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Identifying the spatio-temporal distribution hotspots of fishes and allocating priority conservation areas could facilitate the spatial planning and efficient management. As a flagship commercial fishery species, Largehead hairtail (Trichiurus japonicus) has been over-exploited since the early 2000s. Therefore, the spatio-temporal management of largehead hairtail nursery grounds could effective help its recovery. This study aims to predict juvenile largehead hairtail distribution patterns and identify priority conservation areas for nursery grounds. A two-stage hierarchical Bayesian spatio-temporal model was applied on independent scientific survey data (Catch per unit effort, CPUE) and geographic/physical variables (Depth, Distance to the coast, Sea bottom temperature, Dissolved oxygen concentration and Net primary production) to analyze the probability of occurrence and abundance distribution of juvenile largehead hairtail. We assessed the importance of each variable for explaining the occurrence and abundance. Using persistence index, we measured the robustness of hotspots and identified persistent hotspots for priority conservation areas. Selected models showed good predictive capacity on occurrence probability (AUC = 0.81) and abundance distribution (r = 0.89) of juvenile largehead hairtail. Dissolved oxygen, net primary production, and sea bottom temperature significantly affected the probability of occurrence, while distance to the coast also affected the abundance distribution. Three stable nursery grounds were identified in Zhejiang inshore waters, the largest one was located on the east margin of the East China Sea hairtail national aquatic germplasm resources conservation zones (TCZ), suggesting that the core area of nursery grounds occurs outside the protected areas. Therefore, recognition of these sites and their associated geographic/oceanic attributes provides clear targets for optimizing largehead hairtail conservation efforts in the East China Sea. We suggested that the eastern and southern areas of TCZ should be included in conservation planning for an effective management within a network of marine protected areas.
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INTRODUCTION

Recruitment is a fundamental process in population dynamics, which is highly variable in time, space and vulnerable to fishing gear (Gaillard et al., 2008). Understanding the spatial pattern of juvenile distribution is of great interest to fishery science and marine ecology, since juvenile is a critical stage of fish stocks. Therefore, reducing the fishing effort with non-selective gears in recruitment areas will help avoid recruitment overfishing (Caddy, 2000; Paradinas et al., 2015). Considering the vulnerability of recruitment and their role in population dynamics and stock size fluctuation, the protection of important habitats is critical for the conservation of marine fish and even the conservation of biodiversity (Hunt et al., 2020). A recommended management tool is establishing a network of Fisheries Restricted Areas (FRA) in regions where the target species is known to aggregate during critical stages of their life cycle (Caddy, 2009, 2000; Colloca et al., 2015; Paradinas et al., 2015; Petza et al., 2019). However, ensuring the effectiveness of such protected areas requires a comprehensive understanding of species distribution and habitat relationships. This ecological knowledge is becoming increasingly important for the sustainable exploitation of commercially important marine populations (Colloca et al., 2015; Paradinas et al., 2015).

Linking the environmental processes and ecological interactions to recruitment success may help explain the dynamics of fish populations and their productivity (Zimmermann et al., 2019). Biogeographers studied the environmental drivers of recruitment distribution and variation at the regional and other extents and identified basin scale oceanographic processes as the key drivers (Castillo-Jordán et al., 2016; Koenigstein et al., 2016; Zimmermann et al., 2019). As powerful physical forces in the seas, oceanic currents have a major influence on the distribution of water masses, nutrients and the productivity of ecosystems, thus influencing the drift, dispersal, and settlement of fish at early life stages (White et al., 2019; Bashevkin et al., 2020). The thermal environments that organisms experience strongly affect their survival rates, distribution, and abundance (Kingsolver, 2009; Isaak et al., 2015). Therefore, temperature defines the habitat of a species’ realized thermal niche (Armstrong et al., 2021). Dissolved oxygen in the aquatic habitat is an important requirement for fish growth and survival, because the energetic demands of organisms increase with temperature and activity, and must be met by an adequate supply of oxygen (Smith and Delorme, 2010; Deutsch et al., 2020). In the California Current large marine, Keller et al. (2015) indicated that catch and species richness exhibited positive relationships with near-bottom oxygen concentration. However, fish and organisms have a different tolerance for low dissolved oxygen concentrations, for instance, pelagic fish require higher levels of dissolved oxygen, while benthic organisms such as crabs and shrimp are more tolerant to the lower oxygen concentration (Brennan et al., 2016). Environmental predictors have been used to accurately predict the distribution of species in several studies (Bateman et al., 2012; Albuquerque and Beier, 2015a,b; Young and Carr, 2015). Such analyses concluded that abiotic variables could be used to predict the location of irreplaceable areas for conservation efforts (Lomolino et al., 2010). At large marine ecosystem scales, average trends in recruitment capacity in each ecosystem were found to be significantly related to environmental variables (Britten et al., 2016). Therefore, a better understanding of the environmental preference, the temporal and spatial scales at which species move could provide information on habitat use for the effective management. The East China Sea (ECS) is situated in the western Pacific Ocean. It is a semi-enclosed marginal sea spanning an area of 744,000 km2. More than 50% of the harvested stocks are overexploited due to the unselective exploitation pattern (Teh et al., 2019) and opportunistic fishery behavior. The minimum mesh size of trawl fisheries had been implemented since 2004. Due to poor enforcement and reduced trawl selectivity, 43.59% of the catch in bottom trawl fisheries are low-valued feed-grade fish that dominated by juveniles of food fish (Zhang et al., 2020). Such an exploitation pattern hinders the achievement of Maximum Sustainable Yield (MSY) for fisheries, as required by the new fisheries law and total allowable catch guide policy during China’s 13th Five-Year Plan. The current annual amount of feed-grade fish in China has been estimated to be over 4 mmt, corresponding to a percentage of 34.7% of the overall catch (Zhang et al., 2020). The protection of main commercial species nurseries is increasingly viewed as a major step toward achieving more sustainable exploitation patterns.

