

  fishes-08-00130




fishes-08-00130







Fishes 2023, 8(3), 130; doi:10.3390/fishes8030130




Article



Effects of Fishing Selectivity and Dynamics on the Performance of Catch-Based Data-Limited Assessment Models for Species with Different Life History Traits



Ting-Chun Kuo 1,*[image: Orcid], Ching-Chun Cheng 1 and Nan-Jay Su 2,3[image: Orcid]





1



Institute of Marine Affairs and Resources Management, National Taiwan Ocean University, Keelung 202301, Taiwan






2



Department of Environmental Biology and Fisheries Science, National Taiwan Ocean University, Keelung 202301, Taiwan






3



Intelligent Maritime Research Center, National Taiwan Ocean University, Keelung 202301, Taiwan









*



Correspondence: tckuo@mail.ntou.edu.tw







Academic Editors: Mohamed Samy-Kamal and Célia M. Teixeira



Received: 6 February 2023 / Revised: 17 February 2023 / Accepted: 20 February 2023 / Published: 24 February 2023



Abstract

:

The assessment of fish stocks is often limited by a lack of comprehensive data. Therefore, catch-based methods are increasingly being used because of the availability of more catch data. However, catch-based models may perform differently for species with different traits and fishing histories. In this study, we investigated the performance of catch-based models for species with different life history traits, fishing histories, and under different length selections. We compared simulated biomass with estimated stock status from three widely used catch-based models (Catch-MSY model [CMSY]; catch-only model-sampling importance resampling model [COM-SIR]; state-space catch-only model [SSCOM]) under three fishing history scenarios (constant, increasing then decreasing, and continuously increasing fishing mortality) and three length selectivity scenarios (no selectivity, preferring smaller individuals, preferring larger individuals). Our results showed that CMSY performed the best, particularly when fishing mortality remained constant. Catch-based models performed better for opportunistic species that had larger individuals selected for fishing and equilibrium species that had smaller individuals selected. However, the models tended to overestimate stock status when fishing mortality continued to increase. Therefore, caution should be exercised when applying catch-based methods to data-poor stocks with diverse life history traits, fishing history, and those sensitive to selective fishing.
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Key Contribution: This study provided the first evaluation on how fishing selectivity affects the performance of catch-based data-limited models for species with different life history traits and fishing dynamics, using simulated size-structured populations.










1. Introduction


Assessing stock status is a critical step for sound fishery management; however, the majority of fish stocks remain unassessed because of data limitations [1]. While there is increasing attention on the sustainable use of fishery resources, only 20% of the global catch comes from assessed stocks [2]. In other words, there is insufficient information and/or capacity to assess the status of most commercially exploited species. Costello et al. (2012) [3] indicated that 64% of unassessed fisheries may be exploited stocks whose biomass (B) is below the level of the maximum sustainable yield (Bmsy), and that 18% of the unassessed stocks are considered to be collapsed (i.e., B/Bmsy < 0.2). While most of the unassessed fisheries were in developing countries and were small-scale fisheries [4], simple and cost-effective assessment methods are urgently needed to assess the stock status of these fisheries [5].



Data-limited assessment models (DLMs) have been developed to provide alternative assessment methods for species with limited data. Depending on the information required by the models, the DLMs can be broadly divided into length-based and catch-based models. Both types of methods have been used to estimate the stock status of species and to develop feasible fishery management. Examples of applying DLMs in stock assessment range from developed countries to developing countries [6,7,8,9]. Zhou et al. (2017) [7] even pointed out that DLMs can provide estimates similar to comprehensive stock assessments.



The catch-based models mainly rely on catch data to estimate stock status and other reference points for fishery management. Catch data are often the most available data for data-poor stocks, and can therefore be used as important information on stock status. For example, catch has been found to be correlated with biomass at the maximum sustainable yield (Bmsy) [3,7]. Catch data have also been used to estimate the depletion rates in population dynamics [10,11,12]. However, it has been argued that catch is not only correlated with population abundance, but can be affected by factors such as fishing effort [13], catchability [14,15], selectivity [16], and fishery management [14]. Therefore, these effects should be carefully considered when applying catch-based models [15].



Catch-based models may perform differently under different fishing conditions or for species with different life history traits. However, few studies have systematically analyzed the effects of life history traits and fishing mortality history on the performance of catch-based models. Hilborn et al. (2020) [4] showed that there can be complicated interactions between species biomass, fishing mortality, and catches. Carruthers et al. (2012) [17] used two catch-based models [18,19] to assess categorical stock status (e.g., developing or fully exploited), and found that the models had different classification biases for stock status under different effort trend assumptions. Free et al. (2020) [17] showed that the catch-based models had different biases under different exploitation rates and for species with different traits. However, while some studies have investigated the effects of fishing history and life history traits on the performance of catch-based models [8,17], the interactions between fishing and the life history traits of a stock have not been explored.



