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Modeling the Oceanographic Impacts on the Spatial Distribution of Common Cephalopods During Autumn in the Yellow Sea
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The importance of the role of cephalopods in marine ecosystems and commercial fisheries has increased over recent years. There is now evidence that the distribution of cephalopods is expanding latitudinally. Nevertheless, information about the spatial distribution of cephalopods and its implications in the Yellow Sea (YS) is not well known. In an attempt to redress this deficiency, we firstly conducted a simple analysis of geospatial patterns in fishing effort in the YS during 2012–2016 to ascertain if changes in fishing intensity (across all species) might be responsible for creating an apparent latitudinal shift in cephalopod distribution. Although fishing intensity increased in the YS over the 5-year period, there are no significant differences among years within each latitude, implying that all latitudes respond in a similar way each year. We then used long-term scientific survey data (2000, 2009, 2014, and 2017) of cephalopods (Todarodes pacificus, Loliolus spp., Octopus variabilis, Octopus ocellatus, Sepiola birostrata, and Euprymna spp.) collected each October in the YS, combined with oceanographic variables including sea surface temperature (SST) and chlorophyll-a concentration (CHLA), to model relationships to establish habitat suitability indices (HSIs) using both an arithmetic mean method (AMM) and a geometric mean method (GMM). Cross-validation, standard deviation, and mean squared error of prediction (MSEP) were used to evaluate the performance of the HSI. Abundance index data from surveys of 2018 were overlaid on maps of predicted HSI for the same year to visualize the correspondence of the modeled HSI. Spatiotemporal mapping of oceanographic variables showed that SST and CHLA change dramatically around 34°N, which may relate to the spatial distribution of cephalopods. CHLA is the most important oceanographic variable for most squid and octopus species, while SST is the most important for bobtail squid. The MSEP showed that the AMM-based HSI performed better than the GMM-based HSI. Future studies should take weighting of oceanographic variables into account and ideally integrate them into a more holistic model to obtain increased precision in predictions when establishing HSIs.
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INTRODUCTION

Cephalopods play crucial ecological roles in the ocean, are opportunistic predators feeding on numerous species like fin-fish and crustaceans, and are important prey of fin-fish, marine mammals, and seabirds (Piatkowski et al., 2001). Nowadays, the abundance of traditionally targeted fish species among higher trophic levels is in continual decline due to global climate change and overfishing, which inadvertently benefits the prevalence of cephalopods (Rosa et al., 2019). Cephalopods have great phenotypic plasticity and wide-ranging diets that can help them rapidly adapt to changing environments, leading to their abundance rising when their predators and competitors become overfished (Pierce et al., 1994; Ibáñez and Chong, 2008; Doubleday et al., 2016; Liscovitch-Brauer et al., 2017). Fisheries for cephalopods have expanded over many decades, perhaps in response to their rapid proliferation due to favorable changes in environmental conditions (Rodhouse et al., 2014; Doubleday et al., 2016). Catches of traditionally sought fish have decreased dramatically worldwide in the past few decades, while catches of cephalopods have increased substantially because of their rapid growth, short life span, high turnover rate, and strong phenotypic plasticity (Pang et al., 2018). There is increasing evidence that spatial distribution patterns of marine species are as important as long-term fluctuations in their abundance (Ciannelli et al., 2013), which has significant implications for marine ecology and fisheries management (Puerta et al., 2014). Moreover, understanding the complexity of relationships between abiotic and biotic factors is vitally important for interpreting distributional changes in the abundance of fish stocks (such as Gadus morhua in Swain, 1999).

Previous studies have shown that 13 or 14 cephalopod species belonging to six families inhabit the Yellow Sea (YS) (Wu et al., 2015; Du et al., 2016). In autumn, Loliolus spp., Todarodes pacificus, and Sepiola birostrata are the most abundant species with high index of relative importance (IRI) values, followed by Octopus ocellatus and Octopus variabilis (Wu et al., 2015; Du et al., 2016). They have different spatial distributions according to their diverse habitat preferences and environmental requirements. The oceanic squid (T. pacificus) spends its entire life in the pelagic environment, whereas neritic squid such as Loliolus spp. prefers benthic environments throughout most of its life span. The octopuses O. ocellatus and O. variabilis have a planktonic larval stage and descend to the seabed post-settlement to complete their juvenile stage (Villanueva et al., 2016). Bobtail squid S. birostrata and Euprymna spp. usually live in coastal bottom habitats following a planktonic larvae stage (Jereb and Roper, 2006). These species live exclusively in shallow coastal waters, with the exception of T. pacificus which typically lives in deeper oceanic waters. Thus, neritic squid and bobtail squid have a narrow distributional range in the northwestern Pacific Ocean, predominantly in East Asia, whereas T. pacificus is more widely distributed in the northern Pacific Ocean, but nevertheless mainly inhabits the northwestern region.