Largehead hairtail (Trichiurus japonicus) is a flagship species in China. The annual catch in China was over 1.4 mmt in 2006 (see Chinese Fishery Statistical Yearbook, 2016), but declined to 0.92 mmt in 2019 (see Chinese Fishery Statistical Yearbook, 2019). Due to the wide distribution of spawning grounds and high fecundity, largehead hairtail catch remained high for a long time despite persistently high-intensity fishing pressure. Although largehead hairtail fisheries have shown a surprisingly high resilience to human exploitation than other fisheries, the most important commercial species is now fully exploited. Important negative impacts have also been detected, such as a high proportion of juvenile fish in the catch because of non-selective gears and fishing grounds overlap with the juvenile largehead hairtail distribution.

The Chinese government has taken a series of practical measures to address these problems. In 2010, the State Council issued and implemented the strategy and action plan for biodiversity conservation in China (2011–2030), which provided guidance for the priority areas of inland, water, ocean, and coastal biodiversity conservation. By 2019, China had established 271 protected areas that include oceans (Zhou et al., 2021). They cover 12.4 million hectares of the ocean but represent only 4.1% of China’s maritime area (Zhou et al., 2021). Because of small conservation areas, the ability to protect migratory fishes is likely hindered by their fragmentation. China holds an annual fishing moratorium lasting nearly 4 months in the Yellow Sea, the ECS, and the South China Sea and established ECS largehead hairtail national aquatic germplasm resources conservation zones (TCZ) to protect spawning and juvenile largehead hairtail stock. However, the current TCZ cannot keep up with the demand for effective resource protection. How to accurately identify and determine the priority reserve is a prerequisite for conservation activities. Accurate identification and determination of priority reserves can guide the rational allocation of resources and maximize the protection benefits (Wu et al., 2016).

Species distribution models (SDMs) have been widely used across terrestrial, freshwater, and marine realms to identify species-environment relationships and to identify priority areas, ‘hotspots’ of vulnerable species (Ovando et al., 2019; Pennino et al., 2019a; Lyons et al., 2020; Epele et al., 2021) or essential fish habitat (Colloca et al., 2015; Laman et al., 2018). A variety of methodological approaches have been developed over the last decades to generate SDMs, such as Neural Networks (Özesmi and Özesmi, 1999), Boosted Regression Trees (Elith et al., 2008; Wege et al., 2021), Maximum Entropy (Phillips et al., 2006), Generalized Linear Regression Model (Guisan et al., 2002), and Additive Regression Models (Swartzman et al., 1992; Austin, 2007). However, the statistical challenges using SDMs have increased as datasets have become more complex over time (Orúe et al., 2020; Lloret-Lloret et al., 2021). Recently, Bayesian hierarchical spatiotemporal models with the Integrated Nested Laplace Approximation (INLA) methodology has acquired an important role, since it is ideally suited for fitting complex spatiotemporal covariance structures (Rue et al., 2009; Silva et al., 2017). INLA provides accurate approximations to the posterior marginal distributions of latent Gaussian Markov Random Field (GMRF) models with considerably less computational effort (Rue and Held, 2005). INLA handles models with the additional advantage of integrating common modeling approaches and uncertainty analyses into a more general hierarchical framework. Because of these advantages, Bayesian methods are increasingly used in fisheries studies in recent years (Pennino et al., 2014, 2019a,2019b; Nikolioudakis et al., 2019; Cavieres et al., 2021; Hintzen et al., 2021).

This study aims to provide seminal information on the key marine areas of the largehead hairtail in ECS to support conservation efforts by elucidating the spatial relationship between largehead hairtail distribution and oceanography. To accomplish this, (i) species distribution models of the INLA-SPDE approach was developed using Generalized Additive Models (GAM) to define oceanographic features of key largehead hairtail habitats in the ECS and identify contributions of each predictor. (ii) abundance indices from model output to explore the spatial and temporal patterns of juvenile largehead hairtail abundance in the ECS. (iii) we discussed the results within the current conservation and draw attention to the main threats for the studied species. We argued that an improved understanding of the spatial distribution of largehead hairtail could help to determine and manage MPAs by taking into account sensitive habitats.



MATERIALS AND METHODS


Study Area

East China Sea is a marginal sea of the northwest Pacific. It connects with the South China Sea and the Yellow Sea, with an average depth of only 370 m (Liu, 2013). The study area included the ECS continental shelf (20–150 m in depth) and southern waters of the Yellow Sea (20–80 m in depth). This area covers approximately 370,000 km2. ECS is a highly productive area in China due to the presence of the Yangtze River and locally oceanographic circulation that brings nutrients to the upper slope and shelf areas.

Oceanographic characteristics of the ECS include two major current systems: the coastal current and the Kuroshio warm current. The Kuroshio warm current is a strong western boundary current in the North Pacific Ocean, which plays an important role in transporting heat, nutrients, and pelagic migratory species from the subtropical zone to the subarctic zone (Uda, 1972; Ma et al., 2021). The coastal current has characteristics of low salinity and high nutrient content. The Subei coastal current flows to the southeast and keeps stable. The surface current of the ECS coastal current varies from winter to summer. In autumn and winter, it flows southward along the shore and northward in summer. April to May and September are the transition periods. The influx and strength of each current vary both seasonally and inter-annually due to the basin-scale climatic phenomenon. These currents and water masses provide the ECS with high primary productivity, making it a vital spawning and nursery grounds for commercially valuable fishes (Zhao, 1987; Teh et al., 2019).

In the study area, permanent spatial closures for trawl vessels have been in existence since 1955, and fishing activities are allowed only for the artisanal fleet. In 1995, the summer fishing moratorium system came into effect outside the forbidden fishing line of motor trawling. In particular, the seasonal closures for juvenile largehead hairtail are located at the inshore of middle-north ECS, in which trawling is forbidden from April to September.



