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Abstract 

Monitoring climatic parameters and their biological effect across various time 

scales has important economic and ecological implications. This dissertation describes 

marine ecosystem variability and its relation to large-climate variability and change and 

sea surface temperature (SST) predictability over the North Pacific (NP) from the latest 

seasonal forecast systems. 

Time series data for 120 marine species of zooplankton, invertebrates, small-

pelagic fish, groundfish, and salmon in both the eastern and western NP basins and eight 

physical (climate) indices were analyzed by a large multivariate analysis to identify 

dominant modes of marine ecosystem variability and their relation to physical climate 

in 1965–2006. An empirical orthogonal function (EOF) of marine biology was 

performed. The time series of the first EOF mode (PC1)  of marine biology for the 

eastern, western and the whole NP are characterized by a long-term trend in 1978-1998, 

accompanied by a decrease in groundfish and the increase in salmon in both basins as 

well as an increase of most of small pelagic fishes in the western NP and decrease 

zooplankton in the eastern NP. The time series of the second mode (PC2) of eastern NP 

marine biology exhibited multi-decadal variability with two phase reversals, while the 

western NP marine biology PC2 exhibited interdecadal variability with three phase 

reversals. All of marine biology PC1s were correlated with the SST anomalies (SSTs) 

averaged over the NP and with the globally averaged SSTs, suggesting that the leading 

mode of the marine ecosystem variations may influence by global warming. The eastern 

NP PC2 was the most strongly correlated with the Pacific Decadal Oscillation (PDO), 
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while the western NP marine biology PC2 was correlated with the North Pacific Gyre 

Oscillation (NPGO).  

In an investigation of SST predictability, prediction skills and their association 

with the relations among ensemble members and observation were analyzed for January 

and July forecasts with 3-month lead time by using 95 members of multi-model 

ensemble in 1994-2016. The seasonal forecast system which produced by the European 

Centre for Medium-Range Weather Forecasts (ECMWF), Deutscher Wetterdienst 

(DWD), and Centro-Euro-Mediterraneo Sui Cambiamenti Climatici (CMCC) were used 

and the data were downloaded from the Copernicus Climate Change Service (C3S). The 

prediction skill was estimated using the temporal correlation between the multi-model 

ensemble mean (MMEM) and observed SSTs at each grid point, referred to as point-

wise correlation. These point-wise correlations were high in the eastern and central NP 

in January and in the eastern NP in July and were low in the Kuroshio-Oyashio 

Extensions (KOE) in both January and July and in the central NP in July. Further 

analysis revealed that areas with high prediction skill show small spreads among 

ensemble members and that an observation can be regarded as an ensemble member. 

Low prediction skill was associated with either a large ensemble spread as found for the 

July KOE, or the failure of ensemble members to capture observed variability, as found 

in the January KOE and in the July central NP. The former case was associated with 

predictable component relative to stochastic component, and the latter case is resulted 

from biased variations commonly occurred across ensemble members.  
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Chapter 1 

General Introduction 

The effects of climate variability on interannual to decadal time scales and 

anthropogenic climate change, especially global warming, on marine ecosystems have 

been extensively studied (e.g., Hare and Mantua 2000; and Poloczanska et al. 2016), 

because marine ecosystem change can impact on fisheries and socioeconomic (Sumaila 

et al. 2011). A key variable linking climate to marine ecosystem is sea surface 

temperature (SST), because SST is one of physical forcing on marine ecosystem 

variation (Tommasi et al. 2017; Hobday et al 2018). SST is also used in climate models 

to predict climate phenomena on interannual to decadal time scales, such as EL Niño 

Southern Oscillation (ENSO) (e.g., Johnson et al. 2019), Pacific Decadal Oscillation 

(PDO) (Mantua et al. 1997) and global warming (e.g., Bindoff et al. 2019). Therefore, 

understanding marine ecosystem variation and SST predictability in climate models is 

important. In this research, marine ecosystem variations and SST predictability in the 

North Pacific (NP) are examined.    