Selective fishing causes the distribution of the length/age composition of the catch to be skewed in a particular direction [20]. Selective fishing may occur for several reasons, including: (1) fishing gear and method—the mesh or hook targets a specific size of individuals or excludes smaller individuals; (2) fishing area and season—fishing may occur in a specific area and during the feeding or spawning ground/season, resulting in catching a specific size range of a population; (3) fishery management or the market—the government or market encourages catching large individuals. Long-term and highly selective fishing can the alter life history traits of a population [21], limit the reproductive potential of the population [22], and increase population fluctuation [23]. Given that selectivity has a profound effect on the stability of a population, it should be taken into account when estimating stock status. Catch-based models usually only consider the total weight of the catch and neglect the size/age structure of the catch. The impact of size or age selectivity on the performance of catch-based models has not been thoroughly explored.



In this study, we aim to investigate how length-selective fishing and changes in fishing mortality can affect the performance of catch-based models, considering species with different life history traits. We simulated the stock dynamics in thirty-six different scenarios, considering four types of life history strategies, three types of fishing trends, and three types of length selectivity. Our systematic investigation of the drivers of the performance of catch-based models will shed light on the application of DLMs for data-limited stock assessment.




2. Materials and Methods


2.1. Operation Model for Simulating Population Dynamics and Catch Time Series


The operation model (OM) used in this study was an age-structured model with deterministic processes considering survival rate, growth rate, maturity, fecundity, and recruitment over a simulated time period [24]. The details on the population dynamics model can be found in Appendix A of Methot and Wetzel (2013) [25]. We tested various sets of life history trait inputs to represent species with different life histories, then categorized the species into four life strategists (see details in 2.2 Simulation scenarios). Parameters of life history traits were collected from the literature for the representative species of each group (Table S1). The distribution of the variation of recruitment was assumed to be the same for all groups (a lognormal distribution with   σ   was between 0 and 1). We simulated a 100-year population dynamic time series with recruitment process errors. We then calculated the total biomass (By) across all ages for each year, y, as follows:


   B y  =   ∑   a = 0  A   w  a , y   ×   ∑   a = 0  A   N  a , y    



(1)




where A is the maximum age of the stock,    w  a , y     is the mean weight of individuals at a certain age, a, in a given year, y, while    N  a , y     is the number of fishes at a certain age (a) in a given year (y).



After simulating the time series of the population’s biomass, we further produced the time series of the catch using the Baranov catch equation (Methot et al., 2020) [26]:


   C  y a   =  N  y a   ×     F y   S a     Z  y a       (  1 −  e  −  Z  y a      )   



(2)




where    C  y a     is the catch of an age class (a) in a year (y)    N  y a     is the biomass of the age class (a) in the year (y),    F y    is the fishing mortality in the year, y,    S a    is the selectivity of the age class (a),    Z  y a     is the total mortality of the age class (a) in the year (y). We determined the fishing selectivity (S) based on different selectivity scenarios (see Section 2.2 Scenarios).



The unit of the total biomass and the catch was metric tons. The operation model was conducted using the “ss3sim” package [24] in R program (version 4.0.0) for 10 iterations, then we calculated the mean and standard error of the simulated biomass for all iterations for each year.




2.2. Simulation Scenarios


In this study, we simulated population dynamics for 36 scenarios, including combinations of four life history strategies, three fishing history dynamics, and three fishing selectivity types.



Firstly, we collected life history trait information for 42 species described in [27], including length at 50% maturity, maximum length, growth coefficient, fecundity, egg size, and maximum age (Table S1). The information was used to classify the different life history trait strategies [27], as well as being used to construct the operation model for each species. We followed [27], using principal component analysis (PCA) to classify the 42 species into five strategy groups: the opportunistic strategy (OPP), equilibrium strategy (EQU), periodic strategy (PER), salmonic strategy (SAL), and intermediate strategy (INT) (Figure S1). In this study, to compare the life history strategists with more distinct traits, we excluded the intermediate strategists. Eventually, 27 species were analyzed in this study (Table S1). After constructing OM for species in each group, we compared the assessment results among the four strategy groups.