All of these species have life spans less than 1 year with totally different migration patterns. T. pacificus has three intra-annual cohorts spawning during summer, autumn, and winter. The main branches of this species go to the Sea of Japan and off the Pacific coast of Japan for feeding, and smaller numbers mostly belonging to the winter cohort head to the YS which forms the YS branch. The YS branch migrates northward from the East China Sea (ECS) in May and June and arrives at the feeding ground in the YS in August and remains there until October, after which it then goes back to ECS for spawning during winter (Jin et al., 2005). Loliolus spp. including L. japonicus and L. beka inhabit the Yellow Sea Large Marine Ecosystem [YSLME, including the YS and Bohai Sea (BS)]. L. japonica is mainly dominant in the YS, while L. beka dominates in the BS (Jin et al., 2005), but there is substantial overlapping of these species in the YSLME. Their morphological similarity makes them difficult to distinguish from each other without using a microscope (Dong, 1988; Jereb and Roper, 2010). Therefore, it is infeasible to separate the two species microscopically in the field especially when encountering a large catch, with the practical solution being to group them together during surveys and fisheries assessments. Loliolus spp. remain within the central YS for overwintering from December to March, and then migrate to the coast of the YS and BS for feeding and spawning during late spring and summer, before migrating back to the overwintering ground during late autumn and winter (Jin et al., 2005). Other species exhibit relatively short movements during their spawning season which is usually during spring (Dong, 1988).

Although the proportion of cephalopods in catches has been increasing over several decades, it has only accounted for about 5% of the total coastal marine catch during the last decade (Pang et al., 2018). Moreover, catch data are unavailable for each species, which makes fishery-independent survey data more valuable for scientific assessments. In the YS, T. pacificus is the most abundant and important among cephalopod fisheries, followed by Loliolus spp. and O. ocellatus. The T. pacificus fishery in the YS, which is based on gillnetting and trawling, commenced during the 1960s, and the most recent reported catch was about 56,000 tons back in the early 2000s. Fishing for T. pacificus mainly occurs from September to December and commences earlier in the northern than the southern YS (Jin et al., 2005). The Loliolus spp. fishery in the YS, which is caught as bycatch in set and trawl nets, is mainly conducted during spring to target the spawning cohort and in winter to catch the overwintering cohort. For O. ocellatus, caught mainly by traps, and as bycatch in set and trawl nets, fishing activity mostly takes place in the early spring when this species commences to spawn (Dong, 1988). The fisheries for O. variabilis and two bobtail squids have a lower incidental impact with respect to the above species (Loliolus spp. and O. cellatus).

Fishing pressure can influence not only the abundance of fish stocks (Wang et al., 2012; Liu et al., 2017) but also their spatial and temporal distribution (Russo et al., 2013; Adams et al., 2018). Vessel monitoring by satellite systems (VMS) and automatic identification systems (AISs) have made possible the quantification of spatial fishing intensity. Nowadays, VMS and AIS are also powerful fishery management tools due to their high resolution at both spatial and temporal scales (Bastardie et al., 2010; Lee et al., 2010), enabling precise analysis of relationships between fish abundance and fishing intensity. Since cephalopods may benefit from overfishing their predators (Doubleday et al., 2016; Liscovitch-Brauer et al., 2017), a change in spatial distribution of fishing intensity may impact the spatial distribution of cephalopods.

Cephalopods are also highly sensitive to oceanographic variables in both direct and indirect ways due to their rapid growth, high turnover rate, and short life span, thereby affecting their habitat distribution (Puerta et al., 2014; Keller et al., 2016). Sea temperature plays a vital important role in the spatial distribution of cephalopods (Rosa et al., 2011; Yu et al., 2015, 2016a,b, 2018). Since all these species have planktonic larvae stages and T. pacificus spends its whole life in the pelagic environment, sea surface temperature (SST) can largely influence the early stages of these species and the entire life history of T. pacificus. Cephalopods’ spatial distribution is also influenced by the distribution of their prey which is related to chlorophyll-a concentration (CHLA) in the water column. The neritic and bobtail squids are small sized cephalopods, which means that sea surface height anomaly (SSHA) may influence their distribution during their diel vertical migration (Dong, 1988; Jin et al., 2005; Jereb and Roper, 2006, 2010).

Habitat suitability index (HSI) modeling has become a broadly used and powerful tool to provide habitat preference information, which usually combines abundance index (AI) and oceanographic variables (such as temperature, salinity, CHLA, oxygen concentration, etc.) using a variety of different methods (Chen et al., 2009; Tian et al., 2009; Chang et al., 2013; Tanaka and Chen, 2015; Yu et al., 2016a, b, 2019; Xue et al., 2017). The spatial distribution of cephalopods in the YS and the relationship between their AI and oceanographic variables, especially for non-target species, are rarely known.

The objective of the present study was to (1) explore the relationship between AI and oceanographic variables, (2) develop and compare different HSIs for each species, and (3) find out if the HSI based on the last two decades still matches with the survey data of 2018.



MATERIALS AND METHODS


Study Area

The YS is located north of Shanghai and enclosed by China’s mainland coast and BS entrance in the northwest, the northern coast extending from China eastward to the Korean Peninsula, that separates it from the Sea of Japan and the Northwest Pacific Ocean to the east (Figure 1). The YS extends about 960 km from north to south and about 700 km from east to west, covering an area of about 380,000 km2. It has a mean depth of only 44 m, with a maximum depth of 152 m. As a semi-enclosed sea, YS shows characteristics typical of a large marine ecosystem. YSLME is a typical large marine ecosystem with distinctive bathymetry, hydrography, productivity, and trophically dependent populations. Shallow but rich in nutrients and resources, YSLME has productive and varied coastal, offshore, and transboundary fisheries. Over the past several decades, fish populations and environmental conditions in the YSLME have changed greatly (Tang and Fang, 2012).


