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Editorial on the Research Topic 


Data-limited research in stock assessment to increase the understanding of fisheries resources and inform and improve management efforts


Management thinker Peter Drucker is often quoted as saying “You can’t manage what you can’t measure.” Drucker means that you cannot know whether or not you are successful unless success is defined and monitored. Such a quote is fully applicable to fishery science because only when we can estimate the status of stocks can we provide meaningful and successful management advice: that which gets measured gets managed. However, an increasing share of fishers’ income is derived from fish from stocks whose status remains unassessed. In such situations, a simple rough model might be more useful than no model at all.

The main reasons for the lack of assessment and associated formal harvest control rules are often associated to:

	– lack of (quality) data to reliably inform a fully integrated stock assessment.

	– limited capacity and funding.

	– associated fishery characteristics, including inconsistent targeting practices, numerous unregulated operators, or profound cultural issues.

	– the challenge of selecting from numerous possibilities and the most appropriate assessment and management options given the fishery’s context.



However, many methods have been developed to assist in the assessment of the status of so-called data-limited stocks. Although not based on complex integrated models increasingly used in stock assessments, data-limited assessment methods, particularly when paired with precautionary harvest control rules, provide a reliable understanding of the stock status and might be used to achieve fishery sustainability.

A brief search on the Scopus database (www.scopus.com) highlighted approximately 360 documents produced between 1993 and 2023 pertaining to this area of research (TITLE-ABS-KEY [(“data-limited” OR “data poor”) AND “stock assessment”)]. The bibliographic analysis showed an exponential increase with time, especially for “data-limited” approaches (Figure 1). These studies regarded mainly northern hemisphere countries (Figure 2).




Figure 1 | Number of publications by year relevant to this research topic. Source: www.scopus.com.






Figure 2 | Number of publications by country relevant to this research topic (only countries with more than 15 documents are presented). Source: www.scopus.com.



The RT included 22 papers from various countries (two from the US, five from Med, and eight from China). The works of the RT are distributed mainly around several topics:

	The first application of the data-limited approach to new species (e.g., Angelini et al., 2021; Falsone et al., 2021; Geraci et al., 2021; Shi et al., 2022; Tsikliras et al., 2021; Wang et al., 2021; Wang et al., 2022; Zhang et al., 2021; Zhang et al., 2022; Zhu et al., 2021).

	The application of several data-limited approaches for comparison to the same species (e.g., Meissa et al., 2021; Simard et al., 2021; Zheng et al., 2022).

	The development of the application of complex approaches adapted for data-limited situations (e.g., Harford et al., 2021; Mannini et al., 2020; Omori et al., 2021; Rudd et al., 2021; Sá́nchez-Maroño et al., 2021).

	The assessment and forecasting approaches for data-limited species (e.g., Armelloni et al., 2021; Pantazi et al., 2020).

	how data-limited stocks can undermine a formal management process (e.g., Kell et al., 2022).

	The formal management harvest control rules for data-limited fisheries (e.g., Sanchez-Marono et al., 2021; Xia et al., 2021).



From the analysis of the keywords used in the 22 published manuscripts, the heterogeneity in covered topics is evident. However, the most used methodologies within the data-limited paradigm are production models (cited in 16 manuscripts) and length-based approaches (cited in six manuscripts).

Overall, this Research Topic provided a ground for discussing the potential of data-poor methods to be applied in fishery assessments as well as limitations on their use. Moreover, the studies covered a management perspective with a clear objective of resource conservation, sustainable exploitation, economic viability, and a combination of these and other aims. Although many of the data-poor studies in the present RT concentrate on the assessment of the status of biological resources, the overall conclusion is that the proper management of data-limited fisheries has specific research needs to be developed in the following years. These would focus on the application of artificial intelligence in stock assessment methodologies and the implementation of data collection programs dedicated to the understanding of specific parameters (e.g., carrying capacity). Such needs have also to take into account the state of the art depicted in the 22 scientific studies collected under this RT.
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There is a growing number of methods to assess data-limited stocks. However, most of these methods require at least some basic data, such as commercial catches and life history information. Meanwhile, there are many commercial stocks with an even higher level of data limitation, for which the inference of stock status and the formulation of advice remain challenging. Here, we present a stepwise approach to achieve the best possible understanding of extremely data-limited stocks and facilitate their management. As a case study we use a stock of the shrimp Plesionika edwardsii (Decapoda, Pandalidae) from the eastern Mediterranean Sea, where the only available data was a sub-optimal sample of length frequencies coming from a small-scale trap fishery. We use a suite of different methods to explore and process the data, estimate the growth parameters, estimate the natural and fishing mortalities, and approximate the reference points, in order to provide a preliminary evaluation of stock status. We implement multiple methods for each step of this process, highlighting the strong and weak points of each one of them. Our approach illustrates the better insights that can be gained by applying ensembles of models, rather than a single ‘best’ model when working with limited data of poor quality. The stepwise approach we propose here is transferable to other extremely data-limited stocks to elucidate their status and inform their management.

Keywords: ensemble modeling, growth, mortality, Plesionika, reference points


INTRODUCTION

Depending on the amount of available information, fish stocks can be characterized as data-rich or data-limited. Data-rich stocks contain enough information to carry out analytical stock assessments, while data-limited ones do not. However, there are several levels of data-limitation. The International Council for the Exploration of the Sea (ICES) identifies six different stock categories with regards to data availability (ICES, 2012). Categories 1 and 2 include data-rich stocks with age-structured catch and survey data allowing quantitative assessments. These assessments are considered to describe adequately the true trends of stock size and exploitation levels; as such, trends of category 1 and 2 stocks are used to monitor the effectiveness of fisheries regulations (STECF, 2020). Categories 3–6 include stocks with progressively increasing data limitations. In category 3, survey data are available which can indicate trends of mortality rates, recruitment, and biomass. In category 4, a time-series of catch data is available which allows an approximation of maximum sustainable yield (MSY). In category 5, only landings data are available. Finally, category 6 includes negligible landings stocks and stocks caught as bycatch. This latter category of extremely data-limited stocks is the focus of the current study.

There is an ever-growing number of data-limited assessment methods focusing on stocks falling primarily within data categories 3 to 5. For example, for category 3 stocks, the survey-based assessment method (SURBA) (Beare et al., 2005) or the time-series analysis assessment (TSA) (Fryer et al., 1998; ICES, 2008) can be used to estimate population numbers and fishing mortality rates based on survey data. For category 3/4 stocks, surplus production models can be used to estimate biomass and exploitation level for commercial stocks when their age and size data is absent (Punt, 2003). These models are suitable for stocks with data from commercial catches along with indices of exploitable biomass (from catch-per-unit-effort, or survey data) (Polacheck et al., 1993). For example, Pedersen and Berg (2017) presented a stochastic surplus production model in continuous time (SPiCT) which combines dynamics of biomass and fisheries with remarked error of catches and biomass indices. For category 4/5 stocks, where only time-series of catches or landings are available, methods such as the CMSY have been proposed (Martell and Froese, 2013) to estimate extracted yields in relation to MSY. Froese et al. (2017) updated the CMSY method by using catch and productivity to assess biomass. In addition, this method can approximate exploitation rate, MSY and fishing reference points. Froese et al. (2017) also used a Bayesian state-space estimation model (BSM) (Meyer and Millar, 1999) to verify and evaluate the CMSY model.

The examples of data-limited methods mentioned earlier are not exhaustive, but they are indicative of the fact that most data-limited methods require at least some information from surveys, commercial catches and productivity in order to estimate stock status. However, in the case of extremely data-poor stocks (category 6), it is not possible to apply such methods. In such cases, the starting point is the estimation of life history traits, such as growth and maturity. These life history traits can be used order to infer sustainable harvesting strategies, even if the exact stock status is unknown (Froese, 2004; Froese et al., 2008; Prince and Hordyk, 2019). Growth parameter estimates can also be used to estimate mortality rates, approximate reference points, and infer the stock status; a suite of different methods exists for every step of this way (Gayanilo and Pauly, 1997). Recently, a new method for the analysis of extremely data-limited stocks of fish and invertebrate species was proposed: the Length-based Bayesian Biomass (LBB) method (Froese et al., 2018). LBB requires only length frequency distributions (LFDs) as an input, as it makes a series of assumptions for the estimation of the missing life history information. LBB’s key outputs are the current exploited biomass relative to unexploited biomass (B/B0) and the fishing mortality relative to natural mortality (F/M) (Froese et al., 2018).

Typically, in extremely data-poor situations it is difficult to identify a single method that produces the ‘best’ estimate of a given variable. In that case, an ensemble modeling approach combining the outputs from multiple methods can help produce more robust estimates (Dormann et al., 2018). This process can in turn inform fisheries management more effectively and facilitate measures to promote fisheries sustainability.

In this study, we present a stepwise methodological framework to estimate the stock status of extremely data-limited stocks. We illustrate the use of this framework by estimating the stock status of an extremely data-limited shrimp stock (Plesionika edwardsii, Decapoda, Pandalidae), which is a bycatch of a small-scale trap fishery in the eastern Mediterranean Sea. Our proposed framework includes various methods for estimating growth parameters, calculating mortality rates, approximating reference points and eventually characterizing stock status. We synthesize the outputs from different model combinations, illustrating the advantages from using an ensemble modeling approach, and compare our findings with the outputs from a relevant LBB. This way, we elucidate the stock status of the studied shrimp stock and deduce implications for its management, in a way that is reproducible to other extremely data-limited stocks.



MATERIALS AND METHODS


Sampling

Samples were collected in the Dodecanese archipelago (southeastern Aegean Sea) (Figure 1) from October 2014 to October 2015 on a monthly basis (except of February 2015 due to adverse weather conditions), under the framework of PLESIONIKA MANAGE project. PLESIONIKA MANAGE studied the biology and exploitation of Plesionika narval, a valuable fishery resource in the area (Kalogirou et al., 2017; Maravelias et al., 2018; Vasilakopoulos et al., 2019). P. edwardsii was a commercial bycatch of the fishery for P. narval, far less valuable than the targeted congeneric species.


[image: image]

FIGURE 1. Map of sampling area – Dodecanese Islands, southeastern Aegean Sea, eastern Mediterranean Sea.


Sampling depth ranged from 0 to 280 m and was divided in strata A (0–45 m; depth of thermocline in the summer), B (46–100 m; to the end of the continental shelf), C (>100 m). Circular traps covered with nylon-based net of a mesh size of 12 mm (knot to knot) and with an upper trap opening of 13 cm were used (Kalogirou et al., 2019). Fishing took place during night hours (20:30- 06:00); after 9.5 h all traps were hauled, and the catch was separated in two categories: target (P. narval) and by-catch species, the latter including P. edwardsii. A random sample of approximately 100 shrimps, mainly P. narval, was collected from each stratum. The number, size (carapace length and body weight), sex and maturity stage of P. edwardsii shrimps within these samples was also documented (Figure 2).


[image: image]

FIGURE 2. The basic steps (1–8) to assess an extremely data-limited stock, with a selection of associated methods.




Exploring and Processing Data

Carapace length (CL) was rounded at the nearest millimeter and LFDs were estimated by sex, maturation stage, month and depth strata, using length classes of 1 mm Due to the great variability of the sample size across months, standardized LFDs by month were estimated, by dividing the numbers of individuals within each length class by the total number of monthly samples (Figure 2). These standardized LFDs were used to:

(1) identify the main spawning periods;

(2) identify the depth distribution of males and females;

(3) estimate the sex ratio within each length class;

(4) create a length frequency object (LFQ) to be used for the estimation of the growth parameters. For this, the sex-combined LFD by month was restructured as a list object containing a catch frequency matrix, a vector of mid-lengths corresponding to rows of the catch matrix and a vector of sample dates corresponding to the columns of the catch matrix.



Estimation of Growth Parameters

This analysis was conducted using R programming language (R Core Team, 2020) and the TropFish R package (Mildenberger et al., 2017; Taylor and Mildenberger, 2017). To estimate growth parameters (Figure 2), the ELEFAN (Electronic Length Frequencies Analysis) program (available as tool in the TropFishR package) was used. ELEFAN calculates a moving average (MA) over the LFDs bin, and then compares the observed frequency with this average; values much above the average indicate a “true” mode (Pauly and David, 1981; Pauly, 1985). The LFQ file was prepared for running the ELEFAN by posing a MA to generate the Von Bertalanffy Growth Function (hereafter VBGF) estimations. For this, we set ranges for the infinite length (Linf) and growth coefficient (K) values, and a theoretical time zero (t0) at which individuals of this species hatch.

Preliminary estimations of Linf were done based on three different approaches:

• the Powell and Wetherall method (Powell, 1979; Wetherall et al., 1987): a linearizing transformation of length classes to estimate Linf by plotting Lmean – L’ and L’. Lmean is the mean length of all individuals greater than L’ and L’ is the smallest length of fully represented individuals in catches.

• the empirical formula from Froese and Binohlan (2000):Linf=e0.44 + 0.984log(Lmax)? with Linf being infinite length and Lmax being maximum observed length.

• the maximum carapace length observed in the samples.

The Powell and Wetherall method is very sensitive to intra-cohort variability in growth and to changes in the occurrence of large individuals in the sample, resulting often in underestimation of the Linf value (Schwamborn, 2018). Exclusion of the largest size classes during the regression procedure or weighing by abundance does not resolve these issues (Schwamborn, 2018). By contrast, the Froese and Binohlan formula tends to overestimate Linf values. Accordingly, two different length ranges for Linf were chosen to run ELEFAN. The first length range had a lower limit of Linf derived from the Powell and Wetherall method and the second one had a lower limit of Linf equal to the maximum length observed in the samples. The Linf value derived by the Froese and Binohlan formula was chosen as the upper limit for the length range of Linf in both cases.

The range of K values was set between 0.4 to 0.9 y–1, based on previous publications on the growth of this species (Santana et al., 1997; Company and Sardà, 2000; García-Rodriguez et al., 2000; Colloca, 2002).

Four different scenarios of the month when length is equal to zero (tanchor in ELEFAN, conceptually similar to t0 of the VBGF) were explored: (i) February, (ii) May, (iii) August, and (iv) November. The one resulting in the best fit and agreeing with the spawning information was chosen as the optimal t0 (Supplementary Figures 6, 7).

The MA value used in the ELEFAN analysis was set based on two different scenarios. The first scenario used the default setting in FISAT II (Gayanilo and Pauly, 1997), i.e., a width of 5 bins (1 bin = 1 mm) for each cohort. Indeed, the smallest cohort width was up to 5 bins so it was plausible to compare each bin with the average across 5 consecutive bins (i.e., ±2 bins to either side). However, taking into consideration that the MA settings can significantly affect the scoring of the growth curve (Taylor and Mildenberger, 2017) a second scenario was also tested, with a 7-bin cohort width.

The estimation of the best fit was based on searching for the VBGF parameters with the maximum score value (Rn) as a measure of relative fit:

[image: image]

where the Estimated Sum of Peaks (ESP) is the sum of peak values crossed by the growth curves, with the caveat that positively crossed bins are only counted once, while negatively crossed bins are counted every time they are encountered (Pauly, 1985). The Available Sum of Peaks (ASP) is the sum of all positive peaks, which represents a maximum possible score (if negative bins are crossed). Rn can attain a maximum value of 1.

Fitting scores across the whole range of Linf and K combinations was visualized by a Response Surface Analysis (RSA).



Estimating Total, Natural and Fishing Mortality

The VBGF parameters were used both to compute the length at which 50% of the cumulative catch is captured (L50) and to estimate the total mortality (Z) (Figure 2) Z was computed using two methods:

• the Length Converted Catch Curve (LCCC) (Pauly, 1990)

• the relevant B&H formula (Beverton and Holt, 1956)

The Length Converted Catch Curve (Pauly, 1990) is a way to estimate Z plotting the natural logarithm (loge) of the number of fishes in the sample (N) against the relative age corresponding to the midrange of the length class in question [Δt is the time needed to grow from the lower (t1) to the upper (t2) limit of a given length class]:

[image: image]

where a and Z are the regression parameters.

In the second case (Beverton and Holt, 1956), Z value is calculated as:

[image: image]

where Linf and K are parameters from VBGF, Lmean is the mean length in the catches and L’ is the smallest length of animals that are fully represented in the catch samples.

A suite of different methods and formulas were used to estimate natural mortality (M) values (Figure 2 and Supplementary Table 1). This great number of methods reflects the fact that M is notoriously difficult to estimate (Kenchington, 2014), and it has a big effect on our perception of stock status (Mannini et al., in review). Four methods (and their variants) provided empirical scalar values (Alverson and Carney, 1975; Pauly, 1980; Hoenig, 1983; Hewitt and Hoenig, 2005; Then et al., 2014). Pauly’s (1980) equation was computed using three different bottom temperature values (14, 16, 18°C), based on the seasonal difference in bottom temperature. Seven more methods (and their variants) produced natural mortality vectors by age (Gulland, 1965; Chen and Watanabe, 1989; Caddy, 1991; Abella et al., 1997; Lorenzen, 2000; Gislason et al., 2010; Brodziak et al., 2011; Martiradonna, 2012) (Supplementary Figure 10). The estimated VBGF parameters were used to convert the maximum CL observed in the catch into age. For each of the M vectors by age a mean over the range between age 0 and maximum observed age was computed to obtain the corresponding scalar value.

This process resulted in sixteen different M scalar values. These values were subtracted from the two Z values calculated earlier, to provide a set of 32 different values of fishing mortality (F) (Figure 2).



Reference Points and Advice

In the final stage of the analysis, reference points for management (Caddy and Mahon, 1995) were computed according to a Yield per Recruit (YpR) model (Beverton and Holt, 1957) (Figure 2). In the Mediterranean, two reference points are being used for exploitation levels: F0.1 and E0.4 (STECF (17-15), 2017; STECF (19-16), 2019). The fishing mortality level F0.1 is the F rate at which the slope of the yield per recruit curve as a function of F is 10% of its value at the origin (Gulland and Boerema, 1973). E0.4 comes from Patterson (1992) who suggested as reference point in terms of exploitation rate (E), in particular for pelagic stocks, a value of} E = F/Z = 0.4.

Thirty two different YpR analyses were run, corresponding to the 32 estimates of F, to extract the respective F0.1 values. For all scenarios, L50 of the selectivity was set as the length of 50% of the cumulative catch. The status of exploitation was estimated according to two ratios: [image: image] and [image: image], for which values over 1 indicate overfishing.

A kobeplot was used to visualize the 32 scenarios results (statuses of exploitation), as well as the mean and the median of them (Figure 2). Four areas with different colors based of E status were plotted in a Cartesian system in which x-y intersection is set at point equal to 1, 1. In the green area fell points having ratios below or equal to 1 for both [image: image] and[image: image]. In the red area fell points having both ratios over 1 and, in the yellow areas points for which one of the two ratios was over 1.



Applying the LBB Method

LBB (Froese et al., 2018) requires only LFDs and is able to estimate Linf, length at first capture, relative natural mortality (M/K) and relative fishing mortality (F/K). M/K and F/K can be combined to give fishing mortality relative to natural mortality (F/M). LBB also estimates an approximation of current exploited biomass relative to unexploited biomass (B/B0).

To apply this method, the monthly LFDs we had available were aggregated to a yearly sample. The Linf prior was set equal to our best estimation from ELEFAN. In assigning M/K priors, K was set equal to our best estimation from ELEFAN while M values changed according to the 16 methods presented in chapter “Estimating total, natural and fishing mortality.” All other inputs were set to the default values suggested by Froese et al. (2018).



RESULTS


Length Frequency Distributions

In total, 1993 P. edwardsii individuals were sampled. Plotting the LFD using the raw data showed strong monthly variability in the number of individuals (unbalanced data), ranging from 4 in October 2014 to 693 in November 2014, and irregular population distributions (Tables 1, 2). The length at which 50% of the cumulative catch is captured (L50) was estimated as 21.70 mm. (Supplementary Figure 8).


TABLE 1. Monthly (1: January – 12: December) length frequency of P. edwardsii in SE Aegean Sea during 2014–2015.

[image: Table 1]
TABLE 2. Standardized monthly (1: January – 12: December) length frequency of mature and immature females of P. edwardsii in SE Aegean Sea during 2014–2015.

[image: Table 2]After standardizing the LFDs and examining separately mature and immature individuals, a dominance of mature females emerged between spring and mid-summer indicating a spawning period (Tables 1, 2).

Depth was found to be influential, with more individuals found in the deeper strata (Supplementary Figure 1). A dominance of females was evident at all depths with a sex ratio of 0.82 (Supplementary Figure 2), complemented by larger females (up to 30 mm) at increased depths (Supplementary Figures 3, 4). Mean size of males (19.83 mm CL) was lower than that of females (21.40 mm CL), with a maximum size of 26 mm.



Growth Parameters

Visualizing the raw and standardized LFQ data (Tables 1, 2 and Figure 3) showed that recruits to the fishery appear in March at a CL of ∼12 mm. After exploring possible months for tanchor (Supplementary Figure 4), May was selected (tanchor = 5/12) (Supplementary Figure 5). This month provided the best fit, and it was also when the higher fraction of mature females was observed.


[image: image]

FIGURE 3. The LFDs analyzed by ELEFAN. Length classes (CL) are in mm.


Linf estimations varied between the different methods used. Linf was estimated at 26.64 mm by the Powell and Wetherall method (Supplementary Figure 5), at 44.13 mm by the Froese and Binohlan formula, while the maximum CL observed in the samples was 30.00 mm (Table 3). Although the Powell and Whetherall method estimation with MA = 7 got the highest Rn value (Table 3), its resulting VBGF parameter estimates were not retained. That was because the relevant Linf estimation (27.24 mm) was underestimating the population’s true Linf, being lower than the larger individuals sampled (30.00 mm) (Table 3). By contrast, the Linf estimation by the Froese and Binohlan formula was found to be greater than the larger individuals sampled. Therefore, to select the optimal VBGF parameter estimates we focused on the two runs using the maximum length as a lower limit of the Linf range (Table 3). Among these two runs, the one with a MA width of 5 bins had the highest Rn value and a tanchor value closer to the assumed spawning period (Table 3). The final VBGF parameter estimates were: Linf = 31.94 mm, K = 0.56 y–1, tanchor = 0.31 y (Figure 4). Five age cohorts were estimated by the VBGF model (Figure 5).


TABLE 3. Main settings adopted in running the ELEFAN analysis in terms of Linf and K range, initial tanchor value and Moving Average (MA) and main correspondent outputs.

[image: Table 3]
[image: image]

FIGURE 4. Response surface analysis. The best fit for the combination between Linf (in mm) and K-values is indicated with a red asterisk on the plot. The color scale corresponds to the Rn values from ELEFAN analysis. K ranges between 0.4 and 0.9 and Linf ranges between 30 mm (maximum observed length) and 44.13 mm (estimated by Froese and Binohlan). This analysis corresponds to the optimal combination from Table 1.



[image: image]

FIGURE 5. Age cohorts (dashed lines) estimated by the VBGF model. Red asterisk indicates the size at which the youngest individuals are captured. Length classes (CL) are in mm.




Total, Natural and Fishing Mortality

Z was estimated as 2.25 y–1 by the LCCC method (Supplementary Figure 9) and 2.36 y–1 by the Beverton and Holt formula. The sixteen different methods used for M, produced values ranging between 0.44 y–1 (Alverson_Carney) and 2.01 y–1 (Lorenzen) (Table 4). The combination of the two values of Z with 16 values of M produced 32 different values for F ranging between 0.24 y–1 (Lorenzen) and 1.92 y–1 (Alverson_Carney) (Table 4).


TABLE 4. Values of fishing, natural and total mortality as given by the equation: total mortality rate (Z) = natural mortality rate (M) + fishing mortality rate (F).

[image: Table 4]


Stock Status

In total, only seven out of the 32 estimates of the exploitation state indicated sustainable levels of fishing both in terms of F and in terms of E (Figure 6). These included all six cases where the Lorenzen, ProdBiom and Gulland methods were used and one case where the Gislason method was used for the estimation of M. By contrast, 22 estimates of the exploitation state indicated overfishing, both in terms of F and in terms of E (Figure 5). These included all cases where the Pauly_T1, Pauly_T2, Pauly_T3, Alverson_Carney, Then_1, Then_2, Hoenig_1, Hoenig_2, Then_scaled, Brodziak_Tmax, and Brodziak_K methods were used for the estimation of M. In three cases, two using ChenWatanabe and one using Gislason for the estimation of M, the stock was found to be overfished in terms of E but non-overfished in terms of F. Both the mean and median stock status was estimated as overfished (Figure 6). In particular, for F/F0.1 mean values were 1.68 (LCCC method) and 1.81 (Beverton and Holt formula) and median values were 1.43 and 1.56, respectively. For E/E0.4 mean values were 1.36 and 1.42 and median values were 1.51 and 1.56 according to the previous sequence. Therefore, our results pointed toward a state of overfishing.


[image: image]

FIGURE 6. Kobe plot of [image: image] and [image: image] for different estimations of natural mortality (M) with total mortality (Z) estimated by LCCC (A) or the Beverton and Holt formula (B).




Results From LBB

Table 5 summarizes the main results from the LBB. Linf ranged between 31.92 mm (Lorenzen) and 32.56 mm (Hoenig); M/K ranged from 0.96 (Alverson_Carney) to 3.60 (Lorenzen) and F/M ranged between 0.41 (Prodbiom) to 5.08 (Alverson_Carney). All these values were similar to ones obtained from our original analysis.


TABLE 5. Length-based Bayesian Biomass method (LBB) estimates of asymptotic length (Linf), natural mortality relative to somatic growth rate (M/K), fishing mortality relative to natural mortality (F/M) and current biomass relative to unexploited biomass (B/B0) by M scenario.

[image: Table 5]The exploitation status of P. edwarsii was estimated as non-depleted in three M scenarios (Gulland, Lorenzen and Prodbiom), close to equilibrium in one M scenario (Gislason) and as in moderate or severe depletion in all other scenarios (Table 5).



DISCUSSION

This study proposes a stepwise methodological framework to assess stock status of an extremely data-limited exploited stock. Lack of data constitutes a common restrictive factor for fisheries management and the applied methods can be decisive for the outcomes. Our proposed framework is a sequence entailing estimations of basic life traits, mortality rates and biological reference points to infer stock status. The combination of high data uncertainty and multiple method availability (Gayanilo and Pauly, 1997) often lead to tradeoffs in the method(s) to be used. By contrast, the numerous estimates for the same variable offer the opportunity to calculate the average (weighted or not) of values instead of presenting a single-method prediction (Dormann et al., 2018). This is especially relevant when the analyzed data come from small-scale fisheries with low data availability, which are prevalent in the Mediterranean Sea.

The range of outputs estimated by this study underlines the necessity of a multi-method approach. For each of the steps presented in this study, a single method selection would be misleading and would constitute a sub-optimal methodological path selection. Previous studies on the biology of P. edwardsii stock (e.g., Colloca, 2002; González et al., 2016) used a single method approach but with much larger and balanced datasets and thus the relevant results were more reliable; however, these studies did not touch upon stock status. In our study, we use a multi-method approach through a stepwise process; the most pronounced example being the estimation of natural mortality rate (M) for which we used 16 different methods. Such a parallel implementation of several methods for M is not usually applied (Kenchington, 2014), and the M value is typically calculated using only one of a handful of M equations (e.g., Pauly, 1980; Hoenig, 1983). The wide range of our results demonstrates the great variability that exists across these 16 approaches used and the complexity of pinpointing the most suitable one. Using various M estimators is often recommended for reducing bias, errors, underestimations and uncertainties of the methods applied (Gunderson et al., 2003; Simpfendorfer et al., 2005). Notably, the range of outputs produced when using our proposed framework was similar to that observed when implementing the novel LBB method (Froese et al., 2018). This highlights how in extremely data-limited situations the choices made with regards to key input parameters (such as M) have a greater impact on the outputs than the analytical method used.

Ensemble modeling use several options and generates more robust outputs. Selection of the most appropriate method may often prove to be more difficult than initially expected because the theoretical and/or empirical background is not precise enough. Applying ensemble modellin is recommended in extremely data-limited situations, because various models can be used for estimating a value and all results can be statistically tested (Kuhn and Johnson, 2013). Using model averaging to infer stock status could be a sufficient solution for decreasing the predicted error. When models are unbiased and with high variance, using an increasing number of different models could minimize the error (Dormann et al., 2018). An alternative to using a simple model mean or median, as used in this study, would be to use a weighted average. Not all estimators may be equally reliable; e.g., some of the M estimators used here may be more suitable for fish than crustaceans. In such cases, a weighted estimation could provide more accurate results (Kenchington, 2014; Dormann et al., 2018).

Extremely data-limited stocks often have a high importance for both fisheries and the marine ecosystem; hence one should strive for analytical examinations to infer stock status. However, the use of a multi-method approach alone does not provide certainty about the real situation in extremely data-limited situations. The analytical framework proposed here, when applied to extremely data-limited stocks, it should be viewed as the first stage of exploration; a starting point to reveal stock status. Next steps should involve a more extensive data collection so that the initial insights could be corroborated or rejected. In the meanwhile, controlling size selectivity and safeguarding stock productivity constitute a sound strategy for the management of extremely data-limited stocks (Prince and Hordyk, 2019), especially in areas such as the Mediterranean Sea which are known to be severely overfished (Vasilakopoulos et al., 2014).

The same principles of better monitoring and precautionary measures also apply to the Dodecanese P. edwardsii stock used as a case study here. Our study suggests that the P. edwardsii stock is likely overfished, in line with its sympatric P. narval stock (Maravelias et al., 2018) and most other assessed crustacean stocks in the Mediterranean Sea (Vasilakopoulos and Maravelias, 2016). In this context, the managers of the P. narval fishery need to strive for better monitoring of the bycatch P. edwardsii to obtain a better understanding of its status; e.g., by carrying out targeted sampling in deeper strata where P. edwardsii is known to be more abundant than P. narval. If the overexploited state of P. edwardsii is confirmed, management plans for P. narval should take into consideration the state of P. edwardsii as well and adjust the fishing activities accordingly.

This study provides a stepwise analytical methodology to be applied to any extremely data-limited stock. The range of methods that we have used in each step is not exhaustive and fisheries scientists are encouraged to use more and/or different methods according to the specific characteristics of the stock at hand. Inferring the stock status of extremely data-limited stocks usually involves unique challenges in every individual case; nevertheless, we are confident that following part or all of the methodological steps proposed here can prove extremely helpful.
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The natural mortality rate (M) of a fish stock is typically highly influential on the outcome of age-structured stock assessment models, but at the same time extremely difficult to estimate. In data-limited stock assessments, M usually relies on a range of empirically or theoretically derived M estimates, which can vary vastly. This article aims at evaluating the impact of this variability in M using seven Mediterranean stocks as case studies of statistical catch-at-age assessments for information-limited fisheries. The two main bodies carrying out stock assessments in the Mediterranean and Black Seas are European Union’s Scientific Technical Economic Committee for Fisheries (STECF) and Food and Agriculture Organization’s General Fisheries Commission for the Mediterranean (GFCM). Current advice in terms of fishing mortality levels is based on a single “best” M assumption which is agreed by stock assessment expert working groups, but uncertainty about M is not taken into consideration. Our results demonstrate that not accounting for the uncertainty surrounding M during the assessment process can lead to strong underestimation or overestimation of fishing mortality, potentially biasing the management process. We recommend carrying out relevant sensitivity analyses to improve stock assessment and fisheries management in data-limited areas such as the Mediterranean basin.
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INTRODUCTION

The natural mortality rate (M) is a key parameter for modeling age-structured fish population dynamics. M can be defined as the proportion of fish dying from all causes except fishing (e.g., senescence, predation, cannibalism, disease, and pollution) (Froese and Pauly, 2019). Although M is often treated as constant; it is usually age- or size-dependent and may exhibit a high interannual- as well as spatial variability between subpopulations (Kenchington, 2013). Meanwhile, fishing mortality (F), the main concern for fisheries managers, is commonly estimated by deducting M from an estimate of total mortality (Z) (Quinn and Deriso, 1999; Haddon, 2011). As a result, both the perceived stock status and the associated fisheries advice rely greatly on the chosen value of M.

In contrast to several other stock assessment parameters that describe somatic growth, maturation and longevity, M is rarely directly estimable from the available data of exploited stocks, as M is essentially confounded with fishing mortality F and recruitment (Beverton and Holt, 1957; Clark, 1991, 1999; Punt et al., 2014a). Direct estimates of M could be conceptually obtained from age-length keys of resident species from inside- (closed population) and outside a protected area (Götz et al., 2008), from long data series that include size- or age- samples from early phases of light exploitation (Ricker, 1975; Csirke and Caddy, 1983), or from carefully designed mark-recapture experiments (Quinn and Deriso, 1999); however, such information is extremely scarce. Under certain data-rich circumstances, it is possible to estimate M within a statistical assessment model by integrating multiple data series including a time series of annually collected age-length keys over several years and preferably data from a large-scale tagging experiment (Lee et al., 2011; Cadigan, 2015). However, even then it is challenging to separate the effect of M from the confounding effects of recruitment variability and the size- and/or age-dependent population selectivity (Punt et al., 2014b), the latter expressing the combined effects of gear retention and differential availability, e.g., due to spatial structuring (Vasilakopoulos et al., 2020). Additionally, intrinsic parameters such as recapture reporting rates can affect the interpretation of data coming from tagging experiments (Konrad et al., 2016). Given that most datasets provide little or no information on M, assuming fixed values of M is common practice in stock assessments (Mangel et al., 2013).

In data-limited situations, analysts mostly rely on a wide range of empirical M estimators to approximate M (Kenchington, 2013 and references therein). These estimators may be derived from life history traits (e.g., Chen and Watanabe, 1989; Jensen, 1996) or from meta-analysis of datasets of unfished or lightly fished stocks (e.g., Pauly, 1980; Hoenig, 1983; Gislason et al., 2010) and consider various combinations of age, growth parameters, maturity and environmental variables to produce either a fixed value (Pauly, 1980; Hoenig, 1983; Jensen, 1996; Hewitt and Hoenig, 2005) or an age-based vector of M (e.g., Chen and Watanabe, 1989; Lorenzen, 2000). These estimators have been shown to be sensitive to the state of the population and its exploitation level, as well as the taxonomic group to which the species belongs (Kenchington, 2013). Consequently, different estimation methods for M applied to a given stock may produce estimates with high level of variation.

Accounting for uncertainty in M is fundamental not only to estimate the range of variability in the output but also to evaluate the outputs’ robustness against model assumptions (Scott et al., 2016), as already highlighted with regards to deterministic Virtual Population Analysis (VPA) (Pope, 1972) and Extended Survival Analysis (XSA) models (Cheilari and Raetz, 2009). In age-structured models, the link between the population estimates and M occurs on two levels: in the basic population dynamics equations:

[image: image]

and in the Baranov catch equation;
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where Na,y is the number at age a in year y, Ca,yis the catch in numbers and Fa,y is the fishing mortality that is formulated here as an implicit function of the fishery selectivity pattern at age that may vary from year to year. It is obvious that when M is misspecified, F will be wrong. This can have major implications if the fisheries are managed through reference points that rely on F (e.g., Fmsy, F0.1). Beverton and Holt (1956) showed that as M increases, Fmsy increases and vice versa. Therefore, if M is fixed in the model, this makes a priori presumptions about key reference points (Mangel et al., 2013).

This article aims at evaluating the impact of using alternative M estimates in seven data-limited Mediterranean stock assessments that were conducted with a statistical catch at age model implemented using the “Assessment for All framework” (a4a Jardim et al., 2014). The two main bodies carrying out stock assessments in the Mediterranean and Black Seas are European Union’s Scientific Technical Economic Committee for Fisheries (STECF) and Food and Agriculture Organization’s General Fisheries Commission for the Mediterranean (GFCM). Fishing activities are managed mainly by controlling effort (usually in terms of fishing days) to achieve sustainable F ≤ F0.1 values (STECF, 2019a), with advice being based on the outputs of a single stock assessment model. Generally a single “best” M assumption is agreed by the relevant stock assessment expert working groups prior to being used in the assessment. However, uncertainty in M is currently not taken into consideration, which makes the issue of misspecifying M particularly acute.



MATERIALS AND METHODS


Stock Assessment in the Mediterranean Sea and Case Studies

In the Mediterranean context, the main geographical fishery Management Unit corresponds to the FAO Geographical Sub-Area (GSA) (Figure 1; for more details please visit the following website)1.


[image: image]

FIGURE 1 | FAO Geographical Subareas (GSAs) in the Mediterranean and Black Sea. Highlighted in yellow are the areas covered in the analysis of the seven stock assessment case studies. Vertical axis is Latitude and horizontal one is Longitude.


Seven demersal stocks, for which the STECF provided official advice in 2019 (STECF, 2019a, c) were considered as case studies here: blue and red shrimp [ARA – Aristeus antennatus (Risso 1816)] in GSAs 9, 10, and 11, Giant red shrimp [ARS – Aristaeomorpha foliacea (Risso 1827)] in GSAs 9, 10, and 11, Deep-water rose shrimp [DPS – Parapenaues longirostris (Lucas 1846)] in GSAs 9, 10, and 11, Norway lobster [NEP – Nephrops norvegicus (Linnaeus 1758)] in GSA 9, Red mullet (MUT – Mullus barbatus Linnaeus 1758) in GSA 9 and European hake [HKE – Merluccius merluccius (Linnaeus 1758)] in GSAs 9, 10, and 11, all exploited in the Italian waters of the Western Mediterranean Sea, and, common sole [SOL – Solea solea (Linnaeus 1758)] in GSA 17 exploited by the fleets of the Northern Adriatic Sea.

All seven stocks were assessed using a statistical catch-at-age model implemented in a4a, which utilizes the automatic differentiation within the Automatic Differentiation Model Builder (ADMB) (Jardim et al., 2014). The model is implemented in R [R 3.6.3, R Core Team (2020)] making use of the Fishery Library in R (FLR) platform (Kell et al., 2007)2.

The seven stocks chosen as case studies are all characterized by a majority of the total catches coming from demersal otter trawl operations. The available fisheries data sources for the assessments include time series of total annual catches (including discard estimates), corresponding length composition data that are raised to total numbers at length for each fishery. Abundance information in the form of density estimates by length class is obtained from the international bottom trawl survey of the Mediterranean (MEDITS). Catch and densities at length are converted into numbers at age using length slicing techniques when age-length keys were not available. The main biological parameters used as inputs in the stock assessment models are listed in Table 1. According to Brodziak et al. (2011) an estimation of the length at first maturation is needed to compute a natural mortality at age (Ma) vector (see Table 2). For all the stocks a mean value of the female length at first maturation reported by Follesa and Carbonara (2019) all the stocks was chosen.


TABLE 1 | Main biological parameters for the 7 stocks Blue and red shrimp (ARA), Giant red shrimp (ARS), Deep-water rose shrimp (DPS) and European hake (HKE) in the FAO GSAs 9,10 and 11, Red mullet (MUT) and Norway lobster (NEP) in FAO GSA 9 and Common sole (SOL) in FAO GSA 17.

[image: Table 1]
TABLE 2 | Methods and equations used to estimate M as a constant value or as an age-dependent vector.

[image: Table 2]The stock assessment model settings and the input data, such as catch at age, fishery independent index of abundance by age, weight at age, baseline M, and proportion of mature individuals by age are fully described in the 2019 STECF reports (STECF, 2019a, c). The only input parameter that we modified compared to the official STECF assessments was M.



Estimating Natural Mortality Rates

A range of common methods to estimate M for the purpose of stock assessment were explored during two recent benchmark meetings on European hake (Merluccius merluccius), which were organized by the GFCM: one for hake in the Adriatic Sea3 and one for hake in all other Mediterranean areas4. Here, we used the same 12 methods and approaches explored in these GFCM benchmarks. Five non-age-dependent methods for the calculation of M estimate empirical scalar values: Alverson and Carney (1975), Pauly (1980), Hoenig (1983), Hewitt and Hoenig (2005), and Then et al. (2014). Age-dependent M vectors were estimated using seven different methods: Gulland (1965), Chen and Watanabe (1989), ProdBiom [Caddy (1991), Abella et al. (1997)], Lorenzen (2000), Gislason et al. (2010), Brodziak et al. (2011). Some assumptions were made considering the species’ habitat; since the bottom sea temperature in the Mediterranean rarely goes down below 12°C and considering that all the species analyzed are demersal, when computing the Pauly equation three different scenarios of bottom temperature were considered: 12-13-14°C. For maximum age (hereafter Tmax) that was used in the Alverson and Carney, Hewitt and Hoenig, and Hoenig and Then equations, the age corresponding to the asymptotic length of the von Bertalanffy growth function (L∞) was used. For the M value of the individuals belonging to the older ages (hereafter M∞) that was needed in one of the two Brodziak equations, in the Gulland formula and in the ProdBiom estimation (Table 2), we used an average of the methods providing scalar values. The natural mortality vector by age estimated with ProdBiom was computed using the unique solution developed by Martiradonna (2012). Equations and acronyms used are listed in Table 2.



Running Stock Assessments

For this analysis, both input data and a4a model configurations were kept as in the official STECF assessments (STECF, 2019a, c). Subsequently, only the M vectors of the official stock assessment were substituted in turn with one of the new M values (either as a scalar or as a vector) and the a4a models were refitted. This resulted in 18 new stock trajectories of biomass, catches, recruitment and fishing mortality for each of the seven original assessments.



Reference Points, Advice, and Bar Charts

Reference points for management (Caddy and Mahon, 1995) were computed using a Yield per Recruit model (Beverton and Holt, 1957) available through the FLR package FLBRP (see text footnote 2). The data collection framework (European Commission [EC], 2000; European Commission [EC], 2017) only began in 2002 in the Mediterranean Sea. As discussed in the introduction, short time series undermine the estimation of reliable stock recruitment relationships needed to estimate typical reference points such as Fmsy which is commonly used in the ICES area (ICES, 2019). Therefore, in the Mediterranean context the exploitation state is estimated using an Fmsy proxy, the F0.1 value (STECF, 2019a, c; FAO, 2019). The F0.1 fishing mortality level is the fishing mortality rate at which the slope of the yield per recruit curve, as a function of fishing mortality, is 10% of its value at the origin (Gulland and Boerema, 1973). Current fishing mortality (hereafter Fcurr) was defined as the fishing mortality level of the latest year available from the official stock assessment, in agreement with STECF practice (STECF, 2019a, c). The status of exploitation was provided by the ratio between Fcurr and F0.1 for which values over 1 indicate a state of overfishing, while values below or equal to 1 indicate a state of sustainable exploitation. Three levels of exploitation were defined as: Sustainable (Fcurr/F0.1 < = 1), Overfishing (1 < Fcurr/F0.1 < = 2), Severe overfishing (Fcurr/F0.1 > 2).

The impact of the different M values on the Fcurr/F0.1 ratio was summarized in three main bar charts:


(i)as a distribution of the Fcurr/F0.1 ratios obtained from the range of M values tested for each stock. This was summarized as an histogram of the 18 different values represented as bins with a width of 1 (0–1, 1–2, 2–3, etc.);

(ii)as a histogram by M estimation method showing the ratio between number of stocks for which Fcurr/F0.1 falls in one of the three levels of exploitation over the total number of stocks analyzed.

(iii)as a histogram by stock showing the ratio between the number of cases in which Fcurr/F0.1 falls in one of the three levels of exploitation over the total number of M vectors used.



Finally, the impact on management decisions was compared between the base-case model used in the official advice for each stock by either STECF or GFCM and each of the alternative M scenarios using the relative error (%) of the form:
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where Xref is the reference value of Fcurr/F01. from the official assessment and XM is the respective value given variation in M for each method.



RESULTS

In Table 3, the main outputs in terms of Fcurr and biological reference points for all the 126 scenarios (18 natural mortality vectors for each of the 7 stocks used) are summarized. The M vector affected more the estimation of the biological reference points rather than the level of Fcurr. For biological reference points, the coefficient of variation (CV) ranged between a minimum of 0.37 in SOL17 to a maximum of 1.95 in HKE91011, while, for the current level of fishing mortality, the CV ranged between a minimum of 0.11 in MUT9 to a maximum of 0.37 in HKE91011 (Table 3).


TABLE 3 | Current level of fishing mortality (Fcurr), biological reference level (F0.1), and the ratio (Fcurr/F0.1) for the seven stocks.

[image: Table 3]Even though the model values of the distribution of the ratio by stocks confirms a general pattern of overfishing and severe overfishing (except DPS91011 and NEP9), some of the stocks, such as ARA91011 and HKE91011, officially assessed as in severe overfishing, could be assessed as sustainably fished (Figure 2). ARA91011, ARS91011, and HKE91011 showed the widest Fcurr/F0.1 ranges while DPS91011 and SOL17 the narrowest ones (Figure 2).
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FIGURE 2 | Distributions of the ratios between Fcurr and F0.1 derived from 18 different natural mortality vectors for the seven stocks analyzed: Blue and red shrimp (ARA), Giant red shrimp (ARS), Deep-water rose shrimp (DPS) and European hake (HKE) in GSAs 9,10, and 11, Red mullet (MUT) and Norway lobster (NEP) in GSA 9 and Common sole (SOL) in GSA 17.


Generally, assessments suggesting severe overfishing scenarios were obtained when applying the Alverson_Carney, Brodziak, Hewitt_Hoenig, and Hoenig methods while more optimistic outcomes were obtained when the Lorenzen and Gulland methods were applied (Table 4 and Figure 3).


TABLE 4 | Percentage of variation of the current level of fishing mortality (Fcurr), biological reference level (F0.1) and the ratio (Fcurr/F0.1) compared to the official advice estimated for the seven stocks.
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FIGURE 3 | Distribution of the ratios Fcurr/F0.1 by M estimation method. On the y axis is reported the proportion of stocks for each level of exploitation over the total number of stocks (7).


The comparison between the official assessments and the median values obtained from the 18 different approaches ranged from the official assessment being quite close to the median (e.g., ARA91011; +2.55%), to stocks where that difference increased (e.g., NEP9; −26.02%), to SOL17 exhibiting the highest difference (−118.98%) (Table 3).

Figure 4 shows that irrespective of the M vectors used, in ARS91011 there is always a clear overfishing situation (severe in 90% of the cases). For all other stocks, estimates also included sustainable fishing as a possible outcome. However, HKE91011, ARA91011, and MUT9 mostly exhibited a situation of overfishing, while the patterns in DPS91011, NEP9, and SOL17 describe a more uncertain scenario for which stocks could be either under sustainable or unsustainable fishing pressure. As an example, for SOL17, where the official advice suggested a state of severe overfishing (Fcurr/F0.1 = 3), in 80% of cases a potential scenario of overfishing or sustainable fishing was estimated. The relative error (%) of the ratio Fcurr/F0.1 is shown for each stock by M method with respect to the official assessment (Figure 5). Note, that for all the stocks but SOL17, Chen and Watanabe was the method used in computing the M vector at the STECF meeting (STECF, 2019a, c), which therefore explains the lack of divergence from of the official assessment. It is evident that using the Gislason M vector the perception of the stock status improves, while, using the Alverson and Carney or Broziak methods leads to an impression of severe overfishing. Moreover, these effects seem to be unrelated to M being age-dependent or not. For example, the three Pauly values seem to have no effect on red shrimps and Deep water rose shrimp while they gave the worst signal in terms of exploitation for Norway lobster (another crustacean) and the three teleostean species. At the same time, Then_scaled, even if it is associated with a general pattern of overfishing stock status (except for SOL17) the magnitude of this trend differs a lot by species and phylum.
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FIGURE 4 | Distribution of the ratios Fcurr/F0.1 by stock. On the y axis is reported the proportion of stocks for each level of exploitation over the total number of cases (18).
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FIGURE 5 | Relative error (%) of Fcurr/F0.1 respect on the baseline [the official STECF assessment advice (black line)]. Percentages more than 200 and less than –200 are not shown (see Table 4 for values).




DISCUSSION

Our results confirm that the choice of the M vector has a major impact on the output of stock assessment models. In six of the seven stocks examined, stock status classification ranged from sustainable to severe overfishing depending on the choice of the M estimation method. Using the “Alverson_Carney” and the “Brodziak_k” estimators, lead to the most severe overfishing classification of all seven stocks. Using the M estimators by Lorenzen and Gulland, in contrast, produced sustainable stock status estimates for 70% of the assessed stocks. However, when considering the median stock status across all stock assessment outputs based on all 18 M scenarios, none of the stocks would be sustainable, and four out of the seven stocks would be in severe overfishing, suggesting that choosing a single M scenario from the extremities of the spectrum is associated with high risk of misclassifying the stock status.

In the Mediterranean Sea, where data-limited situations go hand in hand with a specific behavior of demersal fishery, typically targeting the first two age classes of most demersal stocks (Colloca et al., 2013; Vasilakopoulos et al., 2014), the effects of the M choice are even more crucial. The targeting of juveniles’ age classes happens for different reasons: species within the Mediterranean do not grow as large and have a shorter lifespan than corresponding species in colder Atlantic waters. Historically, small fish hold an important slice of the market and as most evaluated stocks that are overfished, they are characterized by a relative lack of older fish (Colloca et al., 2013; Vasilakopoulos et al., 2014). As older ages are less represented, right-end selectivity is rare, introducing additional uncertainty and instability within the assessment process (Magnusson and Hilborn, 2007). Additionally, time series of standardized data in the Mediterranean basin are typically short for statistical catch at age model standards (usually between 13 and 17 years). Such short time series do not allow to obtain correct estimates of the stock-recruitment relationship, which precludes the use of Fmsy as a reference point, and F0.1 is used as a surrogate approximation instead (STECF, 2019a, c). Time series of fisheries catches which are typically dominated by juvenile age classes are unstable as they are more sensitive to environmental variations affecting recruitment (Anderson et al., 2008; Stenseth and Rouyer, 2008). For all these reasons, when assessing Mediterranean stocks it becomes fundamental to explore the effect of parameter uncertainty on model outputs and apply methods which account for the introduction of potential bias within the management process.

The analysis carried out on the seven case studies of Mediterranean stocks clearly showed that the variation of stock assessment models’ input parameters, such as the M vector, directly influenced the stock status results. Moreover, the role played by M becomes critical if we think that the perception of the stock status could be driven in one or another direction according to the scope of stakeholders. We recommend that a sensitivity analysis should always be carried out when dealing with stock assessments where uncertainty in the input data is very high. Relevant examples include the Norway lobster in GSA9, the Deep-water rose shrimp in GSA91011 and the Common sole in GSA17, for which our analysis showed that the final perception of the stock status could differ a lot depending on the M estimate used.

Accounting for the uncertainty of M alone may not be enough to improve the estimation’s precision of stock exploitation levels. Another important source of bias is related to misreported catches (Van Beveren et al., 2017; Perretti et al., 2020). Pauly et al. (2014) pointed out that actual catches from four Mediterranean countries (Spain, France, Italy, and Turkey) could be from 1.6 to 2.6 times higher than those submitted to the FAO as official values. Non-reported catches were high in all fishing sectors, including industrial, artisanal and recreational fisheries (Pauly et al., 2014). Although catch numbers at age are typically fitted by admitting random observation error, this cannot account for systematic underreporting or system trends in catch reporting. Reducing the level of misreported catches should be therefore a priority for all data collection programs and related sample designs, specifically for areas characterized by data limitation such as the Mediterranean Sea.

Within the Mediterranean basin, fisheries management is based on fishing effort reduction, which can be obtained through area or time closures and by reducing fishing days. In order to evaluate if stocks are responding to fishing effort control measures, objectives of multiannual management plans (MAPs) are evaluated against stock assessment outputs and, more specifically, Fcurr/F0.1. Not accounting for the effect of uncertainty of key input parameters, such as M, in the stock assessment process means not accounting for potential bias in the evaluation of MAPs’ objectives and therefore in their implementation. The implementation of MAPs in the Mediterranean and Black Sea is a responsibility of national states, however the development of MAPs can occur at different levels: international, within the European Union, and at national as well as regional level (European Commission [EC], 2013). The scientific bodies responsible for advising on the management of fisheries within the Mediterranean and Black Sea are: the GFCM, the European Commission (EC) and national governments. All these bodies rely on scientific analysis provided by working groups of fisheries science experts, specifically, for the EC, such working groups are coordinated and their output evaluated by the STECF.

Hilborn and Walters (1992), when discussing which could be the best model to be used in assessing stocks recalled an adage that “the truth often lies at the intersection of competing lies”. In the context of stock assessment, they explained, this means deliberately comparing a range of alternative models. This statement may well be applied to the results of our analysis: always think that the main input parameters of a stock assessment are not well known, ending up with a range of alternative scenarios for management, which should be scrutinized. To address this, different approaches could be used to improve stock assessment quality and reduce uncertainty in the future. Recent research has been focusing on implementing a more objective model selection approach for experts to reach an agreement on which is the best supported model based on the performance of model diagnostics (Carvalho et al., 2017; Maunder and Piner, 2017; Rudd et al., 2019). Specifically, model ensembles for future stock assessment advice have been proposed as a promising approach to capture structural uncertainty surrounding important biological processes, including M (Scott et al., 2016). Elsewhere, such approaches are already implemented. Maunder et al. (2020), for example, developed a risk-based framework to objectively assign different weights to models in an ensemble, involving the results of several diagnostics tests as well as carefully developed expert criteria to judge the plausibility of each candidate model. The alternative to making benchmarking more risk adverse is by considering a range of alternative stock assessment model scenarios for conditioning of robust harvest control rules within the MSE framework (Punt et al., 2014b, 2016). Such approaches could facilitate expert working groups to reach a transparent and defensible agreement on which could be the best set of candidate models to be used to formulate probabilistic stock advice accounting for uncertainty.
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Stocks with low market value are rarely included in stock assessments because their catch records are generally lacking, thus adding to the already large number of un-assessed fisheries at a global scale. T his deficiency is more evident in the Mediterranean Sea where stock assessments are relatively fewer. A new method (AMSY) has been recently developed to assess stocks for which only abundance trends from scientific surveys are available. The AMSY method was used in the Aegean Sea to assess the status of 74 fish and invertebrate stocks (50 actinopterygians, 4 sharks, 5 rays, 12 cephalopods, and 3 crustaceans) for which catch data are lacking; 20 of them have medium or high market value and are being targeted by fishing fleets, while the remaining 54 are either not targeted, but by-caught and often discarded, or are not exploited at all. Overall, 31 of the 54 non-targeted stocks (57%) were healthy in terms of biomass (B/Bmsy > 1), whereas only 6 of the 20 targeted stocks (30%) were healthy. Of the 23 unhealthy non-targeted stocks, 12 were near healthy (B/Bmsy > 0.75), compared to only 1 of the targeted stocks, whereas 10 non-targeted stocks (19%) and 10 targeted ones (50%) were outside safe biological limits (B < 0.5Bmsy). Cephalopods and crustaceans were generally in a better status compared to fishes. The results confirm that fishing does not only affect commercial stocks, but it may also affect by-catch stocks. In general, stocks that are targeted by fishing fleets are in a worse status in terms of biomass compared to those that are only occasionally collected as by-catch or those that inhabit environments that are not accessible to fishing fleets.

Keywords: stock assessment, fisheries management, non-commercial stocks, Mediterranean Sea, un-assessed fisheries


INTRODUCTION

Commercial fish and invertebrate stocks attract the attention of fisheries scientists at a global (Ricard et al., 2012) and regional (Colloca et al., 2013) scale and, as a result, the vast majority of regular assessments have been performed on fish and invertebrate stocks of high commercial interest (Osio et al., 2015). In the eastern Mediterranean Sea, an extensive assessment of the exploitation and status of commercial fish and invertebrate stocks has been recently performed in Greece (Froese et al., 2018b) and Turkey (Demirel et al., 2020). However, in Greece, the number of stocks that have been regularly and officially assessed is still very low compared to the other European countries of the northern Mediterranean coastline (Osio et al., 2018). One of the reasons for the low number of assessments is the lack of complete fisheries data time-series since 2009 due to administrative and financial constraints, while some of the recent official assessments suffer from various biases, one of which is the mixing of catch time-series from multiple fleets (Tsikliras et al., 2020). The number of official assessments is even lower along the southern Mediterranean coastline, one of the data-poorest regions of the northern hemisphere (Chrysafi and Kuparinen, 2016). The lack of adequate number of assessments is an international issue as un-assessed stocks exceed 80% of total catch, globally (Costello et al., 2012).

All recent assessments (Colloca et al., 2013; Vasilakopoulos et al., 2014; Tsikliras et al., 2015; Froese et al., 2018b) clearly show that the Mediterranean stocks are in bad state as a result of ongoing overexploitation. The overall stock status and exploitation pattern is rather uniform across the Mediterranean, with low stock biomass and high fishing pressure being the common characteristics but with the stock specific biomass and exploitation values varying among ecoregions (Froese et al., 2018b). According to a model approach, even most un-assessed demersal fish species are potentially overexploited in most Mediterranean areas (Osio et al., 2015). In any case, overexploitation of the Mediterranean Sea has been reported to occur since the 1950s, when about 40% of stocks were declining in biomass, as later unmasked by their catch history (Froese and Kesner-Reyes, 2002). Recently, it was reported that the stocks of all target species that have been assessed are overexploited, with hake (Merluccius merluccius) being the most overexploited stock across the Mediterranean Sea (Cardinale et al., 2017). According to a recent assessment that covers several areas of the world, the Mediterranean Sea is the most heavily exploited area and its stocks are in worse state compared to all other areas that were assessed (Hilborn et al., 2020). Indeed, the exploitation rate in the Mediterranean has been reported as steadily increasing and gear selectivity as deteriorating; both conditions are suspected to lead to shrinking fish stocks (Vasilakopoulos et al., 2014). Technological advancements that improve catchability (effort creep) also increase the overall effectiveness of fishing (Palomares and Pauly, 2019) and the operation of the Greek fishing fleet to international waters throughout the year is also leading to increased pressure at Aegean stocks (Tsikliras, 2014). Nevertheless, all these assessments include only fish and invertebrate stocks with available catch time-series (the correct term is landings as no official data exists for discarded catch in the Mediterranean Sea), while by-catch and discarded catch had been largely ignored mainly for practical reasons, as there was no method to account for their assessment.

Recently, a new method (AMSY) that can assess the exploitation pattern and status of stocks for which no catch data exist using only time-series of abundance (catch-per-unit-of-effort, CPUE) or biomass has been developed (Froese et al., 2020). Other fisheries independent methods also exist but they are time consuming and costly (e.g., underwater television: Morello et al., 2007). Many of these stocks are regularly collected, often in large quantities, during scientific surveys, but their status is rarely assessed as the data-poor stock assessment methods that were available until recently, require at least a time-series of catch (CMSY: Froese et al., 2017) or length frequency distributions (LBB: Froese et al., 2018a, 2019). Some of these species may also be collected by the commercial fishing fleets, especially bottom-trawlers, as by-catch; stocks with no or very low market value are usually discarded (Machias et al., 2001), although in some cases they are mixed with taxonomically related commercial stocks and marketed. The importance of assessing non-commercial stocks is high for ecosystem models (Dimarchopoulou et al., 2019) and for examining the effects of fishing on all components of the ecosystem, thus facilitating and promoting ecosystem-based fisheries management (Dimarchopoulou, 2020). It has been shown that by-catch demersal species that are collected in high numbers may suffer low biomass and truncated size distributions toward smaller lengths similarly to commercial stocks, while some others that are rarely collected maintain population structure and size (Dimarchopoulou et al., 2018).

The aim of the present work was to assess the status of 74 non-commercial demersal fish and invertebrate stocks in the Aegean Sea with the AMSY method using their abundance trends and resilience. As none of these species had been assessed before, the list of stocks for which there is now an assessment in the Aegean Sea is further increased, given that 42 stocks were recently assessed with the CMSY method (Froese et al., 2018b) and will soon be re-assessed using the updated CMSY + method (Tsikliras et al., unpublished data). Moreover, the assessment of stocks that have never been exploited, not even as by-catch (e.g., deep-water fishes and invertebrates), and are only collected during scientific surveys will provide important information on the effects of environmental (e.g., climate change) or ecological (e.g., prey-predator relationships) forcing on stock biomass and trends.



MATERIALS AND METHODS


Study Area

The Aegean Sea is divided by the Cyclades plateau into two sub-basins, the northern and the southern, which display different hydrographic and ecological characteristics due to the input of brackish water from the Black Sea in the northern part and the influence of Levantine Sea waters in the southern part (Ignatiades et al., 2002). Although the Aegean Sea as a whole is generally an oligotrophic sea (Ignatiades et al., 2002), parts of the northern Aegean Sea exhibit higher primary production and nutrient concentration (Siokou-Frangou et al., 2002).

The eutrophic gradient and the more extended continental shelf in its northern part are the main factors differentiating the subareas of the Aegean Sea in terms of productivity, species composition and species diversity (Stergiou and Pollard, 1994), with the northern Aegean Sea being the area with the highest total catches (Sylaios et al., 2010). European anchovy (Engraulis encrasicolus) and European pilchard or sardine (Sardina pilchardus) dominate the Aegean pelagic catch, while European hake (Merluccius merluccius), red mullet (Mullus barbatus) and two crustaceans, caramote prawn [Melicertus (Penaeus) kerathurus] and deep-water rose shrimp (Parapenaeus longirostris) are the main targeted demersal species (Stergiou et al., 2007a,b).



Selection of Stocks

Out of all fish and invertebrate stocks that are being collected during the experimental Mediterranean bottom trawl survey (MEDITS: Bertrand et al., 2002) and for which no official catch time-series exists (i.e., they are considered non-commercial), 74 stocks were included in the analysis. The catch of some of them is being reported at higher taxonomic level, aggregated together with relative species. For example, the catch of thornback ray (Raja clavata) is being reported separately, but all other rays are reported as “other rays” (Raja spp.). Species with only sporadic occurrence and very low CPUE values were excluded. The CPUE time-series extends from 1994 to 2018 with several missing years after 2009 (see next section); all surveys take place during the summer months (June and July in most cases).

Stocks with an official record of catch (for a list of species see Tsikliras et al., 2013) that form the prime targets of fisheries were excluded from this analysis but their previous assessment (Froese et al., 2018b) was used for comparability purposes (n = 42; Table 1). The remaining ones were divided into three categories based on the literature (Machias et al., 2001) and empirical knowledge: (1) alternative or secondary targeted stocks (stocks with no official catch records that are occasionally targeted and have a market value; n = 20), (2) by-catch stocks (stocks with a low market value that are not targeted but may be occasionally marketed; n = 28), and (3) discards (stocks that have never been exploited not even as by-catch and stocks caught in very small quantities as by-catch and are always discarded; n = 26). Spiny dogfish (Squalus acanthias) and musky octopus (Eledone moschata) were included because their catch records used in the previous assessment (Froese et al., 2018b) may have included their congeneric species, i.e., longnose spurdog (Squalus blainville) and curled octopus (Eledone cirrhosa), respectively. The first two categories (prime and alternative targets) formed the targeted part of the catch and the other two (by-catch and discards) were the non-targeted part of the catch. Further subdivision of those two commonly used categories was necessary because the effect of fishing might differ between prime and alternative targets and non-targeted (by-catch) or unwanted (discards) catch.


TABLE 1. Analysis of 116 stocks in Aegean Sea with indication of existence of catch records, whether targeted (prime or alternative target), by-catch or discarded, biomass relative to the one that can produce the maximum sustainable yield (B/Bmsy), fishing mortality relative to the one that can produce the maximum sustainable yield (F/Fmsy), stock status and exploitation based on B/Bmsy and F/Fmsy and reference.
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Data Analysis

Three different scientific bottom trawl surveys take place in the Aegean Sea using the same experimental bottom trawling gear but different vessels (one survey in the northern Aegean and two surveys in the southern Aegean, one of which along the southern Greek coastline and Cyclades Islands and the other one in Dodecanese Islands and Crete). Although the surveys are designed under a common framework, they are executed by different survey teams and are not always running simultaneously, conditions that may result in different levels of bias. For those reasons the CPUE data from the three surveys were considered as three different (multiple) and distinct indices.

The Bayesian state-space framework JARA (Just Another Red-List Assessment: Winker and Sherley, 2019) was used to address the issue of missing values and to combine the three abundance indices into a single one. JARA provides the option for fitting relative abundance indices to estimate a mean trend by allowing the simultaneous analysis of one or multiple abundance indices each of which may contain missing years and extend to different time period (Sherley et al., 2020). The model builds on the approach presented in JABBA for averaging relative abundance indices (Just Another Bayesian Biomass Assessment: Winker et al., 2018) and assumes that the mean underlying abundance trend is an unobservable state variable (Winker and Sherley, 2019). JARA was used to combine the three indices into a single one and to fill in the missing years of data from 2002 onward. Overall, 8 out of the 25 (32%) years of data were filled using JARA.



Stock Assessment Method

AMSY (Froese et al., 2020) is a new data-limited method that estimates fisheries reference points regarding stock status (B/Bmsy: the ratio of observed biomass, B, to the biomass that would provide maximum sustainable yield, Bmsy: Tsikliras and Froese, 2019) and exploitation level (F/Fmsy: the level of relative pressure of fishing, measured as fishing mortality F relative to the one associated with the maximum sustainable yield, Fmsy: Tsikliras and Froese, 2019) from CPUE data, combined with prior estimates of resilience, such as those that are available in FishBase (Froese and Pauly, 2020)1 for fishes and in SealifeBase (Palomares and Pauly, 2020)2 for invertebrates. AMSY is meant for wide-ranging or migratory stocks where CPUE is known from surveys or from observers on some of the commercial boats, but where total catch is unknown or unreliable, as well as for by-catch species where CPUE may be available from surveys but the catch is not officially recorded (Froese et al., 2020). In addition to CPUE and resilience, AMSY needs a prior for relative stock size (B) as a fraction of unexploited biomass (k or B0), i.e., a range of B/k, between 0 and 1 for one of the years in the time-series. For example, if current stock biomass is known to be small compared to the beginning of the fishery, the B/k prior range can be set to 0.15–0.4 for the latest year with CPUE data while, if the stock at the beginning of the CPUE time-series was known to be under-exploited, the stock size was likely close to the unexploited size and the prior range for the first year with CPUE data could be set to a 0.75–1.0. AMSY uses CPUE, resilience prior and biomass prior in a high number of combinations of productivity (the maximum intrinsic rate of population increase r) and unexploited stock size or carrying capacity (k) for their compatibility with these inputs. A detailed description of the theory and equations behind AMSY is given in Froese et al. (2020).

For all the species included in the analysis, a prior was selected for their initial biomass (in 1995) that was set according to their exploitation at the time based on the following ranges (Froese et al., 2020) and the following criteria: near unexploited (stocks that have never been exploited not even as by-catch, e.g., deep-water fishes; B/k = 0.75–1.00), more than half (stocks caught in very small quantities as by-catch and have no commercial value, e.g., damselfish Chromis chromis; B/k = 0.50–0.85), about half (stocks that are often collected as by-catch and/or stocks with low commercial value and/or commercial stocks that were unexploited or under-exploited in the mid-1990s; B/k = 0.35–0.65), small (commercial stocks with historically maximum catch reached in the mid-1990s and then declined and/or commercial stock with no official catch data that are landed but reported aggregated with other stocks; B/k = 0.15–0.40), very small (commercial stocks with historically maximum catch reached before the mid-1990s and then drastically declined; B/k = 0.01–0.20). The criteria referring to commercial stocks were not applied thus the last two categories were excluded from the analysis.



RESULTS

Overall, out of the 100 stocks that fulfilled the criteria of continuous occurrence and CPUE values, 74 stocks, the catch of which is not officially reported by statistical authorities, were included in the present analysis. The remaining 26 stocks were excluded because of sporadic presence (less than 5 years) or negligible biomass. Fifty-nine of those were fish (fifty ray-finned fishes, four sharks and five rays), twelve were cephalopods and three were crustaceans (Table 1). Out of the 74 included stocks (Table 1), 20 have medium or high commercial values and are being targeted (alternative targets) by fishing fleets, 28 are by-caught and marketed (by-catch) and 26 are discarded (discards).

Based on B/Bmsy values, the status of non-targeted species (by-catch and discards) was better when compared to targeted (alternative targets) ones that were included in the present study and commercial stocks (prime targets) that had been previously assessed (Table 1 and Figure 1). In the last year with available data, 31 of the 54 non-targeted stocks (57%) were healthy with B/Bmsy values exceeding 1 whereas only 6 of the 20 targeted stocks (30%) were healthy (Table 1 and Figure 1). Of the unhealthy non-targeted stocks, 12 (22% of the total non-targeted stocks) had B/Bmsy values exceeding 0.75, compared to only 1 of the targeted stocks (5% of the total targeted stocks). Ten non-targeted stocks (19% of the total non-targeted stocks) and ten targeted ones (50% of the total targeted stocks) were outside of safe biological limits (B < 0.5 Bmsy). Similarly, 24 of the 54 non-targeted stocks (44%) and 14 out of the 20 targeted ones (70%) were subject to ongoing overfishing (F > Fmsy). Out of fishes, spiny dogfish (Squalus acanthias) and silver scabbardfish (Lepidopus caudatus) were the most heavily exploited stocks (dogfish: F/Fmsy = 3.41, scabbardfish: F/Fmsy = 2.59), with silver scabbardfish and tonguesole (Symphurus nigrescens) exhibiting the lowest biomass (scabbardfish: B/Bmsy = 0.12, tonguesole: B/Bmsy = 0.18).
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FIGURE 1. The 74 un-assessed fish and invertebrate stocks of the Aegean Sea presented in a fishing pressure (F/Fmsy) – stock status (B/Bmsy) plot. White dots indicate by-catch and discarded stocks (n = 54) and gray dots indicate alternatively targeted ones (n = 20); black crosses refer to the previous assessment of commercial prime targets (n = 42) using the CMSY method (Froese et al., 2018b). Red area, stocks that are being overfished or are outside of safe biological limits; Yellow area, recovering stocks; Green area, stocks subject to sustainable fishing pressure and of a healthy stock biomass.


Cephalopod and crustacean stocks were in a better state compared to ray-finned fishes and sharks and rays (Figure 2). Overall, 48% of ray-finned fish stocks were healthy but 54% were subject to ongoing overfishing (Table 1). The majority of ray-finned fishes (36 out of 50 stocks, 72%), including several deep-water or mesopelagic stocks, are not targeted by any fisheries. The stocks of six out of nine (67%) sharks and rays, most of which are targeted, were not healthy and subject to ongoing overfishing. Seven out of twelve (58%) cephalopods and all three crustacean stocks were healthy and exploited sustainably. None of the crustaceans and cephalopods are targeted.
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FIGURE 2. Histogram of the mean B/Bmsy per taxonomic group for the 74 fish and invertebrate stocks of the Aegean Sea assessed using the AMSY method. The vertical dashed line denotes the limit for healthy stock status (B > Bmsy).


The status of the four groups of stocks based on their exploitation (prime targets, alternative targets, by-catch, and discards) is distinct for prime targets (none of them is healthy) that all have biomass below Bmsy and alternative targets that span over a wider area (30% of them are healthy). The enclosing ellipses clearly indicate that some alternative targets are overlapping with prime targets and some others are ordinated among by-catch and discarded stocks. The ellipses of by-catch and discarded stocks largely coincide, with 50% of the by-catch stocks and 65% of the discard stocks being healthy (Figure 3). Finally, it appears that the exploitation is stronger for targeted species across taxonomic groups (Figure 4). When the targeted stocks (prime and alternative) and non-targeted stocks (by-catch and discards) were grouped together, the mean B/Bmsy of non-targeted stocks exceeded 1 across taxonomic groups and was well below 1 for targeted stocks (Table 2).
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FIGURE 3. Grouping of 116 fish and invertebrate stocks of the Aegean Sea (42 previously assessed stocks and 74 stocks assessed in the present study) based on their fishing pressure (F/Fmsy) – stock status (B/Bmsy) plot. Enclosing ellipses were estimated using the Khachiyan algorithm and expanded to cover all relevant points. Red dots and ellipse indicate prime targets (n = 42), orange dots and ellipse indicate alternative targets (n = 20), green dots and ellipse indicate by-catch species (n = 28) and blue dots and ellipse indicate discarded stocks (n = 26).
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FIGURE 4. Histogram of the mean B/Bmsy per taxonomic group for 116 fish and invertebrate stocks of the Aegean Sea (42 previously assessed stocks with the CMSY method and 74 stocks assessed with the AMSY method in the present study). Stocks were grouped as targeted (red bars) that include prime and alternative targets of Table 1 and non-targeted (green bars) that include by-catch and discard stocks of Table 1. The vertical dashed line denotes the limit for healthy status (B > Bmsy).



TABLE 2. The mean (±SE) B/Bmsy of targeted (prime and alternative stocks) and non-targeted (by-catch and discard stocks) fish and invertebrate stocks of the Aegean Sea.
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DISCUSSION

Globally, only a small proportion of exploited fisheries stocks are being assessed on a regular basis, with the vast majority of commercial stocks and all non-commercial ones never having been assessed (Costello et al., 2012). The number of stocks assessed in this study triples the number of stock assessments in the Aegean Sea, which now sum to 116 stocks accounting for over 95% of the total catch (Stergiou et al., 2007a,b), with the exception of rarely caught species (Vassilopoulou et al., 2007). According to official and empirical catch records, about 200 stocks are being collected by the Greek fishing fleets either as targeted stocks or as by-catch, some of which are discarded (Machias et al., 2001). Therefore, AMSY (Froese et al., 2020) is a valuable method that allows the assessment of true data-poor fisheries without catch records and offers the possibility of the potential assessment of many demersal stocks that are collected in scientific surveys. AMSY requires only CPUE time-series so it can also be used to assess stocks that are only recorded in fisher’s logbooks, even if the number of vessels is low, provided that the gear or method of fishing has not changed during the time-series.

There is a clear gradient of stock status that is directly related to the fishing pressure applied upon stocks, which clearly confirms what is already known for the exploited stocks of European fisheries (Froese et al., 2018b). Based on this gradient, the Aegean Sea stocks can be grouped in three main categories each of which suffers different exploitation, subsequently resulting in different biomass levels. The first category includes highly commercial stocks that are the main targets of, often multiple, fishing fleets and have been exploited for many decades. All stocks in this group are prime targets to the fisheries and the majority of them are suffering the highest fishing pressure that has resulted in the lowest biomass (Figure 1, crosses; data from Froese et al., 2018b). These stocks were included in the most recent assessment of the Aegean and the vast majority of them were overexploited and beyond safe biological limits (Froese et al., 2018b). All recent scientific literature confirms this pattern of overexploitation and bad status of commercial stocks that is evident across the entire Mediterranean Sea (Colloca et al., 2013; Vasilakopoulos et al., 2014; Tsikliras et al., 2015; Stergiou et al., 2016; Cardinale et al., 2017; Hilborn et al., 2020).

The second category refers to stocks with medium commercial value that are targeted by some fisheries, often locally, or are collected as by-catch in large quantities and are marketed (Table 1). These stocks, for which no catch records exist, were included in the present work and were assessed for the first time. The majority of these stocks (>60%), which are locally prime targets but in general are alternatively collected, suffer from overexploitation and exhibit declining biomass trends (Figure 1, gray dots). However, the stocks of this category span across a wide range of exploitation and status values, indicating that some of them are exploited in some areas but not in others (Machias et al., 2001) or that their exploitation pattern may depend on the availability or catch of prime targets. The status of these stocks can be easily improved with appropriate management (Froese et al., 2018b) as the biomass levels of most of them are still above safe biological limits (B/Bmsy > 0.5). There is no previous assessment of these stocks in the Aegean Sea, but their CPUE data have been included in recent ecological models; declining CPUE trends were apparent especially for those with medium commercial value in heavily exploited areas, such as Thermaikos Gulf, the western part of northern Aegean Sea (e.g., Dimarchopoulou et al., submitted).

Finally, the third category refers to stocks that are only occasionally collected by the fishing fleets or have never been exploited because they live in the mesopelagic zone (there is no gear that exploits mesopelagic waters in the Aegean Sea) or in deep waters (trawling is prohibited beyond 400 m of depth in the Aegean Sea: Petza et al., 2017). The stocks of this category include by-catch species (non-targets that can be occasionally marketed) but also stocks that are always discarded. No catch records exist for these stocks that were included in the present work and were assessed for the first time in the Aegean Sea. Because of their underexploitation, the status of these stocks was much better compared to the previous two categories as the majority of them were healthy (Figure 1, white dots). In the absence of intense fishing, any fluctuations in their biomass is attributed to natural population processes that include reproductive success and recruitment (Rothschild et al., 1989) and may be affected by environmental or climatic factors (van Hal et al., 2010) as well as inter-specific relationships (Möllmann et al., 2008). The latter can be indirectly affected by fishing that may potentially remove competitors, predators or prey (Scheffer et al., 2005).

It should be noted here that the status of many stocks that are occasionally collected by either the commercial fleets or scientific surveys, such as large sharks and rays, could never be assessed using the known assessment methodologies that are usually data hungry (Tsikliras and Froese, 2019). Some of these species are listed in the IUCN (International Union for Conservation of Nature) Red List of Threatened Species and are protected in many areas of the world (Dimarchopoulou et al., 2017) including Greek waters (Ministerial Decision 4531/83795/20-7-2016). The inability to assess their status should not be an excuse for continuing their exploitation and masking their catch under broader taxonomic categories, as it commonly happens with large protected sharks.

The results of the present study confirm that fisheries are the main driver of the biomass of exploited marine populations (Pauly et al., 2002) and that large predatory fishes are the prime targets (Myers and Worm, 2003) because of their high commercial value (Tsikliras and Polymeros, 2014). Selective targeting and removal of upper trophic levels by fishing may also affect inter-specific relationships and cause cascading effects across trophic levels (Möllmann et al., 2008). It appears that in the absence of fishing, inter-specific relationships may play a more important role in shaping population biomass and explain the biomass trends of predators and preys (Pinnegar et al., 2000), or at least their role is more apparent.



CONCLUSION

After the present study the number of un-assessed stocks in the Aegean Sea is considerably lower and mainly refers to stocks that cannot be assessed at all. The stocks that are primarily or alternatively targeted by fishing fleets are in a worse status in terms of biomass, compared to those that are only occasionally collected as by-catch or those that inhabit environments that are not exploited by the fishing fleets, such as the midwaters or the very deep waters. The results of the present study are also important for ecosystem models that require data for all ecosystem components in the context of a more integrated ecosystem approach to fisheries management.
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The silver scabbardfish Lepidopus caudatus is a mesopelagic species living on the shelf and slope down to 600 m in temperate seas all around the world. In the Mediterranean, the species is caught mainly by longlines with a marked seasonality. In the early 90s in the Strait of Sicily (Central Mediterranean Sea), a new fishery targeting L. caudatus was developed. This fishery uses an ad hoc pelagic trawl gear called “spatolara.” Vessels using spatolara have increased from 1 in 1993 to 10 in 2007 with a growth of catches of up to 1,200 tons in 2011. Development of this fishery was not regulated by any specific management measures and, due to the progressive reduction of catch to 169 tons, only one vessel was active in 2018. The availability of catch and biomass indices from trawl survey since the beginning of trawling exploitation allowed providing the first assessment of the state of L. caudatus stock in the Central Mediterranean (GFCM Geographical Sub-Area 16) by using data-limited methods. Catch-Maximum Sustainable Yield (CMSY) and Bayesian State Space Schaefer model (BSM) were fitted to landings and abundance indices (2004–2018). The Abundance-Maximum Sustainable Yield model (AMSY) was also applied to survey data from 1994 (1 year after the start of the spatolara fishery) to 2018 to further corroborate the results. BSM prediction of biomass levels was just above 50% of BMSY, whereas AMSY estimated the current stock levels below 50% of BMSY. The BSM was used for forecasting B/BMSY and catches under different fishing scenarios. Although current exploitation was very close to FMSY, more than a decade would be needed to rebuild the stock to biomass levels producing MSY. A faster rebuilding could be achieved by fishing at least 80% of FMSY, with minimal loss in yield over the next 5–8 years. Following the development of a new fishery since the beginning, the study provides a further example of how unregulated exploitation leads to a heavy overfished state of stock and collapse of fishing activities.

Keywords: stock assessment, surplus production models, data poor approach, CMSY, BSM, AMSY


INTRODUCTION

The Silver scabbardfish, Lepidopus caudatus, is a mesopelagic species distributed in warm waters of all oceans and in the Mediterranean Sea. The species occurs both on the continental shelf and slope (Nakamura and Parin, 1993) from 100 m to more than 400 m, on sandy and muddy bottoms (Whitehead et al., 1986). The bathymetric distribution varies according to season, the species being more common on the continental shelf in winter time, and moving to deeper zones in other seasons (Demestre et al., 1993). L. caudatus forms schools and migrates vertically from bottom to the water column during night (Figueiredo et al., 2015). Despite its cosmopolitan distribution, knowledge on the biology of this species is poor and limited to growth (Molí et al., 1990; Demestre et al., 1993; D'Onghia et al., 2000) and reproductive cycle (Karlovac and Karlovac, 1976; Orsi Relini et al., 1989; Demestre et al., 1993; D'Onghia et al., 2000).

L. caudatus has a moderate commercial value and is caught mainly as commercial bycatch in several countries worldwide, i.e., Italy, Morocco, New Zealand, Portugal, and Spain, by bottom trawler, pelagic trawler, and longline fisheries (Robertson, 1980; Tuset et al., 2006; Figueiredo et al., 2015, Torre et al., 2019). To the best of our knowledge, only in New Zealand is the species sporadically caught as target by pelagic trawling in August–October off the west coast of the Island (Bentley et al., 2014).

In the Mediterranean Sea, only large specimens of L. caudatus have an economic value and are landed as commercial catch in Italy, Spain, Albania, and Tunisia, whereas small individuals are rejected (Demestre et al., 1993; D'Onghia et al., 2000; FAO., 2018). In Italy, the longline fishery catches only large individuals while bottom trawling fishery captures mainly small and immature specimens (D'Onghia et al., 2000). In the Mediterranean region, the capture production of silver scabbardfish reached a peak of almost 5,000 tons in 2011 and then slowly declined (Torre et al., 2011). In 2018, in the same area, the total capture production reached 1,675 tons with the 88% of the total catches belonging to Italy (FAO Fisheries aquaculture software., 2016). In spite of the amount of landings, the stock status of the species was never assessed in the Mediterranean. In this region, there is no targeted fishery for this species with exception of the Strait of Sicily (Central Mediterranean Sea), where the filets of the silver scabbardfish are sold in local markets up to 20 euro per kilo. In this area, until the early 90s, silver scabbardfish was mainly captured using longlines while it was a marginal bycatch from bottom trawlers.

At the beginning of the 1980s, the catch of L. caudatus on the entire Sicilian coasts amounted to 544 tons, out of which more than 90% was captured by longline (Cingolani et al., 1986). In the early 1990s, some fishers of Sciacca (south Sicily) developed a new pelagic trawl net locally called “spatolara” starting a new fishery for L. caudatus. The number of vessels using spatolara has progressively increased from 1 in 1993 to 10 in 2007, with a contextual increase of the catches up to 1,200 tons in 2011 and a shift in proportion of catch origin, with over 70% due to spatolara and the remaining 30% to bottom trawling, longline, and purse seine. The development of the spatolara fishery was not regulated by any specific management measures and, due to the progressive reduction of catch to 169 tons, only one vessel was using spatolara in 2018.

The present study provides the first assessment of the state of L. caudatus in the Mediterranean basin and more precisely in the Strait of Sicily (Geographical Sub-Area 16, GSA16 according to the FAO General Fisheries Commission for the Mediterranean), in which the most productive L. caudatus fishery of the region takes place (Supplementary Figure 1). Owing to the limited amount of data available, the stock status and exploitation rate of L. caudatus were evaluated using a data-poor approach by means of a suite of surplus production models (SPMs) based on commercial landing and abundance indices from trawl surveys. This stock assessment should be considered as baseline information for future sustainable fisheries management that could prevent a new collapse of L. caudatus fishery. Finally, on the basis of knowledge on biology and fishery L. caudatus and similar species, some management options for improving the sustainability of the species exploitation were discussed.



MATERIALS AND METHODS


Data Source

Two different data sources were used for the stock assessment: (i) commercial landings data by gear from 2004 to 2018 collected within the EU data collection framework (DCF), and (ii) stock biomass index from 1994 to 2018 obtained by MEDITS survey (Mediterranean International Trawl Survey, Anonymous., 2017) carried out in GSA 16. MEDITS is carried out annually during late spring/summer in several areas of the Mediterranean Sea using a standardized sampling methodology (Spedicato et al., 2019). MEDITS surveys are conducted during daytime according to a stratified random sampling design with allocation of trawl stations proportional to strata extension (depth strata: 10–50 m, 51–100 m, 101–200 m, 201–500 m, 501–800 m). The same trawl stations were sampled each year in May–July using a GOC 73 trawl net characterized by a vertical opening ranging between 2.4 and 2.9 m and a 20-mm stretched mesh size at cod end (Fiorentini et al., 1999). Although L. caudatus was not a target species of the MEDITS surveys, its biomass indices were considered representative of the standing stock at sea due both to the high vertical opening of the GOC 73 trawl net and to the bento-pelagic behavior of the species (Figueiredo et al., 2015).



Stock-Assessment Models

SPMs were chosen for estimating the stock status and exploitation rate of L. caudatus as they need less input data compared to age-based models to estimate maximum sustainable yield (MSY) and related reference points for fishery management, i.e., biomass and fishing mortality at MSY (BMSY and FMSY) (Hilborn and Walters, 1992; Punt, 2003). Specifically, the stock status was evaluated by using (i) the Monte Carlo method Catch-Maximum Sustainable Yield (CMSY) based on catch data and (ii) the Bayesian State Space Schaefer model (BSM), using catch and biomass index (Froese et al., 2017, 2018). In addition, considering that the time series of MEDITS trawl survey started in 1994, just 1 year after the beginning of the spatolara fishery, stock status was also assessed by Abundance-Maximum Sustainable Yield (AMSY), based on biomass index from scientific surveys (Froese et al., 2020).

In comparison with other data-limited stock assessment methods, the requirements of the selected methods appear very parsimonious with our available information. For example, the COMSIR (Catch-Only-Model with Sampling-Importance-Resampling) method (Vasconcellos and Cochrane, 2005) requires catch, priors for r and k, relative bioeconomic equilibrium, and increase in harvest rate over time as inputs to assess the stock status. Then the DCAC (Depletion-Corrected Average Catch) method (MacCall, 2009) needs information on catch, relative depletion, natural mortality (M), and FMSY/M as inputs. On the other hand, the DB-SRA (Depletion-Based Stock Reduction Analysis) method (Dick and MacCall, 2011) wants catch, relative depletion, M, FMSY/M, BMSY/Bvirgin, and age at maturity as inputs. The SSCOM (State-Space Catch-Only Model) method (Thorson et al., 2013) requires catch, priors for unexploited biomass, initial effort, and parameters of an effort-dynamics model. Additionally, SS-DL (Stock Synthesis Data-Limited) method (Cope, 2013), in the catch data configuration, requires several additional basic biological and selectivity assumptions compared to CMSY.


CMSY and BSM Models

The CMSY model relies on catch time series, an assumed value of intrinsic population growth rate (r; “resilience”), how close the biomass is to carrying capacity (k), and qualitative information on stock status at the beginning and the end of the time series. The model allows the estimation of the biomass that can produce MSY (BMSY) and related fishery reference points such as relative stock size (B/BMSY), exploitation (F/FMSY), intrinsic growth rate of a population (r), and carrying capacity (k) (Froese et al., 2017, 2018).

The BSM, included in the CMSY R-code, needs further relative abundance data (e.g., biomass index) as input (Froese et al., 2017, 2018) to estimate the same parameters of CMSY.

Both models are based on the dynamic formula of the Schaefer SPMs, namely:
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where, Bt+1 is the exploited biomass in year t + 1, Bt is the biomass in year t, r is the intrinsic rate of population increase, k is the carrying capacity (i.e., the mean unexploited stock size), and Ct is the catch in year t.

However, when the stock size is severely depleted (Bt/k < 0.25), Equation (1) is modified adding the term 4Bt/k to account for linear decline of recruitment below half of the biomass that is capable of producing MSY (Myers et al., 1995) as shown in Equation (2):
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Given a time series of catches and qualitative stock status information, probable ranges of parameters r and k are filtered with a Monte Carlo algorithm on the basis of three hypotheses: (i) compatible with the catch time series, (ii) compatible with assumed priors on biomass reductions, and (iii) occur within prior ranges of r and k, corresponding to viable r–k pairs (Froese et al., 2017).

The biological plausible values of r were based on the classification of resilience reported by FishBase and ranging from 0.27 to 0.6 (Froese and Pauly, 2019). The prior ranges for k were derived by Equations (3 and 4) for stocks with low and high prior biomass at the end of the time series, respectively.

[image: image]

[image: image]

where klow and khigh are the lower and upper bounds of the prior range of k, max(C) is the maximum catch in the time series, and rlow and rhigh are the lower and upper bounds of r range to be explored by the Monte Carlo routine of the CMSY.

Both models can incorporate three uniform priors range for depletion in terms of B/k at the beginning and end of the time series, and optionally also in an intermediate year.

To detect the effect of the Bstart/k and Bend/k on B/BMSY estimations, a sensitivity analysis was performed. For this purpose, the deviations from the “original” value of B/BMSY estimated by reference model were expressed as percentage calculated as follows:
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where B/BMSY s.a. is the value estimated by sensitive analysis.

CMSY was run considering the landing data from the European Data Collection Framework for time series 2004–2018, while BSM was run using the same landing data and the biomass index coming from MEDITS for time series 2004–2018. For both models, the prior for relative biomass B/k was set to 0.2–0.6 (medium) for the start year (Bstart/K) and to 0.15–0.4 (small) for the last year (Bend/K), while the middle prior was set as default according to the rules provided by Froese et al. (2017). The choice of these priors was supported by knowledge of fishers and by the survey biomass index trend for the times series 1994–2018.



AMSY Model

The AMSY is a new data-limited method that estimates fisheries reference points (F/FMSY, B/BMSY) when no catch data are available, using time series of catch rate from commercial fisheries or scientific surveys combined with prior estimates of resilience (Froese et al., 2020). In addition to these data, AMSY needs a prior for relative stock size (B/k, ranging between 0 and 1) for one of the years in the time series. AMSY uses this information and tests a high number of combinations of resilience (r) and carrying capacity (k) for their compatibility with these inputs. All r–k combinations that are compatible with time series of plausible (never negative, never much too high) predicted that catches are identified by a Monte Carlo approach. A detailed description of the theory and equations behind AMSY is provided by Froese et al. (2020). The AMSY model was performed by using biomass index from MEDITS for the time series 1994–2018. For resilience, the same prior used in CMSY and BSM was set.

Given that only one spatolara vessel targeting L. caudatus was active in 1994, the prior for relative biomass B/k in the initial year was set ranging between 0.7 and 1. As for CMSY and BSM, a sensitivity analysis was performed to investigate the effect of the prior (Bstart/k) on the B/BMSY estimation, and the deviation from the original value was calculated applying (Equation 5).



Forecast

The dynamics of the stock biomass and catch were predicted applying the dynamic Schaefer model in terms of B/BMSY and FMSY. Specifically, as reported by Froese et al. (2018), two different equations were implemented in the model, namely:
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where Equation (6) was used to predict next year's status if current biomass was equal to or higher than half of BMSY, while Equation (7) was applied if biomass was lower than half of BMSY.

Stock trajectories from 2019 to 2030 were predicted considering the stock status estimated by BSM for 2018 and applying the following four scenarios based on Froese et al. (2018):

(i) 0.5 scenario: relative fishing impact of 0.5FMSY is considered if the stock size is equal to or larger than half of BMSY. On the other hand, no fishing is considered if the biomass is less than half of BMSY.

(ii) 0.6 scenario: relative fishing impact of 0.6FMSY is considered if the stock size was equal to or larger than half of BMSY. If the stock size was lower than half of BMSY, the relative fishing impact is linearly reduced to zero (Freduced) with decrease in biomass as shown in the following equation:
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(iii) 0.8 scenario: as the ii scenario but it considered a relative fishing impact of 0.8FMSY.

(iv) Fcurrent scenario: as the ii scenario but it considered Fcurrent/FMSY estimation of the last year of the temporal series. This scenario is very close to the 0.95FMSY one proposed by Froese et al. (2018).

For the forecast scenarios, an ad hoc script based on the modified methodology proposed by Froese et al. (2018) was applied. Specifically, the script was modified to calculate the prediction of B/BMSY and catches for just a single stock. As in the methodology of Froese et al. (2018), the uncertainty was calculated by means Monte Carlo simulations based on 1,000 samples expressed as 90% of the confidence interval.





RESULTS


Main Features of Fisheries

Figure 1 shows the landing trend by fishery for the time series from 2004 to 2018. In the investigated period, L. caudatus was exploited mainly by spatolara fishery accounting for about 68% of the total landing, followed by bottom trawler and other fisheries (longliners and purse seiners) with about 22 and 10%, respectively. Overall, the total landings increased from 2004 to 2011 with a maximum of 1,150 tons, followed by a progressive reduction reaching 168 tons in 2018. The fishing effort of spatolara, expressed as the number of days at the sea, highlighted a similar dome-shaped pattern with the highest value in 2007. In addition, some information on the spatolara fishery and gear features are shown in Supplementary Table 1.


[image: Figure 1]
FIGURE 1. The left y-axis indicates the value of fishing effort expressed as the number of days at sea per year whereas the right y-axis indicates the landings by fishery typologies expressed in tons. Specifically, fishery typologies are graphically indicated as follows: bottom trawling (long dash black line), longline and purse seine (dotted black line), and spatolara (two dashed black line). The solid black line and solid red line represent the total landing and spatolara fishing effort, respectively.




CMSY and BSM Results

The outputs of CMSY and BSM were very similar (Table 1) in terms of r and k estimations, stock size trend, and exploitation rate (Figure 2). Both models estimated an overexploited level for stock size (B/BMSY < 1) since 2011 and an overfishing condition (F/FMSY > 1) since 2009, although in the last year, the F/FMSY value dropped below 1 (Table 1 and Figure 2). The estimated stock size (0.54 and 0.63 for BMS and CMSY, respectively, Table 1) indicated an overfished condition of the stock according to Palomares et al. (2018) (Supplementary Table 2). Moreover, the Kobe plot based on BSM estimations showed a probability of 44.8 and 55.1% that the status stock fell in the overfished (red part) or recovering status (yellow part) of the graph, respectively (Figure 2).


Table 1. Main output of three models in terms of stock size (B/BMSY), exploitation rate (F/FMSY), and r-k prior. Median value (x~), lower (lci), and upper (uci) confidential interval are shown.
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FIGURE 2. Graphical output of the CMSY (blue lines) and BSM (red lines): (A) catch; (B) Monte Carlo simulations of the best combination of r and k; (C) Equilibrium curve estimated through Schaefer model, where square and triangle symbols represent the estimates of initial and final years, respectively; (D) stock size (dashed lines indicate confidence interval); (E) exploitation rate (dashed lines indicate confidence interval); (F) Kobe plot showing B/BMSY against F/FMSY ratios estimated by BSM. In the Kobe plot, shaded areas indicate the confidence interval at 50% (light gray), 80% (gray), and 95% (dark gray) and quadrants are color-coded, i.e., green (not overfished, no overfishing), red quadrant (overfished and overfishing), or yellow (recovering status).




AMSY Results

Outputs of the AMSY model are shown in Supplementary Figure 2 and Table 1. The biomass index from 1994 to 2018 showed a decreasing trend (Supplementary Figure 2) even if in 2009 a peak of biomass, due likely to a good recruitment, was recorded, as confirmed by the highest density index and lower average weight in the time series (Supplementary Figure 3). The model outputs (Supplementary Figure 2 and Table 1) underlined that the stock is both overfished (F/FMSY > 1) and, according to Palomares et al. (2018), “grossly overexploited” (B/BMSY < 0.5) from 2012 to 2018, with the stock productivity being severely impaired (0.5 ≤ C/CMSY < 1). The reference point of the last year of the time series was 0.27 for B/BMSY (95% CI 0.15–0.49) and 2.02 (95% CI 0.66–4.18) for F/FMSY.

The overall dynamics of the stock, showed by the Kobe plot (Supplementary Figure 2), outlined a progressive worsening of the stock status from 1994 to 1998, followed by a high exploitation level associated to a low standing stock biomass for most of the examined period, with the exception of 2008, 2009, and 2010, during which a recovery of the stock occurred.



