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SUMMARY
Soupfin sharks (Galeorhinus galeus), globally referred to as tope, are medium sized sharks
that are globally distributed in temperate waters. Soupfin sharks were the first shark
species to be commercially harvested in South Africa and remains one of the top five most
commercially valuable shark species. The species is currently caught in the demersal
longline, commercial linefish and inshore trawl fisheries. Catches taken from historical
archival data indicate that catches of soupfin across all fisheries declined from 692 tons to
329 tons between 1952 and 2016. An initial trend analysis of the available fisheriesindependent abundance indices with JARA indicated that there was a -50.9% population
decline over the observation period (1991-2016) which translated into a more than 50%
probability that soupfin shark has declined by at least 50% since 1991. The projected
decline over three generation lengths was 85.1% with 60.6% probability that soupfin shark
would fall into the Critically Endangered category when assessed in accordance to the
IUCN Red List criteria. To conduct a first comprehensive stock assessment of the South
African soupfin shark stock, we fitted available catch and abundance indices with JABBA
- a Bayesian State-Space Surplus Production Model. The four alternative scenarios
estimated maximum sustainable yield (MSY) between 279 and 470 tons and median
estimates for B/BMSY from the four scenarios ranged between 0.20 and 0.28. Biomass as a
proportion of pristine biomass (B/K) ranged between 0.10 and 0.14 for all four scenarios.
All scenarios produce B/BMSY trajectories that declined between 1952 and 2016, in
conjunction with a steady increase of F/FMSY is observed for the period. Individual Kobe
biplots were similar among all scenarios and each indicated a >99% probability that
soupfin shark stocks in South Africa is currently overfished and subject to overfishing. The
sensitivity of the base case to varying catchability associated with each CPUE index, as
well as omitting indices with limited information, was inconsequential. The results’
robustness to the retrospective analysis provide a degree of confidence in the predictive
capabilities of the assessment and, therefore, the model’s ability to inform management
decisions by means of future projections under alternative quota. To ensure that soupfin
shark biomass has an increasing (positive) trajectory by 2024 with an 80% probability, a
decrease in catch to below 100 tons per annum is required. This could be mostly attained
by implementing the proposed slot limit immediately and introducing a PUCL in the order
of 20 tons, combined with a move-on rule, for the trawl fishery (including the mid-water
trawl). A further reduction of 40 tons would be required across all fisheries to meet the 100
ton catch limit.
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1. INTRODUCTION
Soupfin sharks (Galeorhinus galeus), globally referred to as tope, are medium-sized sharks
that are globally distributed in temperate waters. Commercially it is one of the top five
most valuable shark species in South Africa. Soupfin sharks are slow growing and longlived with a maximum age of 70 years reported in some regions. A detailed overview of
biology for this species is available in da Silva and McCord (2013). This life-history,
combined with shoaling behaviour is not conducive to intensive targeted fisheries. The
life-history of soupfin sharks make it highly susceptible to overexploitation and most
global soupfin shark fisheries are overfished.

Commercial-scale exploitation of chondrichthyans in South Africa started in the 1930s
(von Bonde 1934), with a focus on soupfin sharks Galeorhinus galeus in traditional fishing
villages in the Western Cape. This fishery used handline and targeted inshore demersal
sharks for their livers to be used in the production of Vitamin A oil. By the 1940s, catches
of soupfin sharks had declined (Davies 1964) as targeting shifted.