Survey Data

The biological data used in this study were collected by a scientific demersal trawling surveys conducted from 2014 to 2017 within the China National Project. The demersal trawling surveys were carried out during spring (April 25 to May 28), summer (July 16 to September 2), autumn (October 18 to November 12), and winter (December 30 to February 10). The survey provides a spatio-temporal dataset of fishery-independent indices related to demersal species abundance and spatial distribution (Supplementary Figure 1). The survey design follows a systematic sampling design with sampling stations evenly distributed in the survey area at a 30’ interval between each pair (Liu et al., 2009a). However, due to the influence of weather conditions or topography roughness, the number of survey stations varied slightly from year to year, and the trawling time and sampling latitude and longitude were not completely consistent with expectations. Roughly 372–538 survey stations were actually completed every year. A standard bottom trawling gear (4 m × 100 mesh, cod-end mesh size 20 mm) was used for 60 min based on the standard sampling protocol for bottom trawling (Liu et al., 2009a). All marine organisms were classified into species, and the abundance and biomass for each species were standardized to the number of individuals/h and kg/h (catch per unit effort, CPUE) as a measure of relative fish abundance. The largehead hairtail were randomly sampled from each presence site, with each largehead hairtail measured AL, body weight, sex, and gonadal maturity. Juveniles were considered individuals that had finished their larval phase but still had not reached first sexual maturity (Criscoli et al., 2017). However, the transition between larval and juvenile development remains ill defined, Colloca et al. (2015) assumed that the first separable modal component of the age group 0 as recruits, we operationally defined juveniles as within the smallest size at sexual maturity in anal length (AL 123 mm) followed Jin et al. (2020), the corresponding age is about 3–5 months according to early growth (Sun et al., 2020a). Sex identification for partial juveniles was difficult, so we pooled all the juveniles together regardless of gender for each site.

We created a Kernel Density Estimation (KDE) layer that provided an estimate of the probability to find juveniles presence points for each pixel (Figure 1), KDE recognized clusters or holes and gave intuitive perspective to examine significant concentrations of occurrence. KDE was calculated with the ‘kde2d’ function of the MASS package (Venables and Ripley, 2002) in the R platform on the extent of the ECS region (n and lims parameters defined to fit a raster layer of extent (118, 128, 23, 36) and number of grid points in each direction are set to 100, with a 0.1 degree and 0.03 degree of longitude/latitude grid). The occurrence distribution was variable over the ECS domain through this period, with most occurrence locations concentrated off the inshore of Central Zhejiang Province.
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FIGURE 1. Kernel density map of survey samples in the ECS from 2014 to 2017. Yellow to red shading shows the intensification of occurrence probability. The blue dots and red dots refer to the presence points and absence points, respectively. Blue polygon indicates the largehead hairtail conservation zones. The light blue line along the continental coast represents trawl fishing forbidden line. Isobaths of 20, 100, 200, 500, and 1,000 m are indicated. Red and blue solid lines represent warm and cold currents, respectively (KC, Kuroshio Current; TSWC, Tsushima Warm Current; YSWC, Yellow Sea Warm Current; TWC, Taiwan Warm Current; ECSCC, East China Sea Coastal Current; SCC, Subei Coastal Current; YDW, Yangtze River diluted water). ROK represents Republic of Korea.




Environmental Data

Topographic variables and oceanographic variables were used as predictors of largehead hairtail occurrence and abundance. Due to a lack of detail observational data available in this region, topographic variables data were obtained from the Global Marine Environmental Datasets (GMED1) with a 0.083° × 0.083° spatial resolution. Oceanographic variables were extracted from the European Union Copernicus Marine Environmental Monitoring Service (CMEMS2) with a spatial resolution of 0.25° × 0.25° and a time resolution of daily. The CMEMS was used to act as our data for modeling because CMEMS assimilates a number of observation data sources, and previous findings indicated that the data assimilation technique can produce a reliable dataset (Edwards et al., 2015; Martin et al., 2015). Indeed, numerous studies employed the CMEMS to evaluate their observational data or produced ocean model in ECS and South China Sea (Lin et al., 2017; Lee et al., 2020; Sun et al., 2020b; Kok et al., 2021; Wu et al., 2021). Three topographic variables and six oceanographic variables were extracted for each position and date of the survey dataset, all variables were downscaled using a bilinear interpolation to match our fisheries data. The environmental factors included were as follows: bathymetry (Depth, m), distance to the coast (Disland, 100 km), slope, sea bottom temperature (SBT, °C), sea bottom salinity (SBS, psu), chlorophyll-a concentration (CHL, mg m–3), dissolved oxygen concentration (DO, mmol m–3), total phytoplankton (PHYC, mg m–3), and net primary production (NPPV, mg m–3). Terrain ruggedness index (TRI) provides a measure of the complexity of the seafloor and emphasizes small variations in the seabed terrain (Pennino et al., 2019a). It was derived from the continuous bathymetry using the raster package (Hijmans, 2016) in R (R Core Team, 2020).

In addition to the topographic and oceanographic variables, largehead hairtail conservation zone was considered as a covariate that may help to explain the necessity or accuracy of marine spatial planning. The TCZ is located in the middle area of the north-central ECS. The protection period of the core area is from April 16th to September 16th every year, during which trawling is prohibited. TCZ was considered a variable according to whether the survey station occurred in or out of TCZ.

Before running the models, the explanatory variables were standardized (difference from the mean divided by the corresponding standard deviation) to facilitate interpretation and compare relative weights between variables (Abada et al., 2020; Orúe et al., 2020). All environmental variables were tested for outliers, missing values, and correlation (Zuur et al., 2009a). Points on the far end along the horizontal axis (extremely large or extremely small values) were considered outliers by Cleveland dotplots. There were two relatively larger values for NPPV and one for TRI, PHYC, and CHL, respectively. These values were corrected by replacing them by a prediction value interpolated from the values of the four nearest cells. Missing values were not found in datasets. Correlation among variables was checked by performing Pearson correlation coefficient and Spearman correlation coefficient with the ‘Hmisc’ package (Harrell, 2021) and visualized the results using ‘corrplot’ package (Wei and Simko, 2017) in R. Pairs of variables with high correlation values (| r| > 0.7) were identified, and only one was included in the modeling process according to the ecological interpretation or the extent of collinearity. In addition, collinearity was assessed using the variance inflation factor analysis (VIF), the ‘corvif’ function with the code HighstatLibV10.R, and a cutoff value of 3 (Zuur and Ieno, 2017). Based on these preliminary analyses, High correlations were found between CHL and PHYC (r = 0.96), CHL and NPPV (r = 0.80), PHYC and NPPV (0.87), and between Slope and TRI (r = 0.87) (Supplementary Figure 2). Spearman correlation gave similar results but higher correlation was detected between Depth and SBS (r = 0.74), Depth and NPPV (r = –0.73) (Supplementary Figure 2). Variables with VIF > 3 included PHYC, CHL, NPPV, Slope, TRI and Depth (Supplementary Table 1). Considering that numerous studies reported strong relationships between NPPV and catch within regions or subsets of systems (Iverson, 1990; Chassot et al., 2007), and many of ecosystem models relied on NPPV as a forcing variable (Heneghan et al., 2021). Therefore, CHL and PHYC were removed from variables and NPPV was preserved for further analysis. Both of Slope and TRI provides an interpretation of the seabed features, we dropped the slope variable as it showed the stronger VIF index value. We retained Depth variable that was likely to be more ecologically relevant in explaining the distribution of largehead hairtail in the ECS (Du et al., 2020). We then repeated VIF process and found all VIF values were smaller than 3 (Zuur et al., 2009b) (Supplementary Table 1). As a result, Slope, CHL, and PHYC were eliminated for the posterior modeling due to the high correlation and collinearity. Finally, seven environmental variables were selected as explanatory predictors for the statistical models: Depth, TRI, Disland, SBT, SBS, DO, and NPPV (Table 1).