Sensitivity Analysis

The sensitivity analysis showed that the B/BMSY estimations were more affected by Bend/k prior variation for both CMSY and BSM. Conversely, Bstart/k influenced mostly the B/BMSY estimation of the AMSY model (Supplementary Table 2). In light of the above, to perform trusted estimations of stock size by CMSY and BSM, a reliable prior of biomass range at end of time series is crucial. On the other side, for AMSY, the choice of biomass range relative to unexploited biomass at the start of the time series is of paramount importance.



Forecast Results

B/BMSY and the predicted cumulative catches of L. caudatus under the different exploitation scenarios of F are shown in Figure 3. By reducing the relative fishing impact to 0.5, 0.6, and 0.8 of FMSY, L. caudatus stock could reach the BMSY level over a period between 5 and 8 years. While maintaining the F current, which is very close to the FMSY estimated by BSM, the stocks need 12 years to reach a value of 0.94 B/BMSY (Figure 3).
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FIGURE 3. In the upper panel, B/BMSY trends, while in the lower panel, the predictive catch trends (expressed in tons) both under four different exploitation F scenarios: 0.5 (solid line), 0.6 (long dash line), 0.8 (dotted line), and 0.94 (two dashed black line). The shaded areas indicate the range of uncertainty. The dashed green line represents B/BMSY equal to 1 and the dashed red lines represent the value of MSY and its lower confidence interval (lci MSY).


An increasing trend of catches throughout the years for all considered scenarios was predicted, with only the scenario 0.5 showing a catch decrease in the first year (Figure 3). Overall, an average increase of catches of about three times more than those of 2018 was expected according to all scenarios. The highest values of catches were predicted for the scenarios 0.8 and Fcurrent with about 555 and 617 tons, respectively. However, both predicted B/BMSY and catches showed a high uncertainty.




DISCUSSION

Unlike other Mediterranean areas, in the Strait of Sicily, the spatolara fishery, a specific midwater trawl fishery targeted to L. caudatus, has been developed from the early 90s. This fishery started in Sciacca harbor and proved a sudden increase in yield and fishing effort followed by a progressive decline through time. The trend in yield and fishing effort was followed, with a shift of about 4 years, by the reaction of stock in terms of biomass, which declined considerably after 2011.

According to Palomares et al. (2018), who classified the fish stock status basing on B/BMSY in the final year of a time series, results of BSM and CMSY suggested an overfished status of L. caudatus stock of the Strait of Sicily, while AMSY indicated a condition of “grossly overfished” (0.2–0.5), being close to “collapsed” (<0.20). The stock size estimations by the three models highlighted a very similar trend, even if the AMSY depicts a more severe overfished condition (Supplementary Figure 4). The differences between AMSY and the other two models might be due to the different periods analyzed. Indeed, the decrease of biomass index from trawl surveys that have occurred from 1994 to 2004 further stresses the importance of having an independent estimate of stock abundance since the beginning of fisheries exploitation. The estimated stock size was below BMSY since the end of the 1990s, with the exception of the years 2009 and 2010, during which signals of strong recruitment events were recorded (Supplementary Figure 3). Likewise, the BSM and CMSY estimated a similar trend of B/BMSY for the same period of AMSY, 2004–2018 (Supplementary Figure 4).

The results of the sensitivity analysis showed that Bstart/k prior setting for BSM and CMSY affected poorly the B/BMSY estimation, ranging from 0.50 to 0.63. Conversely, Bend/k prior setting showed the biggest effect on the outcome of B/BMSY, ranging from 0.21 to 0.79.

The only configuration tested for AMSY (Bstart/k ranging for 0.4–0.8) indicated a collapsed condition of the stock according to Palomares et al. (2018). However, this last assessment could be neglected because that high initial biomass (0.7–1 nearly unexploited) was deemed highly reliable on the basis that in the first year of the biomass index, only one spatolara vessel was active and the fishery was not yet fully developed.

Regarding the exploitation rates, high differences among the models were recognized. Specifically, although at different level, CMSY and BSM depicted a no overfishing condition (F/FMSY < 1) in the last year, with the fishing pressure lower than that giving the maximum sustainable yield. Conversely, AMSY estimated a condition of high overfishing even in the last year, with the F/FMSY being equal to 2.02. In this regard, it should be recalled that estimation of exploitation by AMSY should be used with caution since this method does not use the information on catch or fishing effort. Conversely, relative stock size could be considered suitable for management advice (Froese et al., 2020).

According to the forecast model, the stock depletion is so heavy that the recovery of stock biomass to level compatible with MSY is expected in 2030 if the fishing effort is maintained at the 2018 level, which is very close to FMSY. The scenarios 0.5 and 0.6 provide fast rebuilding of the stock reaching a value of biomass higher to that maximum sustainable yield but providing the lowest levels of catches. Although with high uncertainty in model estimation, a good compromise between production and conservation objectives is provided by the scenario reducing fishing mortality at 80% of FMSY. This scenario produces the fastest rebuilding of the stock and a minimal loss in catch in a period of 5–8 years.

Although the data input used to run the models are from official statistics, the estimation provided in this study may have some uncertainty due to the lack of discard data. Indeed, no studies on discard for this species are available in the investigated area.

Across the Mediterranean Sea, the knowledge on discarding of L. caudatus is scattered and scarce (e.g., Sánchez et al., 2004; Tzanatos et al., 2007; Soykan et al., 2016; Carbonnel and Mallol 2012). The discard rates are affected by gears, target species, fishing ground depth, as well as the request of the local market. Tzanatos et al. (2007) in the Aegean Sea and Sánchez et al. (2004) in the Catalan Sea reported that the whole catch of L. caudatus was discarded by gillnet and by trawlers, respectively. Conversely, Carbonell and Mallol (2012) provided discard rate estimation by trawlers of 7% in Catalonia waters and 100% in Balearic island, while Soykan et al. (2016) estimated a discard rate of about 30% in Turkish waters.

Considering the lack of discard data in the investigated area, the CMSY and BSM assessments were performed using only official landing data. This might affect the stock status estimation, giving a more optimistic state of the exploited stock. However, the absence of discard does not affect the stock perception by the AMSY, which used only fishery independent data and showed a clear overfished and overfishing condition of the L. caudatus stock.

The described pattern of the spatolara fishery, together with the modeled trajectories of the biomass and the exploitation rate, reflect the typical phases of development of an uncontrolled fishery (Hilborn and Walters, 1992). The fast decline of the stock has been due to the development of specific gear, the spatolara net, which likely increased the fishery catchability together with a rapid increase of the fishing effort. These features ensured high catches and revenues in the short term but, on the other side, resulted in a progressive decrease in fish abundance and, finally, fishery collapse. All this happened within a context of lack of specific management measures for L. caudatus fishery in terms of catch or fishing effort quota and technical measures such as the establishment of a minimum conservation reference size. In the near future, due to its monospecific nature, it would be advisable to implement the spatolara fishery management measures based on the Total Allowable Catches (TAC). A management based on TAC was quite successful in the recovery and maintenance of the North-East Atlantic stocks (Cardinale et al., 2017) such as the similar species Aphanopus carbo (ICES., 2020). The effectiveness of management measure based on TAC for L. caudatus has also been demonstrated in New Zealand as described by (Bentley et al., 2014).

Considering that the juveniles of silver scabbardfish represent an abundant fraction caught by trawling (D'Onghia et al., 2000), a further management measure to ensure the recovery of silver scabbardfish could concern the development and adoption of more selective trawling net, including the use of devices able to improve the size at first capture of this species.

Eventually, the present study provides a further example on how the absence of adequate management measures can lead to a rapid depletion of the resource and, consequently, unprofitable fishery. Learning from the history of L. caudatus fishery in the Strait of Sicily, it would be important to monitor both stock size and fishery pressure and to adopt a multiannual species-specific management plan to guarantee the fishery sustainability according to the United Nations sustainable development goals (United Nations., 2015).
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Fisheries researchers have focused on the value of information (VOI) in fisheries management and trade-offs since scientists and managers realized that information from different resources has different contribution in the management process. We picked seven indicators, which are log-normal annual catch observation error (Cobs), annual catch observation bias (Cbias), log-normal annual index observation error (Iobs), maximum length observation bias (Linfbias), observed natural mortality rate bias (Mbias), observed von Bertalanffy growth parameter K bias (Kbias), and catch-at-age sample size (CAA_nsamp), and built operating models (OMs) to simulate fisheries dynamics, and then applied management strategy evaluation (MSE). Relative yield is chosen as the result to evaluate the contribution of the seven indicators. Within the parameter range, there was not much information value reflected from fisheries-dependent parameters including Cobs, Cbias, and Iobs. On the other hand, for fisheries-independent parameters such as Kbias, Mbias, and Linfbias, similar tendency of the information value was showed in the results, in which the relative yield goes down from the upper bound to the lower bound of the interval. CAA_nsamp had no impact on the yield after over 134 individuals. The VOI analysis contributes to the trade-offs in the decision-making process. Information with more value is more worthy to collect in case of waste of time and money so that we could make the best use of scientific effort. But we still need to improve the simulation process such as enhancing the diversity and predictability in an OM. More parameters are on the way to be tested in order to collect optimum information for management and decision-making.

Keywords: value of information, fisheries management, simulation test, striped marlin, management strategy evaluation


INTRODUCTION

Uncertainty is pervasive in natural systems and manifests itself in many forms (Morgan and Henrion, 1990; Regan et al., 2002). The role of science in conservation and management of natural resources is generally to reduce uncertainty (Halpern et al., 2006). In fisheries, managing fisheries quantitatively eventually becomes a popular tendency with adaptive management (Hilborn and Walters, 1992). The promise of adaptive management is that learning in the short term will improve management in the long term, which is best kept if the focus of learning is on those uncertainties that impede the most the achievement of management objectives (Runge et al., 2011).

Fisheries management falls into the category of decision-making under uncertainty due to the growth of adapted management. Inherent in such a task is the problem of investing in new information (Mantyniemi et al., 2009). Information comes with a cost, basically; as a result, we should find an optimum amount of valuable information in the decision-making process. The cost savings from reduced information collecting may outweigh the small potential loss in the decision accuracy of the results (Walters and Pearse, 1996; de Bruin and Hunter, 2003; Ling et al., 2006).

Fisheries management is plagued with various kinds of uncertainties, but not all uncertainties are equally important to resolve. Nevertheless, we still need a massive amount of information to conduct our conservation and management work. Experts in resource management continue to advocate for more resources for information collecting to support science-based decision-making (NOAA, 2001). This should facilitate the consideration of trade-offs that exist between resources allocated to information collecting and those allocated to other management activities. Information collecting in natural resource management can include fundamental research, monitoring, and the analytical processing of data gathered from these tasks (Hansen and Jones, 2008).

Unfortunately, experience with commercial fisheries worldwide during recent decades suggests that allocating considerable resources to data collection and stock assessments has not prevented overexploitation and collapse (Walters and Maguire, 1996; Pauly et al., 2002; Myers and Worm, 2003).

So we ask ourselves, is the data collecting extent not wide enough? Is the direction of our collecting correct? Or are the data we collected really helping with the analysis? Therefore, the problem of the value of information (VOI) has been recognized and discussed in basic fisheries stock assessment textbooks (Hilborn and Walters, 1992) and journal papers (e.g., Hansen and Jones, 2008), but examples where the VOI has been explicitly quantified in a fisheries context are scarce (Hansen and Jones, 2008; Mantyniemi et al., 2009).

In the language of classical decision theory, there is a high expected VOI reflected from important uncertainty. The value of new information is the difference between the expected value of an optimal action after the new information has been collected and the value before the new information has been collected. Therefore, Raiffa and Schlaifer (1961) described the central concept through the expected value of perfect information (EVPI):

[image: image]

where U is a utility function that we want to maximize by implementing some action a in the presence of system uncertainty s.

Many researchers have examined the value of reducing uncertainty or the value of increased surveys in commercial fisheries using operating models (OMs) designed to maximize given objectives (e.g., McAllister et al., 1999; Punt and Smith, 1999; Moxnes, 2003) by using techniques including Monte Carlo simulations (e.g., Bergh and Butterworth, 1987; Powers and Restrepo, 1993; Punt et al., 2002) and Bayesian approaches (McAllister and Pikitch, 1997; McDonald and Smith, 1997). Punt and Smith (1999) also evaluated the VOI but neglected the parameter uncertainty and relative credibility of alternative model structures. Quantifying the VOI is more common in the fields of decision-making under uncertainty other than fisheries. The concept of the VOI belongs naturally to the theory of information economics, a branch of microeconomic theory (Quirk, 1976). Basically, the value is understood as a measure of the economic VOI, but there is no need to be so restrictive; any quantitative measure of utility can be used, such as the number of fish landed or a perception of happiness on a scale of 0–100 (Mantyniemi et al., 2009).

Ignoring the opportunity costs of information collecting can lead to overly optimistic predictions of the value of increased assessment effort, which occurs at the expense of various management activities. The value of an assessment program should be measured not by the precision of the estimates it generates but rather in how well fishery management objectives are met in a broader sense (Hansen and Jones, 2008). This requires our models to approach the situation that is happening under water as efficiently as possible. Hence, the most valuable information should be provided in order to improve the model fit and also make the best use of grants and funding.

As mentioned above, we conducted a study on the VOI analysis using Indian Ocean striped marlin (Kajikia audax) as a case study in the purpose of detecting information contribution in management strategy evaluation (MSE) process. MSE process was conducted within a simulation test. Meanwhile, relative yield was used to mature the contribution of information. Striped marlin is a common bycatch species in distant water fisheries such as tuna longline fishery (Dai and Xu, 2007). Management of bycatch species especially data-limited species is fairly necessary, and information value will provide valuable guidance to data collection for researchers and managers of these bycatch species.



MATERIALS AND METHODS

Simulation of fishery dynamics was carried out using state-space age-structured OMs included in DLMtool (Carruthers and Hordyk, 2018) and MSEtool (Carruthers et al., 2018), an open-source package developed within the R environment for efficient closed-loop evaluation of fishery management procedures. MSE closed-loop testing is presented here basically following the guidelines of Punt et al. (2016).


Operating Model (OM)

A state-space age-structured model is used in the OM (Carruthers et al., 2018). This model is fitted to an index of biomass and catch-at-age composition data (for details on how these data are simulated in closed-loop testing, see Carruthers and Hordyk, 2018) and estimates time-invariant selectivity and process error in the form of recruitment deviations.

Operating model is set up based on the stock assessment materials from 2017 IOTC 15th Working Party on Billfish (WPB15) (Wang, 2017). All errors from the original assessment are moved to make a “clean” base case OM and we assume that this situation is the best case that we can achieve in the real world.

Life history and fishing parameters were based on the maximum-likelihood estimates from the stock assessments, with modifications to provide greater generality in the interpretation of results. Where values were estimated for both sexes, the female parameters were used.

Catch and index information is the most common input as the fisheries-independent data in fisheries study; hence, we set up the OM with modified catch and index error and bias, which are as follows: log-normal annual catch observation error σC (Cobs), log-normal annual index observation error σI (Iobs), and bias factor for annual catch observations bC (Cbias). We also chose the bias factor for the observed natural mortality rate bM (Mbias), the bias factor in the observed von Bertalanffy growth parameter K bK (Kbias), and the bias factor in the observed maximum length bLinf (Linfbias) as representing fisheries-dependent data in the study. The sample size of catch-at-age observation (CAA_samp) is also chosen to be tested as it is informative on stock structure and could provide special information in MSE.

Where we focus on in this study is
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where [image: image] and Ci,y are the observed and simulated catch of simulation i in year y, respectively. bC is the bias factor in the catch, and εC,i,y is a log-normal distributed catch observation error of simulation i in year y. [image: image] and Ii,y are the observed and simulated catch of simulation i in year y, respectively. bI is the bias factor in the index, and εI,i,y is a log-normal distributed index observation error of simulation i in year y.

For natural mortality M, maximum body length Linf, and growth parameter K, biases were just implemented as a factor similar to bC, simulated as follows:
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where Mi, Ki, Ci, and Linfi are the simulated natural mortality, the von Bertalanffy growth parameter K, the annual catch, and the maximum length in simulation i, and [image: image], [image: image], [image: image], and [image: image] are the corresponding observations. Bias b is a factor (Figure 1B), and the error is a log-normal error term with mean 1 and coefficient of variation (CV) determined by M, K, C, and Linf.
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FIGURE 1. Parameter performance with time-series data. (A) Annual catch/index observation error distribution in low (0.05), medium (0.1), and high (0.15) level. (B) Simulated real catch with low (0.05), medium (0.1), and high (0.15) level observation error. (C) Catch level with low (4/5), medium (1), and high (5/4) level bias in Cbias and Linfbias. (D) Catch level with low (2/3), medium (1), and high (3/2) level bias in Mbias and Kbias.




Parameter Settings

Seven parameters are tested for the VOI in this case study including Cobs, Iobs, Cbias, Mbias, Kbias, Linfbias, and CAA_nsamp. All parameters are expressed with their lower and upper bounds (Table 1).


TABLE 1. Parameter settings in striped marlin case study.
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(0.05, 0.15) is applied to σC and σI, (4/5, 5/4) is applied to bC and bLinf, and (2/3, 3/2) is applied to bM and bK. (10, 1000) is applied to CAA_nsamp. Low error/bias represents the lower bound of the parameters, while high error/bias represents the upper bound of the parameters. Real catch is a stochastic time-series catch with a rising trend. Yields with errors or biases applied are shown in Figure 1.

Parameters are tested independently, which means there is only one changing variable in each MSE run without other errors in the simulation system so that VOI results are generated in a “clean” environment.



Management Strategy Evaluation (MSE)

For VOI testing, management procedures SCA_MSY, SCA_75MSY, and SCA_4010 were applied to run the MSE in this study. These three data-rich management procedures are based on statistical catch-at-age (SCA) stock assessment with MSY, 75%MSY, and 40–10 harvest control rules, respectively (Carruthers et al., 2018), in which catch = MSY, catch = 75%MSY, and 40–10 HCRs are used in fisheries management. These assessment-based MPs were chosen from nine data-rich MPs based on SCA, delay difference, and surplus production methods as catch-at-age data generated from the observation model were used when running SCA-based MPs. Nine iterations of parameter values between lower and upper bounds were applied with 128 simulations when running the MSE. Long-term yield was calculated under a 50-year projection. The average yield was rescaled as the relative yield using the yield in the last 10 years. The mean trend of each simulation for every individual MP was calculated, and the trend of each simulation was also calculated in terms of the three MPs.




RESULTS

Different observations could be seen when MSE runs were performed with different parameter settings associated with the three data-rich MPs.


Cobs and Iobs

Simulation tests of Cobs and Iobs converged well, and the patterns showed that not much information value was necessary. When the parameter Cobs was tested, the majority of simulations with all three MPs were concentrated around the line representing a relative yield equal to 1 with only a few noise bumps mostly between 0.5 and 1.5 (Figure 2, upper row). Compared with Cobs, there were even less noises when parameter Iobs was run; almost all 128 simulations converged toward yield equal to 1 (Figure 2, lower panel). Above all, simulations in testing of parameters Cobs and Iobs are stationary and concentrated and hence had no influence on the final relative yield. We could barely get any useful VOI from Cobs and Iobs since the relative yield did not change a lot within the parameter range.
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FIGURE 2. Results of 128 simulations of the parameters Cobs and Iobs with three MPs.




Cbias and Linfbias

Contrary to the parameters Cobs and Iobs that had tendency to converge toward yield equal to 1 after simulation runs, Cbias and Linfbias apparently had a broader distribution range diverging in most simulation cases from yield equal to 1. In fact, parameter Cbias had higher values of relative yield for lower bias factors (<0.9), in most simulations, then gradually converging toward the yield range (0.6–1) for bias factors greater than 0.9 (Figure 3, upper row). Regarding the parameter Linfbias, simulation runs showed fluctuating changes in the relative yield; very high yields were seen at lower bias values for most simulations and for all three MPs, then dropping drastically and staying constant to yield ranges between 0.5 and 1, for bias values superior to 0.95. The three MPs looked alike for most cases except for the noises observed at the beginning of SCA_4010 representing the lower bias values. For both parameters, we observed the necessity of more information value for higher relative yields when parameter values are low.
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FIGURE 3. Results of 128 simulations of the parameters Cbias and Linfbias with three MPs.




Mbias and Kbias

The results of these two bias factors, Mbias and Kbias, were quite similar with that of Linfbias. With a similar high relative yield at the beginning, it gradually drops to a relative yield equal to 1 then below 1 and constant in the range between 0.5 and 1 for both parameters Mibas and Kbias (Figure 4). Looking into details, simulations with the three MPs in Mbias are nearly exactly the same as that in Kbias.
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FIGURE 4. Results of 128 simulations of the parameters Mbias and Kbias with three MPs.




CAA_nsamp

The parameter of the catch-at-age sample size was a bit different from the other parameters tested in this study. It is not controlled throughout a bias nor error but directly by the number of the catch-at-age sample. The result shows that the relative yield was very sensitive to CAA_nsamp at the first iteration, especially at the very beginning of the interval (Figure 5). Then the relative yield goes back to 1 and stays stationary at 1 until the end of the interval. It converged well after the first interval at a relative yield equal to 1.
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FIGURE 5. Results of 128 simulations of the parameter CAA_nsamp with three MPs.




Mean Trend

The mean trends of the seven parameters over MPs SCA_MSY, SCA_75MSY, and SCA_4010 are summarized in Figure 6.
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FIGURE 6. Mean trend of all parameters conducted with three MPs.


Generally, the mean trend of Cbias, Cobs, CAA_nsamp, and Iobs looks similar, whereas Linfbias, Mbias, and Kbias share a similar shape. These three parameters (Linfbias, Mbias, and Kbias) as observed in Figure 6 simply show their impact on the final relative yield, since they cause the yield to drop from their expected values to lower values (relative yield < 1). For Cbias, Cobs, CAA_nsamp, and Iobs, the mean trend goes flat and smoothly within the interval. Especially, an obvious drop was observed at the beginning of CAA_nsamp, and we also noticed that this drop started slightly above 1 in Cbias and stayed constantly smooth throughout as from 1.2. Similar to what it shows in simulation-specific plots, the mean trends of Cobs and Iobs were quite flat and followed the line of a relative yield equal to 1.

It is not surprising that the relative yield results of parameters Mbias and Kbias were very close; both parameters started around 1.5 and then dropped slowly and converged around 0.75. Especially, there is a platform at the beginning of Linfbias in contrast to the rapid drop at the start interval of Mbias and Kbias.




DISCUSSION

We notice that catch- and index-related parameters, including Cbias, Cobs, and Iobs, provide a few information values as the relative yield does not have distinct change within the parameter interval. Similarly, but slightly different, there is a significant but small signal in the first iteration, which reflects a strong information value as the relative yield goes completely flat in the following iterations. In the other three biases, Mbias, Kbias, and Linfbias, it is clear that a great information value was reflected as we can see in the mean trend plot (Figure 6). Consequently, fisheries-dependent parameters, including Cobs, Cbias, CAA_nsamp, and Iobs, tend to a flat trend of the relative yield under the three MPs. Thus, there is a special interval in CAA_nsamp that indicates a relatively huge information value at the beginning. We also found a significant information value in fisheries-independent parameters, such as Mbias, Kbias, and Linfbias. Interestingly, with almost the same tendency from the lower bound to the upper bound, the parameter value pulls the relative yield from the very top at around 1.5 and then drops rapidly and goes flat to the bottom.


Base-Case OM Settings

The base-case OM was set to represent the “best” data available situation that we can achieve in reality. Simulation studies conducted on a non-noised parameter will indicate the impact of the changing variable. However, there could always be debates on the ideal base-case OM. Questions may arise including the following: Is it really the “best” available situation? How far is it from our reality? What else can be the noise in our study based on this model structure? There are lots of questions for us to answer.

In our base-case OM, natural mortality (M) was set to 0.45 and steepness (h) to 0.86. In the stock assessment performed by Wang (2017), sensitivity analysis of M and h was conducted with M values of 0.35 and 0.55, and h values of 0.75 and 0.95. However, another stock assessment on striped marlin was performed by Wang (2018) using the Stock Synthesis package in the Indian Ocean; the author conducted a sensitivity analysis based on h values of 0.4 and 0.5 and M values of 0.25, and an age-specific M (controlled by the average M value).

In other studies, for instance, Parker et al. (2018) conducted a stock assessment of striped marlin in IOTC-WPB16 using the Bayesian State-Space Surplus Production Model software, JABBA. In their study, the reference steepness used was 0.5 with a sensitivity analysis of lower value 0.4 and higher value 0.86, while admitting reasonable uncertainty about the natural mortality M.

In the present study, for simulation test progress, individual values of information of each parameter were tested under the environment denoted “clean” and “perfect” operation models. So the results obtained are based on the assumption that the OM settings are constantly perfect. As a result, we only tested a single parameter at one time without any noises from other parameters, which is obviously non-existent in real fisheries. Nevertheless, in this preliminary study, we are still using the single-parameter testing system, as what we actually focus on is the impact of a single parameter rather than the synergistic effect. And we clearly got the valuable result that individual fisheries-independent parameters and the catch-at-age sample size are more informative than fisheries-dependent information. This could be the fundamental theory in VOI study in fisheries, and more studies on the information from other aspects could be done based on our research.

As we all know, uncertainties are glued together and always appear at the same time. Thus, future works should be geared toward multi-impact parameter simulation tests to detect interactions within uncertainties.



Impacts of Information Values

The importance of the quantity of fisheries data has been increasingly realized in fisheries stock assessments and MSEs (Restrepo and Powers, 1999). As an analysis on VOI for management, we focused mostly on the most effective information contributing to the management process. The parameters in our simulation tests, which provided large efforts in management, could also be important in stock assessment works, especially fisheries-independent parameters such as Mbias, Kbias, and Linfbias. The information brought from these parameters would be helpful in life history, growth, and species movement studies. A study by Johnson et al. (2015) suggested that in order to design better studies using simulation tests, accurate estimates of sample sizes would be more helpful than conventional power analysis and be reasonably straightforward to use so as to justify the extra time and effort required for the simulation.

Obviously, an optimum sample size is necessarily important in management case studies. Using an appropriate sample size will effectively save effort put in data collection, such as money and time. In the perspective of fisheries management, we suggest that more effort should be put on data reporting and information collection for a fisheries-independent sampling approach. Apparently, Mbias, Kbias, and Linfbias are relatively more important derivers on yield compared with Cobs, Cbias, Iobs, and CAA_nsamp. Therefore, some actions should be done in the current data collecting system, for instance, cut down the number of catch-at-age data and set a lower bound of 134 individuals due to the inflection point in the study (Figure 5). We found that Mbias, Kbias, and Linfbias derived yields in exactly the same way, that is, a half higher yield with low bias and, on the other hand, a quarter lower yield with high bias (Figure 6).

Chen et al. (2003) evaluated the impact of data quantity to fisheries and reported that the lack of sufficient data may lead to relatively higher steepness with higher uncertainty (wider distribution). According to Chen et al. (2003), a difference index of parameter mean reached +40.5% and a difference index of standard deviation reached extremely high values of +778.5%, which could definitely bring the yield to a completely different level, such as hyperdepletion or hyperstability. However, in Chen et al. (2003), natural mortality estimation was also driven by data quality, which, in turn, fluctuated the mean value (from -18 to +50%) with a wide standard deviation distribution (+3.3 to 112.0%). From the perspective of yield-expected management, this variance would drop the yield by 50% from the highest estimation to the lowest.

Regarding the use of abundance index data, Schnute (1985) and Maunder and Punt (2004) raised debates as to what type of data is appropriate to use; questions such as whether to use fisheries-independent data such as surveys or to use fisheries-dependent data such as information from commercial or recreational fisheries were raised. From our point of view, we observed that catch or abundance index data did not cause yield results to fluctuate. Therefore, we suggest that both fisheries-independent and -dependent data may be used for stock assessment and management, and that these data types may not bring severe impact on yield results. However, our study showed that bias in catch and index data were not the main drivers of yield fluctuations; it could probably also depend on the fisheries type and MPs.

The number of catch-at-age samples is always a huge challenge for bycatch species (Pelletier and Gros, 1991). The final result, i.e., the yield, is emphasized, rather than the intermediate VPA result, i.e., the fishing mortality, as stressed in a previous study by Pelletier and Gros (1991); the yield per recruit is less sensitive to catch than the VPA result. Hence, the CV of fishing mortality is approximately equal to those of catch estimators, whereas the yield variance is lower than the input catch-at-age error. Consequently, the uncertainty due to catch is moderate, and the CVs of the yield range are between 8 and 15%.

Fournier and Archibald (1982) suggested that catch-at-age data should not be produced without considering the final use to which they will be put. If the final use is an age-structured model, then aging a large number of older fish accurately may not only be a waste of money and effort but could also degrade the quality of the estimates obtained from the age-structured model. Similarly, in our study, age-structured catch data are necessary but only in a relatively low level. Too much effort put on catch-at-age data collection could be a waste of both money and time, as mentioned by Fournier and Archibald (1982).

In our base-case OM, the number of catch-at-age samples was set between 500 and 600 with the aim to remove the impact of the lacking age-structured catch data. On the other hand, in Wang’s stock assessment (Wang, 2017), the catch-at-age number was set between 100 and 200, which is quite close to the result we got at 134. Consequently, a large sample size of catch-at-age data is determined to be a waste of time and effort. However, this could also depend on age-based selectivity and vulnerability of the stock (Linton and Bence, 2011).



Future Data Collection

As computer-intensive technology and statistical methods evolve, an increase in attention is now being paid on the quality of the data collected for fisheries analyses. There are huge efforts put on global marine fisheries catch reconstruction. Pauly and Zeller (2016) described the source of catch into three contents: foreign fishing, industrially catch, and small-scale fisheries and suggested to put more effort on small-scale fisheries data collection. Based on the VOI analysis results obtained in this study, Cbias and Cobs show that the huge effort put on data collection could possibly have tiny contribution to our management. Nevertheless, Pauly and Zeller (2016) also found that reconstructed global catches between 1950 and 2010 were 50% higher than the FAO dataset and are declining rapidly since catches peaked in the 1990s, which also indicates that data collecting is still necessary in the perspective of global fishing status analysis.

The quantity of fisheries data can have a profound impact on the quality of stock assessment (Chen et al., 2003). Realistically, information has various availabilities in terms of data type or even fisheries status. A valuable fishery tends to have fisheries-independent and -dependent information collected for many fisheries variables with long time series, while a less valuable fishery, however, often has limited information collected. The optimum data size for the two fisheries could be very different, so we should implement this VOI analysis on more different types of fishery to find the best guidance of fishery-specific data collection.

Data collected from commercial fishery represent different characteristics of the stock than data collected by scientific surveys. Data collected from a well-defined fisheries-independent survey tend to be unbiased and representative of the targeted fish stock and are thus considered more reliable than the data collected from commercial fisheries (Hilborn and Walters, 1992). It is thus important to improve data quantity and collect fisheries-independent data, which often are more reliable than data collected from commercial fisheries. In our case study, fisheries-independent data such as Kbias, Mbias, Linfbias, etc., bring more impact on yield than fisheries-dependent information including Cbias, Cobs, and Iobs, which support the point of view above.

More complex cost models of observation processes are needed by managers to account for overhead costs of certain operations (survey boats, launches, and crew) and then account for prorated data collection costs (e.g., survey days at sea).
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Most of the methods developed for managing data-limited stocks have been designed for long-lived species and result in a poor performance when applied to short-lived fish due to their high interannual variability of stock size (IAV). We evaluate the performance of several catch rules in managing two typical short-lived fish (anchovy-like: characterized by high natural mortality, and hence, IAV, and full maturity at age 1; and sprat/sardine-like: with medium natural mortality and IAV, being fully mature at age 2). We followed the management strategy evaluation approach implemented in FLBEIA software to test several model-free harvest control rules, where the Total Allowable Catch (TAC) is yearly modified according to the recent trends in an abundance index (n-over-m rules: means of the most recent n values over the precedent m ones). The performance of these rules was assessed across a range of settings, such as time-lags between the index availability and management implementation, and alternative restrictions on TACs’ interannual variability (the uncertainty caps, UC). Moreover, we evaluated the sensitivity of the rule performance to the operating model assumptions (stock type, productivity, recruitment variability and initial depletion level) and to the observation error of the index. In general, the shorter the lag between observations, advice and management, the bigger the catches and the smaller the biological risks. For in-year management, 1-over-m rules are reactive enough to stock fluctuations as to gradually reduce risks. The 1-over-2 rule with symmetric 80% UCs reduces catches and risks toward precautionary levels in about 10 years, faster than if applied unconstrained (i.e., without UC), whilst the ICES default 2-over-3 rule with symmetric 20% UC is not precautionary. We prove that unconstrained rules gradually reduce the fishing opportunities, with amplified effects with increasing IAV. This property explains the stronger reductions of catches and risks achieved for the anchovy compared to the sprat/sardine-like stocks for any rule and the balance between catches and risks as the index CV increases. However, to avoid unnecessary long-term losses of catches from such reduction properties, it is suggested that the rules should be applied provisionally until a better assessment and management system is set up.

Keywords: data-limited, management strategy evaluation, FLBEIA, short-lived fish, model-free harvest control rules


INTRODUCTION

The majority of the stocks exploited worldwide are from fisheries that lack formal stock assessments (Beddington et al., 2007; Costello et al., 2012; Ricard et al., 2012). These are usually low value resources (Bentley and Stokes, 2009b), often corresponding to by-catch, small-scale, recreational and/or artisanal fisheries. But there are also cases in which the quality of the data hinders its use for assessment purposes or there is insufficient capacity to conduct stock assessments (Dowling et al., 2019). In an attempt to decrease the number of stocks with unassessed status and to provide management advice for the largest number of species as possible, several jurisdictions have developed hierarchical tier systems that categorize stocks based on the data available or the ability to estimate key assessment parameters (Dichmont et al., 2015). Aiming at reducing risks to sustainability, but still maintaining profitable fleets and addressing food security issues (United Nations, 2019).

The International Council for the Exploration of the Sea (ICES), that provides management advice for many European fisheries, started to develop its tier system, the so-called data-limited framework, in 2012 (ICES, 2012a). Since then, this framework has evolved over time through several expert working groups that have validated and refined many of the methods proposed (ICES, 2012b, 2020c). Nowadays ICES classifies stocks into six categories based on the available information (ICES, 2019). Category 1 comprises stocks with full analytical stock assessment and forecasts. Category 2 refers to stocks with analytical assessments and forecasts that are only treated qualitatively as indicative of trends in stock metrics such as recruitment, fishing mortality and biomass. Category 3 includes stocks for which one or more indices (from surveys, from exploratory assessments or from elsewhere) are available and indicative of trends in stock metrics. Categories 4, 5 and 6 are increasingly data-limited stocks for which only catch and/or landing data are available. For each stock, if there is an agreed management plan that has been evaluated to be consistent with the precautionary approach, ICES provides advice based on that plan. Otherwise, ICES provides advice for stocks in categories 1 and 2 based on the ICES maximum sustainable yield (MSY) advice rule that aims at maximizing the average long-term yield while maintaining productive fish stocks, whereas for stocks in categories 3–6 the advice is based on empirical harvest control rules that aim at maintaining the stocks within safe biological limits in accordance with the precautionary approach. In 2014, the majority of the stocks fell in category 3 (ICES, 2014; Dichmont et al., 2015). The empirical harvest control rule used for these stocks adjusts the most recent advised catch according to the ratio of average stock size indices over the last years. In addition, to account for the inherent uncertainty of the index, the interannual change in the catch advice is capped by a maximum change limit called uncertainty cap (UC).

Despite the fact that numerous methods to assess data-limited stocks have been developed in the last years (MacCall, 2009; Dick and MacCall, 2011; Wetzel and Punt, 2011), empirical harvest control rules are emerging as an alternative for data-limited stocks (Bentley and Stokes, 2009a; Dowling et al., 2015). These rules set the management actions based on directly observable indicators rather than from stock assessment models and are readily applicable. Ideally, the performance of these harvest control rules, and more generally the management procedures encompassing them, should be tested by simulation before implementation (Punt et al., 2016). Whenever possible, the simulation testing should be done specifically for each case (Bentley and Stokes, 2009a). However, developing management plans is not trivial, since it demands expertise and can sometimes be resource consuming (Dowling et al., 2019). And it is even more difficult for data-limited stocks, for which information is scarce or less reliable. In these cases, Bentley and Stokes (2009a) argued that generic approaches might not be optimal but can be better than not taking any approach at all. Furthermore, they noted that evaluating generic approaches for a variety of stock characteristics and fishery types could allow to discern which are the most influential factors and gain understanding about concrete circumstances under which the management plans satisfy the objectives.

Generic harvest control rules are usually evaluated for generic stocks (Geromont and Butterworth, 2014; Carruthers et al., 2016) or for specific species (Jardim et al., 2015; Fischer et al., 2020). Often, different species representing contrasting life-traits are selected (Carruthers et al., 2014; Wetzel and Punt, 2015; Walsh et al., 2018). Various simulation studies have shown that the performance of the harvest control rules might change depending on the life history-traits, the productivity of the stock and the depletion level. In particular, in many cases, the performance of the harvest control rules worsened for short-lived fish stocks (those with a lifespan restricted to 4–6 years (ICES, 2017) and becoming fully mature between 1 or 2 years-old). Walsh et al. (2018) showed that choosing an ineffective harvest control rule could have much more dramatic and negative outcomes for short-lived fish species. For Carruthers et al. (2014) butterfish proved to be the most challenging stock due to its short life-span and highly variable recruitment. In a recent paper Fischer et al. (2020) evaluated the performance of the empirical harvest control rule for ICES category 3 stocks for 29 stocks with contrasting life-history parameters. They concluded that the rule performed worse for the more productive stocks (growth parameter of the von Bertalanffy model, k, larger than 0.32 year–1). Stocks with higher k have larger natural mortality (Gislason et al., 2010) and are inherently more variable. This can lead to quick stock recovery, but in this case the rule was not reactive enough to avoid stock collapse.

Some small pelagic fish are good examples of short-lived fish species and of the most common difficulties encountered. Their short life-span, the highly variable recruitment dynamics, the aggregative behaviour of many of them and the quick response to environmental drivers make them vulnerable to exploitation (Freón et al., 2005). The most effective management plans are based on close monitoring with fishery-independent surveys (Barange et al., 2009), short time lag between the stock assessment and the management decision (Freón et al., 2005; Sánchez et al., 2018), pre-recruitment surveys (Dichmont et al., 2006a; Sánchez et al., 2018) or the use of flexible harvest control rules to accommodate the management to the population oscillations, for example setting an initial conservative TAC with a within season adjustment when year-class strength is known (Plagányi et al., 2007).

Representative small pelagics are anchovy, sprat, and sardine. These species are commercially important species and essential in the ecosystem due to their situation in the food-chain, as they are food source for fish, marine mammals, and birds. Maximum anchovy length is around 15–19 cm (corresponding to age of 2 to 5 years) and all individuals are mature at 1 year-old (Barange et al., 2009). Whereas maximum sprat and sardine lengths range between 15–18 cm and 23–40 cm (corresponding to 4 to10 year-old fish), respectively. Having these stocks also a later age of first spawning, generally at ages 2 and 3 (Barange et al., 2009). Anchovies are characterised by higher natural mortality values (Gislason et al., 2010; ICES, 2020a,b) and earlier maturity (Checkley et al., 2017; ICES, 2020a,b) than those for sprat and sardine. This leads to lower survival rates for anchovies, which consequently implies higher interannual variability of stock size (IAV), as a higher fraction of the population is sustained by recruits.

The objective of this work is to evaluate by simulation-testing the performance of simple empirical harvest control rules for short-lived fish stocks. In particular, we focus on stocks in ICES category 3, for which catch advice is based on the previous advice multiplied by an estimation of the recent trend of the population obtained from a biomass index. The rules tested differ in the number of years used to infer the trend in the population, the uncertainty caps that set the maximum allowable interannual variability in the catch advice and the time lag between the biomass index and the year for which the advice is provided. Additionally, we evaluate the inclusion of a biomass safeguard level in the rules. We consider two types of short-lived small pelagic fish, anchovy-like and sprat/sardine-like, which are simulated based on their life history characteristics (Jardim et al., 2015; Fischer et al., 2020) under different exploitation levels. Finally, we test the sensitivity of the results to the precision of the biomass index and to the productivity of the stock and the variability of the recruitment, by changing the steepness and the process error of the stock-recruitment model, respectively. The results are discussed to provide guidelines on the best empirical harvest control rules for short-lived data-limited fish stocks.



MATERIALS AND METHODS


Management Strategy Evaluation

We evaluated the performance of advice rules for ICES category 3 stocks using a Management Strategy Evaluation (MSE) simulation framework (Punt et al., 2016). The simulations were carried out using the FLBEIA software (García et al., 2017), which is a tool to perform bio-economic impact assessment of fisheries management strategies based on FLR tools (Kell et al., 2007).

The simulation framework has two main components: the operating model (OM), which represents the real world (i.e., the fish stocks and the fleets targeting them); and the management procedure (MP), representing the advice process (i.e., assessment and advice rule). Both components are connected through the observation model that feeds the MP with information on the OM (e.g., observation of catches, biological parameters and/or abundance indices) and the implementation model, that alters the OM given the advice from the MP. Each of these components is described in detail below.


Operating Model Based on Life-History Parameters

We simulated two types of short-lived fish stocks: an anchovy-like stock (STK1) and a sprat/sardine-like stock (STK2). The anchovy-like stocks are characterised by high natural mortality (above 0.8 year–1), full maturity at age 1 and large interannual fluctuations (>40% among years), whereas sprat/sardine-like stocks are stocks with medium natural mortality (between 0.4 and 0.7) that are fully mature at age 2 and have intermediate interannual variability. For each stock, the biological OM was based on an age-structured (ages 0–6+) model by semester. Spawning was assumed to occur at the beginning of the second semester (1st July), so that recruits (age 0 individuals) entered the population on 1st July. Birthdate was assumed on 1st January, which implies that age 0 group only lasts for 6 months in the population, becoming afterward age 1. The operating model for each type of stock was based on their life-history parameters (Jardim et al., 2015; Kell et al., 2017; Fischer et al., 2020). Growth was based on the von Bertalanffy growth model and lengths were converted to weight-at-age using a length-weight model. Annual natural mortality rates by age group were derived from length-at-age based on the Gislason’s model (Gislason et al., 2010). Maturity-at-age was 1 for individuals aged 1 and older in the case of the anchovy-like stock and for individuals aged 2 and older for sprat/sardine-like stocks. For the latter stock, maturity-at-age 1 was assumed equal to 0.5. Annual recruitments were generated according to the Beverton and Holt stock-recruitment model with steepness equal to 0.75 that represented a medium productivity (Jardim et al., 2015), virgin biomass (B0) equal to 100 000 tonnes and a standard deviation (σREC) at 0.75 without autocorrelation in residuals. More details are provided in Supplementary Annex I.

Reference points for each of the stocks were estimated based on the above dynamics and presuming 50% of the catches occurred in each semester. The limit biomass (Blim) was set as 20% of the virgin biomass B0 (Mace and Sissenwine, 1993; Smith et al., 2009) and the biomass at which the stock had collapsed (Bcollapse) was set as 10% of the virgin biomass B0 (Punt et al., 2016). A proxy for FMSY (FMSYproxy)was based on F40% B0 (Punt et al., 2014), i.e., the fishing mortality rate associated with a biomass of 40% B0 at equilibrium. All the estimated values are given in Supplementary Annex I (Table I.4).

The historical trajectory of each stock was simulated for 30 years. Each stock started from a virgin population. During the first 10 years the exploitation increased linearly up to a constant level of fishing mortality (Fhist) that was kept constant for the next 20 years. Three levels of Fhist leading to different depletion levels (FAO, 2011; Geromont and Butterworth, 2015) at the beginning of the simulation period were tested: (i) underexploited, Fhist = 0.5⋅FMSYproxy; (ii) fully exploited, Fhist = FMSYproxy; and (iii) overexploited, Fhist = 2⋅FMSYproxy. Variability in the historical fishing mortality (F) was included through a log-normal distribution with a coefficient of variation (CVF) of 10%. The percentage of fishing mortality in each semester was kept constant at the value that leaded to 50% of the catches in each semester (0.3 for anchovy-like stock and 0.4 for sprat/sardine-like stock in the first semester).



Observation Model

In each year y, the observed abundance index of biomass at age 1+ (Iy) followed a log-normal distribution as follows:
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where q is the catchability of the survey, which was set equal to 1, By,s,1+ is the biomass at age 1+ at the beginning of the semester s in year y and CVI is the coefficient of variation of the index in normal scale that was assumed equal to 0.25. The specific time-instant in which the abundance index is observed will change depending on the management calendar, as explained below.



Management Procedure

The management procedure was based on an empirical harvest control rule (HCR) of type n-over-m. This means that the TAC was based on the previous year TAC adjusted to the trend in the stock size indices for the values in the most recent n years relative to the values in the preceding m years.

In the usual management calendar, which is known as interim year advice (int), the TAC from January to December in year (y+1) was based on the indices on B1+ in the interim year y (at the beginning of the second semester) as follows:

[image: image]

This means that there was no indication of age 1 in the TAC year, which for short-lived fish might be the bulk of the population (Figure 1A).
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FIGURE 1. Graphical representation of the timings of abundance surveys, stock assessment and management period for each management calendar. From top to bottom, interim year advice, in-year advice and full population advice.


Following a similar approach to Sánchez et al. (2018), we evaluated two alternative management calendars than shortened the time lag between the biomass index and the management advice: in-year advice (iny) and full population advice (fpa). In the in-year advice, the management calendar was moved to July-June, and the TAC was set as soon as the biomass index on B1+ at the beginning of the second semester was available. So, the TAC from July (y) to June (y+1) was based on the index up to year y as follows:
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This implies that the biomass index provided indications on the abundance of the age 1 group during the second semester in year y, but not during the first semester of year (y+1) (Figure 1B).

In the full population advice, the management calendar was the calendar year, but the biomass index was available up to year (y+1) and provided information on all the age classes that were going to be exploited (i.e., B1+ at the beginning of the first semester). The TAC from January to December (y+1) was:
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This is the usual case when a recruitment index is available, and the TAC is set based on indications on all the age classes (Figure 1C). But it also applies to cases where a survey at the beginning of year y on B1+ will be used to set the TAC of the entire year y (even if the TAC is set once the management year has started).

Regarding the values of n and m, we tested the 2-over-3 rule that is the default ICES harvest control rule for category 3 stocks, and we compared it with respect to other rules that could potentially react faster to the high IAV of the short-lived fish stock dynamics, namely, 1-over-2, 1-over-3 and 1-over-5. In the first year of application of the rule, the rule depended on a reference TAC value, which was calculated as an average of the catch in the most recent m years, being m the number of preceding years in the denominator of the harvest control rule.

In the ICES framework for stocks in categories 3–6, to avoid large oscillations in the TAC advice from year to year, due to noise in the indices, the interannual changes in TAC advice are capped, so that only changes up to a maximum limit are allowed. The so-called Uncertainty Cap level (UC) has a default value of ±20%. This means that the TAC change from year to year cannot be larger than 20%, or if defined by the ratio of the consecutive TACs they must lie between 0.8 and 1.2. In general, if we denote UC(L,U) the uncertainty caps with L lower and U upper levels, the ratio of the consecutive TACs from year to year will be within the interval (1-L, 1+U). We considered the following alternative UCs: (i) no UCs denoted as UC(NA,NA); (ii) symmetric UCs at ± 20% UC(0.2,0.2), ± 50% UC(0.5,0.5) and ± 80% UC(0.8,0.8); and (iii) asymmetric UCs at 20% lower and 25% upper caps UC(0.2,0.25), 50% lower with 100% upper, UC(0.5,1.0), or with a 150% upper caps, UC(0.5,1.5), and 80% lower with 275% upper, UC(0.8,2.75), or with 400% upper UC(0.8,4) or with 525% upper caps, UC(0.8,5.25). In the case of the symmetric UCs, even when a decreasing change is followed by an increasing change of the same magnitude, the TAC does not achieve the same level, so that continuously applying the symmetric UCs up and down would lead to a continuous decrease in the TAC. The asymmetric UCs aimed at overcoming this by allowing larger upper than lower uncertainty caps to allow recovering to the same or larger TAC levels after a reduction. The UC values considered allow recoveries of the initial TAC levels up to: 75% for UC(0.5,0.5) and UC(0.8,2.75); 100% for UC(0.2,0.25), UC(0.5,1.0) and UC(0.8,4); and 125% for UC(0.5,1.5) and UC(0.8,5.25).

It is important to note that the n-over-m rules, without and with uncertainty caps, have intrinsic properties that determine the performance of the rule. As shown in Supplementary Annex II, for an abundance index in stationary conditions that fluctuated around its mean according to a log-normal error (σ2)distribution (accounting for both observation and process errors), any n-over-m ratio (rn,m) with n < m resulted in a median value <1 with the following expected value:
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This means that these rules tended to reduce the fishing opportunities along time. In general, the larger the difference between n and m, the larger would be the reduction properties of the rule. In addition, the greater the interannual variability of the index, the greater the reduction properties of the n-over-m rule would be (up to an asymptotic value). The application of uncertainty caps generally modified the reduction properties of the rules. When symmetric uncertainty caps were incorporated (i.e., L = U), the reduction property was kept though its magnitude was modified and it could almost be vanished for small symmetric uncertainty caps (∼0.2). Alternatively, for asymmetric UCs, given a lower cap value (L), as the upper value (U) increased the change factor of the rule increased and large differences between the lower and upper value (U-L) turned over the rule properties from a reduction to an increase of the fishing opportunities. In fact, given the variability of the index and the parameters of the rule n, m and L, it would be possible to calculate what upper uncertainty cap level (U) is required to make the median change trend factor equal to either (i) the median change factor obtained without uncertainty caps, or (ii) to 1 (i.e., the inflexion point, where the factor turns from a reduction to an increasing factor).

For a subset of rules, we also evaluated the effect of including a biomass safeguard (Fischer et al., 2020). This consisted in a multiplicative factor that reduced the TAC advice when the observed index was below a threshold value (Itrigger):
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where Il is the last available index and the biomass safeguard Itrigger can adopt three alternative values: Imin = min(Ihist); Iminpa = 1.64⋅min(Ihist) or Inorm = exp(mean(log(Ihist))−1.645⋅sd(log(Ihist))). The biomass safeguard was included in the 1-over-2 rule with (i) no UCs: UC(NA,NA); (ii) symmetric UCs at ± 20%: UC(0.2,0.2) and ± 80%: UC(0.8,0.8); and (iii) asymmetric UCs at 80% lower with 400% upper caps: UC(0.80, 4.00).



Implementation Model

No implementation error was simulated. All the TAC was taken as far as the population supported it. Catches were not allowed to be larger than 90% of the numbers at age in the population. The percentage of the TAC taken in each semester was set to 50%. When the semester quota was not taken, it was transferred to the next semester within the same management calendar.



Scenarios

For each combination of stock type and historical fishing pattern (2 stock types × 3 fishing patterns) we evaluated the performance of 120 variants of the advice rule (corresponding to 4 variants of the n-over-m advice rule, 10 sets of UCs and 3 management calendars). Simulated scenarios were the combination of the alternatives for the different components listed in Table 1.


TABLE 1. List of alternative scenarios simulated for the different components.
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Projections

Dynamics were simulated forward for 30 years and run for 1000 iterations for each scenario. Uncertainty in the projection period was introduced through: (i) recruitment process error from a Beverton and Holt stock-recruitment relationship; and (ii) the log-normal observation error on the B1+ index used to establish the TAC.



Performance Statistics

For each stock and starting depletion level, we calculated the interannual variation (IAV) of biomass as the average of the IAV of each iteration (IAViter):
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where By,  iter is the total abundance in mass at the beginning of year y and iteration iter and N is the number of years in the selected period. This statistic was calculated for the historical period (years 0–30), the short-term of the projection years (first five projection years; years 31–35) and the long-term of the projection years (last ten projection years; years 51–60).

For analysing the performance of the different rules under the alternative operating models, the biological risks (maximum probability of SSB being below the biomass limit Blim in the projection period) and the relative yields (ratio between catches and maximum sustainable yield MSY) were calculated in the short, medium and in the long-term. It must be noted that, according to the ICES precautionary criteria, biological risks are considered acceptable at or below 0.05.



Sensitivity Analysis

We tested the sensitivity of the rules’ performance to the coefficient of variation of the survey index (CVI). As an alternative to the assumed value of 0.25 that was considered a low CV, we considered a high CV equal to 0.5, a CV equal to the IAV in the historical period and a CV twice the IAV in the historical period. These last two cases aimed at exploring the signal-to-noise between the abundance index and the inherent variability of the population itself. The sensitivity analysis was carried out for the following subset of rules: (i) all the rules without any UC, to test the impact of the error in the index observation without any constraints in the TAC changes; and (ii) the 1-over-2 and the 2-over-3 rules with symmetric 80% UCs.

Robustness of the results with respect to the assumptions on the stock productivity and recruitment variability were also tested. Regarding the productivity, the steepness of the Beverton and Holt stock-recruitment model was changed to 0.5 (corresponding to low productivity) and to 1 (for high productivity). For the recruitment variability, values of the standard deviation of the recruitment model were set at 0.5 and 1. This sensitivity analysis was carried out for the following subset of rules: (i) the 1-over-2 rule without any UC; (ii) the 1-over-2 and the 2-over-3 rules with symmetric 80% UCs; and (iii) the 1-over-2 rule with 80% lower and 400% upper UCs.



RESULTS


Life History Characteristics

The two types of stocks simulated had markedly different IAVs (Figure 2). Anchovy-like stocks (STK1) had significatively larger IAV than the sprat/sardine-like stocks (STK2). However, the IAV of a given stock was also a function of the initial depletion level (FHIST), the recruitment variability (SIGR) and to a lesser extent of the stock productivity. The IAV tended to increase as exploitation levels, recruitment variability or stock productivity increased.
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FIGURE 2. Interannual variation in the historic period (IAVhist) by standard deviation for the recruitment log-normal error (SIGR, x-axis) as a function of the stock type: anchovy-like (STK1) and sprat/sardine-like (STK2); stock productivity: low (lowprod), medium (bc) and high (highprod); and the exploitation level: zero catch (f0), under exploitation (flow), fully exploited (fopt) and overexploitation (fhigh). Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


Given the alternative historical exploitation levels considered, the initial population status for the two stock-types was very different in terms of risks at the beginning of the projection period (Table 2). Initial risks were higher for the anchovy-like stocks. For the presumed optimum level of exploitation (Fproxy leading to 40%B0), the anchovy-like stock (STK1) had a high initial risk of falling below Blim (equal to 0.12), while for the sprat/sardine-like stock (STK2) this risk was 0.01. For the case of overexploitation initial risks increased to 0.4 and 0.3 respectively, while for the case of under exploitation initial risks were below 0.05 for both types of stocks. If the stocks were allowed to evolve without fishing during the projection period, short term risk for the anchovy was at or above 0.05 for the fully exploited and overexploitation trajectories, while for the sprat/sardine short term risk was above the threshold of 0.05 only for the historical overexploitation trajectory. These risks levels, in the absence of fishery, dropped to zero in the long-term for all the cases.


TABLE 2. Biological risks for the different OM conditionings (combination of stock -STKN- and initial depletion level -FHIST-) for base case productivity and recruitment standard deviation at 0.75.
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Rules Comparison Under Base Case (Median Productivity and SIGR = 0.75)

For any given rule, the timing of the advice and management was a major factor in the performance of the rule, both in terms of yield and biological risks. The shorter the lag between observation and management (int > iny > fpa), the bigger were the expected relative yields and the smaller the risks (Figure 3). Generally, in-year advice (iny) outperformed the interim year advice (int) and full population advice (fpa) performed better than the other two, by resulting in smaller biological risks and larger relative yields. Although the differences between the iny and fpa advices were minor in comparison to their differences with the int. These effects were clearer in the long than in the short-term. Only in a few cases (mainly for anchovy-like stocks) the shortest time lag (fpa) did not improved the performance of the rules in comparison with the iny in the long-term. Most of these cases corresponded to the 1-over-m rules with lower 20% UC or the 2-over-3 rule without any UC, while for the few remaining cases differences were negligible. All the results from now on will be analysed for the in-year advice.
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FIGURE 3. Relative yields (catch/MSY) and biological risks (Risk3.Blim: maximum probability of falling below Blim) by calendar type (ADVT, x-axis) and alternative operating models (in columns). The harvest control rules (HCRT) are represented by line types and uncertainty caps limits (UC) by line colours. See Table 1 for definitions of abbreviations. The horizontal black dashed line represents the 0.05 biological risk. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


Figure 4 shows the median trajectories for the two simulated stocks for the standard advice rule for ICES category 3 stocks, namely the 2-over3 rule with a 20% uncertainty cap. During the projection period, median SSB increased, except for historically overexploited (fhigh) sprat/sardine-like stock for which the stock showed a high and increasing probability of collapse during the projection period (Figure 4). However, in all the cases, the variability of the SSB trajectories was very high, leading to large biological risks in the short-term (between 0.16 and 0.46 for anchovy-like stocks and between 0.01 and 0.44 for sprat/sardine-like stocks, depending on the initial exploitation status) which were reduced in the long-term for the anchovy-like stocks (to values between 0.09 and 0.27), but were increased for the sprat/sardine-like stocks (to values between 0.02 and 0.52). In all the cases, catch decreased through the time series with the median always remaining below MSY during the projection period (Figure 4).
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FIGURE 4. Trajectories of catch and SSB in tonnes along years (x-axis) for the 2-over-3 rule with a 20% uncertainty cap and under an in-year advice for different life histories: stock-types in columns and historical exploitation levels in rows. The solid line represents the median and the shaded area the 90% confidence intervals computed from the 5th and 95th percentiles and coloured lines represent specific iterations. The dashed vertical line is located before year 31, which is the first year of the projection. The dashed horizontal lines represent the different reference points: the green line in catch plots correspond to MSY and orange and red lines in SSB plots to Blim (20% B0) and Bcollapse (10% B0), respectively. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


In comparison to the other rules, for the same UC levels, advice rule 2-over-3 resulted in higher risks in the long term (Figure 5), and generally above 0.05 (with the only exception for both stocks of using UC(0.8,0.8)). Moreover, the 20% symmetric uncertainty cap, used as a standard in ICES, resulted in risks above 0.05 at historical exploitation levels at or above FMSY for both stock-types and for any trend rule.
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FIGURE 5. Biological risks (Risk3.Blim: maximum probability of falling below Blim) for the different configurations of the rule in an in-year advice. The rows correspond to the operating models (combination of stock type and the historical exploitation level) and the columns to the harvest control rule type. The uncertainty cap lower and upper limits combinations are represented on the x-axis for alternative timeframes: the black dots represent the risks in the short-term (first 5 projection years) and the colour bars represent the risk in the long-term (last 10 projection years). The horizontal dashed line corresponds to the 0.05 risk. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


In the short-term, differences in the rules’ performance were small both in terms of in terms of risks (Figures 5, 6) and yield (Figure 7). For all the rules tested, initial depletion levels were the major drivers of risks in the short-term. As historical fishing mortality increased, risks increased. For the historical exploitation levels above FMSY all the rules resulted in short-term risks well above the 0.05 precautionary level. This was also seen for the anchovy-like stock (STK1) exploited at an optimum exploitation level, where short-term risks were also above 0.05. In the long term, for every UC level and historical exploitation, rule 2-over-3 had equal or larger relative yield than the 1-over-m respective rules but always with higher risks. Differences among the other rules (1-over-m rules) were smaller in terms of catches and risks at equal UC and historical exploitation level, though in general for the 1-over-m rules, there was a small reduction of catches and risks for the anchovy-like stocks as m increased and just the contrary (increased with m) for the sprat/sardine-like stocks. In most cases, the 1-over-m rules reduced the risks along time (Figure 6), except when applied to fully or overexploited sprat/sardine-like stocks coupled with the UC(0.2,0.25) or UC(0.5,1.5). Alternatively, the 2-over-3 rule did not reduce risks as much as the 1-over-2 rule, and could even result in increased risks particularly for the sprat/sardine-like stocks (except for UC(0.8,0.8) or UC(NA,NA)).
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FIGURE 6. Trajectories of biological risks (Risk3.Blim: maximum probability of falling below Blim) along years (x-axis) under an in-year advice. The rows correspond to the operating models (combination of stock type and the historical exploitation level) and the columns to the harvest control rule type. The uncertainty cap lower and upper limits combinations are represented by different coloured lines. The horizontal dashed line corresponds to the 0.05 risk. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.



[image: image]

FIGURE 7. Relative yields (catches/MSY) for the different configurations of the rule in an in-year advice. The rows correspond to the operating models (combination of stock type and the historical exploitation level) and the columns to the harvest control rule type. The uncertainty cap lower and upper limits combinations are represented on the x-axis for alternative timeframes: black dots represent the relative yields in the short-term (first 5 projection years) and the colour bars represent the relative yields in the long-term (last 10 projection years). The horizontal dashed line corresponds to catches at MSY. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


Regarding the effect of the different UCs, for every rule asymmetric UCs had higher relative yields and risks in the short term compared to those with symmetric UC. For the same lower uncertainty cap, the larger the upper uncertainty cap (i.e., the larger the asymmetry), the larger the risks for similar or larger catches. However, differences were small in terms of relative yields for the lower UC (UCL) at 80% (Figure 7). Largest risks were usually seen for the UC(0.5,1.5) as it tended to result in the largest allowed catches (Figure 5). These effects were amplified in the long term: for all scenarios defined by stock type, historical exploitation level and trend rule, the asymmetric UCs had higher risks than those with symmetric UC and were not always accompanied with higher relative yields. Among the symmetric UCs, UC(0.2,0.2) is the one resulting in highest risks (not always with highest relative yields). UC(0.2,0.2) was non-precautionary regardless the type of HCR (Figure 5) for all the OMs, except for the sprat/sardine-like stocks with low historical exploitation levels. For the symmetrical UCs, long-term results showed that in general the larger the interannual percentage of change allowed, the smaller were the risks and, to a lesser extent, the catches, up to the 80% UC. If unconstrained (no UCs), risks showed a sharp decrease along with a relatively minor decrease in catches. The differences in terms of risks between the performance of the rules 1-over-m with 80% symmetric UC and without any UC was minor compared to the increase of catches of the latter case (no UCs). If focusing only on the symmetric UCs, the only rule that was precautionary in the long-term for all simulated OMs was the 1-over-2 rule without any UC or with a symmetric 80% UC. However, the 1-over-2 rule without UC (unconstrained changes) resulted in similar risks for substantially higher catches.

When comparing across all rules in terms of the trade-off between yields and risks, the best rule was the 1-over-2 without any uncertainty cap, as for all OMs it resulted in the highest levels of catches for sustainable risk levels in the long term (Figure 8). Subtle differences between stocks might be seen, as for the anchovy-like stocks (STK1) the 1-over-2 rule with UC(0.8,2.75) resulted in slightly higher catches for precautionary level of risks, while for the sprat/sardine-like stocks (STK2) the 1-over-2 rule without any uncertainty cap was the rule producing highest yields for slightly smaller risks. The figure also shows that if in the long-term risks below 0.1 would be acceptable, then 1-over-2 rule with UC(0.8, 4) would result in the largest catches for all OMs keeping risks below 0.1. Overall, this means that for these short-lived fish stocks with base case population dynamics 1-over-2 rule was preferred and should be applied with a large uncertainty cap (as large as UC(0.8,2.75) or UC(0.8,4)) or without setting it, UC(NA,NA), to achieve the best compromises between risks and catches in the long term.
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FIGURE 8. Biological risks (Risk3.Blim: maximum probability of falling below Blim) versus the relative yields (catches/MSY) (x-axis) by rule type (symbols) and uncertainty cap lower and upper limits (colours). The columns correspond to the different OMs (as combination of the stock-type and historical exploitation) and the rows to the temporal scales: the short-term (first 5 projection years), medium-term (next 5 projection years) and the long-term (last 10 projection years). Dashed line corresponds to the 0.05 risk. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


The inclusion of a biomass safeguard in the rules remarkably reduced the risks in the medium and long terms by slightly reducing the relative yields for the fully or overexploited stocks (Figure 9). However, the 1-over-2 rule without UC and without biomass safeguard was still among the rules showing the best compromise in catches over risks in the long term for all OMs, complying always with the ICES precautionary criteria. The Inorm biomass safeguard lead to the smallest reduction in relative yields with similar benefits in the reduction of risks as Imin, whilst Iminpa implied bigger loses in yield for very similar risks. In the long term, the asymmetric UC(0.8,4) turned to be precautionary regardless the initial exploitation level when combined with a biomass safeguard. Additionally, the biomass safeguard made the UC(0.2,0.2) precautionary in the long-term. Notably the major differences were driven by the uncertainty cap limits, whereby the symmetric UC(0.8,0.8) implied greater reduction of risks than the others (particularly clear in the medium term). Focussing on the medium term the faster reduction of risks was achieved by rule 1-over-2 with UC(0.8,0.8) and a biomass safeguard of Iminpa.
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FIGURE 9. Biological risks (Risk3.Blim: maximum probability of falling below Blim) versus the relative yields (catches/MSY) (x-axis) for the 1-over-2 rule by uncertainty cap lower and upper limits (colours) and biomass safeguards (colours). The columns correspond to the different OMs (as combination of the stock-type and historical exploitation) and the rows to the temporal scales: the short-term (first 5 projection years), medium-term (next 5 projection years) and the long-term (last 10 projection years). Dashed line corresponds to the 0.05 risk. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.




Sensitivity to Coefficient of Variation of the Survey Index

For all the n-over-m rules without any UC and the 1-over-2 and 2-over-3 rules with symmetric 80% UCs, when the CV of the index increased, the relative yield decreased (Figure 10). While, in the case of risks, different patterns were observed depending on stock type and rules. For underexploited anchovy-like stocks and under- or fully exploited sprat/sardine-like stocks, risk increased as CV increased, whereas for the rest of operating models risks decreased or stayed almost unchanged as CV increased. This pattern was more marked for the 2-over-3 rule without UC. However, observed small reduction in risks in the long-term occurred at the expense of a significant reduction in catches. All these effects must be related to the fact that observation errors in surveys implied increased perceived variability of the population (actually [image: image], where IAVobs is the observed IAV, IAVOM is the IAV in the population and CVID is the index CV) and this perceived IAV increase induced more pronounced reduction properties of the rules (Supplementary Annex I). If the reductions in risks were less relevant than reduction in catches, it was probably related to a poorer signal to noise ratio in the observations of the population when CV of the survey (CVID) increased. In summary, the increase in CVs tended to decrease expected catches because they amplified the reduction properties of the rules through increased perceived IAV, but did not necessarily reduce risks because of the poorer signal to noise information (particularly evident in the sprat/sardine like stock).
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FIGURE 10. Relative yields (catch/MSY) and biological risks (Risk3.Blim: maximum probability of falling below Blim) in the short- and long-terms (in rows) under an in-year advice for the different CV values of the index (x-axis). The columns correspond to the operating models (combination of stock type and the historical exploitation level). The harvest control rule types are represented by the coloured lines and the uncertainty cap lower and upper limits combinations are represented by the line types (solid line: 80% symmetric uncertainty cap; and dashed line: 20% symmetric uncertainty cap). The horizontal dashed line corresponds to the 0.05 risk. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


Risks increased almost linearly with the IAV (Figure 11). In general, the sprat/sardine-like stocks had smaller IAVs than anchovy-like stocks, but at similar IAVs anchovy-like stocks had smaller risks than sprat/sardine-like stocks (Figure 11). This was due to the fact that sprat/sardine-like stocks had similar IAVs as anchovy-like stocks only after being historically overexploited (i.e., when the stock was at rather low levels and risks were high), whereas anchovy-like stocks were underexploited (at flow, high biomass levels and low risks). The close relationship between risk and IAV by stocks was very clear in the short term, but in the long term and as a result of a large reduction in the catches, fishing mortality and IAV were greatly reduced.
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FIGURE 11. Biological risks (Risk3.Blim: maximum probability of falling below Blim) versus the interannual variability (x-axis) under an in-year advice. The columns correspond to the CVs of the index and the rows to the timeframes: the short-term (first 5 projection years) and the long-term (last 10 projection years). The harvest control rule types without any uncertainty cap are represented by the dot types and the operating models (combination of stock-type and historical exploitation level) are represented by the dot colours. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.




Sensitivity to the OM Assumptions

For the selected harvest control rules (2-over-3 UC(0.8,0.8) and 1-over-2 rule UC(0.8,0.8), UC(0.8,4.0) and UC(NA,NA)), when the standard deviation of the recruitment increased, risks in the long-term increased for under- or fully exploited stocks; whilst, for overexploited stocks, risks decreased as the standard deviation increased (Figure 12). Regarding catches, relative yields tended to decrease, at any historical exploitation level, as the standard deviation of the recruitment increased, except for the case of sprat/sardine-like stocks under the 1-over-2 rule with either UC(0.8,4) or UC(NA,NA), where the relative yields increased (Figure 13).
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FIGURE 12. Biological risks (Risk3.Blim: maximum probability of falling below Blim) in the long-term (last 10 projection years) versus the standard deviation of recruitment (x-axis) and stock productivity (colours) under an in-year advice. The columns correspond to the alternative OMs (as combination of the stock-type and historical exploitation) and the rows to the configurations of the rule (harvest control rule type and uncertainty cap lower and upper limits). Dashed line corresponds to the 0.05 risk. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.
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FIGURE 13. Relative yields (catches/MSY) in the long-term (last 10 projection years) versus the standard deviation of recruitment (x-axis) and stock productivity (colours) under an in-year advice. The columns correspond to the different OMs (as combination of the stock-type and historical exploitation) and the rows to the configurations of the rule (harvest control rule type and uncertainty cap lower and upper limits). Dashed line corresponds to catches equal to MSY. See Table 1 for definitions of abbreviations. Interactive version of the figure is available online at https://aztigps.shinyapps.io/Sanchezetal2021_FMS/.


Regarding the sensitivity to the productivity level, in the long-term, relative yields and risks decreased as productivity levels increased. The reduction in risks was greater than those observed in catches (Figures 12, 13).



DISCUSSION

In this work we have tested by simulation the performance of the ICES advice rules for category 3 stocks for the case of short-lived fish. The default 2-over-3 rule with 20% UC (ICES, 2012a) resulted to be not precautionary as it implied long term biological risks above 5%. As an alternative, 1-over-2 rule unconstrained by any uncertainty cap or the 1-over-2 rule including a biomass safeguard with 80% lower and 400% upper uncertainty caps accommodated better to the highly fluctuating nature of the short-lived stocks, resulting in precautionary risk levels in the long term.

In the last years, empirical harvest control rules that set the management actions based on directly observable indicators rather than from stock assessment models are increasingly being proposed for data-limited stocks (Bentley and Stokes, 2009a; Dowling et al., 2015). In particular, empirical rules that included an abundance index providing a precise estimate on stock status have been shown to perform better than those that lack such an index (Carruthers et al., 2014; Geromont and Butterworth, 2014). The catch trend rules considered in this work, including the ICES advice rule for category 3 stocks, are within this type of empirical harvest control rules and they aim at managing the stocks by modifying the advice according to changes in stock status obtained from an abundance index. However, for a short-lived fish the value of any index would be limited in time as the populations are largely renewed year after year according to the strength of recruitment. For this reason, the guidance provided by any index on the target managed population degrades with time and can become misleading if the fraction of the managed population informed by the index is not sufficiently representative. This explains why a key factor determining the performance of the rules for short-lived fish was the time lag between the abundance index and the management calendar. From the three management calendars evaluated, the shorter the time lag between the observed index and the application of the management advice, the bigger were the catches and the smaller were the biological risks. In the interim year advice, there was a time lag of about a year between the index and the management calendar, so that the TAC was set without any indication of the age 1 class which would form the bulk of the population. Moving the management calendar to July-June, as soon as the abundance indices were available, allowed for the in-year management to reduce this time lag to just half a year and allowed gaining information on all age classes sustaining the second half of the year catches and all except age 1 of the next (first) half of the following year catches. This in-year management procedure has been applied successfully in the case of the Bay of Biscay anchovy where, after the stock collapse in 2005, such a change in the management calendar allowed to reopen the fishery with a management plan based on the most recent biomass estimates from the spring fishery independent surveys (Sánchez et al., 2018). Other successful applications are the joint management procedure for the multispecies South African pelagic fishery where a within-season revision of the anchovy TAC based on the most recent surveys allowed a better utilisation of the anchovy resource (De Oliveira and Butterworth, 2004) or the Australia’s Prawn Fisheries where the timing of the fishing season was adjusted during the year based on the assessed status of one of the tiger prawn species (Dichmont et al., 2006b; Anon, 2014, 2018). Interim and in-year advices have been also compared by Fischer et al. (2020), who found that including more recent data and setting the TAC yearly improved the performance of the empirical catch rule. The full-population advice calendar, in which the abundance index provides information on all exploited age classes over the entire management year, as for instance when a pre-recruit survey index is available, entailed further improvements with respect to the other management calendars. Early indication of recruitment strength have already been demonstrated to be beneficial in other works (Dichmont et al., 2006a; Le Pape et al., 2020). However, the improvement over the in-year procedure was smaller than that between the interim and the in-year advice procedures. For the Bay of Biscay anchovy, Sánchez et al. (2018) showed that the benefit of the full population advice procedure over the in-year advice was also moderate, as catches increased by 15% for the same level of allowable risks.

In relation with the former considerations, we expected that the 1-over-m rules would have a better performance (compromise between risks and relative yields) in managing these short-lived fish than the 2-over-m rules, as the later would incorporate in the numerator the obsolete index of year (y-1), hence not improving the information on the managed population. Furthermore, the 2-over-3 rules had lesser reduction properties of fishing opportunities in time than the 1-over-m rules. This was confirmed when comparing the rule 2-over-3 by UCs with any of the 1-over-m rule for the same stock and historical exploitation, as the latter achieved a substantial reduction of risks for lesser reductions of catches in all cases. The poor performance of this rule for the simulated stocks was in agreement with (Fischer et al., 2020) who demonstrated that the 2-over-3 rule performed very poorly for more productive stocks (i.e., with k > 0.32 year−1), which was the case of our simulated short-lived fish stocks (with k = 0.89 and k = 0.56 for anchovy-like and sprat/sardine-like stocks, respectively). By definition, the 2-over-3 rule smooths interannual changes in the stock indicator to obtain stock trends over the last five years, but for short lived species interannual changes are usually far larger than the medium-term trends in the stock and therefore 1-over-m rules have the power of better updating to the interannual changes conditioned to in-year advice management procedure. Rule 2-over-3 with UC(0.2,0.2) was devised at preventing the advice to push the exploitation to unlikely high or low levels because of abnormally high noisy observations. However, it was developed for stocks with lower interannual variability (stocks with longer lifespans which have substantial inertia over time) and therefore was not able to accommodate the high natural interannual fluctuations characteristic of the short-lived fish stocks (Barange et al., 2009; Checkley et al., 2017). As an alternative, the 1-over-m rules (those which select only the latest survey index in the numerator) were more reactive to the biomass fluctuations.

In general, the performance of the three 1-over-m rules tested were very similar within stocks, with some tendency of faster reduction of catches as m increased leading in the long term to smaller catches for both stocks for the larger m rules for all UCs (less intense in the sprat/sardine-like stocks) and to decreased risks but only for the anchovy-like stocks. The reasons for the different behaviour of the rules was partly related to the reduction properties of the rules (Supplementary Annex II). For instance, the tendency among the 1-over-m rules to produce smaller catches as m increased for slightly smaller levels of risks was a direct result of such mechanistic reduction properties, because the reduction effects for a fixed n became more pronounced as m increased. In addition, the stronger reduction of relative catches and risks for anchovy than for sardine/sprat like stocks for the same harvest control rules was a direct effect of the larger IAV of the anchovy-like stocks, because the larger the IAV the larger the reduction of the fishing opportunities in time produced by the rules.

Among these rules, we have seen that those with more restrictive UC (i.e., UC(0.2, 0.2) or UC(0.2, 0.25)) or with asymmetrical lower 50% UC (that is UC(0.5,1) or UC(0.5,1.5)) resulted in the poorest performance in terms of risks. The asymmetric rules with UCL of 50% (with UCU > UCL as tested here) were much more restrictive in reducing the catch options (as a maximum reduction of 50% was allowed) compared to facilities to increasing catches (with allowed increase up to 100% or 150%), diminishing the decreasing properties of the 1-over-m rules in comparison with the unconstrained application of the rules (i.e., UC(NA,NA)) or with the rest of the rules. The UC(0.5,0.5) resulted in lower catches and risks since such UC range increased the reduction properties of the rule compared to the unconstrained application (see further evidence in Supplementary Annex II). In general, larger UCs were expected to have an increased capability to accommodate the advice to rapid stock fluctuations. Our results supported this conclusion as for all rules of the type 1-over-m, the widest UC ranges (UC(0.8,∗)) resulted in smallest risks in the long term (always below 0.11) with the highest relative yields (i.e., catches/MSY). It is remarkable that no application of any uncertainty cap, UC(NA,NA), resulted in a robust rule which was sustainable in the long term for the two stocks or for any past historical exploitation of the stock, with allowable catches in the long-term as high as those allowed by UC(0.8,2.75). This result questions the need of any UC for short-lived fish species.

The addition of a biomass safeguard to the rules increased the reduction properties of the rules: faster with the Iminpa in the medium term, but with better balance between catch options for precautionary risk levels with the Inorm in the long term. The inclusion of the Inorm biomass safeguard allowed increasing the upper UC limit up to 400% (1-over-2 with UC(0.8,4) and Inorm), still precautionary for all the stocks independently of their starting depletion level, but not overcoming the balance showed in the long term by the unconstrained 1-over-2 (UC(NA,NA)).

Consequently, the balance between catches and risks (or risk per ton caught) favoured the adoption of the rule 1-over-2 rule, versus the 1-over-3 and 1-over-5 rules. Furthermore, in the medium term the best uncertainty caps associated to that rule were those with UC(0.8,0.8), while in the long term performed best with no UC (unconstrained, UC(NA,NA)) or with UC(0.8,4) when coupled with the Inorm biomass safeguard. The former indications are applicable to any short-lived fish as we have shown them to be robust to the different stock types and historical exploitation levels of the stock before management. However, we have seen that the optimum combination of rule type and UCs depended partly on the stock life-history characteristics. This means that, when possible, it would be desirable to identify which is the best harvest control rule for each case study by simulation testing (as defined by the combination of the trend rule, the UC and the biomass safeguard). Therefore, our current work serves for providing general guidelines, but it is still recommended, when available knowledge on the stocks allows it, to fine-tune the rules, as suggested by several authors (Walsh et al., 2018; Fischer et al., 2020). Carruthers et al. (2016) suggested that often tuning MPs for specific stocks is important, though this may not be viable in data-poor assessment scenarios because of insufficient data and analysis resources, as for instance in Sagarese et al. (2019).

None of the trend rules we have tested can assure in the short and medium terms that biological risks will be lower than 5%, as this would basically depend upon the initial depletion levels, though in the long term many of these rules became precautionary. Therefore, the selection of any rule should be based more on the relative performance of these rules in time (i.e., on the speed of reducing risks to precautionary levels relative to the final catches which would be allowed). Clarifying the time framework (medium or long) over which a specific reduction of risk is required and the potential or real frequency of biomass assessments, can guide the selection of a specific rule.

Different IAV for the two types of stocks modelled was an important factor to explain the distinct behaviour of the tested rules. As we have shown theoretically, the larger the IAV the larger the reduction of the fishing opportunities through time produced by the rules. Actually, the theoretical inverse relationship between IAV and risks for a given rule was evidenced by our simulations. Anchovy-like stocks had significatively larger IAV than the sprat/sardine-like stocks, something probably related to the higher M of anchovies (i.e., higher dependence on recruitment variability and lesser inertia of the stock). Therefore, the reduction properties of any rule were increased for anchovy-like species compared to sprat/sardine-like stocks and consequently the initial risks would be more rapidly reduced in time for the anchovy-like stocks. And, in general, same outcome is expected for stocks with high natural mortality like anchovies. In addition, for each stock, IAV was demonstrated to be a function of the recruitment variability, the productivity, and the historical exploitation level, among other factors, being positively correlated with these three factors. In addition, it is evident that the CV of the surveys impacted the observed interannual variability of the stock through the monitoring system, so that the larger the IAV in the population, the larger will be the observed IAV in the indices and consequently this will amplify the reduction properties of the rules. Fischer et al. (2020) demonstrated that both the variability of the stock and of survey indices were important factors in determining the performance of catch rules. This is in accordance with our observed different performance of the rules for the two defined stock types, leading to slightly different selection of the optimal management strategy in each case. Cost-benefit analysis of reducing the index CV or adding new surveys could be conducted in the future. We have shown for the two stocks that risk and IAV are positively related; this is explained by the fact that high F implies higher risks and larger variability (lesser inertia of the stocks), for the same reason as exploitation declined, risk decreased as F and IAV decreased. This also explains why for the same IAV the risks were not the same for the two stocks, as they were associated with quite different exploitation levels for each stock type.

Barange et al. (2009) concluded that the most effective monitoring programmes for small pelagic fish were based on fishery-independent surveys that provided precise information of the state of the stocks. The precision of the survey index was shown to impact the performance of the rules. As an increase in the precision of the index lead to higher catches during the whole projection period (relationship inverse to CV for the two stocks). At the same time, we have seen that for the 1-over-m rules risks were relatively insensitive to the CV of surveys. This was probably due to the fact that we had two contrasting effects as CV increased. On the one hand, the observed IAV increased and catches decreased so risks should in principle decrease. But, on the other hand, as CV increased the signal to noise ratio decreased and therefore the risks should increase. In summary, we obtained for overexploited stocks that the highest relative catches over MSY were only obtained at low CV for the indices, as higher CV would imply significant reductions of catches for similar levels of risks in the long term. Therefore, investments to improve survey precision (CV) could be justified on the basis of allowing sustainable and relatively high yields (with low biological risks to Blim), while avoiding undue losses of catch options.

In this work, FMSY was approximated by F40%B0, the fishing mortality leading to 40% of the virgin biomass (Punt et al., 2014). However, the depletion level at the beginning of the simulation period was not as intended for anchovy-like stocks. Under full exploitation (F40%B0) the biological risks for the anchovy-like stocks were around 12% and the catch was 1.02 MSY. Therefore, the FMSY proxy adopted for this stock seemed to be too high and hence, some lower levels (e.g., F50%B0) could have been adopted as applied in some small pelagic populations (Barange et al., 2009). The starting depletion level was a major factor driving the risks, especially in the short term (at the beginning of the management period), but often still noticeable in the long-term. In fact, the identification of most suitable HCR may change according to the initial depletion level of the stock. Therefore, an early indication of the actual exploitation level of the stock is of importance in identifying optimal HCRs. Furthermore, if an initial assessment of the current exploitation levels relative to FMSY were available, the currently used reference TAC could be corrected with this FMSY indicator. That is, for a n-over-m rule, a reference TAC could be calculated as the mean catches in the last m years multiplied by the inverse of the ratio between the mean fishing mortality in the last m years over FMSY. As if the initial harvest rate was set to appropriate levels that reduced the risks in the short-term, the rules were expected to reach sustainable levels in a shorter timeframe. Dowling et al. (2019) recommend embedding data-limited assessment methods (DLMs) within data-limited harvest strategies since precautionary HCRs can compensate for poor estimates of stock status by DLMs.

The selected n-over-m rules do not always seem to be optimal in terms of catches, as yields often fall below MSY as in Jardim et al. (2015) and Fischer et al. (2020). Our study reveals the strengths and limitations of the trend-based catch rules of the type n-over-m (with n < m) when applied to short lived stocks. In order to reduce risks these rules should be of the type 1-over-m to be reactive enough to the relatively rapid increases and falls of these stocks, otherwise they can easily tend to increase risks as happened with many of the 2-over-3 rules. Among the 1-over-m rules, those with symmetric wide UCs (UC(0.8,0.8)) will reduce harvest rates and risks toward precautionary levels in about 10 years (medium term), faster than those with asymmetric UCs or unconstrained (UC(NA,NA)), whilst the later unconstrained rules are those achieving highest catches relative to those expected for the FMSY (or relative yields) at precautionary risk levels in the long term (30 years). For these reasons, ICES is considering recommending the application of the former (1-over-2 with UC(0.8,0.8)) over the unconstrained 1-over-2 rule for managing short-lived data-limited fish stocks (ICES, 2020d). However, these rules achieve these goals due to their mechanistic properties of gradually reducing yields, shown here theoretically and by simulation. The reduction effects on catches and risks are continuous in time and basically independent from the historical exploitation of the stock, not necessarily leading or stabilizing them at sustainable levels (around FMSY). In our simulations, this implied for all exploitation levels that the application of these rules would successfully reduce catches and risks to precautionary levels in the medium term, but if applied for too long will reduce yields below FMSY accompanied by unnecessary further reductions of risks. For underexploited stocks, unnecessary loses of catches will also occur. Therefore, the application of these rules should be considered as interim provisional approaches for the management of short-lived data-limited fish until a better assessment of stock status and of harvest levels relative to FMSY are available. To move the exploitation toward FMSY, an alternative approach to an assessment could be to complete the rule with a multiplier relative to an indicator of FMSY obtained from the catches, as in Fischer et al. (2020). However, the latter authors were not successful in the tunning the rule for stocks with high growth (von Bertalanffy’s parameter k), typical for shorter lived species. Another alternative approach to a complete assessment of FMSY, could be the search for a precautionary harvest rate for these short-lived data-limited fish according to their particular life-history. This harvest rate should be robust to the suspected variability and catchability of the survey monitoring system (if one exists). In this way, such a constant harvest rate (1-over-1 rule) could be applied annually to the stock index to provide the catch advice for the subsequent management year (Dichmont and Brown, 2010; ICES, 2020d). This strategy could be convenient for species that live less than 2 years old.
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The status of fishery resources in the Yangtze estuary and its adjacent waters is still unclear for the effective implementation of fishery management strategies. To help address this gap, a new method especially for data-limited fish stocks (LBB) was applied to assess seven commercially and ecotrophically important fish stocks. Fish specimens were collected in the estuary by bottom trawling quarterly from May 2018 to February 2019. Two historical datasets were collected with the same method in the same area for Indian perch (Jaydia lineata) and sickle pomfret (Pampus echinogaster). To explore the growth features and resilience of fish stocks, auximetric plots and growth performance indices (Φ′) were used. Results showed that common hairfin anchovy (Setipinna tenuifilis) in 2018 and Indian perch in 2018 showed a healthy stock biomass status with complete length structures under a sustainable fishing pressure. The others were outside of safe biological limits or overfished. The Lmean/Lopt < 0.9 in six (67%) of nine LBB models for seven fish stocks suggested that most of the stocks were truncated in length structures. This contribution provides the main fishery reference points regarding stock status that can inform managers and form the basis for various management strategies.

Keywords: LBB, stock status, data limited, growth patterns, Yangtze estuary


INTRODUCTION

Despite the fact that China has the largest capture production worldwide with the insight of the distortion in catches (Watson and Pauly, 2001; Pauly and Le Manach, 2015; FAO, 2019), effective fishery management remains a huge challenge. In fact, there are various fishery management strategies in China, including input control, output control, technical control and management measures, economic instruments, management of aquaculture, distant water fisheries management, and international cooperation mechanisms (Cao et al., 2017; Huang and Tang, 2019). Nevertheless, the effects of these strategies regarding fishery conservation are limited. For example, the fishery licensing system (input control) has been in force since 1979. Numerous acts have amended the Fisheries Law of People’s Republic of China since 1986, continuously reinforcing the fishery licensing system. However, there is a noticeable gap between reality and expectation regarding the licensing system’s implementation process because the prerequisite, namely the status of fishery resources, is often neglected (Huang and Tang, 2019). In China, such a gap along with the lack of fishery reference points and raw data precludes the possibility of optimizing management and conserving fishery resources.

The Yangtze estuary and its adjacent waters (YE), the most representative estuarine fishing ground in China, also faces such a challenge. Traditional fishery resources are experiencing serious depletions. Yellow croaker (Larimichthys polyactis) is an essential commercial fish species in the YE. There could be two populations, namely the northern and the southern in nearshore Chinese waters. In particular, the southern population, which is found in the Southern Yellow Sea and East China Sea, contributes to approximately 70–80% of the total catch of this fish stock. In 2000, this stock reached the highest landing ever (7,059 tonnes) in the YE (Xu and Chen, 2010). Its asymptotic length and age at which the probability of maturing is 95% (years) have been decreasing over time, as shown via biological parameters analysis (Shan et al., 2017). Osbeck’s grenadier anchovy (Coilia mystus) is an amphidromous and neritic fish with three local populations in China, i.e., in the YE, the Minjiang River, and the Pearl River (Zhang, 2001). It is a traditional and commercial fish species, and it is a brackish species in the YE (Yang et al., 2019). Its catch had reached the peak at 5,282 tonnes in the YE in 1974, constituting about 48.6% of the total catch. However, it is unable to form the fishing season in recent years (Zhuang et al., 2018). Common hairfin anchovy (Setipinna tenuifilis) is a bycatch species in the YE. The Latin name of this species was misapplied as Setipinna taty based on the Taiwan Fish Database (Shao, 2021). With severe depletions of traditional targets, common hairfin anchovy accounted for a relatively larger fraction of landings in the early 2000s (Zhuang et al., 2006). Bombay duck (Harpadon nehereus) is a major target of commercial fisheries in the YE in recent years. It was the only all-year-round dominant species in this area from 2012 to 2013 (Sun et al., 2015). The records of the so-called silver pomfret (Pampus argenteus) in the Bohai Sea, Yellow Sea, and East China Sea of China are those of sickle pomfret (Pampus echinogaster) based on morphological and molecular analyses (Li et al., 2017). It has been further utilized since the 1960s and became the main fishing target gradually after the 1970s. The fishing season for sickle pomfret was from late April to early June (He et al., 2006; Zhuang et al., 2006). However, it was severely depleted due to heavy fishing pressure in the 1990s. Previous research showed that the summer fishing moratorium in the East China Sea seemed to benefit this stock (Yan et al., 2019). Kammal thryssa (Thryssa kammalensis) and Indian perch (Jaydia lineata) are essential forage and bycatch species. These small fish species play an important role in the energy flow process of the estuarine ecosystem. Previous studies have often ignored the biological and ecological information for these small species due to their limited economic value and historical data. Apparently, there is an urgent situation in getting the pictures of stocks status of these resources and relative reference points for existing policies and managements.

Sustainable fisheries around the world require science-based management of all exploited fish species (MSA, 2007; CFP, 2013; Melnychuk et al., 2016; Cao et al., 2017; Rudd and Thorson, 2018). This highlights the need for stock assessment methods suitable for data-limited situations. One such method is the length-based Bayesian biomass estimator (LBB), a newly developed method to estimate relative biomass level (B/B0) and other reference points, such as Lmean/Lopt, using length frequency (LF) data (Froese et al., 2018a). The ratio B/B0 is an indicator of current biomass level relative to unexploited stock size, which is also treated as a basic input in other assessment models. The ratio Lmean/Lopt describes whether the age and size composition of an exploited stock is appropriate or not. LBB requires only representative LF data, which is usually easy to measure and collect, while other similar methods require more demanding input [length-based spawning potential ratio model (LB-SPR): Hordyk et al., 2015a, b, 2016; catch-curve stock reduction analysis model (CC-SRA): Thorson and Cope, 2015; length-based, integrated, mixed-effects model (LIME): Rudd and Thorson, 2018]. LBB assumes that mortality, growth, and recruitment should fluctuate around mean values over the range of ages in the respective LF samples, and stocks have typical growth and mortality patterns (Froese et al., 2018a).

In this study, we applied the LBB approach to estimate the status of seven common fish species in the YE. These consist of two forage species (kammal thryssa and Indian perch) and five valuable commercial species (yellow croaker, Osbeck’s grenadier anchovy, common hairfin anchovy, Bombay duck, and sickle pomfret), thus covering the spectrum from forage species to predators and therefore being a more representative dataset/analysis. This paper aims to provide a case study of exploring the stock status as well as essential reference points for these seven fish stocks in the YE. These results make the policy implementations more effective and can also be used as priors for other assessment models.



MATERIALS AND METHODS


Survey Area

The YE (Figure 1), in the north of the East China Sea, is the biggest estuarine fishing ground in China. It is an essential habitat, supporting approximately 50 brackish and marine exploited fish populations (Zhuang et al., 2018). The sea surface temperature ranges from 7.16 to 30.12°C (Hou et al., 2013). The proportion of diatoms in the YE was declining, while that of pfiesteria was rising especially after the 2000s (Yang and Xu, 2014). Due to anthropogenic activities, the cumulative reduction of sediment discharge to the YE was up to 44.44 × 108 tonnes from 1997 to 2015 (Guo et al., 2019).
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FIGURE 1. The survey area and sampling sites in the Yangtze estuary and its adjacent waters, China.




Sampling Method

The sampling area ranged from 30°30′N to 32°20′N and 122°E to 123°30′E (Figure 1). Fish specimens were collected quarterly in May 2018, August 2018, November 2018, and February 2019 by bottom trawling with a cod end mesh size of 25 mm. Two historical LF datasets had been collected by the same gear of the same selectivity in the same area (Indian perch 1984: collected monthly from June 1984 to November 1984; sickle pomfret 1999: collected in November 1998 and May 1999; sickle pomfret 2012: May 2012). All specimens were identified to the species level and their scientific names were checked according to FishBase (Froese and Pauly, 2019). For each fish stock in question, its entire catch was collected and measured to the nearest 0.1 cm (standard length, SL). The detailed information of the seven stocks covered here are given in Table 1 and Supplementary Table S1. One species was tentatively identified as Kammal thrysssa (T. kammalensis), although it is described by Whitehead et al. (1988) as a strictly tropical species of Southeast Asia (see also Munroe and Nizinski, 1999).


TABLE 1. Basic information for the seven studied fish stocks.
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Growth Pattern

To explore the growth features among respective families and proxies for resilience in this study, auximetric plots and growth performance indices (Φ′) were used (Pauly, 1979, 1981, 1991; Munro and Pauly, 1983; Pauly and Munro, 1984; Murua et al., 2017). This study assumed that a family growth space could be treated as a reasonable range for fluctuations of growth parameters in this family. These seven fish species belong to five families (Table 1), with their growth spaces determined by two von Bertalanffy growth parameters (Linf and K). The records of Φ′ value for each fish species in question were extracted from FishBase. The Linf (SL) estimated by LBB was transferred into Linf′ (TL) according to length–length relationships, and then the KLBB and Φ′LBB for seven fish stocks in this study were estimated by the empirical equation in FishBase. This calculation assumed that a species would grow rapidly toward a small size when it faced with the risk of depletion. Relative parameters can be found in Supplementary Tables S2, S3.



Length-Based Bayesian Biomass Estimation

The LBB method could be used in the assessments of fish stocks, for estimating their relative stock size and other reference points. First of all, LBB approximates asymptotic length Linf, length at first capture Lc, M/K, and F/K over the past years. Reliable “true” values from other independent sources can be used to improve estimations. Taking these parameters as priors, LBB then gives the B/B0 for relative stock size and Lmean/Lopt for current size and age composition of health state (Froese et al., 2018a). The R-code can be found on http://oceanrep.geomar.de/43182/.

The LBB method assumes that growth can be described by the standard von Bertalanffy (von Bertalanffy, 1938; Beverton and Holt, 1957) growth equation, i.e.,
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where Lt is the length at age t, Linf is the asymptotic length, K is the rate by which Linf is approached, and t0 is the theoretical age at zero length. The growth parameters Linf and K are used in several equations in this study.

The fully selected part of the commercial catch in numbers-at-length can be described as a function of total mortality rate relative to somatic growth rate (Z/K) (Quinn and Deriso, 1999), i.e.,

[image: image]

where NL is the number of survivors to length L, and NL_start is the number at length Lstart, which indicates the start size of full selection by gears. Z/K could be divided into M/K and F/K, and unfished state could be illustrated by setting F/K as 0 and NL_start as 1 in Eq. 2.

The catch in numbers that is subject to partial selection is a function of gear selectivity (here assumed trawl-like), which could be used as a complement to Eq. 2 and is described by Eq. 3, i.e.,
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where SL is the fraction of individuals that are retained by the gear at length L, Lc is the length at first capture, and α describes the steepness of the ogive (Sparre and Venema, 1998; Quinn and Deriso, 1999).