In the 1990s there was renewed interested in sharks and a shark-directed longline fishery
was established (Kroese and Sauer, 1998). This fishery eventually split into the pelagic
shark longline fishery targeting blue shark (Prionace glauca) and shortfin mako shark
(Isurus oxyrhinchus) and the demersal shark longline fishery targeting soupfin shark and
smoothhound shark (Mustelus mustelus). During this period, over 30 permits were issued,
but as a result of underutilization of rights and poor performance permit numbers in the
demersal longline were decreased to 6 vessels. As the majority of Rights Holders (RH)
own multiple rights in different fisheries, there have seldom been more than 3 vessels
operating at the same time (Fisheries/LSWG/01/Feb2019_Rev1). In 2013 rights in the
demersal shark longline fishery was reallocated during the Fisheries Resource Allocation
Process (FRAP 2013). During FRAP 2013 two of the most productive vessels were
removed from the fishery. Following appeals, both vessels regained their rights and carried
on fishing in 2015. Annual landings have fluctuated widely due to variation in demand and
price (Fisheries/LSWG/01/Feb2019_Rev1, da Silva and Burgener, 2007). A detailed
history and an overview of chondrichthyan catches in South African fisheries are available
in da Silva (2015).
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The soupfin shark is caught in the following fisheries: demersal shark longline fishery,
recreational linefishery, commercial line fishery, beach seine and gillnet fishery and the
inshore trawl (daSilva et al. 2015). Catch data are available for the fisheries that contribute
an estimated 98% of the catch (daSilva et al. 2015), namely demersal shark longline,
commercial line fishery and trawl fishery, the catches for which are shown in Figure 1.
Thus far the only available stock estimate stems from a preliminary per-recruit calculation
conducted in 2005, which indicated that soupfin shark spawner biomass was at 43% of
pre-exploitation levels at that time. Here we present a first comprehensive assessment of
soupfin shark based on the Bayesian state-space surplus production model framework
JABBA (Winker et al. 2018), based on the scientific survey index and catches from the
three main fisheries. The trend analyses tool JARA (Winker and Sherley, 2019) was used
to development a complementary risk analysis by quantifying population trend against
decline thresholds based on fisheries independent data only.

2. METHODS
2.1 Fishery input data
2.1.1 Trawl data
Reported catch of soupfin sharks and unidentified sharks (t) were extracted from the
demersal trawl database for the period 2000 to 2016. The application of the original
conversion factor (dressed weight to total weight: 2.6) was reversed and an updated
conversion factor of 1.51 (de la Cruz, 2015) was applied to the soupfin catch instead.
Assuming that the unidentified sharks reported by the trawl fishery was a combination of
soupfin, smoothhound and whitespotted smoothhound sharks, the proportion of soupfin
caught was assumed to be equal to 0.63; the average proportion of reported catches of
houndshark and soupfin from 2005 to 2016. The reported catch of soupfin shark was
upscaled by this proportion. No sharks were reported on species level prior 2003, therefore
the average soupfin catch of the years from 1990 to 2002 was assumed equal to the
average catch from 2003 to 2009. The trawl catch time-series is from 1990 – 2016,
including estimated data.

2.1.2 Commercial linefish data
Catch data were extracted from the National Marine Linefish System (NMLS) database
and the updated conversion factor of 1.51 (de la Cruz, 2015) was applied to the reported
soupfin catch. As the reporting category “unidentified sharks” contains a proportion of
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soupfin shark that has been linearly decreasing over the years, these catches were added in
the following way: the ratio (P) of soupfin to houndshark in the catch reported to species
level in the NMLS was calculated for each year. A log-linear regression was then applied
to these annual values from 2000 to 2016 to calculate average ratio. This was used to
convert “unidentified sharks” to soupfin catches, which was then added to the reported
soupfin shark catch data. The linefish catch time-series is from 1990 – 2016. To determine
historical catches, shark dealer sales data from Gansbaai, the centre of the shark fishery
from the 1950s and the origin of the bulk of the historical catch, were converted to total
weight by applying the updated conversion factor of 1.51 (de la Cruz, 2015). To account
for the catches from other areas, the overlap with the NMLS catch return data was used to
raise the Gansbaai catch, assuming a constant ratio of 1.54, calculated as the Gansbaai
dealer return divided by the Sum of NMLS catch return for the year 1987. The historical
catch, or dealer return sales time-series is from 1952 – 1989.

2.1.3 Demersal shark longline data
Catch data were extracted from the DAFF Demersal shark longline database. Reported
dressed weight extracted for 1990 to 2016 was converted to total weight applying the
conversion factor of 1.51 (de la Cruz, 2015). The demersal shark longline catch time-series
is from 1992 – 2016.

2.1.4 Abundance index (CPUE)
Long-term abundance data were obtained from demersal research trawl surveys that were
conducted in autumn and spring along the south coast (1991-2016) by the Fisheries Branch
of the South African Department of Environment, Forestry and Fisheries. Annual density
estimates (kg per nmi2 area swept) were estimated using the geostatistical delta-GLMM by
Thorson et al. (2015). The application of the delta-GLMM to South African trawl survey
index standardization has been described in Thorson et al. (2016) and Winker et al. (2016).
Although demersal trawl surveys commenced in 1984, we only considered the period from
1991 onwards due to improvements in chondrichthyan identification following the initial
survey years.