[image: image]

FIGURE 1. Map of Yellow Sea and bottom trawl survey stations (gray squares) during autumn from 2000 to 2018.




Scientific Survey Data

Scientific survey data were obtained from bottom trawl surveys conducted by the Yellow Sea Fisheries Research Institute (YSFRI), Chinese Academy of Fishery Sciences (CAFS) in autumn (October) from 2000 to 2018 (i.e., 2000, 2009, 2014, 2017, and 2018). Sampling stations were fixed inter-annually by a 0.5 × 0.5 grid (Figure 1). The same research vessel R/V “Beidou,” gear type (bottom trawl), and sampling protocol were used to ensure consistency over time. The trawl net had a cod-end mesh size of 2.4 cm, a headline height of 6.1–8.3 m, and a span of 25 m between its wings (Wu et al., 2020). The average trawl speed was 3.0 knots, and all tows were standardized to 1 h duration for each species at each station (Tanaka and Chen, 2016). A total of 392 valid tows (112 tows in 2000, 46 tows in 2009, 80 tows in 2014, 78 tows in 2017, and 76 tows in 2018) were included in the present study. The fishery-independent survey data included location (latitude and longitude) and number of individuals of each species. Each tow was assigned to a specific grid cell according to the survey location. The standardized number of individuals at each site for each species was used as AI. Zeros of AI were also used in this study because they were valid tows without catch for some species.
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where AIijk is the standardized AI of species i at grid cell j in year k, Countijk is the sum number of individuals of species i across all tows assigned to grid cell j in year k, and Timeijk is the sum tow duration (minutes) of species i across all tows assigned to grid cell j in year k.

Considering the abundance of each cephalopod species and the feasibility of model development, the top six species based on the number of individuals were selected in the present study. The data of 2000, 2009, 2014, and 2017 were used for HSI estimation, and those of 2018 were used for model prediction.

In the YS, T. pacificus, L. beka, and L. japonica are three dominant squids. However, the morphology of L. beka and L. japonica are too similar to distinguish, even for highly experienced fishers and fisheries experts. Therefore, L. beka and L. japonica were considered as one group named as Loliolus spp. while conducting surveys. Similarly, Euprymna morsei and Euprymna berryi were considered as one group named as Euprymna spp. for the same reason.



Fishing Intensity Data

Fishing intensity data for all species collectively from 2012 to 2016 (the only digital data available), including latitude, longitude, country of flag, fishing hours, gear type and date, were obtained from https://globalfishingwatch.org. Fishing hours were used as an index of fishing intensity. We filtered Chinese and Korean fishing vessels of all gear types operating in the YS, and the selected data were gridded to 0.25 × 0.25 then summarized annually for further analysis. Prior to mapping and statistical analysis, filtered effort data were converted to a log10 scale after 1 was added to each effort (fishing hours) observation to account for zero values (Howell and Kobayashi, 2006; Mugo et al., 2010; Xue et al., 2017). Latitude was considered as categorical (each level of 1 degree), and the sampling design was unbalanced.

In order to determine if the total fishing hours showed a latitudinal shift with time, a two-way ANOVA test for unbalanced data was performed with effort (fishing hours) as the dependent variable and year (2012–2016), latitude (32°–40°) and country (China and Korea) as categorical explanatory variables. The Chinese fleet accounted for 99% of the total effort across the two nations. To examine all the effects, we included year × country, latitude × country interaction terms as well as year × latitude as the main interaction of interest (Table 1). The three-way interaction year × latitude × country was excluded because the number of observations (n = 90) was too small (df = 0). After testing for heteroscedasticity to ensure the data approximated a normal distribution, the power of the test was checked to confirm that replication was sufficient to detect a relatively small effect size (<10%) as described by Cohen (1988). The centroid of the spatial distribution of fishing effort was also calculated in each year for the same reason (i.e., to examine if fishing hours showed a latitudinal shift with time).


TABLE 1. Two-way ANOVA (Type III tests) of the main effects of year, latitude and country, and their two-way interactions on the effort (number of fishing hours) observed in the Yellow Sea during 2012–2016.
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where G is the centroid (sometimes referred to as center of gravity) of fishing hours in each year, Ei is the total fishing hours at latitude category i of each year, and LAT is the mean latitude of latitude category i.

Fishing intensity data did not correspond with all years among the survey data (2000, 2009, 2014, 2017, and 2018), so fishing intensity was not integrated into the HSI development. Therefore, there was no need to attempt to align the spatial resolution of fishing intensity data with those of survey data and oceanographic data used in the HSI development. In order to see if the fishing intensity was directly influencing the spatiotemporal distribution of cephalopods, we mapped and compared the spatial distribution of fishing hours among years (Figures 2, 3).
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FIGURE 2. Spatial and temporal distribution of fishing intensity (represented by log transformed fishing hours) in the Yellow Sea.
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FIGURE 3. Tukey’s pairwise multiple comparisons (α = 0.05) illustrating consecutive latitudes (A) and years (B) for which contiguous lines indicate non-significant differences in fishing effort.