Rearranging and combining Eqs. 2 and 3 leads to Eq. 4 (Froese et al., 2018a), which can be fitted to the whole catch in numbers-at-length and, thus, used to estimate Linf, the ratios M/K and F/K, and the selectivity parameters Lc and α. Eq. 4 has the form,
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where NL_i is the number of individuals in length class Li, NL_i–1 is the number in the previous length class, CL_i represents the individuals that are vulnerable to the gear, and all other parameters are as described above. Dividing both sides of Eq. 4 by their respective sums yields the version of the LBB equation that is actually fitted to the catch in numbers curve (Eq. 5) (Froese et al., 2018a):
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The following work is mainly about the Bayesian calculation of LBB within the Bayesian Gibbs sampler software JAGS (Plummer, 2003) and its execution using the statistical language R (R Core Team, 2013). Details of start values and priors for the Bayesian estimation are presented in Froese et al. (2018a). A Dirichlet-multinomial distribution is assumed in the fitting process of observed pL_i, and [image: image] are predicted from Eq. 6:

[image: image]

where [image: image] is a function of the estimable population dynamic based on Bayesian algorithm which finds the best fitting Linf, M/K, F/K, Lc, and α values in the process of fitting pL_i and [image: image]. With the estimation of Linf, M/K, and F/K, the value of Lopt maximizing the unexploited cohort biomass can be calculated by Eq. 7 (Holt, 1958) and the Lc_opt value that leads to Lopt could be obtained by Eq. 8 (Froese et al., 2016):
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Eq. 9 gives the yield-per-recruit (Beverton and Holt, 1966) formula, which uses the parameters estimated by LBB, i.e., Linf, Lc, F/K, M/K, and F/M:
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An index of catch per unit effort (CPUE′/R), representing the relative stock status, is then calculated by dividing Eq. 9 by F/M as a proxy of fishing effort in Eq. 10:
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By setting F as 0, the relative biomass level of unexploited state could be obtained in Eq. 11:
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where [image: image] indicated the exploitable fraction (>Lc) of the unfished biomass (B0).

Finally, an index of relative biomass depletion for the exploited part of the population B/B0 is then obtained from Beverton and Holt (1966) via Eq. 12:
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The assumption of knife-edge selection in Eqs. 9 and 11 causes the overestimation of yield per recruit when the selection ogive overlaps with most of the life span of short-lived species (Pauly and Soriano, 1986; Pauly and Greenberg, 2013). To deal with this bias, LBB calculates the yield per recruit separately for each length group. The uncertainty in the estimation of B/B0 assumes to be related with that of F/K, M/K, F/M, and Linf (Froese et al., 2018a).



RESULTS

In this contribution, nine LBB models were constructed for seven fish stocks from the YE. LF datasets of each stock from 2018 to 2019 were combined to increase sample size and representativeness. All LF data exhibited good patterns to reflect resource status and met the requirements of LBB (Figures 2, 3). Figure 2 shows the accumulated LF data used to estimate priors. The black curve in Figure 3 shows the fit of the LBB master equation (Eq. 5) for each stock, providing estimates for fishery reference points, i.e., M/K, F/M, B/BMSY, B/B0, Lmean/Lopt, and Lc/Lc_opt, which are given in Table 2, along with their 95% confidence intervals. The Lopt dash lines indicated relatively good stock status or good length structures if they were at the middle or left of the peak of the curves (Figure 3), which implied that only three stocks had relatively good length structures in this study.
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FIGURE 2. Fitness to the fully selected part of the catch in the numbers curve used to obtain Linf (cm), Lc (cm), and Z/K priors for the seven studied fish stocks. Black dots indicated the observed LF data.
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FIGURE 3. Graphical outputs of LBB analyses, showing the fit of the main LBB equation. Black dots indicated the observed LF data. Lopt and Linf were illustrated by two dash lines.



TABLE 2. Essential reference points from LBB estimates for the fish stocks in question.
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Of the nine LBB models for seven fish stocks, only two (22%) had appropriate fishing mortalities with F/M < 1, suggesting an overall overfishing phenomenon. The ratios of Lmean/Lopt and Lc/Lc_opt were lower than 0.9 in six (67%) of these stocks, suggesting truncated length structure and fishing of too small individuals. Figure 4 depicts the narrow confidence intervals of Linf and points out that Kammal thryssa, yellow croaker, and sickle pomfret had severe decreases in biomass. By comparing the results from two distinct periods, the sickle pomfret and Indian perch showed apparently reduced Linf values in recent years; however, their B/B0 values, an indicator of depletion, seemed to increase.
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FIGURE 4. The scatter plot of Linf (cm) and B/B0 estimated from LBB with uncertainties.


Growth spaces of five families formed five distinct ellipsoid clouds in Figure 5. All ellipsoid clouds showed a downward trend, which indicated that in each family, smaller fishes tended to higher K and vice versa. Sciaenidae and Synodontidae tended to bigger size relative to the other three families, and Engraulidae species occupy a larger range of Linf. Apogonidae have relatively smaller body size and higher growth rate. Indian perch and kammal thryssa, as two forage species in this study, tended to faster growth with their smaller Linf and higher K relatively.
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FIGURE 5. The auximetric plot with the growth spaces of five families (filled circles) and the growth position estimates for the seven fish stocks in question (hollow circles).


The Linf values estimated by LBB for Bombay duck and sickle pomfret, illustrated in Figure 6A by a cross, were close to the third quartile of the Linf records from FishBase. The Linf values of two anchovies were bigger than related records from FishBase, while the estimates for the two forage species were close to the respective medians. Figure 6B shows the growth performance indices (Φ′) of seven fish stocks (cross) based on Linf estimates from LBB. The Φ′ value of sickle pomfret was larger than the median of other populations of this same species, while that of Indian perch was lower than the median of relative records. The Lmean/Lopt < 0.9 in six (67%) of nine stocks, suggesting that most of the stocks were truncated in length structures (Figure 7). Only two stocks were subject to sustainable fishing pressure and of a healthy stock biomass. The others were outside of safe biological limits or overfished.
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FIGURE 6. (A) The Linf (cm, total length) estimated by LBB for six fish species [cross; the Linf value of yellow croaker from LBB was not shown because of its unsuitable standard length (SL) and the lack of length–length correlation coefficients]. The box plots depict the records of Linf values collected from FishBase with mean values depicted by tiny squares. (B) The growth performance index (Φ′) of the seven fish species in question estimated by the Linf values from LBB (cross). The box plots show the growth performance index (Φ′) for these fish stocks with data collected from FishBase.
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FIGURE 7. The scatter plot of B/BMSY and F/M for the nine LBB models of seven fish stocks in question. Red area, stocks that are being overfished or are outside of safe biological limits; yellow area, recovering stocks; green area, stocks subject to sustainable fishing pressure and of a healthy stock biomass. White dots mean Lmean/Lopt > 0.9.




DISCUSSION


Stock Status Criteria

Punt et al. (2014) stated that BMSY is generally approximated between 0.35B0 and 0.4B0. Actually, FAO (Ye, 2011: 328) started to use B/B0 < 0.4 as the limit for overfishing since 2011. Based on the FAO definition of stocks status (B/B0 > 0.6: under fished; 0.4 < B/B0 < 0.6: fully fished; B/B0 < 0.4: overfished), Rosenberg et al. (2017) provided the stock status criteria based on B/BMSY with B0 = 2BMSY, suggesting that overfishing occurs when B < 0.8BMSY. Froese et al. (2018b) suggested that stocks were well managed and in good condition when F ≤ FMSY and B ≥ BMSY, and if B < 0.5BMSY, treated as outside of safe biological limits or depleted, corresponding with Opitz et al. (2016).

The biomass level below which a stock may be considered “collapsed” or deep-depleted is used to defining by B0, BMSY, or Max.catch (see Table 1 in Garcia et al., 2018), and there is no general agreement about this limit. The arbitrary B/B0 < 0.2 was widely used in conventional assessments to indicate the delaying depensation phenomena (Petitgas et al., 2010; Garcia et al., 2018). In this study, B/BMSY < 0.2 (i.e., B/B0 < 0.1 with B0 = 2BMSY) was accepted in Table 3. Collapse means the loss of spawning and feeding areas and types of migrants and residents in addition to decreases in biomass and truncated length structure (Petitgas et al., 2010; Garcia et al., 2018). This indicated that B/BMSY < 0.2 in this study was more conservative than the widely used B/B0 < 0.2 and showed more positive expectation of stock resilience in lower biomass level. Even so, it should be kept in mind that this biomass limit was just an approximation, and this positive expectation did not mean a lot. It would be more appropriate to concentrate on the dynamic of fisheries (Garcia et al., 2018).


TABLE 3. Definition of fish stock status, based on B/BMSY.

[image: Table 3]A scatter diagram of F/FMSY and B/BMSY is usually used to illustrate exploitation status of a relevant fishery stock (such as Figure 3 in Froese et al., 2018b). The LBB model does not estimate F/FMSY but F/M, which represents the average value over the past year (Froese et al., 2018a). F/M can be considered as a proxy of F/FMSY for the related stock in the given year just because the covering duration of every LF dataset in this study was 1 year. F/M > 1.0 was used to imply the unsustainable fishing pressure in this study. Note that nine LBB models for these seven fish species used NA for M/K priors, assuming a normally distributed prior for M/K with mean = 1.5 and SD = 0.15 (Froese et al., 2018a). This assumption may bring deviations into F/M values, considering that M/K is not an LHI (life history invariants) and not conserved across species (Thorson et al., 2017). It would be noteworthy and necessary to use species-specific priors of natural mortalities for future LBB applications if available.



Forage Species


Kammal Thryssa (T. kammalensis)

The species we tentatively identified as T. kammalensis is a common, pelagic-neritic and brackish fish species along Chinese coastal waters (Zhang et al., 2019). As a forage species in the YE, Kammal thryssa plays an important role in the estuarine food web (Yu and Xian, 2009). Kammal thryssa belongs to Engraulidae (Froese and Pauly, 2019). The low estimate of B/BMSY and its high F/M indicated that the stock was outside of safe biological limits in 2019 (Figure 7). The Lc/Lc_opt (<0.9) and F/M (>1) suggested that high fishing pressure contributed to its deep-depleted state. The stock in this study was in the bottom left corner of the green space in Figure 5, and its K value was similar to two anchovies in question and even lower than that of sickle pomfret, which indicated that this forage stock was hard to recover from severe depletion relatively. A high Φ′ implies that a species grows fast to a large body size, something that corresponds to a “high growth performance” and has implications for population productivity and resilience (Murua et al., 2017). The Φ′ value of this species was similar with its record in FishBase (Figure 6B) and belonged to the cohort of low Φ′ values, i.e., “low growth performance” or with low resilience. Oscillations tended to be important for generating a high risk of a collapse for shorter-lived species just like this species with lower resilience (Garcia et al., 2018).



Indian Perch (J. lineata)

Indian perch is a small-sized demersal forage species of Apogonidae (yellow space in Figure 5; Li et al., 2013). It is abundant on sandy and muddy bottoms from coastal inlets to deeper waters (Zhuang et al., 2006). The stock in this study was located at the bottom left corner of the yellow space, and it became smaller in size and faster in growth in 2018 (Figure 5). To a certain extent, this implies its adaptation to environmental factors (such as seasonal variation, Jin et al., 2012) by growing rapidly toward a small size and which may contribute to the bigger B/B0 value in 2018 than that in 1984 (Figure 4). The low Φ′ value of Indian perch (Figure 6B) belonged to the cohort of low Φ′ values among miscellaneous species, and the lower mean Φ′ value of these two stocks in question depicted its relative lower resilience among different populations of this species. Two stocks of this fish species had good biomass levels, and the fishing pressure decreased to an appropriate level in 2018. This may take it into the safe biological limit.



Commercial Species


Yellow Croaker (L. polyactis)

Yellow croaker is a benthopelagic and oceanodromous fish species of the family Sciaenidae, illustrated with black dots in Figure 5. This fish stock is an essential commercial target of fishing activities currently in the YE. It had a relative lower Linf and higher K in this family (Figure 5), and its Φ′ value was close to the average level among the recorded populations in FishBase (Figure 6B), suggesting a relative faster growth rate in its family and a normal resilience. This stock was grossly overfished with truncated length structure in 2018 (Figure 7). The ratio of the 95th percentile length to asymptotic length L95th/Linf = 0.84 (Supplementary Material), indicating the lack of large individuals (Froese et al., 2018b). Its low relative biomass (B/B0 = 0.13) indicated the severe depletion of this stock, which was similar to the situation of the species (B/B0 = 0.15) in Liaodong Bay in 2012–2013 (Zhai and Pauly, 2019), suggesting the overall overfished status of this species in coastal China.



Osbeck’s Grenadier Anchovy (C. mystus)

Osbeck’s grenadier anchovy is one of the commercial species in the YE. The catch of this stock reached the peak of 5,281.8 tonnes in 1974 and decreased to 40 tonnes in recent years (Zhao et al., 2020). Its B/B0 value in 2018 was reduced to 0.29 (Figure 4), lower than that of the same stock in 2009 (B/B0 = 0.32 from Liang and Pauly, 2017; Zhai and Pauly, 2019), which implied that its status had gotten worse. This stock had a relatively larger Linf estimated by LBB than the record in FishBase, suggesting the more complete length structure of this species than that from 2006 to 2007 in the YE and a signal of population recovery (Figure 6A; He et al., 2008; Froese and Pauly, 2019). It is distributed in the lower and right of the growth pattern of Engraulidae (Figure 5), having the same Φ′ value with the record in FishBase (Figure 6B), showing no abnormal changes in growth pattern and resilience. This indicated that it has a good restoration potentiality, although out of safe biological limits (Figure 7).



Common Hairfin Anchovy (S. tenuifilis)

Common hairfin anchovy is an amphidromous and schooling fish species living mainly in coastal waters (Froese and Pauly, 2019). This stock occupied 11.64% of the total abundance among fish species in the YE from 1998 to 2001 (Yu and Xian, 2009). It had a larger Linf value (22.8 cm in total length) than the record (20.5 cm in total length) in FishBase (Figure 6A). Its Linf and K values in 2018 were both lower than those in East China Sea in 2000–2002 (Linf = 23.6 cm in total length and K = 0.3288) from Liu et al. (2006). This stock showed a healthy status with a good length structure and a high biomass level in 2018 (Figure 7).



Bombay Duck (H. nehereus)

Bombay duck is a benthopelagic, oceanodromous, and carnivorous fish species (Froese and Pauly, 2019). It belongs to the small size cohort and the middle level in growth rate in Synodontidae (blue space in Figure 5). This species was a competitive predator in comparison with the others in this study, according to its relatively higher K values and resilience (Figures 5, 6B). Although with a relatively high Linf value from LBB, this stock was outside of safe biological limits and grossly overfished in 2018 (Figure 7). It was a dominant species in the YE for years (Sun et al., 2015); however, the length structure of this stock was severely truncated by fishing activities. This result was consistent with the estimate for the same stock in 2008–2009 (Zhai and Pauly, 2019), suggesting its overfished status for at least 10 years.



Sickle Pomfret (P. echinogaster)

Sickle pomfret is a benthopelagic and oceanodromous fish species of Stromateidae (pink space in Figure 5). Its Linf estimate for the year 2012 from LBB was lower than that in 1999 and was close to the third quartile of records in FishBase (Figure 6A). This stock appeared to have a slight increase in biomass (Figure 4) and tended to a higher growth rate in 2012 (Figure 5), which may be related with its relative higher resilience (Figure 6B). Yan et al. (2019) showed that the index of relative importance (IRI) of this species increased from 51 in 2014 to 753 in 2017 and its recruitment per spawning increased from 112.50 in 2014 to 183.13 in 2017, suggesting a signal of stock recovery after prolonging the summer fishing moratorium in East China Sea in 2017. The stock in question was already collapsed in 1999, corresponding with He et al. (2006) and Zhuang et al. (2006), and its stock status had turned to grossly overfished in 2012, although still out of its safe biological limit (Figure 7). Our study provided a signal of its recovery in the YE. However, there is no doubt that its stock status was still in bad conditions with truncated length structure and this recovery was limited. For better conservation of sickle pomfret and other commercial species, stricter and specific fishery policies and implementations are required.



CONCLUSION

In this paper, the LBB was used to perform stock assessments for seven common fish species based on representative length frequencies collected from the YE. The status and fishery reference points of these fish stocks were estimated, respectively. Auximetric plots and growth performance indices (Φ′) were used to reveal the growth features and imply resilience of the studied stocks, which can be useful when formulating scientific advice. The Lmean/Lopt <0.9 in six (67%) of nine stocks suggested that most of the stocks were truncated in length structures. Common hairfin anchovy in 2018 and Indian perch in 2018 showed a healthy stock biomass status with complete length structures under a sustainable fishing pressure. The others were outside of safe biological limits or overfished.

This study assumed that a species would grow rapidly toward a small size when it faced with depletions (a positive feedback) for the historical comparison in auximetric plots. The real ΔK/ΔLinf ratio, for a fish stock in different historical stages, could reveal the real feedback to environmental changes more accurately. This paper did not take environmental factors (e.g., temperature but also the presence of predators) into considerations, which may play an essential role in the life history of a fish stock, especially for forage species. This study might serve as basis for future studies and fishery management plans, which could focus on the overall assessments of all exploited fishery stocks and integrations and tradeoffs between species-specific information and ecosystem-based managements.
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Information on stock status is available only for a few of the species forming the catch assemblage of rapido fishery of the North-central Adriatic Sea (Mediterranean Sea). Species that are caught almost exclusively by this gear, either as target (such as Pectinidae) or accessory catches (such as flatfishes apart from the common sole), remain unassessed mainly due to the lack of data and biological information. Based on cluster analysis, the catch assemblage of this fishery was identified and assessed using CMSY model. The results of this data-poor methodology showed that, among the species analyzed, no one is sustainably exploited. The single-species CMSY results were used as input to an extension of the same model, to test the effect of four different harvest control rule (HCR) scenarios on the entire catch assemblage, through 15-years forecasts. The analysis showed that the percentage of the stocks that will reach Bmsy at the end of the projections will depend on the HCR applied. Forecasts showed that a reduction of 20% of fishing effort may permit to most of the target and accessory species of the rapido trawl fishery in the Adriatic Sea to recover to Bmsy levels within 15 years, also providing a slight increase in the expected catches.

Keywords: catch assemblage, flatfishes, Mediterranean sea, harvest control rule, CMSY


INTRODUCTION

Single Species Fishery Management (SSFM) has many limitations since it does not consider the effects of fishing on non-target species and the effect of species interaction on the fisheries (Link, 2010). Typically, in an SSFM context, advice given for a few species is the unique information used to control the whole fishery (Moffitt et al., 2016), and this might lead to over-pressured bycatch species (Browman et al., 2004). Nevertheless, when applying management measures specifically developed for one species (e.g., introduction of quotas), they will affect the entire catch assemblage (“technical interaction”; Punt et al., 2002). Although few practical experiments are available, intergovernmental marine science organizations strongly advise about the limited view given by single-stock management on multiple stocks caught in mixed fisheries (ICES., 2017). To avoid this situation, and under the government’s recommendation, in recent years fishery science has been focused on developing a multi-species approach (Link, 2010; Hilborn, 2011; Froese et al., 2018; Howell and Subbey, 2019). However, to date management advices for the Mediterranean Sea mostly rely on single-species stock assessment methodologies (FAO-GFCM, 2019).

Above all, considering the intrinsic multi-specific nature of the fishery, there is a strong need to move forward to more comprehensive management of stocks in the Mediterranean Sea (Colloca et al., 2013; Cardinale et al., 2017). Sophisticated assessment models able to give insights into ecosystem complexity have been proposed, though they are limited by the large amount of data required (Maunder and Punt, 2013). As such, these models are not easy to fit data-poor environments such as the Mediterranean Sea (Maravelias and Tsitsika, 2008). To find an alternative solution, we tested an advanced surplus production model implementation that assess the status of multiple species at once in data-poor scenarios (Froese et al., 2018). Surplus production models calculate fisheries parameters at Maximum Sustainable Yield (MSY) (e.g., biomass, exploitation, catch) based on the estimates of the intrinsic rate of growth (r) and the carrying capacity (k) parameters that are specific and tailored to the stock, rather than referring to the species in general.

This paper presents the first attempt to analyze and to project in the medium-term future the state of exploitation of the catch assemblage caught by rapido trawlers in the North Adriatic Sea (General Fisheries Commission for the Mediterranean – GFCM, Geographical Sub-Area – GSA 17), one of the most impacting fisheries in the Mediterranean Sea (Colloca et al., 2017). Based on the Annual Economic Report of the Scientific, Technical and Economic Committee for Fisheries (STECF), 64 vessels belonging to this segment were active in 2018, accounting for about 270 engaged crew and a gross value of landing estimated around 20 million € (STECF, 2019). This fishery represents an interesting case study, because—thanks to the gear conformation—rapido trawlers are able to catch some species that are difficult to get with other gears. Many species that are almost exclusively caught by this gear—either as target (such as Pectinidae) or accessory catches (such as flatfishes other than sole)—remain unassessed mainly due to lack of data and biological information. Therefore, it could be difficult to implement an ecosystem approach to fishery management and there is a high risk of underestimating the impact of this fishery. The catch assemblages of the most important demersal gears in GSA 17 were first reconstructed and clustered through multivariate analysis, to detect leading species for rapido fishery. At a second stage, the status of these stocks was evaluated through a Bayesian state-space implementation of the Schaefer production Model (BSM) of the CMSY software (Froese et al., 2017). Finally, the BSM estimates were used to run a CMSY extension on the entire rapido trawl catch assemblage (Froese et al., 2018), to estimate rebuilding time and to forecast expected catches. This extension considers fisheries’ inter-dependencies to predict the overall status of the stocks under four different harvest control rule (HCR; Berger et al., 2012) scenarios up to 15 years in the future (2033). The main novelty of this study is the application of data-poor methodologies to jointly assess the status of the entire catch assemblage, while also assessing how rebuilding time depends on the level of future exploitation.



MATERIALS AND METHODS


Rapido Fishery

The rapido trawl fishery has been in place for more than 50 years in the western side of the north-central Adriatic Sea (Figure 1), where it is carried out all year round on the soft bottoms outside three nautical miles offshore (Scarcella et al., 2007). This gear is constituted by a cone-shaped net with a rigid metallic mouth opening up to 4 m wide, which slides on the seafloor aided by sleds. The mouth is equipped with a wooden plank on the top, acting as a depressor that allows the iron teeth in the lower edge to penetrate the sediment (Hall-Spencer et al., 1999). The gear shape enables trawlers to target flatfishes and species that live buried in the sediments, which are usually difficult to catch with otter trawling. As a result, catch composition forms a specific assemblage, mainly constituted by Pectinidae, in the sandy offshore areas of the North-East Adriatic (Giovanardi et al., 1998), and by flatfishes in the muddy inshore areas of central Adriatic (Pranovi et al., 2000). The penetration of the iron teeth in the sediment makes this gear particularly invasive to the sea-bottom, especially affecting the macro and meiobenthic communities (Pranovi et al., 2000; Petović et al., 2016; Santelli et al., 2017). Indeed, since many fish species, such as flatfish and gobies, feed on meiofaunal species (Schückel et al., 2013) this fishing gear acts not only as direct pressure on demersal fish stocks but also as an indirect pressure interfering with the distribution of stocks’ preys.


[image: image]

FIGURE 1. Rapido trawl fishery effort distribution in GSA 17 North Adriatic sea, obtained with AIS data analysis based on Galdelli et al. (2019).




Multivariate Analyses to Define Catch Assemblages

Data used to reconstruct the catch assemblages for main demersal gears in the GSA 17 were gathered from the STECF Annual Economic Report (STECF, 2019), which contains catch amount by species at gear and nation levels. The dataset was manually filtered to exclude pelagic species and taxonomic categories higher than the family level. Fishing gears representing small-scale fishery were grouped under the polyvalent passive gears (PGP) category. The yearly time frame considered was 2012–2017, due to data gaps in STECF (2019), namely Croatian data before 2012 and Italian data for 2018. The species list was sorted by magnitude of total catches and those falling within the 99% of the cumulative distribution were retained for the successive analysis. Then, for each selected species a vector was constructed, with each element representing mean catch by gear and by country. The obtained data were normalized by applying the chord transformation—i.e., scaling each vector to norm 1 (Legendre and Gallagher, 2001). The vectors obtained were assembled into a matrix (MC, Supplementary Table 1), where rows represented species, columns represented gears, and cells included normalized values of catches. Then, a multivariate analysis was applied to verify, firstly, if there were differences between catch assemblages of gears considered and if there were species strictly affected by rapido trawl fishery rather than by other gears. Differences between catch assemblages of gears were assessed through a one-way permutational multivariate analysis of variance (PERMANOVA) with 9,999 permutations (Oksanen et al., 2016) applied to a matrix of Euclidean distances computed over the MC columns. A pairwise analysis (Arbizu, 2017) was used to explore the gear contribution to the difference. Then, to identify species strictly affected by specific gears, the species list was partitioned through a hierarchical cluster analysis—based on the Ward method (Ward, 1963)—applied to the matrix of Euclidean distance computed over the MC rows. As a result, this process identified a group of species that were mostly correlated (i.e., targeted) with rapido trawling on which a joint HCR test would be more meaningful. Multiscale bootstrap resampling (Borcart et al., 2018)—from the “pvclust” R package (Suzuki and Shimodaira, 2015)—was used to verify the statistical robustness of the identification of these species. To understand the contribution of each gear and nation to the cluster definition, MC rows were aggregated on the clusters identified, then mean values by MC column were computed for each group and represented through radar plots (Bion, 2021).



Stock Assessment

The stock assessments of the species identified through cluster analysis were performed using the CMSY software. CMSY includes a BSM, which fits catch and—optionally—biomass (or catch-per-unit-of-effort) data through a Markov Chain Monte Carlo method based on the Schaefer function for biomass dynamics. The model estimates fisheries reference points (MSY, Fmsy, Bmsy) as well as relative stock size (B/Bmsy) and exploitation (F/Fmsy) from catch data and broad priors for “resilience” (approximated by r) and stock’s relative biomass (B/k) at the beginning and the end of the catch time series. For the scopes of this paper, BSM was executed on landing data and biomass indices. The biomass indices were obtained from the SoleMon project (Grati et al., 2013), a trawl survey carried out from 2005 up to the present with rapido trawl in a 36,742-km2 area of the Northern and Central Adriatic Sea (Scarcella et al., 2014). To improve the indices estimates, data were smoothed through the “BCrumb” routine, a state-space model for trend analysis of ecological time series that is part of the JABBA (Winker et al., 2018) and JARA (Winker and Sherley, 2019) models. This tool treats relative biomass as an unobservable state variable that follows a log-linear Markovian process to reduce the influence of observation error on the CMSY estimates (Winker et al., 2018). As input for the catch data, the longest series of landings in GSA17 available for each species were used (see Table 1 and Supplementary Table 2; Fortibuoni et al., 2018; STECF, 2019; DCF-ITA). Missing data of Croatian and Slovenian landings were reconstructed through a mean proportion, derived from the years in which they were available for all GSA17 bordering countries. Priors for r were either taken from previous specific studies in this area (Froese et al., 2018) or inferred from their averages in FishBase and SeaLifeBase (Palomares and Pauly, 2018; Froese and Pauly, 2019).


TABLE 1. Input data of the CMSY analysis.

[image: Table 1]The choice of an increasing pattern from the initial to the final depletion prior in the reference models was supported by an overall increase in the fishing pressure in the Adriatic Sea (Colloca et al., 2017) followed by a reduction of the productivity of the commercial fishery over the study period (Marini et al., 2017). A sensitivity analysis was conducted to test the effect of different sets of viable depletion priors (Bstart/k and Bend/k) on the final B/Bmsy value. A Feed-Forward Artificial Neural Network was used to estimate these viable prior ranges of relative biomass for each studied species, based on characteristics of the catch time series such as minimum and maximum catch, length, slope in the final years, and shape (Froese et al., 2021 submitted). The network was trained with the data of 400 stock to detect interplay patterns of catch and abundance and predict relative biomass priors directly from the catch time series. Following the procedure described in Falsone et al. (2021), the accuracy of the final result was calculated through the percent difference between the reference model’s values and the Artificial Neural Network model’s values.



Stock Projections

The outputs of single-species stock assessments were used to run an advanced implementation of CMSY (Froese et al., 2018). This model uses a rewrite of the Schaefer function to predict next year’s status of the biomass, based on the parameters estimated by the CMSY model:

[image: image]

In the equation, Bt and Ft, respectively, represent the biomass and the fishing effort in a certain year (t), while Bt+1 is the biomass in the following year. The model assumes that the estimated r and k CMSY parameters remain constant over the projection time. The catch assemblage analysis iteratively uses the above formula under different relative effort scenarios, i.e., as different ratios of fishing mortality (F) over the fishing mortality in the last estimation year (Flast_year). In particular, for the stocks identified in the cluster analysis, the following HCR scenarios, based on the F of every single stock, were used:


• Scenario (1): 0.5 F2018 simulating a reduction of 50%,

• Scenario (2): 0.6 F2018 simulating a reduction of 40%,

• Scenario (3): 0.8 F2018 simulating a reduction of 20%,

• Scenario (4): 0.95 F2018 simulating a reduction of 5%,



where F2018 is the F value of the last year of each stock time series. The advanced implementation of CMSY is a non-Bayesian statistical algorithm that builds on the Bayesian estimates of CMSY. Based on the F scenarios, the algorithm cycles through the following steps for each scenario:


1. For each stock, produce 1,000 iterations of the biomass in time, starting from values in the neighborhoods of B/Bmsy;

2. Average all the generated B/Bmsy time series of each stock;

3. Average the averaged B/Bmsy time series of all stocks;

4. Estimate confidence intervals and plot the forecasts.



Step 1 of the algorithm is necessary to account for uncertainty around the estimate of B/Bmsy, also due to a random error term used in the Schaefer function in CMSY.

Since CMSY accounts for stock depletion at very low biomass levels, the effort scenarios consider also different effects of the exploitation level on low-biomass stocks. In particular, during the projections, the following rules are applied:


1. In Scenario (1), the fishing mortality of a stock is set equal to zero when B < 0.5 Bmsy;

2. In the other scenarios, when B < 0.5 Bmsy, F is linearly decreased with biomass, according to the relation [image: image].



Rule number 2 comes from a [image: image] linearly decreasing multiplier of Fmsy used in CMSY to account for repopulation hysteresis for low relative biomasses (Froese et al., 2018, 2020).

Projecting biomass after fixing relative fishing mortality to the one in the last year for each stock, allows accounting for the real and different effects of the fisheries on each stock. Indeed, this assumption proportionally reduces the effort on each stock, assuming that the fishing strategies and gears do not change. Thus, in this way, a uniform reduction of the fishing hours in a certain year will affect each stock differently.



RESULTS

The taxonomic list analyzed with the multivariate analysis was composed of 87 species (Supplementary Table 3). The PERMANOVA test highlighted a significant difference between the catch assemblages of the nation-gear combination (Table 2). Further, pairwise contrast indicated that rapido (ITA_TBB) column was statistically different from the majority of the gears (Table 3), except for Italian polyvalent passive gears (ITA_PGP) and Croatian bottom trawlers (HRV_DTS).


TABLE 2. Results of One-Way PERMANOVA analysis.
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TABLE 3. Results of pairwise PERMANOVA analysis, p-values corrected with the Bonferroni method.

[image: Table 3]
The cluster analysis partitioned the species list into 11 groups, nine of which statistically confirmed (Figure 2). DTS was the main driver for three clusters (1, 2, and 3), which contrast was due to different contributions of ITA and HRV catches. ITA_PGP was the major driver of three clusters (4, 5, and 6) that were differentiated for the degree of contribution of ITA_DTS. Group 7 was driven by ITA_PGP, while it accounted for large contributions of ITA_DTS and ITA_TBB. One group (8) was entirely driven by ITA_DRB. The last group (9) was almost exclusively driven by ITA_TBB, which therefore was our target group. This latter assemblage of species was composed of Pecten jacobaeus, Scophtalmus rhombus, Solea solea, Bolinus brandaris, and Aequopecten opercularis (SJA, BLL, SOL, BOY, and SCX; Table 2). Even if the SCX FAO 3-Alpha Code stands for the Pectinidae family, the species selected for the stock assessment was Aequopecten opercularis, since this species constitutes the majority of the Pectinidae catches in the north Adriatic basin.
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FIGURE 2. Hierarchical cluster analysis with the Ward method (Ward, 1963) applied to the gear-by-country table. AU p-value (printed in red color in default) is the abbreviation of “approximately unbiased” p-value, which is calculated by multiscale bootstrap resampling. BP value (printed # in green color by default) is “bootstrap probability” value, which is less accurate than AU value as p-value. Clusters with high AU values (e.g., 95%) are indicated with blue edges and are strongly supported by data.


Based on the data series and priors in Table 1, the results of the single species assessments are reported in Figure 3. The majority of the stocks assessed in the present study were considered to be in a data-limited situation due to the lack of information, except for common sole (SOL) for which stock assessment was also available from age-based approaches (GFCM, 2018). For this reason, the most recent common sole estimates (FAO-GFCM, 2019) were used to validate the BSM model.


[image: image]

FIGURE 3. Kobe plots resulting from the single species stock assessment: (A) Brill, (B) Purple dye murex, (C) Mediterranean scallop, (D) Common sole, and (E) Queen scallop.


The BSM analysis highlighted several observations: for what regards biomass, the analyzed stocks showed a value lower than Bmsy from the year 2000 onward, whereas common sole (Figure 3D) and purple dye murex (Figure 3B) were over the reference point in last years. As for the common sole, in the last twenty years, biomass was estimated to range between Bmsy and Blim (50% Bmsy). Purple dye murex was the only species for which values of biomass never went under Bmsy. For what regards fishing mortality, F was estimated to go under Fmsy in the last years for three stocks. On the contrary, brill (Figure 3A) was in a strong overexploitation status due to a continuous increase of fishing mortality (F/Fmsy in 2018 was ∼2). As for the common sole, fishing mortality cycled around Fmsy during the time series, and F showed an increasing trend that reached a F/Fmsy ratio of about 1 in 2018, consistently to the age-based assessment (FAO-GFCM, 2019). The F pace of purple dye murex was a counter-trend: it remained below the reference point until recent times and reached it only in the last year.

To sum up, the stock trajectories of the Mediterranean scallop (Figure 3C) and queen scallop (Figure 3E) reported in the Kobe plot (Maunder and Aires-da-Silva, 2011) passed from red to yellow area, i.e., there was a slight decrease in fishing mortality while the state of biomass was still below the reference point. As for brill, the stock trajectory remained in the red quadrant, with low biomass and a high level of F. The trajectory of the purple dye murex stock indicated sustainable exploitation during the majority of the time series, however, it went into an overfishing status in the last years. Common sole trajectory oscillated around the reference point during the last years and finally stabilized around MSY.

The Artificial Neural Network-based sensitivity analysis showed that a moderate alteration of the relative biomass priors did not affect the final B/Bmsy estimation substantially. The difference between our results and those obtained through the Artificial Neural Network was always under 20% for all studied species, ranging from a 6% minimum for the Mediterranean scallop to a 19% maximum for common sole (Table 4).


TABLE 4. Summary table of the sensitivity analysis over the B/Bmsy estimation that compares the results obtained from reference model (ref) against the one computed with priors estimated by an Artificial Neural Network (ANN).

[image: Table 4]Based on these assessments, the CMSY extended analysis, performed on the entire catch assemblage, produced different projections depending on the applied HCR (Figure 4). In Scenarios (1) and (2), 80% of the stocks reached Bmsy in 2030, whereas in Scenario (3) a few more years were required to reach Bmsy. On the contrary, in Scenario (4), under a more permissive HCR, only 60% of the stocks were observed to reach Bmsy in 2033. Catch projections showed an opposite pattern to biomass, with an initial decrease whose steepness depended on the HCR (Figure 5). Overall, scenarios showed an initial drop of the catches followed by a recovery and stabilization. In the long-term, Scenario (3) and (4) stabilized at a higher level than the initial estimates.
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FIGURE 4. Forecast of alternative HCRs from the CMSY extended analysis on the catch assemblage: percentage of stocks at Bmsy. Stronger the effort reduction, shorter the range of time in which 80% of the stocks will reach the Bmsy. Scen. (1): 50% of effort reduction; Scen. (2): 40% of effort reduction; Scen (3): 20% of effort reduction; Scen. (4): 5% of effort reduction.
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FIGURE 5. Forecast of alternative HCRs from the CMSY extended analysis on the catch assemblage: projections of catch time series. After a first decrease, all the scenarios, independently from the strength of the control rule, will figure a stabilization in catches.




DISCUSSION

This was the first extensive assessment-based meta-analysis of the main target and accessories species of rapido trawl fishery in the Adriatic Sea. In the case of mixed fisheries, formulating policies for management and conservation requires the use of models capable of predicting how catch assemblages change in response to fishing effort (Welcomme, 1999). However, when management objectives point toward fishing at reference points of the main target species, the overpressure of accessory species of the same catch assemblage is very plausible (Punt et al., 2002). These considerations fit well the Mediterranean context where demersal fisheries are commonly multispecific (Colloca et al., 2003). Within this context, identifying clusters of commercially important species might help to define conservation units in management plans (Rogers and Pikitch, 1992). In the case of the demersal fishery in the Adriatic Sea, the cluster analysis highlights that a few resources were characterizing the catch assemblages of each gear, except for ITA_PGP and ITA/HRV_DTS, which resulted to be the more generalists. The fact that these fleets showed the most diversified assemblage compared with the other gears reflected the modus operandi of these fisheries: ITA_PGP seasonally switches gears and grounds following resource availability (Grati et al., 2018), while the DTS footprint is by far the larger in the area (Russo et al., 2020), spreading across the spatial range of many different species. In contrast, some of the most landed resources were mainly targeted by one specific gear, such as the group formed by clams (SVE: Chamelea gallina, KLK: Callista chione, RAE: Solen marginatus) targeted by Italian DRB, and the cluster made by Pectinidae (SJA, SCX) and flatfishes (SOL: Solea solea, BLL: Scophtalmus rhombus, TUR: Scophthalmus maximus) targeted by Italian TBB. These findings allowed us to consider the assemblage of species analyzed as representative of the exploitation exerted by the rapido fishery.

Although the Adriatic sea is one of the most intensively trawled area of the Mediterranean sea (Eigaard et al., 2017; Ferrà et al., 2018) and in the entire world (Amoroso et al., 2018), some of the stocks analyzed showed an increase in biomass at the end of the analysis time-scale (evident in the single-species Kobe plot trajectory toward the recovery area). A possible explanation may be found in the management measures adopted in the last decades: current regulation includes a summer ban to the trawling activity—total closure for 1 month (EC, 2006), extending temporary spatial restrictions up to 4 or 6 nm depending on vessel length since 2012. These measures might have had relevant consequences for recruitment success in coastal areas (Scarcella et al., 2014) leading to a general improvement in the overall status of stocks exploited by rapido fishery. However, species respond in different manners to effort reduction due to different resilience, competition, and recruitment impairment (Gamble and Link, 2009), and those species for which biomass levels have fallen below 0.5 B/Bmsy, a threshold that characterizes impaired stocks (Froese et al., 2016), remained in alarming status. Nevertheless, literature reports that flatfishes recruitment success does not strictly depend on stock size (Iles, 1994; Maunder, 2012; Van der Hammen et al., 2013), therefore additional work is required to explain the alarming status of brill. Environmental characteristics of the study area may have a large effect on the resources: organic matter input from rivers and the resulting nutrient enrichment can lead to a high rate of primary productivity, particularly in the Northern and the Central Adriatic (Cognetti et al., 2000), which helps to maintain recruitment capacity in marine fish stocks (Britten et al., 2016), mainly for species with high resilience such as common sole. On the other hand, North Adriatic is a recognized key area for seasonal low oxygen depletion, whether it be eutrophication or climate change-related (Kollmann and Stachowitsch, 2001), and has been repeatedly affected over the last three decades by bottom anoxia and benthic mortalities (e.g., Pectinidae family; Mattei and Pellizzato, 1996). This facilitates detritus-feeding group establishment, such as purple-dye murex, that can make a stand to the recovery of the suspension feeders, i.e., Pectinidae, by consuming and smothering the potential recruits (Riedel et al., 2010). These dynamics, together with continuous trawling, might have led scallops to such low biomass. Nevertheless, it is important to underline that the biomass of the Mediterranean scallop was estimated to have recently increased over 0.5 Bmsy.

The aggregated forecast analysis showed that the percentage of the stocks that will reach Bmsy at the end of the projections will depend on the HCR applied. Scenario (1) and (2) were the fastest in reaching Bmsy (80% of the stocks by 2030), however, they required the biggest drop in catches in the short period; this sudden reduction would be probably economically and socially unsustainable for the Adriatic fishing sector. On the opposite, Scenario (4) could be preferable from an economic point of view due to higher catches in the long term, but it would allow fewer stocks to reach Bmsy by 2033 (only 60%), breaching the sustainability principles of the EU Common Fisheries Policy (European Parliament, 2013). Scenario (3) foreseen that 80% of the stocks will reach Bmsy in 15 years if the F will be reduced by 20% providing a possible compromise between long-term environmental and social sustainability (relatively high expected catch and reasonably fast and good rebuilding in stock biomass). Scenario (3) was therefore more sustainable and compatible with the fundamental principles of CFP, which is to match sustainable exploitation of the fish stocks with socio-economic sustainability (Reg EU No. 1380/2013).

Despite simulation of HCRs showed a biomass recovery for the majority of the stocks regardless of the scenario (>60% of the stocks reach for all the rebuilding strategies Bmsy), it may be less reliable for brill and Mediterranean scallop, which were classified in critical status. In fact, in forecast analyses, an increase in the total biomass of the considered species might have been driven by those stocks that were already in a recovering phase.

Therefore, other management measures should be combined with a reduction of fishing effort to allow for stocks’ recovering (Demirel et al., 2020), especially in the most depleted cases. Considering that the areas of persistency of these species are well known (AdriaMed, 2011), specific adaptive measures for rapido trawl fishery should be implemented, such as spatio-temporal closures to protect the stocks (Hall-Spencer et al., 1999): guaranteeing protected areas might allow stocks to be more resilient to local depletions (Kritzer and Liu, 2014). Furthermore, effort reduction by itself does not imply a concomitant overall reduction of the fishing mortality for all stocks (Cardinale et al., 2017). Thus, even if the actual management plan (Recommendation GFCM/43/2019/5) already envisages a fishing effort reduction comparable to scenario (3), other management measures may be necessary to avoid the depletion of the most pressured commercial and accessory species.

The presented approach and the used models implicate strong assumptions on the stocks’ life-history traits as well as in exploitation status that should be carefully considered. In addition, the CMSY model does not account for the size and age structure of the stock and therefore tends to overestimate sustainable productivity in stocks where excessive fishing pressure has truncated the population structure (Froese et al., 2018). Moreover, the forecasting algorithm assumes that fishing strategies and gears do not change in time. Thus, the estimates coming from the present study should not be taken as a detailed reproduction of reality. Nevertheless, they were sufficient to produce an overall sound snapshot of the performance of different future inter-correlated fisheries scenarios, which would have required many years of data preparation and data gap-filling if data-rich approaches had been used.
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The Beibu Gulf is one of the most important fishing grounds in the South China Sea (SCS), and the fisheries resources in this area are exploited by both China and Vietnam. In recent decades, some indications of overfishing have appeared, including declining catch rates, frequently changing catch composition, and shrinking body sizes in main commercial fish species. Due to limited data availability, only a small subset of exploited fish stocks in this area has been assessed. Here, we applied two length-based methods, electronic length frequency analysis (ELEFAN) and length-based Bayesian biomass estimation (LBB), to stock assessment of nine exploited fish species in the Beibu Gulf. There were total 53, 652 length records of 30 target stocks used in this study during the survey period from 1960 to 2015. The results showed that the two length-based methods presented different ability in estimating exploitation rate (E), and the estimated E ranged from 0.34 to 0.87 using ELEFAN method while ranged from 0.26 to 0.86 using LBB method. The prior information from ELEFAN method was effective for LBB method, as there were significant differences in 66.7% of the 30 target stocks in estimated Linf, and 93.3% in estimated B/BMSY, using LBB method with and without prior information. The estimated Lc/Lc_opt and B/BMSY of LBB method suggest a pressing situation for the fisheries in the Beibu Gulf, as 86.7% of the 30 target stocks had been suffering from growth overfishing (Lc/Lc_opt < 1), and 83.3% had been overexploited or fully exploited (B/BMSY ≤ 1.2). In addition, we suggest using both ELEFAN and LBB methods to fit length-frequency data of data-poor fish stocks because they are complementary in estimating management reference points. We also emphasize collaboration mechanism should be established by China and Vietnam for the sustainability and recovery of fishery resources in the Beibu Gulf.

Keywords: Beibu Gulf, electronic length frequency analysis, length-based Bayesian estimation, prior information, exploitation rate, management


INTRODUCTION

Marine fisheries resources are an important source of animal protein and micronutrients, and provide employment opportunities and income for people worldwide [Food and Agriculture Organization (FAO) (2016); Pauly and Zeller, 2016]. As a result of widespread overfishing leading to sequential depletion of exploited stocks, global fishery catch has been stagnating, then gradually decreasing since the late 1980s (Kleisner et al., 2013). Stock assessment is a basic work to carry out modern management and maintain fishery sustainability. With the improvement of computer simulation ability and multi-disciplinary collaboration, stock assessment methods have been developed rapidly. The stock assessment models tend to be more diversified, and their structures become more complicated (Maunder and Punt, 2013). The classical assessment models always need a large amount of statistical and survey data, including catch, abundance index and even age structure. However, most of exploited fisheries, especially in developing countries, do not have the data required for traditional methods and are considered data-poor. Consequently, only 20% of global catch comes from assessed species, and less than 1% of species have been assessed (Costello et al., 2012). The severity of this problem has been gradually realized, and increasing alternative methods for data-poor fisheries have been building in recent years (Dick and Maccall, 2011; Martell and Froese, 2013; Cadrin and Dickey-Collas, 2015; Hordyk et al., 2015; Froese et al., 2018).

At present, two types of methods are commonly used in data-poor fisheries, the catch-based methods and the length-based methods (Liang et al., 2020). The catch-based methods estimate sustainable yield or maximum sustainable yield (MSY) of the target population using catch time series and auxiliary data, e.g., intrinsic rate of increase, natural mortality, and age at maturity. The length-based methods can use length-frequency data to estimate growth, mortality and development status, e.g., exploitation rate, and relative stock size (B/BMSY). Electronic length frequency analysis (ELEFAN) is widely used to fit von Bertalanffy growth function and estimate growth and mortality parameters for data-poor fisheries (Pauly and David, 1981). It enables users to formulate some management options for fisheries, especially in data-poor, tropical areas. Recently, a new length-based method, length-based Bayesian biomass estimation (LBB), was developed to estimate B/BMSY, and the current exploited biomass relative to the unexploited biomass (B/B0) for data-poor fish stocks (Froese et al., 2018). Compared to statistical catch data, length-frequency data is more convenient to collect due to the lower time and economic cost. Size-related measures (e.g., mean length, length at first sexual maturity) have long been used as indicators of response to population decline, especially in tropical waters where fish age are difficult to be identified, and data poor areas where historical catch data are not counted accurately. The length-based methods avoids relying on this incomplete dataset and instead used size composition data gathered from a range of sources to generate species-level assessments (Nadon et al., 2015), which obviously improves fisheries management in developing countries (Baldé et al., 2019). In addition, the assessment efficiency of catch-based methods largely depends on the accuracy of statistical catch data. However, marine fisheries catch data were distorted due to neglected small-scale fisheries, illegal fisheries, and discarded bycatch (Watson and Pauly, 2001; Pauly and Zeller, 2016). The systematic distortions in catch trends will impact the assessment results and prevent effective management.

The South China Sea (SCS) is located at the center of the Indo-West Pacific region, and is a representative sea of data-poor fisheries (Zhang et al., 2017). Despite its vast sea area, most of the fishing efforts and landings from the People’s Republic of China (here after referred to as ‘China’) are concentrated in the northern continental shelf (Qiu et al., 2008). The northern SCS are important spawning and feeding grounds for commercial fish stocks, as well as marine fishing grounds. Since China’s reform and opening up, the demand for seafood has increased with fast growth in the economy of coastal areas. Rapid growth in the number of marine fishing vessels and catches from the 1970s to 1990s had resulted in the decline of offshore fishery resources in the northern SCS (Zhang et al., 2017), especially in typical semi-closed bays (Zhang et al., 2020a,b). The Beibu Gulf covers an area of 12.8 × 103 km2, and is surrounded by the land territories of China and Socialist Republic of Vietnam (here after referred to as ‘Vietnam’) (Figure 1). It is highly productive and rich in fishery resources, and has been one of China’s four major fishing grounds (Qiu et al., 2008). The Chinese and Vietnamese governments signed a Fishery Cooperative Agreement in 2000 (Qiu et al., 2008), and designed a joint fishing zone (Figure 1) in the Beibu Gulf (allow fishing for both countries). In recent six decades, fish community structure in Beibu Gulf has changed observably, from demersal to pelagic species and from high-trophic-level to low-trophic-level species (Su et al., 2021). The major commercial fish stocks, e.g., threadfin porgy Evynnis cardinalis, tend to be smaller body size, and earlier sexual maturity (Zhang et al., 2020a). It is commonly agreed that for risk avoidance and economic benefits, biomass (B) of fish stocks must be above the MSY level (BMSY) and fishing pressure (F) must be below the MSY level (FMSY) based on the MSY framework (Froese et al., 2020). However, limited research on fish stock assessment based on the MSY framework has been undertaken (Zhang et al., 2017), so it is necessary to establish alternative methods in the Beibu Gulf.
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FIGURE 1. Map of Beibu Gulf, including the joint fishing zone (grids) between China and Vietnam, and sampling stations (dots).


In this paper, we applied the two above-mentioned length-based methods (ELEFAN and LBB) to stock assessment for nine exploited fish stocks in the Beibu Gulf. ELEFAN is widely used in fish stock assessment in Chinese waters, and many of the main commercial species have been assessed by this method, e.g., largehead hairtail Trichiurus japonicus (Zhou et al., 2002), small yellow croaker Larimichthys polyactis (Liu et al., 2012). LBB is a newly developed method and has been recently introduced to stock assessment in Chinese waters (Liang et al., 2020; Zhang et al., 2021b). The assumptions and computational procedures of the two methods are quite different (Pauly and David, 1981; Froese et al., 2018). Until now, how prior information affect the performance of LBB method and comparison of assessment results with ELEFAN method in data-poor fisheries have not been documented. The objectives of this study were to: (1) provide an overview of exploitation status of exploited fish stocks in the Beibu Gulf; (2) compare the assessment results of the two length-based methods; and (3) compare the performance of LBB method with and without prior information. The results may contribute to providing a scientific basis to assist sustainable utilization and management of fish stocks in data-poor areas.



MATERIALS AND METHODS


Data Collection

Length data analyzed in this study were from bottom-trawl surveys (1960–2015) conducted by the SCS Fisheries Research Institute. The sampling stations (Figure 1) were predetermined before the surveys and consistent from year to year. Each station was investigated once and trawled for 1 h, with an average hauling speed of 3–4 knots in all surveys. The mesh size of the bottom-trawl nets ranged from 120 to 200 mm, with 30–40 mm cod-end mesh size in all the surveys. Surveys were conducted monthly in the 1960s and quarterly in other periods (Table 1). All captured fishery samples were identified to the species level, and biological data including length, weight, sexual maturity and stomach fullness for main commercial species were measured. The individuals were randomly sampled for measurement and laboratory bioassays. For each species, if fewer than 50 individuals were caught in a station, all were cryopreserved for laboratory bioassays; otherwise, 50 individuals were sampled randomly and measured. For each fish, the standard length was measured to the nearest millimeter.


TABLE 1. Summary of samplings and length data for nine fish stocks collected during 1962–2012 for stock assessment in Beibu Gulf, South China Sea.

[image: Table 1]Nine exploited fish stocks, including Japanese scad (Decapterus maruadsi), threadfin porgy (Evynnis cardinalis), yellowbelly threadfin bream (Nemipterus bathybius), golden threadfin bream (Nemipterus virgatus), red bigeye (Priacanthus macracanthus), purple-spotted bigeye (Priacanthus tayenus), brushtooth lizardfish (Saurida undosquamis), Japanese jack mackerel (Trachurus japonicus), and largehead hairtail (Trichiurus japonicus), were selected in this study regarding their high economic values and large catches in the northern SCS (Qiu et al., 2008; Zhang et al., 2017; Su et al., 2021). There were total 53, 652 length records of the nine fish species during different sampling years used in this study (total 30 assessment sequences in Table 1). Anal length was used for T. japonicas, fork length for D. maruadsi and T. japonicas, and body length for the other six fish species.



ELEFAN Method

The growth of the fish stocks was modeled by the von Bertalanffy equation (von Bertalanffy, 1938):

[image: image]

where Lt is length (cm) at age t, Linf the asymptotic length, K is the von Bertalanffy growth coefficient, and t0 is the theoretical age at length zero. The ELEFAN I routines incorporated in the FiSAT II (Gayanilo and Pauly, 1997) software were used to fit growth curves to the restructured length-frequency data. Using both the “automatic search routine” and the “response surface analysis” within ELEFAN, it was possible to achieve the best fit for the growth curve (best-fitting combination of Linf and K) to the length-frequency data.

The parameter t0 were calculated using the empirical equation (Pauly, 1983):

[image: image]

Total mortality (Z) was estimated by the length-converted catch curve procedure (Pauly, 1983):

[image: image]

where Ni is the number of fish caught in a given length class i, ti’ is the relative age corresponding to length class i, Δti is the time needed for growing through the length class i, and c is the intercept of the linear equation, respectively.

The instantaneous natural mortality (M) was calculated (Pauly, 1983) by:

[image: image]

where T is the mean environmental temperature. Fishing mortality (F) was calculated by subtracting M from Z, and the exploitation ratio (E) was obtained from F/Z.



LBB Method

Growth in body length is also assumed to follow the von Bertalanffy growth function (von Bertalanffy, 1938) in the LBB method (Froese et al., 2018).

Most of commercially exploited fish species grow throughout their lifetime, and their body size would approach the asymptotic length Linf if mortality were zero, which can be expressed by:

[image: image]

where PL/Linf is the probability to survive to length L/Linf, which is solely a function of the M/K ratio.

The LBB method assumes that the selectivity of fishing gear is trawl-like, i.e., small individuals (length < Lx) can not be caught, all individuals will be caught if exceed a certain body size (length > Lstart), and part of the individuals are caught when length between Lx and Lstart. The gear selectivity can be expressed by the following equation:

[image: image]

where SL is the fraction of individuals that are retained by the gear at length L, Lc is the length where 50% of the individuals are retained by the gear, and α represents the steepness of the ogive (Quinn and Deriso, 1999).

Combining the equations (1), (5), and (6), and rearranging lead to:

[image: image]
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where NLi and NLi–1 are the numbers of individuals in length class Li and the previous length class Li–1, respectively. To minimize the required parameters, the ratios M/K and F/M are estimated, instead of the absolute values of F, M, and K in the LBB analysis. In other words, the increase in fish body length can be used as a proxy for its life time, and by using ratios instead of absolute values the units of time and biomass cancel out (Froese et al., 2018).

The Bayesian Gibbs sampler JAGS within R statistical language (version 4.0.3) was used to fit the observed proportions at-length to their expected values:

[image: image]

where pLi is the observed proportions-at-length,[image: image] is the mean values for pLi, [image: image] denotes the mean values for NLi, which has been mentioned in equation (7).

The observed and predicted length distributions were then fitted by assuming Dirichlet-multinomial distribution (Thorson et al., 2017), which was proposed for fitting size and age composition in stock assessment models using a Bayesian framework. Proportions-at-length assume Dirichlet-multinomial distribution with an effective sample size of 1,000, which was chosen based on desirable performance across various simulation-testing trial scenarios (Froese et al., 2018).

The following equations are used to approximate the population status through the estimated quantities Linf, Lc, M/K, and F/K. First, the length Lopt representing the maximum biomass of unexploited cohort is obtained from:

[image: image]

With a given fishing pressure F/M, the length at first capture Lc_opt that maximizes catch and biomass can be obtained from:

[image: image]

An index catch per unit of effort (CPUE’/R) is obtained as dividing relative yield-per-recruit (Y’/R) by F/M, which can be described as:

[image: image]

The relative biomass in the exploited phase of the fish population if no fishing takes place is given by:

[image: image]

where B0’ > Lc denotes the exploitable fraction (> Lc) of the unfished biomass (B0).

The ratio of fished to unfished biomass is described as:

[image: image]

A proxy for the relative biomass that can produce BMSY/B0 was obtained by re-running Equations (12–14) with F/M = 1 and Lc = Lc_opt (Froese et al., 2018).

Hordyk et al. (2019) indicated that the LBB analysis did not correct for the pile-up effect (pile-up of abundance observations in length classes used as bins in length-frequency analyses), and may result in a biased estimate of F and M/K. Therefore, we applied other two modified LBB model (Froese et al., 2019) on the length data of the 9 exploited fish species from Beibu Gulf. The two models, LBB-1 (full correction for the pile-up effect), and LBB-2 (let the Bayesian model determine the degree of correction based on the best fit to the available data) were based on the original LBB equation, and corrected for the pile-up effect.

In this study, we also analyzed the performance of LBB method with and without prior information. The prior information of parameters Linf and Z/K were from the output of ELEFAN method. All the analysis was implemented using LBB_33a.R, an R-code algorithm presented by Froese et al. (2018, 2019). Fish stocks were classified to three exploitation statuses based on the estimates of B/BMSY, overexploited status was assigned where B/BMSY < 0.8, fully exploited status where 0.8 ≤ B/BMSY ≤ 1.2, and underdeveloped status where B/BMSY > 1.2 (Amorim et al., 2019). Besides, the stocks are considered as suffering from growth overfishing when the estimated Lc/Lc_opt < 1 (Liang et al., 2020; Zhang et al., 2021b).



RESULTS


Comparison of Assessment Results Between ELEFAN and LBB Method

The estimated asymptotic lengths for all assessment sequences ranged from 22.0 to 70.0 cm using ELEFAN method while ranged from 22.0 to 70.3 cm using LBB method. There were not significant differences in estimated Linf between ELEFAN method and LBB method, in all assessment sequences (p > 0.05), except D. maruadsi stock of 2006 (t = 5.37, p < 0.05), and T. japonicas stock of 1982 (t = 3.12, p < 0.05). The estimated Z/K for all assessment sequences ranged from 3.36 to 11.19 using ELEFAN method while ranged from 2.3 to 12.0 using LBB method. There were not significant differences in estimated Z/K between ELEFAN method and LBB method in 11 assessment sequences (No. 1, 2, 4, 5, 7, 8, 10, 16, 21, 25, and 27, Table 2).


TABLE 2. Comparison of estimated parameters between ELEFAN method and LBB method with prior information.

[image: Table 2]The estimated exploitation rates for all assessment sequences ranged from 0.34 to 0.87 using ELEFAN method while ranged from 0.26 to 0.86 using LBB method. The lowest value of exploitation rate occurred in N. virgatus stock of 1960 using both the two method. The highest value of exploitation rate occurred in T. japonicus stock of 1999, and D. maruadsi stock of 2010 for ELEFAN method and LBB method, respectively. There were significant differences in estimated E between ELEFAN method and LBB method in 16 assessment sequences (Table 2). Estimated exploitation rates for three assessment sequences, E. cardinalis stock of 1962 and N. virgatus stock of 1960 and 1962 were below 0.5 using LBB method, and only N. virgatus stock of 1960 were below 0.5 using LBB method (Table 2). Therefore, most of the fish stocks faced with overfishing during the assessment years.



LBB Method With and Without Prior Information

There were significant differences in 20 assessment sequences (p < 0.05) in estimated Linf using LBB method with and without prior information, and 10 assessment sequences (No. 5, 7, 12, 18, 20, 23, 24, 25, 26, and 28) were insensitive to the prior information (Table 3). As for estimated B/BMSY, there were not significant differences using LBB method with and without prior information in only 2 assessment sequences (No. 6 and 17). In terms of exploitation statuses (B/BMSY), 9 assessment sequences (No. 3, 4, 8, 13, 14, 16, 18, 23, and 24) showed different exploitation status using LBB method with and without prior information. For example, D. maruadsi stock of 2006 and 2007 were in overexploited status using LBB with prior information, but in fully exploited and underdeveloped status without prior information. Four assessment sequences (No. 12, 13, 15, and 17) showed growth overfishing were not happening using LBB method with prior information, and only 1 assessment sequence (No. 17) showed the same results without prior information (Table 3).


TABLE 3. Comparison of assessment results of LBB method with and without prior information.

[image: Table 3]


Model Performance of Three Types of LBB Methods

Reference point outputs (Table 4) showed that the three types of LBB methods (original LBB, LBB-1, and LBB-2) produced the same results when detecting the occurrence of growth overfishing, i.e., 86.7% of the 30 target stocks were facing growth overfishing (Lc/Lc_opt < 1), except for 4 assessment sequences (No. 12, 13, 15, and 17). The original LBB and LBB-2 models produced the same decisions if the stocks had been overfished (B/BMSY). LBB-1 model produced similar results with the other two models, except for 5 assessment sequences (No. 3, 8, 18, 23, and 24). The underestimation of estimated B/BMSY for the 5 assessment sequences made their exploitation status negatively, i.e., the original LBB and LBB-2 models indicated 4 stocks (No. 3, 8, 23, and 24) were fully exploited while LBB-1 showed they were overexploited; the original LBB and LBB-2 models showed N. virgatus stock of 1998 (No. 18) were underdeveloped while LBB-1 indicated it was fully exploited. The estimated B/BMSY showed 83.4% of the 30 target stocks were in overexploited status or fully exploited status while E. cardinalis stock of 1999, N. bathybius of 1992 and 1997, N. virgatus of 1960, and P. tayenus of 1999 were in underdeveloped status (Table 4). In summary, the original LBB and LBB-2 models produced similar results, indicating Bayesian model can help determine the degree of correction.


TABLE 4. Comparison of assessment results of LBB method and two modified methods.

[image: Table 4]


DISCUSSION

This study is the first attempt to apply both the traditional ELEFAN method and the newly developed LBB method across the main exploited fish stocks in the Beibu Gulf, and test the effect of prior information on LBB method. The results showed that the two length-based methods presented different ability in estimating exploitation rates, and the prior information from ELEFAN method was effective for LBB method. The estimated Lc/Lc_opt and B/BMSY of LBB method suggest a pressing situation for the fisheries in Beibu Gulf, as 86.7% of the 30 target stocks had been suffering from growth overfishing, and 83.3% had been overexploited or fully exploited.


Model Performance

There have been burgeoning literatures on the use of relatively simple methods to evaluate data-poor fisheries status. These approaches range from using life history characteristics as a guide to the vulnerability of fishing (Goodwin et al., 2006; Punt et al., 2011; McCully Phillips et al., 2015), to more holistic evaluations for obtaining management reference points and harvest control rules (Cope and Punt, 2009), or extensive assessment-based meta-analysis (Armelloni et al., 2021) using catch data, and auxiliary information (e.g., age-length data, life history parameters). Among the various data, fish growth in body length is discrepant by species and convenient to access.

Fish growth in body length of ELEFAN and LBB method both are assumed to follow von Bertalanffy equation (Pauly and David, 1981; Froese et al., 2018). However, the parameters in the two methods are estimated in different ways: the growth and mortality parameters (i.e., M, F, and K) in ELEFAN method can be directly calculated from empirical formulas or procedures while the ratios M/K and F/M are estimated, instead of the absolute values of F, M, and K in the LBB method. Compared with LBB method, ELEFAN method can provide the estimated growth and mortality parameters which are essential in full stock assessment or ecosystem based assessment, but relatively limited management reference points. Gulland (1983) recommend that 0.5 may be the suitable exploitation rate for fish stocks in temperate water. However, fish stocks in tropical and subtropical areas (e.g., the Beibu Gulf) have short life-cycles and rapid growth, and they can sustain high exploitation rates (Wang et al., 2012). Therefore, the exploitation rate may be insufficient for the fishery management in Beibu Gulf while Lc/Lc_opt and B/BMSY provided by LBB method are commonly used management reference points (Zhang et al., 2021b). Our study showed the prior information from ELEFAN method was effective for LBB method (Supplementary Figure 1) because most of the assessment sequences produced significantly different results with and without prior information.

The parameters of LBB method are calculated by a Bayesian Monte Carlo Markov Chain (MCMC) approach (Cowles and Carlin, 1996), which has been widely used in fishery data analysis (Haddon, 2010). With this Bayesian framework, it is straightforward to calculate credible intervals for multiple parameters. In this study, 95% credible intervals of B/BMSY and Lc/Lc_opt were calculated, and these results can provide alternative information sources which can support decision-making. Besides, we also applied two modified LBB models (LBB-1 and LBB-2) with corrections for the pile-up effect (Froese et al., 2019; Hordyk et al., 2019). The results (Table 4) showed estimations of the original LBB method have been little affected by the pile-up effect for most of the assessment sequences.

In addition, we suggest using both ELEFAN and LBB methods to fit length-frequency data of data-poor fish stocks because they are complementary in estimating management reference points.



Challenges in Fisheries Management for the Beibu Gulf

The Beibu Gulf has multiple ecosystems with estuaries, mangroves, coral reefs, and shelves, which provide comfortable habitats for spawning, feeding, and nursery areas for abundant fish species (Qiu et al., 2008). As reported to date, 960 fish species inhabit this embayment, which belonging to 162 fish families. The main fishing gears are trawl, purse seine, gill net, hook and set nets, and the trawl fishery accounts for more than 70% of the total catch (Zou et al., 2013). There are not available statistical catch data in the Beibu Gulf because catch data are gathered by administrative districts (e.g., provinces in China), instead of sea areas. Therefore, it was considered to be a data-poor fishing ground, and the length-based methods used in this study may fill a gap in knowledge of biomass levels and exploitation status of main fish stocks in the Beibu Gulf.

Zou et al. (2013) has estimated the fishery catch of the Beibu Gulf to be 85.7 × 104 t in 2012, including 65.7 × 104 t caught by China, and 20.0 × 104 t caught by Vietnam. The numbers of motorized fishing boats and total fishing powers of Guangxi Province were selected to represent the long-term trend of fishing efforts in the Beibu Gulf (Figure 2). Before China’s reform and opening up in 1978, the number of motorized fishing boats in Guangxi Province was less than 1200, and total fishing powers was no more than 8.5 × 104 kW. In 1980s and 1990s, the fishing efforts had been rapidly increasing and some indications of overfishing have appeared, e.g., catch rates trend downward (Qiu et al., 2008), catch composition has changed significantly (Chen et al., 2011), and miniaturization, early sexual maturity and accelerated growth have occurred in main commercial fish species (Zhang et al., 2020a). The indications of overfishing were consistent with our assessment results, which showed the assessed fish stocks had been overexploited in the 1990s.


[image: image]

FIGURE 2. Numbers of motorized fishing boats and total fishing powers of Guangxi Province.


In the recent two decades, a series of conservative management measures have been implemented by Chinese government in the SCS, including “double control” system, summer fishing moratorium, “zero-growth” and “negative-growth” strategies (Shen and Heino, 2014; Cao et al., 2017). Benefiting from the management measures, the fishing efforts had been stabilized and then decreased (Figure 2). Recent studies have shown that the management measures to reduce fishing pressure had been playing an important role for fishery resources recovery, e.g., the average daily yields of fishing boats and output values have increased after the summer fishing moratorium (Su et al., 2019), and these measures have a positive influence on the biological characteristics of this commercial fish species (Zhang et al., 2021a). However, our results showed the main commercial fish stocks were still in overexploited status in recent years (Table 4). Beibu Gulf is a co-developed area of fishery resources by both China and Vietnam, but until now, only China makes policy efforts to reduce fishing pressure. For example, during the 3.5-months summer fishing moratorium, all fishing gears (except for rod fishing) of China stopped fishing in the Beibu Gulf, but the fishing boats of Vietnam were still active in this sea area. Therefore, we emphasize collaboration mechanism should be established by the two countries for management and sustainability of fishery resources in the Beibu Gulf.
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International and national laws governing the management of living marine resources generally require specification of harvest limits. To assist with the management of data-limited species, stocks are often grouped into complexes and assessed and managed as a single unit. The species that comprise a complex should have similar life history, susceptibility to the fishing gear, and spatial distribution, such that common management measures will likely lead to sustainable harvest of all species in the complex. However, forming complexes to meet these standards is difficult due to the lack of basic biological or fisheries data to inform estimates of biological vulnerability and fishery susceptibility. A variety of cluster and ordination techniques are applied to bycatch rockfish species in the Gulf of Alaska (GOA) as a case study to demonstrate how groupings may differ based on the multivariate techniques used and the availability and reliability of life history, fishery independent survey, and fishery catch data. For GOA rockfish, our results demonstrate that fishing gear primarily defined differences in species composition, and we suggest that these species be grouped by susceptibility to the main fishing gears while monitoring those species with high vulnerabilities to overfishing. Current GOA rockfish complex delineations (i.e., Other Rockfish and Demersal Shelf Rockfish) are consistent with the results of this study, but should be expanded across the entire GOA. Differences observed across species groupings for the variety of data types and multivariate approaches utilized demonstrate the importance of exploring a diversity of methods. As best practice in identifying species complexes, we suggest using a productivity-susceptibility analysis or expert judgment to begin groupings. Then a variety of multivariate techniques and data sources should be used to identify complexes, while balancing an appropriate number of manageable groups. Thus, optimal species complex groupings should be determined by commonality and consistency among a variety of multivariate methods and datasets.

Keywords: stock complex, species assemblage, cluster analysis, ordination analysis, data-limited fisheries


INTRODUCTION

The requirement to implement catch limits for data-limited and previously unassessed stocks resulting from recent international policies, such as the Magnuson-Stevens Reauthorization Act of 2006 (MSRA, 2007) and Common Fisheries Policy (CFP, 2013), presents scientific and management challenges for regional fishery management entities. Managing an aggregation of fish stocks or species as a single unit is one approach utilized by fisheries managers in an attempt to comply with international and federal laws (Jiao et al., 2009), reduce the number of required stock assessments (Koutsidi et al., 2016), and create manageable harvest regulations. These aggregations, also known as stock or species complexes, are often determined by similarity in life history characteristics, vulnerability to the fishery, and geographic distributions (USOFR, 2009). Multiple stocks of a single species being managed together are likely to have strong similarities in life history and susceptibility, whereas complexes consisting of multiple species have more diverging characteristics in productivity (i.e., life history traits), behavior, and habitat preference. Species in a complex are typically caught in a multispecies fishery and often lack adequate data for a single species assessment (USOFR, 2009).

Assigning species to complexes can be a difficult, but critical task for implementing sustainable management of data-limited species. Complexes are often formed using a combination of life history traits, trophic roles, and fishing pressure (Shertzer and Williams, 2008). However, rarely is the full extent of this information available to adequately determine the appropriateness of a complex grouping, and there can be a mismatch in groupings when using life history traits compared to fishery susceptibility (i.e., species caught together by the same gear types). Grouping species based on life history characteristics, which represent the population’s productivity, is important because species with similar growth and maturity often demonstrate similar responses to fishing pressure (e.g., Farmer et al., 2016; DeMartini, 2019). From a management perspective, grouping by susceptibility to fishing gear (e.g., multispecies fisheries) is often simpler than grouping by life history traits, because management by gear type is less easily enforceable for complexes harvested by a variety of gears. Yet, the potential for disproportionate impacts on the species within the complex exists when complexes are formed using gear susceptibility and when selectivity or availability differs by species (DeMartini, 2019).

Aggregating species exclusively based on either life history or fishery traits can lead to unsuitable groupings. For example, a complex formed on fishing vulnerability may group species with divergent life history characteristics, and species that reproduce at earlier ages and are more fecund (i.e., have a higher productivity) are more resilient to fishing pressure compared to species that have lower fecundity and reproduce later in life (i.e., have a lower productivity). Alternatively, grouping species only on similarities in life history may be futile if the species are not vulnerable to the same fishing gear (e.g., Pikitch, 1991; Vinther et al., 2004).

Reconciling the need to balance fishery vulnerability and biological considerations for establishing species complexes remains a difficult scientific problem. No single method has proven robust for all species complex grouping approaches, and often development of species complexes relies on a combination of qualitative (i.e., expert judgement) and quantitative measures. Productivity-susceptibility analysis (PSA) has been proposed as a tool for grouping data-limited species based primarily on expert judgment (Patrick et al., 2010; Cope et al., 2011). A PSA bins information (i.e., life history values and impact by fisheries indicators) in productivity or susceptibility categories based on expert judgement. The rankings within each category are calculated into an overall vulnerability score, which is thereby used to summarize species into groups. However, PSA may not be as useful when forming complexes with closely related species with poor quality data, because vulnerability rankings are likely to be too similar despite having the possibility of scoring differently in the susceptibility categories. For example, Cope et al. (2011) determined that vulnerability rankings from a PSA could not alone be used to establish complexes for rockfish species in the United States West Coast groundfish fishery. A hierarchical tiered approach was implemented by applying clustering analyses first using ecological distribution (i.e., depth and latitude), followed by using the vulnerability scores. Yet, the use of expert judgment for scoring vulnerability was considered problematic for species with such poor quality data.

Alternately, multivariate techniques (e.g., cluster analyses and ordination methods) are a quantitative tool used for identifying similarities among species when adequate species-specific data are available. Of the few quantitative studies that have developed species complexes, the combination of expert judgment and multiple data sources or multivariate approaches (or both) have typically been used to assign species to appropriate groups. For example, both ordination and clustering methods can be used to examine species assemblages using one data source (e.g., Lee and Sampson, 2000; Williams and Ralston., 2002), or multiple data sources with each dataset being analyzed separately, summarized and compared to determine species groupings (e.g., Shertzer and Williams, 2008; Pennino et al., 2016). Other studies have developed methods to quantitatively synthesize findings of species co-occurrence when using multiple datasets. For example, Farmer et al. (2016) combined analysis of multiple catch data matrices along with a life history matrix to assign species to complexes by amalgamating the results from individual hierarchical cluster analyses into a weighted mean cluster association index. However, the weighted mean cluster association index depended on each cluster analyses from each data source to produce clear, sensible results (i.e., no chaining, which is when single units branch and form their own cluster). The array of quantitative studies used to identify species complexes have focused primarily on associations or similarities among species.

Conversely, other studies examining potential species complexes have grouped together similar catch units (i.e., within a specified area and temporal scale) based on similar species composition. Grouping species based on vulnerability to particular fishing gears allowed analysts to determine how different factors, such as depth (Rogers and Pikitch, 1992), influenced the species composition, while providing potential species assemblages based on fishery susceptibility that many east management and enforcement. Koutsidi et al. (2016) developed a unique method that combined biological traits with fishing operation data to examine how the different fishing sectors tended to catch species with similar biological traits. This study concluded that it could be advantageous to consider functional biological traits in management decisions for data-limited species that lack traditional assessments. The method that Koutsidi et al. (2016) applied required knowledge of a variety of life history, behavior, distribution, ecology and habitat attributes in addition to species-specific catch data from the fisheries, which may not be available for data-limited species.

Management of several of the Gulf of Alaska (GOA) rockfish species (Figure 1) is an example where managers have identified species complexes, but further quantitative analysis would be desirable to validate these assignments. GOA rockfish (genus Sebastes) are caught as bycatch (i.e., unintended catch that is either discarded or retained) in a variety of fisheries. Rockfish in the GOA pose a unique challenge due to their range in life history values, habitat preferences, and behavior. Optimally, the rockfish in each complex should withstand similar fishing pressures, have comparable distributions, and common productivity levels. Currently, most of the non-targeted rockfish in the GOA are assessed in two complexes: the Other Rockfish complex, which consists of species that are classified as the “slope,” “pelagic shelf,” and “demersal shelf” rockfish assemblages; and the Demersal Shelf Rockfish complex, which separates the group of seven “demersal shelf” species from the remaining rockfish species in one management area (North Pacific Fishery Management Council (NPFMC), 2019). These complex delineations often combine species with different habitat preferences, which ultimately affects their spatial distributions (i.e., based on gear selectivity and availability). Additionally, the species compositions of the GOA rockfish complexes have undergone multiple changes throughout their management history. In 2011, a PSA indicated that select GOA rockfish had high vulnerability scores due to their low productivity and medium susceptibility level in the fisheries (Ormseth and Spencer, 2011), which implies that the rockfish assemblages should be carefully monitored and managed judiciously. However, further quantitative analysis is warranted to identify whether current GOA complexes should be restructured.


[image: image]

FIGURE 1. Map of the National Marine Fisheries Service (NMFS) management subareas in the Gulf of Alaska.


In this study, the goal is to explore the consistency of various quantitative methods for identifying species complexes, while also providing an approach to aggregate data across different spatial areas and gear types. The GOA Other Rockfish and Demersal Shelf Rockfish species are used as a case study, because identifying consistent species groupings has proven difficult for these species. Most of the GOA rockfish species are generally not targeted and have high discard rates due to little economic value. A combination of life history traits, fishery dependent, and fishery independent data sources are used to assemble species complexes with hierarchical and non-hierarchical clustering methods and ordination techniques. Two modes of analyses were implemented to the catch data for the clustering methods: (1) aggregate similar species together based on catch presence and abundance; (2) group similar sampling units based on common catch composition. The species assemblages are compared across multivariate techniques and data types to explore patterns of consistency and identify species complexes for management. These results provide new insight into how the data quality and quantitative methodology utilized may influence groupings for implementing species complexes. Additionally, this is the first quantitative analysis to identify species complexes in the GOA.



MATERIALS AND METHODS


Management Units and Species

The GOA is partitioned into the National Marine Fisheries Service (NMFS) subareas: 610, 620, 630, 640 and 650 (Figure 1). These subareas are used in the analyses to examine differences in the species composition by area. The GOA Other Rockfish complex comprises 25 Sebastes species in the GOA management area. Seven of the 25 species are managed in a separate complex (Table 1), Demersal Shelf Rockfish, in subarea 650, but are included in the Other Rockfish complex in all other subareas in the GOA. The State of Alaska assesses the Demersal Shelf Rockfish in subarea 650, and manages their catch in parallel with state waters fisheries for these species. Additionally, northern rockfish (S. polyspinis) are only included in the Other Rockfish complex in subareas 640 and 650 for management, but they are assessed as part of a single species stock assessment for the entire GOA. Northern rockfish catch data from all subareas are included in our analyses for comparison, but are not a candidate for reassignment.


TABLE 1. Life history characteristics for each Gulf of Alaska Other Rockfish (GOA OR) and Demersal Shelf Rockfish (DSR) species.

[image: Table 1]Other Rockfish species vary widely in their distribution, habitat selection, and life history traits. With an exception of harlequin (S. variegatus), these rockfish in the GOA are at the northern limits of their distribution, which span the U.S. West Coast from Southern California to Alaska (Love et al., 2002). Harlequin are found primarily in northern waters from British Columbia to Alaska (Tribuzio and Echave, 2019). Species in the Other Rockfish complex occur in depths up to 800 m, but typical are found in depths ranging from 100 to 275 m (Love et al., 2002). Adult habitats include high relief rocks, reefs or crevices, low relief rocky bottoms, mudflats, vegetative areas, and mixed habitat (Johnson et al., 2003; Conrath et al., 2019). Some individuals are more solitary, whereas others tend to aggregate in mixed-species assemblages (Johnson et al., 2003). In general, rockfish species are characterized by their late maturity, longevity, and their ability to bear live young (Love et al., 2002; Beyer et al., 2015). However, there is a wide range of life history values within the Other Rockfish complex (Table 1; see section “Life History Data”).

The Other Rockfish complex consist of bycatch species captured in more lucrative rockfish and other groundfish fisheries using trawl and longline gear. More than half of the species belonging to the Other Rockfish complex are rarely caught (<1% of the total catch of the Other Rockfish complex). These rockfish have a low economic value (B. Fissel, AFSC, pers. comm.) resulting in a high discard rate estimated at 56% over the entire time series (Tribuzio and Echave, 2019). Based on biomass, most of the Other Rockfish are caught in the trawl fisheries. Within the complex, some species tend to be caught more on longline gear (e.g., yelloweye rockfish in in subarea 630), and others across gear types (e.g., redbanded rockfish), highlighting the variability within the complex. Species in the Demersal Shelf Rockfish complex managed in subarea 650 are commonly found in rocky, high relief habitats (Tribuzio and Echave, 2019), where trawling fishing gear is prohibited. Demersal Shelf Rockfish species are primarily caught by longline gear fisheries (i.e., hook-and-line and jig) targeting sablefish (Anoplopoma fimbria) and Pacific halibut (Hippoglossus stenolepis; Table 1).



Data Sources


Life History Data

The life history parameters were assembled from peer-reviewed articles, gray literature, assessment data from NMFS, and global predictions using FishLife (Thorson et al., 2017). Although species data from the GOA or northern ranges were used when available, most life history studies examining maximum age or age/length at maturity were completed in lower latitudes. When no data were available from the GOA, life history information from southern areas were utilized, despite the potential for differential growth rates by latitude (e.g., splitnose rockfish [S. diploproa]; Gertseva et al., 2010). Depending on data availability, the included life history data for the analyses were: age and length at maturity (Amat and Lmat, respectively), maximum age recorded (as a proxy for longevity, Amax), mean maximum length from the von Bertalanffy growth curve (L∞), and von Bertalanffy growth parameter (k; Table 1). Natural mortality, M, was not included in the life history analysis, because M is frequently derived from other life history traits, such as maximum age, for these species, and is thus directly correlated.



Fishery Catch Data

Fishery catch information from 2010 to 2018 was used to estimate presence/absence and catch-per-unit-effort (CPUE) for each of the species. Other Rockfish species are incidentally caught in other groundfish fisheries by five gear types including non-pelagic trawl (NPT), pelagic trawl (PTR), longline hook and line (LL), pot (POT), and jig (JIG). The majority of the rockfish bycatch species by biomass are caught in the trawling gear (NPT and PTR), which primarily targets pollock, Pacific cod, flounders, and target rockfish species, in all subarea except 650. They are also caught in fishery longline gear types (LL and JIG) in all subareas that target sablefish and Pacific halibut. Fisheries species-specific catch information is gathered from the Alaska Regional Office Catch Accounting System (CAS) using data from 2010 (when quality data were first available for these rockfish species) to 2018. The sampling unit for the catch data is determined by each unique vessel trip identifier each week for each subarea as reported by fishermen, ranging from < 10 to over 8,000 vessel trips for each gear type and subarea over the entire time period. The CPUE input data used for the analyses are defined as biomass (mt) caught per vessel trip for each species based on available fisheries data.



Survey Data

The NMFS Alaska Fisheries Science Center (AFSC) bottom trawl survey (von Szalay and Raring, 2018) and annual longline survey (Malecha et al., 2019) were used as fishery independent data sources. Other Rockfish species information has been collected on the Alaska bottom trawl survey in the GOA since 1980. The bottom trawl survey used a triennial time scale from 1984 - 1996, followed by a biannual basis (1999 - current). Years included in this dataset range from 1984 to 2017. The trawl survey covers depths up to 1000 m, sampling around 320,000 km2 from late May - early August using a stratified-random design including an average of 235 hauls that catch at least one species in the Other Rockfish complex. The sampling unit for the trawl survey is biomass (kg) per km2 calculated by the biomass caught per area swept by the trawl net. General habitat types (i.e., gully, shelf, and slope), depth and latitude and longitude are recorded.

The NMFS annual longline survey targets sablefish (Anoplopoma fimbria), but also catches Other Rockfish species. The longline survey can sample areas that are deemed untrawlable (e.g., areas with high relief and rocky habitat), providing catch information for species that might not be susceptible to the trawl gear. Data on rockfish from the longline survey used in this study range from 1995 to 2017. The sampling unit for the longline survey is number of individuals caught per set of hooks. Other factors that influence survey catch, such as depth bins, latitude and longitude, are available.



Multivariate Analyses Background

A variety of quantitative multivariate clustering and ordination methods were implemented to explore potential alternative species groupings. We considered a species complex ‘appropriate’ for management advice if there was high consistency in clustering among different multivariate methods and types of data. Two clustering methods and one ordination technique were applied to each data type as suggested by Lee and Sampson (2000) and Shertzer and Williams (2008). The two clustering methods conducted in this study are Ward’s minimum variance and k-mediods; the ordination technique that is implemented is either canonical correspondence analysis (CCA) or non-metric multidimensional scaling (NMDS). These methods are described in Manly (2005); Zuur et al. (2007) and Legendre and Legendre (2012). All analyses were conducted in the R software language (R Core Team, 2020).

Both hierarchical (Ward’s minimum variance) and non-hierarchical (k-mediods) cluster analysis are implemented to identify and compare consistency in species groupings. Ward’s minimum variance analysis is a hierarchical, agglomerative clustering technique, which uses the centroid method to iteratively group closest objects together (Ward, 1963). Ward’s analyses were conducted in R package “stats” (R Core Team, 2020), and a bootstrap resampling method was applied to determine the stability of each grouping with 1000 bootstrap samples in R package “fpc” (Hennig, 2007; Hennig, 2020). For each bootstrap sample, the new dataset was formed by drawing samples from the original dataset with replacement and applying the Ward’s clustering analysis. The Jaccard coefficient, J, was calculated to examine the similarity in the cluster membership between the original cluster with each bootstrap cluster. The mean Jaccard coefficient values, [image: image], were computed for each cluster, where a higher value indicated more stability in the cluster. A value of 0.75 or greater implies that the original cluster is stable; values ranging from 0.6 to 0.75 suggest there are patterns in the data, but uncertainty in the cluster (Hennig, 2007). Dendrograms were used to aid in the interpretation of the results. The non-hierarchical cluster method, k-mediods, is a more robust variant of the traditional k-means (Kaufman and Rousseeuw, 1990). This k-mediods method finds optimal groupings by minimizing the distance between all objects and their nearest cluster center (mediod). The k-mediods analyses were conducted using R package “stats” (R Core Team, 2020). The optimal number of desired groupings for k-mediods was determined a priori using the average silhouette width (Rousseeuw, 1987) in R package “factoextra” (Kassambara and Mundt, 2020). The silhouette width is the measure of quality of the clustering by examining the (dis)similarities of an object to the other objects within the same cluster compared to objects belonging to other clusters (Rousseeuw, 1987), where the number of k clusters selected is based on the highest average silhouette width. An average silhouette width less than 0.25 signifies that there is not enough structure in the data to support natural clusters (Kaufman and Rousseeuw, 1990).

Additionally, for either method it is possible to use either of two different clustering techniques: R-mode (comparing variables or descriptors) or Q-mode (comparing objects; see Figure 2; described in Legendre and Legendre, 2012). R-mode directly identifies relationships among species (variables) by examining species similarities based on the catch in each sampling unit, whereas Q-mode identifies clusters by grouping units based on commonality in species composition. Q-mode is particularly useful for identifying groupings of sampling units (e.g., year and gear combinations) in multispecies catch data, but requires further analysis to examine species composition groupings within sampling units (e.g., Rogers and Pikitch, 1992).


[image: image]

FIGURE 2. Design of the model analyses identifying data, clustering technique and input matrix structure for each aspect of the cluster analyses.


The ordination techniques that were utilized to identify relationships among species are CCA and NMDS. The CCA technique is commonly used to examine species relationships and environmental variables that influence community composition. This analysis uses a set of weighted linear regressions to describe the relationship among species catch and explanatory variables (e.g., gear, depth, or location). It assumes that the species data are unimodal and vary along the gradients of the explanatory variables. Here, depth or depth bins, general substrate type, gear, and NMFS subarea were included as factors in CCA when applicable. In contrast to CCA, NMDS accommodates different magnitudes in the data, because it preserves the order of the distances rather than the magnitude of the distances. The NMDS technique also does not assume an underlying response model (Legendre and Legendre, 2012). Both ordination methods were conducted using R package “vegan” (Oksanen et al., 2019) and the first two dimensions of ordination space were used for visual representation.



Application of Multivariate Analyses


Analyses of Life History Characteristics

Both Ward’s and k-mediods analyses were applied to identify species groupings based on life history characteristics using R-mode. The input life history table used in the analysis had species as the rows and life history characteristics as the columns with entries being the associated life history values. Three versions of the life history table were used for the analyses: species-specific values for each characteristic when data were available (species with no information were removed from this table, n = 21), species-specific values with missing values estimated from FishLife (Thorson et al., 2017, Table 1), and binned data based on four percentile bins (0–25, 26–50, 51–75, and 75–100%). Binned data allowed for data gaps and data uncertainty. The data in the species-specific life history tables were standardized by dividing each characteristic value by the mean for each life history characteristic. The standardization process ensures the magnitude of the data are similar so that the life history values are weighted the same in the analyses. The Euclidean distances were then calculated to develop the final dissimilarity matrix before Ward’s and k-mediods analyses were implemented. Lastly, NMDS was applied to the dissimilarity matrix to assist in visualizing the species groupings and show any relationships among species and life history characteristics.



Sub-Unit Matrices of Catch and Survey Data

There are two scales of aggregation of the data, sub-unit and a more aggregated ‘unit’ scale (Figure 2). At the ‘sub-unit’ scale, input data matrices had entries of presence/absence or CPUE of a species (represented in the rows) for a given sampling unit (i.e., the smallest sampling unit of either haul, tow, or set in the columns). A matrix was created for every area and gear combination for all years combined. The application of the multivariate methods for each individual data sub-unit matrix ensured that each gear in the fisheries and surveys and each area are treated independently.

Ward’s analysis, k-mediods and CCA were applied to the commercial catch and survey matrices. The R-mode for the cluster analyses was implemented for the sub-unit data matrices. The multivariate analyses using R-mode allowed direct identification of species groupings for each gear type and NMFS subarea in the GOA when using the sub-unit matrix. Once the data matrices were created, the CPUE sub-unit matrices were standardized using a root-root transformation to down-weight highly abundant and prevalent species. Subsequently, the dissimilarity matrices were computed using Sorensen distance for presence/absence data matrix and chi-square measure of distance for the standardized CPUE sub-unit matrix prior to the application of cluster analyses. Other data standardizations and distance measures were implemented, but did not change the results. The sub-unit CPUE input data matrices were assembled with the sub-units as rows and species as columns for the CCA. A chi-square transformation was applied on the data matrices before implementing a CCA. External factors, such as depth, latitude, longitude and substrate type, were included in the survey catch analyses for each sub-unit.



Proportion Matrix of Catch and Survey Data

The second scale of aggregation was the aggregated ‘unit’ scale, which developed an input ‘proportions’ matrix. This proportions matrix consolidated the individual sub-unit matrices into a combined matrix. While in the ‘sub-unit’ matrices the columns represented the smallest sampling unit (i.e., haul, tow, or set), the columns of the proportions matrix were defined as a ‘unit’, which encompassed a temporal, spatial, and gear component. Here, each column was a unique combination of year, month, subarea, and gear while rows were species. The gear indicates the gear types used in the commercial catch and fishery-independent surveys, such that the gear categories are: NPT, PTR, LL, POT, and JIG for the fisheries gear and “trawl survey” and “longline survey” for the NMFS surveys. The entries were the proportion of tows that a species was present within that unit (i.e., the sum of tows with a species present divided by the total number of tows within the unit). The proportions matrix combined data for all gear categories (i.e., commercial and survey gears) into a single matrix, which allowed the exploration of similarity in the species catch composition among different gears and areas. The proportions matrix can also be useful to limit the impact of abundant and frequently caught species by reducing the difference between the number of null or zero catches for less common species and high valued positive catches for prevalent species.

Ward’s analysis and k-mediods were applied to the proportions matrix using both R-mode and Q-mode. Similar to the R-mode application of the cluster analyses on the sub-unit matrices, the R-mode allows direct comparison of species relationships. The Q-mode, which used the transpose of the proportions matrix as the input data, required more detailed investigation to identify species groupings because clustering was by unit, not species. The species groupings that comprised each cluster were visually examined to determine which characteristics (i.e., gear, subarea, month, season, and year) influenced the clustering. The proportions matrix (or transpose thereof) already reduced the catch of species to comparable scales, thus, no standardization was necessary. Chord distances were calculated to obtain the dissimilarity matrices for the proportions matrix prior to applying the cluster analyses. The Chord distance is a type of Euclidean distance measure that can accommodate non-normalized data and is not sensitive to outliers (Shirkhorshidi et al., 2015). For the CCA, the proportions input matrix was assembled with the units as rows and species in the columns. A chi-square transformation was applied before implementing a CCA. Gear and subarea for each unit in the proportions matrix was included as external factors.



RESULTS


Analyses of Life History Characteristics

The rockfish in the GOA have a wide range of life history values (Table 1). Results for Ward’s analysis and k-mediods on the life history tables differed slightly, but provided the same general conclusion. The multivariate analyses on the life history table supplemented with FishLife values are reported here; results based on the life history table with missing values and binned data are similar and reported in the Supplementary Material (Supplementary Figures 1, 2).

Results from Ward’s analysis had weakly supported groupings based on the bootstrap resampling for species with mid to lower values of length and ages associated with maturity, growth, and longevity ([image: image]values ranging from 0.63 to 0.69). The bootstrap resampling suggested patterns in the data for the grouping of three or four clusters with similar [image: image]-values ranging from 0.63 to 0.83, but the clusters lack stability. Only the low productive species (i.e., tiger, blackgill, and yelloweye) remained in their own grouping in both k = 3 or 4 clusters in Ward’s analysis with [image: image] values of 0.73 and 0.83, respectively. The NMDS plot with results from Ward’s analysis represents three clusters, one with the low productivity group (i.e., high length and age values), one with relatively higher productivity (i.e., lower length and age values), and the third group with varying levels of productivity (Figure 3A). When k = 4 clusters, two species, redbanded and bocaccio, separate into their own group; these two species have low Amax and high Lmat and L∞ compared to the other species in their cluster when k = 3.
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FIGURE 3. NMDS plot of species’ clusters identified from life history values estimated from FishLife for missing values from (A) Ward’s hierarchical cluster analysis and (B) k-mediods. In Ward’s analysis three or four clusters were supported by the bootstrapping resampling method; results with four clusters separated redbanded and bocaccio into their own cluster.


Results from k-mediods split the rockfish into two clusters based on the highest silhouette width of 0.30. The first cluster contained rockfish with life history values with high length and age values (i.e., low productivity). The second cluster consisted of rockfish with medium to high productivity (Figure 3B).

Comparing the results from the different clustering methods, the methods tended to group species by large or small lengths (L∞ and Lmat) and younger or older maximum age (Amax) and age at maturity (Amat), but most clusters were weakly supported. There were a few species that were placed in the same group regularly. These species tend to fall on the ends of the rockfish productivity spectrum (i.e., all high or low values for age and length associated with maturity, growth, and longevity). For example, tiger, blackgill, and yelloweye rockfishes all have high Lmat, Amat, L∞, and Amax values (i.e., low productivity) and were consistently clustered together for k-mediods and Ward’s analysis. There are other rockfish species that have opposing life history characteristics. For example, splitnose has a high Amax, but low L∞, while bocaccio has low Amax and Amat and high L∞ and Lmat. These species tended to waver between clusters depending on the method and suggested number of clusters. Overall, larger, older rockfish tended to cluster together, but there is a wide variation and spread of life history values among and within the clusters resulting in no distinct support for clusters.



Sub-Unit Matrices of Catch and Survey Data

Exploratory runs were performed with all methods applied to the catch and survey data to determine whether results were robust to the inclusion of rare species (i.e., species comprising less than 1% of total catch). Due to poor performance (i.e., lack of clustering and chaining in Ward’s analyses) in exploratory runs when rare species were included, it was determined that these species should be removed from further analyses of the catch and survey data. Species removal varied considerably for sub-unit analyses (see Supplementary Material 1 and Supplementary Figure 3 for species composition and sparseness across gears and subareas).