TABLE 1. Predictor variables used for modeling largehead hairtail juveniles.

[image: Table 1]


Statistical Models

Fishery-independent surveys often overlook any species-specific specimens at unfavorable conditions, thus producing zero-inflated datasets (Martin et al., 2005). An exploratory analysis showed that largehead hairtail abundance data have high numbers of zeros, and the percentage of zeros per year was between 51.5 and 61.5%. For the Poisson generalized linear model (GLM), the counts of largehead hairtail were modeled as a function of year and environment variables. Strong spatial dependence was found in the Pearson residuals using the semi-variogram method (Supplementary Figure 3). Based on characteristics of spatial dependence and zero-inflated datasets, a two-step hierarchical Bayesian spatial model was implemented, providing the basis to account for the spatial autocorrelation, excess of zeros, and uncertainties associated with the sampling process (Pennino et al., 2019b; Abada et al., 2020). This model consisted of two parts: (i) modeling the presence/absence of the species in order to predict the probability of occurrence and (ii) modeling the conditional-to-presence abundances of the studied species to predict the probability of abundance (Abada et al., 2020). The spatially distributed occurrence was modeled using a binomial distribution with a logit link function and the conditional-to-presence abundance by a Poisson distribution with a log link function. The model specification is as shown in following equation.
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Occurrence process: Zij∼Bernoulli(πij)
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Abundance process: Yij∼Poisson(λij)
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Where ZAP indicated zero-altered Poisson model, πij represents the probability of occurrence at location i and year j, while λij is the mean of the conditional-to-presence abundance. a(Z) and a(Y) represent the intercept of the linear predictor, Xij is the matrix of covariates, β represents the vector of the regression coefficients, [image: image] and [image: image] represent the spatially structured random effect of the occurrence and conditional-to-presence abundance respectively at location i, and Tj is the component of the temporal unstructured random effect at year j. A prior Gaussian distribution was assumed with a zero mean and a Matérn covariance function Q(k,τ), which depends on the hyperparameters k and τ that represent its range and variance.

The Integrated Nested Laplace Approximation (INLA) methodology and package3 were applied to obtained Bayesian parameter estimates and predictions, which were implemented in R. The INLA algorithm is a deterministic algorithm for Bayesian inference and has a greater accuracy and a shorter computing time than Markov chain Monte Carlo (MCMC) (Blangiardo and Cameletti, 2015; Lloret-Lloret et al., 2021). For the spatial effect, INLA implements the Stochastic Partial Differential Equations (SPDE) approach that involves approximating a continuously indexed Gaussian Field (GF) with a Matérn covariance function (Q) by a Gaussian Markovian Random Field (GMRF) (Fonseca et al., 2017).

Default priors (a zero-mean Gaussian prior distribution with a variance of 100) were assigned for all fixed effect parameters, which are approximations of non-informative priors and have little influence on the posterior distributions. Penalized complexity priors were assigned for the parameters of the spatial random field. The priors for the range r (the distance at which spatial autocorrelation was small) was set to r < 100 km = 0.001, meaning that the range is unlikely to be smaller than 100 km because the distance between 0 and 100 km was relatively small according to the histogram of Euclidean distance between sampling sites (Supplementary Figure 4). The reason for using the value of 0.001 in this prior was to avoid overfitting data in the spatial random field. The mesh that defined the spatial domain was created with 1220 nodes. The mesh resolution gets finer, the boundaries between the different Ω should be resolved more precisely, but increases the computational burden. We set a ratio of 1–5 between the resolutions in the inner and outer mesh, following a recommended ratio by Zuur and Ieno (2017).



Model Selection and Validation

A two-step model selection was performed by testing all possible combinations among the possible variables and spatial-temporal structure. First, the explanatory variable selection was performed beginning with all possible interaction terms using the Poisson GLM model without spatiotemporal effect to save running time. Only the best combination of variables was chosen based on the lowest Deviance Information Criterion (DIC) (Berg et al., 2004), Watanabe-Akaike information criterion (WAIC) (Watanabe, 2010). Specifically, DIC and WAIC measured the compromise between fit and parsimony in the model and were used to measure goodness-of-fit. WAIC is similar to the DIC but the effective number of parameters was computed in a different way. Preliminary analysis showed that Poisson GLM has a non-linear residuals pattern, and the non-linear Depth, SBT, and NPPV effects were identified. Thus, linear combinations on the different latent effects were defined, and their posterior marginals estimated using a smoothing splines. We chose a thin plate regression spline as the type of smoother, the smoother was fitted with 5 knots to control effective degrees of freedom and save on computational time, fitting the smoother procedure was done in “mgcv” package by using the “by” argument in the s() and smoothCon functions (Wood, 2017; Zuur and Ieno, 2017). Finally, SBS and TRI were deleted from the predictors due to high DIC and WAIC. Once the relevant predictors had been selected for the model, a series of models with different spatio-temporal effects were developed based on the selected variables of the first step. M0 was a Poisson GAM model with neither temporal effect nor spatial effect; M1 was a Poisson GAM model with spatial random field and constant over time; M2 included a spatial effect that varied annually. The models were ranked by AIC/WAIC, with the best approximating model being the one with the lowest AIC/WAIC value.

