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Climate-induced ecosystem variability is an increasing concern in recent years. Integrated researches in the northeastern North Pacific have proved the ecological importance of the Pacific Decadal Oscillation (PDO), North Pacific Gyre Oscillation (NPGO), and El Niño–Southern Oscillation (ENSO) to the ecosystem variability. While in the northwestern North Pacific, researches have been independent of each other over different regional ecosystems, and identified relatively weak linkages between these climatic indices (e.g., PDO, NPGO, and ENSO) and variations in the regional ecosystems. Such disassociated researches with unidentified important climate variability patterns may have hampered a holistic understanding of climate-induced ecosystem variability in the northwestern North Pacific. Furthermore, non-stationarity in climate–biology relationships has been proven to be important for ecosystems in the northeastern North Pacific but has not yet been studied in the northwestern North Pacific. Therefore, this research compiles biological, environmental, and climatic data in ecosystems in the northwestern North Pacific and employs a suite of analytical techniques, aiming to provide a holistic understanding of the climate-induced ecosystem variability. It shows that ecosystems in the northwestern North Pacific had a leading regime shift in the late 1980s in response to climate variability. The Siberian High, Arctic Oscillation, and East Asian Monsoon exhibit greater ecological importance to ecosystem variability than the PDO, NPGO, and ENSO. Their variations contribute greatly to sea surface temperature changes and thus variations in ecosystems. Furthermore, modified models considering non-stationary relationships achieve better performances than stationary models, suggesting the existence of non-stationarity in climate–biology relationships in the northwestern North Pacific. This non-stationarity resulted from the decline in variance of the sea level pressure in Siberian High rather than the Aleutian Low as suggested by previous studies in the northeastern North Pacific. Our research provides an improved understanding of the climate-induced ecosystem variability in the northwestern North Pacific, offering implications for further research on the entire North Pacific.
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INTRODUCTION

Climate-induced ecosystem variability has been one of the most noteworthy issues at a global scale in the 21st century (Doney et al., 2012). The North Pacific is characterized by pronounced decadal climate variability and has received much attention on the responses of ecosystems to changing climatic and environmental conditions (Hare and Mantua, 2000; Biondi et al., 2001; Overland et al., 2008; Yatsu et al., 2013; Reid et al., 2016). In the northeastern North Pacific, integrated studies based on the data compiled from multiple sources have provided holistic understandings of the climate-induced ecosystem variability (Benson and Trites, 2002; Mantua, 2004; Litzow and Mueter, 2014). Contrastingly, studies in the northwestern North Pacific (Figure 1) have been carried out independent of each other in different regions. Studies in Chinese (Ma et al., 2019), Korean (Zhang et al., 2000, 2007), and Japanese waters (Tian et al., 2006, 2008; Yatsu et al., 2013) have all demonstrated strong linkages between regional ecosystems and climatic/environmental conditions. However, these regional studies have not yet been integrated to show general patterns in climate–ecosystem relationships, which prevents from a holistic understanding of climate-induced ecosystem variability in the northwestern North Pacific. Therefore, an integrated study targeting at the northwestern North Pacific is in urgent need, which can promote understanding on the basin-scale climate-induced ecosystem variability in the North Pacific.
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FIGURE 1. Map of the northwestern North Pacific.