A useful approach to understand marine ecosystem variation in a more holistic 

view, than analyses of selected species, is to analyze a large number of marine biological 

indices by using a multivariate analysis method. This approach has been employed for 

California waters, Gulf of Alaska to the Bering Sea (Hare and Mantua 2000; Litzow 

and Mueter 2014) and the Sea of Japan (Tian et al. 2006) and the Yellow and East China 

Seas (Ma et al. 2019),  however, it has not been applied to the whole NP (i.e., California 

waters , the Gulf of Alaska, the Bering Sea and the Sea of Okhotsk to the Sea of Japan). 

The influence of large-scale climate variability on marine ecosystems from California 
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waters to the Bering Seas (Hare and Mantua 2000; Litzow and Mueter 2014) and the 

Sea of Japan (Tian et al. 2006) has been reported. Therefore, in Chapter 2, marine 

ecosystem variations in the whole NP and its relation to large scale climate variability 

and anthropogenic climate change, especially global warming, are investigated. 

SST, one of the oceanic variables that plays an important role in climate 

variability and change, is a target variable of seasonal (i.e., one to 12 months) forecast 

conducted by many climate centers. The utilize of Multi Model Ensemble (MME) 

technique (Becker et al. 2014; Kirtman et al. 2014) from the seasonal forecast has been 

considered as effective way to provide the prediction at representing SST variation. 

Related to the seasonal forecast which produced by a coupled climate model, 

Copernicus Climate Change Services (C3S) in Europe, recently provides the operational 

data from five climate centers in Europe and one center in the United State (Min et al. 

2020). Therefore, in Chapter 3, the SST predictability in MME of C3S was analyzed. 

The North Pacific is used as a study area in Chapter 3 as in Chapter 2. 

The knowledge of the climate and marine ecosystem co-variability in Chapter 2 

and the information of the seasonal SST predictability in climate forecasting systems in 

Chapter 3 suggest that the seasonal forecast model can be used  for possible prediction 

of marine ecosystem variation, but cannot be directly used because of the discrepancy 

in the time scale, as explained in Chapter 4. 
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Chapter 2 

Marine Ecosystem Variations 

in the North Pacific and Its Relation to Large-Scale Climate 

Variability and Change  

2.1. Introduction 

Marine ecosystem is influenced by climate variability and change. Unlike 

natural climate variability, climate change generally results from anthropogenic 

changes. The effect of physical climate variability on marine species in the North Pacific 

(NP) has been studied in the last few decades. Earlier studies focused their attention on 

relatively limited numbers of marine species such as salmon (Beamish and Bouillon 

1993; Francis and Hare 1994; Mantua et al. 1997; Beamish et al. 1999; Hare et al. 1999)  

and sardine (Kawasaki and Omori 1995; Noto and Yasuda 1999; Yasuda et al. 1999). 

An important finding of these studies is that large-scale decadal variability of climate 

characterized by Aleutian Low strength changes and associated sea-surface temperature 

(SST) anomalies, which is known as Pacific (inter-)Decadal Oscillation (PDO; Mantua 

et al. 1997; Minobe 1997), has a substantial influences marine species (e.g., Mantua et 

al. 1997; Beamish et al. 1997). 

As an evidence of climate influence on marine ecosystem, step-like shifts 

commonly occurring in both the marine ecosystem indices and physical climate 

attracted attentions (Ebbesmeyer et al. 1991), such a shift is often referred as a regime 

shift. A regime shift for physical climate is defined as a transition from one climatic 
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state to another within a period substantially shorter than the lengths of the individual 

epochs of each climate state (Minobe 1997). A regime shift for marine ecosystem can 

also be defined in the same way as the climatic regime shift, i.e., a rapid change on 

multidecadal time scales (Möllmann and Diekmann 2012); however,  sometimes marine 

ecosystem regimes mean different states of dominant species (e.g., Lluch-Belda et al. 

1989). In this dissertation, the marine ecosystem regime shift in the former meaning, 

(i.e., a rapid step-like change) is used. 