When each gear and area were analyzed separately using the sub-unit matrix, some analyses demonstrated poor performance (e.g., high prevalence of chaining or lack of clustering). Generally, results demonstrated that the more abundant and more frequently caught species tended to group together, while the less abundant species also commonly clustered together (Supplementary Figure 4). This pattern is demonstrated in both types of cluster analyses for all subareas of the GOA and all gear types for both presence/absence and CPUE data matrices. However, these results should be interpreted with care, given the performance issues encountered. The ordination analyses (CCA) did not yield discernable groupings nor strong associations with the additional explanatory information (e.g., depth, longitude, latitude, and substrate type; Supplementary Figure 5). Thus, the analyses using the sub-unit matrix were of limited insight for grouping of species complexes.



Proportions Matrix of Catch and Survey Data

The exploratory runs with the proportions matrix indicated that rare species should be excluded to provide better clustering performance. A total of 14 species remained in the unit proportions matrix after rare species were excluded. The total number of species remained the same across analyses and modes.

Aggregating the data into units (i.e., by year, month, subarea, and gear) in the proportions matrix enabled the cluster analyses to find stronger relationships among the species using R-mode. Although the groupings from the k-mediods analysis using the unit aggregation led to similar results as using the sub-unit matrix, Ward’s analyses tended to aggregate species by co-occurrence. The bootstrap resampling method indicated that k = 2 or 3 clusters were supported with [image: image] values ranging from 0.69 to 0.84. For the two-cluster output, one stable cluster ([image: image] = 0.84) contained species that are only within the Other Rockfish complex with the exception of rosethorn (Figure 4). The other cluster aggregated species predominately found in the Demersal Shelf Rockfish group ([image: image] = 0.82). For the three-cluster output, the clustering data suggested that two species (i.e., canary and yellowtail could be weakly separated into their own group ([image: image] = 0.69), whereas these species are aggregated with the Demersal Shelf Rockfish cluster when k = 2 (Figure 4).
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FIGURE 4. Results from Ward’s hierarchical cluster analysis using the proportions matrix with “units” (year-month-subarea-gear) in R-mode where 2 (black lines) or 3 (gray lines) clusters are supported by the bootstrap resampling method. The “*” indicates species that currently belong to the Demersal Shelf Rockfish complex.


The clustering and ordination analyses indicated that gear and occasionally subarea influenced the groupings using Q-mode. There did not appear to be any seasonal or temporal trends. Ward’s analysis performed poorly due to the common chaining issue and there was no appropriate number of groupings found based on the bootstrapping. Conversely, the k-mediods method provided discernable groupings. The optimal number of clusters (k) for k-mediods was 5 based on the average silhouette width of 0.32. However, the optimal number of clusters based on where the average silhouette width first reaches its asymptote was k = 2 at a silhouette width value of 0.29 (Figure 5). Thus, results from the k = 2 and k = 5 clusters are presented.
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FIGURE 5. Average silhouette width from Q-mode k-mediods cluster analysis using the proportions matrix with “units” (year-month-subarea-gear). The suggested optimal number of clusters is k = 5 (black dashed line), but the average silhouette width plateaus at k = 2 (gray dashed line).


Results from k-mediods with k = 2 clusters yielded clearly defined groups differentiated primarily by gear type (Figure 6A). The first cluster contained trawling gears (i.e., NPT, PTR, and the trawl survey), as well as the pot gear (POT). The second cluster consisted of longline gear types (i.e., LL, JIG, and the longline survey). Differences in subareas could also be discerned (Figure 6B); the first cluster mostly contained subareas 610, 620, and 630, whereas cluster 2 comprised all subareas. The division of subareas can be attributed to specific fishing gear in certain subareas (Supplementary Figure 3). For example, NPT and PTR gear types do not fish in subarea 650, whereas JIG gear is primarily used in subareas 630 and 650.
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FIGURE 6. Results from Q-mode k-mediods using the proportions matrix with “units” (year-month-subarea-gear) to synthesize all gear types (fishing gear: jig [JIG], longline hook and line [LL], non-pelagic trawl [NPT], pot [POT], and pelagic trawl [PTR]; and surveys: longline and trawl) and subareas into one dataset when k = 2 clusters. In (A) the number of units where each gear type was present in each cluster is shown. In (B) the number of units where each subarea were present in each cluster is illustrated. In (C) the proportion of units (year-month-subarea-gear) that a species is present out of the total number of units assigned to each cluster is provided to represent the species composition in each suggested cluster when k = 2. Species that currently belong to the Demersal Shelf Rockfish complex are indicated by “*”.


The majority of the species belonging to the Demersal Shelf Rockfish complex (i.e., China, yelloweye, tiger, rosethorn, quillback and canary) had a higher proportion of presence in the cluster associated with the longline gear (cluster 2; Figure 6C). In comparison, most of the species that only belong to the Other Rockfish complex (i.e., widow, sharpchin, redstripe and harlequin) were present in higher proportion in the cluster that contained mostly all trawl gear and subareas 610, 620 and 630 (cluster 1; Figure 6C). For comparison, northern rockfish are caught in almost 100% of the units in cluster 1 (Figure 6C), which is as expected because the northern rockfish is a target species, assessed separately, and caught solely by trawl gears in subareas 610, 620, and 630. The northern rockfish results suggest that the clustering is accurately reflecting the data. There were some species that did not follow this pattern. Two species (i.e., silvergray and redbanded) that were commonly found in all gear types (Supplementary Figure 3), but belong only to the Other Rockfish complex, were found in 41% and 46%, respectively, of the total units in cluster 1 (affiliated with trawl gear; Figure 6C), whereas these two species were in 56% and 68% of the units in cluster 2 (affiliated with longline gear; Figure 6C). Additionally, yellowtail was present more frequently in the units in the cluster associated with longline gear (cluster 2; Figure 6C) than the cluster associated with trawl gear (cluster 1; Figure 6C), despite the species only being assigned to the Other Rockfish complex.

Although the results when k = 5 clusters generated more mixed groupings compared to k = 2, there was some separation among gear types (Figure 7A). The major fishery gears (i.e., NPT, JIG, and LL) each separated into their own clusters with some overlap between LL and JIG gear (i.e., clusters 3, 4, and 5, respectively, in Figure 7A). Cluster 1 consisted of a mix of all trawl gear (fishery and survey), while cluster 2 included mostly all longline survey and LL units (Figure 7A). The separation of subareas in the clusters followed a similar pattern to the k = 2 cluster results. Most clusters contained a mix of subareas (Figure 7B); however, some gear types do not fish in specific subareas.
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FIGURE 7. Results from Q-mode k-mediods using the proportions matrix with “units” (year-month-subarea-gear) to synthesize all gear types (fishing gear: jig [JIG], longline hook and line [LL], non-pelagic trawl [NPT], pot [POT], and pelagic trawl [PTR]; and surveys: longline and trawl) and subareas into one dataset when k = 5 clusters. In (A) the number of units where each gear type was present in each cluster is shown. In (B) the number of units where each subarea were present in each cluster is illustrated. In (C) the proportion of units (year-month-subarea-gear) that a species is present out of the total number of units assigned to each cluster is provided to represent the species composition in each suggested cluster when k = 5. Species that currently belong to the Demersal Shelf Rockfish complex are indicated by “*”.


There were several species that were abundant in most clusters and some species that were specific to a few clusters when k = 5 (Figure 7C). For example, yelloweye was present in 75% or more of the units in all but cluster 1 (Figure 7C). In contrast, harlequin was generally associated only with trawling gear types and subareas 610, 620 and 630 (i.e., clusters 1 and 3; Figure 7C). Similar to the species composition when k = 2 clusters, many of the Demersal Shelf Rockfish species were found in higher proportion in clusters associated with longline gear (LL, JIG, and longline survey in clusters 2, 4, and 5 covering all subareas; e.g., quillback). Yellowtail was found in higher proportion in clusters with JIG and LL (i.e., clusters 4; Figure 7C) and in low presence (i.e., < 10%) in clusters linked with longline survey and all trawl gear (Figure 7C).

Although CCA results from the proportions matrix did not reveal any species aggregations in ordination space, the results did reveal general groupings primarily by gear (Figure 8) and secondarily by subarea (Supplementary Figure 6). The groupings indicated that there were underlying differences in the species composition by gear and subarea. The other variables (i.e., year, month, and temporal factors) did not influence the groupings and were excluded from further CCA analyses. About a third (36%) of the variation could be explained by the gear and subarea variables, which suggested that these variables were correlated with the species composition. The first axis, CCA1, represented a strong gradient and explained ∼40% of the CCA variation. The second axis, CCA2, explained ∼25% of the CCA variation (Supplementary Table 1). Based on CCA1 and CCA2, the longline survey, LL and JIG all separated (Figure 8). The various trawl gear units (NPT, PTR and trawl survey) appeared to be mixed in ordination space along the CCA axes. The POT fisheries gear overlapped with both the trawl gears and LL (Figure 8). A few species are moderately associated to specific gears according to the CCA results, such as yellowtail, canary and China rockfish to JIG, longline survey, and LL. Axis CCA1 separated subarea 650 from the other subareas (Figure 8). However, all the other subareas were not affiliated with the CCA axes, indicating that gear types contributed to most of the variation.
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FIGURE 8. CCA results using the proportions matrix with units (year-month-subarea-gear) plotted on the first two CCA axes. Gear type is color coded, species are marked in blue text (with species currently assigned to the Demersal Shelf Rockfish marked with “*”) and factors (i.e., gear and subarea) provided in black bold text. Gear types include fishing gear (jig [JIG], longline hook and line [LL], non-pelagic trawl [NPT], pot [POT], and pelagic trawl [PTR]) and surveys (longline and trawl surveys).




DISCUSSION

Our analyses demonstrate the importance of exploring a variety of quantitative methods for determining species complexes based on both life history and catch or survey data. Although each multivariate approach has associated pros and cons, utilizing multiple methods can help identify consistent trends across data and statistical approaches. The use of multiple data types and methods for identifying species complexes should be considered best practice for the management of data-limited fisheries. Our results demonstrate that reliance on single methods or a single type of data may provide limited interpretations that may lead to suboptimal species groupings and, ultimately, poor management performance.

Specific to our case study, our analyses indicate that an alteration in the complexes for management of these species may be warranted. We suggest that the Demersal Shelf Rockfish species should be separated from the remainder of the Other Rockfish complex in all subareas in the GOA for assessment purposes. The remaining bycatch rockfish from this study can be grouped together as one complex. There were no clear divisions of species based on the life history characteristics due to the uncertainty and diversity in values, and unstable clustering among methods. The application of multiple methods (clustering and ordination techniques, R- and Q-mode, and data structure) and examination of the catch and survey data provided a basis to develop possible complexes. Some methods were unsuccessful (e.g., sub-unit analyses), while others delivered sensible groupings (k-mediods in Q-mode for proportions matrix). The rockfish groupings separated mainly by gear in our analyses, which suggested that the assessment models providing management advice for these complexes should incorporate the associated survey gear.


GOA Bycatch Rockfish Results and Study Limitations

Wide ranges in productivity and resilience of species’ populations are not uncommon when applying methods to identify species complexes (DeMartini, 2019). The life history cluster analysis results indicated that rockfish in the GOA tended to group by higher (i.e., earlier age and smaller size at maturation) and lower (i.e., older age and larger size at maturation) productivity levels, but generally demonstrated a wide range in life history values. A few rockfish species had conflicting levels of productivity with different life history characteristics (e.g., long-lived with early age-at-maturity), which made it challenging to define a species with high or low productivity compared to other rockfish. The uncertainty in the life history values limits interpretation of the results. One source of uncertainty is that life history values were borrowed from outside of the GOA when data were not available and research suggests that there can be regional differences in values (Boehlert and Kappenman, 1980; Gertseva et al., 2010; Keller et al., 2012). Additionally, studies for a given species often showed variability, making it difficult to place a species into high or low productivity groupings. Given the uncertainties in the data, the results did not yield definitive groups and were deemed less reliable than the outputs of the cluster analysis using catch and survey data. Yet, based on PSA results, GOA rockfish, as a genus, fall in the lower productivity spectrum (Ormseth and Spencer, 2011). Rockfish results from Ormseth and Spencer (2011) concur with the United States West Coast groundfish PSA results (Cope et al., 2011) that included more rockfish species. Given that rockfish are generally less productive compared to the other species in the GOA, they tend to be more vulnerable to fishing pressure.

Each rockfish species faces different susceptibility to the widely varying fisheries that operate in the GOA, but one particular challenge is the placement of rare or ubiquitous species into a species group using cluster analyses. We had a range of 3 to 13 species included in the sub-unit cluster analyses depending on the gear type and subarea due to the exclusion of rare species (species with < 1% of total catch). There were 11 of the 25 species that made up < 1% of the units (year-month-subarea-gear) with positive catch for the proportions matrix. The multivariate methods in this study were unable to provide species association or coexistence relationships for these rare species. Likewise, species that are captured across many gear types and areas are difficult to assign to groups. The clustering results did not indicate specific species associations for these abundant rockfish.

Most of the clustering analyses also failed to provide consistent or reliable results when applied to each gear and subarea dataset separately through application to the sub-unit matrix. When the various methods were applied to the sub-unit matrices there were no clearly delineated relationships of commonly caught species or rarer species. We had anticipated that the finer-scale approach might provide insight into the co-occurrence among species. However, the lack of identified co-occurrence relationships (i.e., similarities among species) with the sub-unit matrices was likely because the R-mode groups by similar catch in each unit or sub-unit. As a result, the more abundant and more frequently caught species are commonly grouped. Thus, the differences in magnitude and frequency of the catch mask the less obvious relationships among species.

Aggregating all the datasets into a single data matrix enabled gears, subareas, and temporal components to be compared, while major categories that influenced the groupings could be identified. The challenge is determining logical and biologically informed clusters (e.g., balancing too few or too many clusters that may result in a narrow or wide range of species productivity), while balancing the practical management of species that are exploited across varying gear types and subarea. Using the k-mediods analysis, either two or five clusters were recommended. The suggested k = 5 clusters identified specific relationships among different gear types and occasionally subareas. Some species appeared to be associated with only a specific cluster (or clusters), whereas other species were commonly found in all clusters. The rockfish that occur in medium to high frequency in all or most of the clusters are species that are found ubiquitously in the GOA and are caught by most gear types. The results with k = 2 clusters indicated that the species composition caught by longline gear types clearly separated from trawling gear types. Overall, the analysis of the catch and survey data indicated that gear was the biggest contributing factor in grouping similar units of rockfish species composition. NMFS management subarea could have influenced the cluster results, as there was a strong interaction between fishery gear and subarea (i.e., certain gears only operate in specific subarea). These analyses suggest that rockfish species that are only predominately caught by a specific gear could be assigned to a rockfish complex that commonly associates with that gear for assessment and management purposes.

These analyses, particularly the proportions matrix analyses, provided a way to examine the species composition from the fishery catch with the survey data. Our results indicated that the trawl survey and trawl fisheries gear tended to be grouped together more frequently than the longline gear types (i.e., the longline survey, LL, and JIG). Williams and Ralston. (2002) found that the bottom trawl survey reflects the trawl fishery sector well off the coast of California and Oregon, United States, which includes non-pelagic and pelagic trawl, because it catches species that are typically found at the bottom (e.g., Keller, 2008) or distributed in the water column (e.g., widow rockfish, Wilkins, 1986). In contrast, the longline survey is a fixed station survey that targets primarily commercially important sablefish (Malecha et al., 2019). The longline survey did not always catch species typically caught in the longline fishery gear types (Supplementary Figure 3). Of the top five Other Rockfish species caught in the longline survey by numbers, only three are designated in the Demersal Shelf Rockfish complex. This result suggests that the longline survey alone is not representative of the populations within the complex or caught by the longline gear fisheries. If the Demersal Shelf Rockfish complex is extended to all subareas of the GOA, other data resources will be needed to assess this assemblage. For example, the Demersal Shelf Rockfish assessment utilizes submersibles to estimate abundance trends to set quotas in NMFS subarea 650 (Olson et al., 2018). Studies have identified that commercial catch data do not necessarily reflect the species composition in the survey data (i.e., species composition in the ecosystem; Lee and Sampson, 2000; Pennino et al., 2016), but surveys should include a broader diversity of species than that found in the commercial catch. Given the diversity of gear types utilized in the GOA, as well as specific gears fishing in habitat-specific areas (e.g., Rooper and Martin, 2012) and habitat-specific preferences of some rockfish (Laidig et al., 2009; Conrath et al., 2019), it is not surprising that the longline survey does not perfectly reflect the species composition of the various longline gear fisheries. Yet, the paucity of data available for the bycatch rockfish species in the GOA requires that any data on catch rates and composition should be utilized. We suggest the incorporation of the longline survey data in the analysis of species complexes in the GOA, despite some limitations in the overlap of the survey catch composition compared to the longline gear species composition. In the future, other survey types, such as submersibles, which are used in the current Demersal Shelf Rockfish assessment (Olson et al., 2018), should be investigated when survey data underrepresent the species composition of the fishery.



GOA Bycatch Rockfish Management Recommendations

The management of the bycatch of GOA rockfish poses a challenge because these species have a diverse range in life history values, habitat preferences, spatial distribution, and fishing vulnerability. Based on the summary of our analyses, as well as consideration of previous work with GOA rockfish complexes (e.g., the PSA of Ormseth and Spencer, 2011), we propose an alteration for management of the rockfish complexes in the GOA (Table 2). The current GOA Other Rockfish complex consists of species that are classified as the “slope,” “pelagic shelf,” and “demersal shelf” rockfish assemblages and the group of seven “demersal shelf” species are separated into the Demersal Shelf Rockfish complex in subarea 650. Our results indicated that the current delineation that split the GOA Other Rockfish and Demersal Shelf Rockfish complexes is appropriate. The analysis of catch and survey data indicated that these two complexes tended to separate by the main fishing gear types, trawl and longline, gulf-wide with the Demersal Shelf Rockfish more closely associated with the latter gear. We suggest that the Demersal Shelf Rockfish species be placed into their own complex for all subareas in the GOA.


TABLE 2. Suggested assemblages for species complexes based on the analysis of all available data and clustering techniques.

[image: Table 2]Some alterations and considerations may be warranted, particularly for highly prevalent or rare species. For instance, silvergray and redbanded rockfish were commonly found in all gear types and were equally common in both the longline and trawl groupings. We suggest that the few species that are caught in high prevalence by all gear types should be placed in the group of species that associates with the gear that catches the species in the highest abundance (see Table 2 for these assignments). Although these bycatch rockfish are frequently caught, they do not have enough data to warrant a single-species assessment. Similar approaches will likely be appropriate for rare species, which were excluded from this analysis (but included in Table 2 based on gear association). We suggest placing rare species in the species group associated with the gear in which they are most commonly caught. By doing so will help ensure that the rare species are managed consistent with the fishing pressure that they encounter. However, rare species may be more prone to localized depletion or other conservation concerns and should be carefully monitored.

Further specific alterations to the current complexes also should be investigated. One species, yellowtail rockfish, which is assigned to the “pelagic shelf” assemblage by the North Pacific Fishery Management Council (North Pacific Fishery Management Council (NPFMC), 2019) and assessed in the Other Rockfish complex, was associated more closely with the longline gear grouping. However, this species was caught in both main fishery gear types, trawl and longline, but only caught in the trawl survey. We suggest that yellowtail rockfish remain in the Other Rockfish complex, but should be monitored due to its association with species from the Demersal Shelf rockfish complex (Table 2). Careful consideration should be applied to all species belonging to the “pelagic shelf” assemblage classified by the North Pacific Fishery Management Council (North Pacific Fishery Management Council (NPFMC), 2019), because results from this analysis split the “pelagic shelf” rockfish into opposing groups based on species association, but have different gear associations.

One method to help provide guidance for the management and sustainability of species in complexes is to identify indicator species. An indicator species should be commonly observed in the gear types associated with the clusters, demonstrate similar population trends, and share similar life history traits (e.g., reproductive success) as other species, and not have a noticeable competitive relationship with the rest of the species in the group (Landres et al., 1988; Simberloff, 1998; Zacharias and Roff, 2001). Additionally, they should exhibit the highest vulnerability or be near the lower end of the productivity spectrum for the complex (i.e., be a “weakest link” species; Shertzer and Williams, 2008). The community structure must also be relatively stable to manage a complex based on an indicator species; yet, studies often show large marine ecosystem shifts (Shertzer et al., 2009). Thus, these assumptions are often violated or no species is able to fulfill all the requirements for an appropriate indicator species (Niemi et al., 1997). However, an indicator species can still be useful by providing supplementary precautions and buffers for the complex by demonstrating potential instability within the group if the variation in the population of the indicator species increases or there are drastic changes to the population.

To help ensure sustainability for all rockfish in the complexes, it may be useful to select one or two precautionary indicator species that are on the lower end of the productivity spectrum for the complex, but are commonly observed by the predominant gear type (i.e., they are not rare species). Based on the PSA results from Ormseth and Spencer (2011); Cope et al. (2011), and our analyses on the life history characteristics, we suggest that redbanded and silvergray in the Other Rockfish complex and yelloweye in the Demersal Shelf rockfish complex may be appropriate indicator species given their low productivity and relatively high frequency of observation (Table 2). We believe that these general groupings are both practical for management advice (i.e., bycatch quotas can be enforced because groupings align by common gear types) and biologically relevant (i.e., all rockfish genus fall on the lower end of the productivity spectrum). We suggest that future research explore the possibility of identifying indicator species for the GOA Other Rockfish complex and whether redbanded and silvergray might be appropriate representatives.

Given the data limitations for the GOA Other Rockfish species (e.g., lack of consistent life history data, a number of diverse gear types, and the high occurrence of rare species that are seldom observed), the groupings for the complexes should be re-evaluated when new or updated data are available. In particular, the uncertainty in life history values used in these analyses hindered the ability to develop clusters based on productivity. For example, length data are not collected for many species in this study, but length data collection could inform key life history values. To be able to adequately represent these data-limited species, particularly rare species, improved data collection will be the only reliable solution to implement the type of species clustering approaches used in this study. Future focus on the collection of biological data from discards of rare species would be a helpful for better managing bycatch rockfish species.

In the current study, we were unable to include environmental or habitat features to the proportions matrix analyses due to the lack of data from the various fishery sectors, as well as, the problematic issue of identifying broad-scale features for entire management subareas. However, many studies examining species association or identifying species complexes have determined depth (Rogers and Pikitch, 1992; Lee and Sampson, 2000; Gomes et al., 2001; Williams and Ralston., 2002; Rooper, 2008), broad substrate or habitat structure (Anderson et al., 2009) or a combination of factors (Tolimieri and Levin, 2006) affect the species composition. Additionally, when multiple fishing gears are included in analyses to examine species composition in a given area, it is often found that different combinations of gear type, environmental, and spatial features influence the species catch (e.g., Vinther et al., 2004; Pennino et al., 2016; Tuda et al., 2016). Nonetheless, most of these studies focus on only one gear type or utilize survey data collected by submersibles, which enables researchers to determine main environmental or habitat features influencing the grouping. Further work is warranted to collect data and determine if habitat or environmental variables might help to better identify rockfish species complexes.



General Species Complex Recommendations

Appropriate methods for identifying species complexes are likely to vary on a case-by-case basis because each region and fishery has different attributes that need to be evaluated. Oftentimes, life history characteristics are unknown or complexes formed based on productivity do not necessarily align with vulnerability to the fishery or spatial distribution of the species. When there are conflicting results on groupings, managers must consider alternative options. A PSA or other risk assessment methods (e.g., Sustainability Assessment for Fishing Effects, Zhou et al., 2016) can help guide groupings for management as a preliminary tool (Cope et al., 2011), but this method may not accurately depict fishing dynamics in the susceptibility scores for all species (Hordyk and Carruthers, 2018). As previously discussed, Cope et al. (2011) recommend a step-wise method for assigning species to complexes using commonalities among species in depth preferences, spatial distribution, and vulnerability scores (i.e., based on levels of productivity and susceptibility to exploitation). Based on our analyses, we recommend that gear type needs to be considered in this step-wise grouping method, because certain species are more susceptible to specific gears than others. Incorporating gear types enables the comparison of species’ vulnerability to different fishing pressures due to differences in spatial distribution (McCully Phillips et al., 2015), patchy distributions (Silva et al., 2012), and habitat preferences (e.g., Jagielo et al., 2003; Conrath et al., 2019).

The use of a variety of multivariate methods helps validate the appropriateness of the suggested groupings. We recommend using a combination of multiple data types, data aggregation scales, and the application of several multivariate analyses to develop species complexes. Each data-limited situation requires context-specific methods tailored to intricacies of the species and fishery being managed. For example, the inadequacies of our analyses using the sub-unit matrices to identify species co-occurrence demonstrates the importance of applying multiple analyses at multiple data aggregation scales to develop robust groupings. Likewise, we suggest that exploring both R-mode and Q-mode multivariate methods is warranted, especially when fishery and survey catch are the primary sources of data. Although not as widely used for analysis of species complexes, Q-mode can be valuable to identify commonalities in species groupings across gear types and management subareas. R-mode analysis provides a more direct clustering approach by species, which is useful when reliable life history data are available or a limited number of gear types (or a single multispecies fleet) harvest the primary species of concern (e.g., reef fishes that are fished using longline gear types along the southeastern coast of the U.S. [Shertzer and Williams, 2008] and Gulf of Mexico [Farmer et al., 2016]). However, it can be difficult to get reliable outputs from R-mode when a variety of gears differentially exploit the diversity of species under consideration across a broad spatial range (i.e., management subareas). In our study, Q-mode analysis proved to be useful when determining manageable species complexes. Ultimately, there is not a single universal approach to determining species complexes that is robust to all species traits and data availability situations. Our study demonstrates that a diversity of quantitative multivariate approaches is warranted when exploring potential species complexes, while Q-mode analysis should be more widely explored, especially for situations where there are multiple gear types. Thus, the optimal groupings should be determined by commonality and consistency among a variety of different multivariate methods and datasets.



Conclusion

Managing data-limited species as a complex can be a practical approach for reducing the number of required stock assessments when insufficient data and ecological knowledge exists to perform individual stock assessments (Koutsidi et al., 2016), but the management of the complex is only as good as the information used to define the groupings (Fujita et al., 1998). We provide one of the first explorations of species complex groupings based on the combination of clustering from multiple data types (e.g., life history, catch, and survey data), multiple data aggregation scales (e.g., by sub-unit and at an aggregated “unit” scale), and a wide variety of multivariate methods (e.g., Ward’s analysis, k-mediods, CCA, and NMDS), as well as, different modes (e.g., R-mode and Q-mode). Exploration of each of these approaches was important for making management recommendations for the GOA Other Rockfish complex, because certain approaches (i.e., analyzing sub-unit matrices for the catch and survey data) failed their diagnostics of model adequacy, and data (i.e., life history characteristics) had varying levels of quality. By analyzing all of these approaches, we were able to address consistency and reliability across methods, thereby developing species complex advice that is likely more robust compared to using any single approach.

We found that the species designations for the Other Rockfish and Demersal Shelf Rockfish complexes appear to be appropriate, but these complexes should be extended across all management subareas in the GOA (i.e., the Demersal Shelf Rockfish complex is currently only delineated in subarea 650). Despite our methodology being more resource intensive and providing the same complex assignment as existing, less analytically thorough, approaches, these results are likely specific to this case study. We would expect that in other situations, using our suite of quantitative methods would result in different species assignment compared to more commonly used qualitative approaches. However, our approach does require increased resources, including both funding and personnel, which needs to be weighed against the desire to improve species assignment, assessment, and management of species complexes.

Although these results are based on the best data currently available, there is a clear need for improved data collection on bycatch species in the GOA. Collection and incorporation of other data could improve clustering analysis in the future by providing improved data on species distributions, habitat associations, and co-occurrence. As fish move poleward and into deeper depth subareas due to changing climactic conditions (e.g., Perry et al., 2005; Pinsky et al., 2013; Kleisner et al., 2017), there is likely to be a northward shift in the center of gravity for many of the GOA rockfish species examined here, which are at the northern extent of their range in the GOA. Improved data collection will be paramount for identifying changing distributions, which are likely to alter the frequency and abundance of rockfish catch by fisheries and surveys. Thus, the combination of new data collection approaches and further refinement of methods for identifying species complex groupings will be crucial to detect changes in species composition and abundance and implementing sustainable fisheries management.
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APPENDIX


Life History Parameter Value Sources


TABLE A1. Reference number with associated source from the life history parameters of rockfish from Table 1.
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Many fisheries in the world are data-moderate, with data types (e.g., total removals, abundance indices, and biological composition data) of varied quality (e.g., limited time series or representative samples) or available data. Integrated stock assessments are useful tools for data-moderate fisheries as they can include all available information, can be updated due to the availability of more information over time, and can directly test the inclusion and exclusion of specific data types. This study uses the simulation testing and systematic data reduction from the US West Coast benchmark assessments to examine the performance of Stock Synthesis with catch and length (SS-CL) compositions only. The simulation testing of various life histories, recruitment variabilities, and data availability scenarios found that the correctly specified SS-CL can estimate unbiased key population quantities such as stock status with as little as 1 year of length data although 5 years or more may be more reliable. The error in key population quantities is decreased with an increase in years and the sample size of length data. The removal of the length compositions from benchmark assessments often caused large model deviations in the outputs compared to the removal of other data sources, indicating the importance of length data in integrated models. Models with catch and length data, excluding abundance indices and age composition, generally provided informative estimates of the stock status relative to the reference model, with most data scenarios falling within the CIs of the reference model. The results of simulation analysis and systematic data reduction indicated that SS-CL is potentially viable for data-moderate assessments in the USA, thus reducing precautionary buffers on catch limits for many stocks previously assessed in a lower tier using catch-only models. SS-CL could also be applied to many stocks around the world, maximizing the use of data available via the well tested, multifeature benefits of SS.
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INTRODUCTION

Fisheries vary in data quantity and quality, which affect the amount of information used for stock status information. An integrated stock assessment framework can include all the available information and can be updated due to the availability of more information available over time. Stock Synthesis (SS; Methot and Wetzel, 2013) is an example of an integrated stock assessment framework that allows for flexible approaches to data treatment. This ranges from “data-rich” applications, with a full complement of catch, abundance index, and biological data (mainly length and/or age compositions), to “data-limited” applications, which typically include only one of the abovementioned information inputs. Many fisheries worldwide fall in the “data-moderate” category, where one of catch, abundance index, or biological compositions is unavailable (Thorson and Cope, 2015; Wetzel and Punt, 2015; Dichmont et al., 2021). Each category may be further limited if the available data types cover only a limited time series, have only a limited sample size, or are not fully representative of the stock (Booth and Quinn, 2006). Data type, data quality, and the representativeness of the stock affect the type of model that could reasonably be applied to infer stock status, the degree of uncertainty in the estimates of stock status, and the consideration of the level of a precautionary buffer when making management decisions.

Data-moderate cases often lean on the data-limited approaches that require specific, limited inputs, which may ignore auxiliary data types or make unnecessary simplifying assumptions leading to high uncertainties in population estimates. Important data such as biological composition may be ignored to fit the mold of specific data-limited modeling approaches when an abundance index is not available. Length compositions are a key input to most stock assessments as the information is easier to obtain compared to ages, and thus being a main source of recruitment and spawning potential information (Thorson et al., 2019). It is also typically believed that many fisheries use a length-selective gear, therefore lengths are essential for estimating gear selectivity and fishing intensity (Parma and Deriso, 1990; Punt et al., 2014). Some catch-only methods have been extended to include biological compositions as they become available (Thorson and Cope, 2015), and length-only methods have explored the inclusion of catch data if available to estimate population size (Rudd and Thorson, 2018). The amount of length composition needed is not well understood and may also depend on life history characteristics (Minte-Vera et al., 2017), thus assessments with catch and length and with no abundance index are not widely used in management jurisdictions where catch limits are required.

When stock assessments are based on limited data, a precautionary approach to management would warrant additional buffers to catch limits and other management options. To address this issue, the Scientific and Statistical Committee (SSC) of the Pacific Fishery Management Council defined three broad assessment categories, each with an associated allowable biological catch (ABC) buffer defined by a model uncertainty. This ABC buffer defines the percentage reduction of the overfishing limit (OFL), which is a catch level that corresponds to the maximum sustainable yield of the stock. The OFL is meant to be a level beyond the catch threshold, which would likely to result in overfishing (NOAA, 2021). Category 1 (“data-rich” or “full”) assessments estimate the OFL using a mixture of data types, including total catch, abundance indices or surveys, and length and/or age composition data. On the other side of the data spectrum, category 3 (“data limited”) stock assessment methods estimate the OFL using catch, life history parameters, and a prior on relative stock abundance in a specific year of the time series (Dick and MacCall, 2011; Cope, 2013). Current data-limited methods for category 3 stocks do not include abundance indices or biological compositions that would inform stock status over time (Thorson and Cope, 2015). To date, category 2 (“data-moderate”) assessments approved by the Pacific Fishery Management Council SSC were developed using specific data-moderate approaches for the West Coast groundfish stocks. These data-moderate assessments are to combine catch-based methods using an abundance index, excluding biological composition data (Cope et al., 2013; Wetzel and Punt, 2015). A key difference between categories 3 and 2 assessments is that category 3 assessments are meant as an objective approach to set sustainable catch limits based on catch-only approaches without estimating stock status. With the inclusion of an abundance index, category 2 assessments may track stock responses to management intervention. Therefore, category 2 assessments may also include prior information on relative stock abundance that should be updated from the data (if not, then they are functionally a category 3 assessment in which the data are not used to inform current stock status). Data-moderate models also may not necessarily estimate recruitment deviations due to the lack of information on age classes typically held within biological compositions (Cope et al., 2015).

To date, stocks with catch or length and with no abundance index would be relegated to data-limited assessments with additional uncertainty buffers that may not be necessary if biological composition data could be included in an integrated model with catch data. This is important because category 3 assessments have higher uncertainty buffers than category 2 assessments. However, abundance indices are not always informative about the population. In some cases, data-rich stock assessment results may show a little change to the reference model outputs with the exclusion of an abundance index (Wetzel et al., 2017). These assessment sensitivity results observationally suggest a reliance mainly on catch and compositional data only for some data-rich stock assessments, and thus offering evidence that catch and length only models can be adequate to inform management metrics. Further, in situations of assessing more stocks than possible at one time, it may be of a strategic interest to perform catch and length assessments for the stocks that are minor targets or are believed to be at high abundance, rather than spending limited resource capacity to prepare data types and perform a full assessment with every available data source.

This study focuses on the performance of estimating key population quantities such as stock status in SS models with catch and length (SS-CL) data only in a maximum likelihood context. Firstly, we used the simulation testing to evaluate the performance of SS-CL under a variety of life histories and data permutations. We then removed data from current U.S. West Coast groundfish benchmark stock assessments to explore how sensitive the benchmark assessments are to the removal of different data types reducing down to catch and length data only, specifically focusing on the amount of length composition data used. Removing data sources is a commonly applied approach in stock assessment analyses to understand the influence and or potential contradictory information providing a way of measuring how data conditioning affects the model outputs (Cope et al., 2015). Both approaches, simulation and conducting sensitivities to benchmark stock assessments, provide unique ways to evaluate the use of different applications of length and catch models for consideration as an additional data-moderate stock assessment method for application to stocks off the U.S. West Coast, and for the general use of integrated stock assessment models worldwide in data-moderate contexts.



MATERIALS AND METHODS

The use of SS with catches and length composition only requires a very few adjustments from the applications that include an abundance index. Models may include multiple fleets, sexes, or other dynamics that have been already included as the features in SS. Catches range from the first to the last year of the model and are assumed known without error. Length compositions are assumed to be representative of their respective fleet, sex, etc. Life history values such as the productivity of stock (steepness), growth parameters, natural mortality, fecundity, and maturity are generally prespecified rather than being estimated though the estimation could be possibly dependent on the length data quantity and/or quality. Recruitment can be estimated by following standard bias correction procedures. Selectivity parameters can be estimated or fixed. Data weighting is needed for models with multiple fleets and would follow the standard procedures for other SS models (Punt, 2017).


Simulation Testing


Operating Model

We used SS as an operating model to simulate “true” populations and generate data based on the approach developed in the R package ss3sim (Anderson et al., 2014). The ss3sim approach involves inputting a set of “true” life history values, fishing mortality time series, and recruitment deviations, then generating population trajectories by running the SS model without calculating the Hessian matrix for SDs. This serves to include age-structured population dynamics and stochasticity to generate all true values for the population.

We developed four life history scenarios based on the West Coast groundfish stocks that varied in longevity (e.g., how long they live) and the individual growth rate (e.g., how much of their lives are spent at their maximum size). The shorter-lived life history type had a natural mortality rate (M) of 0.18 for an approximately maximum age of 30 years, whereas the longer-lived life history type had an M of 0.09 for an approximately maximum age of 60 years (Hamel, 2015). We considered slower- and faster-growing options for the shorter- and longer-lived life history types by adjusting the von Bertalanffy growth coefficient (k). We chose the values of k associated with reaching the asymptotic length at 90% of the maximum age (slower-growing) and 50% of the maximum age (faster-growing). We confirmed that the M/k ratios were close to 1.0 and 0.60 for the slower-growing life history types and for the faster-growing life history types, respectively as these M/k ratios are representative for the West Coast groundfish stocks assessed through 2018 (Figure 1, Supplementary Table 1). We kept the asymptotic length constant at 55 cm and assumed that the length at 50% maturity was equal to 66% of the asymptotic length (i.e., 36.3 cm) for all life history types (Cope and Punt, 2009). Selectivity was constant over scenarios and time using the double-normal selectivity function to represent logistic selectivity assuming a peak selectivity at 42 cm. Parameter values used for each of the four life history types are available in Table 1, and growth curves are shown in Supplementary Figure 1.
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FIGURE 1. Natural mortality rate (M) compared with the ratio of M to von Bertalanffy growth coefficient k (M/k) for various groundfish species.



Table 1. Parameter values used to develop life history scenarios in the operating model.
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We input the fishing mortality time series based on a time series of the ratio of the fishing mortality rate to the fishing mortality rate associated with MSY (F/FMSY) shared across life history types. After reviewing the fishing mortality rate time series from the US West Coast stocks, we identified a general pattern of low exploitation before World War II, then the exploitation rate increases after World War II until the 1980s or 1990s. After remaining at a high exploitation rate in the 1990s, the exploitation rate declines through the present (Figure 2). To mimic this pattern, we assumed that the F/FMSY ratio remained relatively low for the first 25 years, increasing from 0.01 to 0.05, then increased more rapidly from 0.05 to 2 over the next 30 years. The F/FMSY ratio remained at 2 for 5 years, then decreased from 2 to 0.6 over the next 20 years, and remained at 0.6 for the last 20 years of the time series. We then scaled this F/FMSY ratio using the FMSY for each life history type. FMSY was calculated by finding the constant F-value that maximizes long-term catch. FMSY was 0.08 for both longer-lived life histories, whereas FMSY was 0.17 and 0.16 for the shorter-lived, faster-growing life history type and the shorter-lived, slower-growing life history type, respectively (Table 1). The catch time series was calculated within the operating model based on the input fishing mortality rate time series and the scale of the population (Supplementary Figure 2).


[image: Figure 2]
FIGURE 2. Ratio of estimated fishing mortality rate to FMSY for the six West Coast stocks, which informed the shape of our chosen F/FMSY time series on which the simulated fishing mortality rate scenario is based. The simulated F/FMSY series is labeled where the length data are included: for 75, 20, 10, and 1 year of data.


Recruitment followed an underlying Beverton–Holt stock-recruit curve with steepness (h) equal to 0.7 and a recruitment SD of 0.8, on the higher side for West Coast species (Supplementary Table 1). We compared a high recruitment variability scenario to a lower recruitment variability scenario, with the SD of 0.4. The log of equilibrium recruitment was assumed to be constant at 10.0. Simulation replicates were varied by the input recruitment deviates; the time series of recruitment deviates for each simulation replicate was identical across life history types (Supplementary Figures 3, 4).



Data Scenarios

Each true population determined by a life history type, a recruitment variability, and a simulation replicate was then subjected to data availability scenario tests based on the number of samples of length data annually and the number of years of length data included in the model. We generated the observation data from the operating model population by sampling of the expected data.

To test the ability of SS to estimate the key parameters of interest with catch and length data alone, we included a “perfect” catch and length scenario. The “perfect” scenario assumed that the length composition data was known perfectly over 100 years with an input sample size of 1,000 lengths per year. The “perfect” scenario was used to make sure that any biases in scenarios with catch and length data only were due to the limitation of sample size or recruitment variability, rather than structural inconsistencies between the observation and estimation models. For all other length data scenarios of interest, we used the samples from the length composition with either 200 samples (representing a moderate sample size) or 50 samples (representing a limited sample size) per year using a multinomial distribution. We tested an additional scenario where the length data sample size decreased over time, specifying 200 samples per year before the year 88 and 50 samples from the years 88–100.

For each sample size scenario, we also explored the number of years of length data included in the model. From the sampled data, we considered the inclusion of the final (a) 75, (b) 20, (c) 10, (d) 5, and (e) 1 year of the sampled length data. We tested a decline in the sample size over time only with the 20-year length data scenario. The approach of a subset of the number of years after the data were generated allowed us to directly compare the number of years of length data included in the model, rather than any stochastic association with the resampling of the length composition for each independent scenario.



Estimation Model

For all scenarios, we assumed that the catch was known without any error based on the input fishing mortality time series. We used SS 3.30.14 to test the model under various simulation scenarios. The estimated parameters included the recruitment deviations, log of equilibrium recruitment log(R0), and two selectivity parameters governing the shape and peak of the left side of the double-normal selectivity curve. We fixed natural mortality, growth parameters, steepness, and the recruitment SD to their true values.

We also ran sensitivity tests assuming that the natural mortality rate was 10% lower and higher than the truth (0.081 and 0.099 compared with the true value of 0.09), the asymptotic length was 10% lower and higher than the truth (49.5 and 60.5 cm compared with the true value of 55 cm), and the coefficient of variation (CV) around the growth curve was 25% lower and higher than the truth (0.075 and 0.125 compared to the true value of 0.1) for the “perfect” scenario to understand the expected patterns.

The first year of estimated recruitment deviates was the maximum age subtracted from the first year of length data, starting in year 1 if length data is available before year 29 (based on the longevity of the short-lived life history being 30 years). To determine the final year of estimated recruitment deviates, we identified the age associated with 5% selectivity for each life history type, and subtracted that age from the final year in the model. For example, the short-lived, slow-growing life history type reached 5% selectivity at age three, so the final year of estimated recruitment deviates was 97 out of 100 (Table 1). To prevent the biased estimates of the spawning output in the early years of the time series, we allowed for the estimation of early recruitment deviates starting 30 years before the first year of removals by the fishery.

We used the iterative procedure developed by Methot and Taylor (2011) to account for the bias adjustment in estimated recruitment deviates. We first ran SS to calculate the Hessian matrix, then the bias ramp parameters were estimated based on the model estimates from the first run. We then input the bias ramp parameter estimates and reran the model without calculating the Hessian matrix to speed up the simulation model runs. We used the bias-adjusted model estimates to compare across scenarios to mimic the model parameter estimation that would take place using SS-CL in practice. In subsequent steps, the Hessian matrix on the second run could be estimated to explore the characterization of the uncertainty of individual model runs for length data scenarios.



Performance Metrics

We determined the convergence rate of each scenario defined by the maximum final parameter gradient <1.0 and the maximum likelihood estimate of the log of unfished recruitment log(R0) <12.0 to ensure that the population is estimated to be a reasonable size (e.g., the failed model convergence that would likely to be due to the selection of a bad starting value via jitter rather than the inability to estimate the population size). From the converged runs, we calculated the relative error for key population quantities for each of 100 simulation replicates. Relative error was calculated as:
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where ES is the estimated value and ER is the true value for the simulation study. We used “bias” to describe the accuracy of the estimator, calculated as the median relative error (MRE). We used “error” to describe the precision around a parameter estimate, which is calculated as the median absolute relative error (MARE; Ono et al., 2012).




Systematic Data Reduction in Benchmark Stock Assessments

A subset of West Coast groundfish stocks with the existing full assessments were selected for data explorations (Table 2). The selected stock encompasses a range of life histories (e.g., flatfishes, roundfishes, elasmobranchs, and rockfishes), exploitation (e.g., recreational or commercial fisheries), and data availability [e.g., catch-per-unit-effort (CPUE) indices, fishery-independent indices, and length and age compositions]. Each assessment also presents variable amounts of data quality and quantity within each data type, thus there is no ability to standardize the data within the data scenarios.


Table 2. List of West Coast groundfish stock assessments evaluated.
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To generate appropriate data scenario comparisons to the full assessments, a number of steps were taken based on the data scenario. The archived assessment for each of the listed assessment years for each of the stocks in Table 2 is used as a starting point for analysis. A select group of the archived assessment was then converted to SS v.3.30.15 (Dover sole, longspine thornyhead, and kelp greenling) for the ease of exploration with the converted model compared to the original model to ensure similar estimates and model performance. All biological parameters were fixed across the scenarios to limit the effects of an aberrant parameter estimation as it is possible to estimate those parameters outside the model while allowing selectivity and recruitment deviations (if estimated) to remain estimated (parameters not typically estimated outside the models). Additionally, in case of their presence in the model, the retention parameters governing the length of individuals were retained in case of capture and were fixed at the MLE estimates to avoid variances in the estimates of total mortality among the runs. Next, each of the full assessments was run with the full Hessian and reweighted according to the Francis data weighting approach (Francis, 2017). This step was performed due to the assessments ranging over a period of time when model weighting approaches were evolving. Additionally, because the scenarios were aimed to explore the sensitivity of the model to data, applying the appropriate data weighting within each scenario was considered as essential. The reweighted full assessment model was termed as the “reference” model.


Model Treatments

Seven data scenarios relative to the reference model were conducted. Each of the scenarios and the steps applied in their generation were as follows:

1. Removal of all indices (“-Indices”): The likelihood contribution for all indices in the model was set equal to zero. The data remaining in the model were the catches, lengths, and ages that were available in the reference model.

2. Removal of all lengths (“-Lengths”): The likelihood contribution for all length data in the model was set equal to zero. The data remaining in the model were the catches, indices, and ages that were available in the reference model.

3. Removal of all ages (“-Ages”): The likelihood contribution for all age data in the model was set equal to zero. The data remaining in the model were the catches, indices, and lengths that were available in the reference model.

4. “Only lengths”: The likelihood contribution for all indices and age data in the model was set equal to 0. The data remaining in the model were the catches and lengths that were available in the reference model.

5. “Lengths 20 years”: The likelihood contribution for all indices and age data in the model was set equal to zero and all length data prior to 20 years before the final model year were removed. The data remaining in the model were the catches from all years and length data from the last 20 years of the model. If the reference model had selectivity blocks applied to fleet selectivity (could be a survey or fishery) that were outside the new length data range, those parameters were fixed at the reference model MLE estimate.

6. “Lengths 10 years”: It exhibited the same setup as described above for the “Lengths 20 years” scenario but its lengths were reduced to the value in the last 10 years of the model.

7. “Lengths 1 year”: It exhibited the same setup as described above in the previous two length-based scenarios but with only retaining the final year length data.



Performance Metrics

The performance of each data scenario was evaluated using the measure of relative error in the four estimated quantities: (1) unfished spawning output, (2) spawning output in the final year, (3) stock status (i.e., the fraction of an unfished spawning output) in the final year, and (4) the OFL value for the first projection year calculated within SS due to the association of the catch with FMSY. The relative error was calculated from Equation (1), where Es is the estimated quantity from the data scenario s and ERis the estimate from the full reference model. The 95% CI of the relative error is also provided to indicate whether a given scenario would be found within the estimated uncertainty of reference models. Those scenarios that do fall outside those bounds would be indicative of a more significant departure from the reference model.





RESULTS


Simulation Testing

Stock Synthesis models with catch and length data converged at high rates across scenarios. The highest rates of non-convergence occurred for scenarios with a single year of length composition, particularly with only 50 samples of length per year (Supplementary Table 2). We verified that 100 simulation replicates were enough to quantify the bias and error by checking that the MRE reached an asymptote after 100 simulation replicates (Supplementary Figure 5).

The “perfect information” scenario, where the length composition was known perfectly for all 100 years, confirmed that SS estimated unbiased and precise key population quantities across 100 simulation replicates with both a high and low recruitment variability when excluding an abundance index and age composition (Figure 3, Supplementary Tables 3–6). The unbiased perfect information scenario under a high and low recruitment variability led us to assume that any breakdown in the bias or error under alternative sampling scenarios was due to the limited number of samples and the number of years of length data included in the model.


[image: Figure 3]
FIGURE 3. Distribution of relative err or (estimated – true)/true for the fraction unfished in the terminal year across simulation replicates, life history, and recruitment variability scenarios, with the number of years of length data on the x-axis and color indicating the sample size of length data (“perfect” indicates the length data that is known without error and “Ndecline” is a decline from 200 to 50 samples over the last 20 years of the series). Lines in the violin plots show the median and 90th quantiles, which are generally centered at zero with some variabilities with fewer years of length data. The values above each violin plot show the median absolute relative error (MARE), where there are multiple values, the top value corresponds to N = 200 samples annually, the next corresponds to N = 50 samples annually and with 20 years of length data, and the third value corresponds to a declining N from 200 to 50 samples over the time series of length compositions.


The bias increased only marginally with a decrease in the years of length data and sample size. Under the lower recruitment variability scenario, the bias in the terminal year fraction unfished was mostly affected with a single year of length data for the longer-lived life history types, or with a low sample size and single year of length data across life history types (Supplementary Table 3). With a higher recruitment variability, the bias pattern with a decrease in years of length data was more ambiguous; compared with fewer years of length data, some scenarios with 75 years of length data were more biased in the terminal year of fraction unfished (Figure 3, Supplementary Table 4).

The error increased with a decrease in years and a lower sample size of length data, and was higher with a higher recruitment variability (Figure 3, Supplementary Tables 5, 6). The error increased the most when paring down from 5 to 1 year of length data for low recruitment variability scenarios, and a high recruitment variability with a sample size of 200 lengths per year (Figure 3, Supplementary Tables 5, 6). With a higher recruitment variability and a low sample size, the increase in error was most pronounced with 5 or 10 years of length data (Figure 3, Supplementary Table 6).

A decline in the sample size from 200 to 50 samples over 20 years had an intermediate bias and error to the scenarios with constantly 200 or 50 samples per year. The bias was <16% with a high recruitment variability and <10% with a low recruitment variability for all life history scenarios in a decline of the sample size scenario (Supplementary Tables 3, 4). The error was <38% with a high recruitment variability and <17% with a low recruitment variability across life history scenarios (Supplementary Tables 5, 6).

There were no significant patterns in the bias or error between life history scenarios. The shorter-lived, and particularly faster-growing, life history types had some higher rates of model non-convergence with fewer years of length data compared with the longer-lived life history types (Supplementary Table 2). While the bias and error were higher for some combinations of life history type, recruitment variability, sample size of lengths, and the number of years of length data, none of the patterns held constant across scenarios to properly tease apart the impacts directly related to the life history type (Supplementary Tables 3–6).

When the natural mortality rate was assumed to be 10% lower than the truth, the estimates of a fraction of unfished were biased to be lower than the truth (i.e., the stock assessment would be conservative in the estimates of stock status). The opposite was true when the natural mortality rate was assumed to be 10% higher than the truth (i.e., the stock assessment would assume that the stock biomass was higher than the truth). When the asymptotic length was assumed to be 10% greater than the truth, the fraction unfished in the last year of data was estimated to be lower than the truth. In this case, the stock assessment would be conservative in the estimates of stock status. Conversely, when the asymptotic length was assumed to be 10% less than the truth, the fraction unfished was estimated to be greater than the truth, overestimating the view of stock status (Figure 4). However, in this case, 54% of the model runs did not converge, a phenomenon that did not occur when the asymptotic length was mis-specified higher than the truth. Issues on model convergence would indicate to analysts that some fixed values, such as asymptotic length, may not be correct. Mis-specifying the CV around the growth curve to be lower than the truth did not impact the bias or error in the estimates of the fraction unfished in the last year of data. However, assuming that more variation around the growth curve led to underestimates of the fraction unfished and more conservative estimates of stock status (Figure 4).
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FIGURE 4. Distribution of relative error (estimated – true)/true for the fraction unfished in the terminal year across simulation replicates for the longer-lived, faster-growing life history scenario under a high recruitment variability. All models assume 100 years of length data are perfectly specified, comparing a bias and an error when the CV of the growth curve is mis-specified by ±25%, the asymptotic length (Linf) is mis-specified by ±10%, and the natural mortality rate is mis-specified by ±10%.




Systematic Data Reduction in Benchmark Stock Assessments

There are several caveats to be mindful of when interpreting these results. Each data inclusion scenario is within an assessment that shows variable levels of a consistent or inconsistent signal among data types, as well as how much each data type in the reference model is weighted. Each truncated length scenario represents a different amount of the total available length data. Additionally, the level of sampling in the most recent years of data is also highly variable among the stocks. Lastly, the model structure assumed across data scenarios (e.g., estimated vs. fixed parameters) likely do not fully reflect the decisions an assessment author may possibly make when faced with the data remaining for a real world assessment. The results are structured first within species categories as those often share common data issues, then general result patterns are provided and the relative error for the unfished spawning output, the final spawning output, the final fraction unfished, and the OFL are shown for all species in Figures 5, 6.
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FIGURE 5. The relative error of unfished spawning biomass, final model year spawning biomass, final model year fraction of unfished spawning biomass, and the first overfishing level estimated from each data scenario compared against the reference model for nearshore rockfish, slope rockfish, and slope scorpaenids. The data scenarios either remove specific data from the assessment model indicated by “-” (e.g., -Indices are model results with all indices removed) or only use specific amounts of length data (e.g., “Lengths (20yr)” has the 20 years of length data at the end of the modeled period). The dashed gray line identifies the zero line and the dashed red lines identify the 95% confidence interval from the reference model for each of the estimated quantities. The gray banded area on the OFLs indicates the area between a category 2 sigma of 1.0 and either a P* (called P-star) value of 0.45 or 0.45 (buffer = 0.874 vs. 0.761) translated into relative error (0.126–0.238) where the resulting Acceptable Biological Catch if based on the estimated OFL would be greater than the OFL of the reference model.



[image: Figure 6]
FIGURE 6. The relative error of unfished spawning biomass, final model year spawning biomass, final model year fraction of unfished spawning biomass, and the first overfishing level estimated from each data scenario compared against the reference model for nearshore roundfishes, flatfish, and elasmobranch. The data scenarios either remove specific data from the assessment model indicated by “-” (e.g., -Indices are model results with all indices removed) or only use specific amounts of length data (e.g., “Lengths (20yr)” has the 20 years of length data at the end of the modeled period). The dashed gray line identifies the zero line and the dashed red lines identify the 95% confidence interval from the reference model for each of the estimated quantities. The gray banded area on the OFLs indicates the area between a category 2 sigma of 1.0 and either a p* (called P-star) value of 0.45 or 0.45 (buffer = 0.874 vs. 0.761) translated into relative error (0.126–0.238) where the resulting Acceptable Biological Catch if based on the estimated OFL would be greater than the OFL of the reference model.


The performance and stability of models with only length and catch data were better with fewer fleets. Most data scenarios fell within the CIs of the reference benchmark assessment model considered by management as the availability of the best scientific information. Spawning output in the last year of the model and the OFL tended to be most sensitive to the data removal of all model outputs considered. The removal of length composition from the assessment often caused large model deviations in the outputs compared to the removal of other data sources. Models with only length compositions tended to provide informative outputs relative to the reference benchmark assessment, especially for the fraction unfished.

The estimates of recent fraction unfished and the OFL were conservative (biased low) for 7 of the 10 stocks in comparison with the reference model. The lack of length data most often led to the lower estimates of the spawning output, the fraction unfished, and the OFL in comparison to the reference model. The possession of either 1 year or 10 years of length data often led to the most variable results. The inclusion of only 1 year of length data led to more conservative estimates of the model output in 7 out of 10 models. Only one of the higher estimates, kelp greenling, was outside the CIs of the reference model. In the following sections, we offer specific insights and details into the results of each case study.


Gopher and Black-and-Yellow Rockfish

The gopher and black-and-yellow rockfish complex comprises two shallow nearshore demersal species that are a minor target for recreational and commercial fisheries. They are mostly taken by hook-and-line, and the live-fishery nature of the commercial fishery makes length collection a more suitable sampling option. The model covers the waters of California up to Cape Mendocino. The catch time series begins over 100 years ago, with both fishery-dependent and fishery-independent abundance indices and length compositions beginning around 35 years before the end of the model (2019, Figure 7). Age compositions are very limited. Likelihood profiling indicated a weak but generally consistent signal in the length and age compositions, and to a lesser extent, in the indices (Monk and He, 2019). The six indices of abundance in the model show stark contradictions in the information content for various model parameters (Monk and He, 2019). Meanwhile, there are several indices, which do not provide a consistent signal within the model. The reference model exhibits a high uncertainty in the spawning output, and lower uncertainty in the current fraction unfished. Biologically, gopher and black-and-yellow rockfish would be more similar to the lower growing life history in the simulation study.


[image: Figure 7]
FIGURE 7. Summary of the data type, the length of data time series, and the quantity for gopher and black-and-yellow rockfish. The size of the bubble by year is based on the sample size (e.g., larger bubbles indicate higher sample sizes). The bubble size for the indices is equal to the inverse of the mean SE for the survey. Catches are both commercial (Com) and recreational (RecNorth and RecSouth). Abundance indices are either fishery-dependent from onboard observers (DebCPFV, RecOnboardNorth, and RecDocksideNorth) or from fishery-independent surveys (PISCO, CCFRP, and PISCOage0). Length compositions come from the catch, one fishery-dependent survey (DebCPFV) and two fishery-independent surveys (PISCO and CCFRP). Conditional age-at-length compositions come from the recreational catch, a fishery-independent survey (CCFRP), and a dummy fleet representing a number of sampling techniques.


The removal of the length compositions demonstrated the largest effect on the model outputs relative to the reference model although that effect was minimal (Figure 8). The truncation of length data time series to 20 or 10 years of data show notable changes in the terminal year spawning output and current fraction unfished (Figure 8). These changes tended to be higher in the spawning output and subsequently more in the optimistic fraction unfished. Relative changes across the model outputs and data scenarios were within the CIs of the model, with the exception being the high positive relative error of the estimated OFL value in case of the removal of all length compositions (Figure 5).


[image: Figure 8]
FIGURE 8. Comparison of model estimates of spawning output, the fraction unfished, and annual recruitment deviations relative to the reference model (black) for gopher and black-and-yellow rockfish. The top row are comparisons between the reference model and when all indices (blue), all lengths (green), or all ages (yellow) are removed. The bottom row are comparisons between the reference model and when only catches and all lengths (blue), 20 years of lengths (green), 10 years of length (yellow), or only 1 year of lengths (red) are used in the model.




China Rockfish

China rockfish is a deeper nearshore demersal species that is a minor target for recreational and commercial fisheries. It is mostly taken by hook-and-line, and the live-fishery nature of the commercial fishery makes the length collection a more suitable sampling option. The northern model covers the waters of Washington State. The catch time series begins just over 50 years ago, with a single fishery-dependent abundance index beginning in the early 1980s, and the majority of length and age composition data from the catch present during approximately the last 20 years of the model (Supplementary Figure 6). Likelihood profiling indicated a weak but generally consistent signal in the index and length and age compositions (Dick et al., 2016). The reference model exhibits a high uncertainty in the spawning output but a low uncertainty in the current fraction unfished. Biologically, China rockfish would be more similar to the faster-growing life history in the simulation study. Recruitment deviations are not estimated in the reference model.

There is a very little effect on model outputs with any of the data scenarios (Supplementary Figure 7). All model outputs were within the CIs of the reference model (Figure 5). The biggest deviation from the reference model was found in the estimate of OFL for the 1 year of length data scenario.



Black Rockfish

Black rockfish is a mostly nearshore, pelagic schooling species that is a major recreational target. It is therefore limited in the net-based catches and is mostly taken by a hook-and-line gear. The Washington State black rockfish stock assessment catch time series begins roughly 80 years ago, with the fishery-dependent abundance indices, length and age composition beginning mostly around 40 years prior to the final model year (2015, Supplementary Figure 8). Likelihood profiling indicated that indices and the length composition data show some agreement despite often in contradiction to the age composition data (Cope et al., 2015). The reference model exhibits low uncertainty and very little retrospective patterns. Biologically, black rockfish would be more similar to the slower growing life history in the simulation study.

The removal of the length composition data demonstrated the largest effect on model outputs, especially on the population scale estimate (Supplementary Figure 9). The removal of indices or ages had a little effect on the estimate of the initial spawning output and across the majority of the time series, but both data scenarios had departures in the estimates during the final years of the model resulting in the estimates of a more depleted stock relative to the reference model (Supplementary Figure 9). The truncation of lengths shows significant decreases in the terminal year spawning output and current fraction unfished (Supplementary Figure 9). Most data scenarios demonstrated lower terminal spawning output and current fraction unfished estimates compared to the small CIs of the reference model (Figure 5). While the reference model was near the target-relative spawning output level, the length scenarios tended to be closer to the minimum stock size threshold (Supplementary Figure 9).



Yelloweye Rockfish

The yelloweye rockfish stock assessment is a two-area model containing submodels for California and Oregon/Washington with both fishery-dependent and fishery-independent abundance indices, length compositions, and age-at-length compositions (Gertseva and Cope, 2017). Yelloweye rockfish typically inhabit deep rocky habitat, and is difficult to sample using a trawl gear but is effectively sampled using a hook-and-line gear. The large size of yelloweye rockfish has made the species a target of recreational fisheries though they were believed overfished for many years, and thus have been under strict harvest guidelines since the mid-2000s. The restrictions had also decreased the availability of the amount of data to subsequent stock assessments.

The catch time series is about 130 years, with the data sources starting around 40 years ago (Supplementary Figure 10). Likelihood profiling indicated that indices and the length composition data are generally in agreement despite of their opposition to age data. Sensitivity analysis shows the removal of lengths that caused issues in the estimation of the initial spawning output and current relative stock abundance (Gertseva and Cope, 2017). Overall, uncertainty in the model is relatively low. This low uncertainty in the asymptotic estimates may be due to the model being one sex as female and male life history parameters are very similar. While natural mortality and recruitment compensation (i.e., steepness) parameters are fixed (a common approach for a West Coast groundfish stock assessment), growth, recruitment, and many selectivity parameters are estimated, providing an ample space for uncertainty in parameter estimation in case of data lacking information. Biologically, yelloweye rockfish is more similar to the slower growing life history in the simulation study.

The removal of the length compositions demonstrated the largest effect on model outputs (Supplementary Figure 11) as the model estimated a very different stock abundance throughout the time series, indicating that the length data are a primary source of information in the reference model. The removal of indices or ages had a little effect, which results in very similar spawning output trajectories and fraction unfished over time (Supplementary Figure 11). The truncation of length data had small and consistent effects on the model output despite enough to be outside the small CIs of the reference model (Figure 5).



Longspine Thornyhead

Longspine thornyhead are a deep water species off the West Coast that are primarily targeted by commercial trawl fishing and are frequently sampled by fishery-independent trawl surveys (Supplementary Figure 12). The most recent assessment for longspine thornyhead was conducted in 2013 and accepted as a data-limited stock assessment (category 2) because no age data were included due to the current inability in aging this species.

For comparing the two data scenarios that included either catch plus index only data or catch and length data, the estimate was nearly identical to the reference model in case of the presence of only lengthy data (Figure 5, Supplementary Figure 13). This indicates that the indices in the reference model have a little influence on the model estimates. For examining the model estimates in case of the use of variable amounts of length data, the model performance in terms of the fraction unfished was similar to the reference model in case of the use of either 20 or 10 years of data (Figure 5, Supplementary Figure 13). The relative error across data scenarios to the OFL estimates were well within the reference model 95% CI (Figure 5).



Cabezon

The northern California substock of cabezon was used in this example, with a range from Point Conception to the California-Oregon border. The catch time series is also very long, with length compositions starting in earnest 40 years ago, and a fishery-dependent index of abundance that stretches back 60 years, terminating 25 years ago, though also with another fishery-independent index in the most recent years (Supplementary Figure 14). Age composition data was limited to fishery-independent samples only. Likelihood profiling indicated that indices and the length composition data are generally in agreement, and the sensitivity analysis shows the removal of either caused issues on estimating the final spawning output and fraction unfished (Cope et al., 2019). This is also reflected in the levels of asymptotic uncertainty in the reference model spawning output being highest for the final year. Biologically, cabezon would be more similar to the faster-growing life history in the simulation study.

The removal of the length compositions demonstrated the largest effect on model outputs (Supplementary Figure 15) as the model had a hard time converge without lengths, with the highest uncertainty in the final year stock abundance. The removal of indices or ages had a little effect. However, even 1 year of length data allowed the model to provide reasonable results (Supplementary Figure 15). For scenarios lacking indices and ages, there is a linear trend downward in the spawning output and subsequently the lower relative stock abundance as the time series of lengths decreases (Figure 6). While the estimates without indices and ages are lower than the reference model, all results are within the reference confidence intervals for each metric under all length scenarios.



Kelp Greenling

Kelp greenling is a nearshore species that experience both recreational and commercial exploitation and is not sampled by the existing West Coast trawl surveys (Supplementary Figure 16). The data available in the reference model consists primarily of fishery-dependent CPUE indices, length, and age composition data after the year 2000. The reference model included three CPUE indices that in case of their removal from the model (“-Indices”) caused the estimated spawning output to decline, with the stock trajectory at the lower 95% CI of the reference model (Figure 6, Supplementary Figure 17). However, the relative stock trajectory was similar to the reference model until the end of the time series where the data scenario sharply declined. When all length data were dropped from the model, the spawning output was lower than the reference model with changes in the pattern of the stock trajectory over time but estimated a similar unfished fraction at the end of the time series. The data scenario removing only the age data resulted in the most similar stock estimates of stock sizes and fraction unfished (Supplementary Figure 17).

The suite of scenarios examining the model performance relative to the reference model when only the catch and length data that were available were highly variable (Figure 6, Supplementary Figure 17). The scenario that retained all length data had a similar trajectory post-1980, but then diverged from the reference model at the end of the time series. The difference in the recent year estimates indicates that the CPUE indices in the reference model have a large influence in recent year estimates that the length data did not support. However, when only the last 20 years of lengths were used, the stock trajectory over time differs, but ultimately estimates a similar fraction unfished in recent years. The estimates of stock size, status, and the trajectories differed greatly from the reference model when only limited data were available (10 or 1 year, Supplementary Figure 17). The relative error of the estimated final spawning output and fraction unfished were well outside the reference model CI for the 1-year data sensitivity (Figure 6).



Lingcod

The lingcod north substock comprises the areas of the Oregon and Washington coast. The substock has a long catch time series, with most fishery-dependent abundance indices and length compositions starting in the early 1980s with some fishery-independent abundance indices in recent years (Supplementary Figure 18). The age composition data are available for the final 20–30 years of the model (Supplementary Figure 18). Likelihood profiling indicated indices and the length composition data show some agreement despite often in contradiction to the age composition data (Haltuch et al., 2018). The reference model exhibits the most uncertainty in the initial abundance though the last 20 years of the spawning output also show an increase in uncertainty. Biologically, lingcod, especially women, would be more similar to the slower growing life history in the simulation study. Recruitment deviations are estimated in the reference model.

The removal of the length compositions or indices demonstrated the largest and most similar effects on the model outputs (Supplementary Figure 19). The removal of ages had a little effect given the growth was fixed. The length-only models show a divergence in models with varying degrees of data showing reduced absolute abundance with the most length data and a higher abundance with lower years of length data (Supplementary Figure 18). Larger departures from the reference model occurred with less sampled years. All data scenarios demonstrated consistent estimates of the fraction unfished with even 1 year of length data scenario resulting in an informative estimate in the final year. There was a linear trend upward in the spawning output and overall steady and slightly larger fraction unfished as the time series of lengths decreased (Figure 6). The estimates were all within the reference model CIs for each metric under each length scenario.



Dover Sole

Dover sole is a primarily exploited commercial trawl gear of the West Coast. The co-occurrence of this species with sablefish, a highly valuable stock, along with its own marketability have resulted in a long exploitation history. The reference assessment has a large number of length and age composition data from both commercial fleets and survey fleets, with the four fishery-independent surveys that were relatively flat across the sampled years (1980–2010, Supplementary Figures 20, 21).

The model was relatively insensitive to the removal of the index data (“- Indices”, Figure 6, Supplementary Figure 21) with only a small decline in the spawning output across time. The reference model estimated a relatively stable spawning output time series with limited impacts to the stock size due to removals. The indices in the model were relatively flat across time, especially the most recent index from 2003 to 2010, and the limited change in the model estimates when the indices were removed highlights the lack of information in these data. The data scenarios that removed either all the length (“-Lengths”) or the age data (“- ges”) resulted in downward shifts in the estimated spawning output but were similar to the reference model in terms of scale.

The data scenarios that were explored using only catch and length data generally varied based on the amount of available length data. The scenario that included either all or 20 years of length data were comparable with the “-Ages” data scenario, which used all the lengths and indices in the reference model (Figure 6, Supplementary Figure 21). The scale of the population from these scenarios were lower than the reference model but resulted in similar population scale estimates. However, when a larger amount of length data, either only 10 or 1 year of length data, were removed, the estimates varied to a greater extent from the reference model and in the 1-year scenario resulted in the fraction unfished that was outside the 95% CI from the reference model.



Big Skate

The big skate assessment is an example of a stock with a long catch history but mostly limited to data within the last 20 years (Supplementary Figure 22). While the fishery-independent indices of abundance had small average slopes upward across time, the fits to the indices are mostly flat, indicating a very little influence or the information content. The age data also seem to be weakly informative and contradictory to the signal in the index. Likelihood component analyses (Taylor et al., 2019) indicate length compositions to be the most informative data source. The estimates of spawning output are highly largely uncertain. Biologically, a big skate growth is slow to reach asymptotic size, thus having relatively more informative length compositions. Recruitment was not estimated in this model.

The removal of the length compositions demonstrated the largest effect on model outputs (Supplementary Figure 23) though given the already large uncertainty in the reference model spawning output was just within the confidence bound (Figure 6). Further examination of altering the available length composition data showed mostly conservative deviations from the reference model in case of the inclusion of no indices or age data, with even 1 year of length data being informative of model scale and relative abundance (Figure 6). The OFL estimate demonstrated the largest deviation from the reference model.





DISCUSSION

This study used two types of experiments to explore the possible use of catch and length data in age-structured models when reliable abundance indices and age composition are unavailable. The simulation study demonstrated that we can expect the unbiased estimates of key population quantities on average when including only catch and length data. The probability of an accurate parameter estimate for any given stock assessment generally increases with more years of length composition data, a higher sample size of length data, and for the stocks with a lower recruitment variability. A single year of length data was typically most biased and with the highest error, but 5 years of length data decreased the bias and error.

These results are applicable to data-moderate stocks worldwide. When stocks are lacking an abundance index, one option may be to compare the estimates of the stock status or an exploitation rate with catch- or length-only approaches, leaning on an ensemble of models to make management decisions. Pons et al. (2020) compared the bias and error of catch- and length-only methods in the estimation of their common output, exploitation rate if both catch and length are available without an abundance index. One takeaway of this exploration was that catch and length would ideally be used together in an integrated model. While the length-based integrated mixed effects model integrated catch and length data to estimate fishing mortality and recruitment deviations over time (Rudd and Thorson, 2018), the important features of age-structured populations such as multiple fleets, multiple sexes, and alternate selectivity functions (e.g., dome-shaped selectivity) are not implemented or thoroughly tested (Pons et al., 2019). Meanwhile, SS has a wide range of important features for modeling age-structured population dynamics that are well tested with an ongoing technical support from NOAA. Further, many catch-only approaches simply approximate a sustainable catch limit rather than model population dynamics (Carruthers et al., 2014). In cases of using catch-only methods to estimate stock status, they generally do not perform well (Free et al., 2020). With a few years of length data, SS-CL would likely improve the assessments previously relying on catch-only approaches.

In addition to improvements in the estimates of stock status, the integrated SS framework allows for the ability to consider model goodness of fit, residual analysis, retrospective analysis, and other diagnostics useful for considering the model choice and uncertainty. The ability to model the key aspects of abovementioned age-structured population dynamics along with statistical diagnostics makes it reasonable to relax the precautionary buffer between the OFL (e.g., MSY) and ABC (i.e., recommended catch limit). In the USA, only 11% of the OFLs and ABCs are calculated using data-moderate methods, compared with 30% using data-rich assessments and 59% using data-limited approaches (Newman et al., 2015). This may be due to the lack of approved data-moderate assessment approaches. With the approval of SS-CL for use in data-moderate assessments for the stocks managed by the Pacific Fishery Management Council, a large proportion of OFLs and ABCs set using data-limited approaches may upgrade to the data-moderate category, particularly when OFLs are approximated using catch-only approaches and recent length compositions are becoming available.

While SS may be used to model multiple fleets, areas, and sexes, the simulations in this study represent the simplified versions of fish stocks with only a single fleet operating in a homogenous area. Length compositions must be representative of the entire fishery to accurately inform the fraction unfished, and this task becomes more complicated with multiple fleets and selectivity (Sharma et al., 2014; Pons et al., 2020). Future simulation testing could help inform the potential issues using length and catch data only by exploring mis-specified selectivity forms, sex-specific growth rates for species with sexual dimorphism, and more life history scenarios. Comparison of simulation testing with systematic data reduction allows us to understand the impact of catch and length-only models from multiple practical angles.

The systematic data reduction study demonstrated that the length composition data proved a critical input to a variety of West Coast groundfish stock assessments. Length data were not just ancillary to other data types as models reduced to only length and catch histories, including those with short time series (10 years or less) of length compositions that retained much of the information of reference models. A big reason for this is that the length composition is a key input to estimating both fleet selectivity and recruitment variability in an age-structured stock assessment (Minte-Vera et al., 2017; Thorson et al., 2019). Shorter time series of length compositions would often offer simplified views of the past population dynamics but could still provide the informed estimates of the fraction unfished in the final model years (Thorson and Cope, 2015; Rudd and Thorson, 2018). The results here are encouraging for the use of length and catch models as viable data-moderate stock assessment candidates.

Meanwhile, it is most desirable to have all forms of data that are integrated and working together in a stock assessment, it is not unusual that different data types show weak and/or conflicting contributions of indices of abundance. Many stocks do not have scientifically designed abundance indices available; the fishery-dependent CPUE time series that are available subsequently suffer from a systematic bias or an insufficient contrast leading to large uncertainties, and thus a weak influence on model outputs. For stocks with a low-contrast standardized trawl survey index, the index had a limited influence on the model estimates. These stock assessments tend to behave similarly to length-only models, so there is a precedent for length-driven models to inform the West Coast fisheries management.

In instances where data sources such as abundance indices or length compositions are more influential, contradictory signals present real problems (Maunder et al., 2017). Data weighting is an important, nontrivial aspect of developing reference stock assessment models, and there is no way to do it (Francis, 2017; Punt, 2017). Thus, decisions are necessary to resolve contradictory data. Down weighting of certain likelihood components in favor of others is common but may instead mask important model misspecifications (Maunder and Piner, 2017; Wang and Maunder, 2017). The inclusion of multiple data types in an integrated model may cause additional challenges as data may have an influence on unrelated model processes (Piner et al., 2016), thus arguing for the specification of model parameters outside the model. One example is the establishment of life history values such as natural mortality or growth external to the model to better establish selectivity parameters, and subsequently exploring the model misspecification through sensitivity analyses. The decision to fix the life history parameters in these model comparisons is therefore a common practice, and also provided one level of experimental control in separating the effects of data exclusion rather than life history misspecification. This decision likely decreased the influence of age, and possibly length, composition to a certain extent, but was a trade-off to gain the interpretability of results. It is also possible that size compositions may hold limited information about the population trend, especially given the uncertainty in life history parameters (Minte-Vera et al., 2017) or should be down weighted to only inform selectivity (Sharma et al., 2014).

When length compositions were the only source of data, they tend to offer more conservative OFL estimates due to the changes in either the initial or final estimates of the stock size. The most conservative estimates generally arose in case of the availability of limited years of length data though the degree of this difference varies. The basic argument of including length compositions is that they provide the information on length-based selectivity, the fishing intensity, recruitment deviations, and the current fraction unfished. When the indices of abundance or age compositions are either unavailable or too resource-intensive to process, length plus catch models show the capacity to provide suitable estimates of sustainable catch. In most cases, length-only models were more conservative than the reference model in all examined model outputs, decreasing the chance that such models will lead to overfishing in the short term.

The stripping back of stock assessment data does not presume simpler models. Most of the model complexities were maintained across these data scenarios, and are not likely how one would specify a stock assessment model if truly faced with limited data. When data are sparse, parsimony is beneficial as the estimation of numerous selectivity parameters with little data may complicate the model convergence. How this would influence the comparisons that were not explored though keeping the model complexity high still resulted in reasonable results for the length-only models. Likewise, other simplifications were made, such as fixing life history parameters to the reference model, thus possibly reducing the amount of deviance from the reference model.

Similar to many stock assessments, future applications of SS-CL will be limited due to the difficulties in making the assumptions about fixed parameters and model structure. Mis-specifying key life history values, such as natural mortality, asymptotic length, or the CV in the growth curve, demonstrates the expected biases. Applications will turn to external studies or meta-analyses to inform the fixed values of growth, natural mortality, or steepness parameters. However, biases associated with fixing the life history values or potential estimation biases from confounding parameters would also be potential issues in any stock assessment and should always be considered. Analysts would also be alerted about the potential issues of parameter and model misspecification through convergence issues, as seen with the parameter misspecification in the simulation study, as well as likelihood profiling, residual diagnostics, and retrospective analysis (Carvalho et al., 2017).

The use of SS-CL, a viable application, as a stock assessment tool for fisheries with life history information, time series of removals, and as little as a snapshot or short time series of representative length compositions. A flow chart for using the SS-CL approach is given in the Supplementary Material. The technical support behind SS, well-tested features such as multiple fleets and sexes, and an integrated nature to include all data as they become available make SS-CL a viable stock assessment option for data-moderate stocks worldwide.
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Several data-poor stock assessment methods have recently been proposed and applied to data-poor fisheries around the world. The Mauritanian pink spiny lobster fishery has a long history of boom and bust dynamics, with large landings, stock collapse, and years-long fishery closures, all happening several times. In this study, we have used catch, fishing efforts, and length-frequency data (LFD) obtained from the fishery in its most recent period of activity, 2015–2019, and historical annual catch records starting in 2006 to fit three data-poor stock assessment methods. These were the length-based Bayesian (LBB) method, which uses LFD exclusively, the Catch-only MSY (CMSY) method, using annual catch data and assumptions about stock resilience, and generalised depletion models in the R package CatDyn combined with Pella-Tomlinson biomass dynamics in a hierarchical inference framework. All three methods presented the stock as overfished. The LBB method produced results that were very pessimistic about stock status but whose reliability was affected by non-constant recruitment. The CMSY method and the hierarchical combination of depletion and Pella-Tomlinson biomass dynamics produced more comparable results, such as similar sustainable harvest rates, but both were affected by large statistical uncertainty. Pella-Tomlinson dynamics in particular demonstrated stock experiencing wide fluctuations in abundance. In spite of uncertain estimates, a clear understanding of the status of the stock as overfished and in need of a biomass rebuilding program emerged as management-useful guidance to steer exploitation of this economically significant resource into sustainability.

Keywords: stock assessment, data-poor, LBB, CMSY, CatDyn, pink lobster, Mauritania


INTRODUCTION

The resilience of exploited marine species depends largely on their intrinsic capacity to react to increasing fishing pressure. In general, large slow-growing species with a high age at first maturity are more vulnerable to fishing, exhibiting a larger decrease in abundance for a given fishing pressure (Gislason, 2003; Reynolds et al., 2005; Meissa and Gascuel, 2014). Their exploitation can lead to a sudden collapse of the fishery as it has happened more than once in the pink spiny lobster fishery in Mauritania during its 50 years of exploitation. After 20 years of closure, a new active exploitation phase started in 2015 with a fleet that targeted the stock, and yet formal stock assessment has not been implemented to ensure sustainability, leading to high risks of repeating the errors of the past. This is a data-poor fishery and the time series of information available for stock assessment is short, thus, it provides a challenging opportunity to examine the advantages of several stock assessment methods for data-poor fisheries that have been proposed in recent years (Roa-Ureta et al., 2015, 2019; Froese et al., 2017, 2018).

The species occur at depths of 50–400 m and reproduce all year round with a peak between August and December (Dia et al., 2021). Reproduction and growth are linked to the moulting cycle. Lobsters periodically shed their exoskeleton to allow their body size to increase and for mating to occur. Males copulate with newly moulted females and the sperm is then stored internally until egg extrusion, which can be delayed for up to 2 years. When extruded, the eggs are fertilised and attached to the underside of the female, where they are carried for 9–11 months before hatching. The pink spiny lobster of Mauritania is vulnerable to exploitation due to its biological characteristics, among these attaining sexual maturity at a relatively large size (140–160 mm total length) and low fertility (in the order of 105 eggs). Its high commercial value has led, however, to a rush for its exploitation by vessels previously targeting octopus (Octopus vulgaris) that transformed into lobster boats and by newly chartered vessels. As a result, the number of fishing vessels increased rapidly from 5 in 2014 to over 22 vessels in January 2015. Fishing for this species was initiated by the French boats in 1956, following the decline of the green lobster fishery (Maigret, 1978), which until that year was the main target species for French, Spanish, and Portuguese fishers. The high market value of the pink spiny lobster caused its exploitation to increase rapidly. Its fishery went through three phases: a phase of excessive yields and collapse of landings between 1963 and 1970, a phase of reconstruction between 1971 and 1987, and the second phase of collapse between 1987 and 1988 (Diop and Kojemiakine, 1990). This second phase was a result of fishing agreements with the EEC (EU), which led to the intensification of fishing effort, with vessel numbers rising from 10 to 25. A concurrent escalation of poaching rapidly led to a new collapse of the fishery, and French boats left in 1990. Since 1995, the pink spiny lobster has been a by-catch of boats targeting demersal fish and cephalopods in Mauritanian waters (Goñi and Latrouite, 2005).

In 2006, improvement of the abundance index was noted in data from regular scientific surveys. However, the sampling protocols and gear used in these surveys were not adequate for the assessment of the abundance of the pink lobster. Despite the positive turn of the survey abundance index, the stock was not exploited again until 2013 when initially only two boats were active in the area. In November 2013, a craze for this species started with certain operators transforming their cephalopod vessels into lobster boats and others bringing newly chartered vessels into the area. The lack of knowledge about the potential of the stock in 2015 led authorities to commission an experimental fishery. Unfortunately, the high number of vessels authorised for the experimental fishery (22 vessels) in the first year caused a severe deterioration in the condition of the stock. In 2016, management introduced a closed period of 6 months, from July to December. As a result, very few berried females have been encountered in samples from the commercial catch, unlike in 2015 when fishing continued throughout the year.

A large majority of data-poor and small-scale fisheries remain un-assessed and these comprise a substantial part of total fisheries catch (Costello et al., 2012) and employment in the fishing sector worldwide (The World Bank, 2012). This has led to the development of new stock assessment methods that use less data and seek to provide results useful for management leading to sustainability (Froese et al., 2017, 2018; articles in Thorson et al., 2015). These methods differ in the data they use: the rationale they are based on, the assumptions they make, and the results they produce. A recent example of comparative application of data-poor methods is in the study of Maynou et al. (2021), where authors compared two methods to estimate the Pella-Tomlinson surplus production model. In this work, we aimed at examining the potential of three data-poor stock assessment methods, the length-based Bayesian model (LBB, Froese et al., 2017), the Catch-only MSY model (CMSY, Froese et al., 2018), and generalised depletion models combined with Pella-Tomlinson surplus production models (Roa-Ureta et al., 2015, 2019) to determine the exploitation status of the pink lobster stock in Mauritania. The data collected on the fishing activity over the period 2015–2019, which allows application of the three methods, are used to estimate the exploitation status and productivity of this lobster fishery. Our results provide useful insights into their applicability in the vast realm of the stock assessment of data-poor and small-scale fisheries.



MATERIALS AND METHODS


Description of the Fishery

The fishery is conducted on four fishing grounds off the coast of Mauritania, West Africa (Figure 1) by licenced boats that operate under an agreement with the national research institute (IMROP) to collect fisheries and biological data. At the start of the experimental pink lobster fishery in 2015, the number of lobster boats operating in Mauritanian waters was 22, ranging in length from 14 to 26 m and with a power rating of between 150 and 500 hp. This number increased from 20 to 25 units from 2016 to 2017 before dropping significantly in 2018 and 2019 to 14 and 12 vessels, respectively, following the withdrawal of the majority of chartered units.


[image: Figure 1]
FIGURE 1. Pink spiny lobster fishing areas off the coast of Mauritania. The National Park of Banc d'Arguin (PNBA) is a protected area where all fishing is banned.


At the beginning of the monitoring of the experimental fishery, the pink lobster fishery was carried out by coastal and offshore vessels using bottom-set, drop gillnets, with 180 mm stretched mesh size, 2 m high, and 25–40 m long. Vessels carried 10–18 sets of 400 nets. At the end of the first monitoring year, some effort control measures were introduced. The maximum length of each net was set at 40 m, the length of the whole set of nets deployed was set at a maximum of 1,600 m, and the maximum number of nets was set at 800. The gear used in the pink lobster fishery resulted in significant bycatch dominated by various demersal fish, scorpion fish, and crabs. Thus, for 1 kg of lobster caught, the by-catch varied from 1.04 to 14.5 kg. The pink spiny lobster is caught exclusively by vessels targeting this species and possessing a specific lobster-fishing licence, with little or no by-catch of pink spiny lobster in other fisheries. The pink lobster has been reported off Spain, Portugal, and Morocco, and it is also found in Senegal and Cabo Verde. In Mauritania, where this species was discovered and the only area where it is fished commercially, this species is found from north to south of the coastline (Figure 1).

Mauritanian regulations prohibit the capture and retention of gravid females and the retention of spiny lobsters whose total length is <23 cm. In addition, since 2016 a fishing ban extending from June to December each year was introduced to protect the main spawning seasons and to further restrict the magnitude of annual fishing effort. Catches at the start of the experimental fishery in 2015 were in the order of 704 tonnes and subsequently declined from 242 tonnes in 2016 to <200 tonnes in 2019.



Description of the Data

The data used in this study were collected during regular monitoring of fishing activities by scientific observers. These data consisted of total annual catch from 2006 to 2019, while from 2015 to 2019, the data included length composition of the annual catch (Figure 2), total monthly catch, total monthly fishing effort in days at sea, and mean monthly weight. Sampling was carried out by a cluster random method with ports, factories, and vessels as the three clusters in the population of fishing trips. The biological analyses were based on samples large enough (Figure 2) to secure a good representation of all size classes in the length range. Total length, measured from the origin of the inter-orbital spine to the end of the telson, and length of the cephalothorax, taken from the tip of the rostrum to the posterior border of the cephalothorax, were measured for each individual to the nearest millimetre. At the same time, all individuals were also weighed, their sex was noted, and the degree of sexual maturity of the females was recorded using the scale of macroscopic maturity proposed by Weinborn (1977) modified by Briones-Fourzan et al. (1997).


[image: Figure 2]
FIGURE 2. Length frequency data collected over 5 years of fishing operations on the pink spiny lobster fishery in Mauritania.




Data-Poor Stock Assessment Methods

Three data-poor stock assessment methods were implemented. The first method was the LBB method (Froese et al., 2018). The LBB method works with length-frequency data (LFD) in the catch. It makes the assumptions that recruitment is constant along with the time series and that growth follows von Bertalanffy's equation to analyse the descending slope of the LFD (Wang et al., 2020). It produces estimates of length at first capture that would maximise catch (LC), the ratio of natural mortality to the rate parameter in von Bertalanffy's equation (M/k), and the ratio of fishing mortality to the growth rate parameter (F/k), while the value of the asymptotic length in von Bertalanffy's growth model is fixed at a value obtained from a separate biological analysis based on LFD in FISAT II (Dia et al., 2021).

In LBB, it is assumed that the growth in length follows Von Bertalanffy (1938) growth equation in the form given to it by Beverton and Holt (1957), i.e.,

[image: image]

where Lt is the length at age t, L∞ is the asymptotic length, K is the rate at which Linf is approached, and t0 is the age at zero-length (Froese et al., 2018). When the fish are fully selected by the gear, the curvature of the right side of catch samples is a function of total mortality (Z = M + F) relative to K. This curve is expressed by the equation
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where NL is the number of survivors to length L, NLstart is the number at length Lstart with full selection, and Z/K is the ratio of the total mortality rate Z to the somatic growth rate (Froese et al., 2018). The lengths affected by partial selection are a function of the fishing gear (in this study assumed to be a trawl or another gear with a trawl-like selection curve), as given by the ogive described by Equation (3):
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where SL is the fraction of individuals that are retained by the gear at length L, and α describes the steepness of the ogive (Froese et al., 2018). The parameters of the selection ogive are estimated at the same time as Lc, α, M/K, and F/K by fitting
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and
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where Li is the number of individuals at length i, Li−1 is the number at the previous length, C refers to the number of individuals vulnerable to the gear, and all other parameters are as described above (Froese et al., 2018). Finally, the following equation describes the framework for approximating stock status from L∞, M/K, F/K, and Lc (Froese et al., 2017). First, given the estimates of L∞ and M/K, Lopt, i.e., the size at which cohort biomass is at maximum, can be obtained from Equation (6):
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Based on Equation (6) and given fishing pressure (F/M), the mean length at first capture, which maximises catch and biomass (Lc_opt), can be obtained from
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Estimates of Lc_opt are used below to calculate a proxy for the relative biomass that can produce MSY (Froese et al., 2018). The relative biomass and the length at first capture estimated by LBB can then be used directly for management of data-poor stocks: if relative stock size B/B0 is smaller than BMSY/B0, catches should be reduced; if, on the other hand, the mean length at first capture Lc is smaller than Lc_opt, fishing should start at larger sizes. The method was implemented within the Bayesian Gibbs sampler software JAGS (Plummer, 2003) and executed using the statistical language R (R Core Team, 2020) to fit observed proportions-at-length. This method was also used to generate current biomass priors as input to implement the second method, the catch-only CMSY method (Froese et al., 2017).

The CMSY method uses annual catch time series and previous knowledge of resilience to estimate parameters of Schafer's surplus production model, namely, the intrinsic rate of population growth r and the carrying capacity of the environment K. The basic biomass dynamics are governed by Equation (8):
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It assumes that r, the initial relative biomass (B0/K), and the final relative biomass (Bcurrent/K) are known in qualitative terms (high, intermediate, or low) and that the value of K varies between (maximum catch)/r and 4*(maximum catch)/r or between 2*(maximum catch)/r and 12*(maximum catch)/r depending on the level of biomass in the last year. Because the CMSY method can only be applied with Schaefer's model, it also assumes a symmetric production function, i.e., that the biomass that produces the MSY is K/2 and the MSY is rK/4. In Equation (8), By+1 is the exploited biomass in the subsequent year y + 1, By is the current biomass, and Cy is the catch in year y. To account for depensation or reduced recruitment at severely depleted stock sizes, such as predicted by all common stock-recruitment functions (Beverton and Holt, 1957; Ricker, 1975; Barrowman and Myers, 2000), a linear decline of surplus production, which is a function of recruitment, somatic growth, and natural mortality (Schnute and Kronlund, 1996), is incorporated if biomass falls below ¼ k (Equation 9).
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The term (4*Bt/k) assumes a linear decline of recruitment below half of the biomass that is capable of producing MSY. The CMSY method is coded as an R script (CMSY_2019_5.R) and the version used here is a newer version than the one used in the original paper (Froese et al., 2017). The main differences are faster execution because of parallel processing and more emphasis on management, e.g., by adding an optional Kobe plot.

The third method was an implementation of the non-Bayesian hierarchical inference framework that combines a first stage of fitting generalised depletion models and a second stage of fitting the Pella-Tomlinson-generalised surplus production model (Roa-Ureta et al., 2015, 2019). This method employs catch, effort, and mean weight data at monthly time steps to fit open-population depletion models in the R package CatDyn (Roa-Ureta, 2019) and then uses annual biomass estimates from these depletion models as input to fit the Pella-Tomlinson surplus production model using a marginal-estimated likelihood function in Automatic Differentiation Model Builder (Fournier et al., 2011). The open-population nature of generalised depletion models consists of allowing for multiple exogenous inputs of abundance that occur during the fishing in multi-annual, monthly time series of data. This in turn allows consideration and estimation of the annual recruitment pulses that enter the vulnerable stock. Specifically, at the first stage of fitting the 72 months of catch and effort with a generalised depletion model, the model was a single-fleet process of the form:
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where t is the month (from January 2015 to December 2019), C is the predicted catch, k is the scaling (akin to catchability but for non-linear catch rate and abundance models), E is the observed fishing effort (in the number of days fishing per month), N0 is the initial abundance (at the end of December 2014), M is the natural mortality rate per month, and Rj is the magnitude of the recruitment pulse in year j (j = 1–5) due to growth of lobsters into the size retained by fishers. In this model, k, α, β, N0, M, and the five Rj (totaling 10 parameters) are estimated by maximum likelihood by assuming that the observed catch χt has a normal distribution, with mean given by Equation (10) and variance estimated in the model from the data. Further details can be found in the study of Roa-Ureta (2015). The model is implemented in the R package CatDyn, currently on version 1.1-1 (Roa-Ureta, 2019). After estimation, it is possible to predict further results such as the time series of fishing mortality Ft for all months in the data by numerical solving for F at each time step using the Baranov catch equation. Furthermore, CatDyn also produces estimated time series of abundance Nt and biomass Bt for all months in the time series of data.

These biomass estimates can then be used, along with a longer time series of annual landings, to estimate a surplus production model much like absolute biomass estimates from surveys can be used to fit a surplus production model (Mueter and Megrey, 2006). Thus, in this third method for data-poor fisheries, we use 1 of the 12 monthly biomass estimates per year from the fit of the depletion model, particularly the monthly biomass estimate with the smallest average standard error, to fit a Pella-Tomlinson surplus production model. The Pella-Tomlinson model is the general case to which the Schaefer model is a particular case. We fitted a Pella-Tomlinson model of the form:
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where y is the year (from 2006 to 2019), B is the biomass predicted by the model, r is the intrinsic rate of population growth, K is the carrying capacity of the environment, p is the symmetry of the production function, and χ is the observed annual catch. This model was fitted to biomass estimates from the depletion model for years 2015–2019 using a hierarchical inference method based on maximising a marginal likelihood function (Roa-Ureta et al., 2015).

The combined depletion and surplus production model does not make any assumption about population dynamics or life history, except for the mathematical forms in Equations (10) and (11). This method is not exclusively a data-poor method; it can be applied to long-time series of efforts and catch and samples of the mean weight in the catch at weekly or monthly time steps (Roa-Ureta et al. 2015, 2019). In this application, however, it is applied to just 5 years of data (2015–2019) to fit the depletion models at the first stage. At the second stage, the 5 years of data were supplemented with a longer time series of annual catch (2006–2019). So in this instance, the non-Bayesian hierarchical inference was implemented at the boundary of low information for the Pella-Tomlinson model.

At the first stage, when fitting open-population depletion models, this method needs to estimate the month of annual recruitment of each of the 5 years of monthly catch, effort, and mean weight data. We fitted 10 model variants by setting the 5 recruitment months at varying locations for each year along with the time series. These 10 variants were defined by examining, for each year, the few months with higher catch without a proportionate rise in fishing effort. The higher catch without concomitant raise in effort could be the result of recruitment to the size retained by fishers so that these months are good candidates. Each of the 10 variants was fitted with two likelihood functions, one was the full normal likelihood and the other was its adjusted profile approximation (Roa-Ureta, 2015), for a total of 20 model variants. We tried four numerical methods for optimization to maximise the likelihood function, namely, we used the spectral projected gradient (SPG), Conjugate-Gradient (CG), Broyden-Fletcher-Goldfarb-Shanno (BFGS), and the Nelder-Mead methods, which give a grand total of 80 model variant-optimization method combinations. The best variant-method combination was determined as the one with the least AIC and more conservative biomass estimate. A full description of this method can be found in the study of Roa-Ureta et al. (2019) and references therein.




RESULTS


LBB Method

According to this method, the relative fishing mortality F/M for the male individuals is 4.4 in the most current year, biomass in the same year is just 8% of initial biomass, and 21% of biomass at MSY (Figure 3). These indicators represent a stock that is severely overfished and still experiencing overfishing. Equivalent results were obtained when using aggregated length frequency (LF) data or males LF data.