To test the effects of fishing mortality (F) dynamics, we defined three scenarios to reflect different fishing histories (Figure 1): (i) scenario F1, where fishing mortality was constant at all times; (ii) scenario F2, where fishing mortality gradually increased and then gradually decreased; (iii) scenario F3, where fishing mortality increased continuously. The mean F over all tested years (100 years) was the same for all three scenarios (Figure 1). However, the mean F was set differently for each of the life history trait groups. This is because species with different life history traits can tolerate different levels of F before being overfished. Therefore, to evaluate the performance of the data-limited assessment models for populations of different statuses (from not overfished to overfished), we need to consider the different magnitudes of fishing mortality for different life history trait groups. Random noise (   σ  f , t    ) was added from a normal distribution to the fishing mortality at each time step:


   F t   ~  U  (   F t  ,  σ  f , t    )  ;  σ  f , t   =  F  m e a n   × 0.1  



(3)




where    F  m e a n     is the mean fishing mortality for the whole fishing period, and    F t    is the fishing mortality of a year, t.



We also tested whether catches from selective fisheries affect the performance of catch-based models. Since selective fishing is typically based on length rather than age in practice, we simulated length selection in this study. In other words, we assumed that a selection of length was equivalent to a selection of age for fishes [28]. We simulated three different length selectivity scenarios (S). The first scenario, S0, represented a non-selective fishery, where the chance of being caught was constant across all length classes. The second scenario, S1, simulated a fishery where smaller individuals had a greater probability of being caught. The third scenario, S2, represented a fishery where larger individuals had a greater probability of being caught (see an example in Figure 2). We used the method of double normal distribution with plateau to determine the probability of selecting individuals in each length class. To determine the peaks of selectivity, we defined the length with the highest selection probability for S1 (S1top) and S2 (S2top) for each species using the following rules: S1top = Lmin + (Lmax − Lmin)/9*3, S2top = Lmin + (Lmax − Lmin)/9*6, where Lmin is the minimum length and Lmax is the maximum length of a species (Table S1). The Lmin is the length at t0 of the von Bertalanffy growth function (VBGF) of the species, collected from Fishbase. The selectivity was between 0 and 1, and the mean of S across all lengths was set as identical for all three scenarios of each species.



Overall, there were nine scenarios of fishing conditions (3 F-scenarios × 3 S-scenarios) for twenty-seven species belonging to four life history strategy groups.




2.3. Catch-Based Models


For each species under each scenario, three catch-based assessment models were applied to the simulated catch data to evaluate model performance. The catch-based models used in this study include the Catch-MSY model [CMSY] [10], catch-only model-sampling importance resampling model [COM-SIR] [11], and state-space catch-only model [SSCOM] [12]. The parameters used in the catch-based models for each species were listed in Table S1. The analyses were conducted by the “datalimited” package [29] in R program (version 4.0.0).



The CMSY [10] required six types of input data, including catch time-series, resilience (r), natural mortality (M), carrying capacity (K), and the range of the depletion rate for the first and the final year. We determined that the priors of r and K were from uniform distributions, and we used the Bernoulli distribution as the likelihood function for viable r–K pairs. To obtain enough pairs of the viable r–K combinations (those with which the population would not collapse or be over the carrying capacity, as defined in [10]), we assumed the maximum value of K as 100 times the maximum catch and the minimum value of r as 0.05. The depletion rate was a default value that was derived from the catch at year 0 and the last year divided by the maximum catch (following [10]). The same prior settings of the range of r and K were also used for the COM-SIR and SSCOM, but the prior distributions were assumed to be normal and lognormal in the COM-SIR and SSCOM, respectively.



For the COM-SIR [11], we assumed the harvest rate as a logistic function that was controlled by the parameters a (the bioeconomic equilibrium as a proportion of K) and x (the intrinsic rate of effort change). We defined the prior probability distribution for each of the parameters as a~U(0, 1) and x~U(0.000001, 1).



For the SSCOM [12], we defined the prior distribution for the model parameters also as uniform distributions: a~U(0, 2) and x~U(0.01, 0.5). Since the SSCOM considers the stochasticity of the population dynamics, effort dynamics, and catch efficiency using a Bayesian state-space framework, we also defined the process errors of effort, biomass, and catchability as    σ E  ,  σ P  ,  σ Q   ~U (0.01, 1).




2.4. Evaluating the Performance of the Catch-Based Models


In order to examine the performance of catch-based models in estimating stock status under different fishing scenarios, we calculated the relative error (RE) between the model-estimated and the simulated stock biomass (B) proportional to the Bmsy (BBmsy):


   RE  =    θ ^  − θ  θ   



(4)




where   θ ^   is the estimated value from the catch-based model and  θ  is the BBmsy value calculated from the operating model.