Oceanographic Variables

Oceanographic variables, including SST, SSHA, and CHLA, were initially selected based on existing knowledge about their vital impact on the distribution and abundance of cephalopods (Puerta et al., 2014; Keller et al., 2016; Yu et al., 2016a, b). Oceanographic data for October of 2000, 2009, 2014, 2017, and 2018 were obtained from a remote sensing database. Monthly SST (0.04 × 0.04 resolution) and CHLA (0.1 × 0.1 resolution for data in 2000 and 0.04 × 0.04 resolution for data in other years) data were from https://oceanwatch.pifsc.noaa.gov/. Monthly SSHA (0.17 × 0.17 resolution) data were from http://podaac-opendap.jpl.nasa.gov/. All the oceanographic variables were gridded to 0.5 × 0.5 for each October to match the spatial resolution of survey data prior to further analysis.



Habitat Suitability Index Development and Validation

SST, SSHA, and CHLA were selected as potentially vital oceanographic variables for the HSI, under an initial assumption that they were independent and had a strong influence on suitable habitat distribution. We assumed that the AI obtained from surveys reflected the natural distribution of cephalopods. To test for independence, we computed the correlation matrix for the three variables; SSHA was negatively correlated with SST (p < 0.01) and positively correlated with CHLA (p < 0.05), but there was no significant correlation between SST and CHLA (Figure 4). Although the coefficients were relatively low, at −0.16 for SSHA vs. SST and 0.13 for SSHA vs. CHLA, we dropped SSHA from the models.
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FIGURE 4. Cross-correlation plot of sea surface temperature (SST), sea surface height anomaly (SSHA), and chlorophyll-a concentration (CHLA) showing significant relationships (α = 0.05). Size of dots indicates strength of correlation and blanks where no correlation was detected.


For model development, we first built the suitability index (SI) using a smoothing cubic spline regression method in the generalized additive model (GAM) (from the “mgcv” package in R; Wood, 2017) to express the relationships between each of the two oceanographic explanatory variables (SST and CHLA) individually with the AI (response variable) as follows:
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The GAM statements specified a negative binomial distribution with a log link function. The negative binomial distribution was selected to account for the over-dispersion from a preponderance of observations with low counts and zeros among the species abundance data. Only those models with significant effects were used, and where both variables were significant, then the one with the lowest p-value was selected except if one of the variables explained much more of the deviance than the other.

The SI has continuous values ranging from 0 (poor habitat) to 1 (optimal habitat). The SI for each species and each oceanographic variable was calculated based on the following equation (Tian et al., 2009; Chang et al., 2013; Xue et al., 2017):
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where SI is the suitability index of each species at each grid cell, [image: image] is the estimated value of AI using regression method, and [image: image] and [image: image] are the maximum and minimum values of estimated AI. SI values higher than 0.6 were regarded as within the optimal range, and the corresponding oceanographic variables were regarded as being within an optimal environmental range (Tian et al., 2009; Chang et al., 2013).

SI values obtained from the additive models were subsequently incorporated into the HSI formula using two different estimation methods, the geometric and the arithmetic means as follows (Chen et al., 2009; Tian et al., 2009; Chang et al., 2013):
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where SIi is the suitability index value based on the oceanographic variable i, and n is the number of oceanographic variables considered.

A cross-validation method was used to evaluate the performance of the HSI. Indices were developed independently for each species by modeling 80% of the data selected randomly from 2000–2017 as training data and the rest from that period as testing data to assess the performance of the index in each instance (Zuur et al., 2007; Tanaka and Chen, 2015). Linear regression analysis was used to compare the estimated HSI values between training data and testing data, whose results including the regression intercept, slope, R2 value, and the Akaike information criterion (AIC) score were used to evaluate the fit of the HSI in each instance. The closer the intercept was to 0, the slope to 1, the higher the R2 value, and the lower the AIC value, the better the model was considered to have fitted the data. One hundred cross-validation runs were conducted using random selection for each run to obtain 100 sets of regression parameters. This validation process was conducted to identify the model which performed best for each of the AMM- and GMM-based HSI (Tanaka and Chen, 2015).

We then applied these AMM- and GMM-based models developed with the 2000–2017 data to predict SI and then calculate HSI using the environmental data (based on CHLA or SST for each species as appropriate) for 2018. We then established a new model using the 2018 data, and estimated SI and then calculated HSI using the environmental data for 2018. This process produced a set of estimated and predicted HSI for each species in each grid cell surveyed in 2018. To determine whether the AMM- or GMM-based performed best for each species, we calculated the mean square error of prediction (MSEP) for each of these two model types for each species, i.e.,
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where HSIE is the estimated HSI of 2018 derived from the relationship of 2018, and HSIP is the predicted HSI of 2018 derived from the relationship of 2000–2017. The lower the value of MSEP for a model, the better is its performance (Björkwall et al., 2011).

The spatial distribution of AI in October of 2018 was then overlaid on the predicted AMM- and GMM-based HSI maps of the same year to provide a visual comparison. AI data from 2000 to 2017 were rescaled (divided by the maximum abundance of each species among years) to plot AI distribution to see if there are different distribution patterns of each species among years.