2.2 Intrinsic rate of population increase and generation length
The intrinsic rate of population increase r is one of three key parameters in the surplus
production model assessment, which also represents an integrated measure of population
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resilience. We calculated r as the dominant eigenvalue for a Leslie matrix as a function of
survival and reproductive rate per spawning biomass. The calculation requires life history
parameters describing somatic growth, survival, maturation and the annual reproductive
rate (Myers et al. 1999). A second important quantity that is derived from the Leslie matrix
is generation length GL that is widely used for determining the assessment horizon for
trend analysis (IUCN) and the projection horizon in stock assessments. We generated
plausible distributions of life history input values (Figure 2) from joint Multivariate
Normal distributions based on means and covariance predicted from FishLife 2.0
(Thorson, in press). FishLife 2.0 is an integrated analysis of all life history parameters from
FishBase (www.fishbase.org) and spawning-recruitment relationship (SSR) data series
from the RAM Legacy Database (Ricard et al., 2012). The integration of SSR represents
an extension of FishLife 1.0 (Thorson et al., 2017; https://github.com/JamesThorson/FishLife), which now enables to approximate distributions of the steepness values
for the Beverton and Holt SSR. The FishLife model estimates plausible combinations of
life history parameters nested within taxonomic relationships by employing hierarchical
multivariate statistics on available data. Results are used to propagate parameter
uncertainty and correlation structure into the formulation of the r prior by employing
Monte-Carlo simulation.

This method yielded an r value of 0.041 with a CV of 0.154 and a median generation
length of GL = 23.1 year with a CV of 0.06 (Figure 3). The predicted distribution of
plausible r values fell centrally within the range of r = 0.025 - 0.055 reported in published
literature (Cortés et al. 2000, Smith et al. 1998, Au et al. 2008).

2.3 Abundance trend analysis JARA
Just Another Red List Assessment ‘JARA’ a Bayesian state-space tool for IUCN redlisting (Winker and Shirley 2019; github.com/henning-winker/JARA) was used to examine
the abundance trends for soupfin shark. The relative abundance indices from the demersal
scientific trawl survey were used to examine the population trajectory following an
exponential state-space population model of the form:
𝜇𝑡+1 = 𝜇𝑡 + 𝛽𝑡 ,
where 𝜇𝑡 is the logarithm of the expected abundance in year t, and 𝛽𝑡 is the normally
distributed annual rate of change with the mean, the estimable mean rate of change for a
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population, and process variance 𝜎 2 . We linked the logarithm of the observed relative
abundance 𝑦𝑡,𝑖 in the year t for index i (where multiple indices were available for the same
fishery or region) to the expected but unobserved abundance 𝜇𝑡 in year t,
𝑙𝑜𝑔(𝑦𝑡,𝑖 ) = 𝜇𝑡 + 𝑙𝑜𝑔(𝑞𝑖 ) + 𝜀𝑡,𝑖 ,
where 𝑞𝑖 is a scaling parameter (catchability) for index i. The abundance index with the
oldest record (here the old gear autumn survey index) is taken as a reference index by
fixing 𝑞𝑖 = 1 and the other indices are scaled to this reference index, respectively with
𝑞𝑖…..𝑛 being estimable model parameters. We used a non-informative normal prior for
𝛽̂ ~𝑁(0,1000). The priors for the process variance and estimable “additional” observation
variances were specified as uninformative inverse-gamma distributions. Total observation
variance was taken as the sum of geo-GLMM estimated squared standard errors and the
estimable variance, which was assumed to be common for all indices.

Two MCMC runs were carried out. The first 1000 iterations of each chain were discarded
as burn-in, and of the remaining 10,000 iterations, 5,000 were selected for posterior
inference. Thus, posterior distributions were estimated from 20,000 iterations. Analyses
were performed using the R Statistical Software v3.5.0 (R Core Team 2018), via the
interface from R (‘r2jags’ library v 0.5-7; Su and Yajima 2015) to JAGS (‘Just Another
Gibbs Sampler’ v4.3.0; Plummer 2003). Convergence was diagnosed using Geweke’s
diagnostic (Geweke 1992) with thresholds of p = 0.05, via the ‘coda’ library (v0.19-1;
Plummer et al. 2006).