To understand the marine ecosystem variability and change in a more wholistic 

way compared with analyses of selected species, a useful approach is an analysis of a 

large number of marine biological indices by using a multivariate analysis method. This 

type of analysis is called Large number Multivate Analysis (LMA). The pioneering first 

study of LMA is conducted by Hare and Mantua (2000), who analyzed 69 marine 

species time series data in the eastern NP (i.e., from California waters to the Bering Sea) 

combined with 31 physical climate indices from 1965 to 1997. They applied an 

Empirical Orthogonal Function (EOF) analysis, which is the same as principal 

component analysis in general statistics. They reported that regime shifts occurred in 

1976/1977 and 1988/1989 in marine ecosystem over the eastern NP. A decade later, by 

using 64 eastern NP biological time series with several climate indices in 1965-2008, 

Litzow and Mueter (2014) also reported shifts in marine biology in the 1976/1977 but 

they did not find biological shift in the late 1980s. Rather, they emphasized that the time 

series of the first biological EOF1 is characterized by a gradual change and not by a 

step-like shift. Focusing on the western side of NP basin, Tian et al. (2006) analyzed 58 

Japanese fish catch data in the Sea of Japan in 1958-2003, and Ma et al. (2019) recently 

analyzed 147 catch data in the Yellow and East China Seas in 1965-2008. Tian et al. 
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(2006) reported that the biological EOF1 mode is highly correlated with PDO (Mantua 

et al. 1997) and the Arctic Oscillation (AO) (Thompson and Wallace 1998), while Ma 

et al. (2019) found strong correlations between biological PCs with local physical 

condition but not with large scale climate modes.  

It should be noted that previous LMA studies are limited either in the eastern 

basin only or marginal seas in the western NP (the Sea of Japan, the Yellow and East 

China Seas) only. This hinders us from understanding of the marine ecosystem 

variability and change over the whole NP in a unified manner. It is already known that 

climate variability causes changes in marine ecosystem in the eastern and western side 

of the NP for sardine and anchovy (Lluch-Belda et al. 1992; Kawasaki and Omori 1995; 

Yasuda et al. 1999; Chavez et al. 2003) and for salmon (e.g., Beamish and Bouillon 

1993). These results underline the importance of the whole basin analyses.  

Therefore, the purpose of this study is to identify the important modes of marine 

ecosystem variations in the last half century both in the western and eastern NP basin 

and their relations to basin-scale physical climate variability and change. To this end, 

120 marine species time series, consisting of 91 eastern NP and 29 western NP time 

series were analyzed. The marine species time series were consisting of zooplankton, 

invertebrates, small-pelagic fish, groundfish and salmon.  This is the first LMA study 

analyzing data from both western and eastern NP basins. EOF analysis on biological 

data were applied to identify important modes, and correlation analysis was used to 

understand the relationships between marine ecosystem and physical climate. In 

addition to  climate variability (such as PDO and North Pacific Gyre Oscillation 

(NPGO) (Di Lorenzo et al. 2013)), the NP-averaged and global-averaged SST time 
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series, which were not examined by the previous LMA studies,  were analyzed to clarify 

the possible relation between marine ecosystem changes and global warming.   

 

2. 2. Data and Methods 

A total of 120 annual marine biological samples (Table 2.1), consisting of 29 

data for the western NP time series from Japan and Russia, and 91 for the eastern NP 

over areas of the Bering Sea, the Gulf of Alaska and the West coast of United States 

were used. The time series consist of 54 groundfish recruitments, 13 small-pelagic 

recruitments, 34 salmon abundance, 8 invertebrate recruitments, and 11 zooplankton 

biomasses. Some of our eastern NP data are overlapped with those used by previous 

studies; 48% of groundfish, 80% of small-pelagic, 13 % of invertebrate and 25 % of 

salmon were also used by Litzow and Mueter (2014). On the other hand, western NP 

data analyzed in the present study have not been used for previous LMA studies, 

because previous studies of the western NP used catch data.  The analysis period was 

1965 to 2006 based on a criteria of available data ratio exceeding 50%, as in Hare and 

Mantua (2000). This period was 10 years longer than the analysis period of Hare and 

Mantua (2000), but similar to that of Litzow and Mueter (2014). Some of the results are 

shown by map-format for NP basin and the correspondences between the index number 

along with abbreviation shown in Table 2.1 and spatial position on the map are 

summarized in Figure 2.1. 

