior distribution
for parameters were judged by the Geweke (1991) and Heidelber-
ger and Welch (1983) diagnostic tests. A total of 450 000 itera-
tions per scenario was performed, with a burn-in period of 150 000
for every 3 chains, and subsequently saving every 10th step to at-
tain a joint posterior of 90 000 saved values.

The retrospective problems need much concern in the stock
assessment, which might relate to data inconsistencies and/or
unaccounted for changes in population processes (i.e., growth,
natural mortality, or fishery selectivity) over time and may lead to
biased management advice (Mohn, 1999; Stewart and Martell,
2014). Retrospective patterns were quantified using the formula-
tion proposed by Hurtado-Ferro et al. (2015) to calculate Mohn’s p:

_ XY—yﬁ p XY—y, ref (7)

XY—yA, ref

where X is the parameter for which Mohn’s p was calculated; Yis
the final year of the assessment period; y is the last year of a giv-
en peel p; and ref is the reference peel, i.e., the most recent as-
sessment. In this study, Mohn's p is presented with the last year
(2018) as the ref year and calculates Mohn's p for 7 a backwards
from 2017 to 2011. Most yellowfin tuna has a life spanof6ato 7 a
and its maximum age change from 11 a to 18 a. In ICCAT, the stock
assessment for yellowfin tuna is conducted every 3 a. Therefore, 7 a
was used for retrospectively analysis, covering the recruitment
period, half generation and two assessment intervals.

2.4 Sensitivity analysis

There are many uncertainties for the estimation of natural
mortality (M) and the spawner-recruitment relationship. The ra-
tio of the average unfished recruitment when spawning biomass
is reduced to 20% of unfished levels, was defined as steepness, h.
Both M and h are essential information of population dynamics.
Thus, several sensitivity analyses were conducted to evaluate the
sensitivity of stock assessment results to life history parameters M
and h. The base value of M was set to be 0.55 which is also ap-
plied in 2016 ICCAT yellowfin tuna stock assessment, and 0.45
and 0.25 were assumed to be the highest and lowest values, re-
spectively, compared to the base value of 0.35 (ICCAT, 2016). The

highest value for i was set to be 0.9 recommended by ICCAT
SCRS, and 0.7 as the lowest value relative to the base value of 0.8
(ICCAT, 2019Db).

Selectivity is the most important parameter in fishing dynam-
ics, with substantial influence on the stock assessment results.
Therefore, more selectivity patterns were assumed in the sensit-
ivity analysis, which are dome-shaped selectivity for longline and
purse seine fishery (LLD-PSD) (Fig. 3b), and dome-shaped for
the longline fishery with logistic for purse seine fishery (LLD-
PSL) (Fig. 3c). Additionally, we also conducted 3 scale factors
(0.9, 1.1 and 1.2) to length at 50%/95% selectivity of longline/purse
seine in the sensitivity analysis to explore potential risks of mod-
el setting.

2.5 Projections

Since there is no limit or target reference points for yellowfin
tuna in the management of yellowfin tuna by ICCAT, MSY-based
reference points were used for the determination of stock status
and total allowable catch (TAC) was used for management
strategy. To evaluate the management performances of the TAC,
projections relied on the base case model were estimated for At-
lantic yellowfin tuna. Based on ICCAT’s recommendation of TAC
(110 000 t) for Atlantic yellowfin tuna (ICCAT, 2019b), eight pro-
jections were made with catch set at the level of 88 000-165 000 t,
by 11 000 t intervals, while the catch in 2019 was assumed to be
same as 2018 catch (133 900 t). Projection period was set to 14 a
(2020-2033), which was about the whole generation time for At-
lantic yellowfin tuna.

In this study, all analyses were conducted by the R software
(v4.0.0) (R Core Team, 2013) and R code of JABBA-Select
(https://github.com/JABBAmodel/JABBA-Select).