The estimated posterior of the population trend for year t is then given by:
𝐼̂𝑡 = 𝑒𝑥𝑝(𝜇𝑡 )
The percentage change C% was directly calculated from the posterior distribution of the
estimated population time series. The year 𝑡 + 1 is always projected to obtain a three-year
average around t. We used a three-year average to reduce the influence of short-term
fluctuation (Froese et al. 2017). If the observation period was shorter than 3 × GL, JARA
automatically projects forward, by passing the number of desired future years without
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observations to the model, to attain an estimate that spans 3 × GL + 2 years for the
calculation of C%. These projections were based on the posteriors of the estimated decline
across all n years in the observed time series.

For the soupfin shark analysis we evaluated two assessment horizons. The first represents
the available abundance time series (1991 - 2016), which was achieved by fixing the GL
input value to one-third of the 26 year observation period (i.e. GL = 26/3 ~ 8.5 years). The
second applies the estimated GL = 23.1 (Section 2.2) in accordance with the IUCN
assessment criteria (Winker and Sherley 2019), involving projections over 45 years into
the future to attain an assessment horizon of 3 × GL + 2 years.

2.4 JABBA Assessment Model
The stock assessment was implemented using the Bayesian state-space surplus production
model framework JABBA (Winker et al., 2018), version v1.5beta (github.com/HenningWinker/JABBAbeta). JABBA’s inbuilt options include: (1) automatic fitting of multiple
CPUE time-series and associated standard errors; (2) estimating or fixing the process
variance, (3) optional estimation of additional observation variance for individual or
grouped CPUE time-series, and (4) specifying Fox, Schaefer or Pella-Tomlinson
production function by setting the inflection point BMSY/K and converting this ratio into
the shape parameter m. A full description of the JABBA model, including formation and
state-space implementation, prior specification options and diagnostic tools is available in
Winker et al. ( 2018).

2.4.1 JABBA parameterization
Key priors required to be specified in JABBA are the intrinsic rate of population increase
r, the carrying capacity K, and the initial biomass depletion at the start of the available
catch time series φ. For the base-case scenario, we considered the r prior derived from the
Monte-Carlo simulation in Section 2.2 with r ~ LN(log(0.041),0.154). As alternative
scenarios (S2 and S3), we explored the lower (r = 0.025) and upper (r = 0.055) reported
values from literature assuming the same CV = 0.154 as for base-case (S1). Due to
remaining uncertainty about the reconstructed catch time series we admitted catch
observation error with a CV = 0.2 for the three resulting r prior scenarios. A fourth
scenario was parameterized with the base-case r prior but assumed catches to be known
without error (Table 1).
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For K we assumed a vaguely informative lognormal prior with a mean 50,000 metric tons
and CV of 200% (Table 1). Initial depletion in 1962 was set at with mean = 1 and CV of
10% assuming stock levels around the theoretical carrying capacity K. All catchability
parameters were formulated as uninformative uniform priors, while the observation
variance was implemented by assuming inverse-gamma priors. The estimable “additional”
observation variance was specified as uninformative inverse-gamma distributions. Total
observation variance was taken as the sum of geo-GLMM estimated squared standard
errors and the estimable variance, which was assumed to be common for all indices (see
details in Winker et al. 2018). The prior for the process variance was fixed at 0.05,
assuming fairly low stochastic biomass variation considering the long generation length
(Winker, 2018).

2.4.2 Model execution
JABBA is implemented in R (R Development Core Team, https://www.r-project.org/) with
JAGS interface (Plummer, 2003) to estimate the Bayesian posterior distributions of all
quantities of interest by means of a Markov Chains Monte Carlo (MCMC) simulation. The
JAGS model is executed from R using the wrapper function jags() from the library r2jags
(Su and Yajima, 2012), which depends on rjags. In this study, two MCMC chains were
used. Each model was run for 30,000 iterations, sampled with a burn-in period of 5,000
iterations for each chain and thinning rate of five iterations. Basic diagnostics of model
convergence included visualization of the MCMC chains using MCMC trace-plots as well
as Heidelberger and Welch (1992), Geweke (1992) and Gelman and Rubin (1992)
diagnostics as implemented in the coda package.