Cross-validation was applied with a 10-fold partitioning method based on randomly selected training and test data sets to assess model performance. The binomial part was tested for prediction sensitivity using the area under the receiver-operating characteristic curve (AUC). The abundance part was evaluated by comparing the predictions to the observations using Spearman’s rank correlation analysis. The correlation coefficient (r) range from –1 to 1, where those closer to 1 indicate better predictions (Pennino et al., 2019a).



Identifying Conservation Priority Areas

The spatial pattern of largehead hairtail distribution was computed by multiplying the spatial prediction for the probability of non-zero CPUE and the prediction for the positive CPUE, we simply rescaled the abundance index to obtain suitability index (SI) for each survey and cell, SI varies between 0 and 1. Using a threshold value, it was easily identified the areas of greatest concentration of juveniles, that is the hotspots of abundance. SI was computed as follows:
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where A is the predicted abundance; Amin and Amax are the minimum and maximum values of the predicted abundance. Hotspots areas were identified as having SI values above 0.6. Moreover, the spatio-temporal persistence for largehead hairtail was estimated by measuring the relative persistence of cell i as a hotspots area. The index of persistence was calculated following the method of Fiorentino et al. (2003). If grid cell i was included in a hotspots area in year j, it was marked with δij = 1 and δij = 0 otherwise. Then, the spatial persistence index per cell was mapped to determine the location of priority largehead hairtail conservation areas. Ii was computed as follows:
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Where n was the number of surveys considered.




RESULTS


Binomial Component

Based on DIC and WAIC minimum criteria, the model without the spatio-temporal effect showed higher DICs, WAIC than those with this effect (Table 2). Finally, the spatial random domain model with specific years was selected (STRF), and the predictive variables included Year, Depth, Disland, TCZ, SBT, DO, and NPPV. According to the analysis results of the optimal model (Table 3), the occurrence probability and abundance of largehead hairtail showed an interannual oscillation change during 2014–2017. The occurrence probability was higher in 2015 and 2017 and the lowest in 2016. The abundance was the highest in 2016 and the lowest in 2014. Among the environmental variables of the binomial model, TCZ and Disland were found irrelevant on the variability of the largehead hairtail occurrence, while DO (posterior mean = 0.568; 95% CI = [0.4, 0.74]) showed a positive relationship with the largehead hairtail occurrence.


TABLE 2. Model comparison for the models with different spatial effects.
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TABLE 3. Numerical summary of the marginal posterior distribution of the fixed effects for the Poisson GAM STRF model.
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The overall predictability of the models was evaluated using the area under the receiver-operating curve (AUC). AUC was 0.81, indicating good model prediction performance and an excellent degree of discrimination between the locations with juvenile largehead hairtail presence and absence.

Depth, NPPV, and SBT returned a smooth spline, the basis functions were provided in the Supplementary Table 2. Indeed, the binomial and positive models captured the non-linear relationship between these environmental variables and response variables (Figures 2, 3). Depth showed a negative relationship with the probability of occurrence, i.e., the probability of occurrence was lower in deeper waters. SBT showed the opposite trend, with a positive effect on largehead hairtail occurrence. In particular, the probability of occurrence increased rapidly from the temperature of 10°C. However, a decreasing trend was found when SBT was above 17–18°C. The probability of occurrence showed a decreasing trend with NPPV increasing from 0 to 70 mg/m3 (Figure 3), while the probability of occurrence showed a unimodal pattern above this concentration. Finally, the probability of occurrence slowly increased and then decreased with a concentration above 140 mg/m3.
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FIGURE 2. The functional response of Depth, Net Primary Production (NPPV), and Sea Bottom Temperature (SBT) with respect to the predicted abundance of the juvenile largehead hairtail from 2014 to 2017. The solid line represents the smooth function estimate; the shaded region represents the approximate 95% credibility interval.
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FIGURE 3. The functional response of Depth, Net Primary Production (NPPV), and Sea Bottom Temperature (SBT) with respect to the predicted occurrence probability of the juvenile largehead hairtail from 2014 to 2017. The solid line represents the smooth function estimate; the shaded region represents the approximate 95% credibility interval.


Both occurrence and abundance estimations were patchy, kernel smoothing method was applied to predictive data for better visualization. The mean posterior probability of largehead hairtail occurrence in the ECS showed a more coastal distribution, and higher probabilities of occurrence (above 0.5) appeared in medium-shallow waters with high bottom temperatures (Figure 4). Moreover, the probability of occurrence in the southern waters of Jeju Island was relatively higher and spread wide, but the range showed inter-annual changes, with the largest range in 2017 and the smaller range in 2014, 2015, and 2016. The map of the spatial effect showed a longitudinal pattern, with positive values in the western part and negative values in the eastern part (Figure 5).


[image: image]

FIGURE 4. Distribution of the posterior mean of juvenile largehead hairtail occurrence probability from 2014 to 2017.
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FIGURE 5. Distribution of the posterior mean of the spatial random effect for juvenile largehead hairtail occurrence from 2014 to 2017.




Abundance Component

According to the positive model with the best fit, Spearman’s rank correlation coefficient of r = 0.89 (n = 1658) was achieved between the observed and predicted values, indicating excellent prediction performance of the models. The abundance variability was mainly explained by TCZ, Disland, DO, Depth, NPPV, SBT, and the spatial and temporal effects (Table 3). The results showed a negative relationship between TCZ (posterior mean = –0.825; 95% CI = [–0.91, –0.74]), Disland (posterior mean = –0.388; 95% CI = [–0.46, –0.31]), DO (posterior mean = –0.025; 95% CI = [–0.04, –0.01]) and the largehead hairtail abundance. Depth, NPPV, and SBT were retained variables that required smoothing splines (Supplementary Table 2). The abundance of the largehead hairtail decreased on the inner shelf until 40 m, increased in middle depth water, and declined in deeper water. SBT and NPPV had similar effects on abundance, showing a unimodal pattern of first increasing and then decreasing. Results showed higher abundances in waters between 60 and 90 m, with SBT between 19 and 23°C and NPPV higher than 50 mg/m3 (Figure 2).