Studies have shown that low-frequency climate variability (red noise) in the North Pacific may have produced decadal-scale periods of stability separated by climatic regime shifts (Hsieh et al., 2005; Di Lorenzo and Ohman, 2013). It is also widely accepted that these shifts could result in community-level, basin-scale ecosystem regime shifts (Benson and Trites, 2002). Therefore, determining the specific climate variability pattern with ecological importance is of great necessity in understanding the climate-induced ecosystem variability and predicting ecosystem dynamics. Relevant studies in the North Pacific have proved the leading role of the Aleutian Low pressure system on regional climate and ecosystem variability (Minobe, 1999; Di Lorenzo and Ohman, 2013). In addition, the Pacific Decadal Oscillation (PDO), North Pacific Gyre Oscillation (NPGO), and El Niño–Southern Oscillation (ENSO) are presented as the primary climate variability patterns with considerable ecological importance and have been extensively used in the ecosystem variability researches in the northeastern North Pacific (Zhang et al., 1997; Mantua and Hare, 2002; Mantua, 2004; Di Lorenzo et al., 2008). However, spatial modes of these climate variability patterns exhibit weaker representation (small loadings) in the northwestern North Pacific than in the central and northeastern North Pacific. Therefore, these climate variability patterns may contribute less to ecosystem variability in the northwestern North Pacific. Aside from the patterns in the PDO, NPGO, and ENSO (SOI), studies in the northwestern North Pacific always consider the Arctic Oscillation Index (AOI), East Asian Monsoon Index (MOI), and Siberian High Index (SHI, variations in Siberian High pressure system) in order to explore more potential links between climate variability patterns and regional environment and ecosystem variability (Tian et al., 2014; Jung et al., 2017; Liu et al., 2019; Ma et al., 2019). However, the ecological importance of these climate variability patterns has not been evaluated, which may hamper predictions of climate-induced ecosystem variability in the northwestern North Pacific. Thus, it is imperative to determine the driving climate variability patterns that have ecological importance in the northwestern North Pacific for better understanding of climate-induced ecosystem variability and predicting ecosystem dynamics.

Traditionally, the relationships between ecosystem variability and environmental conditions have been modeled as a stochastic process with a fixed probability density without considering time-dependent non-stationarity (Wolkovich et al., 2014). However, time-dependent non-stationarity can be important to take into account in light of changing climatic conditions. An example of the non-stationary relationships between physical drivers and biological responses is the changing climate–salmon relationships in around 1988/89 in the Gulf of Alaska, which is attributed to the altered importance of PDO and NPGO, forced by declined variance in the sea level pressure of the Aleutian Low (Litzow et al., 2018). Consequently, traditional understanding of the stationary pressure–state relationships could be subjected to climate variability, and statistical models based on the stationary assumption tend to be biased, resulting in the loss of their predictive skills and the failure to warn of potential ecological risks (Williams and Jackson, 2007; Dormann et al., 2013). Therefore, considering the existence of non-stationary relationships and their underlying mechanisms is crucial for the better illustration of climate–ecosystem relationships and the development of adaptive management strategies.

Considering the above demands, we conducted an integrated study to explore ecologically important climate variability patterns and to determine non-stationary driver–response relationships between climate variability patterns and ecosystem variability in the northwestern North Pacific. Marine fishery catch data from China, Japan, and Korea, as well as sea surface temperature and climatic indices were compiled for this integrated study. We employed traditional statistical approaches, their modified versions for tackling non-stationarity, as well as machine learning methods to explore the possible linkages between climate/environment drivers and ecosystem responses. This study aims to: (1) explore long-term variability in ecosystem, environment, and climate in the northwestern North Pacific; (2) evaluate the ecological importance of candidate climate variability patterns; (3) identify non-stationarity in relationships between biological responses and physical drivers; and (4) compare the climate-induced ecosystem variability in the northwestern and northeastern North Pacific.



MATERIALS AND METHODS


Data

Based on the availability of qualified long-term time-series, we compiled fishery catch data of various taxa (with raw catch data shown in Supplementary Figure S1) from four countries/regions (i.e., China, Chinese Taipei, Japan, and Korea) for the period of 1963–2016 (the longest time period considering both data availability and comprehensiveness). Although the taxa from different countries/regions may differ, they generally fall into three major categories, large predatory, demersal, and small pelagic (Supplementary Table S1), such that they well represent the ecosystem structures (Tian et al., 2014). Within each country/region, taxa that account for a small amount of catch (<1% of total catch) are excluded to avoid the effects of potential recording errors. Missing data (24 missing grids in a total of 3,240 data grids with a missing rate of 0.74%) were filled with the averages of two adjacent years’ data. Each catch data time-series by species and by fishing country/region were standardized with a mean of 0 and a variance of 1 such that temporal variabilities in the different data sets are comparable.

Monthly sea surface temperature (SST) grid data with a resolution of 0.5°(latitude × longitude) for the range of 20°–50°N, 115°–150°E and for the period of 1963–2010 were obtained from the Simple Ocean Data Assimilation Reanalysis (SODA) (Carton and Giese, 2008). Winter (from January to March, a period that is frequently used in relevant researches in northwestern North Pacific) (e.g., Ma et al., 2019) means in each SST grid were calculated for further analyses.