To determine the relationship between variation in marine ecosystems and 

climate, eight physical climate indices were used , which are annually-averaged global 

sea-surface temperature anomalies (SSTA), NP SSTA, PDO, NPGO, multivariate El 
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Niño-Southern Oscillation Index (MEI) (Wolter and Timlin 2011), Aleutian-low 

pressure index (ALPI) (Beamish et al. 1997), North Pacific Index (NPI) (Trenberth and 

Hurrell 1994) and AO (Table 2.2). Both the ALPI and NPI represent the strength of the 

Aleutian Low, a large-scale low-pressure over the North Pacific in winter. Its strength 

is closely related to the PDO. The SST dataset used in present study, including the 

calculation of SSTA indices was Centennial in Situ Observation-Based Estimates of the 

Variability of SST and Marine Meteorological Variables (COBE) version 2 (Hirahara 

et al. 2014).  

The EOF technique was employed to analyze the marine biological indicators, 

and EOF modes were calculated separately for the whole, western, and eastern NP 

indicators. Before calculating the EOF, marine biological indicators were normalized. 

Thus, reflecting the larger number of time series in the eastern NP than in the western 

NP, the former more strongly contributes to the whole NP EOF than the latter does. The 

covariance between the two biological time series was calculated for the temporal points 

at which data were available for both time series (von Storch and Zwiers 2012). The 

relation between the EOF time series and respective biological or physical time series 

were evaluated by the Pearson’s correlation coefficients. Because co-variability among 

biological indicators mostly occur on decadal time scales, 5-year running means were 

applied for marine biology time series figures.  

The Statistical significance of the correlation was estimated by using a Monte-

Carlo simulation. First, a surrogate 1,000 time series for the respective PCs was 

generated using a red noise model, where the lag-1 correlation was estimated by using 

Burg's method. Then surrogate correlation coefficients are calculated between observed 

data (e.g., marine biological indicators) and the surrogate PC time series. The 
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confidence level was estimated as the percentile of the absolute value of the observed 

correlation with respect to the surrogate correlations 

 

2.3. Results 

2.3.1 EOF Modes of Marine Biology Indices  
 

Explained variance of the first EOF for the whole NP marine biology is 38.6%, 

the eastern NP marine biology is 33.5% and western NP marine biology is 46.4%. 

Meanwhile explained variance of the second EOF for whole NP marine biology is 

26.8%, eastern NP marine biology is 28.5% and western NP marine biology is 21.7%.  

Figure 2.2(a) shows the PC1s for the whole, eastern, and western NP basins. All 

marine biology PC1s showed a multi-decadal trend-like feature with a single-phase 

reversal in the 1980s, and western and eastern NP marine biology PC1s were generally 

similar (r=0.90), especially after 1990. The trend-like feature was consistent with the 

marine biology PC1s of the previous eastern NP LMAs by Hare and Mantua (2000) and 

Litzow and Mueter (2014) as well as the marine biology PC1s of western NP LMAs by 

Tian et al. (2006) and Ma et al. (2019). Interestingly, the 1980s phase reversal was 

gradual for the eastern NP marine biology PC1, consistent with these previous studies, 

but was more rapid in the western NP marine biology PC1. As expected, the whole NP 

marine biology PC1 shared the features of the eastern and western NP marine biology 

PC1s.  

Figure 2.2(b,c) summarize statistically significant correlations at a confidence 

level of 90% between the marine biology PC1s and biological data. For the respective 
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basin marine biology PC1s, significant positive correlations, which mean overall 

increases associated with the positive trend of the marine biology PC1s, were found for 

11 salmon data (32% of all salmon data) both in the western and eastern basins. Those 

salmon data consist of chum salmon (77.S, 83.S, and 107.S), pink salmon (82.S, 91.S, 

94.S, 106.S, and 109.S), and sockeye salmon (87.S, 93.S, and 108.S) data. Here, the 

numbers indicate the sample IDs shown in Table 2.1. Those salmon data are mainly 

around the Gulf of Alaska (82.S, 83S, 87.S, 91.S, 93.S, and 94.S), the Okhotsk Sea 

(106.S, 107.S, and 108.S) and the Sea of Japan (109.S). Additionally, the western NP 

PC1s were positively correlated with half of the small-pelagic fish’s data around the 

Sea of Japan, including the jack mackerel (74.P and 67.P) and anchovy (73.P and 68.P). 