RESULTS


Interannual Variation of the Fishing Intensity

Based on the spatial and temporal fishing density data from Global Fishing Watch, the lowest fishing intensity was in 2012 while the highest was in 2016. The fishing intensity did not increase gradually with years (except 2012). The inshore area of China had the highest fishing intensity among all years, while the central YS had the lowest fishing intensity (Figure 2). The inshore area of China in the northern YS had the highest fishing intensity and gradually decreased to the south among all years.

The total fishing hours showed that fishing intensity in 2012 had the lowest values (gray dots in Figure 5). Generally, the most intense fishing was concentrated in the latitude range of 38–39°N and gradually decreased from north to south. The fishing intensity of 39–40°N was, however, similar to those of 35–36°N and 36–37°N (Figure 5). Linear regression of the centroid of fishing hours showed that the slope was weakly significant (p > 0.01, black dots in Figure 5). Two-way ANOVA testing showed that although the full model and year × latitude were non-significant (P > 0.1), year × country, and latitude × country were highly significant (p < 0.001) (Table 1). This implies that latitudinal differences in fishing hours remained consistent over time (Figure 5). Tukey’s pairwise post hoc comparisons showed that the temporal increase in effort was confined to the annual interval at the start of the series, i.e., 2012–2013 when average fishing hours increased by 34% (Figure 3).
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FIGURE 5. Inter-annual and latitudinal trends of fishing intensity (represented by sum of log10 transformed fishing hours) in the Yellow Sea. Gray dots represent total fishing hours of each latitudinal category in each year, black dots represent the centroid of total fishing hours in each year, and linear regression was given based on gravity center.




Interannual Variation of the Oceanographic Variables

The oceanographic data acquired during October of 2000, 2009, 2014, 2017, and 2018 were selected for analysis in accordance with the survey period. The oceanographic variables changed spatially in the same year, and there were also interannual variations for each of them (Figure 6). SST decreased with increasing latitude and decreased sharply around 34°N. It had the highest values at 32–33°N in 2000 and early October of 2009, whereas the lowest SST occurred at about 38°N. Across the longitudinal range, SST was lowest at approximately 121°E in 2009, 2014, and 2017, 123.5°E in 2014, and 126°E in 2017 and 2018. In accordance with SST, CHLA showed significant change at 34°N in all years. The CHLA had lower values between 32°N and 34°N in all years except 2000 and 2018 when it was at 36°N, whereas higher values were evident at 38°N. Higher CHLA values longitudinally were located between 121.5°N and 126°E in 2009 and 126°E during 2009–2017, whereas lower CHLA values occurred between 122.5°N and 124°E in 2000, 2014, 2017, and 2018.
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FIGURE 6. Spatiotemporal distribution of monthly oceanographic variables in October of 2000, 2009, 2014, 2017, and 2018 for (A) sea surface temperature (SST) and (B) chlorophyll-a concentration (CHLA).




Relationships Between Abundance Index and Oceanographic Variables

The regression analyses indicated that the better performing variable differed among species (Table 2). For T. pacificus, Loliolus spp., O. variabilis, and O. ocellatus, the SI model for CHLA was statistically significant (p < 0.05), explaining the most deviance and had the smallest AIC value, making it the preferred oceanographic variable to establish SIs. For S. birostrata and Euprymna spp., the abundance for SST explained the most deviance, had the smallest AIC value, and was statistically significant (p < 0.05), although the p-values were marginal for S. birostrata.


TABLE 2. Generalized additive model (GAM) outputs of the abundance of the six cephalopod taxa.

[image: Table 2]According to the fitted SI models for SST, the optimal SST ranges were 16.0°C–17.8°C (and 20.2°C–20.9°C, 22.9°C–23.2°C), 18.6°C–20.9°C, 18.6°C–20.6°C (and 21.1°C–22.9°C), 16.3°C–19.6°C, 20.1°C–21.6°C, and 16.0°C–17.9°C (and 20.4°C–20.9°C, 22.9°C–23.2°C) for T. pacificus, Loliolus spp., O. variabilis, O. ocellatus, S. birostrata, and Euprymna spp., respectively (Figure 7).


[image: image]

FIGURE 7. Suitability index (SI) for sea surface temperature (SST) based on the smoothing spline regression method.


The optimal CHLA ranges were 0.67–2.44 mg/m3, 2.30–3.76 mg/m3, 1.82–3.58 mg/m3, 2.92–4.64 mg/m3, 0.48–1.65 mg/m3 (and 4.22–4.64 mg/m3), and 0.48–2.24 mg/m3 for T. pacificus, Loliolus spp., O. variabilis, O. ocellatus, S. birostrata, and Euprymna spp., respectively (Figure 8).
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FIGURE 8. Suitability index for chlorophyll-a concentration (CHLA) based on the smoothing spline regression method.


Interestingly, some relationships had more than one peak of SI over 0.6, i.e., SST for T. pacificus, O. ocellatus, and Euprymna spp., and CHLA for S. birostrata.