The PDO, NPGO, SOI, AOI, SHI, and MOI have been used to define climate variability in the North Pacific (Ropelewski and Jones, 1987; Thompson and Wallace, 1998; Hare and Mantua, 2000; Gong et al., 2001; Mantua and Hare, 2002; Wu and Wang, 2002; Di Lorenzo et al., 2008). All these large-scale climatic indices (short as CIs) are derived from open-access online databases and have a monthly temporal scale for the period 1963–2016. These CIs are well documented and largely associated with variations in the fish communities and ecosystems in the North Pacific (Tian et al., 2014; Liu et al., 2019; Ma et al., 2019). Large-scale climate processes, such as the Siberian High, Aleutian Low, Arctic Oscillation, and Asian Monsoon are most active in winter. Therefore, winter (from December to February, a period that is frequently used in relevant researches) average for each index was calculated to represent climatic variability. Details for CIs are provided in Supplementary Table S2.



Data Analyses

Intensive increasing trends were observed in the catch data from China (Supplementary Figure S1). Such increasing trends may have been caused by socioeconomic factors such as the growing consumption of seafoods and the increasing marine fishing effort, which can lead to biased results. Therefore, we used engine power of the total Chinese marine fishing boats (from Chinese Fishery Statistics, Supplementary Figure S2) as a surrogate for fishing effort to remove the potential socioeconomic trends in catch data from China. The detrend analyses were applied through linear regressions with catch data from China as response variables and engine power as an explanatory variable. Residuals from the linear regressions were then used as the detrended catch time-series for further analyses. The detrend analyses were not conducted for catch data from the other three countries/regions as no obvious socioeconomic trend was observed in their catch time-series (Supplementary Figure S1).

Principal component analysis (PCA) is often used to identify the most important patterns of common variability in catch data sets (e.g., Hare and Mantua, 2000; Litzow and Mueter, 2014). We applied PCA to the fishery catch data of all taxa within the four countries/regions and calculated the principal component scores (short as PCs) to represent ecosystem variability. Empirical orthogonal function (EOF) analysis is often used to identify the most important SST variability pattern in the North Pacific (Weare and Nasstrom, 1982; Litzow et al., 2018). We calculated spatial modes and time coefficients (short as EOFs) to represent the regional SST variability. Both PCA and EOF were conducted by singular value decomposition (SVD) of the centered and scaled (average 0 and variance 1) data matrix, which was considered a preferred method for numerical accuracy (Venables and Ripley, 2002). Both PCA and EOF analyses were conducted by the “prcomp” routine (psych package) in R (R Core Team, 2018).

The sequential t-test analysis of regime shift (STARS) developed by Rodionov (2004) was applied to detect trends and regime shifts in the PC scores. Because of the presence of autocorrelation in the PC scores, we used a “prewhitening” procedure before applying the STARS algorithm (ver.3) (Rodionov, 2006). STARS results are determined by the cut-off length for proposed regimes (L) and the Huber weight parameters (H), which defines the range of departure from the observed mean beyond which observations are considered as outliers. By exploratory analyses with STARS, L is set here to 15 and H to 1 with a significant level of 5%. STARS is written in Visual Basic for Application (VBA) for Microsoft Excel and is available at www.BeringClimate.noaa.gov (Rodionov and Overland, 2005).

Linear correlations among PCs, EOFs, and CIs were estimated using Pearson correlation analyses similar to those of Ma et al., 2019. The number of degrees of freedom of coefficients obtained from the significance tests was adjusted based on the potential autocorrelation in the covariates (Pyper and Peterman, 1998). Analyses were conducted using the “corr.test” routine (psych package) with supplementary scripts for the recalculation of effective degrees of freedom in R (R Core Team, 2018).

Gradient Forest (GF) analysis was employed to identify contributions of climatic (CIs) and environmental variability (EOFs) to biological variability (PCs). The gradient forest method is built upon random forests to capture complex relationships between potentially correlated predictors and multiple response variables by integrating individual random forest analyses over the different response variables (Ellis et al., 2012). In essence, random forests are regression trees that partition the response variable into two groups at a specific split value for each predictor p to maximize homogeneity. Along with other measures, gradient forests provide the goodness-of-fit, R2, for each response variable f and the importance weighted by R2. In this study, we ran the gradient forests 1,000 times to obtain the variability of R2. The run with the highest overall performance (R2) is then used for calculating weighted importance of predictors on responses. Analyses are conducted using the “gradientForest” package available online at http://gradientforest.r-forge.r-project.org/.