Significant negative correlations with marine biology PC1s were detected for 12 

groundfish data (22% of all groundfish data) across the basin, including the west coast 

rockfish data (09.G, 12.G, 13.G, 20.G, and 21.G), walleye pollock data (34.G, 54.G, 

and 63.G), cod data (35.G, 58.G, and 60.G), and others (57.G and 61.G). Significant 

negative correlations were detected between marine biology data and PC1s occur for 

one zooplankton data in the California waters (113.Z), two zooplankton data (114.Z and 

115.Z) and one invertebrate data (41.I) in the Bering Sea. There were minor exceptions, 

including negative correlations for salmon (89.S) and small pelagic fish data (64.P and 

40.P) and positive correlations of groundfish data (22.G, 27.G, and 50.S) and Jellyfish 

data (120.Z). Consequently, the increasing trend in marine biological PC1s were related 

to Alaskan and Japanese/Russia salmon abundance and some Japanese small pelagic 

fish recruitment increased while groundfish recruitment in both the western and the 

eastern NP, and zooplankton biomass in the eastern NP decreased.   
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Figure 2.3 shows the time series comparison between the western and eastern 

NP marine biology PC1s and salmon and groundfish time series in the respective basins 

and western NP small pelagic fishes with the 5-year running averages. It is interesting 

to note that the time series of the western NP salmon exhibited a rapid negative-to-

positive phase transition around 1990, which appears consistent with the 

aforementioned rapid phase reversal of the western NP marine biology PC1. The rapid 

transition was not clearly seen in other western NP biological data except for Japan 

Pacific coast jack mackerel (P.74), and in eastern NP biological data.  

Figure 2.4(a) shows the marine biology PC2s of eastern and western basins. The 

eastern NP marine biology PC2 was characterized by multidecadal variability with 

reversal phase in the 1970s and in the 1990s. The western NP marine biology PC2 

exhibited three reversal phase and was characterized by interdecadal variability, shorter 

than that of the eastern NP marine biology PC2. The whole marine biology PC2 show 

similar features with eastern NP marine biology PC2 (not shown). It is noteworthy that 

the EOF analysis based on detrended data ( i.e., removing the linear trend from marine 

biology data before calculating PCs), detrended marine biology PC1s (not shown) and 

non-detrended marine biology PC2s showed high correlation for the eastern NP (i.e., 

0.93)  and for the western marine biology  NP (i.e., 0.83). These result support the 

robustness of marine biology PC2s for the respective basin. 

Figure 2.4(b,c) show the statistically significant correlation coefficients for 

marine biology data with the respective basin marine biology PC2s. For the western 

basin, significant correlations were mostly negative, including correlations for salmon 

(102.S), small pelagic fish (65.P and 66.P) and zooplankton (119Z) data. Significant 

correlations for the eastern NP marine biology PC2 were positive mainly for salmon 
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data in the California waters (76.S), Gulf of Alaska (81.S, 84.S, 90.S, 92.S, and 95.S) 

and the Bering Sea (99.S). On the other hand, significant correlations for the eastern NP 

marine biology PC2 were negative mainly for groundfish data in the California waters 

(01.G, 02.G,06.G,7.G, 08.G, 10.G, 11.G, 17.G, 19.G, and 24.G), in the Gulf of Alaska 

(28.G, 30.G 32.G) and in the Bering Sea (51.G, 52.G). Significant negative correlations 

were also detected between the eastern NP PC2 with the Bering Sea Jellyfish data 

(120.Z), the California waters zooplankton data (110.Z) and with one invertebrate data 

in the Bering Sea (42.I). 

Time series comparison between the eastern NP marine biology PC2 and salmon 

and groundfish species, that are significantly correlated with the marine biology PC2, 

showed positive anomalies at the end of the 1990s for most of groundfish data, but not 

for salmons (Figure 2.5). It is apparent that the positive anomalies at the end of the 

1990s occurs for many groundfish, similar to the negative peak of eastern NP marine 

biology PC2 in the 1990s.  

 

2.3.2. Relation Between Marine Biology EOFs and Climate Indices  
 

The relationship between EOFs documented in the previous section and physical 

climate variability and anthropogenic climate change were further evaluated. Table 2.3 

shows correlations between the PCs of marine biology and climate data. The whole NP 

marine biology PC1 is highly correlated with NP SSTA and with global-mean SSTA 

but is not significantly correlated with other climate indices (Table 2.3). Figure 2.6(a) 

shows that these SSTA time series share multidecadal variability with marine biology 

PC1s including the negative-to-positive polarity change in the 1980s. This suggests that 
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the warming over the NP associated with global warming may contribute to the leading 

mode of the NP marine biology.  