[image: Figure 3]
FIGURE 3. Top-left: aggregated length frequency (LF) data and priors for Lc, Linf, and Z/k. Top-mid and top-right: dots are the LF data for the first and last years, and the red line is the fit of the data to the LBB master equation. Bottom-left: mean length (Lmean, bold black curve) relative to Lopt, and Lc (dashed black curve) relative to Lc_opt. Bottom mid: relative fishing mortality F/M (black curve), with approximate 95% credibility limits (dotted lines), and reference level (F = M, green horizontal line). Bottom right: relative biomass B/B0 (black curve) with approximate 95% credibility limits (dotted black curves), and a proxy for BMSY (green dashed line), and a proxy for Bpa or 0.5 BMSY (red dotted line).




Catch-Only MSY Method

Assumptions about the range of values for r determined a range of 95% credibility interval estimates for MSY, from a minimum of 71 tonnes to a maximum of 402 tonnes (Table 1). The largest spread of estimates occurs with r, four times higher when assuming r between 1 and 1.5 than when assuming r between 0.1 and 0.5. Interestingly, biomass in the last year is at about the same percentage of BMSY under the three scenarios of r, i.e., around 40–50%.


Table 1. Estimates and 95% credibility intervals (in parentheses) from a Schaeffer surplus production model fitted to annual catch data (14 years) of the pink spiny lobster of Mauritania with the CMSY method, under three assumptions about the range where the true r should lie.

[image: Table 1]

Under the CMSY method, there is no objective manner to discern among results obtained from different assumptions of the range where the true r should lie, as is the case in the present study. However, here we present further results from the assumption that the true r should lie between 1 and 1.5 because the third stock assessment method employed, which does not make any assumption about the values of its parameters, estimated r between 1 and 1.5 (see below). Under this assumption, the stock was under fished until 2013, it experienced severe overfishing in 2015, and then removals have been closed to the MSY until 2019 (Figure 4, top left). The stock is still overfished, with biomass at just 50% of the BMSY (Figure 4, top right), and still experiencing overfishing, with fishing mortality above FMSY (Figure 4, bottom).


[image: Figure 4]
FIGURE 4. The upper left panel shows catch relative to the 95% confidence interval of MSY, with an indication of 95% credibility limits in grey. The upper right panel shows the development of relative total biomass (B/BMSY), with the grey area indicating uncertainty. The lower left graph shows relative exploitation (F/FMSY), with FMSY corrected for reduced recruitment below 0.5 BMSY. The lower right panel shows the trajectory of relative stock size (B/BMSY) as a function of fishing pressure (F/FMSY).




Hierarchical CatDyn and Pella-Tomlinson

Sixteen of 80 generalised depletion models fitted to the 60-month-long time series of catch and effort data achieved successful numerical convergence. These models differed in the timing of annual recruitment, the likelihood model, and the numerical optimization method. The lowest AIC model among those fitted with the full normal likelihood had recruitment pulses happening in November in all years (2015–2019), with 4 AIC units less than the next best normal-likelihood variant. Among those fitted with the adjusted profile normal likelihood, two were tied with the lowest AIC, with 2 AIC units less than the next best variant, and 1 of these 2 units had all recruitment pulses happening in October in all years, while the other had recruitment pulses on various other months. Considering that both the normal and adjusted profile normal variants had the best models with recruitment pulses in October each year and that the model with the normal likelihood (fitted with the SPG numerical optimization method) was also the most conservative model (i.e., it estimated lower stock biomass) and had good numerical properties (all numerical gradients < 1), we selected the latter as the best working model.

The selected model fitted the observed monthly catch data well, with good residual diagnostics that include a symmetrical empirical distribution, a shapeless cloud, and a quantile-quantile plot falling on the 45° diagonal (Figure 5). Nevertheless, the short-time series resulted in the inability of the numerical method to calculate standard errors for most of the 11 parameters in the model, such as natural mortality and abundance parameters (Table 2).


[image: Figure 5]
FIGURE 5. The fit of the best variant of generalised depletion models to 60 months of catch and effort (2015–2019) of the Mauritanian pink spiny lobster fishery. Top panel: observed and predicted catch; lower panels, left to right: residual distribution, residual cloud, and q-q plot.



Table 2. Maximum likelihood estimates of 11 parameters of the generalised depletion model with recruitment happening in October each year, fitted to catch and effort data of the pink spiny lobster fishery in Mauritania, in CatDyn R package.
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The estimated monthly natural mortality rate implies an annual rate of 0.3228, which in turn implies longevity of 14 years according to Hoening's empirical relationship (Hoening, 2005). This agrees well with the previous results from Sow et al. (2019) which reported observing individual lobsters reaching 18 years and with Maigret (1978) where it is found that the pink lobster may live up to 21 years. Recruitment varies 5-fold and has an increasing trend towards the present while effort response and abundance response parameters correspond to fishing that is saturable (effort response < 1) and mildly over depleted (abundance response > 1; Table 2).

The monthly instantaneous exploitation rate has been decreasing slightly in 2019 but it has been high during the whole period, starting at 60% in 2015 and dropping to around 50% in 2019 (Figure 6, top panel). There appears to be an increase in recruitment following a year when the number of months without fishing increases (Figure 6, bottom panel).


[image: Figure 6]
FIGURE 6. Monthly instantaneous exploitation rate (top panel) and the relationship between months without fishing in a year and recruitment next year with estimated fishing mortality, total mortality, and recruitment from generalised depletion applied to the Mauritanian pink spiny lobster fishery.


Monthly pink spiny lobster biomass estimates from generalised depletion models are shown in Figure 7 (green line). Among these, October estimates (green dots) had the lowest standard errors so these estimates were used to fit the Pella-Tomlinson annual biomass dynamics.


[image: Figure 7]
FIGURE 7. Annual population dynamics of the pink spiny lobster stock in Mauritania according to the Pella-Tomlinson surplus production model. Note that CatDyn and Pella-Tomlinson biomass values are located in October of each year (10/12 fraction of a year) whole the catch bars are located in January.


The annual population dynamics as represented by the Pella-Tomlinson surplus production model has a tendency to strong fluctuations in abundance under fishing pressure (Figure 7). During periods of low annual landings, such as 2010–2013, the stock maintains a fairly stable size at ~2,500 tonnes, but when landings increase as it happened from 2014 to 2019 the stock fluctuates widely.

The high value of the symmetry parameter p (Table 3) causes that the stock biomass maximising the growth rate is high biomass, much higher than K/2, and therefore stock productivity is low compared to stock biomass. This is reflected in a modest sustainable annual harvest rate, the mean latent productivity, amounting to just over 300 tonnes (Table 3). This sustainable annual harvest rate was substantially exceeded in 2015.


Table 3. Maximum likelihood estimates of four free parameters of the Pella-Tomlinson surplus production model and derived estimate of mean latent productivity as a sustainable annual harvest rate.
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Although biomass fluctuations seem stable, with no increasing or decreasing trend in annually averaged biomass, they had a very wide amplitude in recent years. In fact, the lowest biomass was obtained in 2017, and it was close to the recorded catch. These wide fluctuations mean that despite annual catches close to the sustainable annual harvest since 2016, the stock still is overfished and needs to rebuild biomass to a level that produces narrower oscillations when the sustainable harvest rate is applied. All estimates from this model have poor precision, an expected outcome given the few years available to fit depletion models and then to inform Pella-Tomlinson population dynamics.




DISCUSSION

The three methods found the stock overfished but they differed substantially in important aspects. The LBB method presented the stock in the worst condition. This method however assumes that recruitment is constant for all years in the time series of LFD. This is unlikely to be true considering the large catch spike of 2015, about three times higher than in any other year. Such a large spike in removals should have affected the spawning biomass. The depletion model does not make assumptions about recruitment, and it estimates a recruitment time series with a 55% coefficient of variation, the highest recruitment being five times the lowest recruitment and a trend of increasing recruitment from 2015 to 2019. Therefore, we consider that estimates from the LBB method are unreliable in this application.

The Catch-only MSY is a Bayesian model, so it is very important to present the independent knowledge about the stock (the history of the fishery) and derive from it the priors for relative biomass. In this case, that applies mostly to the start and intermediate biomass. The range of 0.9–1.0 for start biomass says the stock was practically unexploited in 2006. The range of 0.5–0.9 in 2015 indicates the start of the full fishery, probably already overexploiting the stock. The low biomass prior to 0.01–0.4 in 2019 is supported by the disappearance of larger lobsters and by the length-frequency analysis by LBB. The latter delivered the end biomass prior to CMSY.

The CMSY and the hierarchical CatDyn and Pella-Tomlinson fits resembled each other more in the diagnostics of stock status. Both methods found that catches of the last 4 years have been close to sustainable annual catches. They also produced close estimates of r (when the CMSY method assumed r between 1 and 1.5) and the sustainable annual harvest. The fact that MSY and latent productivity estimates were close is relevant because those estimates have direct management utility. The two methods differed in other important respects. The CMSY method projected a still decreasing biomass and rising exploitation (F/FMSY), while the hierarchical Pella-Tomlinson showed a stock experiencing stable biomass fluctuations with wide amplitude and slowly decreasing exploitation rate (F/Z). It should be noted that the CMSY has a tendency to overestimate fishing mortality and underestimate biomass when its results are tested against estimates from data-rich studies when depletion priors are not reliable (Bouch et al., 2020). Another aspect that resulted in similar results of these methods is statistical precision. Both CMSY and the hierarchical combination of CatDyn and Pella-Tomlinson yielded very imprecise estimates. On the one hand, the sustainable harvest rate from the CMSY method fell within a range of credibility intervals where the upper bound was nearly six times higher than the lower bound, considering all three assumptions for the range of r. The hierarchical combination of CatDyn and Pella-Tomlinson, on the other hand, yielded a sustainable harvest rate with a coefficient of variation close to 350%. These results confirm previous mythological studies with data-poor fisheries, which concluded that statistical precision of estimates will be a major shortcoming in the expansion of stock assessment techniques to data-poor fisheries (Maynou et al., 2021). One encouraging result though for the particular case studies in this work is that the CMSY method and the hierarchical combination of CatDyn and Pella-Tomlinson produced close estimates, albeit imprecise, of the sustainable harvest rate, 266 tonnes from the former and 309 tonnes from the latter. This coincidence notwithstanding, it appears that in general, the stock assessment of data-poor fisheries will require not just methods suited to fewer data but also, more efforts to collect data.

A biological reference point obtained for pelagic fish sets 40% as the maximum instantaneous exploitation rate (F/Z) that maintains spawning biomass at safe levels (Patterson, 1992). Generalised depletion models showed that the instantaneous exploitation rate has been decreasing since 2015 but this reduction is very gradual and slow, still well over Patterson's 40% empirical boundary. Since this biological reference point was developed for species that grow and reproduce rapidly, in just a few years, it is safe to assume that the bound is even lower for the long-lived pink spiny lobster stock. Thus, from the point of view of the instantaneous exploitation rate, the stock is most likely still overfished. The overfished status is also apparent in both, the dropping biomass presented by the CMSY method and the widely fluctuating biomass presented by the Pella-Tomlinson model. Therefore, in spite of the large statistical uncertainty in all estimates from CMSY and the hierarchical combination of CatDyn and Pella-Tomlinson, on account of the scarcity of data, it seems safe to conclude that the stock is overfished and there in need of a biomass rebuilding program.

Although the LBB method returned an apparently excessively pessimistic outlook for the status of the stock probably because it was affected by varying recruitment during the period of study, its estimate of the optimum size at first capture deserves consideration as a separate and potentially useful estimate. Regulations in Mauritania establish a minimum landing size of 83 mm of cephalothorax length, which is based on the smallest mature female observed. This is much lower than the estimated optimal size at first capture, which amounted to 140-mm cephalothorax length. Examination of the length-frequency data in Figure 2 shows that establishing a 140 mm minimum landing size would leave most of the stock inaccessible to fishers, and it is probably also an overestimate of the true optimal entry size. Nevertheless, the large difference between the current regulation and the estimate of optimal entry size by the LBB method suggests that the current regulation could be too permissive. Rising entry size could also be considered along with other management measures that would seek to rebuild stock biomass. For instance, instead of the size of the smallest mature female, regulations may establish the female size at 50% maturity as the minimum landing size.

In 1958, the fishing effort was moderate, presumably around 1,800 fishing days per year. The total annual catch was then about 800 tonnes, giving a catch per day and per boat of almost 450 kg, more than enough to ensure the economic viability of the fishery. A development plan for the fishery was then set up in 1962, with the support of substantial international funding. The fishing effort was multiplied by seven (more than 12,000 boat days) and production reached 3,500 tonnes. In the following years (1963–1966) and following overexploitation of the stock, the catch-per-unit effort (CPUE), which had already been declining since 1959, was halved and then reduced to a quarter between 1967 and 1970 to reach 100 kg per boat per day, and total production fell to <200 tonnes. It was then necessary to wait about 10 years with a low fishing effort to allow the stock to recover and return to its original state. The quantities declared from 1968 to 1988 varied from 200 to 943 tonnes (in 1987). In 1988, the stock experienced its second overexploitation, and vessels targeting this species were converted to fish for other species. From 1992 to 2013, the reported catches were low or zero and originated from the by-catch of vessels targeting other species. Considering that the data from the last few years (2015–2019) and both the CMSY and the hierarchical method estimate around 300 tonnes as the sustainable harvest, it is apparent that the stock has become much less productive or that the exploitation has nearly always been either excessive or nil, a boom and bust dynamics. Indeed the CMSY showed a reduction by four of the biomass of the lobster over the last years. We hypothesise that it is possible to achieve a stable and sustainable fishery for the pink spiny lobster in Mauritania after rebuilding its biomass and then setting provisional catch limits that accord with the findings in this work while continuing the collection of catch, effort, and length-frequency data to reduce statistical uncertainty in stock assessment estimates.
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INTRODUCTION

Inter-generational loss of information relating to marine resource exploitation leads to shifting baselines (Pauly, 1995; Pinnegar and Engelhard, 2007), which have direct consequences for fisheries management and livelihoods opportunities. Historical data provide a means of regaining that information (Jackson et al., 2011; Cardinale et al., 2015; Fortibuoni et al., 2017) and are increasingly incorporated into assessments of change (Lotze and Milewski, 2004; Eddy et al., 2010; Gianelli and Defeo, 2017). Through improved knowledge of past environmental states and resource use dynamics, there is demonstrable evidence that historical data brings value to modern marine policy and management in both national and regional contexts (Jackson et al., 2011; Engelhard et al., 2016; Fortibuoni et al., 2017).

Despite this, historical data are not commonly incorporated into such frameworks for several reasons. Most notably, historical data are difficult to collect. Records may exist in a variety of languages, accessible only as physical documents, widely dispersed among archives and institutions, require special permissions to access, or occur in obfuscating formats (Lotze and Milewski, 2004; Rose et al., 2009; McClenachan et al., 2012). Furthermore, the challenge of standardising unfamiliar data, such as non-metric weights and pre-decimal currencies, to enable interpretation in modern contexts, presents a barrier to their use (Lotze and Milewski, 2004; Bainbridge and Hulme, 2014; Tesfamichael et al., 2014). Funding barriers also exist, which hinder government agencies in addressing these challenges (McClenachan et al., 2012).

The inherent challenges of accessing and analysing historical data are particularly germane for agencies concerned with fisheries management in the Pacific region (Gillett and Tauati, 2018). Historical data of relevance to fisheries were rarely published or disseminated and, where extant, records are less accessible from within the region than from outside (Flores, 1984; Blanchet, 1990). Lack of coherent information policies (SPC, 1988; Blanchet, 1990) coupled with poor conservation of public records (Bell, 2003; Rose et al., 2009) has generated an abundance of isolated reports which are now only available from repositories of formal colonial authorities and international agencies. Compiling existing information into a usable, inter-operable data format, supporting multi-disciplinary use, has long been a regional priority, particularly for fisheries supporting livelihoods (SPC, 1988; Blanchet, 1990; Halford et al., 2021).

For a substantial part of the Pacific region, livelihoods are partly or wholly dependent on fishing for food security and income generation (Dalzell et al., 1996; Gillett and Tauati, 2018; Andrew et al., 2019). While artisanal fishing for subsistence has occurred for millennia (Swadling, 1976, 1977; Szabó and Amesbury, 2011), escalation of exploitation for both subsistence and export markets has occurred in the last several decades or centuries (Dalzell et al., 1996; Gillett and Lightfoot, 2001). Since the introduction of colonial capitalist economies to the region (ca. 1800s) (Cariño and Monteforte, 2009), export-driven mother-of-pearl (MoP) fisheries, which target pearl oysters (Pinctada spp.), greensnail (Turbo marmoratus), and trochus (Rochia nilotica) for their nacreous shells, have made and continue to make important contributions to household earnings (Hawes et al., 2011; Purdy et al., 2017; Vieira et al., 2017; Gillett et al., 2020; Purcell et al., 2021). With past exploitation inevitably influencing the status of present-day populations of these commodities (Berzunza-Sanchez et al., 2013), resulting in local depletion in some cases (Chesher, 1980; Kelso, 1996; Kile, 2000; Pakoa et al., 2014), there is scope for historical data to provide valuable insight into the scale, nature, and timing of human influences on MoP fisheries.

To support the use of historical data by agencies concerned with managing MoP fisheries, we present a quantitative, standardised, and quality-validated dataset covering over 130 years (1888–2019) of MoP exports from a key producer in the Pacific region; Papua New Guinea (PNG). Both the size and economic importance of MoP fisheries in PNG (Purdy et al., 2017; Vieira et al., 2017; Gillett et al., 2020) have motivated the collaborative effort presented here, which aims to raise awareness and expand access to existing historical information of consequence to national and regional marine policy and management (Anon, 2017; SPC, 2019). Specifically, weight, value, and value tonne−1 of MoP exports from PNG are presented as time-series from the onset of commercial fishing in 1888 to present (2019).



METHODS


Data Collection

Data were collected from two sources: (1) physical records and (2) the electronic data management system maintained by PNG National Fisheries Authority. A complete list of physical records from which data were collected appears in the Record Availability section.

Data pertaining to MoP exports were commonly reported as part of annual trade summaries representing a 12-month period. In 1903 and 1978, however, trade summaries represented a 21 and 16-month period, respectively, as a result of fiscal to calendar year transitions in reporting. For these years, data were discounted to a 12-month period through multiplication with the appropriate fraction (e.g., 12/21 or 12/16). In cases where data were reported monthly (e.g., government gazettes) or quarterly (e.g., statistical bulletins), data were summed to derive an annual datum for the corresponding reporting year. Similarly, where data were reported separately for past administrative divisions of PNG (colonial administrations of British New Guinea/Territory of Papua and German New Guinea/Territory of New Guinea), data were summed to derive an annual datum for the whole nation. Data pertaining to both weight and value of MoP exports were collected, when available. Where records contained both weight and value data, value tonne−1 was calculated.

The most definitive datum was chosen where multiple records reported data for a given reporting year with varying levels of precision (e.g., 2,797 cwt in one record was truncated to 140 tonnes in another). If data variability between records exceeded what could reasonably be attributed to truncation (evaluated using floor and ceiling functions), the mean ± 95% confidence interval (CI) of available data was calculated to represent the annual datum for the corresponding reporting year.

Taxonomic resolution of data was maintained where possible. Records commonly reported exports for pearl oysters, greensnail, and trochus separately, although some records reported the export of unspecified MoP in addition to, or in place of, the taxa-specific categories. The sum of all categories against which MoP exports were reported for a given reporting year was taken to represent the total MoP exported for that year.

Disaggregation of MoP exports based on processing (i.e., unprocessed shell or buttons) or origin (i.e., aquaculture or fisheries) was not possible as record specificity precluded such differentiation.



Interpolation

For some reporting years, data were unavailable for part or the entirety of PNG. Data pertaining to the value of MoP exports were available for 129 years (97.7% coverage) of the 132-year period covered by our dataset. Omissions were due to a loss of records associated with military occupations during WWI (1914) and WWII (1942 and 1946). Missing data were derived through linear interpolation, given by the equation
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where the value of exports (E) for a given year (Y) is linearly proportional to the nearest preceding (Ya) and proceeding year (Yb) for which the value of exports was known.

Data pertaining to the weight of MoP exports was available for 115 years (87.1% coverage) of the 132-year period. The difference in coverage between value and weight data was the result of annual trade summaries irregularly reporting the weight of MoP exports between 1900 and 1922. Where omitted, weight was calculated by dividing the value of exports for that year (a known value) by an estimate of their value tonne−1, derived through linear interpolation (Equation 1). This approach, rather than interpolating weight directly, was chosen because the year-on-year variation in the value tonne−1 of exports was substantially less than the variation in weight (Figure 1), making value tonne−1 the more appropriate metric to interpolate.


[image: Figure 1]
FIGURE 1. Visualisation of the annual (A) weight, (B) value, and (C) value tonne−1 of mother-of-pearl (MoP) exports from Papua New Guinea between 1888 and 2019. Total MoP exports are differentiated as pearl oysters (Pinctada spp.), greensnail (Turbo marmoratus), and trochus (Rochia nilotica) for reporting years with a reasonable degree of accuracy (i.e., unspecified MoP accounted for <10% of exports). Shading identifies the 95% confidence interval. Data partly or entirely derived through interpolation are marked in red and the relative contribution of interpolated data to the weight and value of total MoP exports indicated as a percentage. Data can be accessed as described in the Dataset section.




Standardisation

The system of currency operating within PNG changed frequently (Mira, 1986), with values recorded in pound sterling (1888–1909), goldmark (1898–1913), Australian pound (1910–1966), Australian dollar (1966–1975), and kina (1975–2019). As these currencies were not directly comparable, values were converted and denominated in terms of a base currency. We adopted the current legal tender of PNG, kina (ISO 4217: PGK), as the base currency following precedent of prior studies (Glucksman and Lindholm, 1982; Wright, 1986).

Values recorded in demonetised currencies were expressed as PGK based on appropriate conversion rates. The Australian pound replaced the pound sterling at par, while the Australian pound replaced the goldmark at a conversion of 1 to 20.50 (Mira, 1986). Subsequently, the Australian dollar replaced the Australian pound at a conversion of 2 to 1, and then the PGK replaced the Australian dollar at par (Mira, 1986).

To standardise values across time, nominal values were adjusted for inflation using price indices representative of temporal changes in consumer prices in the local economy. Specifically, we used the Retail Price Index Numbers, Long-Term Linked Series (1888–1962) published by the Australian Bureau of Statistics (Castles, 1994), the Retail Price Index (1962–1971) published by the Australian Department of External Territories (Australia, 1972), and the Consumer Price Index (1971–2019) published by World Bank (2021) to adjust nominal values to 2019 PGK. Real values are reported as 2019 PGK alongside the 2019 United States dollar (ISO 4217: USD) equivalent, based on an exchange rate of 1 USD to 3.3875 PGK.

Weight was standardised as metric tonne, converting weights recorded in the imperial system of units as hundredweight (0.0508 tonne) or long ton (1.01605 tonne).



Dataset

Centralised reporting of MoP exports from PNG began in 1888, coinciding with the arrival of commercial pearling fleets (British New Guinea, 1889; Moore, 2000). Our dataset tabulates the standardised weight (tonnes), value (2019 PGK / USD) and value tonne−1 (2019 PGK/USD) of MoP exports annually from this point until 2019, on the basis of the reporting year (Figure 1). The relative contribution of interpolated data to a given reporting year is denoted as a percentage to indicate the extent data approximates actual exports. Similarly, the relative contribution of unspecified MoP exports to a given reporting year is denoted as a percentage to indicate the extent data for taxa-specific (i.e., pearl oysters, greensnail, trochus) categories may reflect actual exports.

The dataset is accessible through an unrestricted repository, USC Research Bank [DOI 10.25907/00080], and Research Data Australia [https://researchdata.edu.au/mother-of-pearl-1888-2019/1734519]. The source data underpinning the constructed dataset can also be retrieved, redacted as an XLS file, using the same accession link.




QUALITY-VALIDATION OF THE DATASET

In working with historical data, two aspects of selection bias must be addressed: (1) the degree to which collected data represent the wider record collection from which records were drawn; (2) the degree to which the collected data reflect actual history (Inwood and Maxwell-Stewart, 2020). Independently constructed time-series for MoP fisheries of PNG and neighbouring Pacific nations allows quantitative assessment of such biases, permitting quality-validation of our dataset.

Four-decades ago, Glucksman and Lindholm (1982) constructed time-series for MoP exports from PNG between 1948 and 1976. Their data, from undisclosed sources, were very highly correlated (Pearson's distances: dcor ≤ 0.05, r > 0.99, and p < 0.001) with our dataset for the period of overlap, showing near-identical trends and remarkably similar magnitudes (Supplementary Figure 1). Agreement between these two successive efforts demonstrates replicability and implies fairly homogenous data among records for this period.

In contrast, heterogeneous data among records for MoP exports from PNG between 1980 and 1993 is a known problem (Kailola, 1995). By presenting the mean ± 95% CI of collected data for this period, our dataset accurately reflects the variability among accessible records, thus, managing potential bias from record selection.

Comparison with the FAO Global Production database shows our dataset largely agrees with FAO's “best scientific estimates” (Garibaldi, 2012) of trochus and pearl oyster production for PNG (Figure 2). The reported weight of trochus production by FAO for periods 1953 to 1968 and 1985 to 2018 were highly correlated (Pearson's distance: dcor0.55, r = 0.85, and p < 0.001) with the weight of trochus exports presented in our dataset. In comparison, the weight of pearl oyster production is reported by FAO for only a single period (1988–2018) and had a moderate correlation (Pearson's distance: dcor 0.85, r = 0.64, and p < 0.001) with the weight of pearl oyster exports presented in our dataset. While disagreement with FAO estimates for missing data is understandable, the substantially greater weight of pearl oyster exports in 2011 and 2012 (Figure 2B) likely results from pearl oyster exports of aquaculture origin which should be excluded from the FAO data (Garibaldi, 2012).
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FIGURE 2. Annual weight of (A) trochus (Rochia nilotica) and (B) pearl oysters (Pinctada spp.) production, based on data from FAO Global Production database (black lines), and exports, based on data from our dataset (grey lines), for Papua New Guinea since 1953. FAO estimates for missing data (red points) and the 95% confidence interval of exports (shading) are shown.


To gauge whether our dataset accurately reflects the trends of MoP fisheries in the Pacific region, comparison was made to the Australian trochus fishery, which operated in the Great Barrier Reef region (Nash, 1985). The weight and value tonne−1 of trochus production from the Australian fishery was reported, almost continuously, from 1912 to 1962; these data show similar (Pearson's distances: dcor ≤ 1.05, r ≥ 0.45, and p ≤ 0.002) trends to those observed for MoP exports from PNG (Supplementary Figure 2).

The series of comparisons presented here, while not exhaustive, validate that our dataset provides a reliable indication of temporal change in MoP exports from PNG over many decades, consistent with past studies, international agency estimates, and regional trends in production and value tonne−1. Since our dataset provides unprecedented coverage for MoP fisheries in the Pacific region, it is unreasonable to expect validation of each datum. By making the dataset freely available, however, we encourage further validation of our dataset as more information on MoP fisheries in the Pacific region becomes available.



CONSIDERATIONS FOR INTERPRETATIONS AND USE OF THE DATASET

Effective management of commercial fisheries is of salience to the future of coastal communities in the Pacific region, where a substantial part of the population is partly or wholly dependent on fishing for income generation (Dalzell et al., 1996; Sulu et al., 2015). With extensive reef systems and abundant MoP resources, PNG is regarded as a main regional exporter of MoP (Gillett et al., 2020), where the harvest and sale of MoP is estimated to support 20–30% of the coastal population (Purdy et al., 2017), accounting for as much as 75% of income in some areas (Vieira et al., 2017). Expanding coastal human population and increasing pressure on marine resources emphasise the need for accessible fisheries information for analysis and to support effective fisheries management in the region (SPC, 2019). Since little attention has been given to MoP fisheries in the last 25 years (Gillett et al., 2020) and historical information is important in guiding appropriate policy (Jackson et al., 2011; Engelhard et al., 2016; Fortibuoni et al., 2017), our dataset provides a basis for raised awareness and improved management of MoP fisheries within both national (Anon, 2017) and regional contexts (SPC, 2019; Gillett et al., 2020). Our dataset presents and facilitates access to MoP trade information, which can be used to estimate and analyse fisheries production, bioeconomic trends, shocks, and their potential drivers (Gephart et al., 2017; Gianelli and Defeo, 2017). The dataset presented here could further be evaluated against other economic and social variables as well as ecological information (Barausse et al., 2011; Papetti et al., 2013; Haimovici and Cardoso, 2016; Gianelli and Defeo, 2017) to inform development of broader marine policy and management strategies. Considerations for the use and interpretation of our dataset in addressing the above opportunities are outlined below.

A concern in the use of historical data for monitoring fisheries is the existence of a latent bias arising from improvements in fisheries reporting systems and regulatory systems. This “presentist bias” (Zeller and Pauly, 2018) has potentially serious consequences when assessing the status of fisheries or in interpreting resource use dynamics. In the case of MoP exports from PNG, procedures for collection of export data have remained largely unchanged since their inception, relying on export declarations validated through visual inspection. Prior to 1899, however, we acknowledge that presentist bias led to underestimation of weight and value of MoP exports from PNG. This is partly because records contain minimal economic data before 1899, for German New Guinea, when a private company functioned as both the administrative authority and an economic competitor. With this conflict of interest, an accurate disclosure of trade information from economic rivals could not be expected and, understandably, such information is scant (Sack and Clark, 1979). Additionally, in British New Guinea, it was not until 1894 that inspectors were instated and ports of export constituted for MoP fisheries (British New Guinea, 1896). Prior to this, “considerable yields of pearl-oyster” appropriated from PNG went unreported, but it is impossible to fix the amount (British New Guinea, 1888, 1892). Caution is therefore advised when drawing conclusions from our dataset for MoP exports during the 19th century, because available data provides a known underestimation.

For most nations in the Pacific region, data on MoP fisheries production is virtually non-existent because artisanal fishing activities of coastal communities are generally not monitored by government agencies (Gillett and Lightfoot, 2001; Govan, 2013; Zeller et al., 2014). In lieu of definitive production data, export data are commonly used by management agencies to estimate production of MoP fisheries (e.g., Lasi, 2010; Gillett et al., 2020). Our analysis (Quality-validation of the dataset section) confirmed that MoP exports from PNG were reflective of national (Figure 2) and regional (Supplementary Figure 2) production trends validating such application, with the following considerations for unreported harvest. First, it must be recognised that pearl oysters, greensnail, and trochus are also harvested for subsistence (as a protein source) (Glucksman and Lindholm, 1982) and, to a small extent, for the domestic shell trade (Simard et al., 2019). Second, the proportion of MoP production ultimately exported is further reduced by shells rejected as part of quality control (i.e., undersized, oversized, or damaged shell) (Kelso, 1996). Third, export tariffs have incentivised commercial operators to under-declare export volumes (SPC, 1997; Gillett et al., 2020). Fourth, exports do not account for illegal, unreported, and unregulated (IUU) harvests by foreign fishing vessels, with poaching of MoP from territorial waters a known issue for much of the period covered by our dataset (Bach, 1955; Christensen, 2016). The extent to which these four factors contributed to a disparity between production and export of MoP in PNG is not precisely known; unreported harvest between 1980 and 1995 was approximated at 25–30% of the exported volume (ICECON, 1997; SPC, 1997) and a correction of 25% is currently adopted at a regional level when adjusting export data to estimate production (Gillett et al., 2020). Adoption of a similar correction when using our dataset to estimate MoP production should be given consideration until more precise estimates of error are established by clear scientific evidence (Garcia, 1994).

In addition to unreported harvest, the potential contribution of aquaculture to exports has implications for estimating fisheries production of pearl oysters. Neither greensnail nor trochus were ever cultured commercially in PNG (Kailola, 1995; Gillett et al., 2020), but pearl oysters were. During the 1960–70s, and more recently since 1997, pearl oysters were cultured commercially to support pearl production in PNG (George, 1978; IPA, 2021). Since records failed to identify the origin of pearl oyster exports, aquaculture could lead to an overestimation of fisheries production. The small volume of pearl oyster exports, however, suggests that aquaculture contributed, at most, only 4.9% of total MoP exports by weight during these periods (Figure 1), although actual contribution is likely less since the artisanal fishery was active and contributing to pearl oyster exports concurrently (Glucksman and Lindholm, 1982).

A limited aquaculture contribution would imply that export data provides a good indication of the minimal MoP fisheries production which has occurred in PNG, for reasons discussed above. Such information provides a much-needed overview in the case of data-poor fisheries (Govan, 2013), and several studies have demonstrated that export data provide an accurate understanding of relative temporal change in commercial fisheries production (e.g., Clarke, 2004; Schwerdtner Máñez and Ferse, 2010; Gianelli and Defeo, 2017; Plagányi et al., 2017). The significant correlation between Australian trochus production and MoP exports from PNG presented above certainly indicates that this holds true for MoP fisheries, as suggested elsewhere (ICECON, 1997; Gillett et al., 2020). It would be remiss, however, to not offer a few words of caution when relating export trends to production.

Trends in MoP exports, such as those shown in Figure 1A, can be difficult to interpret as they may reflect both biological and economic factors (Nash, 1985; Foale, 2008). For example, reduced export volume in a given year can reflect poor market price (SPC, 1960), rather than a depletion of stocks. Atypical of most commercial fisheries commodities, MoP is an inert product having a long-lasting (i.e., years) shelf-life (Glucksman and Lindholm, 1982; Foale, 2008). This permits stockpiling of MoP for liquidation when more favourable market prices arise and, thus, exports for any given year may reflect both current and past production. To better enable the users of our dataset to address potential economic factors influencing exports, the value tonne−1 of MoP exports was calculated and included in our dataset. Whilst in-country processing of MoP buttons would invariably impact the value tonne−1 of MoP exports, this is a relatively recent development, which occurred irregularly between 1992 and 2014 (ICECON, 1997; Gillett et al., 2020).



DATA AVAILABILITY STATEMENT

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: USC Research Bank [DOI 10.25907/00080] and Research Data Australia [https://researchdata.edu.au/mother-of-pearl-1888-2019/1734519].

Records catalogued by the National Library of Australia had the following accession numbers (Bib ID):

1. 395064: New Guinea gazette.

2. 1053953: Annual report on British New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-82611572

3. 1282521: Report to the Council of the League of Nations on the administration of the Territory of New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-324059207

4. 1293821: Papua: annual report for the year ending 30th June. Digitised and available from: https://nla.gov.au/nla.obj-268724687

5. 1293848: Territory of Papua: Annual report for the period. Digitised and available from: https://nla.gov.au/nla.obj-2060262652

6. 1293865: Annual report of the Territory of Papua for the period…. Digitised and available from: https://nla.gov.au/nla.obj-2164593963

7. 1300182: Territory of Papua: Annual report for the year. Digitised and available from: https://nla.gov.au/nla.obj-1905139508

8. 1329016: Report to the General Assembly of the United Nations on the administration of the Territory of New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-2059853295

9. 1758906: Government gazette: British administration of German New Guinea.

10. 2790423: International trade.

11. 2804807: Report to the League of Nations on the administration of the Territory of New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-2590388577

12. 2804816: Report to the Council of the League of Nations on the administration of the Territory of New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-228879604

13. 2816137: Territory of Papua: Annual report for the period. Digitised and available from: https://nla.gov.au/nla.obj-1905803422

14. 2851375: Administration of Papua New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-1297995152

15. 2851382: Administration of the Territory of New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-2765327678

16. 2851390: Report to the General Assembly of the United Nations on the administration of the Territory of New Guinea. Digitised and available from: https://nla.gov.au/nla.obj-1904874562

17. 2925185: Amtsblatt für das Schutzgebiet Deutsch-Neuguinea. Digitised and available from: https://nla.gov.au/nla.obj-48330386

Records catalogued by the Pacific Community (SPC) Library had the following accession numbers (Bib ID):

1. 18399: SPC (1997). Workshop on trochus resource assessment, management and development report and selected papers. Integrated Coastal Fisheries Management Project Technical Document No. 13. Noumea, New Caledonia: South Pacific Commission (SPC). Digitised and available from: http://opac.spc.int/cgi-bin/koha/opac-detail.pl?biblionumber=18399

2. 46314: Kailola, P. J. (1995). Fisheries Resources Profiles: Papua New Guinea. FFA Report No. 95/45. Honiara, Solomon Islands: Forum Fisheries Agency.

3. 53907: Wright, A. (1986). An analysis of exports of marine produce from Papua New Guinea for the period 1980 to May 1986, with emphasis on produce collected by small-scale fishermen. Fisheries Research Laboratory, Department of Primary Industry. Kavieng, Papua New Guinea: Department of Primary Industry (DPI).

Records catalogued by the Staats- und Universitätsbibliothek Bremen had the following accession numbers (Uniform Resource Locator):

1. urn:nbn:de:gbv:46:1-14372: Jahresbericht über die Entwickelung der Schutzgebiete in Afrika und der Südsee: im Jahre (1899–1907). Digitised and available from: https://nbn-resolving.de/urn:nbn:de:gbv:46:1-14372.
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Supplementary Figure 1. Annual weight and value of (A,B) total mother-of-pearl (MoP) exports for Papua New Guinea differentiated as (C,D) trochus (Rochia nilotica), (E,F) pearl oysters (Pinctada spp.), and (G,H) greensnail (Turbo marmoratus), comparing data from Glucksman and Lindholm (1982) (black lines) with data from our dataset (grey lines).

Supplementary Figure 2. Annual (A) weight and (B) value tonne−1 of trochus (Rochia nilotica) production from the Australian mother-of-pearl (MoP) fishery operating in the Great Barrier Reef region between 1912 and 1962 (Nash, 1985) compared with total MoP exports for Papua New Guinea.
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The status of fishery resources in the Mediterranean Sea is critical: most of the fish and shellfish stocks are in overexploitation and only half of them are routinely assessed. This manuscript presents the use of Surplus Production Models (SPMs) as a valid option to increase the number of assessed stocks, with specific attention to the Adriatic basin. Particularly, the stock of European sprat (Sprattus sprattus), Mediterranean horse mackerel (Trachurus mediterraneus), and Atlantic horse mackerel (Trachurus trachurus) living in the Adriatic Sea have been evaluated comparing three SPMs: Catch Maximum Sustainable Yields (CMSY), Stochastic surplus Production model in Continuous Time (SPiCT), and Abundance Maximum Sustainable Yields (AMSY). The different approaches present some variations; however, they generally agree on describing all the stocks close to the reference values for both biomass and fishing mortality in the most recent year. For the European sprat, AMSY results are the most robust model for this species’ survey data allow depicting a clearer picture of the history of this stock. Indeed, for the horse mackerel species, CMSY or SPiCT results are the preferred models, since for these species landings are not negligible. Notwithstanding, age-structured assessments remain the most powerful approach for evaluating the status of resources, but SPMs have proved to be a powerful tool in a data-limited context.
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INTRODUCTION

The status of fishing resources in the Mediterranean Sea is critical: less than 50% of the fish and shellfish stocks inhabiting the basin are routinely assessed and the majority of them are considered overexploited (European Environment Agency (EEA), 2019). This fact underlines the need to improve the number of stocks assessed in order to have a complete picture of the status of fishing resources within the basin. Progress has been made to reach this objective as the last FAO report about the status of the resources in the Mediterranean and the Black Sea reveals a positive trend in the number of evaluated stocks. In particular, from 18 stocks assessed in 2006 to the highest peak of 85 in 2018, corresponding to ca. 80% of the total landing reported for the Mediterranean area (FAO, 2020). This fact is of relevant importance, particularly for this area in which the multispecies nature of Mediterranean fisheries (Lleonart and Maynou, 2003), the relatively recent history in fishery management (Colloca et al., 2013; Maunder and Piner, 2015), as well as the recent commitment of Mediterranean researchers in stock assessment (Colloca et al., 2013) have not facilitated the spreading of stock assessment applications.

Generally, one of the main reasons for the low number of stock evaluations is the lack of population structure data (Free et al., 2020), which are mainly represented by age information. The determination of age, when possible, represents a time-consuming task, thus generating a potential obstacle for the application of age-structured methodology. In reality, these models are widely diffused, this is due to the possibility of using statistical methods to convert lengths into ages, and also to the wide range of available approaches that can adapt to various requirements [e.g., XSA (Shepherd, 1999), SAM (Berg et al., 2014), SS (Methot and Wetzel, 2013)]. Moreover, age-structured models produce robust estimations, since age information offers the possibility of following cohorts’ progression over time, as well as evaluating changes in fishing selectivity (Wang et al., 2014) and detecting fluctuation in spawning and recruitment (Aalto et al., 2015). In addition, these models are able to produce exhaustive results, e.g., trends of spawning stock biomass, recruitment, and fishing mortality at age, thus representing a powerful tool for evaluating the status of fisheries resources. However, to properly perform, age-based models need a wide range of input data, which are not always available. In these cases, Surplus Production Models (SPMs) represent a valid option to produce stock assessments. This type of model requires limited information, such as a time series of catch and, if available, an abundance index or effort data, and can estimate population biomass and produce evaluations of maximum sustainable yield (MSY), that is the maximum yield that the stock can sustain without affecting its long-term productivity (Sparre and Venema, 1998). These models provide also fishing mortality and biomass at the corresponding MSY level (FMSY and BMSY), which are useful to address the management objectives. Nevertheless, SPMs may be seen as a too simplistic approach that is not able to represent the complexity of population dynamics (e.g., Pedersen and Berg, 2017), as length or age data are not available or are not reliable (Punt, 2003). In these situations of data-limited context, the use of historical catch and survey or effort data is advisable (Jackson et al., 2001; Branch et al., 2011.); this will favor a truthful description of the status of the stock, as well as improving targets and limited reference points’ estimates (Gabriel and Mace, 1999).

In the last two decades, SPMs have undergone important improvements (e.g., Punt, 2003; McAllister, 2014), like the inclusion of state-space factors, that allowed them to better account for real-world variability into the biomass dynamic modeling and favored further dissemination of these models (Meyer and Millar, 1999). The state-space formulation has the advantage of including uncertainties both in observed data and in the model process, in the form of, respectively, observation and process errors, thus resulting in improved parameter estimations (Ono et al., 2012). Also, these models allow the use of priors that can facilitate and address the estimation of reliable parameters. These priors can derive from literature or expert knowledge; thus, it is important to proceed with sensitivity tests or compare different approaches to select the most appropriate configuration (Pedersen and Berg, 2017). The Abundance Maximum Sustainable Yield model (AMSY; Froese et al., 2020), the Catch Maximum Sustainable Yield model (CMSY; Froese et al., 2017), and the Stochastic surplus Production model In Continuous Time (SPiCT; Pedersen and Berg, 2017), represent some of the most novel approaches among current SPMs. They summarize all the features and improvements listed before, representing at this time a solid option for developing stock assessments in data-poor contexts.

In this manuscript, these SPMs are used for evaluating the status of some pelagic stocks which were never previously assessed in the Adriatic Sea, such as European sprat (Sprattus sprattus), Mediterranean horse mackerel (Trachurus mediterraneus), and Atlantic horse mackerel (Trachurus trachurus). This area represents an important fishing ground for the Mediterranean Sea, accounting for 15% of the total landing coming from this basin (FAO, 2020) and is also one of the most intensively fished areas in Europe and the world (Eigaard et al., 2017; Amoroso et al., 2018). In the Adriatic Sea, small pelagics, specifically anchovy (Engraulis encrasicolus) and sardine (Sardina pilchardus) account for the highest landings (FAO, 2020). In a context of high fishing activity, the increase of assessed stocks can be helpful to understand the status of the entire basin and, in this case, specifically those of the pelagic domain. The three selected species can be considered as ancillary species of the small pelagic fishery occurring in the Adriatic basin. However, they assume a certain importance as traditional food and for their commercial value as well as in the ecological context (Barausse et al., 2009). Since data are not enough to develop age-structure approaches, these species represent a good case study for developing and comparing different SPMs.



MATERIALS AND METHODS


Study Area and Species Object of the Study

The study area is represented by the North Adriatic Sea, a semi-enclosed basin in the central Mediterranean Sea between Italy and the Balkan peninsula included in the Geographical Sub-Areas (GSA) 17 (General Fisheries Commission for the Mediterranean (GFCM), 2009; Figure 1). Anchovy and sardine represent the main target species of the fishing fleet operating in this area and are characterized by the use of pelagic trawlers and purse seiners. However, based on the information included in the European Union—Data Collection Framework (EU-DCF), which can be defined as the European database grouping fisheries data from all member states, the pelagic vessels fishing in the Adriatic Sea also report catches of other species, such as Mugilidae, European sprat (Sprattus sprattus), mackerels (Scombrus spp.), horse mackerels (Trachurus spp.), and others (source EU-DCF database 2019; European Commission (EC), 2017).
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FIGURE 1. Map of the study area, which is defined by the red line and corresponds to the GSA 17 (Northern Adriatic Sea).


In this study European sprat, Mediterranean, and Atlantic horse mackerels are considered. European sprat (sprat, from here onward) is a pelagic species mainly fished by pelagic trawlers. In the Adriatic Sea, this species is found mainly in the northwestern area (Figure 2), where it represents a traditional food. According to data availability, landing data includes years from 2004 to 2019 for both Italy and Croatia (Figure 3, top right panel); Italian data and Croatian data since 2013 correspond to those from the EU-DCF (European Commission (EC), 2017), whereas Croatian data from 2009 to 2012 refers to Eurostat (2021) and Croatian data from 2004 to 2008 were reconstructed through a mean proportion based on the years in which landing data were available for both countries. Historical total biomass estimates (Figure 3, bottom right panel) were obtained from Italian national acoustic surveys ECHOADRI carried out since 1976 up to 2008 in the Western Adriatic Sea, and from Croatian national acoustic survey PELMON carried out from 2003 up to 2012 in the eastern part of the Adriatic Sea (Azzali et al., 2002; Tičina et al., 2006; Leonori et al., 2012, 2017). Since 2009, European national acoustic surveys are internationally coordinated in the ambit of the EU MEDiterranean International Acoustic Surveys (MEDIAS) program (MEDIAS Handbook, 2019), and since 2013 the Croatian national survey has also been part of it. The MEDIAS coordinates acoustic surveys aimed at detecting the abundance and biomass of small pelagic species, their spatial distribution and demography together with oceanographic information. The survey period is in summer (June–September), although in some years and areas it has been shifted to early autumn. The ECHOADRI and the PELMON surveys represent the ancestors of the MEDIAS survey; before 2009, no acoustic common protocol was available in European waters, however at a national level research institutes carried out acoustic investigations using a methodology comparable to the one used in the MEDIAS surveys that was derived by the harmonization of the national protocols (Leonori et al., 2021).
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FIGURE 2. European sprat. Biomass distribution expressed in log10(x + 1) where x is the biomass index (tons/nm2) related to the MEDIAS survey carried out in GSA 17 East and West for years 2014 in September (top left), 2018 (top right), and 2019 (bottom) in June–July.
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FIGURE 3. Top panels: landing data in tons for horse mackerel species (left side) and sprat (right side) divided by country (Croatia = HRV, black line, Italy = ITA, gray line). Bottom left panel: survey index in kg/km2 for horse mackerels from MEDITS survey (black line) including both Italy and Croatia from the year 1994 to the year 2019 (years 1994, 1995, and 1999 include only Italy). Bottom right panel: survey index in kg/km2 for European sprat from acoustic surveys (Italy: ECHOADRI from 1982 to 2008 and MEDIAS from 2009 to 2019; Croatia: PELMON from 2003 to 2012 and MEDIAS from 2013 to 2019) divided by Italy [MEDIAS (ITA)—blue line] from the year 1982 to the year 2019 (years 1984, 1986, 2002, and 2003 have been estimated) and Croatia [MEDIAS (HRV)—gray line] from the year 2003 to the year 2019.


Mediterranean and Atlantic horse mackerels (horse mackerels from here onward) are fished with different gears, mainly bottom trawlers, pelagic trawlers, and purse seiners. Although these species are semi-pelagic, they are found in surface waters but also close to the bottom, particularly the Mediterranean horse mackerel (Šantić et al., 2003; Piccinetti et al., 2012), and they are spread all over the GSA 17 (Figure 4). In this work, these two species are considered as a unique stock, since most of the landings are confounded: at the beginning of the time series, landings are reported at genus level without any indication on how to divide them by species. While in the most recent years, landings at the species level are available but unreliable, because only information relating to one of the two species is reported at year. Also, notwithstanding that these species show some differences in growth as well as in their depth distribution (Šantić et al., 2002, 2003; Piccinetti et al., 2012), these are not so relevant that they suggest avoiding this assumption. According to data availability, landing data includes years from 1970 to 2019 for both Italy and Croatia (Figure 3, top left panel). Italian data before 2004 are from Fortibuoni et al. (2018), while after this year they are derived from EU-DCF (European Commission (EC), 2017). Croatian data before 2013 correspond to those available from FishStatJ database (FAO-GFCM, 2019), whereas data from 2013 to 2019 are from EU-DCF (European Commission (EC), 2017). Survey data are from the MEDiterranean International Trawl Survey (MEDITS; Bertrand et al., 2002a). The MEDITS bottom trawl survey is a European program started in 1994 with the aim of collecting data on demersal communities to describe their distribution and demographic structure. Notwithstanding the MEDITS is focused on the demersal resources, the gear configuration used for this survey as well as the species behavior improve MEDITS trawl efficiency for horse mackerels (Dremière et al., 1999; Fiorentini et al., 1999; Bertrand et al., 2002b; Ragonese et al., 2004); given their semi-pelagic habit they could also be monitored with acoustic surveys, even if these surveys generally target more appropriately pure pelagic species. Sampling procedures, data collection, and management are standardized, according to a common protocol over GSAs and years, whose specific details can be found in the MEDITS handbook (Anonymous, 2017) and summarized in Spedicato et al. (2019). The survey is usually carried out in the late spring-summer period although in some years, and particularly in the west side of GSA 17, cruises were postponed to late summer or early autumn. The considered MEDITS time series extends from 1994 to 2019 and concerns annual biomass indices (kg/km2) (Figure 3, bottom left panel). This index has been calculated by aggregating the two horse mackerel species and the two countries following the procedure of stratified mean and variance after raw abundance data were normalized by the trawl surface (Souplet, 1996).
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FIGURE 4. Horse mackerels. Biomass distribution expressed in log10(x + 1) where x is the biomass index (Kg/Km2) related to the MEDITS survey carried out in GSA 17 East and West for years 2014 (top left), 2018 (top right), and 2019 (bottom).




Stock Assessment Models

Considering the data availability, three different stock assessment models are considered in this study. Models’ priors for stock resilience were derived from the best available literature (Froese and Pauly, 2019), and revised after inspecting model diagnostics. Prior selection for exploitation status reflects the trend observed in the landings and the status of fishing capacity along the timeframe considered, which continuously increased during the 70s, peaked between the 80s and 90s, and then in the last 20 years was gradually reduced by the mean of management plans (Osio, 2012; Piroddi et al., 2015; Marini et al., 2017). After individuating credible ranges for the prior’s distribution, a number of runs were done to test the sensitivity of the model to parameter variations. Runs diagnostics were compared in terms of priors-vs.-posterior distribution, residuals, stock trajectories, and retrospective patterns. For the SPiCT model, the guidelines for the acceptance of this type of model were also verified (Mildenberger et al., 2021). The following paragraphs are considering only the best-performing parameters.



Catch Maximum Sustainable Yields

The Catch Maximum Sustainable Yield model (CMSY; Froese et al., 2017) is an SPM that needs catch data, catch per unit effort (CPUE) or survey index, and priors on the maximum intrinsic rate of population increase (r) and depletion status (B/K) to estimate biomass, exploitation rate, MSY, and related reference points. The method is based on a two-step analysis that combines the CMSY model and a Bayesian state-space implementation of the Schaefer model (BSM). Within the CMSY model, catch data and r and K priors serve to estimate the carrying capacity (K) and biomass trajectories based on the population dynamics of the Schaefer model. Ranges of r and K priors are filtered with a Monte-Carlo algorithm to detect “viable” r-K pairs for which the corresponding biomass trajectories are compatible with the observed catches. Subsequently, the BSM model uses CPUE or survey index and catch data to estimate r and K-values. The output of the two models is compared to assess the robustness of the results, whereas final figures derive from the BSM model. The CMSY (version 9f) reported in this study is a further development of the one used in Froese et al. (2017) (information and R code available at http://oceanrep.geomar.de/33076/).

CMSY was applied to both sprat and horse mackerels; input data are summarized in Table 1. For the first species, landings were only available for the years from 2004 to 2019 and the same time series was also considered for the acoustic survey index. Only one survey index can be included in this model, thus considering that the bulk of the sprat population is localized in the western side of the Adriatic Sea (Figure 2), only the Italian survey index was taken into account. r was included in the range 0.32–0.74 (Froese and Pauly, 2019), and modified to 0.4–0.8 after inspecting the prior vs. posterior distribution. The B/K range for the initial and intermediate year (2011) was set as a medium to lo low depletion (0.2–0.8) and as a medium-to-strong depletion (0.2–0.6) at the end of the time series: we expect that the fishing pressure on this resource was not drastically changed along the short time-series, however, the priors for the initial and intermediate depletion status were set slightly higher than the final one in order to decrease the possibility of constraining the model. For horse mackerels, CMSY was developed including landing data for both Italy and Croatia, available for years from 1970 to 2019; while for the survey index the time series included years from 1994 to 2019. The r prior available in literature ranged between 0.31 and 0.72 for Trachurs trachurus and 0.33–0.76 for Trachurus mediterranesus, as suggested by Froese and Pauly (2019). We opted to adopt the more conservative r-values for both the two species and our choice was confirmed by model diagnostics. B/K priors were set as low depletion (0.6–0.9) at the beginning of the time-series, as strong depletion (0.1–0.4) in 1996, corresponding to a period when the fishing pressure was at its maximum, and as medium depletion (0.2–0.6) in the last year.


TABLE 1. Input data for the CMSY and the AMSY SPMs.
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Surplus Production Model in Continuous Time

The Stochastic surplus Production model in Continuous Time (SPiCT, Pedersen and Berg, 2017) corresponds to a state-space version of the Pella-Tomlinson surplus production model (Pella and Tomlinson, 1969). This model is developed for incorporating the dynamics of both fisheries and biomass data including an observation error for both the input data. If available, SPiCT can work considering multiple survey indexes or effort data and offer the possibility to use seasonal information. Auxiliary information can be included in the Bayesian estimation framework, which allows the use of informative priors for helping the model to find parameter estimates in a closet range of values. Principal outputs of the model are the biomass reference points, BMSY and B/BMSY, and the fishing mortality reference points, FMSY and F/FMSY, together with estimates for r, K, and MSY. The model is developed using Template Model Builder (TMB, Kristensen et al., 2015), which is recently conceived to be used within the R framework.

In this study, SPiCT was developed for both the considered species. Table 2 summarizes the input data. For sprat, SPiCT was set including both landing data and acoustic survey indexes from 2004 to 2019. These two sources of information reflect all the specimens targeted by the fishing activity; this is also valid for the horse mackerel stock. Considering the characteristics of SPiCT, the two survey data, the Italian and the Croatian acoustic surveys, have been included, and specify the season in which they occurred. Some priors were used, specifically the initial relative biomass was considered close to the BMSY level, since the cyclic dynamic of the small pelagic species, represented also in the trend of landings, as well as the local commercial importance of this species does not suggest a strong depletion of this stock before the beginning of the time-series. However, a medium level of exploitation was assumed at the beginning of the time series due to a potentially important fishing capacity at the beginning of the 2000s mitigated by the start of management plans (Osio, 2012; Piroddi et al., 2015). A prior for r was included following the information included in FishBase (Froese and Pauly, 2019) for the same species, whereas the prior for the production curve was adjusted as suggested by Thorson et al. (2012) for the Clupeiformes. For horse mackerels, landing data has been included from the year 1970 to the year 2019, whereas the MEDITS index has been included from the year 1994 to the year 2019. SPiCT offers the possibility to specify the time of year when the survey was performed, thus MEDITS data have been included specifying the month in which the survey occurred. To help the convergence of the model, some priors have been set. Specifically, the initial relative biomass was considered close to the BMSY level, whereas the initial exploitation level was considered negligible since the fishing activity at the beginning of the 70s’ can be held as not as impactful as the present (Osio, 2012; Piroddi et al., 2015). Additionally, r was derived from the FishBase database (Froese and Pauly, 2019), whereas the prior for the production curve was adjusted as suggested by Thorson et al. (2012). Finally, considering the low value, which seems not to be consistent with the rest of the time series, for the landing data in 1970 compared to the following years, this value was scaled by a factor of 5 compared to the rest of the time series.


TABLE 2. Input data for the SPiCT model.
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Abundance Maximum Sustainable Yields

Abundance Maximum Sustainable Yields (AMSY) is a SPM suitable for data-limited cases (Froese et al., 2020), that estimates fisheries reference points (FMSY, F/FMSY, B/BMSY) of a stock combining its abundance (CPUE or total biomass), its resilience, and a prior for relative stock size (range of B/K, between 0 and 1). This method was specifically developed for situations for which total catch is unknown or unreliable or for bycatch species where abundances may be estimable only from survey data. AMSY takes information and tests a high number of combinations of productivity (r) and unexploited stock size or carrying capacity (K) for their compatibility with the input data through a Monte Carlo filtering process. AMSY estimates relative catches at year t with a rearranged form of the Schaefer equation that needs biomass at years t and t + 1; this implies that catches may be estimated up to the second last year in the time series, thus not estimating F for the last considered year. The lack of catch data also implies that catches and carrying capacity are estimated as relative values, thus AMSY does give an estimation of the relative carrying capacity (Kq). AMSY estimates of fishing pressure have wide margins of uncertainty, which may not be ideal for management purposes. Nevertheless, it seems to be well suited for estimating productivity as well as the relative stock size and may, therefore, be fundamental in the context of a data-poor stock.

AMSY was developed for both species; input data are summarized in Table 1. For sprat, a long time series (1982–2019) of estimated total biomass data belonging to the Italian acoustic surveys (ECHOADRI and MEDIAS) was available; r prior range was much wider than those used in the CMSY model (0.32–1.1 based on FishBase data and sensitivity analysis), this was needed to satisfy the large oscillations of this index and to identify enough viable r-Kq to reasonably accommodate the stock dynamic. The B/K prior was set as “Small” in 2011 based on the observation of the CPUE value for 2011 was ca. 30% of the maximum value observed in the longest time series (CPUE). For horse mackerels, AMSY was developed using the MEDITS index for the time series from 1994 to 2019; likewise, to the CMSY model, r was included in the range 0.31–0.72 (Froese and Pauly, 2019), and B/K priors were set in 2004, a year in which CPUE and catch data present important peaks. Considering this and taking into account the longer time series of landings, the corresponding prior was set as “About half,” since the catch value for this year was ca. 40% of the maximum value observed in the longest time series.



RESULTS


European Sprat

Sprat is a migratory species mainly distributed on the western side of the north Adriatic Sea, as shown by the acoustic estimates available from both Italy and Croatia (Figure 2). Maps are shown only for the years 2014, 2018, and 2019, as an example of different periods.

Regarding the status of this stock, CMSY and SPiCT describe a similar situation: biomass results above the reference points for the first years, while since 2007 for CMSY and 2011 for SPiCT it moves below the reference point describing an increasing trend in the last years reaching the value of B/BMSY equal to 0.867 and 0.902 in 2019, respectively, for the CMSY and the SPiCT models (Figure 5 bottom right panel and Table 3). Also, trends of F/FMSY for these two models are very similar, describing an overexploited stock for most of the time series and specifically since 2008 for CMSY and since 2009 for SPiCT; in 2019 F/FMSY is equal to 1.151 for CMSY and equal to 1.124 for SPiCT (Figure 5 bottom left panel and Table 3).


[image: image]

FIGURE 5. B/BMSY (right panels) and F/FMSY (left panels) trends for the horse mackerel species (top panels) and European sprat (bottom panels) for the three SPMs (AMSY—blue line, CMSY—light blue line, SPiCT—gray line). The dashed line corresponds to the reference values.



TABLE 3. European sprat—estimated parameters from the three SPMs.
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The longer time series considered by the AMSY model describes a fluctuating situation over the years (Figure 5 bottom panels). At the beginning of the time series, this stock appears in good status being B and F, respectively, above and below the reference points (Figure 5 bottom panels and Table 3). In the mid-90s, the high values of F/FMSY (equal to 5.05 in 1998) caused an important decay in biomass (Figure 5 bottom left panels). In the following period, the stock trend is similar to the other two models, although more fluctuating. However, this model suggests a better stock’s status since 2018, F/FMSY results equal to 0.78 and in 2019 B/BMSY results equal to 1.01 (Figure 5 bottom panel and Table 3). K is not shown (Table 3), since AMSY only estimates relative carrying capacity, Kq.

Diagnostics (Supplementary Figures 1A–9A) present a good fitting for all the models, particularly for AMSY. Estimated parameters are summarized in Table 3: r-values are quite similar for the CMSY and the SPiCT models, while AMSY estimates a higher value; estimates of K are available only for SPiCT and CMSY with quite different values. These differences might be due to the diverse models’ configuration and input data: CMSY comprises only the Italian acoustic index, whereas SPiCT offers the possibility to include both the Italian and the Croatian acoustic indexes. Considering the quite stable trend of the Croatian acoustic index accounting for lower values compared to those presented by the Italian acoustic survey (Figure 3, bottom right panel), the consequent estimated biomass is lower than the one estimated by CMSY. This fact is also reflected in the resulting K, which is lower for the SPiCT model compared to the one estimated by CMSY (Table 3). Notwithstanding, the numerical estimations are different, the trends of B/BMSY and F/FMSY are comparable, thus describing a very similar status of this stock (Figure 6, top panel). More generally, the three selected SPMs present variations among the estimated parameters (Table 3) that can be retained reasonably since they were developed considering different settings. Lastly, AMSY results are the most appropriate model for evaluating this stock: they show the best retrospective patterns (Supplementary Figures 4A, 6A, 9A), while also avoiding the uncertainty related to landing data. Moreover, AMSY considers only the Italian acoustic survey, which represents the best available and longest source of information for this stock, thus supporting the integrity of this approach.
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FIGURE 6. Kobe plots for each of the tested SPMs divided by species: European sprat (top panel) and horse mackerels (bottom panel).




Horse Mackerel Species

Horse mackerel species, Trachurus trachurus, and Trachurus mediterraneus, are diffused around the entire north and central Adriatic Sea, as shown by the maps obtained by the MEDITS data (Figure 4). This figure presents the species’ distribution for the years 2014, 2018, and 2019, for which georeferenced data were made available.

The situation depicted for Adriatic horse mackerel species differs among the three models. The models, i.e., CMSY and SPiCT, that take into account both landing and survey data, are developed considering a longer time series compared to the AMSY model and present a quite similar trend in terms of biomass and fishing mortality (Figure 5 top panels, Figure 6 bottom panel). Stock biomass results are above the reference value until the year 1985, and then decrease up to 2000; after this year biomass follows a quite stable trend before increasing continuously from 2015 up until present, reaching the value of B/BMSY equal to 0.950 and 0.513 for, respectively, CMSY and SPiCT (Figure 5 top right panel and Table 4). Fishing mortality describes an opposite trend: at the beginning of the time series, F/FMSY describes a continuous increase up to F/FMSY equal to 2.099 in 1996 and 2.757 in 1997, respectively, for CMSY and SPiCT, which then decreases rapidly until it reaches the value of 1.128 in 2002 for CMSY and 1.043 in 2003 for SPiCT (Figure 5 top left panel). In the following years, a new increase followed by a stable period is registered, which then decreases again in recent years, reaching a value of F/FMSY equal to 0.600 for CMSY and 1.115 for SPiCT in 2019 (Figure 5 top left panel and Table 4).


TABLE 4. Horse mackerel species—estimated parameters from the three SPMs.

[image: Table 4]In agreement with data availability, AMSY was developed for a shorter time series. The general trend described by this model appears similar to those depicted by the other two models; however, AMSY, which describes a general increasing biomass trend from 1994 up until present (B/BMSY in 2019 equal to 1.503), also reveals a peak in 2003 (B/BMSY = 1.135) not shown in the other two approaches (Figure 5 top right panel). This peak is probably due to the survey index that shows a peak in 2004. The trend of F/FMSY is similar to those described by CMSY and SPiCT; however, it accounts for the highest drop in the early 2000s (F/FMSY = 0.349 in 2002), as well as the highest peak in 2009 (F/FMSY = 3.707 in 2009), to then decrease accounting for the value of F/FMSY = 0.368 in 2018 (Figure 5 top left panel and Table 4).

Diagnostics (Supplementary Figures 10A–18A) present a good fitting for all the models. Estimated parameters are summarized in Table 4: r and K (this is not estimated for the AMSY model) values are very similar among the models; this is probably influenced by the fact that the three models use very similar input data. Considering the availability of a long time series of landing data and their important amount, particularly at the beginning of the time series, the use of a model able to include both landing and survey information can facilitate the understanding of the status of this stock. Thus, CMSY or SPiCT results are the candidate models for describing the situation of horse mackerel species in the Adriatic Sea.



DISCUSSION

This study presents the comparison of three SPMs developed for evaluating the status of European sprat and horse mackerel species (Atlantic horse mackerel and Mediterranean horse mackerel) living in the Adriatic Sea. The focus on these species represents an opportunity to increase knowledge about the status of the pelagic domain in this basin since, at present, only anchovy (Engraulis encrasicolus) and sardine (Sardina pilchardus) are regularly assessed (General Fisheries Commission for the Mediterranean (GFCM), 2020) and a management plan has been in place for almost a decade (FAO, 2013). However, an increase in the number of assessed species, even if they have a low economic value, is of fundamental consequence, taking into account the increasing worldwide importance of adopting an ecosystem-centric approach, focusing both on the impacts of fisheries on the environment, and the environment on the fishes in it. In the Adriatic Sea framework, the evaluation of other small pelagic stocks rather than anchovy and sardine is going to favor the development of this approach, since ecosystem models, based on outputs available also from the present study, can be used as fisheries management tools in the context of a holistic approach and proposing plans of action (Dimarchopoulou et al., 2019; Dimarchopoulou, 2020).

Sprat is a migratory species with local importance. Considering the seasonal information from acoustic surveys and literature (Tičina and Giovanardi, 1997; Tičina et al., 2000; Azzali et al., 2002; Leonori et al., 2011), its distribution is not constant, but it is dependent on migration between the more productive shallow western Adriatic (feeding grounds) and deeper areas (spawning grounds) in the eastern Adriatic (Tičina, 2000, 2003). However, it seems concentrated mainly in the north-western side of the Adriatic Sea, as also demonstrated by the acoustic survey. This supports the use of only the Italian survey data when SPMs, i.e., CMSY and AMSY, are not able to include more than one survey index. Sprat represents a traditional food with low commercial value, as confirmed by limited landing values compared to other commercial species (EU-DCF database 2019; European Commission (EC), 2017). For this reason, sprat is considered an accessory species for the small pelagic fishery, often discarded if caught in an area where there is no market or, mostly in the eastern Adriatic, landed but reported as a mix of species (Sinovčić, 2001). This confirms the possibility that the use of landing data can be misleading for the evaluation of this stock, whereas the use of survey data, annually collected using a defined systematic scheme, seems the best source of information for estimating the status of this stock. However, it has to be mentioned that acoustic surveys underwent some modifications over the years (Leonori et al., 2021), e.g., the use of different vessels, different sampling times between the eastern and western sides, and a shift in the survey period of the western acoustic survey. The presence of these variables does not allow for easily combining the different surveys, suggesting the need for a standardization protocol to derive a single survey index to be used in stock assessment models. Consequently, in this work, since the main differences are between the eastern and western surveys, these two investigations were kept separated and, in the case of the SPiCT model, the differences in the survey period were accounted for. Finally, AMSY allows the use of a longer time series of information; this is of relevant importance in the context of SPMs in which only a limited number of information is included, thus the use of a longer time series can help in obtaining a more precise picture. A further argument for evaluating the models’ reliability are the values estimated for current B and BMSY (Table 3): the estimates provided by CMSY and SPiCT, which are based on the landing time-series, are far lower than those from AMSY, which are based on the MEDIAS biomass time-series. The pessimistic situation revealed by CMSY and SPiCT are probably due to the fluctuating landings paired with a general decreasing trend of the survey index, which reveals an important peak only at the beginning of the considered time series. In the future, improvements to these models can be obtained by the inclusion of a longer time series of catches with more reliable data, that can be obtained by the organization of a specific data collection in the main harbors which historically land sprat. Considering the uncertainty in the landing values, MEDIAS total biomass results being the best proxy of the stock biomass in a given year, this makes the CMSY and SPiCT estimates unrealistic. All these observations support the use of the AMSY model as the most appropriate approach to evaluate the status of this stock; this is also sustained by Cook (2013) who promotes the use of survey-based assessment when catch data are unreliable or unavailable while survey data have an adequate temporal and spatial coverage. However, in this case, the extreme fluctuations observed in the survey required a very wide r prior range to accommodate for the Schaefer dynamic. An unrealistically high value of r may theoretically lead to overestimating the ability of the stock to recover from low biomass status. However, the possibility that extreme values of r cause biased or unlikely stock productivity is lowered by the filtering process of the AMSY algorithm, which excluded r-Kq pairs giving unreasonable results when combined with CPUE data (Froese et al., 2020). Nevertheless, the wide uncertainty in the r prior is an undesirable condition, which may be better tackled if detailed uncertainty estimation is available and used for data weighting. For instance, yearly estimation of survey uncertainty may be used to model the observation error in the state-space formulation of the AMSY model. At present, very few species have been formally assessed using the AMSY model, and, based on our knowledge, the present study was the first application on a pelagic stock based on acoustic data. Instead, different examples of demersal stocks are presented in literature: Tsikliras et al. (2021) developed an AMSY model for 74 species never assessed in the Aegean Sea, Falsone et al. (2021) built AMSY and CMSY models for the Lepidopus caudatus in the Strait of Sicily. The limited diffusion of this model is also due to the fact that it was developed only recently. Regardless, in the upcoming future, considering the availability of survey data further developments of this model can be envisaged.

The three models used to assess the sprat stock present different outcomes; this is probably due to the fact that input data are used differently. CMSY and SPiCT were developed considering both landing and survey data, resulting in much more similar results compared to those revealed by AMSY. Also, SPiCT presents the advantages of using both the Italian and the Croatian acoustic indexes, whereas AMSY and CMSY allow the inclusion of only one survey. Notwithstanding that the Italian and the Croatian acoustic survey follow the same sampling scheme (MEDIAS Handbook, 2019), they present important differences, and thus it was preferred to keep them separated. Specifically, the two surveys are carried out by two different research vessels equipped with a different acoustic range of frequencies for acoustic data collection, even if the leading frequency (38 kHz) is the same (MEDIAS Handbook, 2019); moreover, since 2015 surveys at sea are performed in a different period (June-July for the Italian acoustic survey, September for the Croatian one). Considering the migrations of sprat, different acoustic estimates in the two survey areas (eastern and western Adriatic Sea) may occur due to different sampling seasons, even if the survey period was the same until 2014. These differences have to be treated appropriately, e.g., using a standardization protocol, if the survey information is to be used together. The choice of using different survey indexes for the West and East side of the Adriatic Sea was also the preferred solution for the anchovy and sardine assessments (General Fisheries Commission for the Mediterranean (GFCM), 2020).

Atlantic horse mackerel and Mediterranean horse mackerel have a similar distribution in the Mediterranean basin, however, the first species inhabits deeper areas and it is more common in northern Europe (source: AquaMaps, 2019a,b). In recent years another species of Trachurus, Trachurus picturatus, was reported in Mediterranean and Adriatic landings, however, it is not considered in this study since few records are available. The biology of Trachurus is poorly reported, while genetic studies are much more diffuse. These reveal the existence of 14 species belonging to the Trachurus genus, possibly lumped into three historical groups trachurus, picturatus, and mediterraneus (Shaboneyev, 1981) with some uncertainties about the relationship among them: some authors report a closer connection between T. mediterraneus and T. picturatus (Karaiskou et al., 2003), others describe these species as different clades (Cárdenas et al., 2005). Considering the need of clarifying the phylogeographic aspects of these species, as well as their biology and the need for reporting landing by species, we can retain the assumption of assessing T. trachurus and T. mediterraneus together as a valid option, specifically in a study like this one in which the main aim is testing different stock assessment models and not addressing management aspects. Additionally, these species are mainly captured by bottom trawlers; this type of gear represents a multispecies fishing technique (Caddy, 1993; Sánchez et al., 2007), thus the management of this fishing gear is based on the results of the stock assessments of different species.

Horse mackerel species have been also assessed comparing the three SPMs. In this case, considering the availability of a longer time series of landing data and their significant amount, particularly at the beginning of the time series, the use of a model able to include both landing and survey information can facilitate the understanding of the status of this stock. Thus, CMSY or SPiCT are as a result the favorite models to evaluate the status of these species. Only the SPiCT models describe these species in overexploitation, e.g., fishing mortality exceeds the reference point, while both models depict biomass below the reference value, though describe an improving trend for the most recent years. This positive trend is probably due to the reduction of fishing effort undergone in the last decade, for which a drop in the number of fishing days, as well as a decrease in the number of fishing boats, occurred (FAO, 2002, 2006, 2019). B and BMSY estimates given by CMSY and SPiCT, based on the landing time-series, are comparable to the AMSY estimates, based on the survey index, thus supporting the reliability of these different sources of information and the coherence between them. However, the BMSY value estimated by AMSY represents just 28% of the averaged value between CMSY and SPiCT; this is probably due to the shorter duration of survey data, which is not able to describe the higher biomass estimated by the other two models at the beginning of the time-series. This evidence implies that for these species the use of the AMSY model is not suggested; since the use of only the MEDITS survey data for a shorter time series might result in a misleading representation of the status of horse mackerels in the Adriatic Sea. Nevertheless, such exploration permitted to highlight how the use of different time-series (the shorter 24 years and the longer 50 years) caused an abrupt decrease of the value used as a reference point for the stock biomass, a dynamic that perfectly fits “shifting baseline syndrome” (Pauly, 1995).

In this study, different SPMs have been tested in different situations; similar comparisons are not common in literature, for which few examples are available (e.g., Bouch et al., 2020; Falsone et al., 2021). In particular, Bouch et al. (2020) tested the differences between CMSY and SPiCT and compared these results with the ICES assessments developed using age-based models. This study highlighted the fact that SPiCT generally describes a more optimistic status compared to CMSY, but both models present different results compared to the more structured approaches approved within the ICES framework. For the Adriatic case study, the performances of SPMs vs. age-based models could not be evaluated since no other assessments, other than those developed in this study, are available for these species. Also, in this study, only two stocks have been examined and for only one, the sprat, does SPiCT describe a more positive situation compared to CMSY. However, these results do not invalidate the previous study since here only a limited number of species were considered, rather they suggest developing further studies to clarify the performances between SPMs and age-based models also in the Mediterranean area. Also, since for the species considered in this study no other formal stock assessments are available, the fact remains that testing different model results is a good practice to select the most appropriate model to describe the status of these resources. In addition, the quality of the input data, together with the validity of the selected assumptions, as well as the strengthens and limitations of each approach have to be considered before selecting the best model. Moreover, instead of comparing outputs and selecting a single final model, future approaches can lead to the development of ensemble methods, which are promising approaches when a decision has to be made despite multiple and potentially conflicting estimates of stock status being present (Anderson et al., 2017). In addition, due to increasing calls in accounting for structural and parameter uncertainty (Punt et al., 2017), ensemble stacking procedure can be tested to represent variability in life-history parameters and fundamental determinants of stock status estimates in data-limited situations (Rudd et al., 2019).

Notwithstanding age-structured assessments remaining the favored models for evaluating the status of resources (Maunder, 2003; Punt and Szuwalski, 2012; Wang et al., 2014), in the last two decades, SPMs improved considerably such that they have been used for assessing important species, such as Atlantic bigeye tuna (Thunnus obesus; ICCAT, 2018), Mediterranean albacore tuna (Thunnus alalonga; ICCAT, 2017), and Indian Ocean blue shark (Prionace glauca; IOTC, 2017). Several examples are also developed in Mediterranean waters, where SPiCT was used for a variety of species and areas, e.g., Mullus barbatus in Greek waters (GSAs 20 and 22), and anchovy and sardine in the Thyrrenian sea (GSA 9) (General Fisheries Commission for the Mediterranean (GFCM), 2019a,b), whereas different stock assessments were developed using CMSY in the Adriatic basin, e.g., Sepia officinalis in GSA 17, and Squilla mantis in GSA 18 (General Fisheries Commission for the Mediterranean (GFCM), 2019a). CMSY was also attempted in a multispecies context and to test the effect of different harvest control rules (Armelloni et al., 2021). SPMs based on survey information only are less common, whereas these data are mainly used within a survey-based model, i.e., SURBA (Beare et al., 2005) or SURBAR (Needle, 2015), or used alone as trends, e.g., anchovy and sardine in GSA 7 are evaluated using survey trends only (General Fisheries Commission for the Mediterranean (GFCM), 2019b).



CONCLUSION

In this manuscript, SPMs have been tested and compared for three species, European sprat, and Mediterranean and Atlantic horse mackerel living in the Adriatic Sea, which were never previously assessed, with the aim of extending the number of the stocks’ evaluations and thus investigate the impact of fishing activity on non-routinely assessed pelagic species and, more generally, on the pelagic ecosystem. Depending on the data availability a different model was suggested for describing the status of these resources: a survey-based model in the case of sprat, for which survey data were more accurate and available for a long time series, and a model based on landing and survey information when commercial landings were relevant, i.e., horse mackerel species. All these approaches were based on SPMs since age/length-structure data were not available or very scarce for these species. Notwithstanding, the use of age-based assessments is generally suggested, the use of this type of model can help in situations in which little information is available and for this reason, can have further applications in the near future.
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Cephalopods, including octopuses, squids, and cuttlefishes, are exploited by both bottom trawl and small-scale fisheries (SSF) in most of the Mediterranean areas. Bottom trawl fisheries regard cephalopods as a valuable bycatch, whereas for SSF, they are among the main target species. Cephalopods account for a relatively small proportion of the total landings in the Mediterranean. However, from an economic point of view, four cephalopods, Eledone cirrhosa, Eledone moschata, Octopus vulgaris, and Sepia officinalis, account for approximately 15% of the total landing value. Despite their economic importance, there are very few stock assessments of cephalopods in the Mediterranean because it is difficult to assess them by classical age-based methods, given their short life-cycles, and highly variable growth and recruitment. The production of E. cirrhosa, E. moschata, Illex coindettii, Loligo vulgaris, O. vulgaris, S. officinalis, and Todaropsis eblanae in the waters off the south of Sicily accounts for approximately 8% of the total Mediterranean yield of cephalopods. This study presents the first attempt to assess the state of these cephalopods in the Strait of Sicily by using surplus production models. Since species-wise landing statistics may be unreliable because of their morphological similarity, some octopuses (E. cirrhosa and E. moschata) and ommastrephid squids (I. coindetii and T. eblanae) were assessed combined. Landing data and abundance indices from trawl surveys were used to describe cephalopod stock dynamics through the Bayesian State Space Schaefer model (BSM) and Surplus Production model in Continuous Time (SPiCT) models. As survey data were not considered reliable indicators of their abundance, O. vulgaris, S. officinalis, and L. vulgaris stocks were assessed using the Catch-Maximum Sustainable Yield (CMSY) model. Overall, squid and cuttlefish stocks were observed to be in healthy conditions. However, assessments of octopus stocks indicated that their condition was critical or recovering. Here, we discuss the different stock statuses in the light of evolving fisheries and environmental factors in the area over time. Although cephalopods are not a priority in the current management system of Mediterranean fisheries, the importance of these species in the food web and their relevance for SSF underline their importance and their exploitation status should be periodically evaluated.

Keywords: stock assessment, surplus production models (SPM), maximum sustainable yield (MSY), fisheries management, catch-maximum sustainable yield (CMSY), Bayesian surplus production model (BSM), surplus production in continuous time (SPiCT)


INTRODUCTION

Cephalopods, both as predators and prey, are key components of marine ecosystems (Boyle and Rodhouse, 2005). Furthermore, commercially important cephalopods are relatively few in number but they support several fisheries, both inshore and offshore, in many oceanic regions (Pierce and Portela, 2014; Rodhouse et al., 2014; Lishchenko et al., 2021). Most cephalopods important to fisheries are semelparous, fast-growing, short-lived, and early maturing species with several cohorts overlapping in the year and their life cycle phenologies are strongly affected by environmental factors (Jackson and O’Dor, 2001; Rodhouse et al., 2014; Jereb et al., 2015; Lishchenko et al., 2021).

In the last few decades, an increasing trend in cephalopod catch from commercial fisheries has been observed in some oceanic regions of the world, together with a progressive decline in groundfish stocks (Rodhouse et al., 2014; Arkhipkin et al., 2015, 2021; Hilborn et al., 2021). This trend has been attributed to several factors: increased biomass in response to global warming (Sauer et al., 2019), reduced competition for prey, and predation by depleted groundfish (Caddy and Rodhouse, 1998; Rodhouse et al., 2014; Doubleday et al., 2016). There is no consensus on the impact of fisheries on cephalopod stocks, with some authors highlighting their vulnerability (e.g., Rosenberg et al., 1990) and others suggesting that their “life-strategy” may be advantageous under heavy fishing pressures relative to long-lived and late-maturing fish (e.g., Caddy, 1983). On the other hand, there is a general agreement on the impact of environmental factors on cephalopod growth and recruitment, and that these affect significant population dynamics and stock assessment parameters (e.g., Rodhouse et al., 2014).

In the Mediterranean Sea, cephalopod fisheries date back to ancient times and can be traced to the Bronze Age, as depicted by Minoic potteries. In this area, cephalopods are fished by both bottom trawl and small-scale fisheries (SSF), where the latter employ gears such as trammel nets, pots, and hand-lines (Quetglas et al., 2015; Falsone et al., 2020). However, most commercial landings are currently attributed to bottom trawling (Sartor et al., 1998; Jereb et al., 2015). The waters south of Sicily [Geographical Sub Area (GSA) 16, according to the FAO General Fishery Commission for the Mediterranean (GFCM)], corresponding to the northernmost sector of the Strait of Sicily, are among the most productive areas for demersal fisheries in the Mediterranean (Milisenda et al., 2017; Di Lorenzo et al., 2018; Falsone et al., 2020). The landings of the following seven species accounted for approximately 8% of the total Mediterranean landings for cephalopods (FAO Fisheries and aquaculture software, 2021): horned octopus Eledone cirrhosa (Lamarck, 1798), Musky octopus Eledone moschata (Lamarck, 1798), broadtail shortfin squid Illex coindettii (Verany, 1839), European squid Loligo vulgaris (Lamarck, 1798), common octopus, Octopus vulgaris (Cuvier, 1797), common cuttlefish Sepia officinalis (Linnaeus, 1758), and lesser flying squid Todaropsis eblanae (Ball, 1841).

Despite their economic importance, studies assessing cephalopod fisheries and stock status in the Mediterranean are rather scarce. In this region, some cephalopods are caught by SSF, which are intrinsically difficult to monitor, whereas in bottom trawling, these species are generally regarded as bycatch. Moreover, although cephalopod landings are recorded in most Mediterranean countries, they are registered at the family or the genus levels due to difficulties in species identification. Another factor hampering the stock assessment of cephalopods is their life history traits (short lifespans, semelparous reproduction, high natural mortality rates, rapid and often non-asymptotic growth, complex population structures, and weak stock-recruitment relationships). These factors, together with the resource intensive work needed for direct age estimation, make the use of traditional age-based models impractical (Arkhipkin et al., 2021).

The difficulties in undertaking stock assessment are reflected in the poor management of fisheries that exploit cephalopods in the Mediterranean. To the best of the authors’ knowledge, technical measures to regulate cephalopod fisheries have been adopted for common octopus only in Tunisia. According to Ezzeddine and El Abed (2004), between 16 May to 15 October of each year, it is forbidden to fish individuals weighing less than 1 kg. In this context, data-poor methods prove to be useful tools for assessing the stock status of these fishery resources. In this study, a Bayesian State Space Schaefer model (BSM), a Catch Maximum Sustainable Yield (CMSY) model (Froese et al., 2017), and a stochastic Surplus Production model in Continuous Time (SPiCT) (Pedersen and Berg, 2017), widely used within the International Council for the Exploration of the Sea (ICES) and GFCM framework, were used to assess the stock status of E. cirrhosa, E. moschata, I. coindettii, L. vulgaris, O. vulgaris, S. officinalis, and T. eblanae in the South of Sicily (GSA 16, Figure 1).


[image: image]

FIGURE 1. Geographical Sub-Area 16, south of Sicily, where the data of the considered cephalopods were collected.




MATERIALS AND METHODS


Data Sources

Data were gathered through the European Data Collection Framework. In particular, two main data sources were used: (i) official landing data of SSF and bottom trawl, and (ii) survey data from the International bottom trawl survey in the Mediterranean (MEDITS) (Bertrand et al., 2002; Spedicato et al., 2019). Species-wise landing data could be affected by several factors, including species misidentification and the joint selling of different species. In this study, to cope with these difficulties, some species were assessed as combined species: (i) E. cirrhosa and E. moschata were assessed as Eledone spp. (hereinafter referred to as Eledone), and (ii) I. coindetii and T. eblanae were assessed together (hereinafter referred to as Todill). For the purpose of this study, the analyzed dataset spanned 2004 to 2018 for both landings and MEDITS data. The MEDITS surveys were carried out mainly in spring–summer, except for 2013 (carried out in summer–autumn), 2014, and 2017 (carried out in autumn). Accordingly, in the analysis, the biomass indices were standardized to account for the time variability of the trawl surveys. In particular, for each species, the BioIndex (Zupa et al., 2021) and BioStand (Zupa et al., 2020) routines were used to fit General Additive Models (GAMs) with Gaussian distribution (identity link), including years, months, depth, latitude, and longitude as predictive variables. The variables that contributed to improving the model fitting were selected through a stepwise approach, with the most parsimonious model selected through Akaike Information Criterion (AIC), Generalized Cross Validation (GCV), and the percentage of deviance explained (Zuur et al., 2009).



Selection of Models

Depletion models are considered the most comprehensive and versatile tools for assessing cephalopods (Arkhipkin et al., 2021). However, these models require high-frequency (daily, weekly, monthly) catch and effort data that may not be available for all types of cephalopod fisheries. Therefore, some alternative data-limited approaches have been suggested to assess cephalopod stock status, including catch-only models and Surplus Production Models (SPMs) (Arkhipkin et al., 2021). Many authors have applied these kinds of models for stock assessment of cephalopods worldwide; for example: (i) CMSY and BSM by Froese et al. (2018) and Wang et al. (2020), (ii) AMSY by Froese et al. (2020) and Tsikliras et al. (2021), (iii) SPiCT by ICES (2020), (iv) ASPIC by Mohsin et al. (2020), and (v) Biomass Dynamic Model with environmental effects by ICES (2017).

In the present study, cephalopod stock status was assessed using SPMs, i.e., CMSY, BSM, and SPiCT. The choice to apply SPMs was mainly dictated by the availability of annual landings and surveys of biomass indices data only. These models might seem unsuitable for cephalopods, given that they assume a constant carrying capacity, which is unlikely for a species whose recruitment and growth can vary widely according to environmental conditions (Rodhouse et al., 2014; Arkhipkin et al., 2021). However, it is worth noting that if input data have enough contrast to allow the model fitting, and main environmental drivers, such as sea surface temperature (SST) or primary production, fluctuate throughout time without any clear trend, the assumption of a carrying capacity as the mean size of an unexploited population could be considered reasonable. Nonetheless, these considerations do not exclude the assumption that a constant carrying capacity cannot be violated. Moreover, CMSY, BSM, and SPiCT require less data than other catch-only data-poor assessment methods (Dowling et al., 2018; Falsone et al., 2021) making them suitable for assessing cephalopod species. For example, the Depletion-Corrected Average Catch (DCAC) method (MacCall, 2009) requires information on catch, relative depletion, natural mortality (M), and FMSY/M as inputs, while the Stock Synthesis Data-Limited (SS-DL) method (Cope, 2013) in the catch data configuration requires several additional basic biological and selectivity assumptions. On the other hand, the Catch-Only-Model with Sampling Importance Resampling (COM–SIR) (Vasconcellos and Cochrane, 2005) and State-Space Catch-Only Model (SSCOM) methods (Thorson et al., 2013) require catch, and priors for resilience (r) and carrying capacity (K) as inputs. Also, they are generally based on the same population dynamics assumptions (e.g., constant carrying capacity) as assumed by CMSY, BSM, and SPiCT.



Catch-Maximum Sustainable Yield Model

The CMSY model allows the computation of stock descriptors and parameters given the population’s resilience and catches. Species resilience is defined as the “measure of a species ability to adapt to changes in variable states, driving influences and parameters, and still persist” (Holling, 1973). The CMSY approach derives from the Catch–MSY method by Martell and Froese (2012) but addresses several shortcomings of its predecessor by including biased estimation of unexploited stock size and productivity, adding estimation of biomass and exploitation rates, and optimization of the underlying Monte Carlo algorithm. One of the recent improvements of CMSY is the implementation of a Bayesian state–space Schaefer surplus production model (BSM) as a routine tool within the CMSY package (Froese et al., 2017). Unlike CMSY, BSM also requires catch-per-unit-effort or other relative abundance indices (Froese et al., 2017) to perform the assessment. Both models are based on the dynamic formula of the Schaefer model (Equation 1):
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where Bt+1 is the exploited biomass in year t + 1, Bt is the biomass in year t, r is the intrinsic rate of population increase, K is the carrying capacity (i.e., the mean unexploited stock size), and Ct is the catch in year t. Both models account for depensation or reduced recruitment at severely depleted stock sizes, incorporating a linear decline of surplus production (Myers et al., 1995; Schnute and Richards, 2002) (Equation 2):

[image: image]

Specifically, a hockey-stick function is combined with the production model by introducing a multiplier which decreases linearly from 1 to zero at biomass below 0.25 K (Beverton and Holt, 1957; Ricker, 1975; Barrowman and Myers, 2000). This multiplier provides more realistic estimates of r and K in stocks with extended periods of severely depleted biomass. It also removes the bias in the CMSY estimates of final biomass in severely depleted stocks (Froese et al., 2017). Among the five cephalopod stocks, Eledone and Todill were assessed using both fishery dependent and independent data (i.e., BSM). In the case of L. vulgaris, O. vulgaris, and S. officinalis, only landing data (i.e., CMSY) was used because of the poor trawl survey performance in sampling the population at sea. The different levels of exploitation in terms of F/FMSY and B/BMSY were classified by using the threshold reported by Demirel et al. (2020): severely depleted (B ≤ 0.2BMSY), critical condition (B ≤ 0.5BMSY, F > FMSY), exploited outside safe biological limits (B ≤ 0.5BMSY), subject to overfishing (F > FMSY), recovering (B < BMSY, F ≤ FMSY), and healthy (B > BMSY, F ≤ FMSY).


Prior Selection

Priors for r were derived from SeaLifeBase1 (Palomares and Pauly, 2019) for invertebrates. The prior ranges for k were based on Equations (3) and (4) for stocks with low and high prior biomass at the end of the time series, respectively.
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where Klow and Khigh are the lower and upper bounds of the prior range of K, max(C) is the maximum catch in the time series, and rlow and rhigh are the lower and upper bounds of the r range to be explored by the Monte Carlo algorithm of the CMSY. Both BSM and CMSY models require prior estimates of relative biomass (B/K) at the beginning and end of the time series, and optionally also in the middle. The rules for setting prior biomass ranges are mostly derived from patterns in catch, that is, the timing and ratio of minimum catch to maximum catch, following the approach of Froese et al. (2017; Table 1). Priors were calculated by applying to the catch data a 3-year moving average in order to reduce the influence of extremes.


TABLE 1. Prior ranges for parameter r used by CMSY and SPiCT models.
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Surplus Production Model in Continuous Time Model

The SPiCT model (Pedersen and Berg, 2017) is a fully stochastic version of the traditional Pella–Tomlinson biomass dynamic model (Pella and Tomlinson, 1969). It uses the re-parameterization of Fletcher (1978) and is formulated as a stochastic differential equation (SDE) that includes process noise:

[image: image]

where y = nn/(n–1)/(n-1), Bt is the exploitable biomass at time t, K is the carrying capacity, m is the productivity parameter, and represents the maximum attainable surplus production (MSY), n determines the shape of the production curve, σB is the standard deviation of the process noise, and dWt is the Brownian motion. The SPiCT model allows the implementation of the Pella–Tomlinson biomass dynamic model for skewed production curves and includes the Schaefer (n = 2; Schaefer, 1954) and Fox (n = 1; Fox, 1970) models as special cases. For the purpose of the present study, the n parameter was set equal to 2, that is, the Schaefer production curve. The SPiCT assumptions are: (i) the analyzed stock is not subject to migration (i.e., closed population), (ii) Bt is the exploitable stock biomass, (iii) there are no lagged effects in the dynamics of Bt, (iv) the catchability in the survey and fishery are constant over the years, and (v) there is no particular pattern of recruitment. For other technical details (see Pedersen and Berg, 2017; Mildenberger et al., 2020). The same priors for r used for the CMSY and BSM approaches were used for the SPiCT model (Table 1). In particular, the SPiCT model was fitted to the Eledone and the Todill stocks. As with CMSY and BSM, the different levels of exploitation in terms of F/FMSY and B/BMSY were classified using the thresholds reported by Demirel et al. (2020).





RESULTS


Biomass Standardization

The models and predictive variables used to standardize survey indices are shown in Table 2. In particular, all models considered year, geographical coordinates (X: longitude, Y: latitude), and depth as predictive variables, except for E. cirrhosa for which month was also included as a predictor. The standardized and observed trawl survey indices are shown in Figure 2.


TABLE 2. Selected GAM models with the predictive variables used for the standardization of the surveys indices.
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FIGURE 2. Comparison between the observed (red lines) and standardized (black lines) biomass indices (kg/km2) of the MEDITS survey from the south of Sicily (GSA16): (A) Eledone cirrhosa; (B) Eledone moschata; (C) Illex coindetii; (D) Todaropsis eblanae.




Stock Dynamics

Stock dynamics have been described in terms of species-wise catch (103 tons), relative stock size (B/BMSY), and exploitation rate (F/FMSY). The main aspects of the stock status by species have been synthetically shown as a Kobe plot (F/FMSY against B/BMSY, Figure 3). The main outputs of the BSM, CMSY, and SPiCT models are listed in Table 3. Table 4 shows a comparison of the results obtained in this study with the cephalopod stock assessments carried out in other Mediterranean areas.


[image: image]

FIGURE 3. Dynamics of cephalopod stocks in the GSA16 estimated by CMSY and BSM models. Catch panel: black solid line shows the estimated catches, black dashed line the mean value of MSY, gray shaded area the 95% confidence interval of MSY. Stock size and exploitation rate panels: trend of B/BMSY and F/FMSY with gray shaded area showing the 95% confidence interval. Kobe plot panel: B/BMSY against F/FMSY for the years 2004–2018. Quadrants are color-coded, i.e., red area: stocks that are both overfished (low relative biomass) and in overfishing (high exploitation rate) (B ≤ BMSY; F ≥ FMSY); orange area: relative biomass is quite high but exploitation rate is high (B ≥ BMSY; F ≥ FMSY); yellow area: recovering stocks (B ≤ BMSY, F ≤ FMSY); green area: stocks subject to sustainable exploitation rate and with healthy stock biomass that can produce high yields close to MSY (B ≥ BMSY, F ≤ FMSY). Shaded areas indicate the confidence interval at 50% (light gray), 80% (gray), and 95% (dark gray) of the reference points during the last year.



TABLE 3. Main outcomes of the CMSY model applied to five cephalopods stocks of the GSA16.
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TABLE 4. Synopsis of the cephalopod assessments carried out in Mediterranean stocks.
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The general results seem to highlight that octopus stocks were in a critical and/or recovering condition, whereas squid stocks were in a healthy condition. Detailed results regarding the stock status of each taxon are provided below.