The posterior mean of largehead hairtail abundance showed a heterogeneous spatial pattern (Figure 6), highlighting two hotspots: one along the coast of Zhejiang Province and the other at the Fujian coast. The identified hotspots overlapped partially with largehead hairtail spawning stocks reserve and TCZ. Other smaller areas with high abundance were in offshore waters of northern Zhejiang Province in the high-temperature areas. These hotspots showed the characteristics of scattered patch distribution. Although the abundance had similar spatial distribution in different years, the location and range of high abundance also showed changes in specific years, especially in the southern ECS. In 2014 and 2016, high abundance areas concentrated around the coastal waters and expanded northward. High abundance areas occupied all the coast of the Fujian Province in 2017. In 2015, the high abundance locations remained unchanged but expanded up to the offshore waters of ECS. The map of the spatial effect showed a latitudinal gradient, with positive values in the southern part, sporadic area that showed negative values (Figure 7).
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FIGURE 6. Distribution of the posterior mean of juvenile largehead hairtail abundance (natural logarithm) from 2014 to 2017.



[image: image]

FIGURE 7. Distribution of the posterior mean of the spatial random effect for juvenile largehead hairtail abundance from 2014 to 2017.


The occurrence probability and abundance inside the protected area were higher than those outside the protected area (Figures 8A,B), and the inter-annual difference reached significant levels, indicating that the protected area concentrated on higher occurrence frequency and abundance. The probability of occurrence and abundance in the protected areas were relatively higher in 2014 and 2017 but lower in 2015 and 2016. The occurrence probability and abundance varied within a narrow range outside the reserves than those inside the reserves. The median value of occurrence probability ranged from 0.40 to 0.48 and the median value of logarithmic transformation abundance ranged from 0.69 to 1 outside the TCZ, the performance of both models were stable over time, indicating that both models captured relevant spatial environment relationships outside the TCZ over time.
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FIGURE 8. The predictive performance boxplots of the (A) binomial and (B) positive components of the Poisson GAM STRF model. Red boxes represent survey area inside the TCZ, blue box represent survey area outside the TCZ.




Priority Area Identification

The abundance distribution of the posterior mean combined by binomial and positive components showed a similar spatial pattern with only the abundance component (Figure 9), which showed a consistent spatial distribution pattern both of binomial and positive components. The spatial and temporal stability of hotspots were considered a useful measure to evaluate their suitability as nurseries. The larger nursery areas (I > = 0.75) under hotspots cutoff value of 0.6 appeared sporadically along the coast of mainland China. At least three persistent areas were identified. A large persistent area was on the right edge of TCZ, most of which was not in the TCZ. The smaller persistent areas were 122 km off the TCZ. Persistent nurseries covered 2.86% of the study area and included approximately 16% of juvenile largehead hairtail (Figure 10). When the hotspot threshold was set at 0.7, only one persistence area was identified, which was closed to but outside the TCZ (Figure 10).
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FIGURE 9. Abundance distribution (natural logarithm) of the posterior mean combined by binomial and positive components for juvenile largehead hairtail from 2014 to 2017.
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FIGURE 10. Temporal persistence of nurseries hotspots estimated by suitability index above 0.6 (A) and suitability index above 0.7 (B) from 2014 to 2017.





DISCUSSION

The red line for ecological protection marks the minimum ecological protection space designated by the Chinese government based on the requirements for protecting the integrity and connectivity of the ecosystem so as to maintain regional ecological security and sustainable development (Xu et al., 2015; Lin et al., 2016). Protecting sensitive ecosystems and important ecological functions is an important element of the red line for ecological protection. Marine fish spawning grounds and nursery grounds are important for replenishing the stock and maintaining biodiversity, while non-selective fishing often leads to massive bycatch of juveniles. Therefore, conserving nursery grounds is important for the sustainable development of fisheries resources, and the spatial characteristics of key habitats for exploited stocks need to be understood. Thus, identifying the spatio-temporal distribution of nursery grounds is a prerequisite for setting the red line of ecological protection. In this paper, nursery grounds were identified based on the persistence of the hotspots of the juveniles spatial distribution. Specifically, two spatio-temporal structure models were adopted to represent the juveniles’ occurrence and abundance, which were combined to present the hotspots, and the persistence index was used to map the spatial distribution of nursery grounds. This method of using abundance distributions to determine nursery grounds is particularly suitable when the contribution of nursery grounds to the adult stock and the ecological processes are unclear (Beck et al., 2001; Gillanders et al., 2003; Maynou et al., 2003; Tserpes et al., 2008; Garofalo et al., 2011; Colloca et al., 2015; Paradinas et al., 2015). Many researches focused on identifying the nursery grounds by developing different metrics (Colloca et al., 2009, 2015). Geostatistical techniques are often adopted in identifying the nursery grounds of fish species such as red mullet, European hake, and deep-water rose shrimp in the southern Adriatic Sea (Carlucci et al., 2009), as well as European hake nursery grounds in the central Mediterranean Sea (Colloca et al., 2009). Colloca et al. (2015) argued that using unique standardized method of spatial modeling for all species/stages/areas was unfeasible due to the large observed differences in the availability of data and causal mechanisms. Colloca et al. (2015) adopted adaptive methods for different species to overcome the issues of autocorrelation, non-linearity and large amount of zero catch. In this study, we used the ZAP models to deal with zero inflated data, that was similar to the zero inflated generalized additive models adopted by Colloca et al. (2015). In addition, alternative Bayesian spatio-temporal models were fitted using INLA-SPDE approach, and we selected the most appropriate model that captured spatial and temporal effects, which explained additional sources of uncertainty on the structure of dependence, thus was able to accurately describe the spatial distribution of nursery grounds. In this case, areas of high abundance but low probability of occurrence may not be considered important nursery habitats. Instead, only locations of high abundance and high probability of occurrence are identified as the cores of nursery grounds. In this study, the concepts of habitat suitability index and hotspots were used to identify core areas of nursery grounds (Colloca et al., 2015). Specifically, hotspots were identified by a suitability index standardized between 0 and 1, which were then classified into important nursery grounds using different thresholds. In this way, the spatial distribution of nursery grounds can be more flexibly compared under the same scale, making it possible to distinguish whether there are unique spatial processes or whether the spatial structure has changed over time. Compared to the geostatistical aggregation curve (Colloca et al., 2009; Tamdrari et al., 2010) or the Getis-Ord hotspot analysis (Colloca et al., 2015; Zacher et al., 2018; Milisenda et al., 2021), the suitability index analysis does not require complex calculation but lacks statistical interpretations and objectivity in the hotspot classification criteria. In this study, since the spatial distribution pattern of juvenile largehead hairtail was inter-annually stable with slight variations in the southern part of the ECS, the persistence index could be used for nursery grounds identification. In addition, two thresholds were used to identify important nursery grounds based on different aggregation intensities.