3 Results

3.1 Model diagnostic and caveats

The first scenario (S1) including all CPUE indices provided
evidence that VEN-LL was characterized by high variations and
inharmonious (Fig. 4). Scenarios of S2, S4-S6 which included FR-
PS also revealed noticeable conflicts with the overall trend in
some periods. The quantitative fits to the standardized CPUE
provided a direct way for scenario selection (Table 1). The third
scenario S3 was revealed to perform best, with the lowest RMSE
and DIC values, chosen as the base case model for the stock as-
sessment of Atlantic yellowfin tuna.

3.2 Assessment results

The posterior densities of model parameters from the base
case showed good convergences with a symmetric distribution of
all parameters (Fig. 5). The base case model estimated the medi-
an and 95% confidence interval for unfishing spawning biomass
(SB,), and population growth rate r (mean value of r1 and r2) to
be 1.67x106 t (confidence interval from 0.92x106 t to 3.65x106 t)
and 0.232 (confidence interval from 0.134 to 0.396), respectively
(Table 3). The catchability g for Atlantic yellowfin tuna longline
fishery was about 8x10-7 (Fig. 5).

3.3 Stock status

Harvest rate H increased continuously in 1950-1980 with the
consistent decrease of the spawning biomass SB, then both H
and SB fluctuated but still did not violate the reference points
(Hysy and SByey) (Fig. 6). Kobe plot showed that the Atlantic yel-
lowfin tuna’s stock in 2018 has 71.8% in the green zone, with 7.3%
and 20.9% in the yellow and red zones, respectively (Fig. 6), in-
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Fig. 4. The CPUE series (in color lines with dots) and expected CPUE (in black lines with grey shade for 95% confidence interval) of six
scenarios (S1-S6) in the JABBA-Select model for Atlantic yellowfin tuna.

dicating that Atlantic yellowfin tuna is neither overfished nor
subject to overfishing.

3.4 Sensitivity analysis

Results of the sensitivity analyses indicated that SB,,,/SBygy,
H,;,s/H,;sy and MSY were more stable than Hy,¢, and SBygy in
al-a5, and these three estimators were more sensitive to 7 and
robust to M in Scenarios al-a5 (Table 4). When M value was set
to be higher, MSY and H, 4, increased, but SBy,sy decreased, with
relative stable SB,,,/SBysy and H,,3/H, sy indicating better
stock status. The high & scenario (a4) was much stable than the
low h scenario (a5) while both had good stock status (Table 4).
Biomass trends of Scenarios al-a5 are close to Scenario S3 ex-
cept for Scenario a5 (h=0.7) (Fig. 7), and all estimators in Scen-
ario a5 are more different with Scenario S3 compared with Scen-
arios al-a4 (Table 4). Biomass trend were more sensitive to fish-

ing selectivity (Scenarios b1-b5) than life history parameters
changing (Scenarios al-a5) (Fig. 7). Additionally, all the biologic-
al reference points estimates were sensitive to the different as-
sumptions of fishing selectivity for Atlantic yellowfin tuna, with
irregularity in ascending fishing selectivity scenarios (Scenarios
b3-b5) and similar variations tendency in changing fishing se-
lectivity scenarios (Scenarios b1-b2) (Table 4).

Retrospective analyses showed that H/H,,qy and H were
slightly overestimated, SB/SB,;y and SB were underestimated
(Fig. 8), but no significant retrospective pattern was revealed,
with mean values of Mohn p are -0.27, -0.08, 0.03 and 0.09, re-
spectively.

3.5 Projection
Projection of biomass depletion rate in 2020-2033 (Fig. 9)
showed that all TAC (0.8-1.5 times relative to 110 000 t) will lead
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Fig. 5. Parameters’ prior and posterior distributions of base case (Scenario S3) in the JABBA-Select model for Atlantic yellowfin tuna.

SB,: the unfishing spawning biomass; H,,q.