Eledone

BSM and SPiCT yielded similar estimates of Eledone stock status. In particular, BSM estimated a B/BMSY ratio equal to 0.3 [confidence interval (CI) = 0.2–0.6] and F/FMSY of 3.4 (1.5–7.3). SPiCT estimates were 0.5 (0.2–1.7) and 1.5 (0.6–3.6) for B/BMSY and F/FMSY, respectively. In addition, the estimated values for K, MSY and r were very similar between models (BSM: K = 6.8 × 103 tons, CI: 4.7–9.8; MSY = 0.8 × 103 tons, CI: 0.7–1.1; r = 0.5, CI = 0.4–0.7. SPiCT: K = 6.5 × 103 tons, CI: 5.4–7.9; MSY = 0.7 × 103 tons, CI: 0.5–1.0; r = 0.5, CI = 0.4–0.6). Both models indicated a decrease in stock size (B/BMSY) over the years and an increase in the fishing mortality (F/FMSY) in recent years, although this was more markedly observed in BSM. However, the perception of the stock during the first years of the time series is different, with SPiCT showing an increase, while BSM shows a decrease in stock size. Lastly, even though there was high uncertainty in stock status, especially for SPiCT, this was in critical condition for Eledone according to both models (B ≤ 0.5BMSY, F > FMSY; Figures 3, 4 and Tables 3, 4).
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FIGURE 4. Dynamics of Eledone and Todill stocks estimated by SPiCT model. Catch panel: blue solid line shows the estimated catches, blue dashed lines the 95% confidence interval of the estimated catches, black solid line the mean value of MSY and gray shaded area the 95% confidence interval of MSY. Stock size and exploitation rate panels: trend of B/BMSY and F/FMSY, with the light blue area showing the 95% confidence interval. Kobe plot panel: B/BMSY against F/FMSY ratios for the years with available data (2004–2018). Quadrants are color-coded, i.e., red area: stocks that are both overfished (low relative biomass) and in overfishing (high exploitation rate) (B ≤ BMSY; F ≥ FMSY); orange area: relative biomass is quite high but exploitation rate is high (B ≥ BMSY; F ≥ FMSY); yellow area: recovering stocks (B ≤ BMSY, F ≤ FMSY); green area: stocks subject to sustainable exploitation rate and with healthy stock biomass that can produce high yields close to MSY (B ≥ BMSY, F ≤ FMSY). Gray area represents the uncertainty, expressed as 95% confidence interval, of the reference points.




European Squid

Assessment results indicated that European squid have been in a recovering condition since the beginning of the time series (B < BMSY, F ≤ FMSY). In the last 2 years, the F/FMSY ratio increased and the B/BMSY slightly decreased; however, the stocks could be considered in good condition (healthy state, B > BMSY, F ≤ FMSY). It is worth highlighting that the CMSY estimates are characterized by low uncertainty i.e., B/BMSY = 1.4 with CI = 0.9–1.6 and F/FMSY = 0.8 with CI = 0.7–1.2 (Figure 3 and Tables 3, 4).



Common Octopus

The stock of common octopus showed the same trend as that of the European squid, with an overall improvement through the time series from an initial critical condition (F > FMSY and B ≤ 0.5 BMSY) to a recovering state (B < BMSY and F ≤ FMSY) during the last year, very close to that of the healthy condition (B > BMSY and F ≤ FMSY). The CMSY estimated a B/BMSY = 1.0 with CI = 0.4–1.2 and F/FMSY = 0.6 with CI = 0.5–1.3 (Figure 3 and Tables 3, 4).



Common Cuttlefish

The common cuttlefish stock was initially in a recovering status (B < BMSY, F ≤ FMSY). In the last few years (2017–2018), the relative fishing mortality increased and the relative biomass slightly decreased, even though the species was still in a healthy status at the end of the time series (B > BMSY, F ≤ FMSY). The uncertainty of the CMSY model was very low, i.e., B/BMSY = 1.4 with CI = 0.9–1.6 and F/FMSY = 0.8 with CI = 0.7–1.3 (Figure 3 and Tables 3, 4).



Todill

BSM estimated a B/BMSY ratio equal to 1.2 (CI = 0.8–1.6) and F/FMSY of 0.9 (0.5–1.4). SPiCT estimated 1.3 (0.9–1.8) and 0.8 (0.4–1.9) for B/BMSY and F/FMSY, respectively. In addition, the estimated carrying capacity, MSY, and r were very similar between models (BSM: K = 2.5 × 103 tons, CI: 1.6–4.2; MSY = 0.5 × 103 tons, CI: 0.4–0.6; r = 0.7, CI = 0.4–1.3; SPiCT: K = 2.4 × 103 tons, CI: 1.8–3.2; MSY = 0.4 × 103 tons, CI: 0.3–0.6; r = 0.7, CI = 0.6–0.9). However, in the first 2 years, BSM estimated the stock to be in a recovering condition (B < BMSY and F ≤ FMSY), whereas SPiCT always estimated a healthy condition over the time series (B > BMSY, F ≤ FMSY; Figures 3, 4 and Table 3). The uncertainty of both models was higher about the estimated exploitation rates than the stock sizes (Tables 3, 4).





DISCUSSION

The lack of contrast in the time series of catch and effort data, the short life cycle and cohort overlapping, and the resource intensive direct age estimation have been the main reasons for the limited cephalopod stock assessments to date (Pierce et al., 2010; Arkhipkin et al., 2021). In their very recent review of stock assessment methods for cephalopods, Arkhipkin et al. (2021) suggested that depletion models are the best tool for modeling the dynamics of cephalopod fisheries. However, the relative lack of interest in cephalopod fisheries in the Mediterranean makes it challenging to gather all the fine temporal scale data needed to run depletion models. Arkhipkin et al. (2021) suggested that in data-limited conditions, the recent developments in SPMs provide a means to investigate the stock status of cephalopods and to provide valid information to support management actions.

In the Strait of Sicily, cephalopods represent a significant fraction of the commercial catch, contributing highly to the profitability of fishers; nevertheless, their stock and fisheries remain largely unassessed and unregulated. In this context, the present study is the first attempt to assess the stock status of commercial cephalopods exploited in the GSA16 through surplus production models.

The assessments undertaken of these cephalopod species available in the Mediterranean showed very diverse stock statuses (Table 4). The critical state of Eledone found in the Strait of Sicily was similar to that reported for its stocks in the Aegean (Tsikliras et al., 2021), Ligurian, and Tyrrhenian Seas (Abella et al., 2010; Giordano et al., 2010; Froese et al., 2018). On the other hand, Agnesi et al. (1998) reported a healthy stock status of E. cirrhosa in the Tyrrhenian Sea and Orsi Relini et al. (2006) for the Ligurian Sea. The stock status of O. vulgaris in the Strait of Sicily was healthy/recovering, which is in agreement with that reported by Froese et al. (2020) in the Adriatic Sea. Conversely, in other Mediterranean areas, its status ranged from overfishing in the Gulf of Lions (Froese et al., 2018) to severely depleted in the Levantine Sea (Demirel et al., 2020), or critical in the Balearic Islands (Quetglas et al., 2015) and in the Ionian/Adriatic Sea (Froese et al., 2018). As for ommastrephids, the healthy state of Todill found in the Strait of Sicily was similar to that reported for its stocks in the Aegean (Tsikliras et al., 2021) and the Adriatic Seas (Froese et al., 2020). Conversely, Froese et al. (2018) found that the state of the ommastrephid squids varied from “overfished” in the Ionian/Aegean Sea and Sardinia to “critical” in the Adriatic Sea.

The healthy state of L. vulgaris estimated in the present study was in contrast with Froese et al. (2018), who reported an overfished stock status in the Aegean Sea, a critical state in the Balearic/Sardinia Islands and the Gulf of Lions, and a severely depleted state in the Adriatic Sea. Concerning S. officinalis, only Froese et al. (2020) indicated a healthy condition of the stock in waters around Cyprus, in agreement with the findings of the present study. In other areas of the Mediterranean, the stock status ranged from recovering in the Adriatic (Armelloni et al., 2018) and the Aegean Seas (Froese et al., 2018) to critical condition in the Adriatic Sea, Balearic Islands, Gulf of Lions (Froese et al., 2018), and the Ligurian Sea (Abella et al., 2010); and being in overfishing off the Egyptian coasts (Mehanna and Haggag, 2011), the Balearic Islands (Quetglas et al., 2015), in the Levantine Sea (Demirel et al., 2020), the Ionian Sea, and Sardinia (Froese et al., 2018).

The CMSY and BSM models assume that recruitment is constant above the threshold of 0.25 of the carrying capacity. This condition could not be met for the species considered in this study, potentially affecting the results of the assessment. However, the convergence of results obtained by the BSM and SPiCT models, which do not assume any constraint on recruitment, suggests that the BSM assessments may be robust enough to properly assess species such as cephalopods. However, it should be noted that SPiCT provided more optimistic results than BSM during the initial years of the time series. The stock statuses of the octopods in GSA16 were worse than those of the squids and cuttlefish. These different statuses might be related to differences in biology, behavior, vulnerability to fishing gear, or reaction to abiotic factors. According to Russo et al. (2019), the nominal fishing effort of Italian bottom trawlers in the Strait of Sicily decreased from 2009 to 2016. This reduced fishing pressure on the fishing grounds could have disadvantaged octopuses in competition with demersal fishes. On the other hand, the different responses to the environmental factors could explain the different dynamics between squids, cuttlefish, and octopuses; based on habitat suitability modeling, Lauria et al. (2016) reported that in the Strait of Sicily, I. coindetii prefers warmer and less salty waters, whereas T. eblanae prefers saltier waters. Conversely, both species of Eledone do not seem to be definitively affected by sea water temperature, whereas E. cirrhosa prefers waters characterized by higher salinity. Working at the Mediterranean level, Keller et al. (2017) reported that areas of high sea surface temperature showed higher densities of I. coindetii, while warmer years were coincident with lower O. vulgaris abundance.

SPMs, like most stock assessment models, assume uniform productivity but due to climate change, this assumption may be violated (Bundy et al., 2012; Szuwalski and Hollowed, 2016). Although non-stationary population processes can introduce bias into assessments of target biomass and fishing mortality, few accepted frameworks are available for including the influence of the changing environment on the management strategies of exploited stocks (Szuwalski and Hollowed, 2016).

The present study provides insights into the dynamics of stocks of commercially important cephalopods that are not the main target species of multiannual management plans for fisheries in the Mediterranean. Although it is difficult to provide advice for the management of cephalopod exploitation, especially in the case of multi-species and low-selectivity fisheries, the role of these species in the food web and their relevance for SSF calls for attention to the importance of periodic assessment of their stock dynamics. Moreover, considering that some cephalopods are target species of specific SSFs in the area, the results suggest the need for adopting specific measures for controlling exploitation and enhancing stock status. This is the case for S. officinalis in the Strait of Sicily (Falsone et al., 2020), for which technical measures based on seasonal closure during critical stages, such as the spawning period, could be adopted.
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This paper presents a framework for quantifying uncertainty in per-recruit analysis for small yellow croaker (Larimichthys polyactis) fisheries in China, in which credible estimates of life history parameters from Bayesian inference were used to generate the distribution for a quantity of interest. Small yellow croakers were divided into five spatial groups. The status of each group was examined using a yield-per-recruit (YPR) model and a spawning stock biomass-per-recruit (SSBPR) model. The optimal length at first capture (Lcopt) was proposed to recover the biomass. The maximum observed age in the current stocks (3 years) and the maximum recorded age (≥20 years) were adopted in per-recruit analysis. Our results suggest that the framework can quantify uncertainty well in the output of per-recruit analysis for small yellow croaker. It is suited to other fish species. The SSBPR at FMSY (SSBPRMSY) is a better benchmark than the spawning potential ratio (SPR) at FMSY because SSBPRMSY had a unimodal distribution. The SSBPR analysis can lead to a more conservative Lcopt than the YPR analysis. The key factor influencing the assessment conclusions may be the growth parameters rather than the natural mortality rate for a stock with a younger maximum age. Overfishing likely occurred for all groups and recruitment overfishing may not occur if the maximum age is maintained at 3 years. Increasing lengths at first capture to the recommended values can help this population recover. However, Fcur is too high for small yellow croakers to attain the maximum recorded age. Both reducing fishing mortality rate and increasing length at first capture are needed to attain the maximum recorded age.

Keywords: yield-per-recruit model, spawning stock biomass-per-recruit model, uncertainty, Bayesian inference, small yellow croaker


INTRODUCTION

Per-recruit models such as the yield-per-recruit (YPR) model and the spawning stock biomass-per-recruit (SSBPR) model are commonly used in fish stock assessments. These models can produce YPR and SSBPR at a fishing mortality rate (F), and biological reference points. Per-recruit models are defined mainly by fish life history parameters, such as the parameters on growth, length–weight relationship (LWR), and natural mortality. Thus, the output of a per-recruit model is primarily dependent on a combination of different types of life history parameters (Restrepo and Fox, 1988). The inherent uncertainty surrounding life history parameters can lead to uncertainty in per-recruit analysis (Chang et al., 2009). Incorrect estimates of biological reference points may be derived if uncertainty in parameters is ignored. Consequently, conclusions about the status of fish stock will be inaccurate (Helser et al., 2001; Chen and Wilson, 2002; Lin et al., 2015). Quantifying uncertainty in assessment results can enhance decision making for fishery resource management and help determine the best harvest strategies (Gavaris, 1993; Doll et al., 2017).

Random values from the distributions of input parameters must be generated to quantify uncertainty in the outcome of per-recruit analysis. Conventionally, these random values are produced by introducing random errors into each subset model with a set of particular estimates. A coefficient of variation (CV) or standard deviation (SD) is often specified for a subset model according to the available knowledge of parameter uncertainty (e.g., Chen and Wilson, 2002; Grabowski and Chen, 2004; Jiao et al., 2005; Chang et al., 2009). The estimated SDs from the observed data can also be used to introduce random errors (Lin et al., 2015). For correlated parameters, random errors can be introduced using the estimated standard errors and the correlation (Hart, 2013), and the covariance matrix constructed by the estimated SDs and the correlation (Lin et al., 2010). For instance, Hart (2013) took the standard error of 0.004 for K and 0.4 for L∞, and the correlation of −0.6 to simulate the negatively correlated parameters K and L∞ in the von Bertalanffy growth model (von Bertalanffy, 1938). Recent advances in Bayesian estimation provide a new method to obtain random values for life history parameters. Bayesian analysis can incorporate multiple sources of information to reduce uncertainty in life history parameter estimates and obtain more realistic estimates of uncertainty (Pulkkinen et al., 2011; Froese et al., 2014; Romakkaniemi, 2015; Zhu et al., 2020). Possible parameter estimates derived from Bayesian inference are given as samples drawn from its posterior distribution using the Markov chain Monte Carlo (MCMC) technique. MCMC samples are a number of estimates for an independent parameter or pairs of estimates for the correlated parameters. MCMC samples can generate distributions for the output of a per-recruit model. Doll et al. (2017) demonstrated that uncertainty in YPR estimates could be measured using the posterior distributions of growth parameters, LWR parameters, and natural mortality rate (M) when a combination of exploitation rate and minimum length limit was given.

Small yellow croaker (Larimichthys polyactis) is a warm-temperate demersal fish species that is distributed throughout the northwest Pacific Ocean (Ma et al., 2017). It is a commercially valuable species in China and inhabits the Bohai Sea, Yellow Sea, and East China Sea (Figure 1). Biological characteristics of the stocks have significantly changed; average body size is smaller and individuals become mature at an earlier age (Jin, 1996; Li et al., 2011; Lin et al., 2011). The maximum age decreased from 21–23 years in the 1960s (Mao et al., 1987; Guo et al., 2006) to 5–7 years in the early and mid-1980s (Mao et al., 1987; Liu et al., 1999; Shui, 2003; Lin et al., 2004; Guo et al., 2006), to 2–4 years in the 1990s and mid-2000s (Liu et al., 1999; Shui, 2003; Lin et al., 2004; Guo et al., 2006; Yan et al., 2006; Chen et al., 2010; Shan et al., 2017). Changes in life history traits of small yellow croaker have been attributed to increased fishing effort (Shan et al., 2013). The population has been at high risk of being overfished in recent years (Ma et al., 2020). Fishing effort needs to be reduced to recover the population to biomass level that supports maximum sustainable yield (MSY) (Ma et al., 2020). However, it is difficult to control fishing effort in China (Shen and Heino, 2014). The fishing effort of small yellow croaker increased each year from 1968 to 2015, with the exception of 1991 (Ma et al., 2020). Measures are urgently needed to reduce fishing pressure on this population. In addition, it is unclear if recruitment overfishing has occurred.
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FIGURE 1. Map of the Bohai Sea (BS), Yellow Sea, and a part of East China Sea (ECS), and the division of groups for small yellow croakers. Yellow Sea consists of North Yellow Sea (NYS) and South Yellow Sea (SYS). The figure was adapted from Zhu et al. (2021).


Trawl selectivity experiments demonstrated that enlarging mesh size could reduce fishing pressure on small yellow croaker, especially for juveniles (Chen et al., 2018). Thus, increasing length at first capture (Lc) may be an efficient measure to recover the population of small yellow croaker. Researchers have recommended the optimal age (tcopt) or length (Lcopt) at first capture for small yellow croaker in different regions based on the results from the YPR model (Jin, 1996; Liu et al., 1999; Lin et al., 2006; Zhang et al., 2010a; Gao et al., 2019). However, uncertainty in input parameters was not considered. The derived Lcopt varied among these studies. In addition, Zhou et al. (2020) suggested the fishing mortality rate to achieve MSY (FMSY) or the spawning potential ratio (SPR) at FMSY (SPRMSY) as the benchmark because the surplus production model takes into account population dynamics from one generation to the next. Thus, there may be a gap between Lcopt derived from the YPR analysis and the SSBPR analysis.

In a previous study, the probability distributions of life history parameters were estimated using the Bayesian hierarchical approach for five groups of small yellow croakers (Zhu et al., 2020). Based on this work, a framework was presented that quantified uncertainty in per-recruit analysis for small yellow croaker and examined the status of each group of small yellow croakers using the YPR model and the SSBPR model by incorporating uncertainty in parameters. Lcopt was estimated when SSBPR at FMSY (SSBPRMSY) was regarded as the management goal. The objective of this study was: (1) to establish a procedure for quantifying uncertainty in per-recruit analysis for small yellow croaker based on Bayesian inference and (2) to further check the status of small yellow croaker and to recommend management measures by considering both the yield and the spawning stock biomass.



MATERIALS AND METHODS


Methods and Data Sources

Previous studies have recommended to consider spatial heterogeneity in the studies for small yellow croaker due to the existence of geographic subpopulations for this species (Ying et al., 2011; Ma et al., 2020). However, division of the subpopulation for small yellow croakers is a controversial issue (Liu et al., 2013). Lin et al. (1965) divided small yellow croakers into three subpopulations based on body morphometrics in which the boundaries were 32.0 and 34.0°N (Figure 1). Based on this division, Liu (1990) proposed a fourth subpopulation in the central Yellow Sea (between 34.0 and 37.5°N) according to sex gland, which was supported by Wang et al. (2016) based on analysis of stable isotopic composition of otoliths. However, Xu and Chen (2010) argued that only two subpopulations exist according to their migration trajectory, and they defined a boundary of 34.0°N. Zhang et al. (2014) proposed another division of four subpopulations according to otolith features and the boundaries were about 35.5, 30.0, and 27.0°N.

In response to the controversy, small yellow croakers were divided into five groups according to the intensive investigation regions (Zhu et al., 2020), in which Group 3 was included in Group 4 (Figure 1). Some researchers studied small yellow croaker in the region between 32.0 and 34.0°N (e.g., Zhang et al., 2010a; Liu et al., 2013) according to the subpopulation divisions proposed by Lin et al. (1965), whereas some investigated the population in the area between 31.0 and 34.0°N (e.g., Lin et al., 2004; Yan et al., 2006). Thus, Groups 3 and 4 were regarded as two independent groups since it is unclear whether they belong to the same subpopulation (Zhu et al., 2020). Zhu et al. (2020) used the Bayesian hierarchical models to estimate life history parameters and their uncertainty for each group based on 25 growth curves, 41 LWRs, and 16 natural mortality rates collected from the literature (Supplementary Table 1). The resulting estimates of each type of life history parameter were 30,0000 sets of MCMC samples for each of the five groups. Growth parameters, LWR parameters, and natural mortality rate were summarized and are shown in Supplementary Tables 2–4, in which highest density interval (HDI) that gave the span of the most credible values (Kruschke, 2014) was used to summarize the uncertainty of a parameter.

Based on this work, we developed a procedure for quantifying uncertainty in per-recruit analysis for small yellow croakers (Figure 2). It consisted of two steps: estimating the posterior probability distributions for life history parameters and conducting per-recruit analysis. In the first step, already developed and undertaken by Zhu et al. (2020), the posterior distributions of life history parameters are first obtained using Bayesian approaches by combining the priors and the existing estimates, which were used to conduct per-recruit analysis when newly observed data were not collected. Otherwise, the resulting posteriors served as the priors to update the parameters by combining with new data. Then, the latest knowledge about life history parameters was used to carry out per-recruit analysis. For the second, novel step, the credible MCMC samples of each parameter generated from the first step were used to conduct per-recruit analysis and to calculate the quantities of interest by combining with fishery parameters, such as F and Lc.
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FIGURE 2. Flowchart quantifying uncertainty for outputs of per-recruit analysis based on Bayesian inference.


We used the parameter values that had been obtained from the first step to undertake the second step. New data for estimating the growth parameters, LWR parameters, and natural mortality rate were not collected because almost all the recent estimates have been incorporated in Bayesian analysis in our previous work (Zhu et al., 2020). The MCMC samples inside the 95% HDI were taken as credible estimates to avoid the impact of extremely high or low values on per-recruit analysis. For the correlated parameters, a pair of estimates were taken together if the estimate of each parameter was located in its 95% HDI. The number of credible MCMC samples was different for different types of parameters. The same number of MCMC samples was taken according to the minimum number of credible MCMC samples among three types of parameters for a group. The number of parameter sets was enough to obtain the possible distributions for the output of a per-recruit model (Table 1).


TABLE 1. Number of the total parameter sets in per-recruit analysis and number of the parameter sets failing to define Fmax and F20%.
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Per-Recruit Model

Considering implementation of summer-fishing-closed-season policy in China, a discrete YPR model and a discrete SSBPR model were constructed for small yellow croaker fisheries based on the work of Govender et al. (2006). YPR (expressed in mass g) was expressed as

[image: image]

where Y is the attained yield, R is the number of the recruit, and tmax is the maximum age in the fishery in months aw and bw are LWR parameters (W = awLbw). Lt is the predicted length at age t, which was calculated using von Bertalanffy growth model (von Bertalanffy, 1938). j is used to produce the cumulative sum of fishing mortality rate and natural mortality rate at each stage, and this term exists when t ≥ 2. Here, R was assumed to be the number at 1 month old and set to 1. SLt is the gear selectivity at length Lt and was assumed to be knife-edged.
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At indicated whether a particular month corresponding to age t was open to fishing or not (Govender et al., 2006). It was 1 when the month was open to fishing. Otherwise, it was 0.

Spawning stock biomass-per-recruit (expressed in mass g) was expressed as

[image: image]

where Gt was the fraction of mature fish at age t and was also assumed to be knife-edged (Govender et al., 2006).
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where tm was the age at 50% maturity.

Spawning potential ratio is the ratio of SSBPR at a fishing mortality rate to the maximum SSBPR under unfished conditions (Goodyear, 1993). It was expressed as

[image: image]

Spawning potential ratio has a maximum value of unity and declines toward zero with an increase in fishing mortality rate (Goodyear, 1993). Similarly, SPRMSY was expressed as (Zhou et al., 2020)

[image: image]



Biological Reference Points

Biological reference points derived from per-recruit models are expressed as fishing mortality rates, which are metrics of stock status (Gabriel and Mace, 1999). Fmax and F0.1 are reference points derived from the YPR model. Fmax is the fishing mortality rate maximizing YPR and F0.1 is where the slope of the YPR curve is 10% of the maximum slope (Grabowski and Chen, 2004). The reference point from the SSBPR model is expressed as Fx% representing the fishing mortality rate that reduces SSBPR to x% of the maximum SSBPR in an unexploited state (Gabriel and Mace, 1999). Fx% is exactly the value of SPR at a fishing mortality rate according to Eq. 5. Mace and Sissenwine (1993) advocated F20% as a recruitment overfishing threshold for species with high and medium resilience and F30% as a recruitment overfishing threshold for species with low resilience. Generally, small yellow croaker grows slowly, matures at an older age (2–3 years), and has low resilience (Ye, 1991; Jin and Deng, 2000). However, its resilience may increase when it matures earlier. At present, FishBase1 gives the resilience of small yellow croaker as medium. Thus, we took F20% as a recruitment overfishing threshold for small yellow croaker. We calculated Fmax, F0.1, and F20% to examine stock status and check the impact of uncertainty in life history parameters on per-recruit analysis.


Impact of Uncertainty in Parameters on Biological Reference Points

To examine the impact of a type of history life parameter on uncertainty in per-recruit analysis, reference points were calculated under four scenarios. We used credible MCMC samples of all types of life history parameters to calculate reference points in Scenario 1. Credible MCMC samples of the growth parameters, LWR parameters, and natural mortality rate were adopted in Scenarios 2, 3, and 4, respectively, and point estimates were taken for other types of parameters. The variation in biological reference points in Scenarios 2, 3, and 4 was caused by the uncertainty of a type of life history parameter.



Effect of Maximum Age

The maximum age may have not exceeded 3 years for each group of small yellow croakers since the mid-2000s (Lin et al., 2004; Guo et al., 2006; Chen et al., 2010; Yan et al., 2014; Hu et al., 2015; Shan et al., 2017). It was 2 years in some years (Lin et al., 2004; Guo et al., 2006; Yan et al., 2014; Hu et al., 2015). In this study, a maximum age of 3 years was used in per-recruit analysis for all groups. The maximum age influences YPR and SSBPR for a given F according to Eqs 1, 3, and may further affect the derived reference points. We set tmax = 3, 5, and 7 years to test the effect of maximum age. At present, it is unclear if small yellow croaker would reach an age of 21–23 years in the absence of fishing. The optimal maximum age (toptmax) was 21 years for Groups 1 and 2, 23 years for Groups 3 and 4, and 20 years for Group 5 (Gao et al., 2019). We calculated reference points and derived Lcopt when tmax = toptmax to further check the status of small yellow croaker and to explore management measures.




Optimal Length at First Capture

In past studies, the YPR contour was often used to determine tcopt, which was transformed to Lcopt. In the YPR isopleth, age at first capture (tc) was the vertical axis and F the horizontal axis. One line representing maximum YPR for a given F and the other line representing maximum YPR for a given tc were plotted in the contour (Caddy, 1984). At the current fishing mortality rate, any tc located between these two lines can be chosen as tcopt. Thus, tcopt has a range and one value is usually chosen subjectively. In this study, we chose SPRMSY and SSBPRMSY as the target reference points to which to aim to recover the biomass of small yellow croakers and calculated their distributions. As shown in Figure 2, Lcopt was found to achieve these distributions.



Fishing Mortality Rate and Other Parameters

Fishing mortality rate has an increasing trend for small yellow croaker fisheries which is in accordance with increasing fishing effort (Supplementary Table 5). Considering that fishing effort has consistently increased and fishing mortality rate also has a level of uncertainty, current fishing mortality rates (Fcur) were assigned the mean of the latest two estimates for Group 1 (1.73 year–1) and Group 5 (2.73 year–1). Fcur took the latest estimate for Group 2 (1.56 year–1), Group 3 (2.38 year–1), and Group 4 (2.38 year–1) because other values were estimated four or more years ago for those groups. Groups 3, 4, and 5 had much higher fishing mortality rates than Groups 1 and 2, which is consistent with fishing activities (Ma et al., 2020). FMSY was time-varying and ranged from 0.15 to 1.07 year–1 for Groups 1 and 2, and from 0.15 to 1.32 year–1 for Groups 3, 4, and 5 between 1968 and 2015 (Ma et al., 2020). We took the values in 1968 and 2015 for small yellow croakers with the optimal maximum age and the current maximum age, respectively.

We assumed that small yellow croakers grew up to 1 month older in May for Group 5 and in June for other groups according to the spawning time of each group (Jin, 1996; Cheng et al., 2004; Zhang et al., 2010b). Lc was set to 12 cm for all groups, which is the length at 50% retention for the trawl net and the canvas stow net with the minimum allowable mesh size of 54.0 mm (You et al., 2017; Chen et al., 2018; Xu et al., 2019). Heavy fishing pressures have resulted in earlier maturity for small yellow croaker. The proportion of the population that matures at age 1 has been over 90% since 2011 (Yan et al., 2014). The fractions of mature fish at spawning time were assumed to be 1 for all age classes of each group. Currently, the areas where small yellow croakers are distributed are closed to fishing in the summer. The seas to the north of 35.0°N are closed to fishing from May 1 to August 31 and those to the south of 35.0°N are closed from May 1 to September 16.




RESULTS


Biological Reference Points

Generally, biological reference points Fmax, F0.1, and F20% were well defined by credible MCMC samples. F0.1 existed for all set of credible MCMC samples of each group. However, some sets of MCMC samples could not produce Fmax and F20% (Table 1). Some extremely high values were also derived for F20% from some sets of parameter estimates (Figure 3). Fcur was significantly higher than FMSY for each group because it was greater than the upper limit of 95% credible interval (Table 2). It was also significantly higher than F0.1 for Groups 1, 3, 4, and 5 when tmax = 3 years. But Fcur was not significantly greater than Fmax and F20% for each group. It even had a high probability of being lower than Fmax and F20% for Group 2 (Figure 4). The probability of Fcur being greater than F0.1, P (Fcur > F0.1), approximated 1 for all groups except Group 2 (92%). In contrast, P (Fcur > Fmax) and P (Fcur > F20%) were relatively low and not greater than 74%. However, Fcur was greater than F0.1, Fmax, and F20% with a high probability for all groups (85–97%) when tmax = toptmax.
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FIGURE 3. Boxplot of biological reference points Fmax, F0.1, and F20% in four scenarios for Group 1 of small yellow croakers. Scenario 1 denoted the variation in all types of life history parameters. Scenarios 2, 3, and 4 denoted the variation in growth parameters, length–weight relationship parameters, and natural mortality rate, respectively.



TABLE 2. Biological reference points and current fishing mortality rates for each group of small yellow croakers.
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FIGURE 4. The probability of Fcur being greater than the biological reference points Fmax (green triangle), F0.1 (red square), and F20% (blue circle) for each group of small yellow croakers.



Impact of Uncertainty in Parameters on Biological Reference Points

Figure 3 shows the distributions of Fmax, F0.1, and F20% for Group 1 in four scenarios when tmax = 3, 5, and 7 years. Reference points of the other four groups had a similar distribution pattern. Uncertainty about each reference point was largest for Scenario 1 at a given maximum age, in which all three types of parameters varied. For Scenarios 2, 3, and 4, the variation in the growth parameters (Scenario 2) led to the largest uncertainty in the estimates of each reference point when tmax = 3 years. This indicated that the uncertainty of these reference points was caused mainly by uncertainty surrounding the growth parameters.



Effect of Maximum Age

The number of the parameter sets that could not define F20% decreased with an increase in tmax (Table 1). Relative importance of life history parameters also changed as tmax increased (Figure 3). The effect of natural mortality rate (Scenario 4) on the uncertainty of reference points became stronger than growth parameters when tmax = 5 years. Uncertainty in the natural mortality rate dominated the variation in each reference point when tmax = 7 years. The LWR parameters had less influence on the uncertainty of the reference points in all cases.




Yield-Per-Recruit and Spawning Potential Ratio

Both the YPR curve and the SPR curve were variable for each group due to uncertainty in the life history parameters (Figures 5, 6). They also varied among groups, depending on parameter estimates of each group and the level of their uncertainty. Maximum YPR ranged from 25.54 g (median value) to 34.20 g when Lc = 12.0 cm for small yellow croakers and was significantly different among groups when the exploitation pattern was similar (p < 0.001, Figure 7). The median of maximum YPR was greatest for Group 1, followed by that of Groups 4, 2, 5, and 3. However, the SPR curve of Group 1 was the lowest, whereas the SPR curves of Groups 2, 3, and 5 were relatively high (Figure 6). Median SPR at Fcur (SPRcur) was lower than median SPRMSY for each group. The upper limit of 95% HDI was even lower than 40% for Groups 3, 4, and 5. The distribution of SPR at a fishing mortality rate was different at two maximum ages (Figure 8). SPRcur and SPRMSY had a bimodal distribution or a multimodal distribution when tmax = 3 years, whereas they had a unimodal distribution for each group when tmax = toptmax. But the pattern of the SSBPR at a fishing mortality was not affected by the maximum age (Figure 9). Median SPRcur was very low (10–15%) for small yellow croakers with the optimal maximum age due to the high fishing mortality rate. A high SPRMSY (55–66%, median value) was needed to attain MSY. Conversely, SPRcur was relatively high when tmax = 3 years and a relatively low SPRMSY was needed.
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FIGURE 5. Mean (solid line), median (long-dashed line), and the 95% HDI (dotted line) of yield-per-recruit curves for each group of small yellow croakers when tmax = 3 years.
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FIGURE 6. Mean (solid line), median (long-dashed line), and the 95% HDI (dotted line) of spawning potential ratio curves for each group of small yellow croakers when tmax = 3 years. Green and red dotted lines show the position of FMSY and Fcur, respectively.
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FIGURE 7. Distribution of maximum yield-per-recruit for each group of small yellow croakers when tmax = 3 years.
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FIGURE 8. Distribution of spawning potential ratio at Fcur (red lines) and at FMSY (blue lines) for each group of small yellow croakers when Lc = 12.0 cm (tmax = 3 years: solid lines; tmax = toptmax: dotted lines).
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FIGURE 9. Distribution of spawning stock biomass-per-recruit at Fcur and at FMSY for each group of small yellow croakers when Lc = 12.0 cm and Lc = Lcop. Lcopt was 15.05, 14.80, 15.15, 15.20, and 15.55 cm for Groups 1–5 when tmax = 3, and 23.30, 22.67, 22.19, 22.76, and 22.35 cm when tmax = toptmax.




Optimal Length at First Capture

SPRMSY was not suitable to be used as the benchmark to derive Lcopt when tmax = 3 years because its distribution had two or more modes (Figure 8). We derived Lcopt according to the distribution of SSBPRMSY, which ranged from 14.80 to 15.55 cm when tmax = 3 years and from 22.19 to 23.30 cm when tmax = toptmax (Figure 9). SSBPR at Fcur (SSBPRcur) and SSBPRMSY had a similar distribution when Lcopt was used for each group. But uncertainty in the SSBPR increased when Lc increased to the value of Lcopt as this increased the distribution of the SSBPR for each group. Lcopt could also lead to a higher yield when tmax = 3 years (Table 3). Median YPR would increase 14, 6, 11, 17, and 16% for Groups 1–5, respectively.


TABLE 3. Summary of yield-per-recruit at the current fishing mortality rate for each group of small yellow croakers when tmax = 3 years (unit: g).
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DISCUSSION

This study presented a framework for measuring uncertainty in the outputs of per-recruit analysis for small yellow croaker fisheries. In this framework, the Bayesian approach was used to estimate probability distributions for life history parameters. Credible MCMC samples from Bayesian analysis were used to generate the distributions for a quantity of interest from a YPR model and an SSBPR model. Based on previous work, we checked the status of five groups of small yellow croakers and derived optimal lengths at first capture when SSBPRMSY was used as the benchmark. The results showed that uncertainty in a quantity of interest from per-recruit analysis, such as YPR and SSBPR at a fishing mortality rate, could be well quantified using credible MCMC samples and expressed as a probability distribution (Figures 7, 9). The credible range of a quantity could be further expressed as the 95% HDI (Tables 2, 3). Uncertainty in growth parameters, LWR parameters, and natural mortality rate created variation in the reference points (Figure 3), YPR curve (Figure 5), and SPR curve (Figure 6).

In theory, F0.1 always exists, but Fmax is poorly defined in some cases, and even cannot be defined (Rivard and Maguire, 1993). When the natural mortality rate is high relative to growth, the combination of life history paramters will lead to the asymptotic YPR curve, in which Fmax cannot be found (Jensen, 2000). That F20% could not be defined was also due to the low growth and a relatively high natural mortality rate. SPR is positively correlated with natural mortality and negatively correlated with various indices of size (Caddy and Mahon, 1995). The SPR curve will be too high to intersect the horizontal line passing through 20% when growth is low relative to the natural mortality rate. Although some estimates of F20% were extremely high when tmax = 3 years (Figure 3), the 95% HDI could exclude them and provide the range of acceptable values (Table 2).

Overfishing likely occurred for all groups of small yellow croaker because Fcur was significantly higher than FMSY for each group (Table 2). This is consistent with the conclusions made by Ma et al. (2020). A similar conclusion could be drawn if F0.1 was taken as the benchmark because P(Fcur > F0.1) was high for each group when tmax = 3 years (Figure 4), indicating that F0.1 can index the status for small yellow croaker at present. Fmax is not suited for judging the status of small yellow croaker when tmax = 3 years because P(Fcur > Fmax) was not high, especially for groups 1, 2, and 3. Generally, Fmax is not a useful conservation standard because it may be extremely high to maximize yield, which will reduce the spawning potential of the stock to near zero (Goodyear, 1993). Recruitment overfishing may not occur for the current stocks (tmax = 3 years) because P(Fcur > F20%) was also not high (Figure 4). But Fcur was higher than both Fmax and F20% with a high probability for each group when tmax = toptmax, indicating that the current fishing mortality rate was too high for small yellow croakers with the optimal maximum age. Recruitment overfishing might have occurred in the past, but the stocks recovered by changing the life history traits. For instance, small yellow croakers now grow faster and mature earlier.

The level of uncertainty in reference points was jointly determined by uncertainty in three types of life history parameters. However, the contribution of each type of parameter was different, depending on its level of uncertainty. Generally, the LWR parameters have a low level of uncertainty for most fished species because length–weight data are easy to collect and can be measured accurately, whereas uncertainty in growth parameters and natural mortality rate is relatively high. For each group of small yellow croaker, the estimated LWR parameter was almost normally distributed and had the lowest uncertainty among the three types of life history parameters (Zhu et al., 2020). Thus, the LWR parameter had limited influence on all reference points in this study (Figure 3). Natural mortality rate is more difficult to estimate accurately in comparison to growth parameters. Estimates of the natural mortality rate have a high degree of uncertainty (Hamel, 2015). Thus, natural mortality rate has been commonly identified as a key factor influencing the stock assessment for a variety of species (e.g., Grabowski and Chen, 2004; Jiao et al., 2005; Chang et al., 2009). However, uncertainty surrounding growth parameters was the main contributor to the uncertainty in all reference points for small yellow croaker stocks when tmax = 3 years (Figure 3). But the relative importance of uncertainty in growth parameters and natural mortality rate changed with the assumed maximum age. The impact of uncertainty in natural mortality rate on per-recruit analysis became stronger as the maximum age increased. Natural mortality rate became the key source of uncertainty in stock assessments when tmax = 7 years. These results implied that growth parameters may be a key factor influencing the assessment conclusions for a stock with a younger maximum age, unless uncertainty in growth parameters is lower than that of the natural mortality rate.

Maximum age affected the per-recruit analysis. The number of parameter sets that could not generate F20% reduced with an increase in maximum age (Table 1). Larger maximum age values resulted in more SSBPR terms according to Eq. 3. Correspondingly, the SPR curve may have a shape that can define F20%. The estimates of all reference points decreased with an increase in maximum age (Figure 3). That is, fishing mortality rate must be further reduced to let small yellow croakers grow older. A very low fishing mortality rate is needed to maintain the optimal maximum age for small yellow croakers (Table 2). An appropriate choice of the maximum age is particularly important for SSBPR analysis because the maximum age determines the magnitude of maximum SSBPR and further influences SPR. For instance, SSBPRcur was very close for the two maximum ages (Figure 9), but different SPRcur was produced (Figure 8) due to the effect of maximum SSBPR. Normally, a maximum age exists for an unexploited fish stock. A younger maximum age may be observed from a sample after this stock is exploited. If this younger maximum age is employed in the SSBPR model, maximum SSBPR will be underestimated (Mace and Sissenwine, 1993). As a result, a positive bias will be introduced into the estimate of SPR (Goodyear, 1993). In this situation, the maximum age of unexploited stock must be used in the SSBPR analysis. It is worth discussing the choice of maximum age for an overexploited stock that has a much younger maximum age for many years due to long-term heavy fishing. For example, the reported oldest age for small yellow croaker is 21 years in the Bohai Sea (Guo et al., 2006) and 23 years in the southern Yellow Sea (Mao et al., 1987), but the maximum age of small yellow croakers in each region may have not exceeded 3 years for about 15 years. Therefore, it is not realistic to adopt tmax = 21 or 23 years to calculate the YPR and the SSBPR for current stocks. But these optimal maximum ages can be used to calculate management quantities, such as the reference points in Table 2.

There was a significant difference in maximum YPR among groups (Figure 7). YPR at a fishing mortality rate is positively correlated with growth indices and negatively correlated with natural mortality rate according to Eq. 1. Therefore, maximum YPR of Group 1 was greatest mainly because of its highest asymptotic average body size and lowest natural mortality rate among the five groups (Supplementary Tables 2, 4). The lowest SPR curve in Group 1 was also caused by its high growth indices and lowest natural mortality rate, which can be attributed to a negative correlation between SPR and growth, and a positive correlation between SPR and natural mortality.

Median SPRMSY was higher than 40% for all groups of small yellow croaker except Group 4 when tmax = 3 years (Figure 6). Each group required a higher SPRMSY when tmax = toptmax (Figure 8). At present, spawning stock may drop below the level for supporting MSY. Although seas are closed to fishing in summer every year in China, this closed season policy does not prevent overfishing for small yellow croakers; rather, it temporarily enhances the biomass of small yellow croakers (Cheng et al., 2004; Yue et al., 2016). Relative abundance of small yellow croakers increases significantly during the closed months and is the greatest at the end of the closure (Cheng et al., 2004). However, relative abundance is reduced to a low level again in late December due to high fishing pressure (Cheng et al., 2004). Additional management measures are needed to ultimately enhance stocks.

Spawning stock biomass-per-recruit is superior to SPR when deriving Lcopt. It was easy to derive Lcopt using SSBPRMSY because it had a unimodal distribution (Figure 9). However, a younger maximum age could cause the complex distribution for SPRMSY (Figure 8), which limited the application of SPR. The derived Lcopt could improve both SPR and YPR for each group when tmax = 3 years (Table 3 and Figure 8). But Lcopt was different among groups. Groups 1 and 2 are commonly managed by one agency, whereas Groups 3–5 are co-managed by another agency. Vessels can operate anywhere within the jurisdiction of an agency. One policy that could be implemented for Groups 1 and 2 is to use a value of 15.05 cm for Lcopt. This policy could be easily implemented in practice. Similarly, a Lcopt of 15.55 cm can be used for Groups 3–5. These policies would be more conservative for Groups 2–4. It is not realistic to increase Lc to 22.19–23.30 cm (Figure 9). Fishing mortality rate also needs to be reduced to let small yellow croakers reach the optimal maximum age.

The proposed Lc from YPR analysis is usually lower than the recommended value in this study. According to the YPR isopleth, Lin et al. (2006) proposed Lc = 17.0 cm (Lcopt range = 15.48–17.43 cm) for Groups 3–5. Zhang et al. (2010a) suggested Lc = 14.83 cm (Lcopt range = 11.89–15.42 cm) for Group 3. Gao et al. (2019) recommended Lc = 15.0 cm (Lcopt range = 15.15–15.91 cm) for Group 5. Although the upper limit of the Lcopt range estimated by Gao et al. (2019) was higher than 15.55 cm, a relatively small value was chosen. Only the recommended Lc (17.0 cm) by Lin et al. (2006) was high enough to conserve Groups 3–5. But the YPR produced by an Lc of 17.0 cm at Fcur was lower than that produced by an Lc of 15.55 cm for these three groups. Zhai and Pauly (2019) derived an Lcopt of 13.5 cm from YPR analysis and 14.0 cm from utility-per-recruit analysis for Group 1 based on the parameter estimates of Liu et al. (2018). These two values were lower than our result (15.05 cm). Lcopt might have been underestimated by Zhai and Pauly (2019) due to limited data.

The estimated parameters are often imprecise and different between independent studies because the oberved data are a subsample from the population of interest (Doll et al., 2017). Uncertainty in per-recruit analysis will be dominated by the observed data when parameter estimates and their SDs derived from these data are used to generate random parameters. Uncertainty of the parameters estimated from a subsample may be narrower than when data from other years are considered (Froese et al., 2014). Thus, the resulting uncertainty in a quantity from per-recruit analysis may be underestimated. When random parameters are obtained by specifying SDs or CVs for a particular set of parameter estimates, the resulting uncertainty in the outcome of a per-recruit model will be influenced by both the specified estimates and SDs or CVs. In contrast, existing information regarding a parameter can be introduced to Bayesian analysis and the resulting uncertainty of this parameter may be more realistic. Therefore, parameter estimates from Bayesian inference may lead to more realistic uncertainty for a quantity of interest from per-recruit analysis. In addition, the correlated parameters from different types of life history can also be easily incorporated into a Bayesian model to estimate the parameter of interest using their correlation (Pulkkinen et al., 2011; Zhu et al., 2020). Moreover, uncertainty in a parameter with less information can be reduced through their correlation. Thus, estimating parameters using Bayesian inference is suited for quantifying uncertainty in per-recruit analysis.

Generating extremely low or high values from Bayesian inference is unavoidable when sampling in the posterior distribution of a parameter using the MCMC technique. The extreme values may have no biological meaning or exceed the reasonable range. We used MCMC samples inside 95% HDI to avoid the impact of extreme values. The total probability of MCMC samples in the 95% HDI is 95% and these samples are the 95% most credible values (Kruschke, 2014). These MCMC samples can generate uncertainty for a quantity for per-recruit analysis. The median of a quantity was similar when all MCMC samples were used. The mean had an increase of 2–5% for Fmax, 1–4% for F0.1, and 1–3% for F20% when t = 3 years. The 95% HDI became wider due to the increase in the range of MCMC samples; 95% HDI of Fmax had a largest change among these three reference points. Its lower limit decreased by 3–11% and upper limit increased by 5–10%. The variation in the mean and the median of Lcopt was no more than 1% and was less than 2% in the limits of 95% HDI.

Markov chain Monte Carlo samples used in per-recruit analysis were derived from the existing estimates of life history parameters. Growth parameters and natural mortality rate were slightly skewed for most groups of small yellow croakers due to variation in parameter estimates and the relatively small size of the dataset (Zhu et al., 2020). As a result, the distribution of a quantity from per-recruit analysis was also not exactly normal (Figures 7, 9). New data are needed to reduce uncertainty in the output of per-recruit analysis by improving parameter estimates. According to the framework shown in Figure 2, when new data are collected for a group of small yellow croakers in the future, the distributions of parameters estimated by Zhu et al. (2020) will serve as the prior values to derive the newest distributions for life history parameters. Then the resulting credible MCMC samples are used to conduct per-recruit analysis to update our knowledge on a quantity of interest from per-recruit analysis. This procedure for measuring uncertainty in per-recruit analysis is general and suitable for other species. In this framework, other Bayesian approaches can also be adapted to obtain MCMC samples of life history parameters for quantifying uncertainty in the outcomes of per-recruit analysis. The conclusion regarding the status assessment and the recommended Lc in this study were also influenced by the estimates of Fcur and FMSY. When new knowledge on Fcur and FMSY is available, per-recruit analysis needs to be carried out again to update our understanding of the status of each group. In addition, the derived Lcopt for small yellow croakers with the optimal maximum age was influenced by parameter values and FMSY. Current parameter values may be different from those when small yellow croakers attained the optimal maximum age. Similarly, FMSY in 1968 may also be biased. The groups of small yellow croakers were divided in terms of conventional investigation region. It is still unclear whether or not Groups 3 and 4 belong to the same subpopulation. Although Group 3 is the main part of Group 4 in this study, their maximum YPRs were significantly different (Figure 7). Group 3 had larger median values of Fmax, F0.1, and F20% than Group 4 (Table 2), whereas Group 4 had higher YPR and SSBPR (Table 3 and Figure 9). There is a need to discuss the division of groups for small yellow croakers to conduct better resource surveys and stock assessment for this species.



CONCLUSION

Overfishing likely occurred for all groups of small yellow croakers in China, but recruitment overfishing may not occur if the maximum age is maintained at 3 years. High fishing mortality and small length at first capture might cause SPRcur to be lower than SPRMSY. The current closed season policy coupled with the recommended lengths at first capture could recover the biomass to support MSY when tmax = 3 years. The required fishing mortality rate was very low for small yellow croakers with the optimal maximum age. Besides increasing length at first capture, the fishing mortality rate needs to be reduced to attain the optimal maximum age for each group.

The combination of the SSBPR model and FMSY from the surplus production model can lead to a more conservative length at first capture than the YPR model. SSBPRMSY is more suitable to derive the optimal length at first capture than SPRMSY.

The credible parameter values from Bayesian inference could quantify uncertainty well in the output of per-recruit analysis. The presented framework for measuring uncertainty in the outcome of per-recruit models is suited for other fish species, and the Bayesian approach to parameter estimation in this framework is not limited to that utilized in our previous work: other Bayesian methods can also be used to derive input parameters for per-recruit models.
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As the world population grows, fisheries practitioners will be under increased pressure to address global challenges in data-limited fisheries management. With a focus on addressing localized and case-specific management needs, we provide a practical guide to the design and development of multi-indicator frameworks for fishery management. In a data-limited context, indicators are observations or estimates of the state of the fishery resource that are typically proxies for variables of interest, rather than quantities such as stock biomass estimated from data-rich stock assessments. Indicator frameworks structure the integration and interpretation of indicators to guide tactical fishery decision-making, often when the application of more formal analytical assessments is not feasible, yet where indicators in combination provide insight into stock status. With a focus on multi-indicator frameworks, we describe a pragmatic approach for their development via a set of organizational steps, considering a wide spectrum of types and severity of information limitations. We highlight where multi-indicator frameworks can be insightful and informative in relation to single indicator approaches but also point to potential pitfalls, with emphasis on critical evaluation and detection of performance flaws during the design phase using methods such as management strategy evaluation.

Keywords: fishery management, indicator, management strategy, framework, stock assessment


INTRODUCTION

Fisheries provide food and jobs for hundreds of millions of people across the globe. Yet between one third to one half of fisheries are likely to be unsustainably fished, limiting their potential to achieve conservation and food provisioning objectives (Costello et al., 2012, 2016; FAO, 2020b). Fisheries with well-developed management systems, including clearly defined procedures for data collection, stock assessment and regulation (i.e., harvest strategies) tend to meet management objectives better than those fisheries without such systems (Costello and Ovando, 2019; Hilborn et al., 2020). As the world population grows to more than nine billion people by 2050, there is a need to improve the capacity of wild capture fisheries to provide food and nutrients to people (United Nations, 2019). Bringing effective management to fisheries that lack quality data (e.g., data gaps, bias, and imprecision) requires a renewed focus on the process of designing data-limited fishery management strategies (Dowling et al., 2015b,2019; McDonald et al., 2017). There is a need for practitioners to be prepared to address global challenges in data-limited fisheries management, recognizing that solutions to these challenges will likely require focus on localized and case-specific issues (Caddy, 2004; Dowling et al., 2019).

In striving to improve data-limited fisheries management, severity of information limitations is likely to differentiate the structures of proposed solutions. A fishery must confront their currently available information with respect to management objectives, funding, capability to obtain alternate additional information, and research capacity. For fisheries with fledgling or even established monitoring programs, interim solutions may be sought along the pathway to achieving conventional stock assessment. Alternately, quality empirical indicators may be sufficient to bypass integrated stock assessment models. For fisheries with no pre-existing data or limited capacity for conventional stock assessment approaches, initial emphasis may be placed on introducing some form of “data-less” management (e.g., Prince and Hordyk, 2019) and on trying out simple monitoring schemes that can form the foundation for management (Prince et al., 2018, 2020; Plagányi et al., 2020). Fisheries management across this wide spectrum of severity in information limitation shares a necessity for cost-effective harvest strategies, built from the ground-up or from existing monitoring programs, and based on indicators that can effectively guide decision-making toward achieving fishery management objectives. It is in this context that indicator-based frameworks are helpful.

Indicators derived from observations of a fishery system can provide information about prevailing conditions and can form the basis of structured approaches to fishery decision-making (Bentley, 2015; Miethe et al., 2016). Indicators tend to be proxies for variables of interest, such as observations of fishery catch per unit effort (CPUE), or carcasses washed up on beaches, as proxies of abundance, or the observation of increasing distance traveled offshore by fishers as a proxy for localized depletion. While indicators can be obtained from a conventional stock assessment (e.g., Hordyk et al., 2019), indicator-based frameworks can provide suitable guidance for data-limited fisheries where it is infeasible to conduct a conventional, fully integrated stock assessment (e.g., stock assessments involving age or length-structured models or biomass dynamic models). Indicators can either be model-free (derived more-or-less directly from raw data) or model-based (typically estimated from simpler demographic models or analytical approaches). Indicators that do not conform to typical model-based stock assessment requirements include those that are qualitative (e.g., “good” or “poor”), time series that are too short or lack adequate contrast to inform conventional stock assessment, and those that do not support model assumptions (e.g., catch rates from opportunistic (non-targeting) multispecies fisheries often do not reflect the underlying biomass of any of the individual species). Such indicators, can, however, still support decision-making within an indicator-based framework. Multi-indicator frameworks can also be designed to complement local and customary practices, typically because they can incorporate indicators based on local expert knowledge, and are easily understood by fishers (Plagányi et al., 2020).

Indicators can be used within a pre-agreed decision rule for adjusting harvest controls as a function of resource status known as a harvest strategy. A harvest strategy consists of three parts: a monitoring scheme for data collection, a method of analysis yielding values of indicators (e.g., via data-limited assessment or from direct empirical observation), and a decision rule or harvest control rule (HCR; Sainsbury et al., 2000; Butterworth, 2007). An HCR guides the adjustment to a management measure, such as a total allowable catch (TAC), total allowable effort, or fishing season length (e.g., Cadrin, 2016). Thus, an HCR determines the degree of management responsiveness to measures of prevailing conditions. Harvest strategies, especially those based on a single indicator to drive adjustments in harvest controls, are increasingly common, and their design and evaluation using simulation tools is wide-spread, including entire scientific journal issues devoted to these topics (Garcia and Staples, 2000; Cury and Christensen, 2005; Carruthers et al., 2015; Geromont and Butterworth, 2015).

As a form of harvest strategy, multi-indicator frameworks have received less attention than single-indicator approaches, potentially because indicator frameworks are less formally and not prescriptively constructed, and their performance is more challenging to formally evaluate. Multi-indicator frameworks structure the integration and interpretation of information from two or more disparate sources to guide fishery decision-making. They can be structured to use different indicators simultaneously (Caddy, 1999, 2002) or sequentially (Wilson et al., 2010; Prince et al., 2011). Multiple indicators are used to address limitations where a primary indicator does not provide complete information about resource state, where interpretation of a single indicator is ambiguous, or both.

Here, our aim is to foster a more practical understanding of the applicability and design of flexible indicator frameworks for fishery management, with an emphasis on multi-indicator frameworks. We provide guidance for the design and development of multi-indicator frameworks by crafting a set of organizational steps (Figure 1). Like related studies that describe frameworks for harvest strategy design (Rice and Rochet, 2005; Dowling et al., 2016; McDonald et al., 2017; Hill et al., 2018), we recognize the need for a fluid approach that in practice is unlikely to proceed in a strictly stepwise manner. Supported by a synthesis of the literature, the guidance we provide is motivated by a desire to encourage practitioners to identify their own pathway to overcoming challenges in the design of multi-indicator frameworks.
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FIGURE 1. Stepwise process of multi-indicator framework design.




WHEN TO CONSIDER A MULTI-INDICATOR FRAMEWORK?

Multi-indicator frameworks become a strong consideration when multiple data sets cannot be statistically integrated but can measure different aspects of stock status germane to management objectives and can help inform management decisions. Multi-indicator frameworks have the potential to enrich single indicator approaches such that they are more insightful and informative. For fisheries with established monitoring programs, the design of a multi-indicator framework involves screening the strengths and shortcomings of indicators and resolving the manner in which available indicators can be combined to inform decision-making (Caddy et al., 2005; Wilson et al., 2010; Harford et al., 2016). The integration of data sources used in multi-indicator frameworks is similar in concept to the use of multiple data sources in conventional stock assessment, where both approaches emphasize assimilation of information (e.g., Prince et al., 2011). For example, a standardized catch per unit effort (CPUE) time series may be the primary indicator, but secondary indicators, such as size information, spatial distribution of fishing effort, or species composition of the catch, may each provide additional information that influences how the primary indicator is interpreted. Likewise, multiple indicators are appealing when interpretation of a single indicator is ambiguous. An increase in CPUE, for example, may indicate increased abundance or an unnoticed increase in fishing power. A decrease in the mean length in the catch by itself may indicate an increase in fishing mortality or a strong recruitment pulse. But CPUE and size composition interpreted together could help to resolve such ambiguity. Moving beyond a single indicator is often essential to avoid inconclusive inferences about stock status that can arise from use of a single, but weakly informative or limited in scope, indicator. Coping with severe data limitations requires more pragmatism, exemplified by the use of simple indicators that, for example, track changes in a fishery through changes in species composition of the catch or through changes in spatial patterns of fishing (Dowling et al., 2008).

Multi-indicator frameworks are also fraught with challenges and not intended to supplant conventional stock assessments. Indicator-based approaches tend to rely on proxies for variables of interest, which should be met with adequate scrutiny about their representativeness and responsiveness in detecting changes in resource state. Where feasible, conventional stock assessments have the advantage of using a formal statistical procedure to integrate and interpret information from multiple data sources (e.g., Methot and Wetzel, 2013), allowing the estimation of stock biomass and other important management quantities instead of relying on proxies. These estimates can be used directly in combination with an HCR to drive decisions or, alternatively, assessments can inform specification of operating models used for testing simpler harvest strategies.



STEPS TO DESIGNING A MULTI-INDICATOR FRAMEWORK


Step 1: Identifying Indicators


Getting Organized

Halliday et al. (2001) provide a useful construct for organizing indicators according to elements of a fishery system such as the fish stock, the fishery, and related socio-economic factors. Ideally, estimates of biomass, fishing mortality or recruitment would be available from model-based stock assessments, or from direct surveys. However, in data-limited fisheries, such indicators are by definition not available, so alternative proxies must be sought. These can include species composition of the catch, size compositions, spatial effort distributions, or local expert knowledge. As almost any routinely observed information for fishery management can be considered as an indicator, organizing indicators according to variables of interest clarifies assumed linkages and relation to management objectives. Importantly, organization invites debate about the potential for errors in indicator interpretation and promotes discussion about whether some indicators are more directly related to a given variable of interest – and, thereby, management objectives – than others (Halliday et al., 2001; Caddy, 2004). Where additional environment and ecosystem indicators have well-defined linkages to fish populations, fishery-centric decision-making systems tend to be sufficiently flexible to integrate environment and ecosystem indicators in order to consider potential climate effects (Kelly et al., 2015; Karnauskas et al., 2021). In developing a multi-indicator framework, while acknowledging resource and capacity limitations, a wide net should be cast to identify options for indicators and to limit value judgments that may be associated with over-emphasizing any particular type of indicator (Gilbert et al., 2000; Seijo and Caddy, 2000; Dowling et al., 2019). Assessing the representativeness and responsiveness of proxy indicators may carry some subjectivity, and thus, it is important to embrace judgments from a variety of experts in delineating sets of indicators.

It is useful to classify indicators as “empirical” or “model-based” indicators (Dowling et al., 2015a; Miethe et al., 2016). Indicators derived more-or-less directly from raw data are known as “empirical indicators” or “model-free indicators” (e.g., CPUE, mean length in the catch; Rademeyer et al., 2007; Dowling et al., 2015a), although models may be involved in standardization of the indicators (e.g., for CPUE or aerial surveys). Indicators derived from raw data and other parameters in combination with data-limited stock assessment method are known as “estimated indicators” or “model-based indicators” (e.g., spawning potential ratio or fishing mortality rate estimated using simple population dynamics models). Classifying indicators as empirical or model-based connects indicator interpretation directly to the way in which the indicator is obtained, including field sampling protocols and method of analysis used in estimation. Such aspects are central to validation of indicators because poor sampling designs and poor modeling assumptions can result in indicators that fail to reliably measure their intended component of the fishery system (Caddy, 2004; Carruthers et al., 2014; Harford and Carruthers, 2017).



Confronting Indicator Suitability

After identifying available indicators, their suitability should be considered from two perspectives. First, practitioners should identify the extent to which the indicators can be linked to fishery management objectives. In general, indicators should, directly or indirectly, reflect the condition or state of the fishery system and be measurable and understandable (Caddy, 2004; Ye et al., 2011; Miethe et al., 2016). Interpretation of indicators may be based on theory, established usage that is connected to scientific rationale, or customary or traditional practices (Halliday et al., 2001). Measurable and understandable indicators enable key information to be accessible to a variety of resource user groups involved in policy and decision-making (Garcia and Staples, 2000). That is, can they be used to directly or indirectly inform whether the fishery is in a state that is acceptable to stakeholders? This may be determined according to whether stakeholders can identify that an indicator value is desirable or undesirable relative to a target value [see section “Step 2: Selecting Reference Points and Operational Control Points “, below].

Second, a process of validating indicator reliability and utility, to the extent possible, should take place. Ideally, indicators should be obtained from a reliable monitoring program, that should conform to guidelines for biological sampling and fisheries data collection (Cochran, 1977; Gulland and Rosenberg, 1992; NRC, 1998; Stamatopoulos, 2002). That said, much valuable information may be garnered from informal data gathering programs, and local expert knowledge, and in a data-limited context, it is important to be inclusive and creative when eliciting available information. Generally, however, indicator accuracy and precision should be sufficient to capture and track signals in the variable it represents (Punt et al., 2001; Apostolaki and Hillary, 2009; Mesnil et al., 2009; Trenkel and Rochet, 2011; Harford and Babcock, 2016). Indicators should be temporally and spatially representative of the distribution of the resource (Pennington et al., 2002; Walters, 2003; Prince et al., 2008). However, regardless of the indicators that may be available, shortcomings are likely to persist, and limitations and uncertainties need to be weighed against other components of a harvest strategy, including the degree of precaution in management measures. Being explicit about indicator shortcomings is essential, as other aspects of the harvest strategy (i.e., HCR and management measures) will need to account for these limitations.

Model-based indicators typically rely on a mathematical representation of population dynamics, which is used in estimating quantities of interest (a variety of methods are summarized in Carruthers et al., 2014; Huynh et al., 2018; Pons et al., 2020). Thus, working with model-based indicators requires an awareness of modeling assumptions to avoid pitfalls and to provide context for when these methods can be expected to deliver reliable results (Geromont and Butterworth, 2015; Sagarese et al., 2019). For example, while length-based indicators can be used to guide decision-making toward fishery sustainability through estimation of spawning potential ratio and fishing mortality rate, an awareness of the limitations and pitfalls of length-based indicators is essential (Cope and Punt, 2009; Hordyk et al., 2016; Huynh et al., 2018). Such guidance is available based on simulation testing (Punt et al., 2001; Cope and Punt, 2009; Klaer et al., 2012; Carruthers et al., 2014, 2015; Jardim et al., 2014; Hordyk et al., 2015; Rudd and Thorson, 2017; Sagarese et al., 2018).

In data-limited contexts, there is often little choice regarding available indicators. However, a process for eliciting indicators, and screening their suitability should be developed and conducted interactively with stakeholders and decision-makers (Dowling et al., 2016), which helps with achieving agreement at this stage of designing a harvest strategy. At the same time, practitioners will need to be pragmatic, both in terms of the extent to which available data can inform management objectives, and in terms of whether high-level policy objectives can be reconciled against the available information.

Rice and Rochet (2005) provide concrete guidance for validating indicator reliability and utility by translating general considerations (e.g., high precision, ease of measurement, and interpretation) into nine specific screening criteria along with guidance for scoring and ranking of indicators. Inclusion of diverse audiences in the screening process is key, as technical experts may favor indicators that connect current conditions to inferred historical states of the fishery or that are derived based on ecological theory, while non-technical audiences may favor indicators that are most clearly rooted in direct measurement of physical and biological variables (avoiding abstract concepts) and those connected to personal experiences (Rice and Rochet, 2005). This balance of viewpoints is key to support both the technical basis of a harvest strategy and its degree of acceptance among user groups. Elicitation and decision-support tools can be used to structure the process of indicator consideration and refinement and support of transparent discussions about indicator suitability (Dowling et al., 2016). For example, the FishPath Tool1 uses a software interface to align proposed management options, including indicators, with sets of positive and negative attributes that should be considered when evaluating indicators.

In situations where little to no useable data are available, stakeholders will need to buy in to a process of cost-effective data collection. This could include the provision of size data, or catch and effort reporting, or the formalization of local expert knowledge. The nature of the data collection will depend on the extent of buy-in from stakeholders. “Snapshot” collection of size data is often a good starting point as this is relatively simple to collect, easily understood, places little onus on fishers, and can readily be used to inform stock status (Hordyk et al., 2016; Rudd and Thorson, 2017).




Step 2: Selecting Reference Points and Operational Control Points

Reference points are commonly used to judge the status of the exploited population relative to management objectives. They are values of indicators that are chosen to represent important targets (the most desirable state), thresholds (values heralding changes that may warrant management attention), and limits (the least desirable state) in the fishery system (Mace, 1994; Caddy and McGarvey, 1996). Operational control points (OCPs; Cox et al., 2013), on the other hand, are values of the indicators that are used to invoke, or determine the extent of, adjustments to management measures via decision rules. For example, an imprecise indicator might provide justification for specifying an OCP that is well above a biological limit reference point to ensure that this limit is avoided with a high probability in the presence of errors in interpretation of an indicator (Cox et al., 2013). As such, the values of OCPs should be selected in such a way that the decision rule guides the fishery toward achieving management objectives (Australian Government, 2007; PFMC, 2020).

For stocks where estimates of abundance can be obtained directly or from an integrated assessment, target and limit reference points may be readily defined, for example, in terms of the traditional biomass corresponding to maximum sustainable, or maximum economic yield. For proxy indicators, the definition of such reference points becomes less theoretically defensible, with targets often being set to correspond to indicator values observed at times perceived by stakeholders to have been optimal for the fishery (Hilborn, 2002; Apostolaki and Hillary, 2009). If we consider the use of CPUE as an indicator, in the absence of additional information, simply picking a recent stable period of CPUE as our target runs the risk of trapping the fishery in a stable, but potentially overfished or under-exploited state. Conversely, aiming for high CPUE values achieved in the earliest days of the fishery, and thus assuming CPUE values below this level equate to overfishing, may lead to overly cautious management that reduces the economic potential of the stock. One would prefer to identify a period when the stock was believed to be in a productive and sustainable state, which can be identified with input from fishers and/or by considering additional indicators. Interpretation of historical fishery profitability, landings trends, snapshots of length frequency distributions, and patterns in shifts in the spatial distribution of the fishery could collectively support selection of target and limit reference points (Hilborn, 2002, 2010; ASMFC, 2020).



Step 3: Understanding Key Uncertainties

The theoretical simplicity of indicator frameworks can make it easy to overlook the critical step of identifying and addressing uncertainties in the design of a multi-indicator framework. However, these uncertainties are likely to be significant given the data limitations. Thus, knowing the sources of uncertainty and understanding their potential consequences on the performance of a multi-indicator framework is a prominent step in development and application. The following points provide guidance in examining uncertainties that lie within each framework component.

Point 1: Identify sources of uncertainty and imprecision. Some indicators are direct measures of one metric (e.g., mean length); others may include multiple metrics (e.g., CPUE indices have both catch and effort information) and thus the potential for measurement error in multiple components of the indicator (Maunder and Punt, 2004). While using the mean CPUE (for example) is a straightforward option, the variability around the central tendency is usually an important consideration in specifying how an indicator and the harvest control rule will work together in application. Incorporating uncertainty in the indicator comes in several forms, such as using a different, and possibly more precautionary, quantile instead of the median or mean value of the indicator (Jardim et al., 2015). Whatever the chosen treatment of each indicator, considering all aspects of indicator uncertainty (to the extent possible) is of primary concern when constructing how the components of a multi-indicator framework functions collectively. This can mean that uncertainty is addressed through the addition of secondary indicators that provide a safety-check and/or precautionary OCPs or reductions in the harvest (buffers) as a function of uncertainty estimates (Fulton et al., 2016; Dichmont et al., 2017; Dowling et al., 2019).

Point 2: Evaluate indicator assumptions and possible sources of bias. The capacity of each indicator to meaningfully measure the state or condition of a process of interest (e.g., stock status, sustainable catch levels, environmental conditions, etc.) rests on assumptions about both the sampling design and indicator representativeness of underlying processes. The violation of those assumptions (e.g., sampling bias or hyperstability of fishery-dependent CPUE) may have a large influence on the ability of an indicator-based framework to meet management objectives (Carruthers et al., 2014; Wilson et al., 2014). Assessing the assumptions of an indicator and understanding the sensitivity of different indicators to their critical assumptions is a key component in the design of an indicator-based framework.

Point 3: Choosing reference points that can be related to management objectives. Reference points relate the value of an indicator to some value that is meaningful in terms of management objectives. An entrée to developing reference points can be discussion of core goals of conservation, sustainability, and fishery priorities (Keeney, 1992; Costanza et al., 1998; Ye et al., 2013; Anderson et al., 2015; Asche et al., 2018; United Nations, 2018). Another common starting point for developing reference point options is to explore their biological basis (Clark, 1991; Caddy, 2004; Zhou et al., 2012, 2020; Prince et al., 2015; Thorson et al., 2017; Harford et al., 2019). Depending on the indicator, some generic reference points may be calculated based on life-history parameters or may borrowed from similar species or from meta-analyses (Thorson et al., 2012; Zhou et al., 2012). Other indicators, for example those that reflect biomass trends, are more difficult to pair with generic reference points (e.g., biomass for maximum yields) in data-limited situations. For example, what level of the historical CPUE would correspond to a desirable state according to management objectives to compare the current CPUE? What would constitute desirable and undesirable species compositions, or average offshore distance fished, or proportions of large-sized fish in the catch? Caddy (2004) points out that specifying reference points may require some expert judgment in relating reference points to historical, current, or plausible future events occurring in the fishery.



Step 4: Assembling a Multi-Indicator Framework

The next step is to assimilate the various identified indicators into a framework that enables greater insight into the status of the stock than would any of the indicators in isolation (for example, changes in mean size data might be interpreted quite differently if fishers are also suddenly fishing further offshore, or if the target species have changed) (see Box 1). This step also involves determining the type of management measure(s) that could be used, along with the magnitudes of adjustments to management measures under various states of the resource. Below, we summarize approaches used to integrate indicators into decision rules, which range from simple aggregation of indicators to achieve an overall performance (e.g., traffic light approaches), to those that have unique interpretations based on combinations of indicator values (e.g., trigger systems), to those that use certain primary indicators to inform a control rule, and supplementary indicators to augment their interpretation and further adjust the management measure (hierarchical decision trees; Table 1). There is a wider variety of multi-indicator decision rules than we can outline herein (reviewed in Dowling et al., 2015a). Additional examples from the data-rich realm are also worth exploring as they provide useful insights into the collective use of indicators for delineating stock status and for supporting fishery decision-making (e.g., CCSBT, 2020).


TABLE 1. Examples of multi-indicator frameworks.

[image: Table 1]

BOX 1. A thought exercise for combining multiple indicators.

A hypothetical fishery

For an artisanal single-species fishery, catch-per-unit-effort (CPUE), mean length of fish in the catch, distance traveled by the fleet, and sea surface temperature serve as primary indicators. For CPUE to be used as a proportional indicator of vulnerable fish biomass, a regression technique was employed to standardize CPUE because gear characteristics and fishing power have changed through technological advances. Mean length in the catch reveals changes in size of specimens in the fish population. Distance traveled and sea surface temperature are thought to be reliably recorded in vessel logbooks. Distance traveled by the fleet provides information about vessels having to travel further to new areas to catch fish, possibly due to local depletion. Ecological research suggests that higher temperature could be linked to reduced recruitment success, although this purported relationship remains a point of contention as thresholds for an effect are unclear, as is the form of mechanistic linkage to recruitment variability. Thus, for some combinations of indicator states, a secondary evaluation of length-frequency distributions is introduced to determine if a recruitment pulse is evident, through consideration of whether abrupt year-to-year changes have occurred in the smaller size classes of the length-frequency and whether strong cohorts can be tracked through time in length-frequencies. The presence of a recruitment pulse is determined subjectively as a qualitative indicator. See N/A in table for combinations of primary indicators that do not trigger use of secondary indicators.

What do combinations of indicator states reveal?

The fishery is carried out using fish traps, with a pre-agreed total number of traps–per-fisher. Total traps-per-fisher will be modified based on prevailing indicator values using a two-tiered decision process. Primary indicators are calculated as three-year moving averages to minimize the effect of inter-annual variability on management responsiveness and the state of the fishery is determined by comparison with indicator states from the previous year. The simple objective of this harvest strategy is to maintain stable fish biomass into the foreseeable future. Consider the following for interpreting combinations of indicator states and corresponding directionality of adjustment to fishing effort. For example, where fishing is occurring close to the port and CPUE and mean length are high, the stock could be increasing in abundance. However, if water temperature is also increasing, future recruitment success could be of concern, and a wait and see approach could be taken with no change made to fishing effort. Alternatively, warmer water conditions could also be responsible for spatially shifting the local fish population further from the port. Despite increases in CPUE and mean length, fishing farther from shore and increased water temperature trigger a precautionary management decision to decrease fishing effort This multi–indicator framework is not without its flaws. What improvements could be made?

[image: www.frontiersin.org]




Types of Multi-Indicator Decision Rules


The Traffic Light Approach

The traffic light approach utilizes multiple indicators, each being scored using color categories of red, yellow, or green, with red reflecting a dangerous condition and green reflecting satisfactory conditions, and each indicator contributing to an overall description of the condition of the fish stock (Caddy, 1999, 2002). In its most straight forward formulation, the proportion of indicators in the red category could determine the management response (Caddy, 2004). For each indicator, two OCPs are used to score it as red or green if it occurs on one side or the other of the OCP bookends (Caddy, 2004, 2015). When the indicator falls between the OCP end points, it is scored as yellow to reflect unsatisfactory conditions, occurring during transition from red to green or vice versa (Halliday et al., 2001; Caddy, 2004). The traffic light approach presents each indicator in relation to its OCPs in an understandable form and embraces uncertainty through the use of multiple indicators (Mangel and Levin, 2005; Caddy, 2015). Caddy et al. (2005) examines a comprehensive set of challenges faced in proposing a traffic light approach for the Gulf of St. Lawrence snow crab (Chionoecetes opilio) fishery. Challenges that will need to be confronted in developing traffic light approaches will likely include selecting a weighting method for combining multiple indicators that are proxies for the same variable and determining how to combine multiple indicators across disparate fishery elements into an effective HCR. These challenges are discussed in detail within Halliday et al. (2001) and Caddy (2004, 2015).



Trigger Systems

A trigger system invokes management responses that are determined by comparing current values of indicators against associated OCP(s). Multi-indicator trigger systems represent a diverse suite of HCRs, including those structured as conditional statements, visualized as decision trees, stated as decision matrices, or written as equations determining the strength of management response (Trenkel et al., 2007; Prince et al., 2008; Brandao and Butterworth, 2009; Harford et al., 2016; Harford, 2020). A trigger system embraces not only target and limit reference points, but also the need to capture states of a fishery system that require attention. For example, a developing fishery may start to expand, or activate latent effort, which may not correspond to a target or limit value of an effort-based indicator but may nonetheless trigger a review to determine the drivers of the fleet behavior. As such trigger systems are especially useful in fisheries that experience shifts in fisher behavior that may be unrelated to the status of the stock – e.g., new and expanding fisheries, opportunistic fisheries that switch targeting behaviors, and multispecies fisheries. A wide variety of single-indicator trigger systems have been proposed and evaluated, with guidance that is also germane to multi-indicator alternatives (Hilborn et al., 2002; De Oliveira and Butterworth, 2004; Pomarede et al., 2010; Babcock and MacCall, 2011; Little et al., 2011; McGilliard et al., 2011; Cook, 2013; Carruthers et al., 2014; Geromont and Butterworth, 2015). Dowling et al. (2008) provide examples of multi-indicator frameworks for Australian Commonwealth fisheries.



Hierarchical Decision Trees

Hierarchical decision trees contain elements of trigger systems, but have an added hierarchy that allows a management response to be reached through a sequence of intermediate decisions (Dowling et al., 2015a). Using a hierarchy of indicators allows for different responses to follow in different circumstances, as with trigger systems, but allows critical (the most reliable, or broadest-scale) indicators to be applied first, and to invoke the strongest adjustment to a management measure, supplemented with additional indicators as appropriate (Dowling et al., 2015a). Plagányi et al. (2021) applied such an approach to a multi-species sea cucumber fishery (family: Holothuriidae), imposing a precautionary initial tier with a fishery open/close trigger that functions under severe data limitations. As new data are collected, decision-making proceeds to additional tiers that offer the possibility of increasing TACs where indicators support this response. This hierarchy incentivizes data collection to the benefit of the fishery (Plagányi et al., 2020). Davies et al. (2007) and Prince et al. (2011) use indicators of relative abundance and the impact of fishing on the size composition of a stock within a hierarchical framework. These authors assimilate and interpret multiple data streams in a manner that is akin to the analytical integration that takes place in a conventional stock assessment. Wilson et al. (2010) extended the approach of Davies et al. (2007) to incorporate comparisons of fished and non-fished areas into the decision-making hierarchy as a means to account for environmental variability in indicators.




Confronting Challenges in Specifying a Decision Rule

A major component of establishing an indicator-based framework is the often-challenging process of identifying and interpreting each combination of indicators states [i.e., values relative to their OCP(s)] and specifying the corresponding adjustment to a management measure. In considering where to begin in assimilating indicators into a framework, it can be valuable to specify all combinations of indicators states. This could mean specifying the factorial combinations of states of each indicator (where chosen indicators have discrete states). For each combination, practitioners should determine what conclusions would be drawn about the status of the stock and the directionality and magnitude of adjustment to a management measure that would accordingly be made, if any. This exercise can be directly informed by stakeholders and visualized using a decision tree or table (Box 1). For example, an increase in mean length of the catch could be interpreted as a systematic decrease in fishing mortality over several years but might be interpreted differently if fishers have exhausted shallow-water components and have shifted further offshore where larger specimens can be found. In considering the magnitude of adjustment to a management measure, strength of response could be specified in relation to the condition of the resource. For instance, falling below a lower limit of fish abundance may trigger a cessation of fishing or substantial reduction in fishing effort, while closer proximity to an acceptable range of fish abundance may trigger small, gradual adjustments.

In conducting this exercise, instances will be encountered where combinations of indicator states will provide a clear signal about stock status, but in other instances, combinations of states will appear (or be) implausible or result in ambiguity about stock status. The latter may reflect the inability of the indicators to characterize stock status, perhaps reflecting an incorrect assumption about an underlying biological variable that the indicator represents or an indicator having low precision. The results of this exercise may help to highlight or identify indicators that work best at disentangling ambiguous or conflicting information or may help to identify alternative indicators that could create a more robust indicator framework. This exercise is also useful for exploring the relative strength of adjustment between indicator combinations, especially as it pertains to increases or decreases that are recommended by opposite signals about stock status. Such contrasts prompt consideration about the rationale for balance or disparity in strength of adjustment in response to opposite signals about stock status.




Step 5: Evaluation and Refinement

Due to the uncertainties associated with the indicators, reference points, and form of the indicator-based framework, alternative configurations (e.g., alternative indicators, alternative weightings of indicators, OCPs, and HCRs) are encouraged in designing a multi-indicator framework. The process known as Management Strategy Evaluation (MSE), facilitates rigorous examination of the effect of uncertainties on the performance of a multi-indicator framework. MSE can also be used to compare the relative degree of robustness to uncertainty among alternative configurations of a multi-indicator framework. Additional uncertainties are likely to arise in the status and dynamics of the harvested fish population, as are unpredictable ecological events (e.g., a recruitment failure or a persistent change in productivity), as well as inconsistency in implementation of management controls (e.g., due to weak enforcement).

Management Strategy Evaluation is used to simulate the interactions between data collection, data analysis, and an HCR in a way that highlights how well these interacting parts can be expected to result in the achievement of management objectives (Punt et al., 2016). MSE can also support the development of a monitoring scheme where none existed before, including considerations related to data gathering capacity and precision, cost effectiveness, and immediacy of impact on fishery management. The results of an MSE are used to determine whether application of any harvest strategy can be expected to have satisfactory performance over a time horizon of interest (De la Mare, 1986; Cooke, 1999; Peterman, 2004; Punt et al., 2016). The technical steps required to conduct MSE are provided elsewhere (Sainsbury et al., 2000; Butterworth, 2007; Butterworth et al., 2010; Punt et al., 2016).

Here, we consider ways in which MSE can complement the process of designing a multi-indicator framework. First, MSE can be used to guide the specification of OCPs. Because simulation includes a representation of fish stock dynamics, at any point in simulating the performance of a multi-indicator framework the underlying state of the fish stock is “known.” This allows performance of an indicator-based framework to be reconciled against biological reference points (sensu Mace, 1994; Caddy and Mahon, 1995) that are retrieved from the “known” state of the fish population. Second, MSE can be used to evaluate whether a multi-indicator framework is likely to provide satisfactory performance against plausible levels of indicator measurement or estimation errors, violation in assumptions, as well as error in implementation of management measures (see Principles 1 and 2 in the Uncertainty section). Because MSE simulates data collection and data analysis, these processes can be specified to occur with varying degrees of imprecision and bias to evaluate how they affect performance. Third, MSE can be used to support a scientific and transparent process of stakeholder engagement. Not all multi-indicator frameworks will achieve the same balance between performance metrics, and thus, trade-offs between achievement of management objectives are inevitable. MSE provides a platform for discovering whether management options are palatable to stakeholders and can also promote dialogue collaboration between scientists, decision-makers, and stakeholder in designing and iteratively refining the details of multi-indicator framework (Cooke, 1999; Cox et al., 2013; Pilling et al., 2016; Punt, 2017).

While MSE has become a standard evaluation approach, there are other qualitative approaches, such as retrospective analysis, or a Delphic approach. The latter is a polling technique employed for the systematic solicitation of expert opinion (Bernstein and Cetron, 1969). Retrospective analysis involves determining what decisions would have been made in the past when applying a proposed harvest strategy given the data and assessments available at the time. While unable to consider longer-term outcomes, retrospective analysis allows practitioners to consider whether the decisions arising from the retrospective application are sensible with regard to the subsequent history of the fishery (Dowling et al., 2015b). In the absence of research funding or capacity, or for frameworks where the indicators are largely qualitative, such alternatives may be utilized to evaluate the likely performance of the indicator-based framework.

Post-implementation review of any harvest strategy should be conducted at reasonable intervals (e.g., 5–10 years, though dependent of species life history) to ensure that the appropriate indicators are in use and that the strategy is producing useful management advice in line with the objectives of the fishery. Expedited review of the harvest strategy may be necessary when simulated performance (via MSE) does not align with post-implementation reality (Carruthers and Hordyk, 2018). Review could also provide opportunities to mitigate additional threats to fishery resilience, including climate change (Cheung et al., 2010; FAO, 2018). While management measures that regulate location, timing, and quantity of harvest are fundamental in fishery management, additional management planning to mitigate anticipated effects of climate change may be advantageous (Pecl et al., 2014; Pinsky and Mantua, 2014; Johnson et al., 2016; Bell et al., 2020).




POSSIBLE PITFALLS OF MULTI-INDICATOR FRAMEWORKS

When initiating development of a multi-indicator framework, it is crucial to acknowledge that this is a challenging process, not least because of the lack of a prescription for the design process, the common use of indirect proxy indicators, and, possibly, a lack of understanding as to how multiple indicators interact. As such, it is also crucial to develop an awareness of the potential for complications (Davies et al., 2007; Fulton et al., 2016; Harford, 2020), that can contribute to the failure of a well-intended design to perform as expected. The reasons for unexpected performance are many and nuanced (Sagarese et al., 2019). Firstly, indicator-based frameworks typically classify discrete resource states as triggers for adjustments to management measures. When the indicators are borderline between states, stakeholder disputes as to the “true” state, and indicator oscillation around (above and below) thresholds can occur, resulting in too frequent and unnecessary adjustments to management measures. This problem can be exacerbated by the imprecision of indicators, consequently affecting the frequency and magnitude of adjustments to management measures, raising concerns about whether management responses are tracking signals or chasing noise. At its worst, this oscillation behavior can result in decision-making that bounces between extremes of resource states, such as overfished (low biomass) or under-utilized (high biomass), rather than gently adjusting fishing effort or catches to achieve long-term stability. Problematic choices of reference points for indicators can sometimes lead to continual increases or decreases of catches, regardless of resource state, known as a ratchet effect (Klaer et al., 2012). Likewise, time lags between changes to resource states and their subsequent detection by a “lag” indicator (one that detects a change long after it has taken place) can result in indicator frameworks that incorrectly delay necessary adjustments. Thus, while the pre-specification of a harvest strategy is intended to avoid ad hoc negotiation of management measures (Butterworth, 2007), a malfunctioning strategy is unlikely to meet management objectives. Again, this is where MSE can help to illuminate pitfalls in multi-indicator framework design (Table 1).

Confronting such issues requires the indicator-based framework to be responsive to changes in resources states, while avoiding unnecessary disruptions to the fishery. Careful examination of the results of MSE is particularly instructive to finding the correct balance. It is advisable to not only examine the long-term simulated outcomes of a harvest strategy, but to examine the temporal variability in management measures (e.g., when a TAC is undesirably variable from year-to-year, MSE can help to fine-tune the procedures to improve performance). Further, examining whether management responses (based on simulation of imperfect observation of indicators) are correctly triggered when they are truly needed can help to reveal whether achievable levels of indicator precision will lead to a sufficiently responsive harvest strategy. It is also useful to be cognizant of the interwoven nature of components of a harvest strategy. When considered as a cohesive framework, short-comings in data precision or analysis assumptions can sometimes be remediated through adjustments of other components of the harvest strategy, specifically those that specify the form and magnitude of the HCR (Dowling et al., 2019).



CONCLUSION

Multi-indicator frameworks provide a vehicle for empirical or simple model-based indicators to be used in combination to infer stock status, where conventional stock assessments may be infeasible. Multi-indicator frameworks provide a means to obtain maximum insight utilizing all available sources of information, and improve the management of unassessed fisheries (Hilborn and Ovando, 2014; Berkson and Thorson, 2015; Flood et al., 2016; FAO, 2020a), while addressing the urgency for solutions that embrace social, economic, and political contexts at a local level (Gutiérrez et al., 2011; Purcell and Pomeroy, 2015). As they involve a pre-agreed procedure for adjusting management measures, all parties need to commit to their design, as attempts to modify decision-making in an ad hoc manner will undermine the process (Butterworth, 2007).

That stated, pragmatism must play an overarching role in managing expectations and in reconciling the severity of data limitations with the capacity for achievement of objectives (Cadrin and Pastoors, 2008; Dowling et al., 2015b). Achieving management objectives via multi-indicator frameworks will often require tempering expectations, introducing precautionary HCRs that are robust in the face of considerable uncertainty, and embracing evaluation and modification or refinement of harvest strategies as possible shortcomings become apparent prior to or after implementation.

In designing a multi-indicator framework, challenges will need to be confronted. It can be helpful to engage with specialists with diverse knowledge of local fishing practices, local ecological knowledge and customary practices, statistical sampling design, fishery science and theory, management science, and economics (Rice and Rochet, 2005; Harford and Babcock, 2016; Dowling et al., 2019). For example, in capacity-limited fisheries, translating management objectives into a form that can be operationalized through an HCR is likely to be a priority task (Hill et al., 2018). In addition, specialists in facilitation, communication, and policy development can help to ensure that management options are likely to result in policies that can be implemented and achieve equitable outcomes.

Despite a variety of challenges and inherent uncertainties, multi-indicator frameworks provide a vehicle for data that are otherwise unable to be utilized in a formal assessment, and a means to obtain greater insight into stock status than may be obtained from single indicator in isolation. The guidance here is intended to optimize chances of successful design and implementation. When carefully articulated and evaluated and embedded within a harvest strategy with adequately precautionary control rules, multi-indicator frameworks can provide a way forward for the formal management of data limited fisheries that may otherwise be unable to be realized.
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China has become the largest contributor to marine fisheries in the world with its fishing fleets explosively increasing their fishing effort and resulting catch, but its fishery composition and sustainability have deteriorated. Limited information on fishery exploitation status encumbers effective resource management. In this study, a data-poor Monte Carlo method, the Catch-Maximum Sustainable Yield (CMSY) method, was used to estimate the historical exploited dynamics and current stock status of ten Chinese economic marine fish stocks, including Trichiurus lepturus, Larimichthys crocea, Larimichthys polyactis, Thamnaconus modestus, Scomberomorus niphonius, Ilisha elongate, Decapterus maruadsi, Scomber japonicus, Engraulis japonicus, and Clupea pallasii, which accounted for about 50% of total fish catches in the coastal waters of China and covered five functional groups (i.e., large, medium benthopelagic, large, medium, and small pelagic). Species L. crocea and L. polyactis had been subjected to overfishing since the 1950s. The others showed a decreasing trend in biomass along with the explosively increasing fishing efforts since the 1990s. Benthopelagic fish experienced overfishing pressure about a decade earlier than pelagic species. All the fish stocks investigated in this study were depleted (current biomass lower than the biomass capable of producing maximum sustainable yields, i.e., B < Bmsy) in 2019, and most species were still facing high-fishing pressure (current fishing mortality higher than the mortality capable of producing maximum sustainable yields, i.e., F > Fmsy). Also, a Schaefer model was used to assess stocks rebuilding status until 2030 under four exploitation scenarios, i.e., fishing mortality equals 0.5, 0.6, 0.8, or 0.95 times Fmsy. Most species stocks will likely recover to the Bmsy, which indicates that reduction of fishing pressure is probably the most effective way for fishery recovery.

Keywords: data-poor method, CMSY, stock assessment, Chinese coastal fisheries, fishery rebuilding, fishery protection


INTRODUCTION

Overfishing has altered structures of fish population (Zhang W. et al., 2019) and caused the continual decline of global fisheries (Link and Watson, 2019). The total fishing vessel power in China had incredibly increased from 0.02 × 106 kilowatts (kW) in 1951 to 140 × 106 kW in 2017 (Ministry of agriculture of China, 2017), which contributed to the highest marine fishery catches in the world (Cao et al., 2015; FAO, 2016). However, the aggravating fishing pressure has imposed a significant impact on fish stocks (Shan et al., 2011, 2013; Zhang W. et al., 2019) and changed fishery composition (Li et al., 2011; Shan et al., 2013). For example, the catch per unit effort (CPUE) in the Bohai Sea in 2011 (3.62 kg⋅haul–1⋅h–1) has dropped to 0.86% of that in 1959 (421.66 kg⋅haul–1⋅h–1) (Shan et al., 2013; Zhang W. et al., 2019), and the dominant species had been altered from the high-valued and large-sized species, e.g., largehead hairtail Trichiurus lepturus, to the species in lower trophic level, such as Scaly hairfin anchovy Setipinna taty and Japanese anchovy Engraulis japonicus. In the Yellow Sea and the East China Sea, CPUE has reduced 46.7% from 1991 (73.54 kg⋅haul–1⋅h–1) to 2000 (39.19 kg⋅haul–1⋅h–1), accompanied by miniaturization and early maturing of catch species (Cheng and Yu, 2004; Li et al., 2011). In the South China Sea, overfishing was the main driver that led to the biomass declination of fishery resources (Zhang W. et al., 2019) and even to the extinction of some coral reef fishes (Arai, 2015).

Fisheries can be managed effectively when understanding the population exploited status through the stock assessment (Demirel et al., 2020). Comprehensive stock assessments based on biological characteristics (e.g., life history and age) have been implemented in some developed countries for many fishes, and specific requirements for rebuilding fisheries have been proposed (Ricard et al., 2012; Free et al., 2020). For example, the Common Fisheries Policy (CFP) of the European Union has become a basic legally binding regulation (Froese et al., 2018), which explicitly required that the biomass (B2020) of all commercially developed fish stocks should be rebuilt above the level at which the biomass is capable of producing the best maximum sustainable yields (Bmsy) by 2020. Even so, the majority of fish stocks in other parts of the world remain unassessed (Costello et al., 2012), which hindered the development of species-specific management. For example, the Mediterranean and Black Seas were generally classified as “fishery data-poor regions” due to unavailable landing yields, insufficient biological data, and lack of stock assessment (Demirel et al., 2020). Similarly in China, fishery resources are still poorly managed due to a lack of effective data accumulation.

The Monte Carlo Catch-Maximum Sustainable Yield (CMSY) method is a data-poor and low-cost assessment approach that relies on less input, including time-series data of catch, maximum intrinsic rate of population increase (r), and the ratio of biomass to carrying capacity (B/k) at the beginning and the end of the time series. The current biomass status (Bend/Bmsy) and remaining level of exploitation (Fend/Fmsy) obtained from CMSY provide references to promote effective management toward fishery sustainability and useful information for the recovery of the overexploited stocks (Martell and Froese, 2013; Froese et al., 2017). In Europe, CMSY indicated that 69% of the stocks were suffering from overfishing when evaluating the current status and exploitation patterns of fisheries based on catch data since 2000. However, by reducing 40–50% fishing efforts, nearly 80% of stocks could rebuild in 10 years with higher catches than currently obtained (Froese et al., 2018). Demirel et al. (2020) examined the exploitation levels of 34 species utilizing CMSY analyses in the Black Sea and the Mediterranean Sea and proposed that 85% of them were overfished. They also estimated the stock rebuilding time under four varying scenarios and suggested more than 60% of the populations could recovery by 2032 under the scenario of fishing mortality (F) equals 0.5 Fmsy (the fishing mortality capable of producing maximum sustainable yields).

In this study, based on the time-serial catch data extracted from China Fishery Statistical Yearbook, ten coastal economic fish species, accounting for approximate 50% of Chinese total domestic landing catch (Ministry of agriculture of China, 2019), were selected to estimate their historical dynamics using the CMSY model, including T. lepturus, large yellow croaker Larimichthys crocea, small yellow croaker Larimichthys polyactis, black scraper Thamnaconus modestus, Japanese Spanish mackerel Scomberomorus niphonius, Elongate ilisha Ilisha elongate, Japanese scad Decapterus maruadsi, Pacific chub mackerel Scomber japonicus, E. japonicus, and Pacific herring Clupea pallasii. These species included top predators, middle carnivores, omnivores, and plankton feeders, which covered the large benthopelagic, medium benthopelagic, large pelagic, medium pelagic, and small pelagic groups of species. Then, the reference points for management such as MSY, current exploited status (B2019/Bmsy), and remaining level of exploitation (F2019/Fmsy) of these species were modeled. Finally, the fishery rebuilding trajectories under different exploitation scenarios, i.e., fishing mortality equals 0.5, 0.6, 0.8, or 0.95 times mortality capable of producing maximum sustainable yields (0.5 Fmsy, 0.6 Fmsy, 0.8 Fmsy, or 0.95 Fmsy), were projected. We hope this work could help giving recovery opinions to sustainable fishery management.



MATERIALS AND METHODS


Data Sets

All the data for the analysis were extracted from China Fishery Statistical Yearbooks (Ministry of Agriculture of China, 1956–2019) and were shown in Supplementary Table 1. More than 30-year catch data were selected to improve the model performance (Table 1).