Due to the presence of permanent largehead hairtail nursery grounds in the study area, different thresholds were adopted in the classification of nursery grounds hotspots so that the importance of different areas can be evaluated. Three permanent nursery grounds were identified under a suitability index of 0.6, and the two larger ones were in the waters of Taizhou Islands and the eastern waters of Yushan Island, both of which had relatively high abundance and probability of occurrence. Parts of the two nursery grounds were inside the TCZ, which was established for the exclusive protection of largehead hairtail, especially the spawning stock and juveniles. The TCZ is rich in feedstuff organisms, and trawling is prohibited from April to September, which provides a stable and high-quality ecosystem for juvenile largehead hairtail and improves their survival rate. However, parts of the two nursery grounds were still not within the TCZ. The smallest nursery ground was in the southern waters of the Beijishan Islands and Nanjishan Islands. Although the abundance of the smallest nursery ground was lower than those of the two northern nursery grounds, the location of the core area is stable, and its abundance was even higher in specific year. Since 2017, the area has been managed under the local government’s spawning ground protection policy and is protected from any fishing operations other than longline fishing from April to August each year. The permanent nursery grounds were extremely small and outside the TCZ under a suitability index of 0.7, which may be related to the life history stage of the population. Since the TCZ was set up to protect the spawning stock and juveniles, the juveniles could be transported to the shallow nearshore waters and feeding around (Wu, 1991). The juvenile largehead hairtail in our study were mainly immature individuals under 20 g (123 mm). They have migratory ability and move across TCZ for seeking feedstuff around the spawning grounds, which is also a common behavior of many fish species.

Functional response curves are important for understanding the optimal environmental adaptability and tolerance of a certain species as they provide information on how species respond to environmental gradients. The range of environmental features for potential juvenile largehead hairtail habitats was obtained based on the findings in this study. The occurrence and abundance distribution of juvenile largehead hairtail were closely related to water depth and hydrological conditions. The abundance distribution showed optimum areas within the depth range from 60 to 100 m with a turning point at 80 m. Abundance was positively correlated with water depth in the range of 40–80 m and negatively correlated with water depth above 80 m. Beyond 60 m, the probability of occurrence was negatively correlated with water depth, i.e., the probability of occurrence was higher in shallow waters within the depth of 60 m. Although the probability of occurrence was greatest in shallow waters at 40 m, there was a high uncertainty due to the limited number of shallow water survey stations with depths smaller than 40 m. The inconsistency between the optimum occurrence areas and the peak abundance areas may be attributed to individuals’ choice of different habitats for their development, i.e., the ecological niche differentiation of different sized individuals drives the adaptation of occurrence and abundance to local areas. The differences in occurrence and abundance were adjusted through the competition for resources, which, in turn, drives the migrations between different areas (Bijleveld et al., 2018). In macroecology, different mechanisms have been proposed to explain the interspecific abundance-occurrence relationships. The ecologically based explanations focus on the availability and distribution of habitat and food resources, individual size and the corresponding migration ability, species specificity, and adaptation to the habitat (Borregaard and Rahbek, 2010; Miranda and Killgore, 2019). As in the description of macrobenthos in the Wadden Sea made by Bijleveld et al. (2018), there is no general relationship between the biomass of a species and its occupancy. Friedland et al. (2021) studied the interannual variation in the occurrence and biomass gravity center of fish and macroinvertebrates in the northeastern U.S. shelf ecosystem and found that habitats differed in depth and that habitats with the center of gravity were in shallower waters and the biomass gravity center was shifting to deeper waters. Since the occurrence and abundance characteristics of species distribution offered valuable information for the management process but showed inconsistent patterns, occurrence and abundance distributions need to be balanced in the spatial planning of resources.

Thermal conditions constrain species’s distributions through physiological processes (Stuart-Smith et al., 2017). All fish species are characterized by their temperature tolerance and the preferred temperature in which they demonstrate optimal growth (Kır et al., 2017). Juveniles are expected to be adapted to a relatively narrow range of temperatures due to relatively weak thermal tolerance (Turko et al., 2020). Both the occurrence and abundance of juvenile largehead hairtail showed optimal temperature ranges, juveniles showed a preference for warmer waters to colder waters, confirming previous studies (Mi, 1997; Wang et al., 2011) that suggested that warmer waters promoted largehead hairtail growth. The results in the present study indicated a narrower temperature range of the bottom water temperature than that was reported by You and Xu (1984), which was 16–22°C in summer in the central fishing ground. Our results suggested that adult and juvenile largehead hairtail inhabited a similar thermal niche, but juveniles that occupied nursery grounds were restricted to these habitats because of narrower physiological thermal tolerance compared to tolerances of adults. Sun et al. (2020b) studied daily growth of young-of-the-year largehead hairtail by otolith microstructure analysis, suggested that daily growth of juvenile largehead hairtail was influenced by the interactive effects of water temperature and nutrient supplies. For the October-spawned and November-spawned cohort, otolith daily increment showed maximum growth at temperatures 18 and 21°C, respectively, which were approximate optimal temperature in the nursery areas of our present study. Temperature-dependent physiological mechanism may contribute to persistent existence of largehead hairtail nursery grounds. However, the mechanism of the effects of increased thermal variability on largehead hairtail physiology and stress are not well understood, many experimentally manipulated thermal regimes and found that thermal variance affected the biochemical reaction rates and metabolic rates of fish species (Brown et al., 2004; Steel et al., 2012). Moreover, the formation of largehead hairtail nursery grounds may largely depend on those that maximize a particular physiological performance, but will also depend on food and habitat availability and various other ecological factors (Payne et al., 2015).