2.4.3 Sensitivity
To assess the sensitivity we used the base case (Scenario 1) to test for the varying
catchability to different CPUE time series. Five sensitivity runs were conducted as follows:
(Base) q was estimated for all four individual survey abundance indices (Spring-old gear
(SP.OG), Spring new-gear (SP.NG), Autumn old-gear (AU.OG), Autumn new-gear
(AU.NG)). (1) Separate estimation of q for different seasons, (2) separate estimation for q
for the different gears. (3) A single q for all four CPUE time series. (4) Exclusion of
(SP.OG) with individually estimated q and (5) Exclusion of all spring surveys, with
individually estimated q.
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Runs tests were applied to the residuals of each CPUE index fit for all six sensitivity runs
to quantitatively evaluate the randomness of the time-series of CPUE residuals by index
(Carvalho et al. 2017). The runs test was implemented using the function ‘runs.test’ in the
R package ‘tseries’ (Trapletti, 2011). Novel R plots were developed here as an aid to
visualize results obtained from residuals runs tests. The plots visually identify p-values
obtained from the runs test for each series. The plots also identify individual time-series
data points further than three standard deviations away from the mean (the three-sigma
rule), which is another test used to detect non-random time series (e.g., see Anhøj and
Olesen 2014).

2.5 Slot limit
A slot limit of 70 to 130 cm TL for demersal sharks was first proposed in 2011 (LFSWG
2011 August #8 Slot limits for sharks) and included into the scientific advice in the
commercial linefishery and the demersal shark longline fishery in 2015. However, it has
not been implemented to date, despite being signed off by the delegated authority and its
gazetting being endorsed at Ministerial level. The slot limit was designed as a
precautionary conservation method to restrict catches to medium sized sharks only to
protect juveniles and animals larger than 7 kg (approximately 130 cm), whose meat is of
inferior quality and value. Fishers obtain maximum value for catches while releasing
larger, more fecund (and less valuable sharks). The potential effect of the slot limit on
commercial linefish and demersal shark longline catches was analysed using fisheryspecific length frequency data.

Length frequency data were collected from National Marine Linefish database between
2008 and 2010 (n= 3 830) and data collected by the Demersal Shark Longline Observer
programme that was in place between 2008 and 2009 (n=126). Length frequencies from
each fishery were used to calculate proportions of total catch weight per size class using
the Length-Weight relationship by McCord (2005) and applied to the average catch
between 2010 and 2017 per fishery. Catch outside the slot limits was removed. Slot limits
were calculated separately for each fishery.
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3. RESULTS
3.1 JARA
The fitted abundance trends closely followed standardized research trawls abundance
indices from the geostatistical delta-GLMM indicating a continuous downward trend
between 1991 and 2016 (Figure 4). The annual rate of change was fairly consistent over
the observation period at approximately -2.7% per annum (Figure 4d). The JARA trend
analysis indicated that there was a more than 50% probability that soupfin shark have
declined by 50% or more (Figure 5 a & c). The decline over three generation lengths was
85.1% and there is a 60.6% probability that the soupfin shark would fall into the IUCN
Critically Endangered category when assessed over generation lengths (Figure 5b & 5d).

3.2 JABBA
Plots showing the prior and posterior distributions (Figure 6) indicate that the data were
sufficiently informative specified prior distributions for intrinsic rate of population
increase (r) and initial depletion (ψ) were informative. The posterior distribution for the
theoretical carrying capacity (K) was strongly informed by the historical catch information
as indicated by the small posterior to prior variance ratio (PPVR = 0.07). There is no
evidence to suggest model misspecification.