1: the harvest rate that produces maximum sustainable yield from the corresponding

spawning biomass equilibrium SB4,; m: the shape parameter; psi(¢): the initial depletion of SB,/SB; q.1, q.2, and q.3: catchability
coefficients of catch per unit efforts (CPUEs) from JLL-R1, JLL-R2 and JLL-R3, respectively; sigma.obs1, sigma.obs2, and sigma.obs3:
observation errors of CPUEs from JLL-R1, JLL-R2 and JLL-R3, respectively; sigma.proc: the process error; r.1: the intrinsic rate of

population increase.

to increase in abundance, and the probabilities of SB>SB, ¢y for
all TAC were high (at least 64.8%). When the catch was set to be
4000 t higher than the catch in 2018, Atlantic yellowfin tuna
would not be overfished, with 80.7% probability of SB>SB,¢, in
2024.

4 Discussion
This research explored six scenarios using JABBA-Select for
Atlantic yellowfin tuna. The base case model showed that At-

lantic yellowfin tuna stock is neither undergoing overfishing nor
being overfished, which is consistent with current ICCAT stock
assessment (ICCAT, 2019b). The estimated MSY (217 179 t) far
exceeds the 2018 catch (133 900 t) with SB,,5/SBsy>1 and
H,y,4/Hygy<1. Projections indicated that stock will remain steady
suffering the current catch pressure. It should be noted that the
result of this study was based on 2019 catch, fixed at 133 900 t,
given that ICCAT’s setting was 131 042 t (ICCAT, 2019b), indicat-
ing better resilience of the stock. As per ICCAT’s recommenda-
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Table 3. Parameters and biological reference points estimates (median and 95% confidence interval (CI)) of base case (Scenario S3)
in the JABBA-Select model for Atlantic yellowfin tuna

Parameter Median Lower CI (2.5%) Upper CI (97.5%)
rl 0.259 0.150 0.441
r2 0.205 0.118 0.350
m 0.534 0.344 0.826
SBy/t 1667 588 918 141 3653 741
MSY1/t 190 685 130 525 435 825
MSY2/t 150 544 101 675 343 324
Hyen1 0.419 0.198 0.876
Hysv, 0.331 0.156 0.694
Hyo1/Hygsy 0.734 0.218 1.913
SByo1s/SBrsy 1.171 0.602 1.844

Note: Exploitable biomass related indicator has 2 estimates since the model has 2 different selectivity patterns (for example, MSY1 and MSY2).
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Fig. 6. Harvest rate (a) and biomass (b) trends with 95% confidence interval (CI) and Kobe plot (c) of base case (Scenario S3) in the
JABBA-Select model for Atlantic yellowfin tuna.

Table 4. Percentage changes of biological reference points (BRPs) in the sensitivity analysis of natural mortality (M), steepness ()
and selectivity of base case (Scenario S3) in the JABBA-Select model for Atlantic yellowfin tuna

Scenario Assumption SB,14/SByisy Hyy6/Hygy MSY Hygy SBysy
al h=0.8, M=0.25, LLL-PSL 2% 0% 0% -21% 24%
a2 h=0.8, M=0.45, LLL-PSL 6% -12% 9% 13% -4%
a3 h=0.8, M=0.55, LLL-PSL 3% -11% 10% 24% -11%
a4 h=0.9, M=0.35, LLL-PSL 0% -1% 5% 13% -7%
a5 h=0.7, M=0.35, LLL-PSL 10% -16% 6% -18% 28%
bl h=0.8, M=0.35, LLD-PSD 6% -16% 16% 11% 6%
b2 h=0.8, M=0.35, LLD-PSL 6% -18% 18% 13% 2%
b3 h=0.8, M=0.35, 0.9*(LLL-PSL) 19% -30% 21% 5% 14%
b4 h=0.8, M=0.35, 1.1*(LLL-PSL) 9% -18% 12% 13% -2%
b5 h=0.8, M=0.35, 1.2*(LLL-PSL) 27% -34% 18% -11% 27%