Generalized additive models (GAM) and threshold generalized additive models (TGAM) were applied to identify the types of relationships (stationary or non-stationary) between PCs (biological responses) and EOFs/CIs (physical drivers). A “stationary” relationship is better fitted by a single function throughout the entire period of time-series, and it is formulated using a GAM (Ciannelli et al., 2004):
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where Y is the response variable PC, X is the predictor (or driver) EOF or CI, and s, α, and ε are smooth function (with k ≤ 3 to avoid overfitting), intercept, and error terms, respectively. By contrast, a “non-stationary” relationship is better fitted by different functions for different time periods, and the responses to drivers have an abrupt change over a threshold year (Litzow et al., 2018). The non-stationary relationship is formulated using a TGAM (with specific to two time periods) (Puerta et al., 2019):
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where y is the threshold year that separates two periods with different responses to drivers. The y is between the 0.1 lower and the 0.9 upper quantiles of the time-series and is selected by minimizing the generalized cross validation score (GCV) of the model (Casini et al., 2009). To compare the fitness of stationary (GAMs) and non-stationary (TGAMs) models, the “genuine” cross validation squared prediction error (gCV) is computed, which accounts for the estimation of the threshold line and the estimation of the degrees of freedom for the functions appearing in all stationary and non-stationary formulations (Ciannelli et al., 2004). Analyses were conducted by the “mgcv” package in R (R Core Team, 2018).

Analyses flow is shown in Figure 2.
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FIGURE 2. Flow chart of the statistical analyses conducted in this study.




RESULTS


Ecosystem, Environment, and Climate Variability

The first four PCs explain 63.19% of the total variance in ecosystem variability (Figure 3) with loadings on PCs shown in Supplementary Figure S3. PC1 has an increasing trend since the mid-1970s with a step-like change in 1986/87. PC2 decreases around the early 1970s before increasing in the late 1980s with step-like changes in 1974/75 and 1989/90. Prior to the late 1980s, PC3 was relatively stable before the late 1980s; however, it decreases till the mid-2000s with step-like changes in 1989/90 and 2004/05. PC4 has dramatic fluctuations before stabilizing in the 1980s with step-like changes in 1993/94 and 2006/07. PCs are characterized by significant multidecadal to decadal variability patterns with the most concentrated step-like changes in the late 1980s, which indicates that an ecosystem regime shift in the northwestern North Pacific may have happened in the late 1980s.
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FIGURE 3. Trajectories of the first four principal components (PCs). Numbers indicate the percentage of variance explained by each PC. Black lines represent regime means calculated by STARS, and gray lines represent the concentrated step-like changes in the late 1980s.


The first four EOFs have an explanation of 51.65% of the total variance in SST variability (Figure 4). Spatial modes of EOFs are provided in Supplementary Figure S4. EOF1 shows an abrupt increase in the late 1980s with a step-like change in 1987/88. EOF2 decreases in the 1970s but increases in the late 1980s with step-like changes in 1989/90. EOF3 has a sharp increase in the early 1980s before showing interannual fluctuations with a step-like change in 1980/81. EOF4 shows large interannual fluctuations without any step-like change. Variability in EOFs has obvious decadal scale with step-like changes concentrated in the late 1980s, which indicates that possible regime shift in SST in the northwestern North Pacific happened in the late 1980s.
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FIGURE 4. Trajectories of the first four modes of empirical orthogonal functions (EOFs). Numbers indicate the percentage of variance explained by each EOF. Black lines represent regime means calculated by STARS, and gray lines represent the concentrated step-like changes in the late 1980s in contrast to those in Figure 3.


The CIs clearly show decadal-scale patterns (Figure 5). The PDO shows a step-like change in 1976/77, and the NPGO shows a step-like change in 1997/98. The SOI has relatively high-frequency variations without any noticeable step-like change. The AOI, SHI, and MOI have concentrated step-like changes in 1988/89.


[image: image]

FIGURE 5. Trajectories of the climatic indices (CIs). Black lines represent regime means calculated by STARS, and gray lines represent the concentrated step-like changes in the late 1980s in contrast to those in Figures 3, 4.