Observed and predicted abundance indices showed a continuously declining trend for the
period 1991-2016 with available fisheries-independent abundance data (Figure 7).
Similarly, combined commercial catches show a downward trend between the peak 1957
(2,715 t) and 2016 (330 t), however large fluctuations in catch occurred in the period 19752010 (Figure 1). All four scenarios indicate that fishing pressure (F/FMSY) increased
dramatically from 1952 to peak in the early 1960s, after which there was a steady decline
with a period of relatively low fishing pressure (F/FMSY) observed in the late 1980s. After
1990, fishing pressure (F/FMSY) again increased and fluctuated around this level until a
recent decline (Figure 8). The unsustainable fishing pressure observed in the early 1960s
resulted in soupfin biomass falling below MSY (B/BMSY<1) in the mid-1960s and the trend
is never reversed. As such, a steady decline in soupfin shark biomass is evident from 1952
to 2016 (Figure 8).
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In the base case scenario, carrying capacity was estimated as K = 37,225 tons, maximum
sustainable yield as BMSY = 18,612 tons and annual maximum sustainable yield between
MSY = 284−550 t per annum. Model estimates from the base-case scenario indicate that
soupfin shark biomass has decreased from 94% of carrying capacity in 1952 (B1953/K =
0.94) to 13% of carrying capacity in 2016 (B2016/K = 0.13). Current fishing pressure is over
three times greater than fishing pressure required to reach MSY (FMSY = 3.4). A detailed
comparison of model estimates (95%CIs) among the four scenarios is provided in Table 2.

The Kobe stock status biplots (Figure 9) were similar for all scenarios and show a
cumulative >99% probability that the soupfin shark stock is currently overfished
(B2016/BMSY < 1) and still being subjected to overfishing (F2016 /FMSY > 1). According to the
projection plot (Figure 13), current catch levels (329 t) will result in further depletion and
possible commercial extinction before 2055. Furthermore, the soupfin shark stock will
only start to rebuild (positive biomass trajectory) if catches were decreased to below 100
tons per annum - this recovery is, however, extremely slow.

The runs test (Figure 10) for the base case provided no evidence to reject the hypothesis of
randomly distributed residuals for all indices included. However, runs tests for sensitivity
runs 1-3 highlighted potential issues in the short indices. The ‘drop one’ sensitivity
analysis indicates that estimating catchability, q, for new and old survey trawl gear
separately (Sen1) and removing the spring survey data (Sen5) produced the most
optimistic assessment outcome - the other sensitivity runs were very similar to the base
case (Figure 11). However, none of these sensitivity analyses significantly altered the
assessment stock status as even the most optimistic sensitivity (Sen5) estimate for B/BMSY
remains well below 1 (B/BMSY = 0.3). The retrospective analysis (Figure 12) produced
highly consistent stock status estimates back to 2005, showing negligible departures. The
lack of evidence for an undesirable retrospective pattern provide a degree of confidence in
the predictive capabilities of the base-case model, suggesting that it is suitable for making
future projections (Figure 13)

3.3 Slot limits
A slot limit was first proposed by the Linefish Scientific Working Group in 2015 (LSWG
2015), to reduce juvenile shark mortality and to prevent large sharks, which are prone to
accumulate high levels of heavy metals from being targeted. The recommendations were
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signed off by the delegated authority and by the minister for gazetting in 2018. Soupfin
sharks caught by the demersal shark longline fishery (900 and 1900 mm TL) were larger
than those caught by the commercial linefishery (300 and 1300 mm TL). Average catches
of soupfin sharks between 2010 and 2017 for the commercial linefishery and the demersal
shark longline fishery were 168.8 and 55.0 tons, respectively. The implementation of the
slot limit potentially induces a 31% and a 93% reduction of catches in the commercial
linefishery and the demersal shark longline fishery, decreasing catches to at least 117 and 4
tons for the two fisheries, respectively. A further truncation of the population from the
time of the last length frequency data collection is likely to result in a larger decrease than
this estimate suggests.

4. RECOMMENDATIONS
All assessment scenarios indicated a >99% probability that soupfin is fished unsustainably
(HMSY>1). Biomass in 2016, the terminal year time series, was estimated at 13% of
carrying capacity and 25% of the biomass at maximum sustainable yield. At current catch
level (329 t), depletion is projected to continue and result in commercial extinction of
soupfin before 2055 with more than 97.5% probability. Given these results we recommend
urgent steps to be taken to reduce fishing mortality for soupfin sharks.