Habitat Suitability Index Comparison, Selection, and Validation

For each species, the cross-validation regression between predicted and estimated HSI showed that the intercepts (α) of the GMMs were closer to 0 compared with the AMMs (except for Euprymna spp.) (Table 3). In contrast, the slopes of the AMMs were closer to 1 compared to the GMMs (except for O. variabilis and Euprymna spp.). For the R2, those of the AMMs were higher than those of GMMs (except for O. variabilis, S. birostrata). When compared with an ideal model without prediction bias (α = 0, β = 1, and R2 = 1), the AMM of Loliolus spp. had the best performance (α = 0.20, β = 0.59, and R2 = 0.57) among all species. For each species, both MSEP and SD of predicted HSI values based on AMM was lower than that based on GMM (Table 4).


TABLE 3. Summary of linear regression analyses between the predicted and estimated habitat suitability index (HSI) values for the arithmetic mean method (AMM) and the geometric mean method (GMM) from 100 cross-validation runs.

[image: Table 3]
TABLE 4. Comparison of the mean square errors of prediction (MSEP) and their standard deviations (SDs) for arithmetic mean method (AMM)- and geometric mean method (GMM)-based habitat suitability index (HSI) for each cephalopod species derived from 2018 data.
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Distribution Pattern Based on Abundance Index and Habitat Suitability Index

According to the map of predicted HSI overlaid with AI of 2018 and AI from 2000 to 2017 (Figures 9, 10), distribution patterns differed among species. Todarodes pacificus was distributed in deeper water of the YS, and the model prediction also showed high density in deep water. Loliolus spp. and O. ocellatus showed higher abundances and HSI values in the coastal area. O. variabilis was distributed in deeper water of the YS, while the model prediction showed high density in coastal water. There were deep-water distribution tendencies for S. birostrata and Euprymna spp. in the predicted and survey results. The AI distribution of each species showed different patterns between decades (i.e., 2000s vs. 2010s) (Figure 10).


[image: image]

FIGURE 9. Habitat suitability index (HSI) map of cephalopods predicted based on the oceanographic data (sea surface temperature and chlorophyll-a concentration) in 2018 using an arithmetic mean model (AMM) and a geometric mean model (GMM) developed with data from 2000 to 2017. A cephalopod abundance index (AI) distribution from 2018 was overlaid on the HSI map. The left panel of each species represents its respective AMM, and the right panel of each species represents its respective GMM.
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FIGURE 10. Scaled spatial distribution of abundance index (AI) of different species per year (2000–2017).




DISCUSSION

The absence of a significant interaction effect between year and latitude, despite the high power of the analysis of variance, is consistent with changes in spatial distribution patterns of cephalopod abundance arising from the consequences of changing environmental conditions rather than directly from geographic changes in patterns of fishing intensity. This was not unexpected as total fishing hours in the north of the YS were consistently higher than for the south throughout the study period (Figure 5). Although there was a weak southward trend in the centroid of fishing effort over the study period, the displacement was small at about 0.5° in latitude so would have only made a slight contribution to northerly increases in species population abundance. The latitude range of 37°N–39°N had the most intense total fishing hours in all years, which could result in a higher fishery exploitation rate in this area. In this case, if the abundance of high trophic level species reduced because of overexploitation (Rosa et al., 2019), cephalopod abundance of this overexploited fishing ground could then increase due to their pronounced phenotypic plasticity and a reduction in their predators (Doubleday et al., 2016; Liscovitch-Brauer et al., 2017). HSI modeling can provide robust and highly predictive habitat quality estimates for marine organisms (especially those targeted by fisheries) using environmental variables (Yu et al., 2015). In the present study, we integrated AI, SST, and CHLA into two empirical methods to establish HSI and to interpret the relationships between the spatial distributions of cephalopods and environmental variables using abundance data acquired from scientific surveys in the YS and environmental data derived from satellites. The survey data from YSFRI’s annual autumn stock monitoring program used in the present study reflect the spatial distribution of marine species much better in comparison with fishery-dependent data. Fishers tend to mostly fish in small areas yielding large catches associated with high-quality habitat (Yu et al., 2018). Fishers are unwilling to fish those areas with low fish abundance, due to their lower profitability, which means fisheries usually operate within a highly concentrated area. Therefore, it is impractical to attempt to establish a species distribution map over a wide geographic range solely based on fishery-dependent data. In contrast, scientific surveys conducted independently of fishing in the YS are designed in an organized grid of fixed monitoring stations that can more reliably reflect the distribution pattern in the entire study area (Jin et al., 2005). Hence, fishery-independent scientific survey data from well-designed motoring programs are much more powerful than fishery-dependent data in terms of modeling spatial distributions. In the context of YS with a mean water depth around 40 m and maximum depth around 150 m, the bottom trawl survey that we used emerged as a very good method for investigating fisheries resources in this area.

