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China contributes the largest catches to global marine wild-capture fisheries. The majority of them are harvested from China Seas which are highly productive, but are facing heavy fisheries exploitation. The status of exploited fisheries stocks in China Seas have remained largely unknown due to severe data-limited conditions, which hindered their sustainable use and effective management. Although the off-the-shelf use of catch-only methods (COMs) has been cautioned because of their poor estimation performance, such methods have been increasingly applied to infer the status of exploited stocks in China Seas without performance evaluation. In this study, we established an empirical approach to evaluate the performance of a suite of COMs in predicting stock biomass status for the data-limited fisheries in the East China Sea (ECS) from data-rich stocks with similar characteristics in the RAM Legacy Stock Assessment Database (RLSADB). The results confirmed that ensemble approaches performed better than the individual COMs in estimating the mean of stock biomass status for data-rich stocks selected from RLSADB. By contrast, mechanistic COMs demonstrated more accurate estimates when predicting the trend of stock biomass status. The stock status of commercial fisheries in ECS estimated by three mechanistic COMs (Catch-MSY, CMSY, and OCOM) was likely too optimistic for most species. We suggest that China establish its national database and develop and implement regular monitoring programs to satisfy formal statistical stock assessment for its coastal fisheries.
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Introduction

The United Nations Sustainable Development Goal 14 (SDG 14), titling “Life below water”, calls for the global community to “Conserve and sustainably use the oceans, seas, and marine resources for sustainable development.” Marine fisheries are particularly important to food security, employment, cultural identity, and ecosystem services around the world (Ovando et al., 2021a). Achieving the SDG 14 targets partially relies on the ability to effectively determine the status of global marine fish populations and fisheries. However, the majority of the world’s fish populations, constituting roughly 50% of marine landings, lack formal stock assessment to evaluate their stock size relative to reference points (FAO, 2020; Hilborn et al., 2020). This includes nearly all marine wild-capture fisheries in China Seas, which are characterized by the world’s largest catches, highest fishing efforts, and the most fishing fleets (Zhang et al., 2022).

China produces 15% of global marine wild-capture catch (FAO, 2020), and its coastal fisheries in China Seas (i.e., the Bohai Sea, the Yellow Sea, the East China Sea, the South China Sea) are highly productive, producing ~80% of that total (MOA, 1986-2021). Unfortunately, the status of exploited fisheries in China Seas have remained largely unknown, which are mainly caused by lack of sufficient data and expertise to support formal stock assessment. Some previous studies revealed fish stock status in China Seas through graphical catch-only approaches (i.e., stock status plots) which assign status based on the ratio of current catch to the maximum catch with various fisheries phases (Cao et al., 2017; Lam and Pauly, 2019; Teh et al., 2020), even though such methods have been widely criticized for being negatively biased and providing overly pessimistic conclusions regarding stock status (Branch et al., 2011; Carruthers et al., 2012). Furthermore, mechanistic catch-only methods (COMs), such as CMSY (Froese et al., 2017) have been increasingly applied to infer the status of exploited stocks in China Seas (Zhang et al., 2018; Liao et al., 2021; Pauly et al., 2021). However, the performance of application of COMs in China Seas has yet to be evaluated.

The consensus of numerous evaluations is that COMs provide imprecise and biased estimates of stock status when applied to new fisheries (Free et al., 2020; Ovando et al., 2021b). Free et al. (2020) advocated for testing the performance of COMs through both simulation testing and empirical validation. Simulation testing has been advised to evaluate the ability of assessment models to accurately and precisely estimate stock conditions and could be conducted for a range of specific stocks covering a range of life history, data availability, recruitment variability, depletion level, fishery type, and others (Deroba et al., 2015). However, the characteristics of fisheries in China Seas are quite complex due to multiple aspects such as nonselective fishing (Cao et al., 2017), trophic cascades (Szuwalski et al., 2017), non-stationary population processes (Lee et al., 2020), uniform management policies (Su et al., 2020), pulse fishing (Xing et al., 2020), highly aggregated fishing efforts across limited time and space (Zhang et al., 2022), and a long coastal line with distinct types of ecosystems and habitats (Liu, 2013), making simulation exercises hard to realistically capture the true dynamics of localized systems. By contrast, empirical validation was implemented through testing on assessed fisheries with data-rich estimates of stock status, but have the shortcoming of comparison against model estimates, not true known values (Ovando et al., 2021b). Moreover, the lack of formally assessed fisheries or stocks in China Seas prevents analysts from providing data-rich estimates to support empirical validation.