If fishing mortality is reduced to zero (full closure), projections suggest that soupfin shark
biomass will not reach BMSY by the end of the projection period (2070) with more that 50%
probability. However, such a large reduction in catch is not feasible. In 2019, the LSWG
propose a fishing mortality target reference point that would result in an observed increase
in the soupfin shark biomass trajectory within 5 years with an 80% probability. For such
an increase to occur fishing mortality needs to be reduced to below 100 tons. The demersal
shark fishery, of which soupfin is one of the two target species is catching the least.

Given the results of the slot limit analysis, immediate implementation of this management
intervention would drop catches to less than 117 and 4 tons in the commercial linefishery
and demersal shark longline fishery, respectively, noting that this reduction likely makes
the demersal shark fishery unviable. A PUCL in the order of 20 tons combined with a
move-on rule would need to be placed on the trawl fishery (including the mid-water trawl)
so that catches of soupfin sharks are reduced across all fisheries that impact them and the
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rebuilding can be initiated.

A further reduction of 40 tons is required to meet the 100 ton

catch limit as suggested by JABBA.
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6. TABLES

Table 1. Summary of prior and input parameter assumptions used in the 2019 JABBA
assessment for soupfin sharks Galeorhinus galeus.

Parameter

Description

Prior

µ

CV

Scenario

K

Carrying capacity

lognormal

50000

2

1,2,3,4

r

Population growth rate

lognormal

0.041

0.154

1,4

lognormal

0.025

0.154

2

lognormal

0.055

0.154

3

ψ (psi)

Initial depletion

lognormal

1

0.1

1,2,3,4

2 (proc)

Process error variance

fixed

0.05

0

1,2,3,4

catch error

Annual total catch

lognormal

-

0.2

1,2,3

catch error

Annual total catch

Fixed

-

0

4
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Table 2. Summary of posterior quantiles denoting the 95% credibility intervals of parameter
estimates for four initial JABBA scenarios for soupfin shark Galeorhinus galeus.
Scenario 1 (Base)

Scenario 2

Estimates

Median

2.50%

97.50%

Median

2.50%

97.50%

K

37225

28560

51265

43166

32775

60215

r

0.04

0.03

0.06

0.03

0.02

0.04

ψ (psi)

0.95

0.8

1.08

0.95

0.81

1.08

σproc

0.05

0.05

0.05

0.05

0.05

0.05

2

2

2

2

2

2

m
FMSY

0.02

0.02

0.03

0.01

0.01

0.02

BMSY

18612

14280

25633

21583

16388

30107

MSY

394

284

550

279

193

411

B1952/K

0.94

0.78

1.04

0.94

0.79

1.04

B2016/K

0.13

0.06

0.22

0.1

0.05

0.18

B2016/BMSY

0.25

0.12

0.44

0.2

0.1

0.37

F2016/FMSY

3.39

1.82

6.99

5.92

2.99

12.57

Scenario 3

Scenario 4

Estimates

Median

2.50%

97.50%

Median

2.50%

97.50%

K

33185

25711

44481

37721

28662

50745

r

0.06

0.04

0.08

0.04

0.03

0.06

ψ (psi)