Oceanographic variables can be used as predictors of the physiological suitability, food availability, and oceanic physical conditions of habitats (Mohri, 1999; Chen et al., 2010). Each cephalopod species or group investigated in the present study showed unique environmental preferences, which can account for their different spatial distributions. SST, SSHA, and CHLA were considered as proxy oceanographic variables that can identify the most suitable habitat for specific cephalopod groups (Arkhipkin et al., 2015). However, SSHA was correlated with SST and CHLA, and SSHA showed a non-significant linear relationship with the abundance of each species except for S. birostrata. Therefore, we only used SST and CHLA for HSI modeling. After establishing the relationship between the AI of each species and the two oceanographic variables, we found that CHLA was the most important oceanographic variable for squid and octopus, whereas SST was the most important for bobtail squid. This may relate to differences in their habitat requirements after reaching a catchable size. Octopus and bobtail squid are benthic species that spend their juvenile and adult life history stages at the bottom near the seabed; T. pacificus is an oceanic species that usually inhabits the middle of YS; Loliolus spp. is usually located near the bottom during daytime and near the surface at night (Dong, 1988; Jereb and Roper, 2006, 2010). Because of the small size of Loliolus spp., hydrological currents have a strong influence on their abundance and distribution while they are near the surface in the water column. Survey data from this study showed that Euprymna spp. usually inhabits locations north of 37°N, making them very sensitive to temperature, which explains why they exhibited a very strong relationship with SST (Table 2 and Figure 7). T. pacificus and Loliolus spp. exhibit diel migration and will swim up to the surface during the night, which explains their strong relationship with CHLA. Habitat preference of other species with strong diel migration, such as swordfish (Xiphias gladius), jumbo flying squid (Dosidicus gigas), neon flying squid (Ommastrephes bartramii), chub mackerel (Scomber japonicus), and jack mackerel (Trachurus murphyi) is also heavily influenced by CHLA (Chang et al., 2013; Yu et al., 2015, 2018, 2019; Li et al., 2016). O. variabilis and O. ocellatus, were weakly or not associated with SST, reflecting their benthic lifestyle (Dong, 1988; Jin et al., 2005). Caution is warranted, nevertheless, when interpreting the observed relationships between AI and oceanographic variables because some showed inconsistent trends (Figures 7, 8). We acknowledge that these results were relative to the models we tested and that our results are not necessarily the best solutions for the relationships between the AI and oceanographic variables more generally. The reasons for variation in trends may be because (1) the data we used only included 1 month (October) for all years which may have excessively narrowed the period during which the range of a specific oceanographic variable would be expected to be suitable for some species; and (2) some species were located in areas with distinctly unique environments which create the potential for more than one peak of certain oceanographic variables: take the abundance distribution of 2018 for example (Figure 9), in which Loliolus spp. had three distinctly high abundance areas, and both O. variabilis and O. ocellatus had at least two distinctly high abundance areas.

In the present study, consistent with findings from other studies, suitable habitats were those with SI values above 0.6 (Chang et al., 2013; Yu et al., 2016a). Suitable habitats for T. pacificus, O. ocellatus, and Euprymna spp. seemed to be concentrated in areas with relatively low SST, while other species were concentrated in areas with high SST. T. pacificus exhibits long-distance migration in its life history and only stays in the YS for feeding from May to December, after which it then migrates back to the East China Sea (ECS) for spawning. During the feeding period in the YS, a branch of T. pacificus migrates to the northern YS around 37°N and remains in the mass of cold-water in that area during summer and autumn (Jin et al., 2005). Since the surveys for the present study were conducted during October, it is reasonable to infer that the suitable habitat for T. pacificus is distributed in areas of low SST. The HSI map also showed that T. pacificus prefers offshore areas with deeper water depths (Figure 9). Yu et al. (2015) found a similar pattern for O. bartramii in the Northwest Pacific. T. pacificus spent its summer and early fall in the northern region of the YS for feeding, and its suitable temperature range for high habitat quality was 16°C–17°C in October. O. ocellatus is a classic cold-water species, which makes sense in that it had a low SST for its suitable habitat. For Euprymna spp., we found that it was usually distributed in the northern YS in a small area in October (not shown in this paper), which was consistent with the HSI prediction map that showed high HSI values for the northern YS. Dong (1988) identified E. morsei and E. berryi in different China Seas and inferred that Zhoushan Islands was the geographical boundary separating these two species, i.e., E. morsei lived in the north while E. berryi lives in the south, based on existing inventories of specimens collected during scientific surveys, which means E. morsei lived in relative cold water compared to E. berryi.

There are several alternative methods which can be used for establishing HSI, such as the continued product model, the minimum model, the maximum model, generalized linear model, and GAM (Van der Lee et al., 2006; Chen et al., 2008; Guo and Chen, 2009; Chang et al., 2013). However, most of these methods would either underestimate or overestimate the HSI values (Yu et al., 2018). Instead, we used the AMM- and GMM-based HSI to make better predictions of the suitable habitat distribution of cephalopods.