TABLE 1. The prior range for r and B/k and other information of the investigated stocks in China.
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Catch-Maximum Sustainable Yield Modeling

Using the maximum intrinsic rate of population increase (r), catch data, and stock status (B/k) at the beginning year and the end year as a prior input, CMSY based on the Monte Carlo approach estimates fishery reference indices, including viable r-k (maximum intrinsic rate of population increase and carrying capacity) and fishery reference points for management (e.g., MSY, B2019/Bmsy, and F2019/Fmsy). Values of r (Table 1) were obtained from FishBase1 or estimated by the empirical equation (Froese et al., 2017):

[image: image]

where, r is maximum intrinsic rate of population increase, M is natural mortality, Fmsy is fishing mortality at the maximum sustainable yields, K is von-Bertalanffy somatic growth rate, tgen is generation time, and tmax is the maximum age. CMSY requires “expert” prior information of biomass consumption (i.e., very low, low, medium, strong, and very strong depletion) specified at the beginning and end of the time series and also the relative biomass range suggested by Froese et al. (2017) and CMSY User Guide2. In this study, given the low total power of fishing boats before the mid-1980s (Supplementary Table 1), the depletion status of each species at the start year was defined as “very low depletion” (prior B/k range: 0.8–1.0), except values of L. crocea and L. polyactis directly from relevant studies (Cheng and Fan, 2001; Zhuang, 2006; Liu and De Mitcheson, 2008). The prior ranges of B/k at the end year of the time series of all the species were cited from previous stock assessments in Chinese coastal waters (Cheng and Yu, 2004; Wang et al., 2004, 2016; Ling et al., 2006; Liu and De Mitcheson, 2008; Shan et al., 2013; Liang and Pauly, 2017; Zhai and Pauly, 2019).

The Catch-Maximum Sustainable Yield method determines the prior range of k by Equation (2) for lower relative biomass or Equation (3) with higher biomass in the end year (Froese et al., 2017):
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where, klow and khigh are the lower and upper bounds for k respectively, max (C) is the recorded maximum catch, and rlow and rhigh are the bounds for prior r values.

The r-k pairs from the prior input were randomly selected in the first year to predict biomass in subsequent years along the time series using Equation (4) (Schaefer, 1954):

[image: image]

where, Bt is biomass in year t, r is the maximum intrinsic rate of population increase, k is carrying capacity, and Ct is a catch in year t. When Bt+1 is not smaller than 0.01 k and the predicted value of final biomass falls into the prior range, the corresponding r-k pair is feasible and can be retained. CMSY will subsequently calculate the MSY, Bmsy, Ft, and Fmsy using Equations (5–8) (Schaefer, 1954; Ricker, 1975):
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Fisheries Rebuilding

Based on the estimates of B2019, Bmsy, F2019, and Fmsy by CMSY, a Schaefer model was used to assess stock rebuilding status until 2030. The time needed for rebuilding fisheries to the level of Bmsy was calculated by Equation (9) (Quinn and Deriso, 1999):
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where, Δt is the time consumption, Bmsy and Fmsy are the biomass and fishing pressure that could produce MSY, B, and F as the biomass and fishing pressure at the last year.

The biomass in the next year (Bt+1) was calculated by Equations (10, 11) from the Schaefer model (Schaefer, 1954):

[image: image]

Four future exploitation scenarios were used to predict the stock rebuilding status until 2030: (1) 0.5 Fmsy, i.e., no fishing when biomass was lower than 0.5 Bmsy (B < 0.5); otherwise, the fishing mortality (F) equaled 0.5 Fmsy (F = 0.5 Fmsy). (2) 0.6 Fmsy, i.e., F = 0.6 Fmsy when B ≥ 0.5Bmsy; otherwise, F was linearly reduced to 0 along with the decrease in biomass when B < 0.5 Bmsy. The reduction in the fishing mortality (Freduced) was calculated in Equation (12) (Froese et al., 2018):
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(3) 0.8 Fmsy exploitation scenario, F = 0.8 Fmsy when B ≥ 0.5 Bmsy; otherwise, F was also linearly reduced. (4) 0.95 Fmsy exploitation scenario, F = 0.95 Fmsy in any cases.

The change of stock biomasses and fishing catches along with rebuilding times under four exploitation scenarios was projected and presented. The catch in 2019 served as the starting year of the prediction trajectory, and the fishing pressure in 2019 was used to calculate the biomass and catches for 2020–2021. Then, resource recovery times until 2030 were predicted under these four exploitation scenarios.

All the analyses were executed in R (R Development Core Team, 2020). CMSY R codes were downloaded from http://oceanrep.geomar.de/34476/ and revised accordingly.




RESULTS


Model Diagnostics and Prior-Posterior Variance Ratio

The model diagnostics and prior-posterior variance ratios for T. lepturus, L. crocea, I. elongate, and E. japonicus were selected as the surrogates of top predators, middle carnivores, omnivores, and plankton feeders, respectively, and shown in Supplementary Figures 1, 2. Diagnostics present a good fitting for all species, with the relative lower prior-posterior variance ratio (PPVR) of key parameters, indicating that the posterior knowledge is more improved relative to prior knowledge.



Historical Exploitation Dynamics

The historical exploitation dynamics of the ten species were presented as catches, relative biomass to the biomass capable of producing maximum sustainable yields (B/Bmsy), and relative fishing mortality to the mortality capable of producing maximum sustainable yields (F/Fmsy) (Figure 1). The F/Fmsy of two benthopelagic species, i.e., T. lepturus and T. modestus, increased sharply since the mid-1980s, with drastic changes in catches, and then B/Bmsy began to decline rapidly, with the catches reaching MSY in 1998 and 1985, respectively. Six pelagic species S. niphonius, I. elongata, D. maruadsi, S. japonicus, E. japonicus, and C. pallasii showed similar patterns with T. lepturus and T. modestus, but the timeline has been pushed back by the mid-1990s. The historical exploitation records documented that L. crocea had been overfished (F > Fmsy) since the beginning of records and showed no signs of recovery so far. Species L. polyactis sustained three stages, namely, overexploited at the beginning with biomass depletion (B < Bmsy), a contemporary recovery to some extent, and a continuously decline as a result of re-enhanced fishing pressure (Figure 1).
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FIGURE 1. Time-serial stock exploitation dynamics of ten Chinese commercial fishes extracted from Catch-Maximum Sustainable Yield (CMSY) method. Dashed line indicated the maximum sustainable yield (MSY), the dotted line signified that the biomass/fishing mortality is capable of producing the best maximum sustainable yields (i.e., B/Bmsy = 1 or F/Fmsy = 1), the green line signified the relative biomass to the biomass capable of producing maximum sustainable yields (B/Bmsy), and the red line indicated the relative fishing mortality to the mortality capable of producing maximum sustainable yields (F/Fmsy).




Fisheries Reference Points for Management and Current Status

The maximum intrinsic rate of population increase (r) ranged from 0.24 of L. crocea to 1.29 of E. japonicus. Environmental carrying capacity (k) ranged from 203 × 103 metric tons of C. pallasii to 5,151 × 103 metric tons of T. lepturus. All species had fewer catches in 2019 than MSY (Table 2). Clupea pallasii had the lowest B2019/Bmsy (0.19) value, while D. maruadsi had the highest (0.95). The F2019/Fmsy ranged from 0.79 of D. maruadsi to 5.64 of C. pallasii, with the fishing mortalities for seven species of the ten were higher than Fmsy. The Kobe plot (Figure 2) based on the relationship between current exploited status (B2019/Bmsy), and the remaining level of exploitation (F2019/Fmsy) showed that seven fish species, i.e., T. lepturus, T. modestus, S. niphonius, I. elongata, S. japonicus, E. japonicus, and C. pallasii, were in the red area (B2019 < Bmsy and F2019 > Fmsy), indicating overexploited stocks that were suffering overfishing. C. pallasii was in the worst condition, followed by T. modestus. D. maruadsi, L. crocea, and L. polyactis were in the yellow area, indicating the recovering of overexploited stocks from reduced fishing pressure (Figure 2).


TABLE 2. Model outputs of reference points for fish management.
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FIGURE 2. Fishing pressure Kobe plot for the fishes in 2019 based on current exploitation status (B2019/Bmsy) and remaining level of exploitation (F2019/Fmsy). The red area indicates the worst conditions of overexploited stocks under overfishing; the yellow area indicates recovering of overexploited stocks from reduced fishing pressure; the green area indicates a healthy stock size with sustainable fishing pressure; and the brown area indicates healthy stock sizes but facing overfishing.




Fisheries Rebuilding and Catch Changes

Under the four future predictive exploitation scenarios, most Chinese coastal fisheries show more or less recovery of biomass by 2030, and the catches are rising to similar or even higher than they were in 2019 (Table 3 and Supplementary Figure 1). Two species, T. lepturus and I. elongata were selected as the surrogates of carnivores and omnivores, respectively, to show the fishery rebuilding trajectories and catch changes (Figure 3A, other species were shown in Supplementary Figure 1). The fastest biomass recovery rate was found under the scenario of 0.5 Fmsy. Nine of the species would likely rebuild the optimum status (B2030 > Bmsy) by 2030. Under the 0.95 Fmsy scenario, the biomasses of only four species would likely reach the Bmsy. The recovery of stock biomasses under both 0.6 Fmsy and 0.8 Fmsy scenarios was intermediate, among which 0.6 scenario was faster. For catch changes, species T. lepturus, S. niphonius, and I. elongata would increase the most under the scenario of 0.8 Fmsy by 2030, while L. crocea, L. polyactis, D. maruadsi, S. japonicus, and E. japonicus increase the most under the scenario of 0.95 Fmsy (Table 3). The fishery rebuilding trajectories and catch changes of two plankton feeders T. modestus and C. pallasii were different from other species. Under the scenario of 0.95 Fmsy by 2030, the biomass of both species will likely be degenerating instead of recovering (Table 3 and Figure 3B).


TABLE 3. The predicted fishery biomasses and catch recoveries in 2030 under four exploitation scenarios (i.e., F = 0.5, Fmsy, 0.6 Fmsy, 0.8 Fmsy, and 0.95 Fmsy).
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FIGURE 3. The predicted stock recoveries under four exploitation scenarios (2020–2030), i.e., fishing mortality equals 0.5, 0.6, 0.8, or 0.95 times mortality capable of producing maximum sustainable yields (0.5 Fmsy, 0.6 Fmsy, 0.8 Fmsy, or 0.95 Fmsy). The left panels show the recovery trends of the relative biomasses, i.e., ratios of biomass to the biomass capable of producing maximum sustainable yields (B/Bmsy); the right panels show the predicted catch trajectories under the different scenarios. (A) T. lepturus and I. elongata were selected to show the fishery rebuilding trajectories and catch changes; (B) T. modestus and C. pallasii will likely be degenerating under the scenario of 0.95.





DISCUSSION


Model Fitting

The China Fishery Statistical Yearbook serves as a record of the overall capture of the national fishery but contains only catch data that can be used for resource assessment. As an assessment approach relies on less input, CMSY has been proved to have a good evaluation effect, and its estimated parameters can match well with Schaefer, Fox, and BSM models (Ji et al., 2019; Angelini et al., 2021). In this study, the r-k pairs predicted by CMSY were found to be compatible with the catches and the prior information, with the most likely r-k pair and confidence limits in the range of the priors. The equilibrium curve predicted by CMSY also showed good fitting with the Schaefer equilibrium curve (Supplementary Figure 1). In addition, a common misconception of Bayesian analyses is that the priors determine the results. The comparison of prior and posterior densities showed the PPVR were very low (Supplementary Figure 2); the lower the PPVR, the more the posterior knowledge is improved relative to prior knowledge, indicating the good performance of CMSY constructed in this study.



Historical Exploitation Dynamics of Species

Except L. crocea and L. polyactis, the fisheries of the other eight fish species were all good, and the catches were low before the 1990s. Then, the catches increased rapidly, and the stocks continued to decline. The total power of domestic marine fishing vessels had increased by 2 × 106 kW from the 1950s to 1980s and continued to increase rapidly by about 12 × 106 kW in the following 20 years, which led to the continuous increase in the total catch but decline in CPUE (Ministry of Agriculture of China, 1956–2019). This was the key factor accounting for most fisheries declination since the 1990s in Chinese coastal waters. CMSY indicated that although these eight species showed similar dynamic changes in biomass and catches, benthopelagic species T. lepturus and T. modestus experienced a sharp increase in fishing pressure about 10 years earlier than pelagic species S. niphonius, I. elongata, D. maruadsi, S. japonicus, E. japonicus, and C. pallasii. This was most possibly correlated with when bottom trawling, gill netting, and seine netting were widely used in coastal waters of China. Bottom trawling catches demersal organisms, while seine nets and gill nets mainly catch pelagic fish. In 1985, the domestic catch of trawls was only 1.39 × 106 metric tons, but it had increased 2.86 times to 5.36 × 106 metric tons by 1995. During the same period, the catches of seine nets and gill nets only increased from 0.96 × 106 to 1.82 × 106 metric tons (Ministry of Agriculture of China, 1985–1995). The wide use of bottom trawls seriously damaged seabed habitats and diminished benthic fish populations such as T. lepturus and T. modestus (McConnaughey et al., 2019). Then, from 1995 to 2005, the total catch of seine nets and gill nets increased continuously from 1.82 × 106 to 3.35 × 106 metric tons (Ministry of Agriculture of China, 1995–2005), and the spreading use of seine nets and gill nets correlated with the decline of the pelagic fish stocks.

Traditional economic species, large yellow croaker L. crocea and small yellow croaker L. polyactis, were caught by non-mechanical boats before the 1950s (Zhuang, 2006). For example, the relative biomass L. polyactis in the first documented year (B1956/Bmsy = 0.34) had already exceeded the safe biological limit (B/Bmsy = 0.5, Demirel et al., 2020; Froese et al., 2018). This status lasted until the implementation of summer fishing banning in the 1990s. L. polyactis spawns from February to April (Lin, 2009). Summer fishing banning (May to August) ensures the survival of juveniles from commercial catches, which effectively support population supplement and stock restoration. In the East China Sea, yields of this fish increased significantly after the 1990s and peaking at 160 × 103 metric tons in 2000 (Zhuang, 2006). However, its population structure did not improve in the short term. According to the field survey data, the minimum length of maturity (L50) of this species changed from 152.8 mm in 1960 to 105.3 mm in 2003 in the Bohai Sea and 184.4 mm in 1960 to 110.1 mm in 2010 in the Yellow Sea (Li et al., 2011). With increasing fishing pressure in recent years, the biomass of L. polyactis has gradually declined again due to its fragile population structure. For L. crocea, large-scale fishing operations such as a knock on the boats (by knocking the bamboo pole on the wooden boats, to send out a huge sound wave into the sea, causing otolith resonance of L. crocea, and resulting in its coma and death) were carried out in their spawning grounds and feeding grounds before the mid-1960s, which diminished its stocks in Zhoushan fishing ground, Zhenan fishing ground, and Mindong fishing ground (Zhang Q. et al., 2017). Then, in the mid-1970s, a large number of L. crocea were captured in the overwintering grounds such as Jiangwai fishing ground and Zhouwai fishing ground, and the catch reached the highest record in history, which also caused the serious depletion of its population (Zheng et al., 2013). As an important measure to restore its fishery, Fujian Province carried out the first artificial propagation and releasing with an average total length of 93.1 mm in 1987 combined with the implementation of the fishing banning in the 1990s, which facilitated its gradual stock recovery (Zhang et al., 2010). However, the age structure of the L. crocea population is complex, and the maximum age is up to 30 years. In addition, the slow growth and weak stock renewal ability are the main reasons for its slow fishery recovery (Zhuang, 2006; Zheng et al., 2013).



Fisheries Current Exploitation Status

In 2019, all the species were strongly depleted in biomass (B2019 < Bmsy) due to overfishing. Except for L. crocea, L. polyactis, and D. maruadsi, the others were still under higher fishing mortality (F2019 > Fmsy), which possibly lead to a further decline in stocks. This corroborates the results proposed in other regional stock assessments or fishery surveys in coastal waters of China (Zhang K. et al., 2017; Zhang C. et al., 2019; Liang and Pauly, 2020). For example, Zhai and Pauly (2019) and Zhai et al. (2020) proposed that S. niphonius was grossly overfished (B2013/Bmsy = 0.48) in the East China Sea in 2013, and L. polyactis and E. japonicus were grossly overfished (B2018/Bmsy = 0.42) and overfished (B2018/Bmsy = 0.71) in 2018, respectively. In the coastal waters of China, the status for the D. maruadsi and S. japonicus was evaluated as slightly overfished (B2014/Bmsy = 0.83) and overfished (B2017/Bmsy = 0.70) in 2014 and 2017, respectively (Liang et al., 2020). While it may be due to differences in the conducted time and sea area that cause B/Bmsy and F/Fmsy in these studies to differ slightly from our results, it does not change the indisputable fact that overfishing has contributed to the decline of fishery resources in the coastal waters of China. In addition, in the Bohai Sea, T. lepturus, C. pallasii, and I. elongate had been locally extinct in 2011 (Shan et al., 2013). At the same time, the high-trophic species T. modestus exhibited an obvious decreasing trend in the northern East China Sea and suffered a significant resources decline since 2000 (Cheng and Yu, 2004). Based on fishery survey in Fujian Province in 2011, the dominant body length of L. crocea was 110–150 mm (L∞ = 385 mm), and the exploitation rate was 0.8, suggested the obvious individual miniaturized and serious resource decline (Ye et al., 2012).



Fisheries Rebuilding and Managements

Excessive exploitation had resulted in both declinations of marine catches and economic values simultaneously of Chinese coastal fisheries (Zhai and Pauly, 2019). Therefore, not only could the rebuilding of fishery stocks improve the structures and functions of the ecosystems but also help to increase catches and fishery profitability. Under the four future exploitation scenarios (F = 0.5 Fmsy, 0.6 Fmsy, 0.8 Fmsy, and 0.95 Fmsy), scenario 0.5 Fmsy was the fastest way. All fish species except C. pallasii had likely reached Bmsy in 2030 (B2030 > Bmsy). On the other hand, scenario 0.95 Fmsy was the slowest way, and only four fish species, including L. polyactis, D. maruadsi, S. japonicus, and E. japonicus, could likely recover to the Bmsy by 2030. Although the species recovery on biomass at 0.8 Fmsy and 0.95 Fmsy was slower, it would increase the catches compared with 0.5 Fmsy and 0.6 Fmsy (Supplementary Figure 5). The fishery rebuilding can be adjusted flexibly according to management objectives. For example, if 2030 is taken as the cut-off year for fish stocks to be rebuilt above that can produce the maximum sustainable yield (B > Bmsy), T. lepturus, S. niphonius, and I. elongate can choose 0.8 Fmsy exploitation scenario; L. polyactis, D. maruadsi, and E. japonicus can be 0.95 Fmsy; L. crocea can be 0.6 Fmsy; T. modestus and C. pallasii can be 0.5 Fmsy.

The time needed for rebuilding their fisheries to the level of Bmsy is different. According to Equations (10, 11), the fisheries biomass in the next year (Bt+1) is mainly related to the current biomass (Bt), the fishing pressure that could produce MSY (Fmsy), and the current fishing pressure (Ft). Under future exploitation scenarios, Ft has a linear relationship with Fmsy (i.e., Ft = 0.5 Fmsy, 0.6 Fmsy, 0.8 Fmsy, and 0.95 Fmsy), so Bt+1/Bmsy is only related with Bt/Bmsy and Fmsy. As Equation (8) shows, Fmsy is twice as much as the maximum intrinsic rate of population increase (r); thus, the different recovery rates among ten stocks are related to the biomass status in the initial year (B2019) and species-specific r. For example, the less damage to the B2019, the better the recovery of the B2030 (as illustrated by L. polyactis vs. S. niphonius), and the bigger the r, the faster the stock’s recovery (as illustrated by T. lepturus vs. S. niphonius). According to Equation (1), many factors affect r, such as von-Bertalanffy somatic growth rate (K), reproductive strategy (r-k selection), generation time (tgen), and maximum age (tmax). Species with higher r such as D. maruadsi (r = 1.11) and E. japonicus (r = 1.29) both mature early and have a short generation time (tgen < 1.25 year) to double population size (FishBase, see text footnote 1), while the stock of L. crocea with the smallest r has a more complex population structure and bigger tmax (tmax = 30 years, Zheng et al., 2013; Zhuang, 2006).

The cases of T. modestus and C. pallasii deserved cautious attention and alert vigilance. Our fisheries rebuilding results implied that fish with severe biomass depletion might recover more slowly. Moreover, these stocks even further declined under 0.95 Fmsy scenario. Many managers take F = Fmsy as the best fishing pressure for fisheries exploitation and rebuilding (Demirel et al., 2020), but our results demonstrated that this fishing level did not have any positive effect on fisheries rebuilding for T. modestus and C. pallasii. The relative biomass of T. modestus and C. pallasii in 2019 (B2019/Bmsy) both exceeded the safe biological limits (B/Bmsy = 0.5), suggesting the stocks were on the edge of collapse (B/k = 0.17 and 0.10, respectively, Palomares et al., 2018). Fish species with serious biomass depletion were also deficient in population recruitment capacity (Myers et al., 1994). In addition, the lower population r of T. modestus (0.65) and C. pallasii (0.54) would further degrade the fisheries recovery rate.

To ease the decline of fishery resources, China has introduced several fishery policies, such as the “Dual Control” policy proposed in 1987 to control the number and power of fishing vessels, the “Proliferation and Release” of commercial fishes proposed in 1989, the “Summer Fishing Banning” proposed in 1995, the “Zero-Growth” in fishery catches proposed in 2000, the construction of “Marine Conservation Areas” in 2011, and the development of “Marine Ranching” in 2015 (Han, 2018). Some of these policies have shown good results, such as the policy of “Proliferation and Release” (Zhang et al., 2010) and “Summer Fishing Banning” (Cheng et al., 2004; Jiang et al., 2009; He et al., 2019), which have played an active role in the resource conservation of the L. crocea and L. polyactis, respectively, and the relevant events were also reflected in the results of this article. Thus, this feasible measure should be continued. In addition, policies such as “Total Resource Management” and “Quota Catch Management” were also proposed in 2017 (Han, 2018); the fishery reference points such as MSY estimated in this study could provide a reference for them. However, the results of this article showed that China’s fishery resources were declined (B < Bmsy), and most of them were still facing high fishing pressure (F > Fmsy), which was mainly caused by the current high fishing intensity (Supplementary Table 1). Our results indicated that cutting fishing efforts down (e.g., strict implementation of policies such as “Dual Control” and “Zero-Growth”) was probably the most effective way for fishery sustainability. We have to admit that this measure would probably be a hard decision as a trade-off between economics and conservation, but the fisheries structure will benefit from this, and finally, the catches will be enhanced. Moreover, gears selection must be taken into serious considerations to avoid the capture of juvenile fishes before sexual maturity (Wang et al., 2020).




CONCLUSION

General pictures of the basic situation of these economic fishes in China’s coastal waters provide reference information to fisheries management. CMSY indicates a decreasing trend in biomass along with the explosively increasing fishing efforts since the 1980s–1990s for most species. All the fish stocks have seriously depleted in 2019 (B2019 < Bmsy), and most were still facing high-fishing pressure (F2019 > Fmsy). Corresponding protection measures should be taken into immediate action to rebuild the fisheries. Otherwise, the fish stocks would further decline and their recoveries would be much more difficult. Most species stocks would likely rebuild to Bmsy level, and the more the fishing pressure is reduced, the faster the fisheries will be recovered. Although there would be several years of reduction in catches during the rebuilding process, the recovered fisheries would bring more production and economic and social benefits.
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In recent years, the proportion and economic value of Lophius litulon (family Lophiidae) in the coastal fishery off Shandong Province, China has increased. In this study, we mapped the distribution of L. litulon abundance [catch per unit effort (CPUE)] and applied a generalized additive model (GAM) to explore the relationship between CPUE and environmental factors. Two data-limited methods (the BSM related to the CMSY method and the AMSY method) were used to evaluate the stock status and relevant fishery reference points of L. litulon. The results showed that the L. litulon stock was concentrated in the central Yellow Sea, at 34.0°–37.0° N and 121.0°–124.0° E, and the highest average CPUE of L. litulon in this area occurred in winter. The three most significant environmental factors affecting species abundance were bottom temperature, bottom salinity, and depth. L. litulon was most abundant when bottom temperature ranged from 5.8 to 10.6°C, depth was > 18 m, and bottom salinity varied from 31.0 to 33.2‰. The BSM and AMSY models indicated that the L. litulon stock was unhealthy and had been overfished in recent years, as its biomass remained below the level that can support maximum sustainable yield. The relative exploitation ratios were also high. These results provide the basic data for improving sustainability of the exploitation of L. litulon in the Yellow and Bohai Seas.

Keywords: Lophius litulon, spatial-temporal distribution, stock assessment, data-limited methods, BSM, AMSY


INTRODUCTION

Marine fishery resources face a variety of threats globally, which has roused international concern (Ricard et al., 2012). Multiple stresses, such as overfishing, global warming, and pollution have changed the structure of fishery resources and caused a decline in catch quantity and quality (Watson et al., 2013; Costello et al., 2016). Currently, approximately 34.2% of fish stocks are caught at unsustainable levels (FAO, 2020). China has been one of the largest national fisheries in the world since 1989 and has witnessed a decline in its coastal fishery resources (Wang et al., 2006; Zhang and Qiu, 2019).

Shandong Province, adjacent to the Yellow Sea and Bohai Sea, is one of the major fishing provinces in China. Shandong coastal waters are the most productive areas for fishing, as they are spawning and feeding grounds for a variety of commercial fish. The fishing boats in Shandong coastal waters are mainly from Shandong province, but also from Liaoning, Jiangsu, Hebei Province, and Tianjin city. According to the 2010–2020 China Fishery Statistical Yearbook, the number of domestic offshore fishing vessels in Shandong Province in 2020 decreased by 8.4% compared with 2019, and by 23.8% compared with 2010, indicating a continuous decline (Fisheries and Fisheries Administration, 2010, 2019, 2020). The marine fishery yield of Shandong Province mainly comes from the Yellow Sea and Bohai Sea, which provides more than 80% of the total catch, with the remainder mainly from the East China Sea. In the past few decades, Shandong Province has benefited substantially from marine fishery development, at the cost of resources and environmental deterioration (Chen, 1991). Pollution in coastal waters, excessive fishing intensity, and a decline in food resources have reduced catches of high value species, such as Trichiurus lepturus (Zou et al., 2019). Species with traditionally less economic value comprise as much as 60%–70% of the current catch, thus lowering the overall fishing benefit (Huang, 2012). In this context, changes in the distribution and resource status of marine organisms require urgent study to ensure current exploitation are sustainable.

Lophius litulon (family Lophiidae) is a demersal marine fish that is distributed in the northwestern Pacific constituting an important part of the catches of neighboring countries. Ji et al. (2007) showed that there was no significant difference in genetic structure between two geographical populations of L. litulon in the Yellow Sea and the Sea of Japan. Li X. et al. (2021) showed that L. litulon was the dominant species among 134 captured fish in the Shandong coastal waters. Furthermore, in waters off southwestern Korea, L. litulon was the dominant species, accounting for more than 60% of the total catch, together with Pampus echinogaster, Trichiurus lepturus, Engraulis japonicus, and Larimichthys polyactis (Kim et al., 2007). With the decline of traditional commercial fish resources, L. litulon, whose economic value has increased in recent years, has become a common species in China’s domestic fish market and one of the main fish products exported abroad in recent years. Most previous studies on L. litulon have focused on its biological characteristics (Xu et al., 2010; Zhang et al., 2011), feeding habits (Xue et al., 2007), and migratory distribution (Michiol et al., 2002). Assessments of resource status and the influence of environmental factors are scarce. Although China has adopted a series of policies to protect coastal fisheries, the L. litulon population in the Yellow Sea is thought to have a simpler age structure and smaller body size (Li et al., 2012). Sustainable exploitation of L. litulon is required.

The assessment of fishery resources can be used as a scientific basis for fishery management, but few assessments of the L. litulon stock in the Yellow Sea have been conducted due to the lack of data (Wang et al., 2020). In recent years, three computer-intensive methods, the Monte Carlo method CMSY (catch-maximum sustainable yield), the related Bayesian Schaefer model (BSM), and the abundance maximum sustainable yield (AMSY) have been proposed to evaluate stocks and related reference points of fishery resources in data-poor situations (Froese et al., 2017, 2020). In particular, CMSY uses only a time series of catches and ancillary qualitative information to quantify the stock status and related fisheries reference points. In cases where relative abundance data [i.e., catch per unit effort; CPUE] are available in addition to catch data, the BSM method can be used to combine information from both datasets. AMSY is the most recent method for assessing fish populations based on abundance (CPUE) time series (Froese et al., 2020). Froese et al. (2018) and Palomares et al. (2018) showed that the fish stock status could be defined based on the B/BMSY and F/FMSY in the final year of the time series. When B/BMSY ≥ 1 and F/FMSY ≤ 1, the assessed stock is in a healthy state; when B/BMSY < 1 and F/FMSY > 1, the stock is overfished, with higher F/FMSY and lower B/BMSY indicating more severe overfishing.

A complex functional relationship exists between CPUE and related influential factors. This relationship can be modeled using species distribution models, such as the generalized additive model (GAM) (Hastie and Tibshirani, 1990; Xiao et al., 2004). In recent years, the GAM has been widely used to study the association between the temporal and spatial distribution of fishery resources, environmental factors, and fish stocks (Li Y. et al., 2021; Ma et al., 2021). For example, Ma et al. (2021) used GAM to analyze the relationship between nominal and standardized CPUE and environmental factors for L. litulon in the Yellow Sea and Bohai Sea. Li et al. (2012) showed that the relationship between the spatial and temporal distribution of CPUE and environmental factors (such as year, position, water depth, and sea surface temperature) for L. litulon in the southern Yellow Sea was better explained by a GAM than a generalized linear model.

This study illustrated the temporal and spatial distribution of L. litulon CPUE in the Yellow Sea and Bohai Sea based on the production statistics from fishing vessels in Shandong Province from 2012 to 2019 and bottom trawl survey data in Shandong Province from 2016 to 2017. We evaluated the stock status and related fishery reference points using BSM and AMSY methods, and analyzed the relationship between CPUE and marine environmental factors such as surface temperature, salinity, and depth. The results can inform the Maritime Shandong Strategy put forward by Shandong Province and help fisheries advance into the era of farming the sea, herding, and fishing. These methods also provide theoretical baseline information for the management and development of L. litulon resources in the Yellow Sea and Bohai Sea and promote the sustainable exploitation of marine fishery resources.



MATERIALS AND METHODS


Study Area

The Shandong Peninsula protrudes into the Bohai Sea and Yellow Sea, with numerous rivers flowing into both. The coastal waters of Shandong provide breeding, feeding, and nursery habitats for many fishery resources in the Yellow Sea and Bohai Sea, and support rich fishery resources for neighboring countries (Li F. et al., 2015). The distribution of fishing areas for L. litulon in this study is shown in Figure 1.
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FIGURE 1. Scope of the Shandong coastal waters and fishing areas where Lophius litulon occur.




Datasets

The L. litulon datasets used for the BSM and AMSY models were derived from the fishing logs of offshore fishing vessels in Shandong Province from 2012 to 2019, which included fishing power, mode of operation, fishing area, operating time, catch species, and yield. However, no records of fishing areas were available in the logbooks for 2017. Therefore, after standardizing the annual mean nominal CPUE for the other years, interpolation was used to obtain the mean nominal CPUE for 2017. The spatial resolution of each fishing area was 0.5° × 0.5°, and its location was represented by the latitude and longitude of the center point.

Commercial fishery monitoring and trawl surveys were combined to obtain the catch rate of L. litulon for each fishing area (Pecquerie et al., 2004; Gonzalez et al., 2021). The datasets used to draw monthly spatial distribution maps of L. litulon CPUE and to fit the GAM were obtained from (i) fishing logs of commercial fleets from 2014 to 2016, and (ii) bottom trawl survey data for the Shandong inshore fishery resources in October 2016 and January, May, and August 2017. The fishing data of L. litulon from 2014 to 2016 were used, as they were complete and more representative. The monthly mean nominal CPUE was calculated using both sources of data. Mean values represented nine months of the year, namely January-May and September-December, as data were not available from June to August due to the closed fishing season.

Environmental data from dataset “ii” (the bottom trawl resource survey) were used to fit the relationship between L. litulon and environmental factors. Environmental factors used in this study included surface temperature (ST), bottom temperature (BT), surface salinity (SS), bottom salinity (BS), water depth (D), and surface chlorophyll a concentration (SChl_A). Missing SChl_A data were supplemented by the MODIS_Aqua model on the NASA Ocean Color website1, and the SS and ST data were supplemented by the AQUA_MODIS model on the Physical Oceanography Distributed Active Archive Center website2. The spatial resolution of the environmental data was higher than that of the fishery data, so this study used the average value of the environmental data in each fishing area to match the spatial-temporal resolution of the L. litulon fishery datasets.



Calculation of Nominal Catch Per Unit Effort

In this study, the nominal CPUE [CPUEj, kg/(kW*d)] was calculated as follows (Maunder and Langley, 2004):

[image: image]

where, Cij (kg) is the total monthly catch of fishing vessel i in fishing area j, Pi (kW) is the power of operating fishing vessel i, dij is the number of days of fishing vessel i operating in fishing area j in a month, and nj is the number of all fishing vessels operating in fishing area j in a month. The resulting nominal CPUE (and catch) datasets for commercial vessel logs and trawl survey are detailed in Supplementary Tables 1, 2.



Distribution Maps

Spatial distribution contour maps of L. litulon abundance were drawn by the ordinary kriging method using Surfer16 (Golden Software, Colorado). The data used to map the species distribution are presented in Supplementary Tables 2, 3, and the annual/monthly mean nominal CPUE is given in Supplementary Tables 4, 5.



Generalized Additive Model Method

A generalized additive model (GAM) was used to express the nonlinear relationship between the relative abundance of L. litulon and various environmental factors. GAM is presented as follows (Hastie and Tibshirani, 1990; R Core Team, 2018):
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where, g() is the connection function, Y is the abundance of L. litulon, β is the intercept term (as the response variable), fn(xn) is the nonparametric function used to describe the relationship between g(Y) and the nth explanatory variable, which is estimated by the spline smoothing function, n is the number of selected environmental variables, and ε is the random error term (Xiao et al., 2004).

The connection function varies according to the actual distribution of response variable Y. In this study, the connection function g(Y) = log(CPUE+1) was used as the response variable, and month, ST, BT, SS, BS, D, SChl_A, Lon, and Lat were used as explanatory variables. Month was classified as a discrete variable, and all other variables were classed as continuous. The error distribution of the model was assumed to have a Gaussian distribution. Model construction was conducted using the RStudio software.



Bayesian Schaefer Model Method

In addition to the time series of catch and abundance data, BSM also requires ancillary qualitative information, that is, priors for relative biomass, intrinsic rate of population increase (r), and carrying capacity (k). According to Froese et al. (2017), the default prior for relative biomass, B/k was set to 0.2–0.6 (medium) for the start year (Bstart/k). From FishBase (Froese and Pauly, 2019), the resilience of L. litulon is “Low,” corresponding to a prior r range of 0.05–0.5 (Froese et al., 2017). The prior range for an unexploited population size or carrying capacity (k) was calculated as:

[image: image]

where, klow and khigh are the lower and upper boundary priors for k for low and high levels of biomass at the end of the time series, respectively, max(C) is the maximum catch value of the time series of catch data, and rlow and rhigh are the lower and upper boundary priors of the r value.

Applying the values of r and k, and the relative biomass for the first year of the time-series of catch data (Bstart), the Monte Carlo method was used to filter out suitable r–k pairs. Basic biomass dynamics are described by the following formula:

[image: image]

where, Bt+1 is the exploited biomass in the subsequent year t+1, Bt is the current biomass, and Ct is the catch in year t.

If [image: image] is < 0.25, Eq. (3) is replaced by the following:

[image: image]

where, the term [image: image] assumes a linear decline in recruitment below half of the biomass capable of producing MSY. More detailed equations and concepts can be found in Froese et al. (2017).

Given that the assessment was based on just 8 years of catch and effort data, sensitivity analyses were also conducted to investigate the potential effect of the relative biomass prior (Bstart/k; 0.2–0.6) on estimates of B/BMSY and F/FMSY, compared with a higher prior (0.4–0.8) and a lower prior (0.1–0.4).

The time series of catch and CPUE are displayed in Supplementary Table 4, and the R code for the BSM method, as well as Supplementary Materials describing the method in detail, can be downloaded from R Core Team (2018).



Abundance Maximum Sustainable Yield Method

The AMSY model was used to determine the maximum sustainable yield from the abundance data. The advantage of this method is that it uses only CPUE or other relative abundance time series to evaluate the exploitation pattern and stock status without catch data (Froese et al., 2020). The required input data for the AMSY method included a time-series of CPUE and prior ranges for r and relative stock size [image: image] in a given year. The time-series of CPUE data are given in Supplementary Table 4, and the method of obtaining the prior range of r was the same as described above (Froese et al., 2020). Priors for [image: image] together with population dynamics and the proportional factor of upper and lower limits were used to put the observed CPUE into a preliminary MSY framework, which was then refined by Monte Carlo filtering. The AMSY method estimates the relative catch based on several transformations of the Schaefer model, which requires biomass data for two consecutive years (Froese et al., 2020); hence, the relative catch (Catch/MSY), fishing pressure (F), and exploitation level (F/FMSY) were estimated up to the second-to-last year in the time series. Froese et al. (2020) provide a detailed description of the theory and equations behind AMSY. In our contribution, sensitivity analyses similar to the BSM method were also conducted for AMSY.




RESULTS


Resource Distribution

The spatial distribution of L. litulon abundance in Shandong coastal waters from 2012 to 2019 (except for 2017) is shown in Figure 2. Lophius litulon was caught in 70 fishing areas. The distribution features of this stock in the coastal waters of Shandong in recent years were as follows: (1) the species was widely distributed in the Yellow Sea, but was less common in the Bohai Sea; (2) the resource was concentrated in the central area of the Yellow Sea (34.0°–37.0° N, 121.0°–124.0° E); (3) L. litulon appeared in most fishing areas in 2018 and showed the highest abundance; (4) although L. litulon still showed a wide distribution in 2019, the reported stock abundance was low.


[image: image]

FIGURE 2. Spatial distribution map of Lophius litulon abundance by fishing area and year (except 2017). (A) 2012; (B) 2013; (C) 2014; (D) 2015; (E) 2016; (F) 2018; (G) 2019.


Figure 3 shows the monthly distribution of L. litulon, which was caught in 43 fishing areas. The species appeared more concentrated offshore from January to September and moved west toward the coast from October to December. The highest CPUE was usually in the central and southern coastal areas of Shandong, peaking in November and December. In January, April, May, and October, the CPUE values were low over the entire study area, with the lowest value occurring in October.


[image: image]

FIGURE 3. Spatial distribution map of Lophius litulon abundance by fishing area and month (except from June to August due to fishing closure). (A) January; (B) February; (C) March; (D) April; (E) May; (F) September; (G) October; (H) November; (I) December.




Effects of Environmental Factors

A GAM was used to fit the relationship between the relative abundance of L. litulon and environmental factors. To obtain the optimal model, impact factors were screened according to the minimum Akaike Information Criterion (AIC). The full screening process is presented in Supplementary Table 6. The final expression of the model is as follows:

[image: image]

Deviation analysis indicated that the cumulative deviation of the selected modeling factors was 51.70% (R = 0.446, P < 0.05). In addition to the influence of month (time factor), the F-tests showed that the environmental factor with the greatest influence was depth (D), followed by latitude (Lat), BT, BS, and longitude (Lon, Table 1). There was an extremely significant correlation between BT and the relative abundance of L. litulon (P = 0.000728).


TABLE 1. Approximate significance of smooth terms.

[image: Table 1]

Figure 4 shows the effect of environmental factors, as simulated by the GAM, on the abundance of L. litulon. Figure 4 indicates that: (1) when D was > 18 m, the abundance of L. litulon increased with D; (2) the abundance of L. litulon was higher between 35.25° and 36.00° N, and decreased north of 38.00° N; (3) L. litulon was densely distributed in the waters with BT varying between 5.8 °C and 10.6 °C; (4) as BS increased, L. litulon abundance decreased, especially in the range from 31 to 33.2‰; (5) there was a positive association between L. litulon abundance and Lon.


[image: image]

FIGURE 4. Effects of environmental factors on the CPUE of Lophius litulon in Shandong coastal waters. (A) Depth; (B) Latitude; (C) Bottom temperature; (D) Bottom salinity; (E) Longitude.




Resource Evaluation

The results and confidence intervals for r, k, and MSY evaluated using the BSM and AMSY methods were similar (Table 2). The exploitation rate (F/FMSY) was consistently estimated to be > 1.0, and the relative biomass (B/BMSY) in the last year was predicted to be < 1.0, which implied an unhealthy L. litulon stock status in Shandong coastal waters.


TABLE 2. Results of the BSM and AMSY analyses.
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Figure 5A shows 19,027 feasible r-k pairs screened by BSM (black dots; gray dots for CMSY), and the darker gray cross was the best r-k pair with a 95% confidence interval (CI) (the light gray cross for CMSY). Figure 5B depicts 5003 feasible r-k pairs identified by AMSY (black dots), and the cross represents the best pair with its 95% CI. Figure 5C (estimated by the BSM method), indicates that L. litulon catches fluctuated greatly over time, with the lowest value occurring in 2013 and the highest in 2018. Figure 5D shows the time-series of CPUE data overlaid with the estimated biomass that would achieve MSY (gray line). The CPUE predicted by AMSY also exhibited significant fluctuations between 2012 and 2019, with the lowest value in 2017 and the highest in 2018.


[image: image]

FIGURE 5. Analysis of viable r-k pairs and stock size (Catch for BSM related to CMSY, CPUE for AMSY) by BSM and AMSY. Notice the match between the left and right panels. (A) Feasible r-k pairs identified by BSM (in black) related to CMSY (in gray) (B) feasible r-k pairs identified by AMSY; (C) Catch (in black) relative to the MSY (in gray) estimated by BSM; (D) CPUE (in black) relative to MSY (in gray) predicted by AMSY.


The relative biomass trajectory (B/BMSY) produced by BSM is depicted in Figure 6A, and the gray area represents its 97.5% CI. B/BMSY has been declining since 2015, and the B/BMSY value in the last year of the time series was 0.538 (< 1). Figure 6B shows that the AMSY model estimated that the relative biomass trajectory (B/BMSY) decreased gradually before 2014, stabilized between 2014 and 2016, and increased gradually after 2016, but the end point of B/BMSY was 0.801 (< 1), which was closer to the level MSY. Figure 6C shows that the exploitation rate (F/FMSY) curve predicted by BSM, increased gradually after 2013, and the terminal F/FMSY value was 2.41 (> 1). Figure 6D shows that the exploitation rate estimated by AMSY gradually decreased after 2014, and the F/FMSY in the second to last year was 1.47 (> 1).


[image: image]

FIGURE 6. Comparison of relative biomass (B/BMSY) and exploitation level (F/FMSY) trajectories estimated by BSM and AMSY methods, with the gray areas representing the 97.5% CIs. (A) Relative biomass (B/BMSY) trend estimated by BSM; (B) relative biomass (B/BMSY) trend estimated by AMSY; (C) relative exploitation level (F/FMSY) trajectory predicted by BSM; (D) relative exploitation level (F/FMSY) trajectory predicted by AMSY.


The results of the sensitivity analyses are shown in Figure 7 and Supplementary Table 7, which indicate that the change in priors had a high impact on the outcome of the BSM, being very low in the AMSY model. Herein, selecting the appropriate prior values is crucial to avoid bias in the BSM estimates.


[image: image]

FIGURE 7. Sensitivity of B/BMSY and F/FMSY to changes of the priors. (A) BSM; (B) AMSY.





DISCUSSION


Spatial-Temporal Dynamics and Environmental Influences

In this study, the marine area with the highest frequency of L. litulon occurrence from 2012 to 2019 was the central Yellow Sea (34.5°–37° N, 121°–124° E). Li Z. et al. (2015) investigated the relative resource density and distribution of L. litulon from 1985 to 2009 and found that the area with the highest density of L. litulon in the Yellow Sea was between 34°–35° N and 122°–123° E. In this study, although the mean CPUE in some years (e.g., 2014 and 2019) was lower than that in adjacent years, L. litulon was more widely distributed than in the 1985–2009 period.

During the 9 months of this study, L. litulon was widely distributed over the entire marine area from February to April, but the CPUE was low. This was possibly because spring is the spawning season for L. litulon, and either the catches comprise mostly recruits with light individual weights or the individuals are too small to be caught by nets. Conversely, the high CPUE in autumn (from September to November) might be attributed to biomass accumulated during the summer fishing moratorium.

Li et al. (2012) found that ST had a significant effect on L. litulon CPUE in the southern Yellow Sea in spring. Li Z. et al. (2015) also pointed out that the catch yield of L. litulon in the central and southern parts of the Yellow Sea was significantly correlated with the ST. This study showed that BT was the main environmental factor significantly affecting the abundance of L. litulon in the Yellow Sea. Furthermore, L. litulon was concentrated in areas of the Yellow Sea and Bohai Sea with low temperatures, high salinities, and depths >18 m. Wang et al. (2013) showed that L. litulon in Haizhou Bay and its adjacent sea areas (within the scope of this study) had a strong negative correlation with temperature, salinity, and depth in winter, but was positively related to surface pH. Herein, we suggest that further studies should consider more environmental factors to improve the accuracy of the correlation estimates. In addition, different resource-modeling approaches should be developed and adopted.



Stock Status and Suggestions for Sustainable Development

In many developing countries, including China, most of the species caught on a large scale have not yet been assessed, nor do they have an adaptive management plan to guarantee their sustainable use and protection (Costello et al., 2012). Stock assessments are generally lacking for fish that gradually become a dominant part of the catch and progressively increase their economic value, as is the case for L. litulon.

In 2002, the total annual catch of L. litulon in the East China Sea was ranked ninth of 153 species, accounting for 1.14% of the total catch, and its existing stock size was estimated to exceed 2,000 tons (Lin and Zheng, 2004). The frequency and relative resource density of L. litulon in the central and southern Yellow Sea showed an increase from 1985 to 2009 (Li Z. et al., 2015). However, owing to the strong fishing pressure in the south of the Yellow Sea, the caught individuals of L. litulon became smaller and the population structure became younger (Li Z. et al., 2015).

In this study, the results of the BSM and AMSY approaches showed that, although there were some differences in precision and biomass trajectories between different methods, the same conclusions were evident. That is, the population of L. litulon is now in an unhealthy and overfished state, and the biomass remains below the level that can produce MSY. Our results are consistent with the findings of Wang et al. (2020), indicating that the resource status of L. litulon is unacceptable in the coastal waters off Shandong.

Interestingly, the BSM showed that the status of L. litulon stock is worsening, while the AMSY model suggested it is improving. Although AMSY uses the surplus yield model of the filtered r-k pairs to predict catches that conform to the CPUE time series and the priors, its estimates of the exploitation index (F/FMSY) are normally given with wide margins of uncertainty (Froese et al., 2020). The accuracy and applicability of AMSY will be affected by how closely the stock abundance and catch follow the assumptions of the surplus yield model, so it may be less suitable than BSM for management purposes. Nevertheless, AMSY should be well suited for estimating the productivity index (r) and relative stock size (B/BMSY), so it may be useful in the management of data-poor stocks. Furthermore, sensitivity analysis demonstrated that the BSM was more sensitive to the initial relative biomass prior than AMSY. In other words, B/BMSY and F/FMSY estimates generated by the BSM model were greatly affected by the selection of priors, which might be attributed to the short time series of catch and CPUE used in this study. In such cases, reasonable prior ranges are important for obtaining reliable estimates.

Since the early 1990s, China has adopted a series of fisheries management systems to develop and protect its marine resources, including fishing moratoria, fishing permits, fishing effort controls, quota systems, and resource allocation. However, declines in marine fishery resources continue to occur. Therefore, cautious management of L. litulon resources in coastal waters of China is required.
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Chub mackerel (Scomber japonicus), Pacific saury (Cololabis saira), and Pacific sardine (Sardinops sagax) are key economic and ecological species in the Northwest Pacific Ocean (NPO). In recent years, there have been some interannual changes in their catches due to the increasing number of fishing vessels and climate change. With the establishment of the North Pacific Fisheries Commission (NPFC) to better manage these three species, it is particularly important to develop an accurate understanding of the stock status of those fisheries resources. According to the production statistics of Chub mackerel, Pacific saury, and Pacific sardine in the NPO, the length-based Bayesian evaluation (LBB) method was adopted to conduct a stock assessment on the three fisheries in this study. Research results show that the asymptotic length of Chub mackerel in the NPO Linf is 37.54 cm, with the parameter ratios of Lc/Lc_opt = 1.10, F/M = 0.57, B/B0 = 0.65, and B/BMSY = 1.10. The asymptotic length of Pacific saury in the NPO Linf is 33.24 cm, with the ratios of Lc/Lc_opt = 1.10, F/M = 0.14, B/B0 = 0.82, and B/BMSY = 2.10. While the asymptotic length of Pacific sardine Linf is 39.33 cm, with the ratios of Lc/Lc_opt = 1.20, F/M = 0.20, B/B0 = 0.77, and B/BMSY = 2.20. At present, the three species in the NPO are in a healthy state and have not yet been overfished. Body length bin may affect the estimation of some parameters without compromising the estimation of stock status. Our study indicates that the LBB model serves as an efficient method to evaluate the fisheries resources in the NPO, especially when length frequencies are the only available data. Hopefully, the results in this study can provide technical support for the conservation and management of Chub mackerel, Pacific saury, and Pacific sardine in the NPO.

Keywords: small pelagic species, length-frequency data, LBB method, stock assessment, Northwest Pacific Ocean


INTRODUCTION

Chub mackerel (S. japonicus), Pacific saury (C. saira), and Pacific sardine (S. sagax) are the ecologically and commercially important species inhabiting the Northwest Pacific Ocean (NPO) (Tian et al., 2004; Yukami et al., 2009). Japanese fishermen were pioneers to exploit these species, and in recent years, the major countries and island constituencies harvesting these three species include Japan, China, Chinese Taipei, Russia, and Korea (Kawai et al., 2002; Ueno et al., 2017). The annual catches of Chub mackerel, Pacific saury, and Pacific sardine recorded in 2019 were about 64,364, 51,400, and 24,773 tons in China, which accounted for 14.00, 12.26, and 11.08% of the global production, respectively (FAO, 2019). Influenced by an increasing number of fishing vessels under the global development of these fisheries, coupled with marine climate and environmental change, these resources fluctuated, and their harvest has gone through interannual changes (Shi et al., 2020). Since 2015, Chub mackerel and Pacific saury have been listed among the priority fish species by the North Pacific Fisheries Commission (NPFC), and the Pacific sardine is also considered as one of the species to be managed in the future (North Pacific Fisheries Commission [NPFC], 2017). Due to their increasing commercial and ecological values, the research and management of these three small pelagic species in the NPO have gained much interest and concern in the field of fishery science (Arnold and Heppell, 2014).

According to the report of FAO (2016, 2019), only about 11% of fisheries in the world are assessed by sophisticated models or have been properly managed. A precise stock assessment will contribute to the stock management, sustainable development, and oceanic ecosystem studies of target fisheries (Jiao et al., 2011; Punt, 2011; Guan et al., 2016). However, the scarcity of long series of age structure data and stock abundance indices is unavailable in data-limited fisheries, which makes it incredibly tough to assess the stock status using conventional models (Magnusson and Hilborn, 2007; Wang et al., 2016). Chub mackerel, Pacific saury, and Pacific sardine fisheries are typical data-limited fisheries in the NPO. They have the biological characteristics of a short life cycle and a long migration route, and their populations are extremely sensitive to large-scale climatic events and regional environmental changes in the NPO (Watanabe and Yatsu, 2004; Yatsu et al., 2005; Iwahashi et al., 2006). At present, there are some stock assessment studies on these three species. For instance, Shi et al. (2018) carried out the stock assessment and risk analyses of different management strategies for the Pacific saury using a Bayesian Schaefer surplus production model, wherein they identified the stock status as “good” and immune to overfishing or overfished. North Pacific Fisheries Commission [NPFC] (2017) used the Bayesian state-space model to assess the stock dynamics of the Pacific saury in the NPO. Guan et al. (2014) simulated two subpopulations of Chub mackerel based on the meta-population concept by setting up 12 scenarios. Although certain research results have been obtained, there are still some uncertainties in the estimation of parameters and biological reference points (Wetzel and Punt, 2011). For example, these studies are based on the surplus production model, in which the population growth, mortality, and recruitment converge are in one equation. Therefore, errors in individual growth are inevitably ignored in the stock assessment. Besides, the effects of environmental factors and process errors are not considered, which may bring uncertainty to the model results. Hence, it is essential to conduct effective stock assessments, and scholarly attention needs to be devoted to the sustainable use and fishery management (Ma et al., 2021). As attaining high-quality fisheries statistics within a short period of time can be a challenging task, the data-poor approach has attracted more and more attention from RFMOs. In recent years, in order to meet the increasing demand for scientific management of data-limited fisheries, various data-limited methods have been developed to perform the stock assessment for these fisheries, which are also the hot spot of current fisheries stock assessment (MacCall, 2009; Dick and MacCall, 2011; Martell and Froese, 2013; Hordyk et al., 2015; Froese et al., 2018; Rudd and Thorson, 2018). The length-based data-limited methods, such as Length-Based Spawning Potential Ratio (LBSPR) model, Length-Based Integrated Mixed Effects (LIME) model, and Length-Based Bayesian (LBB) model, have become popular due to their easy availability of the length-frequency (LF) data (Klaer et al., 2012; Chong et al., 2020). Among them, the LBB method can be applied to estimate the related parameters and biological reference points by Bayesian Monte Carlo Markov Chain (MCMC) approach based on the size composition data from commercial catches (Froese et al., 2018). Its main assumption is that recruitment, growth, and mortality are constant, and the LF data can be representative of that exploited stock (Froese et al., 2018). The LBB model has been used to evaluate the sock status of some data-limited stocks. For example, Wang et al. (2020) assessed eight common and commercially important marine fishes using the LBB method. Liang et al. (2020) applied this model to 14 fish and invertebrate stocks in the coastal waters of China to estimate their growth, lengths at first capture, and current relative biomass from the LF data. Those researches indicated that the LBB model can provide reliable results for the stock status estimation of data-limited fisheries.

In this study, the LBB approach was used to analyze the three populations of small pelagic species captured by the Chinese commercial fishing vessels operating in the NPO. The objectives of this research were to: (1) identify life history parameters and explore the biomass depletion levels of these three species populations caused by fishing, (2) investigate the impact of different length bins on the estimated results of the LBB model, and (3) compare the stock assessment results of these three species between LBB model and previous researches. Results of this study could provide technical support for the sustainable use and scientific management of these three fisheries.



MATERIALS AND METHODS


Data Resources

The study area was distributed between 35–50°N and 145–170°E covering the main fishing ground of these three species in the NPO. According to the existing data, the LF data of Chub mackerel were obtained from commercial fishing in the NPO from 2016 to 2018. The LF data of Pacific saury and Pacific sardine were derived from commercial fishing in the NPO in 2017. The length and weight were measured for each specimen, and the number of measured specimens for all three species ranged from 872 to 6,091, with sizes including both small- and large-sized individuals, representing a wide size range. In this study, the LF data of three species were obtained from commercial fishing in China, and each fishery had only one kind of fishing gear instead of multiple kinds of fishing gears, which meet the requirements of the LBB model. The basic information of three small pelagic species used in this study is shown in Table 1.


TABLE 1. Summary of year, the size range, and the number of individuals measured of three species collected in the Northwest Pacific Ocean (NPO).

[image: Table 1]


Length-Based Bayesian Evaluation Model

The LBB model is a fast and simple approach for assessing stock status using the LF databases on the MCMC approach (Froese et al., 2018). The species that are suitable for the LBB method are those that continue to grow throughout their lives, for instance, invertebrates and commercial fishes (Pons et al., 2020). In the LBB model, only the LF data of a fishery representing the true population structure are required as input since these use prespecified priors on parameters. While, sometimes, required prior parameters including the asymptotic length (Linf), mean length at first capture (Lc), and relative natural mortality (M/K) may be input manually by users if they have good estimates of these parameters from independent studies (Carruthers et al., 2016). LBB estimates several parameters of target species, including Lc, Linf, relative fishing mortality (F/M), and M/K. In this study, we just listed the basic information and formulas [refer to Froese et al. (2018) for more details].

The growth function of von Bertalanffy (1938) was used in the LBB model for describing the growth in size (Pauly, 1998).

[image: image]

where Lt is the length when the age is t, K is the rate by which Linf is approached (year–1), and t0 is the theoretical age when the length is zero (Froese et al., 2018).

If there were no mortality, most species would approach Linf, which is expressed as follows:

[image: image]

where Nt1 represents the population number at t1, and Nt2 is the population number at t2. Z indicates the instantaneous rate of total mortality, including fishing and natural mortality (Pauly, 1998). For each species, the lengths affected by partial selection are given by the ogive function expressed as follows:
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where SL means the fraction of individuals that are retained by the gear at length L, and α describes the steepness of the ogive (Quinn and Deriso, 1999; Froese et al., 2018).

The combination and rearrangement of Eqs 1–3 lead to the following equations:
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where NLi is the individual number when the length is Li, NLi–1 represents the number of individuals at length Li–1, and CLi is the number of individuals vulnerable to the gear when the length is Li. In the LBB model, the ratios F/M and M/K are output, i.e., F/M = (F/K)/(M/K), which can be deduced by fitting Eq. 4 to the LF data.

Relative yield-per-recruit (Y’/R) can be computed by the following equation (Froese et al., 2018):
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Assuming catch per unit effort (CPUE) proportional to biomass, Eq. 6 divided by F/M gives the following equation:
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The relative biomass in the potentially exploited phase of the population is expressed as follows when the stock is unexploited:

[image: image]

where B0 is the unexploited biomass, and the ratio B/B0 is obtained from Eqs 7, 8 as follows:

[image: image]

Meanwhile, we have the following equation:
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where Lopt is the length when a cohort of fish has its peak biomass (Holt, 1958). The optimal length at first capture Lc_opt is obtained from the following equation:

[image: image]

A proxy for relative biomass maximum sustainable yield (MSY; BMSY/B0) can be obtained by means of rerunning Eqs 6–9 with F/M = 1 and Lc = Lc_opt. Based on these parameters, the current relative stock size (B/BMSY) was estimated, which was converted into qualifiers of fisheries status (Palomares et al., 2018). According to the values of estimated B/B0 and B/BMSY, we can classify the stocks as described by Palomares et al. (2018). The results of the LBB model can directly be used in the provisional management of data-limited fisheries populations based on the two basic and simple rules: if the relative stock size B/B0 < BMSY/B0, catches of this species should be reduced; and if Lc < Lc_opt, fishing would better start from larger sizes.

In this study, the LF data obtained for each species were sampled for at least 1 year, with a wide range of sample sizes representing the population structure. In addition, to reduce uncertainty in LBB results, apart from LF data, species having asymptotic lengths obtained from prior studies were also included in the input information database (Suyama et al., 1992; Watanabe et al., 1995; Shiraishi et al., 2008). Data analyses in this study were performed using the LBB software, which is installed in the R-core environment.



Sensitivity Analysis

To fully consider the influence of length bin on the evaluation results of the LBB model, the body length of three species was grouped by the length bins of 5, 10, and 15 mm, respectively, and the results of three scenarios were then compared. The scenario of length bin equal to 10 mm was used for the base case, and the other scenarios were sensitive analysis scenarios. The goodness-of-fit coefficient (R2) was used to evaluate the fitting goodness as follows.
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where y is the relative frequency, [image: image] is the predicted relative frequency, [image: image] is the mean of y, and i is the number of the relative frequency data. The length bin and the prior value of LBB parameters of the three species are shown in Table 2.


TABLE 2. Scenarios and priors of three species used in this study.
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RESULTS


Stock Status of Chub Mackerel

Figure 1 shows the estimated results of the LBB model under different length bins. According to the goodness-of-fit measurements, the R2 values of three length bins were 0.698, 0.732, and 0.683, respectively, which means that the length bin of 10 mm made the analysis fit better. Chub mackerel, which reaches a maximum length of 37.54 cm under the base case (Figure 1B), is widely distributed in the NPO. The estimate of F/M = 0.57 indicates that Chub mackerel fishery was not subject to increasing fishing pressure; meanwhile, the estimate parameters of B/B0 = 0.65, and B/BMSY = 1.10 confirm that the stock of Chub mackerel is in a good state in the NPO. The estimate of Lc/Lc_opt = 1.10 implies that large fishes are still present (Figure 1 and Table 3).


[image: image]

FIGURE 1. Assessment results of the length-based Bayesian (LBB) method to Chub mackerel in the Northwest Pacific Ocean (NPO).



TABLE 3. Summary of the length-based Bayesian (LBB) results for Chub mackerel.
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Stock Status of Pacific Saury

Figure 2 shows the stock assessment results for Pacific saury using the LBB method. The R2 values of three length bins were 0.779, 0.796, and 0.700, respectively. Therefore, the scenario of length bin equal to 10 mm can be used for the stock status estimation of Pacific saury. Pacific saury is wildly distributed in the international waters of the NPO ranging from subarctic to subtropical region. This species reaches a maximum length of 33.24 cm under the base case (Figure 2B), and in this study, the parameter F/M = 0.14 indicates that the current fishing pressure will not damage the stock of Pacific saury. The ratios B/B0 = 0.82 and B/BMSY = 2.10 suggest that its biomass is at a high level. According to the result of ratio Lc/Lc_opt in this study, the value is above unity, implying the presence of large specimens (Figure 2 and Table 4).
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FIGURE 2. Assessment results of length-based Bayesian (LBB) method to Pacific saury in the Northwest Pacific Ocean (NPO).



TABLE 4. Summary of length-based Bayesian (LBB) results for Pacific saury.
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Stock Status of Pacific Sardine

The scenario of length bin equal to 10 mm was chosen to evaluate the stock status of Pacific sardine according to the R2 value (R2 of length bin 5 mm is 0.892, R2 of length bin 10 mm is 0.910, and R2 of length bin 15 mm is 0.865). The stock of Pacific sardine, which reaches a maximum length of 39.33 cm under the base case, is in a good state in the NPO (Figure 3B). The parameters F/M = 0.20, B/B0 = 0.77, and B/BMSY = 2.20 indicate that the stock status of Pacific sardine is healthy and the fishing pressure may not be the major cause for the fluctuation in the biomass of this species. In addition, there are still a large number of big specimens in the stock of Pacific sardine (Lc/Lc_opt > 1) (Figure 3 and Table 5).


[image: image]

FIGURE 3. Assessment results of length-based Bayesian (LBB) method to Pacific sardine in the Northwest Pacific Ocean (NPO).



TABLE 5. Summary of length-based Bayesian (LBB) results for Pacific sardine.
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Sensitivity Analysis

Three levels of length bins were applied to analyze the influence of the length bin on the evaluated results of the LBB model. Figure 4 shows the estimated key parameters based on different length bins. For Chub mackerel, the estimated Lc/Lc_opt ratios varied from 1.10 to 1.40 with the length bin, and the F/M ratios ranged from 0.68 to 0.18. When the length bin varied from 5 to 15 mm, the B/B0 ratios varied from 0.63 to 0.81, with their B/BMSY ratios varying from 1.2 to 1.8 (Figure 4A). For Pacific saury, Lc/Lc_opt ratios ranged from 1.1 to 1.2 with the changes of length bin, and the F/M ratios ranged from 0.14 to 0.20. The B/B0 ratios ranged from 0.74 to 0.82, with their B/BMSY ratios varying from 1.9 to 2.2 (Figure 4B). For Pacific sardine, the estimated Lc/Lc_opt ratios ranged from 1.10 to 1.40, and the F/M ratios ranged from 0.14 to 0.20. The B/B0 ratios ranged from 0.77 to 0.82, with their B/BMSY ratios varying from 1.9 to 2.2 (Figure 4C). On comparing the effects of different length bins on the estimated key parameters, it was discovered that although the parameter values had a certain change, the change range was not noticeable.


[image: image]

FIGURE 4. Estimated key parameters based on different length bins.





DISCUSSION

The LBB model was recommended as a new supplement to the stock assessment approach for the data-limited stocks that have very limited or unreliable catch data (Kindong et al., 2020). Compared with similar length-based models (e.g., LBSPR and LIME), the LBB model does not need any information on age, mortality, growth, and recruitment, which only requires the LF data that can represent the stock from commercial fisheries (Froese et al., 2016). Froese et al. (2018) indicated that the LBB method will perform poorly if the LF data cannot represent the length structure of the exploited stock. Chub mackerel, Pacific saury, and Pacific sardine that have a short life span tend to exhibit marked population fluctuations (Sakurai et al., 2000). Previous studies have stated that the fishing grounds and biomass of short-lived species are affected by oceanographic factors, such as sea surface temperature (SST) and sea surface height (SSH) (Watanabe et al., 2006; Kuroda and Yokouchi, 2017). Due to insufficient long-term series of age-structured data and fisheries-independent data, the application of a full stock assessment model in data-limited circumstances might be challenging and questionable (Guan et al., 2013; Wang et al., 2016; Geng et al., 2021). The LBB model has been well applied in several data-limited fisheries (Kindong et al., 2020; Liang et al., 2020; Wang et al., 2020). In this study, the LF data of three species were derived from commercial gear for at least 1 year and represented the length composition of the target species, therefore meeting all the demands of the LBB model (Froese et al., 2018). In addition, the results of the LF data for three populations fit presented asymmetric patterns, which mean that the LF data were appropriate to be analyzed by this model (Froese et al., 2018). Therefore, it is reasonable and feasible to assess the stock status for the three small pelagic species in the NPO using the LBB model.

The length bin of 10 mm was chosen to estimate the stock status for three species based on the goodness-of-fit measurements. According to the estimation of the LBB model, the ratio Lc/Lc_opt of Chub mackerel was above unity, which means that there were still a considerably large amount of specimens in the population. The estimation of ratio B/BMSY was bigger than one, suggesting that the stock of Chub mackerel is not being overfished. As few studies on the stock assessment of Chub mackerel in NPO were conducted in previous research, the study area was mainly concentrated on the coastal waters of China and Japan (Yatsu et al., 2002; Zhang et al., 2009; Yan et al., 2010). Yan et al. (2010) adopted the Virtual Population Analysis (VPA) to assess the stock of Chub mackerel. Their results suggested that the stock of Chub mackerel in the western East China Sea could remain relatively steady, which corroborates with the results presented in this study. Reports by Ichikawa and Okamura (2016) were also consistent with this study, and they applied the autoregressive state-space models to estimate the Chub mackerel stock status. For Pacific saury, the estimated ratios Lc/Lc_opt and B/BMSY were above unity, which suggests that a great quantity of large individuals were still present and the stock status of Pacific saury was healthy. Shi et al. (2018, 2020) indicated that the stock of Pacific saury was at a high level, which was corroborated by our findings to show that the population is immune to overfishing or overfished of this stock in the NPO. Reports of North Pacific Fisheries Commission [NPFC] (2017) agreed with the results in this study as well. Although few models have been applied to assess the stock of Pacific sardine, Demer and Zwolinski (2014) still reported that current catches would not damage the stock of Pacific sardine. These authors insisted that new data should be collected in advance for the future assessment of Pacific sardine, which will facilitate the scientific management of this fishery.

The development and utilization of the three kinds of fisheries resources have been paid attention to by the RFMOs. At present, Chub mackerel and Pacific sardine are listed among the priority fish species by NPFC, and the Pacific sardine is also among one of the species to be managed in the future (Hua et al., 2020). China, Japan, and Russia have conducted a preliminary stock assessment for Chub mackerel in the NPO based on the Age-Structured Assessment Program (ASAP), VPA, and State-space Assessment Model (SAM), respectively. However, they indicated that the stock assessment results and model performance were highly influenced by the availability and quality of data for Chub mackerel and suggested that more basic biological research and scientific resource investigation should be carried out. The stock of Pacific saury was assessed using the Bayesian state-space biomass dynamic model (BSSPM) by the members of NPFC. Results of China pointed out that the current biomass of Pacific saury was bigger than BMSY and the stock was in good condition. Chinese Taipei indicated that the stock of Pacific saury did not appear to be overfished and overfishing. The stock assessment results of Japan concluded that the biomass level is currently above the level of MSY for any scenarios (North Pacific Fisheries Commission [NPFC], 2017). In addition, the fundamental fisheries research of Pacific sardine has been carried out by NPFC for future stock assessment.

In this study, three different length bin scenarios were set up to evaluate the impact of the body length bin on the estimation of the LBB model. According to the sensitivity analysis, there is a minimal fluctuation of key parameters depending on the length bin, which means that the length bin has a limited impact on the estimation of the LBB model. This conclusion was consistent with the study by Froese et al. (2018). Hordyk et al. (2018) stated that the LBB master equation is incomplete because it fails to correct for the pile-up effect due to aggregating length measurements into length bins. However, Froese et al. (2019) responded that the assumptions of the pile-up effect mentioned by Hordyk et al. (2018) are not realistic for most sampling schemes and stocks. This study indicated that although the body length bins may affect the parameter estimation of the LBB model, it will not affect the estimation result of stock status (Tables 3–5).

Compared with similar length-based methods [e.g., LBSPR, catch-curve stock reduction analysis(CC-SRA), and LIME], the LBB model has some advantages in assessing the stock in data-limited situations. For instance, compared with LBSPR, the LBB method does not need to include the information about length-fecundity parameters or maturation schedules. It considers the issue of knife-edge assumption and calculates M/K and Linf based on the available data. The main difference between the LBB method and the CC-SRA model is that the CC-SRA model requires age-structured data, which are often scarce in the data-limited fisheries. The input data of the LIME method are similar to the LBB model, but the former still requires the life history data such as maturation, growth, and natural mortality. Froese et al. (2018) suggested that the stock estimated depletion of the LBB model was closer to independent estimates and thus recommended that it can be used as preliminary guidance and priors for the stock assessment and management of data-limited stocks. However, some uncertainties in the LBB model should be considered. LF data in this study were derived from the fishery-dependent data, which might lead to some potential bias. For instance, the LF data may not be representative if the sample sites were not widely distributed in the main fishing ground, and the selection and measurement error of the sample might have some impacts on the results of the LBB model. Therefore, basic biological research of these three fisheries should be strengthened in future research in order to provide the database for fishery stock assessment and management.

In this study, the LF data we used were derived from the main type of fishing gears in commercial fisheries, which can represent all body length groups of these stocks. Besides, the LF samples of three populations showed asymmetric plot patterns, thus meeting the requirement of the LBB model (Froese et al., 2018). Therefore, the results of this study could provide valuable information for the fisheries management of these three species. Besides, this study also indicated that the LBB model can be a good selection for the stock status estimation of data-limited fisheries. In order to make better use of and conserve these three fishery stocks, the collection of various types of data and the long-term systematic biological research need to be actively carried out. Alternative approaches (e.g., age-structured model) to assess the stock status of these species are the important area for future research.
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We applied Catch and Maximum Sustainable Yield (CMSY), Bayesian Schaefer model (BSM), and Abundance Maximum Sustainable Yield (AMSY) methods to estimate the status of Platycephalus indicus stocks in the Bohai and Yellow Seas, assessed model performance, and determined the impact of priors derived from expert knowledge on the performance of each model. Results showed that P. indicus stock in the Bohai Sea had collapsed, while that in the Yellow Sea stock was recovering. With the input of an expert prior derived from the length-based Bayesian biomass (LBB) estimation method, the CIs of each model narrowed, but the changes in biomass trajectory were not significant, and the estimates of B/BMSY were differed compared with model results using default rules. These three models can be used to evaluate data-limited stocks to reflect stock dynamics when reliable inputs are available. However, the ranges of priors, which are preferably obtained from other stock assessment tools, should be carefully established.
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INTRODUCTION

Marine fisheries are important for the economy and wellbeing of coastal communities, because they provide food and livelihood security, and traditional cultural identity (FAO, 2005). According to FAO statistics, world fishery yield experienced a period of rapid growth after World War II, and then, it has declined since the 1980s and nowadays can only maintain at around 100 million tons each year (FAO, 2020). As the largest fishing country in the world, China accounts for about 15% of the total global fishery production and exceeds the total catch of the next two ranking countries (FAO, 2020). The increase of Chinese fishery production by one order of magnitude from 1950 to 2010 could be regarded as a success story (Srinivasan et al., 2012), but the cost is the depletion of its coastal marine fishery resources. One-third of globally assessed fish populations are overexploited (FAO, 2018), and in China, the situation might be worse. At the same time, comparatively less information about Chinese fishery status is actually available, due to the lack of data and experts, which precludes the possibility of fishery resources recovery. Therefore, it is necessary to evaluate the status of the coastal fishery resources of China.

The bartail flathead Platycephalus indicus is commercially fished off the coast of China. In recent years, surveys have reported general declines in the resources of commercially harvested fish species in the Yellow and Bohai Seas. With the decline of traditional fishery resources, the stock of P. indicus has become one of the few commercial species with a certain yield along the coast of Liaoning, and its yield is becoming more and more valuable (Li et al., 2018). Studies on P. indicus focused mainly on the characteristics of its morphology, age, growth, and sexual maturity. Although many studies have examined the biology and ecology of P. indicus, few have assessed its stocks. Only Qin and Gao (2012) studied the seasonal variation of P. indicus stock resource abundance in Dongying coastal waters, and additional research is required to assess its resources and time-series trends in the coastal waters of China. Such studies will guide the more sustainable management of the coastal fishery resources of China.

The lack of relevant fishery data (i.e., population structure data, abundance data, and body-length data) and data-limitation models restricts the options for research. However, the Catch and Maximum Sustainable Yield (CMSY) and Bayesian Schaefer model (BSM) proposed by Froese et al. (2017) provide relatively new potential solutions to the data deficiency problem. By using the time series of catch data (and catch-per-unit-effort (CPUE) data) and ancillary qualitative information, CMSY (and BSM) methods can quantify biomass, exploitation rate, maximum sustainable yield (MSY), and related fisheries reference points for a given stock. The exploitation level and stock status are unknown for most of the fish stocks of China because the data required for full stock assessments are missing. To resolve this, a new method, i.e., the Abundance Maximum Sustainable Yield (AMSY), was proposed by Froese et al. (2021), to estimate relative stock size when no catch data are available. This method uses the time series of CPUE data or other relative abundance indices as main inputs. AMSY estimates for relative stock size do not differ significantly from “true” values when conducted with simulated data (Froese et al., 2020). CMSY, BSM, and AMSY models are well suited to estimate productivity and relative stock size and may, therefore, aid the management of data-poor stocks, such as that for P. indicus.

In this contribution, we applied CMSY, BSM, and AMSY models to assess the resource status and fishery reference points of P. indicus in the Bohai and Yellow Seas, China, and set up two groups (a default group and an expert group) for each model to explore the influence of the use of an expert prior on the model results. Finally, based on the biology and fishery knowledge of P. indicus, we discussed a sustainable fishery management scheme and the potential applications for the three models. This contribution can serve as a baseline for more sustainable fisheries management in the future.



MATERIALS AND METHODS


Data Sources

The catch data for P. indicus were collected from the fishing logs of offshore fishing vessels in Shandong Province from 2012 to 2019. Fishing areas are shown in Figure 1. We obtained CPUE data by dividing the total catch by the multiplication of fishing time and fishing power (Supplementary Table 1). Since there were no other factors that could be included in the CPUE standardization, the abundance index that we used here was a raw CPUE.
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FIGURE 1. Fishing areas, Bohai and Yellow Seas, China.




Catch and Maximum Sustainable Yield and Bayesian Schaefer Model Methods

The CMSY model, a Monte Carlo method, enables the estimation of biomass to provide MSY (BMSY) and related fishery reference points such as relative stock size (B/BMSY) and exploitation (F/FMSY) (Martell and Froese, 2013; Froese et al., 2017). When further relative abundance data, such as CPUE or biomass, are also available, a Bayesian state-space implementation of the Schaefer production model (BSM; based on Millar and Meyer, 1999) could be used for these assessments together with CMSY. Both CMSY and BSM methods are based on the logic of the surplus production model of Schaefer (1954, 1957). By inputting a time series of catch (and abundance data) and qualitative stock status information (or set as NA for default), the usable ranges of parameters, such as r and k, are filtered with a Monte Carlo algorithm. In this contribution, CMSY was based on the catch time series recorded in the fishing logs of Shandong Province from 2012 to 2019, which were standardized according to the number of fishing vessels. BSM was based on the same catch time-series data as CMSY, and the CPUE data were calculated according to catch data, working hours, and fishing vessel power. Since the CPUE data for the Yellow Sea in 2018 were missing, the data for this year were replaced by the average of the previous (2017) and following (2019) years.



Abundance Maximum Sustainable Yield Method

The AMSY is a new data-limited method that estimates fishery reference points when no catch data are available, using time series of CPUE data or other relative abundance indices as the main input (Froese et al., 2020). In addition to these data, AMSY also needs a prior for relative stock size (B/k, ranging from 0 to 1) in a certain year of the time series. AMSY uses this information and tests a high number of combinations of r and k for their compatibility with these inputs. A detailed explanation of the theory and equations behind AMSY is provided by Froese et al. (2020).



Setting Prior Parameters Ranges

In addition to catch and CPUE data, each model needs to input a prior on relative biomass (B/k) and r range or to set these inputs as “NA” to use default settings (Froese et al., 2017). To explore the influence of prior inputs, we divided each of the Bohai and Yellow Sea stocks into a default group and an expert group, respectively.

In the default group, except for the input of catch and CPUE data, other settings were set to default values. It should be noted that Froese et al. (2017) have given the setting rules for the default starting relative biomass (in order to avoid the confusion of relative biomass in different years, in this study, we used Bstart/k to represent the starting relative biomass and Binter/k for the intermediate relative biomass) range of CMSY and BSM: if the time series of catch data starts before 1960, high initial biomass (0.5–0.9) is estimated, given that most fisheries were either still recovering or starting anew after World War II; in all other cases, medium initial relative biomass (0.2–0.6) is estimated. Meanwhile, the rules for setting intermediate biomass (Binter/k) are provided as supplementary materials by Froese et al. (2017). As for the AMSY method, the model provides four options of initial relative biomass (Bstart/k) ranges for selection when there is no reliable starting relative biomass data for use. In this study, we chose the setting of “very low (0.01–0.15).” This did not conflict with our expert data, because it included the range of our expert data and was specified by the model. More details can be found in the Preliminary User Guide for AMSY, available from http://oceanrep.geomar.de/47135/. It is fine to use a different starting relative biomass between AMSY and CMSY/BSM, because the main aim of this study was to explore the difference between the default group and the expert group for each model (i.e., AMSY and CMSY), instead of observing the difference between models, and each model has its own application situation. Moreover, we tried to avoid using too much information in the default group to affect the judgment of the model itself, so we used the settings provided by the model.

In the expert group, prior ranges for the start year and intermediate year relative biomass of the time series of catch and/or abundance data were obtained from the length-based Bayesian biomass (LBB) estimation model (Froese et al., 2018). The body length-frequency data required for the LBB analysis were collected from published studies (Table 1). The value of Bstart/k was obtained from the LBB model with the data provided by Qin and Gao (2012), and Binter/k was also obtained from the LBB model with the data of 2015 fishing logs of Shandong Province. The prior ranges of r and B for three models can be found in Table 2.


TABLE 1. Main outputs of length-based Bayesian biomass (LBB) model for different periods.
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TABLE 2. Prior ranges of r and B for Catch and Maximum Sustainable Yield (CMSY), Bayesian Schaefer model (BSM), and Abundance Maximum Sustainable Yield (AMSY).
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Prior ranges for the intrinsic rate of population increase (r), referred to as “resilience” by Musick (1999), were obtained from FishBase (Froese and Pauly, 2021). The prior range for the unexploited population size or carrying capacity (k) is calculated as follows:
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where klow and khigh are the lower and upper boundary priors for k, respectively; max(C) is the maximum catch value of the time series of catch data; rlow and rhigh are the lower and upper boundary priors of the r value, respectively.




RESULTS


Bohai Sea Stock

For the Bohai Sea stock, both groups (default and expert) were identified to be seriously overfished by all models. The exploitation rate (F/FMSY) was estimated to be >1.0 in each scenario, with stock size (B/BMSY) ranging from 0.149 to 0.693, and the stock size of the expert group was lower than that of the default group (Figure 2 and Table 3). The Kobe plots based on all scenarios indicated a probability of 40.9–74.3% that the Bohai Sea stock experienced ongoing overfishing (red part), and the stock size was very small to produce MSY (Figure 3).
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FIGURE 2. Estimated relative biomass (B/BMSY) and fishing mortality (F/FMSY) trajectories for the Bohai Sea stock, with the gray areas indicating the CIs.



TABLE 3. The main outputs of CMSY, BSM, and AMSY.
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FIGURE 3. Kobe plots showing B/BMSY against F/FMSY ratios estimated by three models for Bohai Sea and Yellow Sea stocks.


The CMSY results suggested that the Bohai Sea stock was seriously overfished in 2013 and 2016 (Figure 2). F/FMSY of the default group in 2013 was not much different from that in 2016, while for the expert group, the F/FMSY estimate in 2013 was particularly high, and it was almost two times that in 2016. The estimation of B/BMSY at the start year was also quite different between the two groups. B/BMSY estimate in 2012 for the default group was >1.0, while the expert group indicated that the population was already unhealthy at the start year (B/BMSY < 1.0). According to the Kobe plots, the probabilities of the Bohai Sea stock collapse were 53.2% for the default group and 74.3% for the expert group (Figure 3).

The BSM results revealed that F/FMSY of the Bohai Sea stock always exceeded 1.0, and the B/BMSY estimates were low (Figure 2). The results of the default group indicated that F/FMSY of the Bohai Sea stock increased first and then decreased back to near 1.0, and F/FMSY of the expert group experienced a constant decrease. For the estimation of B/BMSY, the default group gave a B/BMSY trajectory implying that the stock shifted from healthy to gradually collapsed, while the expert group suggested that the stock was overfished (B/BMSY < 1.0) throughout the time series. The Kobe plots revealed 50% (expert group) and 64.4% (default group) probabilities of stock collapse (Figure 3).

The trajectories of F/FMSY and B/BMSY estimated by AMSY for default and expert groups were consistent (Figure 2). F/FMSY estimates increased from 2012 to 2013 (the highest point) and then declined and fell to their lowest value in 2015. As for B/BMSY, a low period was experienced between 2012 and 2014, after which it peaked in 2017 and then decreased again. The Kobe plots results of AMSY revealed the probabilities of 40.9% (default group) and 45.3% (expert group) of Bohai Sea stock collapse (Figure 3).



Yellow Sea Stock

The Yellow Sea stock was suggested to have a relatively optimistic status (Figure 4). Only the expert group estimated by the CMSY method was supposed to have F/FMSY > 1.0 and B/BMSY < 1.0. Other scenarios predicted F/FMSY ranging from 0.236 to 0.92 and B/BMSY ranging from 0.884 to 1.48. All Kobe plots, except for the CMSY plot for the expert group, had a probability of 28.3–90.5% that the stock was being sustainably fished and capable of producing high yields close to MSY (Figure 3).
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FIGURE 4. Estimated relative biomass (B/BMSY) and fishing mortality (F/FMSY) trajectories for the Yellow Sea stock, with the gray areas indicating the CIs.


The CMSY results indicated that the Yellow Sea stock had a high F/FMSY value in 2013, and in other years, F/FMSY was low (Figure 4). For the estimated B/BMSY in the Yellow Sea, the default and expert groups noticeably differed, mainly reflected in the relative biomass at the beginning of the time series. Although relative biomass trended upward in both groups, due to the influence of the initial relative biomass, the B/BMSY of the default group exceeded 1.0 in 2019, while that of the expert group was <1.0. This also made the Kobe plots results different, with the default group indicating that 61.8% of the stock was healthy in 2019, while the expert group suggested that the stock had an 82.3% probability of collapse (Figure 3). Besides, the input of an expert prior shrank the CIs of the fishery reference points (Figures 4).

As for the results of BSM, the overall F/FMSY of the default group was <1.0, and the highest value occurred in 2013 (Figure 4). The expert group suggested that the stock was overfished already in 2012, and then, the F/FMSY value decreased year by year, until 2019, when it was <1.0. The B/BMSY estimates indicated that the stock was slowly recovering, similar to that of CMSY results. According to the CIs of the Kobe plots, the probabilities of the stock being healthy were 72.4% (for the default group) and 28.3% (for the expert group) (Figure 3). Similar to CMSY, the fishery reference points of the expert group had narrower CIs than that of the default group (Figure 4).

The F/FMSY and B/BMSY trajectories of both default and expert groups produced by the AMSY method were surprisingly consistent (Figure 4). F/FMSY peaked in 2014, then decreased consistently, and remained at a lower level from 2016 to 2019. The B/BMSY trajectory indicated that after a period of low relative biomass from 2012 to 2015, it rapidly increased and exceeded 1.0 by 2019. According to the Kobe plots for AMSY, the probability of this stock being healthy in 2019 was 75.4–90.5% (Figure 3).




DISCUSSION

The marine fishing industry of China has expanded dramatically over the past 70 years and is currently at the forefront of the world (Aksnes and Browman, 2016; FAO, 2018; Fu et al., 2018). The total marine catch in China has increased by more than two times, from 1.48 × 106 t in 1961 to 3.87 × 106 t in 1985, and then tripled to reach a peak of 12.03 × 106 t in 1999. Catch was subsequently stabilized at a higher level, with small fluctuations, and in 2018, it was about 10.44 × 106 t (Ding et al., 2021). The total biological allowable catch of China is estimated to be around 9 × 106 t (Yang et al., 2016; Yue et al., 2017; Han, 2018), but since the mid-1990s, the domestic marine catches have exceeded these limits. Fishery resources are now under great pressure from intensive fishing activities, and fishing practices in China are largely indiscriminate. Bottom trawling contributes to 47% of the total domestic marine catch, which inevitably has a negative impact on fishery resources (Hiddink et al., 2011; Szuwalski et al., 2017). The accelerated fishing activities and inadequate fishery management have led to reductions in the biomass of traditionally high-value species and the structural changes of marine ecosystems (Jin, 2004; He et al., 2014; Liang and Pauly, 2017; Liu, 2019). Since 1979, the fisheries administrative department of China has formulated a series of measures to improve the management of marine resources (Shen et al., 2014; Su et al., 2020). China also seeks new ways to effectively manage and restore its inshore fisheries.

Effective measures require stock assessments to provide the baseline data. In this study, we applied three data-limited stock assessment models, namely, CMSY, BSM, and AMSY methods, to assess the stock status of P. indicus in the Bohai and Yellow Seas. BSM and CMSY results indicated that the Bohai Sea stock had collapsed or was grossly overfished, according to the classification of stock status based on the B/BMSY in the final year (2019) of the time-series data (Palomares et al., 2018). The AMSY model suggested that these stocks were slightly overfished. The exploitation rate (F/FMSY) for all three models exceeded 1.0. Our results are confirmed by Qin and Gao (2012), who suggested that the biomass of P. indicus in the Bohai Sea had decreased significantly, with an average catch rate at a lower level. Fisheries management should delimit the protection scope centered on the spawning ground and sustainably exploit the species by strengthening management and policy implementation.

For the Yellow Sea stock, each model suggested that the stock was slightly overfished or healthy (Table 3). Except for the expert group estimated by the CMSY method, the predictions of F/FMSY in 2019 for the Yellow Sea stock were suggested to be <1.0, which indicated that the stock in the Yellow Sea was recovering. In a study of Yellow Sea fishery resources, Lv (2018) reported resource levels to be low in 2010 and 2011, before recovering. In 2016, China strengthened the supervision measures for fishing vessels during the closed season, and resources quickly recovered to 2014 levels. According to the Kobe plots for each model, there was a high probability that, by 2019, the Yellow Sea stock had recovered to a healthy level.

To determine the effect of an expert prior on model results, we ran an additional control group for each model using priors derived from expert knowledge for relative biomass and r. For both stocks, the AMSY model was less affected by expert inputs. Obviously, the expert r and B/k inputs significantly narrowed the prior range of r–k pairs, resulting in a reduction of r–k pairs (Supplementary Figures 1, 2). There were no changes in trends of other parameters, but CIs shrank, and the overall value of the expert group was slightly lower than that of the default group, such as for Catch/MSY, B/BMSY, and F/FMSY.

We maintained that when reliable expert priors are available, they should be used, because an expert prior improves model performance, narrows CIs, and provides better biomass trajectories and estimates. If continuous catch time-series data and abundance data are available, it would be more appropriate to use the BSM model, as BSM combines information from both datasets. Should only catch or abundance data be available, CMSY or AMSY method can be used, and it still provides valuable information for managing data-limited stocks (Froese et al., 2017, 2020).

To obtain the expert relative biomass (Bstart/k) prior, we used the LBB model based on the body length-frequency data collected from published studies. It should be noted that when there are other data more than catch time series, such as body-length data, stock synthesis (SS), which can flexibly incorporate multiple data sources, may provide a more robust solution for stock assessment. In addition, the BSM model used in this study is a full Bayesian implementation of a surplus production estimation model, which expands the application of CMSY, and makes it easier to compare estimates from both models. But BSM is a special case of the Bayesian model and is considered here for this restricted testing. More flexible Bayesian stock assessment approaches, such as the Just Another Bayesian Biomass Assessment (JABBA) (Winker et al., 2018), should be used under normal circumstances.

Fishing logs used in this contribution do not provide the CPUE data, but they do record vessel power and working hours, enabling us to calculate CPUE. However, because some data are missing for working hours in 2012, we used 24 h instead, which might decrease the real CPUE. Also, in 2018, there are no CPUE data for the Yellow Sea stock, and AMSY requires continuous time-series CPUE data. To accommodate this, we averaged the data for 2017 and 2019 to replace these missing data. This may explain why the results of AMSY differed from those of the other two models, but its forecast trend was otherwise generally consistent with them. If all three methods are to be used widely, then reliable, long-term catch time-series data are required, which are generally lacking for fisheries in the waters of China. Because the official fishery statistics of China only lists the catches of several major commercial species, these statistics must be improved on a large scale to enable improved assessment and monitoring of management efforts (Liang et al., 2020).

China loses millions of tons of potential catch annually due to overfishing (Mallory, 2016) and has now taken measures to control this excess fishing effort. We used three models to evaluate the present status of P. indicus stocks in the Bohai and Yellow Seas and reported each to provide valuable information regarding these data-poor stocks. We concluded that each model has merit in these circumstances, with a selection of the most appropriate model to use determined by the type and amount of data.
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In data and capacity limited situations, catch-only models are increasingly being used to provide summaries of the state of regional and global fisheries. Due to the lack of information on stock trends, heuristics are required for initial and final depletion priors. The lack of data for calibration means that results are sensitive to the choice of heuristics. We, therefore, evaluate the value of obtaining additional information for classifying stock status. We found that heuristics alone performed nearly as well as the catch-only model. This highlights that catch-only models cannot be used as part of management control, where data updates are used to monitor the effectiveness of interventions. To implement management for data-poor stocks, additional data and knowledge are therefore required. The value of obtaining additional information for reducing risk due to loss of yield through adopting a risk equivalence approach should be evaluated. This will help identify the value-of-information and prioritise the development of scientific management frameworks that protect marine ecosystems and the well-being of people who have a stake in the resources at regional and local levels.
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1 Introduction

Fisheries are important economically and socially, but are also a source of conflict since stocks can straddle Exclusive Economic Zones and be conducted in areas beyond national jurisdiction (Palacios-Abrantes et al., 2020). They may also impact endangered, threatened and protected species or vulnerable marine ecosystems (Brown and Hermes, 2019). Therefore, strategic planning and the implementation of Ecosystem-Based Fisheries Management requires assessments of fish stocks on both regional and global scales (Hilborn et al., 2020).

There is an increasing expectation for decision makers to use robust scientific advice on the status of exploited fish stocks (Smith et al., 2009). For example, the International Council for the Exploration of the Sea (ICES) classifies stocks depending on the quality and type of data, ranging from full analytical assessments to those where catch or landings only are available (see Fischer et al., 2020). Therefore, many data-limited approaches have been developed where data and resources are limited (e.g. Dowling et al., 2015b; Wetzel and Punt, 2015; Rosenberg et al., 2018).

A problem when assessing fish stocks is that they can rarely be observed directly, so estimates of status rely on models and a range of fishery-dependent and independent datasets. Many small-scale fisheries, however, lack the datasets required to conduct traditional stock assessments. These are commonly known as data-poor, or data or capacity limited fisheries (e.g. Dowling et al., 2015a). For example, although the Food and Agriculture Organization (FAO) of the United Nations’ landings database includes over 20,000 individual catch histories by FAO region, country, and taxon, the RAM Legacy Stock Assessment Database (www.ramlegacy.org), which includes most of the publicly available stock assessments contains only 1,200 assessments (Ovando et al., 2021a).

Various approaches, based on catch-only or length data, have been developed to assess stocks in such situations (e.g. Pons et al., 2018). For example, catch-only models can be used to make general statements about global and regional stock status (Worm et al., 2006), identify stocks of most concern as part of a risk assessment, or provide advice on a stock-specific basis (Bouch et al., 2020). Catch-only models reconstruct historical abundance relative to reference points by making assumptions about productivity and final biomass relative to the unfished state (e.g. Thorson et al., 2012; Froese et al., 2017; Zhou et al., 2018). Simulation has shown, however, that catch-only models are highly sensitive to the choice of priors about such known unknowns (Wetzel and Punt, 2015).

There is a need, therefore, for the validation of catch-only models, particularly as there are potentially many stakeholders with conflicting objectives and divergent views, which may mean that uncertainties are used to support polarised positions (Fromentin et al., 2014). Validation is required to ensure that a model can explain the data and that predictions made for the consequences of management actions, and should be done using observations (Kell et al., 2021). However, this is difficult for catch-only models, where the only observations are catch, and so techniques such as cross-validation cannot be used.

A key step is to identify what information, data and knowledge, are required to permit current catch-only methods to classify stock status relative to overfishing. We, therefore, evaluate the robustness of the assumptions used in catch-only models and the benefit of obtaining better priors and additional information, such as an unbiased estimate of abundance. To achieve this, we use the Bayesian biomass dynamic state-space model JABBA (Winker et al., 2018), which can be configured either as a data-poor or data-moderate assessment. This allows stock status to be estimated relative to maximum sustainable yield (MSY) reference points for catch-only models and compared to data-moderate methods that use an index of abundance. To achieve this, we used a reference set of data-rich assessments obtained from the RAM legacy database1.



2 Material and Methods

Formal model validation requires estimates to be compared to known values (i.e. observations) or well estimated historical values (Kell et al., 2021). However, the only observations used in catch-only models are the catches themselves, and if these observations are removed, then the models cannot be run. There are, therefore, two ways to validate catch-only models, either to use simulation (e.g. Rosenberg et al., 2014a), or to compare with data-rich assessments (Sharma et al., 2021). We chose the latter approach, as this also allows us to better identify the value of obtaining better information, and requires fewer assumptions to be made than in a synthetic simulation study. To accomplish this, a reference set of data-rich stocks were extracted from the RAM database. The database collates stock assessment time series from various regions, species, and fisheries. It, therefore, allows evaluation across a range of fishery types and regions of the benefits of obtaining indices of relative abundance, and improved information on initial and final relative biomass, growth rate (r), and the shape of the production function.

To estimate the skill of alternative models to classifying stock status relative to MSY reference points, we use Receiver Operating Characteristic (ROC Green et al., 1966) curves.


2.1 Material

The RAM Legacy database contains stock datasets and estimates derived from a variety of assessment models. Assessments may be based on integrated statistical models using length and age data which estimate reference points as part of the fitting process, virtual population analysis where reference points are estimated in post-processing or biomass dynamic models where assumptions related to density dependence (i.e. growth, mortality and recruitment) are modelled by a production function the maximum of which provides the MSY reference points. We selected those assessment datasets that provide estimates of biomass, spawning stock biomass (SSB) or exploitable biomass, and instantaneous fishing mortality or harvest rate relative to MSY reference points. This allowed the extraction of dimensionless trends in F/FMSY, B/BMSY, and Catch/MSY for a total of 85 stock assessments.