0.95

0.8

1.08

0.94

0.8

1.07

σproc

0.05

0.05

0.05

0.05

0.05

0.05

m

2

2

2

2

2

2

FMSY

0.03

0.02

0.04

0.02

0.02

0.03

BMSY

16593

12855

22240

18861

14331

25372

MSY

470

347

636

397

285

543

B1952/K

0.94

0.79

1.04

0.93

0.78

1.04

B2016/K

0.14

0.07

0.26

0.11

0.05

0.23

B2016/BMSY

0.28

0.14

0.52

0.22

0.11

0.46

F2016/FMSY

2.57

1.27

5.3

3.81

1.81

7.86
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7. FIGURES

Figure 1. Time-series of estimated catch in metric tons (t) for soupfin shark Galeorhinus
galeus (1952-2016).
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Figure 2. Kernel densities showing the predicted multivariate normal distributions of key
life history parameters for soupfin shark Galeorhinus galeus, which were generated from
FishLife 2.0.
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Figure 3. Predicted probability density distribution for the intrinsic rate of population
increase r and generation length (GL) for soupfin shark Galeorhinus galeus. The vertical
lines denotes the medians of r = 0.041 (CV = 0.154) and GL = 23.1 year (CV = 0.066).
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Figure 4. (a) Standardized research trawl abundance indices, with error bars denoting 95%
CIs; (b) JARA model fits (black line) and 95% CIs to observed relative abundance indices
(coloured points); (c) lognormal residuals of observed versus predicted abundance indices
(coloured points) with boxplots (grey bars) indicating the median and quantiles of all
residuals available for any given year, and a loess smoother (black line) through all
residuals to highlight any systematically auto-correlated residual patterns.; and (d) the
posterior probability for the percentage annual population change calculated from all the
observed data (1991-2016; in black), from the last 1 x GL (here 8.5 years; in blue), from
the last 2 x GL (in green) and 3 x GL (in red), with the medians (solid lines) shown
relative to a stable population (% change = 0, black dashed line). SC = South Coast, Au =
autumn, Sp = spring, NG = new gear, OG = old gear.
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Figure 5. JARA trend analysis results for the soupfin shark Galeorhinus galeus, based on
data from demersal trawl surveys off South Africa showing a) the observed (black line)
and predicted (red line) trajectory and b) observed (black line) and predicted (red line)
population trajectory over 3 generations (63 years), c) the median population change to
date and corresponding probability for rates of population falling within IUCN Red List
Categories, d) the median population size change over three generation lengths and
corresponding probability for rates of population reduction falling within IUCN Red List
Categories.
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Figure 6. Prior and posterior distribution of various model and management parameters
for the Bayesian state-space surplus production model JABBA Base Case scenario for
soupfin sharks Galeorhinus galeus.
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Figure 7. Time-series of observed (circle and SE error bars) and predicted (solid line)
CPUE of soupfin shark Galeorhinus galeus for the Bayesian state-space surplus
production model JABBA. Shaded grey area indicates 95% C.I. SC = South Coast, Au =
autumn, Sp = spring, NG = new gear, OG = old gear.
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Figure 8. Predicted trajectories of F/FMSY and B/BMSY for each of the four scenarios in the
soupfin shark Galeorhinus galeus assessment. Grey shaded areas denote 95% CIs.
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Figure 9. Kobe plots indicating the estimated trajectories (1952-2016) of B/BMSY and
F/FMSY for all scenarios of the Bayesian state-space surplus production model JABBA
assessment for soupfin shark Galeorhinus galeus. Different grey shaded areas denote the
50%, 80%, and 95% credibility interval for the terminal assessment year. The probability
of terminal year points falling within each quadrant is indicated in the figure legend.
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Figure 10. Runs test plots for each CPUE in index fitted in the six sensitivity runs,
showing the residuals for the different catchability estimates, q, on all CPUE indices
(Base, Sen1 – Sen3) as well as dropping the spring-old gear (SC.SP.OG) survey index
(Sen4) and dropping both spring survey (SC.SP.OG and SC.SP.NG) indices (Sen5).
Green panels and red panels denotes if the null hypothesis of a random residual
distribution cannot be rejected (pass) or is rejected (fail; p < 0.05), respectively. The inner
shaded areas denote the 3-sigma-limits and red observations identify a specific year with
residuals falling outside than these threshold limits.
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Figure 11. Sensitivity analysis showing the influence of different catchability estimates, q,
on all CPUE indices (Base, Sen1 – Sen3) as well as dropping the spring-old gear
(SC.SP.OG) survey index (Sen4) and dropping both spring survey (SC.SP.OG and
SC.SP.NG) indices (Sen5) on predicted stock biomass (B), fishing mortality (F),
proportion of pristine biomass (B/K), surplus production function (maximum = MSY) and
the stock status trajectories F/FMSY and B/BMSY for soupfin shark Galeorhinus galeus.
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Figure 12. Retrospective analysis based on the JABBA base-case scenario (S1) for soupfin
sharks Galeorhinus galeus. The label “Ref” indicates the base case model fitted to the
entire abundance time series 1991–2016. The numeric year label indicates the
retrospective results from the retrospective peel that includes data through to the
referenced year.
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Figure 13. Projections based on the JABBA Base Case (S1) for soupfin shark Galeorhinus
galeus for various levels of future catch. The dashed line highlight the biomass levels at
MSY (BMSY). The 2016 total catch was 329 tons.

30