The RAM Legacy Stock Assessment Database (RLSADB) has collected detailed assessment data from over 1400 individual marine fish and invertebrate stocks (Ricard et al., 2012), representing the best estimates of the state of data-rich assessed fish populations in the world (Hilborn et al., 2020). Numerous internal and external evaluations conducted empirical validation for COMs through assessed data-rich stocks in RLSADB (Martell and Froese, 2013; Anderson et al., 2017; Free et al., 2017; Zhou et al., 2017; Free et al., 2020; Ovando et al., 2021a; Ovando et al., 2021b);. Based on these efforts, it was recommended that testing COMs on data-rich fisheries with characteristics similar to data-limited fisheries is necessary. However, few studies seek to explore and test the potential of COMs’ application in data-limited fisheries in the China Seas from data-rich stocks in RLSADB.

Herein, we established an empirical approach to assess a suite of COMs on data-rich stocks in RLSADB with similar characteristics to data-limited fisheries from the East China Sea (ECS). Using the data-limited fisheries in ECS as an example, this study aimed to demonstrate how COMs can be applied and assessed using experience learned from data-rich stocks with characteristics similar to data-limited fisheries. This empirical approach could be extended to other data-limited regions where catch data are the main information source available.



Materials and Methods

The detailed procedures of our empirical approach were shown in Figure 1. Firstly, we chose typical commercial fisheries in the ECS as cases and summarized the pattern of their catch trends and depletion levels. Next, we selected RLSADB stocks which have similar catch trends and depletion levels as the ECS’s stocks and applied multiple COMs to these data-rich stocks. After that, we validated the performance of applied COMs on estimating stock biomass status by comparing with known estimates from likelihood-based assessments in RLSABD. Finally, we assessed the stock status of the main commercial fisheries of ECS as a case application.




Figure 1 | Flowchart for evaluating the performance of COMs based on an empirical approach.




Fisheries in the ECS

We compiled government statistics of catch data in the ECS from Fisheries Statistic Yearbook during the period 1985 to 2020 (MOA, 1986-2021). The ECS is the most productive of China’s waters, producing ~40% of total catch in 2020. The fisheries management in the ECS consists of input controls, such as gear restrictions as well as seasonal and spatial closures (Cao et al., 2017; Szuwalski et al., 2017; Su et al., 2019). During the past few decades, despite managed by relatively simple rules, the catch of many commercial fisheries in the ECS showed a general increasing trend and have been maintained at high catch levels for a long period, with a slightly decreasing trend in more recent years (Figure 2; See also, Figure 1 in Szuwalski et al., 2017).




Figure 2 | Catch trends of main commercial species (A) and the total catch (B) in the ECS during 1985-2020. The starting years of catch time series differ due to data availability of species. The value in percentage in brackets denotes catch proportion of total. The red and blue lines are reported catch and loess smoothing curves, respectively.



The catch trend and depletion level are crucial factors characterizing the stock condition (Zhou et al., 2017; Zhou et al., 2018). We selected 21 typical commercially important species in the ECS (Supplementary Table 1) and used catch-only boosted regression trees (Zhou et al., 2017; See Supplementary Material for model introduction) to calculate their current depletion level (defined as the ratio of the biomass in the terminal year to carrying capacity: B/K). Based on observations of catch trends and depletion levels for these data-limited fisheries in the ECS, data-rich stocks with similar characteristics in RLSADB were chosen.



Selection of Data-Rich Stocks in RLSADB

According to catch trend and depletion level of fisheries in the ECS, we defined the following criteria to select data-rich stocks from RLSADB: (i) the historical catch generally increased over time, and the average catch of 10 years after the historical maximum catch year is greater than 70% of that highest catch, and (ii) the current depletion level (defined as the ratio of biomass in the terminal year to virgin biomass, B/B0 or SSB/SSB0) of stocks had similar level as fisheries in the ECS, which would not greater than 0.8.