3. Results


3.1. Simulation Outputs by Life History Traits and Fishing Strategy


The trends in simulated biomass varied among the F scenarios, life history trait strategies, and S scenarios (Figure S2). In general, species biomass remained stable at constant fishing mortality (F1) after a drop in the first year of fishing. In contrast, for scenario F2, species biomass decreased with increasing fishing mortality and increased with a time lag as fishing mortality decreased. In the scenario where the fishing mortality increased continuously (F3), the species biomass continuously decreased.



The biomass of species with different life history trait strategies had different responses to length selectivity (Figure S2). For the OPP strategists, fishing that favored larger individuals (S2) generally resulted in higher species biomass. In contrast, for the EQU strategists, a preference for smaller individuals (S1) resulted in a greater species biomass. For the SAL and PER strategists, the biomass was not affected by length selectivity.



Catch changed positively with the level of fishing mortality, but often decreased when the fishing mortality reached a certain level and did not increase again even when F decreased in the F2 scenario (Figure 3). For all life history trait strategies, greater selectivity for larger individuals (S2) resulted in higher catches than the scenario that favored smaller individuals (S1) (Figure 3).




3.2. Evaluating the Performance of the Catch-Based Models


The relative errors between the catch-based model and the operational model outputs were the smallest for CMSY (Figure 4). In addition, our results showed that the catch-based models had different performances under different fishing selectivity, especially for the OPP and EQU species (Figure 4). We found that for the OPP species, catch-based models performed better (i.e., with a lower RE) under scenario S2, where fishing targeted the larger individuals (Figure 4a). In contrast, for the EQU species, the catch-based models performed better when fishing targeted the smaller individuals (scenario S1) (Figure 4b). REs were generally not significantly different between the S scenarios for the SAL and PER species (Figure 4c,d).



When comparing them among scenarios with different fishing histories, our results showed that the catch-based models generally performed the best under the F2 scenario (increasing then decreasing fishing). However, the model estimates lagged in reflecting biomass recovery when the fishing mortality was decreasing in the later part of F2 (Figure 5). For the constant fishing mortality scenario (F1), the catch-based models performed better for the OPP and SAL species compared to the EQU and PER species (Figure 5). In addition, the REs of the CMSY remained stable throughout the time series for all life history strategies, whereas the COM-SIR and SSCOM produced increasing REs for the OPP and SAL strategies (Figure 5). For the continuously increasing fishing scenario (F3), the estimated BBmsy values were increasingly over-estimated by the three catch-based models, while the biomass actually decreased, resulting in an increasing RE over time (Figure 5). Overall, the CMSY performed the best among the three models for all F scenarios.





4. Discussion


We found that the CMSY performed the best for species with different life history traits and under different fishing scenarios among the three commonly used catch-based assessment methods. Such results support previous studies that suggest that CMSY estimates deviate less from the true or assessed biomass status for the comprehensive models than for many other data-limited models [8,30,31]. We also found that catch-based models performed differently with respect to fishing selectivity, with different responses for species with different life history traits. This is the first study examining the effects of selective fishing on the performance of catch-based models. The catch-based models generally had more stable performance at constant fishing mortality, as these models struggled to reflect biomass recovery and overestimated stock status especially when fishing mortality continued to increase. Our results have important implications for the use of catch-based models in the assessment of data-poor fisheries, in particular highlighting the importance of accounting for fishing selectivity and life history traits of species.



Our research indicates that the selective fishing of opportunistic and equilibrium species can impact the performance of catch-based models. This suggests that when using catch-based DLMs, the size and age structure of the stock should be taken into consideration. We found that the three catch-based models performed better when fishing favored larger individuals for opportunistic species and when it favored smaller individuals for equilibrium species. For opportunistic strategists, the extraction of larger individuals would be less damaging to the size structure of the population, given their high resilience [32]. The population under scenario S2 could therefore have had a higher biomass, which would result in a smaller difference in the optimistic estimate than that of catch-based models. In contrast, for equilibrium strategists, the selection of larger individuals would have a greater impact on the stability of the population biomass [23]. The stock status estimated by catch-based models would therefore be overestimated.