Largehead hairtail spawn almost year round with peak spawning periods spanning from April to October in the East China Sea. In late spring, the spawning stock migrates from the southern Zhejiang offshore to the northern Zhejiang offshore drove by the Taiwan warm current (TWC). In autumn, the spawning stock spawns offshore at the mouth of the Yangtze River and gradually migrates southward (Li, 1982). The waters around the nursery grounds and spawning grounds are dominated by two current systems with different features, i.e., the low-temperature water along the coast of Jiangsu and Zhejiang in nearshore areas, and the high-temperature water of the TWC in offshore areas. Thus the primary productivity is high in the frontal zone (Jiao et al., 1998). The location of nursery grounds changes with the advance and retreat of the Taiwan warm current. As the temperature decreases, the aggregation area of largehead hairtail moves south; as the temperature increases, the aggregation area moves north. The catch of largehead hairtail is also closely related to the coastal current and the TWC. When the coastal current is stronger, the catch in the ECS is higher, and vice versa. The catch in the ECS is inversely proportional to the strength of the TWC (Chen et al., 2004). The effects of coastal current and the TWC on catch may be related to the transport and survival rate of juvenile largehead hairtail. TWC originating from the northward Kuroshio flows along the Sea of ECS coast, has poor nutrients and low primary production (Yatsu et al., 2013; Karu et al., 2020). In contrast, the coastal current has rich nutrients and high primary productivity (Ichikawa and Beardsley, 2002). In some years, strong TWC and weak coastal current can change the nursery grounds location of largehead hairtail, and the quality of largehead hairtail nursery grounds declines, thus reducing the early survival rate. The effects of NPPV are consistent with those of temperature on the abundance. Increases in temperature within a certain range promote increases in primary productivity. Guan et al. (2014) describes the relationship between the maximum photosynthetic rate and temperature exhibits a peak near 20°C, followed by a decline with further increases in temperature through the VGPM (Vertically Generalized Production Model) algorithm, indicating that although higher temperature usually increased photosynthesis, it was often associated with the nutrient limitation that inhibited phytoplankton growth. In addition, increasing temperature can increase the respiration of phytoplankton and limit the accumulation of photosynthetic products. Although the relationship between temperature and NPPV was not analyzed in this paper, we found the abundance of juvenile fish began to decrease at temperatures above 20°C and NPPV above 120 mg/m3, which shown a similar response trend. Du et al. (2020) concluded that low salinity and high temperature were conducive to the growth of phytoplankton, which promote the migration, feeding, aggregation of largehead hairtail, and the formation of fishing grounds in the ECS.

The non-linear relationship between NPPV and the abundance of juvenile largehead hairtail showed that the effect of NPPV on the abundance was positive over a wide range but shifted to negative beyond a threshold. Guan et al. (2014) found the same pattern in the relationship between Scomber japonicus and NPPV in the ECS and concluded that interspecific competition between Scomber japonicus and largehead hairtail limited the biomass increase of Scomber japonicus. In addition, a negative feedback mechanism exists between zooplankton and phytoplankton (Goldyn and Kowalczewska-Madura, 2008; Daewel et al., 2014; Vallina et al., 2014). As a result, the abundance of zooplankton decreases with the increases in NPPV. Thus the abundance of zooplankton-feeding fish is regulated through the bottom-up mechanism. Juvenile largehead hairtail mainly feed on plankton and small pelagic fish (Zhang, 2004), thus having a closer trophic relationship to the NPPV. Chen et al. (2004) analyzed the relationship between the feedstuff and fishing grounds location of largehead hairtail in the ECS using the distribution data of zooplankton from 1960 to 1981, and found that the distribution of zooplankton biomass, particularly krill was closely related to the changes of largehead hairtail fishing ground location and the migration of fish schools. However, largehead hairtail is highly cannibalistic during its juvenile and adult stages, and the weight of juvenile largehead hairtail could reach 25.2% of their stomach contents (Liu et al., 2009b). Based on the available results, the non-linear response of juvenile largehead hairtail to NPPV may be attributed to the complex ecosystems, and it is difficult to determine which mechanism controls the dynamics of juvenile largehead hairtail abundance.

Marine spatial planning is an important tool for marine fisheries management and an important means to govern marine space and promote sustainable use of marine fisheries. Currently, the understanding of the spatial ecology of marine species is limited, which is necessary for the conservation of marine species and the development of marine spatial planning approaches. As tools to support management and conservation, habitat suitability models could help identify priority conservation and management areas. This study extends the knowledge of the relationship between juvenile and the environment in the highly exploited species of largehead hairtail. Considering the commercial and economic importance of the species, the results of our present study provided priority conservation areas for permanent nursery grounds in early life history stages and that can be used to achieve sustainable and adaptive fisheries management and spatial management of human activities.

The small size and proximity of the identified permanent nursery grounds and the fact that they did not cover multiple administrative units brought the feasibility of implementing effective marine spatial planning and connected conservation area networks. Marine conservation areas are set up to manage human activities rather than fish or biodiversity. Since fishing is the most important human activity, and the distribution of trawl fishing grounds is highly overlapping with nursery grounds (Zhang et al., 2016). Thus, resistance to spatial planning stems mainly from fisheries actions, especially trawling. The smaller area of permanent nursery grounds may be a convenient feature, which could help the negotiation with fishery administrations and reducing the impacts on fisheries and fishermen (Paradinas et al., 2015). An effective assessment of permanent nursery grounds should include the spatial and temporal dynamics of the species throughout the year (Crowdera and Norse, 2008; Paradinas et al., 2015), even involving the knowledge on environmental regimes. Therefore, future studies may focus on the analysis of the spatial distribution of different months and supplement other information, such as the fishery-dependent catch and fishing effort. If a persistent pattern exists throughout the year, a permanent fishery restriction area may be recommended. However, fish reproduction is seasonal and cyclical, and concentrating on protecting the space of peak reproductive and nursery periods could prove a more flexible management approach. In addition to strict protection of existing fish distribution hotspots, new suitable habitats could be added to expand the range of hotspots. For example, analysis in this study showed potentially suitable areas were outside the permanent nursery habitats. Although most of them were at the periphery of the hotspots, those areas were even the core of distribution in specific years. At present, those potentially suitable areas are disturbed by human activities and lack of adequate protection. Due to the complex system behavior of marine populations and ecosystems, there is no guarantee that removing the stresses will lead to population recovery at times of populations decline. Therefore, precautionary action is a more robust management strategy than restoration measures under population collapse.
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