After careful evaluation, 23 fish stocks in RLSADB were selected based on our pre-defined criteria (Table 1; Figure 3). We defined the stocks which have sufficient data to support likelihood-based stock assessment models as being “data-rich”, including those have a time series of total catch and at least one time series of biomass index. The stock status of selected stocks was assessed with six frequently-used and likelihood-based stock assessment models. The comparison of frequency distribution of current depletion between stocks from ESC and RLSADB was shown in Figure 4. The mean value for both depletion distributions was around 0.4 with the mode in ESC being above its mean, whereas for the RLSADB the model was lower than the mean. Despite the dissimilarity of frequency distribution of current depletions between two data sets, we believed this would not affect study results.


Table 1 | The selected 23 fish stocks assessed by formal fisheries stock assessment methodologies from RLSADB v4.495.






Figure 3 | Catch trends of selected stocks in RLSADB. The header of each panel is the stock ID in RLSADB, see Table 1 for detailed stock information. The red and blue lines are rescaled catch and loess smoothing curves, respectively.






Figure 4 | Histograms of current depletion for 19 typical commercial fisheries in the ECS (left) and 23 selected data-rich stocks in RLSADB (right). The dashed line denotes the mean value.





Assessment Models

Modern COMs consist of mechanistic approaches, empirical approaches, and ensemble approaches (Free et al., 2020). Of them, mechanistic COMs fit population (and effort) dynamics models to the catch data and make prior assumptions regarding parameters such as depletion to make up for the lack of other data. Empirical approaches use information from assessed data-rich stocks to establish relationships between stock statuses and catch data, and predict stock status for unassessed data-limited fisheries based on those relationships. Ensemble approaches, which take the average or weighted average of multiple individual methods, usually provide more accurate and less biased estimates by combining the strengths of individual methods through calibration via a statistical model such as a linear model or machine learning methods (Anderson et al., 2017; Free et al., 2020).

In this study, we considered a suite of commonly used and tested COMs including four mechanistic approaches, two empirical approaches and two ensemble approaches to comprehensively evaluate the performance of diverse COMs in estimating stock status for the data-rich stocks selected from RLSADB. The two empirical COMs that were used included modified panel regression model (mPRM; Costello et al., 2012) and catch-only boosted regression trees (zBRT; Zhou et al., 2017). The four mechanistic approaches were Catch-MSY (Martell and Froese, 2013), CMSY (Froese et al., 2017), state-space catch-only model (SSCOM; Thorson et al., 2013) and optimized catch-only model (OCOM; Zhou et al., 2018). The two ensemble approaches were linear model (LM) and random forest (RF), representing different levels of model complexity. A brief introduction of each individual COMs was provided in Supplementary Material. All individual COMs were implemented by using the “datalimited” (Anderson et al., 2016) and “datalimited2” (Free, 2018) packages, and RF was built by using the “randomForest” package (Liaw and Wiener, 2002) with the default argument values in the base R environment (R Core Team, 2020).

Each of the individual COMs returned a time series of stock biomass status (B/BMSY, stock biomass relative to stock biomass that produces maximum sustainable yield). We focused on two quantities: the mean and slope of B/BMSY in the last 5 years, indicating the recent state and trend of stock status (Anderson et al., 2017). The mean or slope of B/BMSY were used as response variables and the predictions from the individual COMs as predictor variables in ensemble approaches. Due to very limited sample sizes, interaction of predictors would not be considered in our analysis. A stepwise procedure was employed to generate the best fitting LM by minimizing the Akaike’s Information Criterion (AIC; Akaike, 1998).