Note: Exploitable biomass related indicator has 2 estimates since the model has 2 different selectivity patterns, so MSYs are mean values of
MSY1 and MSY2, with the same for Hy,q,. LLL-PSL means logistic selectivity for longline and purse seine fishery; LLD-PSD, dome-shaped
selectivity for longline and purse seine fishery; LLD-PSL, dome-shaped selectivity for longline fishery and logistic selectivity for purse seine
fishery. Values of each estimator are percentage changes compared to those values of Scenario S3. The values of BRPs in S3 are 1.17, 0.73, 170 615 t,
0.38 and 473 348 t of SB,,4/SByigy» Hag1/Hysyy MSY, Hyyqys and SBy gy, respectively.

tion, catchs below the 120 000 t are expected to maintain healthy  lowfin tuna is that CPUE index used is much more distinct: three
stock biomass through 2033 (ICCAT, 2019a). joint longline CPUE series by region rather than by fleets (ICCAT,

A noticeable difference between the previous stock assess- 2016, 2019c¢). This change in CPUE index leads to obvious
ment (Walter and Sharma, 2017) and this study for Atlantic yel- changes in the whole CPUE trends than the previous stock as-
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Fig. 9. Projection of biomass depletion rate of base case (Scen-
ario S3) in the JABBA-Select model for Atlantic yellowfin tuna.
B/Krepresent biomass/carrying capacity.

sessment, and caused fluctuated SB/H trajectory and a dis-
ordered Kobe plot. The selected base case model includes three
longline CPUE series, while the purse seine CPUE was excluded.
The CPUE standardization process is difficult to conduct for
purse seine fishery, failing to represent the trend of actual abund-
ance. The model performing and comparison results are also

consistent with the general characteristics of CPUE from purse
seine fishery.

The results of base case model show that the estimated medi-
an intrinsic rate r=0.24, similar with (Sant’Ana et al. 2020) (range
0.156-0.290) but lower than that information from Fishbase
(0.57), while the estimated carrying capacity K and MSY are
much higher (Walter and Sharma, 2017). This information indic-
ates that there might be data misspecification or inappropriate
assumption for selectivity (Butterworth et al., 2014).

Impact of selectivity-dependent distortion to stock showed
that EB/SB becomes increasingly disproportionate towards lower
biomass levels as age-at-selectivity generally diverges from age-
at-maturity. Logistic and dome-shaped selectivity can generate
great difference on estimates of fishing mortality, absolute
abundance, and stock status (Punt et al., 2014a), which was also
revealed by the results of sensitivity analyses. More complex
dome-shaped selectivity is worth to explore in the future re-
search when related information is available, but not limit to the
logistic selectivity in this study. Furthermore, considering that
largest size classes of fish are not fully retained by the gear, non-
parametric or semi-parametric may be more fit to Atlantic yel-
lowfin tuna compared to the parametric model for selectivity
(Thorson and Taylor, 2014).

Intuitive visual figures and near to zero values of Mohn p in-
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dicated that base case model doesn’t have retrospective prob-
lems basically. The slightly changes observed in H/H\ sy and
SB/SB,sy may be caused by large variations of catch data in re-
cent years, especially for the model that backwards to 2017. The
time slicing possibly reduce retrospective patterns (Guan et al.,
2012), but due to limited information about selectivity changes,
subjective modelling might lead to high uncertainty and produce
biased management quantities (Butterworth and Punt, 1990,
Szuwalski et al., 2018). Additionally, allowing natural mortality to
vary may reduce retrospective patterns (Szuwalski et al., 2018).
Most stock assessment models assume natural mortality and
steepness constant, considering the high difficulty for M estima-
tion and moderate-low precision and moderate-high bias of & es-
timation (Lee et al., 2012; Hurtado-Ferro et al., 2015). Sensitivity
analyses towards the assumptions of M and h are conducted in
this research by JABBA-Select. The results showed that base case
model is robust to & but sensitive to M, and the current relative
values (SB,g,4/SBygy and H,,,5/H,sy) are more stable than abso-
lute quantities (MSY etc.). Scenarios with relative high 7 (0.8, 0.9)
or wild-range M (0.25, 0.35, 0.45, 0.55) generate similar spawning
biomass with Scenario S3, indicates high robustness of stock as-
sessment for Atlantic yellowfin tuna. In this case, the precision of