Relationships Among Climate, Environment, and Ecosystem Variability

Correlations among CIs, EOFs, and PCs have diverse patterns (Figure 6). First, PC1 is positively correlated with EOF1 but negatively with EOF4; PC2 shows a negative correlation with PDO. Other PCs show no correlations with EOFs due to the autocorrelations. Second, EOF1 is negatively correlated with the SHI and MOI; EOF2 is negatively correlated with the PDO, SHI, and MOI, but positively with the AOI; EOF3 shows a relatively weak correlation with the PDO. Third, the SHI is negatively correlated with the AOI but positively with MOI. The PDO is negatively correlated with the SOI.


[image: image]

FIGURE 6. Correlations among principal components (PCs), modes of empirical orthogonal functions (EOFs), and climatic indices (CIs). Colored grids represent significant relationships at a significant level of 0.05 with consideration on the potential autocorrelation. Numbers are correlation coefficients (Corr).


Gradient forest analysis reveals that PC1 is best explained by EOFs and CIs followed by PC2. PC3 and PC4, on the other hand, failed to be explained by these drivers (Figure 7A). In addition, weighted importance shows that EOF1, SHI, and EOF3 are the first three contributors to the variations in PCs. The PDO shows less weighted importance than the SHI, indicating its relatively weaker effects on PCs (Figure 7B).
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FIGURE 7. Gradient forest analysis shows (A) model performance (goodness-of-fit R2) for principal components (PCs) and (B) weighted importance of modes of empirical orthogonal functions (EOFs) and climatic indices (CIs) on PCs. Error bars represent standard deviations from 1,000 model runs.




Non-stationary Relationships Between CIs/EOFs and PCs

For all the models relating PCs to CIs and EOFs, the non-stationary models generally resulted in lower gCV (Figure 8), indicating better model performances compared with the stationary models. In the case of PC1, the reduction in gCV by implementing non-stationary models are the greatest compared with other PCs. The best fitted model for PC1 (with the lowest gCV) is a non-stationary model with EOF2 as the driver. In the case of PC2, a non-stationary model with EOF1 as the driver achieves the lowest gCV. In the case of PC3, the best model is non-stationary with EOF4 as the driver. For PC4, a non-stationary model with SHI as the driver has a significantly lower gCV and becomes the best fitted one.
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FIGURE 8. Model comparisons between stationary and non-stationary models. Red bars show the “genuine” cross validation squared prediction error (gCV) of stationary models (GAMs), and blue bars show gCV of non-stationary models (TGAMs).


According to variations in GCV, threshold years were selected to distinguish eras for fitting driver–response relationships separately (Supplementary Figure S5). Two or three eras were identified in the relationships between PCs and CIs/EOFs (Figure 9). In relating PC1 to EOF2, two eras were distinguished by the threshold year 1990/91 with similar negative relationships for both eras. However, PC1 is tightly aggregated with EOF2 in Era1 but dispersive in Era2, indicating a more stable relationship in Era1 than in Era2. Relationships between PC2 and EOF1 are divided into two eras by threshold years 1976/77. A positive relationship is shown in Era2 with high dispersion, and an inverted dome-shaped relationships are shown in Era1, suggesting that EOF1 is relatively weak to explain variations in PC2 after the mid-1970s. In the fitting of PC3 and EOF4, contrasting relationships are shown in the two eras with the threshold year 1992/93. Relationships between the SHI and PC4 are negative, negative and inverted dome-shaped in the three eras, with threshold years 1969/70 and 1994/95, and the weakest relationship is shown in Era2.
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FIGURE 9. Fitting relationships by the best fitted models. Colors represent different eras with distinguished models.




DISCUSSION


Climate-Induced Ecosystem Variability in the Northwestern North Pacific

In this research, catch data of various taxa from four countries/regions were compiled to provide a holistic perspective on ecosystem variability in the northwestern North Pacific. The problem of missing data always exists in researches with enormous data demands as well as ours. However, with a relatively low missing rate (0.74%), we think it would not affect our results as we focus on the long-term general patterns in ecosystem variability instead of short-term population variability. Significant socioeconomic trends were observed in catch data from China, which may lead to confused results when focusing on climate-induced variability. Therefore, it is imperative to remove the trends by detrend analysis. Although lacking taxa-specific fishing effort data, the engine power of the total Chinese fishing boats could reflect the general pattern in socioeconomic variations in China and could satisfy our demand in the detrend analysis. In addition, catch data from Japan and Korea were extensively used in relevant researches with satisfactory representatives on the biomass (e.g., Tian et al., 2014; Jung et al., 2017). Catch data from Chinese Taipei shown in Supplementary Figure S1 exhibit inconspicuous socioeconomic influences. Therefore, the detrend analyses were not conduced in catch data from the above three countries/regions.