Model Validation

Cross-validation was employed to estimate the model performance of COMs by comparing their estimates with known values from formal stock assessments in RLSADB. In each replicate of cross-validation, the entire data set was randomly split into three folds. Ensemble approaches were built on two-thirds of the data (training data set) and assessed predictive performance on the remaining third (testing data set). For comparison purpose, individual COMs were also applied to testing dataset. The known stock biomass status of selected RLSADB stocks estimated by formal stock assessments were deemed as “true” values and were compared with estimates of COMs. The detailed procedure of one replicate was shown in Supplementary Material. This procedure was repeated 50 times to account for bias that may result from any replicate, and the evaluation was averaged over all runs. Median relative error (MRE) and median absolute relative error (MARE) were selected as performance metrics to measure the bias and precision of COMs in predicting mean and slope of B/BMSY. MRE was defined as:

	

and MARE was calculated as:

	

where   is the estimated B/BMSY from ensemble COMs built on training data set and estimated B/BMSYfrom individual COMs applied to testing data set, and θ is the known B/BMSY of the testing data from RLSADB.



Case Application

We applied all COMs to 12 commercially important species in the ECS (Figure 2A) as an illustration to show trajectories of stock status from diverse approaches. The other 9 species were not considered here due to their short catch time series and catch statistic issues (See Supplementary Table 1 for detail information). The prior range of key parameters such as stock depletion was generated by the default rule of each method. The input resilience r and natural mortality M were obtained from FishBase (Froese and Pauly, 2022) and “FishLife” package in R (Thorson et al., 2017), respectively.

Apart from B/BMSY, three mechanistic COMs (Catch-MSY, CMSY, and OCOM) also returned a times series of F/FMSY. In order to demonstrate the time trajectory of stock status relative to BMSY and FMSY, Kobe plots were constructed by using weighted means of B, BMSY, F, and FMSY. We used the approach by van Gemert et al. (2022) to assign COM-specific weights for these quantities. Firstly, the relative error of each method’s estimate of mean B/BMSY over the last 5 years was calculated by comparing with the mean of the ensemble estimates. The relative error, RE, of the ith COM was calculated as:

	

where Si is the estimate of mean B/BMSY over the last 5 years from the ith COM, Sμ is the estimate of mean B/BMSY over the last 5 years from the mean of the ensemble estimates. Next, the weight w of the ith COM was calculated as:

	

Thus, a larger estimation error from a COM would lead to a small weight. Subsequently, weights were scaled to make the sum of weights from all COMs equal to 1:

	

The scaled weight was then used to calculated weighted means of B, BMSY, F and FMSY for each of the COMs that estimated these quantities.




Results

The cross-validation results showed that the ensemble approaches outperformed the individual COMs, giving a more accurate and unbiased estimate of mean B/BMSY over the last 5 years (Figure 5). Mechanistic COMs (SSCOM, CMSY and Catch-MSY) produced the most biased and imprecise estimates of mean B/BMSY compared with other methods. However, mechanistic COMs (OCOM, CMSY and Catch-MSY) performed better than ensemble approaches and empirical COMs in predicting the recent trend of stock status. In addition, all model estimates on the slope of B/BMSY were negatively biased, and the magnitude of inaccuracy and bias of prediction on the slope was greater than the prediction on the mean.




Figure 5 | Bias and precision of COMs’ predictions from cross-validation. The cross of dashed red lines indicates the perfect performance (unbiased and precise) in predicting mean or slope of B/BMSY over the last 5 years.



The six individual COMs predicated diverse historical patterns in the B/BMSY trend of the commercial species in the ECS (Figure 6). Specifically, OCOM, CMSY and Catch-MSY showed similar estimation trends and revealed a smooth trajectory of B/BMSY. By contrast, mPRM, zBRT and SSCOM estimated a variable trajectory of B/BMSY among the most species. The estimation of B/BMSY time series from various individual COMs were highly contrasting for some species. For example, all methods demonstrated a declining trend of B/BMSY estimates before the middle of 1990s for T. septentrionalis, but they derived inconsistent estimations during the remaining period: OCOM, mPRM, CMSY and Catch-MSY predicted that B was consistently less than BMSY while prediction of B/BMSY from SSCOM and zBRT were more variable and greater than 1 in most years. For most species, the two ensemble approaches, LM and RF, estimated similar values for mean B/BMSY in the last 5 years and predicated negative slopes of recent B/BMSY (Figure 6; Table 2). However, they would also produce inverse estimations in terms of the trend of status (e.g., T. leptutus). The mean values of B/BMSY over the last 5 years estimated from ensemble approaches indicated that most commercial species in the ECS had not been overfished.