The cross-validation results (Table 3) and MSEP of HSI (Table 4) showed that the HSI based on AMM outperformed the GMM, which is consistent with several previous papers that have reported on different species (Chen et al., 2009; Tian et al., 2009; Li et al., 2014; Tanaka and Chen, 2015; Yu et al., 2015, 2016b; Silva et al., 2016; Yen et al., 2017). The two models we compared have different assumptions: the AMM assumes that variables can compensate for each other dependently to explain the ideal habitat conditions, whereas the GMM has compensatory effects that give less importance to extreme values (Chang et al., 2013). Both models assume that the explanatory variables have equal impacts on each species’ habitat distribution (Vayghan et al., 2013). This will not be the case in reality because oceanographic variables have different impacts on spatiotemporal distribution, which could substantially influence the predictive performance of the HSI (Gong et al., 2012). To deal with this issue in future studies, different weights should be given to the oceanographic variables to improve the predictive performance of the HSI. Before weighting oceanographic variables, a full model that includes all oceanographic variables should be tested to determine the importance of each variable. As can be seen from Figure 2, there are no groundfish areas that are designated closed areas in our study region, which means that we cannot distinguish between fished and pristine areas to establish if the HSI returns different values between them. We do, however, have a summer fishing moratorium from May 1 to August 31 in the YS, which means we can ascertain if HSI returns different values within fishing and non-fishing periods. In addition, given sufficient concurrence among years of fishing effort data and annual surveys, comparisons between intensively fished areas with those that are seldom or less intensively fished could be made, and seasonal effects of fishing intensity identified from intra-annual spatial patterns of fishing effort, by including fishing intensity in the HSI.

Loliolus spp., T. pacificus, and S. birostrata were the most abundant cephalopod species in the taxa composition of samples taken during the autumn scientific surveys. Except for S. birostrata, five of the cephalopod species were predominantly distributed north of 34°N, which according to the 2018 spatial distribution map may be related to SST and CHLA (dots in Figure 9). We found that both SST and CHLA changed significantly around 34°N during October for each year of the study period (Figure 6), which may indicate that this latitude represents a natural barrier for those species. In contrast, S. birostrata had a wider spatial distribution range, which can be explained by its different life strategy to that of other neritic cephalopods. Although S. birostrata is defined as a neritic cephalopod, records show that it can live in deeper water (Dong, 1988). During a survey in the 1980s, the R/V “Jingxing” from the Institute of Oceanology, Chinese Academy of Sciences, captured an adult individual of S. birostrata at a depth of 1,100 m in the South China Sea (SCS), and the R/V “Albatross” from the United States captured S. birostrata at depths of over 200 m near Japanese islands on several occasions (Dong, 1988). The spatial distribution based on our HSI and survey in 2018 suggested that T. pacificus, S. birostrata, and Euprymna spp. prefer to live in the deep water of the YS, while Loliolus spp., O. variabilis, and O. ocellatus prefer to live near the coast. Cephalopods now prefer to live in the north of the YS rather than the south compared with previous observations during the last two decades (Figures 9, 10). It is plausible that this represents a poleward displacement as preferred habitat and environmental conditions shift northward due to impacts such as climate change. Surveys conducted by Russian and Norwegian researchers have demonstrated that cephalopod composition and distribution ranges in the Arctic have changed in association with the effects of climate-induced environmental shifts during the last two decades (Golikov et al., 2013). However, each species had its own response to a changing environment. Loliolus spp. showed a northward distribution trend, while T. pacificus showed a northward distribution trend and returned back to the south in 2018; this may relate to high CHLA in 2014 and 2017 and low CHLA in 2018 around 38°N. The distribution of O. variabilis showed a restriction of its distribution, which is caused by cold-water mass in the middle YS. O. ocellatus and S. birostrata of 2018 distributed in wider area in the south than those of previous years; this may relate to low SST of 2018 in the south. Euprymna spp. remained at northmost of the study area for most years because it belongs to cold-water species as discussed above (Figures 7, 9, 10). Although the AI distribution of each species showed different patterns between decades (Figure 10), the models (especially AMM-based HSI) still showed good performance by matching suitable habitats based on HSI with the survey data acquired during 2018.

In conclusion, we conducted a simple analysis of the spatiotemporal distribution of fishing intensity (represented by fishing hours) and used AMM- and GMM-based HSI to predict the spatial distribution of cephalopods in the YS. We found that latitudinal differences in fishing intensity remained largely consistent during the study period, but with a small southerly trend that would be unlikely to account for much larger northward shifts in species distributions. We also found that there was a dramatic change in SST and CHLA around 34°N, which may be affecting the spatial distribution of cephalopods. CHLA was the most important oceanographic variable influencing the distributions of squid and octopus, while SST was the most important variable for influencing change in bobtail squid distribution, which reflects differences in their life history traits. The AMM-based HSI performed better than the GMM-based HSI according to the MSEP. Survey data are expected to be more powerful than fishery-dependent data in terms of mapping the breadth of species distributions. In the autumnal month of October, T. pacificus and S. birostrata were mainly distributed in colder water found at greater depths in the YS, whereas Loliolus spp., O. ocellatus, and O. variabilis were mainly distributed in warmer inshore areas, and Euprymna spp. was distributed across a wide range of territory (both inshore and offshore). The models predicted that the distributions of oceanic and bobtail squid were comparable to those of octopuses and neritic squid, which may reflect generalized habitat selection in accordance with oceanographic variables. Since the relative impacts of different oceanographic variables on spatiotemporal distribution will be heterogeneous, further studies should assign different weights to each oceanographic variable in the HSI to provide more precise predictions about spatial distributions in response to environmental pressures such as those anticipated from global climate change. Future research should focus on extending this work to develop a more holistic regression incorporating all variables into a single model for cephalopod habitat suitability in the YS. A more in-depth study of the cephalopods we investigated and other congeneric species is needed to gain a better understanding of their spatial distributions and ecology.
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