We employed an analytical framework that integrates both traditional and advanced statistical methods. The traditional statistical methods such as PCA, EOF, STARS, and correlation analyses were extensively used in researches on climate-induced ecosystem variability in the North Pacific (e.g., Mantua and Hare, 2002; Litzow and Mueter, 2014; Ma et al., 2019). The advanced methods including GF and TGAM thrived in recent years with their unique characters that cater to the present research demands. Specifically, the GF captures complex relationships between potentially correlated predictors and multiple response variables, which greatly benefit researches focusing on obscure climate–environment–ecosystem covariations with colinearity in the predictors (e.g., climatic indices and environmental variables) (Fu et al., 2019). The TGAM considers the non-stationary driver–response relationships and has been successfully used in detecting the critical transitions and for ecosystem resilience assessment (Vasilakopoulos and Marshall, 2015; Vasilakopoulos et al., 2017). Therefore, the analytical framework serves as an effective approach in investigating climate-induced ecosystem variability.

Our integrated study across different regions of the northwestern North Pacific indicates that ecosystem variability in this part of the North Pacific is featured by significant decadal-scale and synchrony with climate variability. In particular, the climatic regime shift in the late 1980s (step-like changes in CIs and EOFs) resulted in the ecosystem regime shift (step-like changes in PCs). In the late 1980s, the SHI shifted from a positive phase to a negative phase, representing the weakening pressure in the Siberian High area. Previous research has reported that the decline in the SHI could lead to the decline in MOI (Wu and Wang, 2002). As a result, the MOI also shifted from a positive phase to a negative phase in the late 1980s, representing the weakening monsoon. In addition, the AOI shifted from a negative phase to a positive phase, indicating the strengthening of the Arctic wind vortex, which could hinder the southward intrusion of cold air and also impact the SHI and MOI (Gong et al., 2001; Wu and Wang, 2002). Consequently, the weakening monsoon and decreasing intrusion of cold air directly caused the increase in water temperature, shown as step-like changes in EOFs in the late 1980s. Increasing water temperature could be beneficial for warm-water species but harmful for cold-water species, which have caused the ecosystem regime shift in the late 1980s (Tian et al., 2008; Reid et al., 2016). Our research presents apparent evidence that supports the dominance shift from cold-water taxa to warm-water taxa in the late 1980s. For instance, PC1, PC2, and PC3 all show great changes around the late 1980s. The warm-water yellowtail (J5, positive loading on PC1), Japanese anchovy (J20 and K12, positive loadings on PC2 and PC1, respectively), and Japanese jack mackerel and Japanese scad (J16, negative loading on PC3) had abrupt increases in the late 1980s. By contrast, cold-water Japanese sardine (J19 and K11, negative loadings on PC2), Pacific cod (J8, negative loadings on PC1 and PC2), and walleye pollock (J9 and K4, negative loadings on PC1 and PC2) decreased sharply in the late 1980s. Such taxa shift has impacted fisheries that have fixed gears (such as stow-net and trap-net) or fixed fishing ground, resulting in increased (decreased) percentages of warm-water (cold-water) species (Cheung et al., 2013). Furthermore, the warming has led to north movement of target species, resulting in north movement of fishing grounds of flexible fishery and the increased percentages of low-latitude species in catches of high-latitude countries/regions (Tian et al., 2012).