Figure 6 | Time trajectories of B/BMSY estimates of individual and ensemble COMs for the stocks of ECS. The horizontal dotted line indicates B equals to BMSY.




Table 2 | Individual COMs and ensemble model estimates of the mean and slope of B/BMSY over the last 5 years of time series.



The highest weights in calculating time series of B and F as well as BMSY and FMSY among species were assigned by various methods (Table 3). For cases of I. elongata, L. polyactis and S. niphonius, individual model can account for over 80% weights of total in calculating weighted means of quantities. The three COMs assigned relatively even weights in calculating quantities for E. japonicus and L. crocea. The resulting weighted means of quantities were visualized as a Kobe plot to indicate the time trajectory of stock status for commercial species in the ECS (Figure 7).


Table 3 | Catch-only methods and their weight in calculating weighted means of B and F time series, as well as reference points BMSY and FMSY, for the fisheries in the ECS.






Figure 7 | Kobe plot showing the stock status of the stocks of ECS from 1985 to 2020, calculating by the weighted quantities (B, BMSY, F, and FMSY). The green quadrant indicates healthy stock status, the yellow quadrants indicate the stock is either overfished (B/BMSY<1) or subject to overfishing (F/FMSY>1). The red quadrant indicates the stock is both overfished and subject to overfishing.



The Kobe plots indicated that, compared to the status in initial years, the current status of all species was subject to either lower relative biomass, higher relative fishing mortality, or both. For most species, the stock status was consistently located in green quadrants during most years, but time trajectories showed that the status of stocks tended to move to yellow or red quadrants. The current status of stocks, including E. japonicus, L. crocea, T. septentrionalis, was subject overfishing, was overfished, or both. Species such as D. maruadsi, S. sagax, and T. lepturus once were overfished or had an overfishing state, but revealed recovery trends in the most recent years. The trends of stock status during recent years among species were similar to estimation from ensemble approaches (Figure 6).



Discussion

There is an increasing interest in assessing heavily exploited stocks and fisheries management reform in China Seas (Cao et al., 2017; Pauly et al., 2021). China launched its pilot projects of implementing output control systems to set catch limits for coastal fisheries in 2017 (Huang and He, 2019). Accordingly, data-limited methods have tremendous potential to be used in estimating fishery status and setting scientific catch limits, such as total allowable catch, for commercial fisheries in China Seas. For example, Guan et al. (2020) improved stock reduction analysis with sporadic stock index information which could be collected from historical and recent fishery-independent surveys in China. Our study provides another way to apply and validate COMs for data-limited fisheries in China Seas and stock reduction analysis such as Catch-MSY and CMSY could provide MSY-based reference points which could be used to inform fisheries management.

Most data-limited methods which were employed to infer the status of fish populations in China Seas are catch-based or length-based (e.g., Zhang et al., 2018; Zhai et al., 2020; Han et al., 2021; Liao et al., 2021; Pauly et al., 2021; Zhang et al., 2021). However, either catch-based or length-based methods often produce contrasting estimates of stock status when using different models (Anderson et al., 2017; Pons et al., 2020; van Gemert et al., 2022), which is hard to objectively inform fisheries management. Ensemble approaches are able to provide more accurate and unbiased estimates than individual models on population statuses and trends (Anderson et al., 2017; Free et al., 2020; Han et al., 2021), which can assist fisheries managers in reconciling conflicting estimates from diverse approaches. In this study, we established an empirical approach to validate the performance of a suite of COMs in predicting stock biomass status from RLSADB data-rich stocks with similar characteristics to data-limited fisheries in the ECS. The cross-validation results confirm that ensemble approaches performed better than the individual COMs of estimating the mean of B/BMSY (status) over the last 5 years, which supports our method to assign COM-specific weights by comparing with the mean estimates of ensemble approaches. However, the results were dissimilar when predicting the slope of B/BMSY (trend): compared with ensemble approaches, most mechanistic COMs showed less bias. This inconsistent performance is different from previous studies in which ensemble methods were consistently the best or among the best when predicting both status and trend (Anderson et al., 2017; van Gemert et al., 2022). It is also noted that there was greater inaccuracy of the models in estimating the slope compared to the mean of B/BMSY over the last 5 years in this and the study by van Gemert et al. (2022), while Anderson et al. (2017) showed opposing conclusions. Therefore, the COMs testing results may be different among fisheries. We illustrated that ensemble approaches could provide accurate and precise estimates on the recent status of selected fisheries from RLSADB which have similar catch trends and depletion levels to those in the ECS. But it should be recognized that we compared individual COMs with ensemble COMs by using slightly different measures in terms of definition due to “ensemble” nature of ensemble COMs in cross-validation process (see Supplementary Material for detail procedures of cross-validation). This may have some effects on the conclusions derived from Figure 5. Nevertheless, we believe such a validation approach is the best available option for comparison purposes and it has also been adopted by previous studies (e.g., Anderson et al., 2017; van Gemert et al., 2022).