Of the three catch-based models tested, the CMSY was found to perform best and to be stable, although all three models showed increasing REs as the fishing mortality continued to increase. Our finding that the CMSY had the best performance was consistent with that of previous studies comparing the CMSY with many other data-limited models [8,30,31]. When the fishing mortality remained constant (scenario F1), the REs of the CMSY remained the smallest and the most stable over the entire simulation period for all life history strategies. In contrast, the COM-SIR and SSCOM produced increasing REs for the OPP and SAL strategies. The stable errors between the years provided opportunities to apply these methods in the stock assessment, as the bias could be easily corrected and interannual comparisons could be made, as also demonstrated by Pons et al. (2020) [8]. In scenario F2 (where fishing mortality decreased after increasing), we found that only the CMSY could detect biomass recovery for all life-history strategies. Our results support the assertion that for the COM-SIR and SSCOM, the effort dynamics should be modelled separately before and after the fishery management is involved [12]. In F3 (which had increasing fishing mortality), the REs of the three catch-based models increased over time, indicating that the catch-based models failed to capture the increasingly exploited state of the stocks. However, we note that a prior study discovered that all catch-based models currently in use encountered challenges when attempting to produce reliable outcomes that aligned with traditional stock assessment methods, despite having access to extensive data [17]. This indicates that catch-based models should still be used with caution.



The differences in the performance of catch-based models for different types of life history traits have been identified in our results. The results of our study support that the life history traits of a species not only directly affect the predictability of catch-based models [17,33], but that the traits also correspond to fishing selectivity in terms of the effect on the performance of DLMs. Given the effects of life history traits, the choice of priors for traits relevant to population growth rate and life span (e.g., r and K) would be critical in the application of these models [10,11,12]. Martell and Froese (2013) [10] therefore suggested that the best available knowledge should be used to decide the priors for r and K, including a consideration of expert opinion and the use of meta-analysis to estimate these values [34].



We note that the assessment results of some catch-based models should be interpreted with caution, as the assessed biomass may be highly correlated with the catch but not with the true biomass dynamics. For example, in our results, the BBmsy estimated by the SSCOM was more similar to the annual variation of catch than to the biomass. Thorson et al. (2013) [12] also pointed out that the SSCOM is highly dependent on the catch time series. Considering that catch data can be affected by many factors in addition to stock biomass, such as market shifts and changes in fishing regulations, the trend of the catch time series could deviate from the biomass [35,36]. We therefore recommend that catch-based models should be applied more carefully to avoid mis-estimating stock status [37].



The development of data-limited methods should not prevent the government from continuously collecting information for comprehensive assessments. Because catch-based models are sensitive to fishing history and strategy [30], as our results showed, we recommend that the history of changes in fishing efforts are considered based on expert opinion or the literature when applying catch-based models. In addition, if the age/length composition of the population is sensitive to length-selective fishing, we should consider the selectivity when applying catch-based models. In a data-limited situation, stock assessment should ideally be carried out under separate fishery management and regulatory phases. While the data-limited models could provide a rapid assessment for management decisions, it should be noted that our use of these methods involved simple hypotheses and often provided biased estimates of fishery status [17]. It is recommended that the management bodies continue to monitor stock status to implement comprehensive fishery management under the regulation of the harvest control rule (HCR) and management strategy evaluation (MSE) framework [31,38].
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Figure 1. The simulated fishing mortality dynamics of the three F scenarios (F1, F2, and F3): F1, where fishing started in the 27th year and then remained constant (solid line); F2, where fishing started in the 27th year, increased until the 64th year, and then decreased afterwards (dashed line); F3, where fishing started in the 27th year and continuously increased (dotted line). Note that the mean F was the same for the three scenarios for the same species, but that the mean F may be different between species. 
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Figure 2. An example of the simulated three length selectivity scenarios (S0, S1, S2) for sablefish (Anoplopoma fimbria). S0 represents a non-selective fishery (orange); S1 is where smaller individuals had a greater probability of being caught (yellow); S2 is where larger individuals had a greater probability of being caught (green). 
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Figure 3. The simulated catch time series (unit: Mt) of four life history strategy groups (OPP, EQU, SAL, and PER) under three F scenarios (F1, upper panel; F2, middle panel; F3, bottom panel) and three S scenarios (S0, orange; S1, yellow; S2, green). The line is the mean catch of all species of each life history strategy, with the standard errors as the shaded areas. 
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Figure 4. The boxplots show the relative errors between the estimates of the catch-based models and the simulated true BBmsy for (a) oppertunistic species (OPP), (b) equalibrium species (EQU), (c) salmonic species (SAL), and (d) periodic speices (PER). The red star indicates the significant difference between the scenario and S0. 
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Figure 5. The relative errors from the 27th year to 100th year of the four life history strategy groups (OPP, EQU, SAL, and PER) under the three F-scenarios (F1, F2, and F3). Red represents the REs estimated from the CMSY; green represents theREs estimated from the COM-SIR; blue represents the REs estimated from the SSCOM. 
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