Stock trends, relative to MSY benchmarks, are summarised in Figure 1. Catches (Figure 1A) gradually increased, peaking around 1990 after which they showed a slight decline. Fishing mortality (Figure 1B) also increased, but the initial increase was more gradual until 1980. Fishing mortality, like catch, also peaked in 1990 and has stayed around FMSY subsequently. This behaviour is probably due to the adoption of management frameworks based on target and limit reference points by many bodies to implement a Precautionary Approach (PA, Garcia, 1996). Biomass (Figure 1C) declined from the start of the series in the 1950s until 2000, after which the stocks stabilised. A noticeable feature is that some stock shows high inter-annual variability, while others show smooth trends. Currently, catches are mostly below MSY, and yields follow the general trends in biomass and fishing mortality. Fishing mortality is the most variable of the three quantities, reflecting that management is generally based on catch and biomass is influenced by environmental variability. In summary, stocks were lightly exploited in the 1950s, exploitation then increased until the adoption of the precautionary approach, after which exploitation stopped increasing but was still highly variable, and large variations are seen by stock.




Figure 1 | Time series relative to MSY benchmarks for the RAM Legacy database assessments; the faint lines represent individual stocks, the thick line the median trend, the thick dashed lines the interquartile range, and the thin dashed lines the 90 th percentiles. States relative to the MSY benchmarks in the nal year are shown as marginal densities; for (A) Yield/MSY (B) F/FMSY (C) SSB/BMSY .





2.2 Methods


2.2.1 Assessment Methods

A variety of catch-only methods have been developed to assess data-limited fisheries, these include Catch-MSY, (Martell and Froese, 2013), CMSY (Froese et al., 2017), catch-only model (Zhou et al., 2018), and stock reduction analysis (Dick and MacCall, 2011). The methods are all mainly variations on a theme, as they are based on a surpus production function, and developers have implemented heuristics to provide values for parameters for which there is insufficient information in the data to estimate. These heuristics are based on meta-analysis, and their appropriateness depend on the management frameworks used to manage the stocks. There has therefore been a growing interest in comparing performance across catch-only methods (Rosenberg et al., 2014a; Free et al., 2020). Model comparisons are typically performed using default settings and the inbuilt heuristics, e.g. to derive relative biomass priors specific to each software. However, there has been less attention paid to the value-of-information, i.e. evaluating the benefits of actually obtaining data for informing priors for productivity (r) and relative initial and terminal biomass levels.

We used the JABBA biomass dynamic model (Winker et al., 2018) as this provides a unifying, flexible framework based on a production function that can be used to estimate stock status and reference points under various prior assumptions and data scenarios. JABBA is predominantly used to conduct data-moderate stock assessment by fitting catch and one or multiple relative abundances or catch-per-unit-effort indices with priors for population growth rate (r), initial depletion (K), the shape parameter (m) of the production function and associated variance parameters for process and measurement error. At the data-poor end of the stock assessment spectrum, JABBA can be set up to approximate the behaviour of CMSY (Froese et al., 2017), sampling from prior distributions to obtain parameter values that given a catch history that does not crash the population and satisfy priors for initial and final depletion. This allows the value of improving information in the form of both data (e.g., obtaining abundance trends) and priors to be evaluated within the same, flexible framework.

A generalized production function (Pella and Tomlinson, 1969) was assumed, which allows the shape, the ratio between the biomass at MSY (BMSY) and virgin biomass (K), to be varied to represent alternative assumptions about productivity and reference points. Scenarios considered were for population growth rate (r) and the shape of the production function (m). The shape m is determined by the assumed form of density dependence. Which in aged-based assessments is mainly determined by the form of the stock recruitment relationship and steepness (h), defined as the fraction of recruitment from an unfished population obtained when the spawning stock biomass is 20% of its unfished level, and depends on the maximum per capita productivity, natural mortality and schedules of size and maturity at age (Mangel et al., 2010).

The shape of the production function was assumed to be either logistic (Schaefer, m=2) or Gompertz (Fox, m=1.001). In the latter case, production is maintained at lower stock sizes, as MSY is found at BMSY/K = 0.37 compared to at BMSY/K = 0.5 for the former.

The population growth rate at low stock size r and shape m can be derived from life-history parameters such as natural mortality (M) and the stock-recruitment relationship (Winker et al., 2020). However, these parameters are difficult to estimate (e.g. Lee et al., 2011; Jiao et al., 2012; Lee et al., 2012; Simon et al., 2012), and so in many data-rich assessments are either fixed, or uncertainty grids are used where M and h are varied independently. However, h and M are related as h describes density-dependent mortality of recruits (Simon et al., 2012). Therefore, two scenarios based on low and high M and h were employed to develop the r prior (see Supplementary Material).

The choice of the final biomass depletion prior has been shown to be particularly influential on the performance of catch-only models (Rosenberg et al., 2014b; Sharma et al., 2021). Rosenberg et al. (2014b) found that the generic heuristics for the initial, intermediate and final depletion priors as described in Froese et al. (2017) performed the best of the approaches tested. These are based on simple rules derived from patterns in the catch (Froese and Kesner-Reyes, 2002). Lacking expert priors, the catch heuristic of Froese et al. (2017) was used to assign ranges for initial and final biomass depletion.

To reduce the influence of extreme values, a 3-years simple moving average (SMA) was applied to the catch data. If the data-points are p1,p2,…,pn, then the mean over the last k data-points is calculated as:



The final year’s catch is then divided by the maximum catch Cmax and the ratio used to set the final depletion based on the following catch heuristic:



Log-normal priors were formulated based on the mean of the assigned depletion range and assuming a CV of 0.3.

Scenarios were set up to evaluate the impact of the priors and assumption on the ability to estimate depletion in the final year (Table 1). As a benchmark, against which the catch-only models can be compared, a biomass dynamic assessment was conducted with an unbiased index, based on the biomass predicted by data-rich stock assessments in the RAM legacy database for the recent half of the time series.


Table 1 | Catch-only model settings, for shape of the production function, and the derivation of population growth rate (r) from natural mortality and the steepness of the stock recruitment relationship, see Supplementary Material for details of derivation.



All modelling was performed in R using the FLR simulation framework (Kell et al., 2007).



2.2.2 Receiver Operator Characteristics

In binary classification, e.g. identifying whether a stock above or below a reference point, where outcomes are labelled as either positive (P) or negative (N), there are four possible outcomes. If a prediction is positive (P) and the actual value is also positive then it is termed a true positive (TP); however, if the actual value is negative (N), then it is said to be a false positive (FP). A true negative (TN) occurs when the prediction and the actual value are both N, and a false negative (FN) is when although the prediction is negative, the actual value is P. To have classification skill, an indicator must have both high true positive rate [TPR=TP/(TP+FN)] and a low false positive rate [FPR=FP/(FP+TN)].

Receiver operating characteristics (ROC) graphs are useful for comparing classifiers and visualising their performance. ROC graphs are commonly used in medical decision-making, and recently have been increasingly used in machine learning and data mining research (Fawcett, 2006). ROC curves were constructed by sorting the B/BMSY and F/FMSY values from the catch-only methods by their predicted scores, with the highest scores first. Plotting TPR against FPR at the different threshold settings provides a tool to select the best candidate assessment methods. The cumulative TPR and True Negative Rate (TNR) were then calculated for the ordered observed outcomes from the data-rich assessments. The curve is then generated by plotting the area under the probability distribution (i.e. the cumulative distribution function) of the detection probability (TPR) on the y-axis versus the cumulative distribution function of the false-alarm probability (FPR) on the x-axis. Sensitivity   measures the ability of a test to identify positive cases, i.e. the proportion of positives that are correctly identified, while specificity   measures the proportion of negatives that are correctly identified.

The ROC curve is a probability curve, and the area under the curve (AUC) is a metric for measuring performance. A coin toss would produce a curve that fell along the y = x line and the area under the curve would be equal to 0.5. While a perfect classifier would have a value of 1. Therefore, the area under the curve measures how well an index can distinguish between states, since the closer the area under the curve is to 1, the better the model is at ranking. The best performing discrimination threshold values are those closest to the top left-hand corner (TPR=1, FPR=0), and so Receiver Operator Characteristics can be used to identify the bias in the reference point used for classification. For example, how far is the point B/BMSY = 1 on the curve from the point closest to (TPR=1, FPR=0)?





3 Results

Estimates of B/BMSY in the final year are compared to the data-rich (i.e. RAM legacy) reference set in Figure 2. The estimates from the biomass dynamic assessment calibrated with an index of abundance based on the RAM Legacy DB estimates are shown in panel A, and those from the catch-only model values in panel B. The red and blue points and smoothers correspond to the Fox and Schaefer production functions respectively, and the cross-hairs indicate B/BMSY = 1. If there were no error in the model estimates, the points would all fall along the dashed y = x line. A negative bias is evident at higher stock size, as shown by the smoother, due to the wider range of production function shapes seen in the data-rich assessments. For the catch-only models, there is no difference whether the initial depletion is known or the heuristic is used (row), this because the time series of catches were generally long, and so initial conditions had little effect on final depletion. While, if the heuristic is used for final depletion (column) all stocks are classified as overfished.




Figure 2 | Comparisons of estimates of B:BMSY in the final year with the data-rich (i.e. RAM legacy DB) values. The biomass dynamic assessment model with the index of abundance estimates are shown in panel (A), and the catch-only model values in panel (B) If the biomass assessment with index was unbiased y = x. True positive (TP) is when a prediction and the actual value are both positive; false positive (FP) is when a prediction is positive the actual value is negative; true negative (TN) is when where the prediction and actual value are both negative; and false negative (FN) is when the prediction is negative and the actual value is P.



In the reference set, the positive condition (P) is defined when B≥BMSY and the negative condition (N) when B<BMSY. The number of positive cases correctly classified as true positive (TP) fall in the top right-hand quadrant. Those correctly identified as negative, i.e. true negative (TN), fall in the bottom left-hand quadrant. The false positive (FP) cases are equivalent to a false alarm or Type I error; while false negative (FN) cases are equivalent to a Type II error.

The corresponding Receiver Operator Characteristics curves are shown in Figure 3. The area under the curve is high for the model fits and varies between 0.76 and 0.8 (panel A). The points corresponding to the discriminated threshold (B/BMSY = 1) for the Fox model show that 80% of cases are correctly classified as positive and only 25% are incorrectly classified. However, in the case of the Schaefer model although nearly 100% of cases are classified as positive, 70% of cases are incorrectly classified as positive. Therefore, a model based on Schaefer could be used for ranking but not classification. The results are insensitive to the choice of r prior, since the dashed and solid lines coincide.




Figure 3 | Receiver Operator Characteristics curves for B:BMSY, The biomass dynamic assessment model with the index of abundance estimates are shown in panel (A), and the catch-only model values in panel (B) The true positive rate (TPR) is the proportion of positive cases correctly identified and false positive rate (FPR) is the proportion of negative cases incorrectly identified as being positive. The points are for when the estimates of B:BMSY = 1. The black line (y = x) is equivalent to a coin toss, and the purple corresponds to the reference case where the heuristic for final depletion alone was used, i.e. running the catch-only model without data. The blue and red lines are the estimates for the two production functions, and the dashed/solid lines are for the choice of r prior. The dots correspond to a discrimination threshold of B/BMSY = 1, i.e. is the estimate unbiased. If the biomass assessment with index was unbiased then points will fall along y=x.



For the catch-only model (panel B), if the heuristic is used for final depletion (right column panel B) then the area under the curve is around 65% and the same as when the heuristic alone is used (purple line), and so is little better than a coin toss (y = x line). Again the Fox model out performs the Schaefer and the choice of r prior has an effect for the Schaefer model.

Classification skill for F/FMSY is summarised in Figure 4, since the heuristic alone cannot be used to estimate F/F+MSY no purple line is shown. This shows that a catch-only model cannot be used to assess exploitation level.




Figure 4 | Receiver Operator Characteristics curves for F:FMSY, The biomass dynamic assessment model with the index of abundance estimates are shown in panel (A), and the catch-only model values in panel (B) The points are for when the estimates of F:FMSY = 1. The black line (y = x) is equivalent to a coin toss, and the purple corresponds to the reference case where the heuristic for final depletion alone was used, i.e. running the catch-only model without data. The blue and red lines are the estimatesfor the two production functions, and the dashed/solid lines are for the choice of r prior. The dots correspond to a discrimination threshold of B/BMSY = 1, i.e. is the estimate unbiased.





4 Discussion

The FAO performs a systematic assessment for 445 stocks on a biannual basis, covering approximately 70% of global landing records (Sharma et al., 2021). Catch-only models are a main tool for assessing the state of regional and global fisheries that lack the data required to run traditional assessment models. However, the limited quantity and quality of data along with methodological differences often produce counter-intuitive and conflicting results (Ovando et al., 2021b). Therefore, the debate about the status and productivity of global fisheries continues (e.g. Anderson et al., 2017; Rousseau et al., 2019; Costello et al., 2020; Palomares et al., 2020). For example, two views have been put forward about how much inference can be made based on catch data alone. The first is based on the premises that total annual catch data contains signals about stock status and as it is often the only data publicly available should be used, i.e. “While fisheries researchers continue the important debate about which fisheries are declining, why and to what degree, most fishermen worldwide are finding fewer fish in their hauls than their predecessors did. Knowing what tonnage is pulled out of the oceans each year is crucial to knowing how to reverse this trend” (Pauly, 2013). The second view expresses concern that inferring stock status from catch-only methods can be misleading and overly pessimistic, and instead encourages “… researchers to use all the available data in addition to the FAO database, and to validate their results by consulting local experts or other data sources” (Hilborn and Branch, 2013).

While (Pauly, 2013) makes a case for doing something with the available information, it is important that models should be consistent with prior knowledge and corroborated with multiple sources of information (Connell and Keane, 2006). Furthermore models should ideally be validated if they are to provide robust and credible advice (Saltelli et al., 2020). For a model to be valid it must be plausible that a system equivalent to the model generated the data (Thygesen et al., 2017). However, catch-only models cannot be validated with observations. We found that estimates were entirely driven by expert judgement codified as heuristics, as the ROC curves showed that catch-only models perform little better than a coin toss. Our results therefore support (Hilborn and Branch, 2013) call to use all the available data and to incorporate alternative data sources.

Catch-only methods are an attempt to incorporate available biological information and expert knowledge about initial and final depletion. The main catch-only models implement the same basic algorithms but vary in their default ways for setting priors, heuristics for depletion, and the assumed form of the production function (Froese et al., 2017; Zhou et al., 2018; FAO, 2019). Empirical, rule-based heuristics are only recommended for cautious use when expert information or alternative depletion estimates are lacking (Froese et al., 2017). However, the reliance on expert knowledge to formulate informative priors makes traditional simulation testing to evaluate catch-only models challenging (Cope et al., 2015; Free et al., 2020), and therefore simulation testing has been limited to specific default rules (e.g. Rosenberg et al., 2014b; Froese et al., 2017; Pons et al., 2018). Others have tested default rules for harvest control rules as part of a Management Procedure (e.g. Carruthers et al., 2014; Wetzel and Punt, 2015). In our study, we focused on heuristics and compare those to unbiased expert priors, as representative expert elicitation methods can be challenging to replicate in simulations (Chrysafi et al., 2019). We found that the heuristics rather than the data determined the estimates of current stock status, and that they performed little better than a coin toss. Therefore, if advice was to be based on such methods, there would be a high risk of both over- and under-fishing. It would also be impossible to monitor the effect of management.

There are various motivations for applying data-poor methods; as well as classifying stock status to provide synoptic views of world fisheries, these include conducting single stock assessments, and ranking stocks as part of a risk assessment. A main problem is how to validate the different implementations across stocks, species, regions, and fisheries. Particularly since diagnostics such as goodness of fit based on residuals are not applicable. Validation requires that the system be observable and measurable (Hodges et al., 1992). However, the only observations in a catch-only model are catches, and if an observation is omitted from the model the observation cannot be estimated. Therefore, we compared estimates to those from data-rich assessments based on the RAM Legacy database, as these provide a range of stock, fishery and species characteristics.

The Receiver Operator Characteristics analysis showed that correct classification of biomass relative to BMSY relies on setting final biomass depletion priors correctly. The generic heuristic alone performed poorly for ranking and classification, and including catch data made little if any improvement. Sharma et al. (2021) conducted a similar exercise comparing SRA+ and CMSY for stocks assessed by ICES, and again, poor performance was reported for inbuilt default heuristics, but as the quality of the biomass prior information increased, classification improved regarding FAO’s 3-tier classification of biomass levels relative to BMSY. In addition, we found that there was no classification skill for distinguishing between sustainable fishing (F<FMSY) and overfishing (F>FMSY) for the catch-model, irrespective of whether final biomass depletion was correctly specified. Additional data is therefore required to quantify sustainable fishing levels.

Our results showed that using catch-only methods with generic default settings to classify stock status is inappropriate in most cases, and should not be used in classification. Walters et al. (2006) and Martell and Froese (2013) showed how catch-only methods could be used to estimate MSY. However, the original intention was not classify stock status with respect to biomass and fishing mortality targets. Our study further strengthens this argument and demonstrates that using catch-only models based on heuristics provide biased and imprecise results.

The lack of classification skill may be partially attributed to the use of data-rich stocks for the analysis, whose catch dynamics are likely to systematically differ from many unregulated data-poor fisheries as a result of active catch quota management. Therefore, estimates of FMSY from catch-only model may be similarly susceptible to violations of steady-state assumption of fishing effort as per-recruit approaches (Hordyk et al., 2014; Pons et al., 2018; Haupt et al., 2020). Ovando et al. (2021a) pointed out the paradox that catch-only models possible work better for unregulated data limited fisheries, but testing of these methods relies on data rich stocks, where the relationships between catch and biomass is likely to be the weakest due to active management and strong market drivers. An alternative is to obtain alternative data sources, such as effort (Ovando et al., 2021b) and size composition (LBB, Froese et al., 2018), that can be incorporated into biomass dynamic models as information about fishing pressure or relative depletion, and then validate the model based on prediction skill (Kell et al., 2021).

Many stocks exploited by data-poor fisheries are for stocks with high r, like cephalopods, or endangered species that have low r. Also, the variability of time series and the level of process error will have an impact, particularly as catch-only methodswere shown to only be able to assess state and not exploitation level, so even if a catch-only model can assess status relative to BMSY it may not be able to explain whether it was due to the environment or fishing.

Validation is required to increase confidence in the outputs of a model, and is essential to increase trust among the public, stake and asset-holders and policymakers (Saltelli et al., 2020). Validation can also identify model limitations that should be addressed in future research. (Ovando et al., 2021b) concluded that improvements to estimates of the state of the world’s exploited fish populations depend more on efficient use of existing data and expanding the collection of new information, rather than the development of new models. Bayesian biomass dynamic models, such as JABBA, can be fitted to as little as two observations of annual abundance indices, thus enabling a continuous transition from a catch-only to a data moderate assessment. Additional data sources include length data, which can be used as a proxy for fishing mortality (e.g. Miethe et al., 2019) or relative depletion (Froese et al., 2018; LBB), and economic data as a proxy for fishing effort. Length data are potentially available for many fisheries, and even data from a single year could be used in an assessment model to provide an estimate of exploitation level. While port collection schemes could be established to monitor trend in size composition and catch-per-unit and hence exploitation and abundance indices. This way an initial catch-only model can be adapted and updated with new data as those become available and eventually be validated.

The next step after assessment is management, and if a stock is declining due to overfishing, then a reduction in catch should be implemented. Catch-only methods, however, have clear limitations in monitoring rebuilding if there are no data other than catch (Wetzel and Punt, 2015). Since monitoring a stock’s response to management requires new observations to update the assessment. However, as the data used to set catch are the same as the management regulation, it is unlikely that catch-only models can provide robust estimates and be able to update advice. Lacking observations, neither can they be validated. Therefore, rebuilding plans should be accompanied by data collection programmes designed to monitor progress and provide feedback control. Potential datasets for improving information are indices of trends e.g. in catch rate, size composition, tag recovery rate, survey estimates of abundance or species composition.

Reframing stock assessment as risk management would help in the development of scientific management frameworks. A definition of risk, is an uncertain event or set of circumstances that, should it occur, will affect the achievement of objectives (Bartlett, 2004). In fisheries management, the level of risk is a choice made by managers and stakeholders, e.g. a given probability of stock collapse or forgone yield relative to MSY. Uncertainty is generally quantified as part of the stock assessment process, when considering alternative scenarios in an ensemble of models or deriving probabilistic estimates of model outputs, or when conditioning Operating Models as part of Management Strategy Evaluation. For a given level of risk when information is low, there will be great uncertainty over stock size, and so catches should be set low, and vice versa. For a given level of risk there should therefore be a positive relationship between information and use so their is a positive value of information to and control (Cooke, 1999). In contrast, in non-precautionary management, catches are not reduced until there is sufficient information to demonstrate the necessity for limits: under such regimes, information and control has a negative value to the fishery in the short term.

A consideration of risk equivalence could assist in adapting existing practice and systematically explore management options using the available information to condition management advice to ensure objectives are still met (Roux et al., 2021). Risk equivalence is defined as the probability of a stock being depleted below a limit reference point or not being maintained at a target reference point, irrespective of the stock assessment method used to provide management advice and the amount of data available (Fulton et al., 2016). Therefore, in capacity or data limited situations, risk equivalence can help provide, robust and accountable management decision-making in the absence of perfect knowledge and provide an incentive to evaluate the value-of-information and the development of robust feedback control.

The catch-only method, in this study, was implemented in the Bayesian state-space biomass dynamic model JABBA, which has been widely applied to conduct data moderate assessments to provide advice on stock status relative to target and limit reference points, and can be validated (Kell et al., 2021). The use of JABBA will allow the evaluation of the value of different sources of information in the form of different data types, assumptions, knowledge and priors, and models to be evaluated. JABBA is also callable from FLR (Kell et al., 2007) allowing Management Strategy Evaluation to be conducted to evaluate robust control rules in data-limited situations (e.g. Fischer et al., 2020).



5 Conclusions

An artefact is “something observed in a scientific investigation or experiment that is not naturally present but occurs as a result of the preparative or investigative procedure”, while artifice is “something contrived or made up to achieve an end”. We need to protect against both artefact and artifice when developing models for advice. Therefore, the objective of this study was to evaluate the validity of catch-only methods used to classify stock status. A motivation was that Sharma et al. (2021) found that catch-only models can show notable bias when run with their inbuilt default heuristics, and that as the quality of prior information increased, classification improved. We therefore agree with Ovando et al. (2021b) that the improvement of catch-only models depends on developing robust biomass, fishing effort or mortality priors. To do this requires an objective way to evaluate classification skill. Therefore, we configured a data-moderate stock assessment method as a catch-only model to compare the value-of-information, then used Receiver Operator Characteristics to compare estimates to data-rich assessments. A main finding was that in the catch-only models the data have no effect. Although catch-only methods have been used to provide a “Snapshot”, this requires that factors that affect depletion are known, which precludes adaptive management. A major problem is that catch-only methods cannot be validated using observations nor be used in Management Strategy Evaluation as a feedback controller. The solution therefore is to collect better data and to develop robust management strategies. The value of obtaining additional information for reducing risk due to loss of yield through adopting a risk equivalence approach should also be evaluated. This will help identify the value-of-information and prioritise the development of scientific management frameworks that protect marine ecosystems and the well-being of people who have a stake in the resources at regional and local levels.
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Chias, bias factor for annual catch observations; Mbias, bias factor for observed natural mortality rate; Kbias, bias factor in observed von Bertalanffy growth parameter K;
Linfbias, bias factor in observed maximum length; Cobs, log-normal annual catch observation error; lobs, log-normal annual index observation error.
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For each estimation the lower (".IcI’) and upper limits (“.ucl’) are reported. M/K* is the M/K prior as a ratio between each M value from Table 2 and the best K estimate from ELEFAN (0.56 y*1 ). F/M* is the ratio between
F from the Length Converted Catch Curve (LCCC) method and M values from Table 2. F/M** is the ratio between F from the Beverton and Holt method and M values from Table 2. In bold the scenarios for which the

stock is considered non-depleted.
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Species

Atherina boyeri
Belone belone

Boops boops

Dentex dentex

Dentex macrophthalmus
Dicentrarchus labrax
Diplodus annularis
Diplodus sargus
Engraulis encrasicolus
Epinephelus marginatus
Lophius budegassa
Melicertus kerathurus
Mertuccius meruccius
Micromesistius poutassou
Mullus barbatus

Mullus surmuletus
Pagellus erythrinus
Pagrus pagrus
Pomatomus saltatrix
Sardina pilchardus
Sardinella aurita

Sarpa salpa

Scomber colias
Scomber scombrus
Scophthalmus maximus
Solea solea

Spicara smaris
Spondyiiosoma cantharus
Trachurus mediterraneus
Trachurus trachurus
Umbrina cirrosa

Zeus faber

Raja clavata

Squalus acanthias
Octopus vulgaris
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Loligo ulgaris

Eledone moschata
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Palinurus elephas
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Amoglossus laterna
Lepidorhombus boscil
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Uranoscopus scaber
Serranus cabrilla
Conger conger
Helicolenus dactylopterus
Trachinus draco
Tiisopterus capelanus
Argentina sphyraena
Peristedion cataphractum
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Gobius niger
Armoglossus rueppelii
Armoglossus thori
Chelidonichthys cuculus
Lepidotrigla dieuzeidei
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Benthosema glaciale
Lampanyetus crocodilus
Maurolicus muelleri
Capros aper
Cepola macrophthalma
Chlorophthalmus agassizi
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Deltentosteus quadrimaculatus
Echelus myrus
Etmopterus spinax
Gadiculus argenteus
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Meacroramphosus scolopax
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Raja miraletus
Raja polystigma
Scyliorhinus canicula
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Sepia elegans
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G, good status (B/Bmsy > 1; B: bad status (8/Bmsy < 1; O, overexploited (F/Fmsy > 1); U, sustainably exploited (F/Fmsy < 1). Red background: stocks that are being
overfished (F/Fmsy > 1) or have low biomass (B/Bmsy < 1); Green area: stocks subject to sustainable fishing presstre (F/Fmsy < 1) and of a healthy stock biomass
(B/Brsy > 1).
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Mean
Median

Main equation
M = g—-0.0162+0.6543"l0g(k)—0.279"l0g(L.0)-+0.4634°Iog (T)
3k
M= 038 Tmax k)1
» 916
M = 4.899° T2

M = 4.118Kk0-73%[ 5c—0.33
M = e1.440—0.982*/n(7max)

M = g1:46=01011n(Trmax)
My = 3*Wa—0.288 w=a'lh

Then_2 * Lorenzen/mean (Lorenzen)

In(Ma) = 0.55 — 1.61In (La) + 1.44In (La) + In (k)

Ma = —tem
Ma = Moo*Lm/La
Ma = KL /L

M= 10/og(l\/loo)—0.5'/og(wa/w00) W= a*Lb, Woo = a*Loob
Tmax «
_ L _ (b*log((1—exp(—K"(Tpax—10)))/ (1—exp(—k*(0.0027 4—10)))) ~Moo" (T —0.00274)) p s _ B _ .
tm =10 —log (1 - ﬁ) /KB= TG e JO-00278) oG (T mare i) (18X —0.00272)/ (Tt} My = Moo — I0g gz, Ma = M, +a&;

mean (Lorenzen, Then_scaled, Gislason, Brodziak_Tmax, Brodziak_K, Gulland, and ProdBiom)

median (Lorenzen, Then_scaled, Gislason, Brodziak_Tmax, Brodziak_K, Gulland, and ProdBiom)

Loo, k, and tO: the von Bertalanffy growth function parameters; Tmax, maximum observed age; Moo, the estimated natural mortality for the older ages; a and b, the
length-weight relationship parameters; L,, Length-at-age; w,, weight-at-age; L, the length of first maturation.
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Method Fcurr FO.1 Ratio Fcurr FO0.1 Ratio Fcurr Fo.1 Ratio Fcurr FO0.1 Ratio Fcurr FO0.1 Ratio Fcurr Fo.1 Ratio Fcurr Fo.1 Ratio
Alverson_Cammey  1.52 0.156 1013 1.88 0.19 9.89 1.19 0.44 2.70 1.1 0.11 10.09 1.78 0.40 4.38 0.40 0.10 4.00 0.63 0.19 3.32
Brodziak_K 1.62 0.13 11.69 1.79 0.19 9.42 1.21 0.42 2.88 1.04 0.12 8.67 1.94 0.23 8.43 0.37 0.11 3.36 0.60 0.20 3.00
Brodziak_Tmax 1.51 0.16 9.44 =l 0.23 7.43 1.16 0.49 2387 0.98 015 6.53 1.80 0.33 5.45 0.33 QIT 1.94 0.53 0.29 1.83
Chen_Watanabe  1.49 0.39 3.82 136 0.48 2.81 0.93 0.94 0.9 0.78 0.23 3.39 1.58 0.56 2.84 0.30 022 1.36 0.50 0.33 162
Gislason 1.46 0.54 2.70 1.32 0.50 2.64 0.87 1.23 0.71 0.62 0.34 1.82 1.50 0.71 211 0.28 0.23 1.22 0.47 0.38 1.24
Gulland 1.24 0.72 1.72 1.08 0.85 1:27 Q.71 255 0.28 0.24 3.69 0.07 1.21 1.78 0.69 0.17 0.45 0.38 0.34 0.78 0.44
Hewitt_Hoenig 1.55 0.23 6.74 1.68 0.30 5.60 1.05 0.66 169 1.05 0.14 750 1.63 0.51 3.20 0.36 0.18 2.40 0.57 0.25 228
Hoenig 1.55 0.22 7.05 170 0.28 6.07 1.07 0.64 1.67 1.06 0.14 7.57 165 0.49 3.37 0.36 0.14 257 0.58 0.24 2.42
Lorenzen 0.52 8.27 0.10 136 0.98 117 0.68 1.83 0.37 0.12 0.53 0.23 181 0.67 2.28 0.04 128 0.03 0.39 0.54 Q.72
Mean 1.40 0.48 2.92 1.41 0.41 3.44 0.96 0.86 1.52 0.76 0.25 3.04 1.88 0.56 2.84 0.22 0.32 0.69 0.48 0.37 1.30
Median 1.47 0.39 3.77 1.38 0.44 3.14 0.94 0.88 1.07 0.80 0.23 3.48 1.57 0.87 2.78 0.29 0.23 1.26 0.49 0.34 1.44
Pauly_T1 1.49 087 4.03 1.45 0.44 3.30 0.94 0.85 poh 0.59 0.27 219 1.43 0.76 1.88 0.24 0.29 0.83 0.45 0.41 1.10
Pauly_T2 1.48 0.39 3.79 1.40 0.50 2.80 0.92 0.90 1.02 0.58 0.27 2.15 1.40 0.81 1.73 0.23 0.29 0.79 0.44 0.43 1.02
Pauly_T3 1.48 0.40 3.70 189 055 2.53 0.80 0.85 0.95 Q.67 0.28 2.04 1.87 0.85 1.61 0.22 0.30 0.73 0.43 0.44 0.98
ProdBiom 1.49 0.44 3.39 1.40 0.45 3.1 0.94 0.86 1.09 0.81 0.23 3.562 1.47 0.70 210 0.19 0.40 0.48 0.46 0.40 116
Then_1 1:571 0.31 4.87 1.48 0.42 3.52 0.90 0.96 0.94 0.97 0.18 5.89 1.44 0.75 1:92 0.30 0.24 128 0.50 0.34 1.47
Then_2 1.50 0.36 447 1.46 0.44 3.32 0.90 0.94 0.96 0.60 0.27 222 1.37 0.85 1:81 0.25 0.28 0.89 0.45 0.41 1.10
Then_scaled 1.52 0.28 5.43 1.66 0.27 6.15 1.16 0.51 2.28 1.01 0.14 .21 1.89 0.44 3.84 0.31 0.18 1.63 0.53 0.29 1.83
MEDIAN 1.49 0.38 3.92 1.43 0.44 3.31 0.94 0.87 1.08 0.79 0.23 3.43 1.54 0.62 250 0.29 0.24 1.23 0.49 0.36 1.37
MEAN 1.43 0.62 497 1.48 0.44 4.31 0.97 0.94 1.34 0.76 0.42 4.28 1.55 0.66 2.95 0.27 0.30 1.43 0.49 0.37 1.56
STDEV 0.24 1.17 300 021 0.21 256 0.15 0.52 0.76 0.28 0.82 2.98 0.18 0.32 1.78 0.09 0.26 1.06 0.07 0.14 0.76
cv 0.17 1.87 0.60 0.14 0.47 0.59 0.15 0.55 0.56 0.37 1.95 0.70 0.11 0.49 0.60 0.32 0.87 0.74 0.15 0.37 0.49
STECF 1.49 0.39 3.82 1.37 0.45 3.04 092 0.97 0.95 0.80 0.22 3.64 1.58 0.58 272 0.31 0.20 1.55 0.60 0.20 3.00
%MEDIAN 0.00 -263 255 420 -227 816 213 -1149 1204 -127 435 -6.12 -260 645 -880 -6.90 16.67 -26.02 -2245 4444 -118.98
%MEAN —4.20 37.10 23.14 743 -2.27 29.47 5.15 -3.19 29.10 -5.26 47.62 1495 -1.94 1212 780 -14.81 3333 -839 -2245 4595 -92.31

Blue and red shrimp (ARA), Giant red shrimp (ARS), Deep-water rose shrimp (DPS), and European hake (HKE) in GSAs 9, 10, and 11, Red mullet (MUT) and Norway lobster (NEP) in GSA 9 and Common sole (SOL) in
GSA 17, based on the stock assessment outputs applying the 18 different M vectors. In bold are highlighted: Median, Mean, Standard deviation (STDEV), coefficient of variation (CV), STECF official assessments values

(STECF, 2019a,b) and percentage of variation between the median and the mean values compared to the official ones.
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ARA ARS DPS HKE mut NEP SOL
Method Feurr Fo.1 Ratio Fecurr Fo.1 Ratio Fecurr Fo.1 Ratio Fecurr Fo.1 Ratio Fecurr Fo.1 Ratio Fecurr Fo.1 Ratio Fcurr Fo.1 Ratio
Alverson_Carney 1.97 —160.00 62.29 2713 -136.84 69.26 22.69 —-120.45 64.81 27.93 —100.00 63.92 9.71  —45.00 37.90 22,50 —100.00 61.25 4.76 —5.26 9.64
Brodziak_K 1.97 —200.00 67.32 23.46 —136.84 67.73 23.97 —-130.95 67.01 23.08 —83.33 58.02 18.56 —152.17 67.73 16.22 -81.82 53.87 0.00 0.00 0.00
Brodziak_Tmax 1.32 —143.75 59.53 19.88 —-95.65 59.08 20.69 —97.96 59.92 18.37 —46.67 44.26 1222 -75.76 50.09 6.06 —17.65 20.10 —-13.21 31.03 —63.93
Chen_Watanabe 0.00 0.00 0.00 —1.48 6.25 -8.19 1.08 -3.19 4.04 —2.56 4.35 —7.37 0.63 -3.57 4.23 -3.33 9.09 -—13.97 —20.00 39.39 —97.37
Gislason —2.05 27.78 —41.48 -3.79 10.00 -15.15 —5.75 2114 -33.80 -29.03 35.29 —100.00 —5.33 18.31  —-2891 —10.71 13.04 -27.05 -27.66 47.37  —141.94
Gulland —20.16 4583 —-122.09 -26.85 47.06 —139.37 —29.58 61.96 —239.29 -233.33 94.04 —5100.00 —30.58 66.86 —294.20 -82.35 556.56 —307.89 —76.47 7436 —581.82
Hewitt_Hoenig 387 —69.57 43.32 18.45 —50.00 45.71 12.38 —46.97 40.25 23.81 -57.14 51.47 3.07 —-13.73 15.00 13.89 -33.33 35.42 —5.26 20.00 —31.58
Hoenig 387 -77.27 45.82 19.41  -60.71 49.92 14.02 -51.56 43.11 2453 -57.14 51.92 424 1837 19.29 13.89 —42.86 39.69 —3.45 16.67 —23.97
Lorenzen —186.54 92.60 —3720.00 —18.10 5455 -159.83 —-35.29 4699 —156.76 —566.67 58.49 —1482.61 —4.64 13.43 -20.89 -675.00 84.38 —5066.67 —53.85 62.96 —316.67
Mean —6.43 18.75 -30.82 2.84 -9.76 11.63 417 —12.79 15.18 —5.26 12.00 -19.74 0.63 -3.57 423 —40.91 37.50 —124.64 —25.00 4595 —130.77
Median -1.36 0.00 -1.33 0.72 —2.27 3.18 213 -10.23 11.21 0.00 4.35 —4.60 —0.64 -1.75 1.09 —6.90 13.04 —-23.02 -2245 4118 —108.33
Pauly_T1 0.00 -5.41 5121 5.52 —2.27 7.88 213 -—14.12 14.41  -35.59 1852 —-66.21 —10.49 23.68 —44.68 —29.17 31.03 -86.75 —33.33 5122 —-172.73
Pauly_T2 —0.68 0.00 -0.79 2.14 10.00 —8.57 0.00 -7.78 6.86 —37.93 1852 —69.30 -—12.86 28.40 —-57.23 3478 31.03 -96.20 -36.36 53.49 —194.12
Pauly_T3 —0.68 2.50 -3.24 1.44 18.18 —-20.16 —2.22 -2.11 0.00 —40.35 2143 -7843 1533 31.76 -68.94 —-40.91 33.33 -112.33 —-39.53 5455 —206.12
ProdBiom 0.00 11.36 —-12.68 214 0.00 2,25 213 -1279 12.84 1.23 4.35 —-3.41 —7.48 1714 —-2952 —63.16 50.00 —222.92 —-30.43 50.00 —160.87
Then_1 132 -25.81 21.56 7.43 —7.14 13.64 —2.22 —1.04 —1.06 1753 -22.22 32.47 —-9.72 22.67 —-41.67 —-3.33 16.67 —24.00 —20.00 4118 —104.08
Then_2 0.67 —8.33 8.39 6.16 —2.27 8.43 —2.22 -3.19 1.04 -33.33 1852 —-63.96 —15.33 3176 -68.94 —-24.00 28,57 -74.16 —33.33 51.22 -172.73
Then_scaled 197 -39.29 29.65 1747  —66.67 50.57 20.00 —90.20 57.78 20.79 -57.14 49.51 6.51 —-31.82 29.17 0.00 —5.26 491  —13.21 31.03 —63.93

Blue and red shrimp (ARA), Giant red shrimp (ARS), Deep-water rose shrimp (DPS), and European hake (HKE) in GSAs 9,
GSA 17, based on the 18 different M vectors.

10, and 11, Red mullet (MUT) and Norway lobster (NEP) in GSA 9 and Common sole (SOL) in





OPS/images/fmars-07-578601/cross.jpg
3,

i





OPS/images/fmars-07-585654/fmars-07-585654-t001.jpg
Stock GSA Sex Loo K 0 a b L50%

ARA 9,10, 11 F 76.90 CL 0.210 —0.020 0.0028 2.465 24 CL
M 46.00 CL 0.210 —0.020 0.0042 2.324
ARS 9,10, 11 F 73.00 CL 0.435 —0.100 0.0040 2.520 35CL
M 50.00 CL 0.400 —0.100 0.0030 2.650
HKE 9, 11 F 87.18 TL 0.150 —0.270 0.0060 3.066 34TL
M 54.78 TL 0.220 —0.300 0.0070 3.027
10 F 111.00 TL 0.100 —0.590 0.0040 3.191
M 73.00 TL 0.130 —0.820 0.004 3.166
DPS 9 F 43.50 CL 0.740 —0.130 0.0031 2.49 23 CL
M 33.10 CL 0.930 —0.050 0.0038 242
10, 11 E 46.00 CL 0.575 —0.200 0.0031 2.49
M 40.00 CL 0.680 —0.250 0.0038 242
MUT 9 F 26.56 TL 0.545 —0.33 0.012 3 12TL
M 21.656 TL 0.56 —0.33 0.017 2.84
NEP 9 F 56 CL 0.21 0 0.00032 3.24848 32 CL
M 721 CL 0.17 0 0.00038 3.18164
SOL 17 C 40.50 TL 0.310 0.125 0.00735 3.0585 25TL

Loo, K, and t0, the von Bertalanffy growth function parameters; a and b, the length-weight relationship parameters; L50%, Length at first maturation (L50%); CL, Carapace
Length in mm; TL, Total Length in cm; F, female; M, male; C, combined sex.
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Items

r-k pairs

r(95% CL)

k (95% CL, tons)

MSY (95% CL, tons)

Median k (95% CL)

Median MSY (95% CL)
B/Bpsy in last year (97.5% CL)
F/Fmsy (97.5% CL)

BSM

19027
0.20 (0.07-0.57)
2558 (1554-4212)
129 (62.1-267)
/
/
0.538 (0.353-1.12)
2.41 (0.677-8.63)

AMSY

5003
0.25(0.11-0.64)
/

/

2.49 (2.08-2.89)
0.156 (0.07-0.368)
0.801 (0.436-1.42)
1.47 (-0.197-4.26)
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Factors

edf

1
4.594
6.977
2.944
1.264
3.047
1.652

Ref.df

1
5.55
8.029
3.663
1.454
3.779
2.062

4113
4.116
3.575
3.042
7.009
2.083
2.711

p-value

<0.001™*
0.044279"
0.001065™
0.000728"**
0.018747~
0.010169"
0.094287
0.067607

D, water depth; Lat, latitude; BT, bottom temperature; BS, bottom salinity; Lon,
longitude; ST, surface temperature; and SChI_A, surface chlorophyll a concentra-

tion.

*** Indicates extremely significant differences (P < 0.001); ** indicates a significant
correlation at the level of 0.0 (P < 0.01); * indiicates a significant correlation at the
level of 0.05 (P < 0.05).
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Parameter Estimate  Coefficient of Variation (%)

Bo (tonnes) 1,399 118
K (tonnes) 2,540 126
r(1Am) 1.370 160
p 362 )

Mean latent productivity (tonnes) 309 349
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Species

Pacific sardine
Pacific sardine
Pacific sardine

Year

2017
2017
2017

Class bin (mm)

5
10
15

R2

0.892
0.910
0.865

Ling

37.11 (36.59-37.76)
39.33 (38.48-40.03)
40.01 (39.43-40.82)

Lc/ Lc opt

1.40
1.20
1.10

FIM

0.14 (0.04-0.36)
0.20 (0.07-0.36)
0.16 (0.07-0.30)

B/By

0.82 (0.14-1.8)
0.77 (0.09-1.60)
0.80 (0.16-1.70)

B/BMSY

2.20(0.23-3.80)
2.20(0.16-4.60)
1.9 (0.56-4.70)

Stock status

Healthy
Healthy
Healthy
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Parameter

Natural mortality (1/month)
Initial abundance (10%)
Recruitment 2015 (10°)
Recruitment 2016 (10°)
Recruitment 2017 (10%)
Recruitment 2018 (10°)
Recruitment 2019 (10%)
Scaling (1/days)

Effort response
Abundance response
Variance (10%)

Estimates

0.0269
3312
481
254
1,382
1,126
897

5543 x 106

0.6615
1.4380
148

Coefficient of variation (%)

Not available
Not available
Not available
Not available
Not available
Not available
Not available
511.0

14.9

295

15.9

The likelihood function was the full normal and the optimization method was spg.
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Species

Pacific saury
Pacific saury
Pacific saury

Year

2017
2017
2017

Class bin (mm)

5
10
15

R2

0.779
0.796
0.700

Ling

33.06 (33.02-33.17)
33.24 (33.12-33.45)
34.73 (34.59-34.85)

Lc/ Lc_opt

1.10
1.10
1.20

FIM

0.19 (0.09-0.41)
0.14(0.06-0.37)
0.20 (0.09-0.47)

B/By

0.80 (0.15-1.98)
0.82 (0.24-2.02)
0.74 (0.14-1.84)

B/BMSY

2.20 (0.62-3.50)
2.10 (0.40-3.20)
1.90 (0.41-3.11)

Stock status

Healthy
Healthy
Healthy
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r(iryn

0.33
084
1.36

K(tonnes)

1,450
967
784

MSY (tonnes)

121 (71-206)
203 (139-297)
266 (176-402)

Baors(tonnes)

308
192
181

Bysy (tonnes)

725 (376-1,400)
483 (338-692)
392 (289-532)

Broro.
Busy

0.425
0.398
0.462

Eaor
Fusy

4.4
3.01
17
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F/IM B/By B/Bynsy Stock status

Species Year Class bin (mm)  R2 Lint Le/Lc opt
Chub mackerel  2016-2018 5 0.698 38.72 (37.92-39.26) 1.20 0.68 (0.43-0.87) 0.63(0.37-1.22) 1.20 (0.87-1.90) Healthy
Chub mackerel  2016-2018 10 0.732 37.54 (36.83-38.66) 1.10 0.57 (0.32-0.78) 0.65 (0.34-1.27) 1.10 (0.29-1.70) Healthy

Chub mackerel  2016-2018 15 0.683 37.41 (36.15-38.83) 1.40 0.18(0.08-0.33) 0.81(0.16-1.70) 1.80 (0.45-3.70Q) Healthy
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Species

Chub mackerel
Chub mackerel
Chub mackerel
Pacific saury
Pacific saury
Pacific saury
Pacific sardine
Pacific sardine
Pacific sardine

Year

2016-2018

2016-2018

2016-2018
2017
2017
2017
2017
2017
2017

Class bin (mm)

5
10
15

5
10
15

5
10
15

Lins prior

37.49
36.53
36.14
38.62
36.96
43.20
36.80
39.00
39.60

Z/K prior

2.30
1.90
0.62
1.80
1.30
2.00
1.70
1.30
1.40

M/K prior

1.50
1.50
1.50
1.50
1.50
1.50
1.50
1.50
1.50

F/K prior

0.82
0.45
0.30
0.32
0.30
0.50
0.16
0.30
0.30

L. prior

19.53
19.79
20.04
16.58
16.83
16.07
18.36
18.36
17.60

Alpha prior

16.99
10.17
7.50
42.25
48.21
33.70
16.61
156.88
14.76
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Species Year Catch Length

numbers range/mm
Chub mackerel (Scomber japonicus) 2016 1,050 116-367
Chub mackerel (Scomber japonicus) 2017 1,339 114-324
Chub mackerel (Scomber japonicus) 2018 872 175-352
Pacific saury (Cololabis saira) 2017 6,091 169-322

Pacific sardine (Sardinops sagax) 2017 1,268 106-337
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Species

European sprat

Horse mackerels

Star year

2004
1970 for landings; 1994 for the survey index

i

Int. year End year

r

0.4-0.8 (Froese and Pauly, 2019)
0.31-0.72 (Froese and Pauly, 2019)
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Levels (N) N Values

Shape 2 2 Schaeffer; Fox

Prior for r 2 4 Low M & steepness; High M & Steepness
Prior for K 2 8 RAM with 20% CV; Catch Heuristic

Prior for intial depletion 2 16 Heuristic; Actual

Prior for final depletion 2 32 Heuristic; Actual

Depletion priors were either based on the heuristic or the actual value from the data rich assessment was used. N is the number of factors levels.
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STKN FHIST Initial risks Short-term Long-term
risks (F=0) risks (F=0)
STK1 flow 0.02 0.01 0.00
fopt 0.12 0.05 0.00
fhigh 0.40 0.13 0.00
STK2 flow 0.00 0.00 0.00
fopt 0.01 0.00 0.00
fhigh 0.30 0.14 0.00

Initial risks correspond to the probability of faling below Byim in the last histori-
cal year and short-term and long-term risks (F = 0) correspond to the maximum
expected risks in the absence of catches, in the first 5 and last 10 projection

years, respectively.
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F/Fusy
B/Buysy

Bohai Sea stock

Yellow Sea stock

CMsY BSM AMSY CMSsY BSM AMSY
Default Expert Default Expert Default Expert Default Expert Default Expert Default Expert
1.09 1.93 117 1.14 1.25 1.21 0.82 1.33 0.789 0.682 0.236 0.295
0.254 0.149 0.4 0.191 0.693 0.441 1.37 0.767 1.33 0.884 1.48 1.24
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Bohai Sea stock Yellow Sea stock

CMSY BSM AMSY CMSY BSM AMSY

Default Expert Default Expert Default Expert Default Expert Default Expert Default Expert

r 02-08 042-096 02-08  0.42-0.96 0.2-0.8 0.42-096 0.2-08 0.42-096 0.2-08  0.42-0.96 0.2-0.8 0.42-0.96
Bstat  02-0.6 0.061-0.15 0.2-0.6 0.061-0.15 0.01-0.2 0.061-0.15 0.2-0.6 0.061-0.15 0.2-0.6 0.061-0.15 0.01-0.2 0.061-0.15
Binter  0.5-0.9 0.21-0.5 0.5-0.9 0.21-0.5 / / 0.5-0.9 0.21-0.5 0.5-0.9 0.21-0.5 / /
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Seaarea Number of Time
samples

Yellow Sea 742 1966

Bohai Sea  Unknown 2010

Bohai Sea 165 2015

Body length Output

Min  Max B/k lcl ucl B/Bysy lcl ucl FIM lcl  ucl Lmean/Lopt Lestn/Lint
167 500 076 024 24 1.9 06 6 018 0.0971 0.523 0.87 0.96
62 327 0.1 0061 0.15 028 0.17 042 1.7 1.21 2.47 0.42 0.63
43 520 032 021 05 086 056 14 096 072 145 0.8 0.89

Source

Chen and Zhao, 1986
Qin and Gao, 2012
2015 fish log of Shandong
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B/Bnsy Stock Notes
status
>1 Healthy Froese et al. (2018b), B > Bysy: in good condition
0.8-1.0  Slightly Punt et al. (2014), Bugy is generally approximated
overfished between 0.35B83 and 0.4B¢
0.5-0.8  Overfished FAQ (Ye, 2011: 328) and ?, B/Bysy < 0.8: overfished
0.2-0.5  Grossly Froese et al. (2018b), B < 0.5Bygy: outside of safe
overfished biological limits or depleted; Opitz et al. (2016),
B < 0.5B)\sy: outside of safe biological limits
<0.2 Collapsed Worm et al. (2009) and Froese et al. (2018b),

B < 0.2Bysy: overfishing or being severely depleted or
unsustainable exploitation
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Common name

Yellow croaker

Kammal thryssa

Osbeck’s grenadier anchovy
Common hairfin anchovy
Bombay duck

Indian perch

Sickle pomfret

Year

2018
2019
2018
2018
2018
2018
1984
2012
1999

M/K

1.52 (1.25-1.77)
1.49 (1.27-1.76)
1.79 (1.54-2.04)
2.47 (2.15-2.69)
1.61 (1.32-1.89)
1.7 (1.47-1.99)
1.8 (1.43-2.05)
1.43 (1.1-1.69)
1.49 (1.19-1.79)

FIM

2.2 (1.76-2.92)
9.64 (7.92-11.8)
1.05 (0.749-1.41)

0.904 (0.593-1.35)
1.43 (1.07-2.04)

0.849 (0.492-1.14)
1.25 (0.857-1.93)
3.48 (2.66-4.47)
4.25 (3.52-5.76)

B/BMSY

0.35 (0.26-0.5)
0.079 (0.059-0.1)
0.81 (0.51-1.1)
1.6 (0.8-2.5)
0.47 (0.31-0.78)
1.2 (0.54-1.7)
1(0.58-1.7)
0.23 (0.15-0.31)
0.14 (0.1-0.2)

B/By

0.13 (0.094-0.18)
0.029 (0.022-0.037)
0.289 (0.18-0.408)
0.548 (0.272-0.869)
0.171 (0.111-0.262)

0.43 (0.19-0.61)
0.3683 (0.206-0.599)

0.0845 (0.0558-0.115)
0.0507 (0.0369-0.0718)

Limean/! Lopt

0.71
0.78
0.84
1.5
0.65
1.4
1.2
0.73
0.63

Lc/’-c,opt

0.6
0.68
0.74

1.7

0.5

1.1

1.2
0.65
0.53
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Family

Sciaenidae
Engraulidae

Synodontidae
Apogonidae

Stromateidae

Common name (scientific name)

Yellow croaker (Larimichthys polyactis)
Kammal thryssa (Thryssa kammalensis)
Osbeck’s grenadier anchovy (Coilia mystus)
Common hairfin anchovy (Setipinna tenuifilis)
Bombay duck (Harpadon nehereus)

Indian perch (Jaydia lineata)

Sickle pomfret (Pampus echinogaster)

Year

2018
2019
2018
2018
2018
2018
1984
2012
1999

650
297
541
564
1,389
355
999
146
315

Class interval

10
4
10

Min (cm)

7.4
4.4
4.9
1.2
3.6
2.6
1.4
3.8
8.1

Max (cm)

23.0
11.4
18.8
18.0
26.5
6.5
7.6
20.5
23.3

Length type

SL
SL
SL
SL
SL
SL
SL
SL
SL

SL, standard length.
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Species Area r K B/Bysy F/Fysy Status Model Authors

Eledone cirrhosa Ligurian Sea 1.3 0.3 0.7 (0.5-0.9) 1.0(0.8-1.9) R ASPIC Abella et al., 2010
Ligurian Sea NA NA NA NA H* Y/R Orsi Relini et al., 2006
southern Tyrrhenian Sea NA NA NA NA o™ Y/R Giordano et al., 2010
central Tyrrhenian Sea NA NA NA NA H* Y/R Agnesi et al., 1998
Aegean Sea NA NA 0.1 0.9 R AMSY Tsikliras et al., 2021
lonian Sea NA NA 0.4 45 C CMSY Froese et al., 2018
Eledone moschata Aegean Sea NA NA 0.7 0.9 R CMSY Froese et al., 2018
Aegean Sea NA NA 0.7 1.3 (0] AMSY Tsikliras et al., 2021
Eledone Strait of Sicily 0.5 6.8 0.3 (0.2-0.6) 3.4 (1.6-7.3) C BSM Present study
Strait of Sicily 0.5 6.5 0.5(0.2-1.7) 1.5(0.6-3.6) C SPICT Present study
lllex coindettii lonian Sea NA NA 0.6 0.6 (6] CMSY Froese et al., 2018
Adriatic Sea NA NA 0.3 1.1 ¢} CMSY Froese et al., 2018
Sardinia NA NA 0.6 1.1 O CMSY Froese et al., 2018
Aegean Sea NA NA 0.8 1.3 O CMSY Froese et al., 2018
Adriatic Sea NA NA 1.1 (0.6-2.0) 0.7 (0.1-1.7) H AMSY Froese et al., 2020
Loligo vulgaris Strait of Sicily 0.4 4.6 1.4 (0.9-1.6) 0.8(0.7-1.2) H CMSY Present study
Balearic Island NA NA NA NA NA DM Keller et al., 2015
Adriatic Sea NA NA 0:2 0.9 D CMSY Froese et al., 2018
Aegean Sea NA NA 0.6 1.3 O CMSY Froese et al., 2018
Balearic Islands NA NA 0.4 1.1 C CMSY Froese et al., 2018
Gulf of Lions NA NA 0.3 3.1 C CMSY Froese et al., 2018
Sardinia NA NA 0.3 2.8 C CMSY Froese et al., 2018
Octopus vulgaris Strait of Sicily 0.7 3.9 1.0(0.4-1.2) 0.6 (0.5-1.3) H-R CMSY Present study
Adriatic Sea NA NA 1.0 (0.6-1.8) 0.9 (0.3-1.7) H-R AMSY Froese et al., 2020
Balearic Island 0.6 0.7 0.4 (0.3-0.6) 1.2(0.9-1.5) C SPM Quetglas et al., 2015
Aegean Sea NA NA 0.5 1.1 C CMSY Froese et al., 2018
lonian Sea NA NA 0.3 1.2 C CMSY Froese et al., 2018
Gulf of Lions NA NA 0.8 1.3 (0] CMSY Froese et al., 2018
Levantine Sea NA NA 0.1 0.9 D CMSY Demirel et al., 2020
Sepia officinalis Strait of Sicily 0.6 4.4 1.4 (0.9-1.6) 0.8 (0.7-1.3) H CMSY Present study
Adriatic Sea NA NA 0.5 21 C CMSY Froese et al., 2018
Aegean Sea NA NA 0.6 0.9 R CMSY Froese et al., 2018
Balearic Islands NA NA 0.3 2.7 C CMSY Froese et al., 2018
lonian Sea NA NA 0.8 1.4 O CMSY Froese et al., 2018
Gulf of Lions NA NA 0.3 1.8 ¢} CMSY Froese et al., 2018
Sardinia NA NA 0.8 1.2 (0] CMSY Froese et al., 2018
Adriatic Sea NA NA 0.6 (0.3-0.9) 0.8 (0.6-1.6) R BSM Armelloni et al., 2018
Balearic Sea NA NA NA NA NA DM Maynou, 2015
Balearic Sea NA NA NA NA NA DM Keller et al., 2015
Balearic Sea 0.8 0.2 0.6 (0.4-0.8) 1.1 (0.9-1.4) O SPM Quetglas et al., 2015
Cyprus NA NA 1.3(0.7-2.3) 0.6 (0.0-1.6) H AMSY Froese et al., 2020
Egypt NA NA NA NA o Y/R Mehanna and Haggag, 2011
Levantine Sea NA NA 0.6 1.4 (0] CMSY Demirel et al., 2020
Ligurian Sea 0.98 0.5 0.5 (0.4-0.7) 1.5(1.3-1.7) C SPM Abella et al., 2010
Todaropsis eblanae Aegean Sea NA NA 1.7 0.2 H AMSY Tsikliras et al., 2021
Todill Strait of Sicily 0.7 2.5 1.2(0.8-1.6) 0.9 (0.5-1.4) H BSM Present study
Strait of Sicily 0.7 24 1.3(0.9-1.9) 0.8 (0.4-1.9) H SPICT Present study

H, healthy, B > Bnmsy, F < Fusy; R, recovering, B < Bysy and F < Fysy; O, subject to overfishing, F > Fysy; E, exploited outside safe biological limits B < 0.5 Bysy; C,
critical condition, B < 0.5 Busy, F > Fusy; D, severely depleted, B < 0.2 Bysy-
*Scenario codend mesh size 40 mm; **scenario codend mesh size 20 mm.
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Species MSY r K MSY r K MSY r K B/BMSY F/FMSY B/BMSY F/FMSY
(BSM) (BSM) (BSM) (CMSY) (CMSY) (CMSY) (SPIiCT) (SPIiCT) (SPIiCT) (CMSY/BSM) (CMSY/BSM) (SPIiCT) (SPIiCT)
Eledone 0.8 0.5 6.8 0.8 0.6 5.6 0.7 0.5 6.5 0.3 3.4 0.5 1.5
(0.7-1.1) (0.4-0.7) (4.7-9.8) (0.6-1.0) (0.4-0.7) (4.1-7.7) (0.5-1.0) (0.4-0.6) (6.4-7.9) (0.2-0.6) (1.5-7.3) (0.2-1.7) (0.6-3.6)
Loligo vulgaris NA NA NA 0.4 0.4 4.6 NA NA NA 1.4 0.8 NA NA
(0.3-0.7) (0.3-0.5) (2.6-8.5) (0.9-1.6) (0.7-1.2)
Octopus vulgaris NA NA NA 0z 0.7 3.9 NA NA NA 1.0 0.6 NA NA
(0.5-1.0) (2.8-56.5) (0.4-1.2) (0.5-1.3)
Sepia officinalis NA NA NA 0.7 0.6 4.4 NA NA NA 1.4 0.8 NA NA
(0.5-1.0) (0.5-0.9) (2.7-7.2) (0.9-1.6) (0.7-1.3)
Todill 0.5 0.7 25 0.5 0.8 2.4 0.4 0.7 2.4 1.2 0.9 1.3 0.8
(0.4-0.6) (0.4-1.3) (1.6-4.2) (0.4-0.8) (0.5-1.3) (1.5-4.1) (0.6-0.6) (0.6-0.9) (1.8-3.2) (0.8-1.6) (0.5-1.4) (0.9-1.8) (0.4-1.9)

In particular, MSY, r, k of BSM and CMSY as well as the relative to MSY levels (F/Fusy, B/Bmsy) are shown.

NA stands for Not Available. In parentheses 95% confidence interval are given in parentheses.
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Species Model R2 Dev.expl.% GCV

Eledone cirrhosa Bl ~ year + s(X, Y) + s(depth) + month + O 0.445 60.1 1.65
Eledone moschata Bl ~ year + s(X, Y) + s(depth) + 0.556 73.4 2.46
Illex coindettii Bl ~ year + s(X, Y) + s(depth) + 0.580 745 1.99
Todaropsis eblanae Bl ~ year + s(X, Y) + s(depth) + 0.519 64.7 1.86

BI, Biomass Index; X, longitude; Y, latitude; s, smooth function; Dev. expl. %, deviance explained as percentage; GCV, Generalized Cross Validation.
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Species CMSY SPIiCT
Prior r range Prior B/K Prior r
Eledone 0.36-0.82 B: 0.2-0.6 1:0.1-0.4 E:0.1-0.4 0.5
Loligo vulgaris 0.22-0.51 B: 0.2-0.6 1: 0.4-0.8 E: 0.4-0.8 NA
Octopus vulgaris 0.53-1.21 B: 0.2-0.6 1:0.01-0.4 E: 0.2-0.6 NA
Sepia officinalis 0.37-0.84 B: 0.2-0.6 1:0.4-0.8 E: 0.4-0.8 NA
Todill 0.34-1.21 B: 0.2-06 1: 0.4-0.8 E: 0.4-0.8 0.7

In addition, biomass ranges B/K used by CMSY. In prior ranges B/K, B stands for Beginning; |, for intermediate; E, for End of the time series; NA, not available.
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Estimated parameters

Fao1g
B2o19(tons)
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B/Buisy

7

K

CMSsY

0.362
491.322
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566.706
0.867
1.1561
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1133.413
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224.268
0.700
249
0.902
1.124
0.508
812

AMSY

0.429*
56,149
0.549
55,732
1.007
0.783*
1.007

*This value refers to F 2018.
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Primary indicators

Secondary indicator

CPUE Mean Distance Sea Recruit Effort change Rationale
length traveled temp pulse
High High Near High N/A  Watch and wait Indicators encouraging, but warm water which could result in poor recruitment.
High High Near Low N/A Increase Allindicators are encouraging.
High High Far High N/A Decrease ncrease in CPUE and size could be from new fishing areas, concern about local depletion.
High High Far Low N/A Decrease ncrease in CPUE and size could be from new fishing areas, concern about local depletion.
High Low Near High c< Yes  Watch and wait Maintain status quo because of warmer temperatures.
o Decrease Decrease because of loss of larger fish and warmer temperatures.
High Low Near Low ﬁ Yes Increase ncrease because of encouraging indicator states and recruitment pulse.
o Decrease Decrease because of loss of larger fish.
High Low Far High (Y Yes  Watch and wait Temperatures and distance traveled by the fleet concerning, but recruitment pulse.
o Decrease Decrease because of loss of larger fish, warmer water and distance fleet is traveling.
High Low Far Low (ﬁ Yes  Watch and wait Maintain status quo because of distance traveled, despite recruitment pulse.
o Decrease Decrease because of loss of larger fish, and distance traveled.
Low Low Near High /A Decrease Decrease because of low CPUE and warmer waters.
Low Low Near ow ﬁ Yes  Watch and wait Watch and wait, potential for large cohort entering fishery.
o Decrease Decrease because of low CPUE, loss of larger fish.
Low Low Far High /A Decrease Decrease because of drop in CPUE, mean length, warmer water and distance traveled.
Low Low Far Low /A Decrease Decrease because of drop in CPUE and mean length, and distance fleet traveled.
Low High Near High /A Watch and wait Maintain status quo because CPUE is low and warmer waters, while larger fish available.
Low High Near Low /A Watch and wait Maintain status quo because of increase in fish size even with the decline in CPUE, also fishing on
heir normal fishing grounds.
Low High Far High /A Decrease Decrease because CPUE is low, distance traveled, and warmer waters.
Low High Far Low /A Decrease Reduce fishing because CPUE is down, and fleet is fishing outside of typical fishing grounds.
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Statistic Group 1 Group 2 Group 3 Group 4 Group 5

Lc =120 Lc =15.05 Lc =12.0 Lc =15.05 Lc =120 Lc =15.55 Lc =120 Lc =15.55 Lc =120 Lc =15.55

Mean 34.67 40.24 29.66 32.01 25.48 28.78 32.27 38.53 26.13 30.66
SD 8.68 13.12 7.72 10.72 6.58 10.28 8.14 13.42 6.03 9.27
Median 34.02 38.77 29.63 31.46 25.44 28.16 32.16 37.73 25.70 29.85
Left 95% HDI 18.63 16.11 14.57 11.83 12.28 9.32 16.72 13.14 14.59 13.66

Right 95% HDI 52.46 66.71 44.42 53.12 37.91 49.11 47.88 65.52 37.92 49.52
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Group  tmax Finax (year~1) Fo.1 (year1) Foq, (year~1) Fusy (year1) Feur

(vear—1)
Mean SD Median 95% HDI Mean SD Median 95% HDI Mean SD Median 95% HDI Median 95%

credible

interval
Group 1 3 197 049 1.88 1.18-294 1.19 0.20 117  0.84-156 249 1.22 241 1.21-4.83 1.01 0.53-1.45 1.73
Group 2 3 227 0.56 225 1.35-3.19 1.32 0283 1.34 0.89-1.63 331 211 266  1.28-6.90 1.56
Group 3 3 270 0.93 248 1.42-441 143 0.28 1.41 0.97-1.88 277 1.71 233 1.39-530 120 0.74-148 238
Group 4 3 232 0.74 214 1.31-368 1.33 0.28 128 090177 266 1.91 215 1.33-5.34 2.38
Group 5 3 247 0.78 227 1.46-4.03 132 022 1.28 098177 269 1.09 235 1.56-5.10 273
Group1 21 095 0.36 0.91 0.31-1.61 047 0.14 0.47 021-0.71 1.02 0.37 097 0.39-1.70 0.26 0.16-040 1.73
Group2 21 1.09 0.31 1.06 057-169 053 0.10 0.52 0.33-0.71 119 0.33 113  0.65-1.83 1.56
Group3 23 1.77 0.81 157 0.73-328 0.73 0.16 0.71 0.43-1.08 1.73 0.89 149 0.77-328 029 0.17-046 2.38
Group4 23 130 0.49 1.21 0.54-2.23 061 0.14 0.60 0.33-0.87 1.34 0.5 122 0.61-2.31 2.38
Group5 20 191 0.75 1.74 0.94-326 083 0.13 0.82 0.58-1.08 194 096 1.656 0.96-3.70 2.73

Fumsy was quoted from Ma et al. (2020).
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Group Total Frnax F2o2,

tmax =3 tmax =5 tmax =7 tmax = 20-23 tmax =3 tmax =5 tmax =7 tmax = 20-23
Group 1 258, 955 0 0 0 0 28, 432 69 0 0
Group 2 258, 591 0 0 0 0 54, 428 230 106 38
Group 3 258,120 166 168 158 168 70, 685 11, 801 5, 594 4, 2563
Group 4 258, 637 13 13 13 13 49, 523 1, 978 487 241
Group 5 258, 793 22 22 22 22 50, 166 14,794 L; 713 6, 162

tmax = 21 years for Groups 1 and 2; tmax = 23 years for Groups 3 and 4; tmax = 20 years for Group 5.
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Species Prior Bgiari/k ref. Prior Bg,q/k ref. Prior Bgtar/k ANN Prior Bg,q/k ANN B/Bpsy ref B/Bmsy ANN A %

QSC 0.2-0.6 0.01-0.4 0.25-0.72 0.07-0.33 0.36 0.40 —11.5
BOY 0.7-1 0.4-0.8 0.73-0.98 0.17-0.55 1.15 1.01 12.77
SJA 0.4-0.8 0.1-0.3 0.13-0.46 0.04-0.26 0.50 0.47 5.82
BLL 0.4-0.8 0.01-0.2 0.17-0.54 0.02-0.23 0.14 0.13 6.71

SOL 0.4-0.8 0.1-0.5 0.35-0.77 0.23-0.67 1.07 1.28 —19.02
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HRV_DTS HRV_PGP HRV_RMP ITA_DRB ITA_DTS ITA_PGP ITA_TBB SVN_DTS

HRV_PGP 0.036

HRV_RMP 0.036 1

ITA_DRB 0.036 0.036 0.036

ITA_DTS 0.036 0.036 0.036 0.036

ITA_PGP 1 0.036 0.036 0.036 0.036

ITA_TBB 1 0.18 0.036 0.036 0.036 1

SVN_DTS 0.036 1 1 0.036 0.036 0.036 0.108

SVN_PGP 0.036 0.072 0.864 1 0.036 0.036 0.036 0.72

The gears code is composed, by a first group three letters representing the nation (HRV, Croatia; ITA, Italy; SVN, Slovenia) and a second referring to the fleet segment
(DTS, bottom trawl; PGP, polyvalent passive gears; RMF, rampon; DRB, towed dredge,; TBB, rapido beam trawl).
Significant contrasts are reported in bold.
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Source Df SS MS F R? Pr(>F)

Gear 8 19.46 4.11 16.34 0.22 0.001***
Residuals 464 62.27 0.25 0.78
Total 472 81.72

Df, degrees of freedom; SS, sum of square; MS, mean of square; F, Fisher value;
F:’Z, R square; Pr, significance; ***, highly significant.
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FAO 3-Alpha Code Scientific name Common name Start year End year r. low r. high stb.low stb.hi Endb.low Endb.hi Smoothed index

BLL Scophtalmus rhombus ~ Biill 1972 2018  0.31 0.71 0.4 0.8 0.01 0.2 Y
BOY Bolinus brandaris Purple dye murex 1972 2018 064 1.46 0.7 i 0.4 0.8 N
SJA Pecten jacobaeus Mediterranean scallop 1972 2018 025 0.74 0.4 0.8 0.1 0.3 Y
SOL Solea solea Common sole 1972 2018 0.33 0.76 0.4 0.8 0.1 0.5 N
SCX- > QSC Aequopecten opercularis Queen scallop 2004 2008 0.37 0.84 0.2 0.6 0.01 0.4 Y

Stocks are presented by FAO 3-Alpha code, scientific and common name of the species. Start year, first year of the analysis; End year, last year of the analysis; r.high/r.low,
range specified for resilience; stb.low/stb.high, prior biomass range relative to the unexploited biomass (B/k) at the beginning of the time series; Endb.low/Endb.hi, prior
relative biomass (B/k) range at the end of the catch time series; Smoothed index, smooth to the biomass index.
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Species

Decapterus maruadsi

Evynnis cardinalis

Nemipterus bathybius

Nemipterus virgatus

Priacanthus macracanthus

Priacanthus tayenus
Saurida undosquamis
Trachurus japonicus
Trichiurus japonicus

Sequence

o N o O~ W N =

23

30

Sampling
years

1992
1998
2006
2007
2009
2010
2012
1962
1999
2006
2015
1992
1997
2009
1960
1962
1992
1998
2006
2007
2009
2012
1999
2015
1999
1999
1999
1982
1999
2015

Lc/’-cfopt B/BMSY
LBB LBB-1 LBB-2 LBB LBB-1 LBB-2
0.65 0.63 0.64 0.33 (0.27-0.41) 0.23 (0.18-0.28) 0.27 (0.22-0.34)
0.79 0.75 0.77 0.33 (0.24-0.45) 0.23 (0.18-0.27) 0.27 (0.18-0.38)
0.75 0.71 0.74 0.88 (0.63-1.2) 0.5 (0.38-0.61) 0.82 (0.55-1.1)
0.46 0.44 0.45 0.24 (0.18-0.3) 0.15(0.11-0.18) 0.21(0.16-0.29)
0.75 0.72 0.74 0.31 (0.23-0.41) 0.22 (0.18-0.27) 0.28 (0.21-0.35)
0.85 0.83 0.85 0.13(0.098-0.16) 0.11 (0.083-0.14) 0.12 (0.093-0.15)
0.95 0.92 0.92 0.58 (0.43-0.77) 0.4 (0.32-0.5) 0.41(0.31-0.53)
0.74 0.7 0.756 0.86 (0.62-1) 0.58 (0.48-0.7) 0.86 (0.66-1.1)
0.54 0.63 0.54 2.5 (1-4.4) 5(0.85-4.5) 2.5(1.1-4.6)
0.82 0.79 0.8 0.56 (0.44-0.65) 0.42 (0.36-0.49) 0.45(0.38-0.55)
0.78 0.75 0.77 0.53 (0.45-0.64) 0.39 (0.34-0.44) 0.48 (0.39-0.59)
1.2 1.0 1.1 2.1 (0.82-3.7) (0 95-1.5) 2.1(0.71-3.8)
1.5 1.2 1.3 3(0.55-8.8) 4(1-1.9 2(0.48-3.2)
0.9 0.87 0.89 0.89 (0.68-1.1) 0.83 (0.75-0.94) 0.84 (0.72-0.91)
1.0 1.0 1.0 2.7 (1.1-5.5) 6 (0.79-5.7) 6 (0.67-5.6)
0.86 0.82 0.82 0.96 (0.74-1.2) 0.87 (0.75-0.91) 0.85(0.83-0.91)
1.1 1.1 1.1 0.59 (0.46-0.73) 0.48 (0.41-0.58) 0.568 (0.47-0.7)
0.92 0.85 0.91 1.5/(1.1=2.2) 0.99 (0.81-1.2) 1.5(0.86-2)
0.76 0.74 0.76 0.7 (0.569-0.83) 0.54 (0.46-0.62) 0.7 (0.57-0.85)
0.81 0.79 0.8 0.27 (0.23-0.31) 0.22 (0.19-0.25) 0.24 (0.2-0.29)
0.73 0.72 0.72 0.33 (0.27-0.39) 0.28 (0.24-0.32) 0.31(0.26-0.35)
0.89 0.86 0.89 0.4 (0.33-0.47) 0.32 (0.28-0.36) 0.39 (0.34-0.46)
0.73 0.67 0.72 1.1(0.8-1.7) 0.59 (0.46-0.73) 1.1(0.7-1.6)
0.66 0.62 0.67 0.96 (0.64-1.2) 0.57 (0.42-0.71) 0.93(0.71-1.9)
0.62 0.76 0.63 3(0.72-4.1) 2.5(0.7-5) 2.3 (0.68-7.5)
0.55 0.54 0.54 0.21(0.17-0.24) 0.17 (0.15-0.2) 0.17 (0.15-0.2)
0.94 0.91 0.93 0.72 (0.57-0.87) 0.55 (0.47-0.67) 0.62 (0.47-0.76)
0.87 0.84 0.85 0.42 (0.29-0.59) 0.3 (0.22-0.39) 0.3 (0.23-0.37)
0.30 0.30 0.30 0.067 (0.057-0.082) 0.052 (0.044-0.061) 0.067 (0.065-0.08)
0.50 0.49 0.49 0.54 (0.45-0.66) 0.38 (0.31-0.46) 0.46 (0.33-0.61)

Three length-based methods presented by Froese et al. (2019) are original LBB equation (LBB), correct for the pile-up effect (LBB-1), and let the Bayesian model
determine the degree of correction based on the best fit to the available data (LBB-2). The bold numbers are inconsistent results (exploitation status) by LBB-2 comparing
with other two models. The numbers between brackets represent 95% credible intervals for the parameters.
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Species

Decapterus
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Evynnis
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Nemipterus
bathybius
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virgatus

Priacanthus
macracanthus

Priacanthus
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Trichiurus
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Sequence

0 N O O~ WN

9
10
11
12

13
14
15

16
17
18
19
20
21
22
23

24
25

26

27

28

29
30

Sampling
years

1992

1998
2006
2007
2009
2010
2012
1962

1999
2006
2015
1992

1997
2009
1960

1962
1992
1998
2006
2007
2009
2012
1999

2015
1999

1999

1999

1982

1999
2015

With prior information

Without prior information

Lins (cm)

30.3 (29.8-30.8)

31.7 (31.1-32.2)
27.5 (27.0-28.0)
32.9 (32.3-33.4)
27.7 (27.2-28.1)
26.3 (25.8-26.6)
24.2 (23.9-24.5)
27.9 (27.4-28.4)

22.0 (22.4-23.1)
22.7 (22.3-23.2)
23.4 (23.1-23.9)
24.4 (24.1-24.8)

22.1 (22.0-22.3)
24.1 (23.8-24.5)
32.1(31.56-32.6)

33.1(32.4-33.6)
34.6 (34.1-35.2)
33.6 (33.1-34.4)
32.8 (32.3-33.4)
31.5 (30.9-32.1)
31.4 (30.8-32.0)
32.5 (32.0-33.0)
28.5 (28.2-29.2)
29 (28.4-29.4)
29.4 (29.3-29.7)

45.5 (44.4-46.3)
31.6 (31.1-32.0)
58.2 (57.2-59.3)

70.3 (68.5-71.6)
58.3 (57.3-569.1)

Lc/ Lc_opt

0.65

0.79
0.75
0.46
0.75
0.85
0.95
0.74

0.54

0.82

0.78
1.2

1.5
0.9
1.0

0.86
1.1
0.92
0.76
0.81
0.73
0.89
0.73

0.66
0.62

0.3
0.5

B/BMSY

0.33(0.27-0.41)

0.33 (0.24-0.45)
0.88 (0.63-1.2)
0.24 (0.18-0.3)
0.31(0.23-0.41)

0.13 (0.098-0.16)
0.58 (0.43-0.77)

0.86 (0.62-1)

2.5 (1-4.4)

0.56 (0.44-0.65)

0.53 (0.45-0.64)
2.1 (0.82-3.7)

3(0.55-8.8)
0.89 (0.68-1.1)
2.7 (1.1-5.5)

0.96 (0.74-1.2)
0.59 (0.46-0.73)
1.5 (1.1-2.2)
0.7 (0.59-0.83)
0.27 (0.23-0.31)
0.33 (0.27-0.39)
0.4 (0.33-0.47)
1.1 (0.8-1.7)

0.96 (0.64-1.2)
2.3 (0.72-4.1)

0.21 (0.17-0.24)

0.72(0.57-0.87)

0.42 (0.29-0.59)

0.067 (0.057-0.082)

0.54 (0.45-0.66)

Lins (cm)

31.6(31.1-32.2)

30.7 (30.3-31.1)
26.1 (25.8-26.6)
29.9 (29.3-30.6)
27.5(27.1-27.9)
29.6 (29.3-30.2)
23.9(23.6-24.3)
25.4 (25-25.8)

21.0 (20.8-21.3)
23.7 (23.4-24.1)
21.2 (20.8-21.4)
23.9(23.6-24.3)
25.0 (24.7-25.5)
27.6 (27.1-28.2)
27.7 (27.5-28)

30.7 (30.1-31.2)
31.7 (31.2-32.2)
32.8(32.2-33.4)
29.9 (29.3-30.3)
31.1(30.6-31.6)
38.1(37.4-38.8)
26.5 (25.9-26.9)
27.8 (27.3-28.2)

29.8 (29.3-30.4)
29.3 (29.2-29.5)

44.2 (43.6-44.9)
34.8 (34.2-35.9)
58.1 (57.4-59.1)

67.0 (65.8-68.3)
63.1 (62.1-64)

L/l Lc_opt

0.68

0.84
0.93
0.64
0.87
0.84
0.86
0.63

0.38
0.6
0.7

0.94

0.83
0.61
0.74

0.7

11
0.69
0.65
0.64
0.46
0.78
0.77

0.55
0.56

0.46

0.69

0.67

0.33
0.35

B/Bysy

0.4 (0.28-0.56)

0.47 (0.31-0.74)
1.7 (0.36-3)
0.98 (0.48-1.7)
0.58 (0.38-0.84)
0.13 (0.091-0.16)
0.38 (0.22-0.56)
0.54 (0.33-0.86)

1.6 (0.51-2.7)

0.16 (0.11-0.23)

0.36 (0.25-0.48)
1.3(0.81-2)

0.52 (0.35-72)
0.2 (0.14-0.3)
2 (0.68-6.3)

0.5 (0.26-0.76)
0.54 (0.39-0.7)
0.68 (0.46-1)
0.42 (0.27-0.6)
0.1 (0.069-0.14)

0.052 (0.035-0.077)

0.29 (0.2-0.39)
1.4 (0.67-2.3)

0.47 (0.31-0.64)
1.9 (0.47-3.6)

0.085 (0.57-0.12)

0.22 (0.15-0.32)

0.096 (0.03-0.24)

0.1 (0.079-0.13)
0.12 (0.085-0.17)

The bold numbers represent inconsistent results (B/Busy determining the exploitation status and Le/Lc_opt determining whether growth overfishing) by LBB method with
and without prior information. The numbers between brackets represent 95% credible intervals for the parameters.
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Scenarios

Species B2030/Bmsy

0.5 0.6 0.8 0.95
Trichiurus lepturus 1.48 1.33 1.11 0.76
Larimichthys crocea 1.18 1.09 0.96 0.85
Larimichthys polyactis 1.50 1.40 1.20 1.06
Thamnaconus modestus 1.23 0.94 0.76 0.24
Scomberomorus niphonius 1.40 1.23 1.03 0.73
llisha elongata 1.49 1.37 1.16 0.85
Decapterus maruadsi 1.62 1.42 1:22 1.07
Scomber japonicus 1.47 1.38 1.18 1.04
Engraulis japonicus 1.50 1.40 1.20 1.05
Clupea pallasii 0.79 0.52 0.42 0.06

C2030/MSY
0.5 0.6 0.8 0.95
0.76 0.82 0.92 0.76
0.60 0.67 0.79 0.82
0.77 0.86 0.99 1.02
0.64 0.59 0.63 0.25
0.72 0.76 0.85 0.73
0.75 0.83 0.94 0.82
0.78 0.87 1.00 1.04
0.75 0.85 0.97 1.02
0.77 0.86 0.98 1.02
0.39 0.30 0.30 0.06

Baoao, biomass in 2030; Bmsy, biomass capable of producing maximum sustainable yield; Cogzo, catch in 2030; MSY, the maximum sustainable yield.
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Species

Decapterus maruadsi

Evynnis cardinalis

Nemipterus bathybius

Nemipterus virgatus

Priacanthus macracanthus

Priacanthus tayenus
Saurida undosquamis
Trachurus japonicus
Trichiurus japonicus

Sequence

o N o o~ O N =2

Sampling
years

1992
1998
2006
2007
2009
2010
2012
1962
1999
2006
2015
1992
1997
2009
1960
1962
1992
1998
2006
2007
2009
2012
1999
2015
1999
1999
1999
1982
1999
2015

ELEFAN method LBB method
Lins (cm) Z/IK E Lins (cm) Z/IK E
29.7 4.26 0.70 30.3 (29.8-30.8) 4.4(41-4.7) 0.76
32.0 4.35 0.72 31.7 (31.1-32.2) 45(4.1-6.2) 0.79
30.5 5.48 0.76 27.5 (27.0 -28.0) 2.7 (2.5-2.9) 0.64
32.9 3.57 0.73 32.9 (32.3-33.4) 3.6 (3.3-3.7) 0.78
26.8 5.33 0.78 27.7(27.2-28.1) 4.9(4.4-56.9) 0.80
255 4.09 0.71 26.3 (25.8-26.6) 12 (11-13) 0.86
2389 3.36 0.63 24.2 (23.9-24.5) 3.2 (2.9-3.5) 0.73
27.6 4.89 0.49 27.9 (27.4-28.4) 5(4.6-5.2) 0.58
259 6.92 0.62 22.0(22.4-23.1) 5.6 (5.4-5.8) 0.58
23.0 5.94 0.60 22.7 (22.3-23.2) 6.3 (6.9-6.7) 0.69
23.5 5.79 0.58 23.4 (23.1-23.9) 6.8 (6.5-7.3) 0.70
24.2 5.67 0.57 24.4 (24.1-24.8) 3.1 (2.9-3.3) 0.51
22.0 6.29 0.62 221 (22.0-22.39) 2.6 (2.5-2.7) 0.61
23.6 5.54 0.58 24 .1 (23.8-24.5) 4.9 (4.6-5.1) 0.62
32.6 4.08 0.34 32.1 (31.5-32.6) 2.3 (2.1-2.4) 0.26
33.5 4.37 0.47 33.1 (32.4-33.6) 4.3 (4-4.8) 0.58
34.1 6.85 0.62 34.6 (34.1-35.2) 9.3 (8.4-10) 0.73
32.9 6.89 0.61 33.6 (33.1-34.4) 4.1 (3.94.4) 0.56
32.1 6.63 0.60 32.8 (32.3-33.4) 6 (5.7-6.3) 0.62
31.8 8.45 0.71 31.5(30.9-32.1) 11 (10-12) 0.77
31.2 9.40 0.74 31.4 (30.8-32) 8.9 (8.39.4) 0.75
32.0 7.07 0.56 32.5 (32.0-33.0) 12 (11-13) 0.77
29.3 5.06 0.68 28.5(28.2-29.2) 2.8 (2.6-3.1) 0.58
201 6.53 0.70 29 (28.4-29.4) 3.5 (3.3-3.9) 0.59
29.4 5.72 0.68 29.4 (29.3-29.7) 5.8(B.5-6.1) 0.67
45.5 5.07 0.56 45.5 (44.4-46.9) 8.7 (8.2-9.5) 0.77
31.2 512 0.58 31.6 (31.1-32.0) 5.3(4.9-5.5) 0.67
62.2 4.57 0.71 58.2 (57.2-59.3) 3.7 (3.44.3) 0.80
70.0 11.19 0.87 70.3 (68.5-71.6) 7.8 (7.5-8.2) 0.84
58.5 5.86 0.59 58.3 (67.3-59.1) 5.3 (5-5.5) 0.63

The bold numbers represent significantly different results (p < 0.05) between ELEFAN and LBB method. The numbers between brackets represent 95% credible intervals

for the parameters.
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Species r K (103t)  Copie MSY Bootg  Baoto’lk  Bmsy  Baote/  Faorg Finsy Foo1e/  Status in 20197
(10%)  (10%)  (10%) (10%t)  Bmsy (vear~') (year~1) Fumsy

Trichiurus lepturus 0.88 5151 916 1122 1466 0.29 2575 0.57 0.63 0.44 1.42 Over-fished
Larimichthys crocea 0.24 1682 60 102 536 0.32 841 0.64 0.1 0.12 0.92 Over-fished
Larimichthys polyactis 0.64 2109 284 346 1295 0.46 1397 0.93 0.22 0.25 0.92  Slightly over-fished
Thamnaconus modestus 0.65 1463 128 239 249 0.17 732 0.34 0.55 0.33 2.45  Grossly over-fished
Scomberomorus niphonius ~ 0.64 2646 349 417 752 0.28 1323 0.57 0.46 0.32 1.46 Over-fished
llisha elongata 0.95 382 67 91 112 0.29 191 0.59 0.60 0.48 1.26 Over-fished
Decapterus maruadsi 1.11 2139 448 587 1017 0.48 1070 0.95 0.44 0.56 0.79  Slightly over-fished
Scomber japonicus 0.55 3208 415 438 1325 0.41 1604 0.83 0.31 0.28 1.14  Slightly over-fished
Engraulis japonicus 1.29 3177 625 1011 954 0.30 1589 0.60 0.66 0.65 1.01 Over-fished
Clupea pallasii 0.54 203 11 27 19 0.10 101 0.19 0.59 0.27 5.64 Collapsed

r, maximum intrinsic rate of population increase; k, the environmental carrying capacity; t, metric tons; Cog1g9, catch in 2019; MSY, maximum sustainable yield; Bag1o,
biomass in 2019; Bmsy, the biomass capable of producing maximum sustainable yield; Fao19, fishing mortality in 2019; Fysy, the mortality capable of producing
maximum sustainable yield;1referred from Palomares et al. (2018); slightly overfished, 0.8 < Bag19/Bmsy < 1.0; overfished, 0.5 < Bag19/Bmsy < 0.8; grossly overfished,
0.2 < Bgmg/Bmsy £0.5; col/apsed, Bzmg/Bmsy <0.2.
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Species Sequence Sampling year Standard length Numbers of Sampling

range (mm) individuals measured intervals
Decapterus maruadsi 1 1992 90-270 635 Quarterly
2 1998 32-300 1714 Quarterly
3 2006 76-264 1049 Quarterly
4 2007 67-250 1028 Quarterly
8 2009 86-235 1226 Quarterly
6 2010 96-215 465 Quarterly
7 2012 75-256 1318 Quarterly
Evynnis cardinalis 8 1962 40-240 5201 Monthly
9 1999 57-230 1120 Quarterly
10 2006 41-196 2055 Quarterly
11 2015 23-202 2783 Quarterly
Nemipterus bathybius 12 1992 51-220 650 Quarterly
13 1997 51-200 870 Quarterly
14 2009 41-230 450 Quarterly
Nemipterus virgatus 15 1960 36-282 6781 Monthly
16 1962 46-275 2356 Monthly
17 1992 68-300 976 Quarterly
18 1998 43-300 3168 Quarterly
19 2006 60-316 1467 Quarterly
20 2007 75-308 670 Quarterly
21 2009 63-310 828 Quarterly
22 2012 75272 545 Quarterly
Priacanthus macracanthus 23 1999 55-300 1722 Quarterly
24 2015 57-303 1295 Quarterly
Priacanthus tayenus 25 1999 55-287 421 Quarterly
Saurida undosquamis 26 1999 11-435 6467 Quarterly
Trachurus japonicus 27 1999 90-290 1170 Quarterly
Trichiurus japonicus 28 1982 132-605 432 Quarterly
29 1999 20-670 3662 Quarterly
30 2015 61-528 1128 Quarterly
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Species Feeding habit Functional group Time series Resilience Prior rrange B/k at start year B/k at end year

Trichiurus lepturus Top predator Large benthopelagics 1956-2019 Medium 0.53-1.20" 0.8-1.0 0.01-0.46
Larimichthys crocea Middle carnivores ~ Medium benthopelagics ~ 1956-2019 Medium 0.20-0.45" 0.4-0.8 34 0.01-0.4 48
Larimichthys polyactis Middle carnivores Medium benthopelagics 1956-2019 Medium 0.37-0.85' 0.01-0.4° 0.2-0.6°
Thamnaconus modestus Plankton feeder Medium benthopelagics 1977-2019 Medium 0.60-1.502 0.8-1.0 0.01-0.4°
Scomberomorus niphonius Top predator Large pelagics 1978-2019 Medium 0.37-0.85" 0.8-1.0 0.01-0.4%
lisha elongata Omnivores Medium pelagics 19802019 Medium 0.58-1.32" 0.8-1.0 0.01-0.410-11
Decapterus maruadsi Middle carnivores Small pelagics 1980-2019 High 0.60-1.502 0.8-1.0 0.2-0.657
Scomber japonicus Middle carnivores Medium pelagics 1980-2019 Medium 0.32-0.73" 0.8-1.0 0.2-0.6%7
Engraulis japonicus Plankton feeder Small pelagics 1989-2019 High 0.78-1.76" 0.8-1.0 0.01-0.457
Clupea pallasii Plankton feeder Medium pelagics 1989-2019 Medium 0.37-0.84" 0.8-1.0 0.01-0.412

1 Referred from FishBase (www.fishbase.org); 2Froese et al., 2017; 3Cheng and Fan, 2001; *Liu and De Mitcheson, 2008; ®Zhuang, 2006; ®Zhai and Pauly, 2019; ? Liang
and Pauly, 2017; 8Ling et al., 2006; ®Cheng and Yu, 2004;19Wang et al., 2016; 11Wang et al., 2004; and 2Shan et al., 2013.
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These complexes should be assessed and managed as such throughout the entire
GOA. Species in bold italics are assigned based on occurrence in gear types,
but should be carefully monitored. Species in bold are commonly caught in all
gears and have been assigned to the complex that is associated with the gear, in
which they are most commonly caught. Rare species (species that comprise < 1%
of total catch) are provided in italics and are similarly assigned to the complex
related to the gear in which they are most frequently caught. Other management
considerations (e.g., enforcement issues) might be warranted to reassign common
and rare species to different complexes. An “” is used to identify suggested
precautionary indicator species for each complex based on the low productivity
from the life history cluster analyses.
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Common name Sebastes sp. Assessment Group Amax Amat Lmat (mm) Loo (mm) k

blackgill S. melanostomus GOA OR 90 (OR/CA; 1) 21 (OR/CA; 1) 350 (OR/CA; 1) 548 (OR/CA; 1) 0.04 (OR/CA; 1)
bocaccio S. paucispinis GOA OR 45 (WA, 2) 4 (CA;12) 450 (CA; 12) 909 (BC; 22) 0.088 (BC; 22)
canary S. pinniger DSR 71 (CA; 3) 9 (CA; 12) 480 (BC; 20) 580 (BC/WA/OR/CA; 23) 0.16 (BC/WA/OR/CA; 23)
Chilipepper S. goodie GOA OR 35 (OR/CA; 4) 2.5 (OR/CA; 4) 260 (OR/CA; 4) 575 (OR/CA; 4) 0.252 (OR/CA; 4)
China S. nebulosus DSR 78 (AK; 5) 4 (CA; 12) 270 (CA; 12) 450 (AK; 28) 0.19 (WA/OR/CA; 31)
copper S. caurinus DSR 50 (AK; 5) 6 (CA; 12) 340 (CA; 12) 400 (AK; 28) 0.13 (WA/OR/CA; 31)
darkblotched S. crameri GOA OR 105 (6) 8.4 (OR; 13) 365 (OR; 13) 455 (OR; 24) 0.185 (6)
greenstriped S. elongates GOA OR 54 (AK; 5) 8.5 (WA/OR/CA; 14) 230 (CA; 12) 355 (BC; 25) 0.115 (BC; 25)
harlequin S. variegatus GOA OR 34 (AK; 7) 9.0* 230 (AK; 20) 323 (AK: 7) 0.110 (AK; 7)
northern S. polyspinis Subareas: 640,650 72 (AK; 7) 13 (AK; 15) 360 (AK; 15) 404 (AK; 7) 0.165 (AK; 7)
pygmy S. wilsoni GOA OR 6 (BC; 5) 6.0* 183.9* 230 (AK; 28) 0.180*
quillback S. maliger DSR 90 (AK; 8) 5 (AK; 16) 260 (CA; 12) 610 (AK; 28) 0.113*
redbanded S. babcocki GOA OR 106 (AK; 5) 4 (CA;12) 420 (BGC; 20) 698 (BC; 22) 0.042 (BC; 22)
redstripe S. proriger GOA OR 55 (BC; 5) 8(16) 290 (BC; 20) 420 (BC; 22) 0.15 (BC; 22)
rosethorn S. helvomaculatus DSR 87 (AK; 5) 8 (CA; 12) 210 (AK; 20) 319 (BC; 22) 0.079 (BC; 22)
sharpchin S. zacentrus GOA OR 58 (AK; 7) 10 (16) 270 (AK; 16) 350 (AK; 7) 0.122 (AK; 7)
silvergray S. brevispinis GOA OR 75 (AK; 7) 10 (BC; 17) 460 (BC; 16) 623 (AK: 7) 0.093 (AK; 7)
splitnose S. diploproa GOA OR 103 (BC; 9) 7 (CA;12) 218 (WA/OR/CA; 21) 314 (BC; 9) 0.155 (BC; 9)
stripetail S. saxicola GOA OR 38 (30) 4 (CA; 18) 200 (BC; 20) 327 (CA; 18) 0.147 (CA; 18)
tiger S. nigrocinctus DSR 116 (AK; 5) 15.0* 391.1* 610 (AK; 28) 0.083*
vermilion S. miniatus GOA OR 60 (AK; 5) 6 (CA; 18) 330 (CA; 18) 688 (CA; 18) 0.164 (CA; 27)
widow S. entomelas GOA OR 60 (BC; 5) 5 (CA; 12) 370 (CA; 12) 516 (OR; 26) 0.15 (OR; 26)
yelloweye S. ruberrimus DSR 117 (AK; 10) 22 (AK; 16) 475 (AK; 16) 644 (AK; 10) 0.046 (AK; 10)
yellowmouth S. reedi GOA OR 9 (BC; 5) 1(BC; 32 380 (BC; 20) 469 (BC; 32) 0.12 (BC; 32)
yellowtail S. flavidus GOA OR 64 (BC; 11) 9 (WA/OR/CA; 19) 410 (WA/OR/CA; 19) 530 (BC; 22) 0.20 (BC; 22)

Assessment Group indicates the current species complex assignment. Life history values included are: maximum age (Amax), age-at-maturity (Amat), length-at-maturity (Lmat), average maximum length (L) and von
Bertalanffy growth parameter, k. Regions or states (i.e., CA, California; OR, Oregon; WA, Washington; BC, British Columbia; AK, Alaska) and citation (in Appendix 1) are listed in parentheses.
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