Although only a few of fisheries in the ECS has been assessed by formal statistical stock assessments, most of them were believed to have been fully exploited or overexploited for a long period based on observed changes in key life history parameters such as reduced maximum sizes, increased growth rates, and earlier age at maturity, and evidences on fishing down the food web of ecosystems (Cao et al., 2017; Szuwalski et al., 2017; Lee et al., 2020). Our assessment results, however, gave more optimistic estimates of stock status for most commercial fisheries in the ECS. According to our assessment, a majority of species were in healthy states during most years according to their Kobe plots (Figure 7), which were not consistent with actual biological observations and conclusions from some other studies. For instance, the stock status of L. polyactis was estimated to be in the green quadrant of its Kobe plot (neither overfished nor overfishing occurred) across all years except for the initial year. Previous assessments using Bayesian state-space surplus production models indicated that L. polyactis was overfished and overfishing occurred since the 1980s (Ma et al., 2020), the conclusion of overfishing was also supported by recent per-recruit analysis (Zhu et al., 2021). Apart from L. polyactis, three other stocks (S. japonicus, S. niphonius, and T. lepturus) were also previously assessed by surplus production models (Li et al., 2010; Zhang and Chen, 2015; Sui et al., 2021). Li et al. (2010) estimated that the biomass of S. japonicus in 2006 (B2006) was 451 thousand tons which was less than BMSY (804 thousand tons), and fishing mortality in 2006, F2006 (0.54), was greater than FMSY (0.37). By comparison, our estimates on stock status of S. japonicus in 2006 is more optimistic, which showed B2006/BMSY=1.58 and F2006/FMSY=0.41. However, although the trajectories of stock status estimated from our study and previous assessments on S. niphonius and T. lepturus are quite similar, previous assessments are more optimistic than our study results in terms of stock status in final assessment years. Sui et al. (2021) estimated B2015/BMSY>1.5 and F2015/FMSY<0.5 for S. niphonius, while our estimates demonstrated that B2015/BMSY=1.43 and F2015/FMSY=0.62. Similarly, B2012/BMSY and F2012/FMSY was 0.94 and 1.01, respectively, based on our analysis, but assessment by Zhang and Chen (2015) derived that B2012/BMSY=1.22 and F2012/FMSY = 0.74 for T. lepturus. Therefore, although the stock status of fisheries in the ECS estimated from our study was optimistic for most species, some of them were found to be more conservative than previous assessments which were based on surplus production models. Additionally, it was noted that widespread concerns have been expressed about the reliability of stock status estimation based on COMs and actual poor status of stocks in areas such as Southeast Asia by local experts (Hilborn et al., 2020).