In addition to the synchrony in climatic and ecosystem regime shifts, correlations among CIs, EOFs and PCs have also been identified by our results. PC1 shows primary correlations with EOF1. PC1 represents the most common variability pattern in ecosystems in the northwestern North Pacific with the highest explained variance and high loadings of most taxa. Besides, EOF1 primarily represents SST variations in the eastern part of East China Sea and variations in the Kuroshio Current path south of Kyushu, Japan (Supplementary Figure S4). These two areas have been identified as wintering and/or spawning grounds for many migratory species, such as sardine, anchovy, Japanese jack mackerel, and bluefin tuna (Kitagawa et al., 2000; Kasai et al., 2008; Yatsu et al., 2013; Sassa, 2019; Yatsu, 2019). Environmental changes in these wintering and/or spawning grounds have great impacts on wintering mortality, early life-stage growth and survival of migratory species, and thus play a decisive role on their recruitment process. In addition, the SHI and MOI are negatively correlated with EOF1, but not correlated with PCs, indicating that climate variability impacts biological variability through the intermediary environment variability. It provides evidence that climate-induced biological variability in the northwestern North Pacific may follow the “atmosphere–ocean–ecosystem” process as well as the “double-integration” process (Di Lorenzo and Ohman, 2013; Ma et al., 2019). Furthermore, PC2 is negatively correlated with the PDO. PC2 represents mainly the cold-water species Japanese sardine and walleye pollock (high loadings on PC2) whose catches boomed during the 1970s to 1980s but decreased sharply in the late 1980s. Aside from the above climate variability patterns, it corresponded to PDO that had a shift from a cold regime to the warm regime in the mid-1970s followed by a sharp decline in the late 1980s (Yatsu, 2019).

Our research evaluates the ecological importance of climate variability patterns, and the results show that the SHI may have the highest ecological importance to ecosystems in the northwestern North Pacific. On the one hand, SHI combining with AOI and MOI have large impacts on EOF1 that could affect the PC1, while PDO is correlated with EOF2 and PC2 that account for relatively little variance in the ecosystem. On the other hand, gradient forest identifies that EOF1, SHI, and EOF3 are the top three contributors to variations in PCs, followed by PDO, which provides direct evidence for higher ecological importance of SHI than PDO. Nevertheless, this is not a denial of the importance of PDO in the northwestern North Pacific. The PDO has strong linkage with the Kuroshio Current transport (Andres et al., 2009). Besides, the PDO in tandem with ENSO could affect the east Asian winter monsoon (Wang et al., 2008). Therefore, the PDO could still exert on ecosystems by the above intermediaries, which is not investigated here. Based on our results, the SHI should be further considered in future researches on climate-induced biological variability in the northwestern North Pacific. Furthermore, global warming may also have effects on the ecosystem variability in the northwestern North Pacific as temperature increasing in the western boundary current area was observed (Wu et al., 2012). The long-term increasing pattern of EOF1 is likely related to global warming. Meanwhile, EOF1 also has good correspondence to the Siberian High, Arctic Oscillation, and East Asian Monsoon as we discussed earlier, which was consistent with other researches (e.g., Park et al., 2012). The coincidence of both climate variability and global warming makes it difficult, if not impossible, to separate their effects. Furthermore, other research found that global warming could impact the Siberian High and monsoon system (Hori and Ueda, 2006), which also increases the difficulty in the isolation. Although our research highlighted the ecological importance of the climate variability patterns, global warming could also impact ecosystem variations in the northwestern North Pacific.



Non-stationarity in Climate/Environment–Ecosystem Relationships

Non-stationarity in relationships between climate/environment drivers and ecosystem responses is verified by our research. Previous researches present clear evidences for the non-stationarity in climate–biology relationships in the northeastern North Pacific (Litzow et al., 2018, 2019b; Puerta et al., 2019). Our research points to the non-stationarity in the northwestern North Pacific and enriches proofs for the non-stationarity in the entire North Pacific.

Non-stationarity in relationships between PCs and drivers is characterized by varied fitness or opposite fitting trends in different eras. For example, although the fitted non-stationary relationships between PC1 and EOF2 are negative in both eras, higher dispersion is discovered in Era2 than in Era1 (root mean squared errors, RMSEs are 0.31 and 0.43 in Era1 and Era2, respectively), indicating the lower control of EOF2 on PC1 in Era1 than in Era2. In addition, the fitted non-stationary relationship between PC3 and EOF4 is positive in Era1 but negative in Era2, suggesting different driver–response relationships in the two eras. These two patterns have also been reported in other researches (Puerta et al., 2019). Furthermore, relationships between PCs and drivers have different threshold years, suggesting the asynchronous non-stationarity in the ecosystems, which could be caused by different sensitivities of fish populations in their responses to environmental drivers (Beaugrand, 2015).