- == maturity
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input M needs improvement when conducting stock assessment
and providing management advice for Atlantic yellowfin tuna.
Considering the variations in fish population dynamics (Hur-
tado-Ferro et al., 2015; Thorson et al., 2019), time-varying M and
h could be explored to reduce bias and to better reflect the uncer-
tainties in the future research (Szuwalski et al., 2018).

Posterior and prior densities of parameters showed that pos-
terior and prior of SB, have a big difference, indicating that data
input provides sufficient information for the Bayesian analysis.
On the other hand, the prior used was informative for Hy,5; and
m, revealing that Hy 5, and m generated from ASEM were precise
enough for Atlantic yellowfin tuna (Winker et al., 2020).

Formulation of a multivariate normal (MVN) prior and
Monte-Carlo simulations (Fig. 10b) showed that Hy;qy and m
have logarithmic negative correlations which verify the con-
sequence of specifying a Beverton-Holt stock recruit function
(Winker et al., 2020). Since both H,;q, and m are generated from
ASEM that incorporated all life-history parameters, it’s difficult to
recognize which parameter is more influential. It is important to
improve the accuracy of these input parameters, in order to have
a smooth model estimation process and to constrain the produc-
tion function in JABBA-Select (Winker et al., 2020).

@ Monte-Carlo
° MVN approximation
0
‘E‘
ED —0.5
-1.0 5
b

log_Hysy

Fig. 10. Selectivity-dependent distortion in the EB/SB over a wide range of SB/SB, and multivariate normal (MVN) approximation of
log_H,;¢y and log_m', random deviates generated from the ASEM via Monte-Carlo simulations.

Compared to traditional SPMs, JABBA-Select could estimate
the exploitable biomass and spawning biomass separately, which
could be directly compared with the results from age-structured
assessment model like SS3 (Fig. 49 in Walter, 2019), which is not
commonly used for many tuna species in RFMOs. JABBA-Select
performed at least as well as the ASPM in terms of point estima-
tion and outperformed ASPM in terms of quantifying uncer-
tainty. Considering available data of Atlantic yellowfin tuna, SS3
incorporate multiple-source data (fishery data and tagging data
from Atlantic Ocean Tropical Tuna Tagging Programme) cover-
ing different regions. Therefore, too much difficulties exist dur-
ing the process of SS3, with more uncertainties (Lee et al., 2020;
Hilborn, 2001). The management of Atlantic yellowfin tuna is
conducted with TAC, and JABBA-Select is more efficient to meet
the needs. Furthermore, the ASEM constructed in the JABBA-Se-
lect provides an alternative way to derive informative prior distri-
bution of shape parameter m and intrinsic rate r instead of other
complex methods like meta-analysis, but it requires additional
information about M and h (Foss-Grant et al., 2016). Meanwhile,
uncertainty about M may also indirectly produced by growth,
maturation, and longevity in the form of the Hy,q, prior variance.
Therefore, extending ASEM to incorporate uncertainty about

more life history parameters as well as selectivity should be con-
sidered in future research.

In conclusion, the stock status of Atlantic yellowfin tuna is
healthy and the current TAC is going to achieve ICCAT’s conser-
vation goal. Given the fishery data, life history parameters and se-
lectivity information, JABBA-Select provided substantial assess-
ment results and referable information for the conservation and
management of Atlantic yellowfin tuna. Overall, based on the
tested scenarios, observed performances, time efficiency and
ease to operate (Winker et al., 2020), we recommend JABBA-Se-
lect as an alternative compromise approach between SPMs and
age-structured models in future stock assessment and scientific
fishery management.
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