One possible explanation to our optimistic assessments for most ECS fisheries was the poor predictive ability of the three COMs (OCOM, Catch-MSY, and CMSY) used to quantify relative stock status, even though model-specific weights were assigned to them (Figure 5). Other potential causes included the difference of model structures and the usage of default priors generated by the COMs as well as catch overreporting issues in China’s official fisheries statistics. Previous studies verified that stock reduction analysis such as CMSY will show notable bias and sensitivity when run with the default priors generated by themselves (Free et al., 2020; Bouch et al., 2021; Ovando et al., 2021b; Sharma et al., 2021). As a promising way to make improvement on estimates of the state of fish populations, external information or local expertise was advocated to develop the biomass or fishing effort priors for COMs (Ovando et al., 2021a; Sharma et al., 2021). For example, the fishing fleet dynamics in China Seas were recently analyzed through information from Automatic Identification Systems (Zhang et al., 2022), which could be utilized to construct fishery-specific priors on fishing mortality rates for COMs with effort dynamics. Catch overreporting issues in China’s official fisheries statistics have been criticized and concerned in past two decades (e.g., Watson and Pauly, 2001; Pauly et al., 2014; Kang et al., 2018), which may also lead to our optimistic assessment results. One potential solution is to adjust misreported catch data and/or develop sensitivity analyses regarding possible ranges of actual catch based on best available information. For instance, FAO worked with China to revise downwards its fisheries capture statistics by about 10% for the period 1997-2005 (FAO, 2012).

RLSADB summarized hundreds of formal stock assessments around the world and have been widely used to conduct empirical validation for COMs (Anderson et al., 2017; Free et al., 2020; Guan et al., 2020; Ovando et al., 2021b). In this study, only 23 fish stocks from RLSADB were found to satisfy our pre-defined criteria regarding catch trends and depletion levels. Most of the selected data-rich stocks were pelagic tuna and tuna-like species, which did not cover a broad range of life histories (Table 1). However, life history characteristics or the choices of priors on it can affect the performance of COMs (Guan et al., 2020; Pons et al., 2020; Ovando et al., 2021b). In future analyses, hypothetical stocks or fisheries generated by large simulation experiments (e.g., Rosenberg et al., 2014) could be utilized for empirical validation for the COMs applied to the fisheries of ECS across various life histories, fishing regimes, depletion levels, and other factors. The operating models used to simulate such hypothetical stocks should be customized or tuned according to the characteristics of the local system. For instance, non-stationary life history processes of small yellow croaker (L. polyactis) were considered into a simulation framework to evaluate the performance of a production model in estimating quantities often used in management (Lee et al., 2020).

It is cautioned that off-the-shelf use of COMs can lead to biased and imprecise estimates of stock status (Ovando et al., 2021a). Thus, model validation is critical for COMs before they can be used to inform fisheries management. Our study established an empirical approach to assess and apply COMs in commercial fisheries in the ECS from data-rich assessments of RLSADB, which provided an alternative way to determine stock status with COMs and could be used to assess fish stocks in other data-limited ecosystems. Nevertheless, COMs were still recommended to be treated as a temporary stepping stone before more reliable methods can be applied (Free et al., 2020). The results of our study demonstrated that the historical stock status of most fisheries in the ECS were optimistically estimated compared to actual biological observations and previous assessments. We thus recommend, as the largest contributor to global wild capture fisheries, China should phase in establishing its national database through compiling historical fishery-dependent and fishery-independent data as well as developing and implementing regular monitoring programs to meet the needs for formal statistical stock assessment for its coastal fisheries in the future. One of the initial steps could involve attempts on applying data-moderate integrated models (e.g., Length-based integrated mixed effects method, Rudd and Thorson, 2017; Stock Synthesis with catch and length, Rudd et al., 2021) which can include all available information from historical surveys and can be updated based on more data collection over time. Before that, the use of data-limited methods which solely rely on catch or length composition data should be carefully evaluated before they can be used to determine stock status and inform fisheries management.
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SWORDIO Xiphias gladius SS3 0.63
SWORDMED Xiphias gladius XSA 0.31
SWORDNATL Xiphias gladius ASPIC 0.40
SWORDSATL Xiphias gladius ASPIC 0.34
YFINATL Thunnus albacares ASPIC 0.30
YFINCWPAC Thunnus albacares MULTIFAN-CL 0.36
YFINEIO Thunnus albacares 883 0.30

ASPIC, A stock production model incorporating covariates; MULTIFAN-CL, A length-based, age and spatially-structured model; SS3, Stock Synthesis 3; CASAL, C++ algorithmic
stock assessment laboratory; XSA, Extended survival analysis; BSPM, Bayesian surplus production model.
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