The non-stationarity in the northeastern North Pacific has been attributed to the Aleutian Low-forced change in the relative importance of PDO and NPGO to the regional environment variability (Litzow et al., 2018). Such change in the relative importance of alternative climatic indices may also exist in the northwestern North Pacific (Supplementary Figure S6). For example, the MOI gradually lost its control on EOF1 since the 1980s, while NPGO showed increased correlations with EOF1. Similarly, correlations between PDO and EOF2 decreased from the 1980s to the early 1990s, and by contrast, correlations between NPGO and EOF2 increased consistently during this same period. While the decline in variance of the Aleutian Low was responsible for the change in the relative importance of PDO and NPGO (Litzow et al., 2018), the same reason may also apply to their correlations with EOF2. As for EOF1, the altered relative importance of MOI and NPGO may be attributed to the decline in variance of the Siberian High that decreased sharply since the late 1980s (Supplementary Figure S7). Strong variances in these pressure systems may drive coherent variability in regional ocean physical processes. Therefore, these climatic indices would have good representation of environmental conditions and, thus, relate well with biological variability. However, low variances in these pressure systems would reduce the strength of association among individual environmental variables, accompanied by weaker representation of environmental conditions and disappearing relationships with biological variability. It could explain the weaker driver–response relationships for the era after the threshold years.

While numerous studies address the role of climate forcing in the biological variability of the North Pacific, most of these tend to model relationships among climatic, environmental, and biological variables as stationary properties (Wolkovich et al., 2014). Our studies, demonstrate the existence of non-stationarity between physical drivers and biological responses, in line with a few others (e.g., Litzow et al., 2018, 2019a,b; Puerta et al., 2019). We also preliminarily explored the mechanism behind the relationships in the northwestern North Pacific. Based on our findings, we stress that recognizing climate states (or eras) is vital for the identification of non-stationarity in climate–biology relationships. In addition, analytical techniques considering the non-stationarity achieve better fitting than models with stationary relationships, thus, these techniques are suggested to be used in future researches. Relaxing assumptions of stationary relationships among environmental variables and ecosystem responses may be an important step in understanding climate-induced biological variability.



Comparisons of Climate-Induced Patterns in Ecosystems Between the Northwestern and Northeastern North Pacific

Long-term variabilities in ecosystems in the northwestern and northeastern North Pacific are both characterized by decadal variations largely affected by climate variability. It is widely known that climate-induced ecosystem regime shifts in the North Pacific occurred in the mid-1970s, late 1980s, and late 1990s, and they matched well with the synchronous climatic regime shifts (Overland et al., 2008). However, in the northeastern North Pacific, ecosystem responses to the climatic regime shifts were stronger in the mid-1970s and late 1990s, but weaker in the late 1980s (Supplementary Figure S8) (Litzow and Mueter, 2014). By contrast, we found that ecosystems in the northwestern North Pacific had the strongest regime shift in response to the climatic regime shift in the late 1980s (Supplementary Figure S8). Asynchronous ecosystem regime shifts were induced by the different climate variability patterns that have ecological importance. Climatic regime shifts dominated by the PDO and NPGO contributed to the ecosystem regime shifts in the mid-1970s and late 1990s, while climatic regime shifts dominated by the SHI, AOI, and MOI resulted in an ecosystem regime shift in the late 1980s. Therefore, identification of climate variability pattern with ecological importance is vital in understanding climate-induced biological variability.

Based on this study and those of others (e.g., Litzow et al., 2019a,b), non-stationarity in climate–biology relationships exists in both northwestern and northeastern North Pacific and is driven by the decline in variances of pressure systems. In addition, non-stationarity in both northwestern and northeastern North Pacific is shown as variations in driver–response relationships over threshold years. However, the decline in the variance of Siberian High was greater in magnitude and longer in duration compared to the Aleutian Low (Supplementary Figure S7), which may imply more profound non-stationary effects on ecosystems in the northwestern than in the northeastern North Pacific. Furthermore, accompanied with weakening activities of Siberian High and Aleutian Low, the NPGO seems to replace the MOI and PDO and exhibits control over thermal variability in both the northwestern and northeastern North Pacific, providing bases for unified climate-induced biological variability in the North Pacific.
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