The eastern NP marine biology PC2 was the strongly correlated with PDO 

(Table 2.3).  Consistent with the strong correlation between eastern NP marine biology 

PC2 and the PDO index, the correlation between eastern NP marine biology with SST 

show similar pattern to PDO time series (Figure 2.6(b)).  Both time series shared the 

reversal phase in the 1970s and 1990s, consistent with previously reported regime shifts 

(Mantua et al. 1997; Minobe 1997; Chavez et al. 2003). However, the difference 

between the two-time series occurred around 1990 associated with a brief negative 

period for the PDO without a similar feature in the eastern NP marine biology PC2. 

Some studies have referred that PDO phase transition in the late 1980s as a climatic 

regime shift (Yasunaka and Hanawa 2002); however, Minobe (2000) suggested that this 

was a minor regime shift and was different from the major regime shifts in the 1920s, 

1940s and 1970s. The eastern NP marine biology PC2 seem did not influenced by this 

minor event.  

In contrast to the relation between eastern NP PC2 and PDO, the western NP 

PC2 was correlated with NPGO (Table 2.3). It is noteworthy that there was no 

correlation between eastern NP PC2 and NPGO or between western NP PC2 and PDO. 

Based on the time series comparison, the coherent variability between the NPGO and 

western NP PC2 is limited in the 1990s and 2000s (Figure 2.6(c)). This may be related 

to the recent enhancement of decadal variability of NPGO (Di Lorenzo et al. 2013; Joh 

and Di Lorenzo 2017). 
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Figure 2.7 shows that the SST correlation patterns associated with marine 

biology PCs are consistent with the time series of physic climate summarized in Figure 

2.6. The correlation map for the whole NP marine biology PC1 was characterized by 

overall positive correlations, accompanied by particularly strong correlations in the 

western subtropical gyre and in the East China Sea. The correlations maps with the 

eastern NP marine biology PC2 and with the western NP marine biology PC2 were 

consistent with the PDO pattern and the Victoria pattern (Bond et al. 2013), 

respectively. The Victoria pattern is closely related to the NPGO. For the eastern NP 

PC2, correlations were positive in the eastern NP and negative in the central NP, 

accompanied by weakly negative correlation in the western NP west of 150E, 

consistent with the PDO pattern (Mantua et al. 1997). The correlations with the western 

NP marine biology PC2 were positive in the subtropical western NP, while the areas of 

negative correlations in the eastern NP were smaller than those in the Victoria pattern 

(Bond et al. 2013).  

 

2.4. Summary and Discussion 

The LMA of marine biology time series for both the western and eastern NP 

basis was conducted. Marine biology PC1s in both the eastern and western NP exhibited 

long-term trend in 1978-1998 and were associated with overall increases in Alaskan and 

Japanese/Russian salmon abundance and some small pelagic fish recruitment in the 

western NP and decrease of groundfish recruitment across the basin and eastern NP 

zooplankton biomass (Figures 2.2 and 2.3). This mode is closely related to NP-averaged 

and global averaged SSTs (Figures 2.2(a) and 2.6(a)). These results suggest that the 
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leading mode of the NP marine biology is likely influenced by global warming. The 

marine biology PC1s are consistent with marine biology PC1s obtained by previous 

studies for the eastern NP (Hare and Mantua 2000; Litzow and Mueter 2014) and with 

those for the western NP (Tian et al. 2006; Ma et al. 2019), although these previous 

studies did not examined the relation with global warming. The eastern NP marine 

biology PC2 characterized by multi decadal variability related to PDO (Figures 2.4(a) 

and 2.6(b)), whereas the western NP PC2 exhibited slightly shorter interdecadal time 

scales related to NPGO (Figures 2.4(a) and 2.6(c)). The eastern NP PC2 was similar to 

that found by Litzow and Mueter (2014); however, the western NP PC2 was different 

from those reported by Tian et al. (2006) for the Sea of Japan and by Ma et al. (2019) 

for the Yellow Sea and the East China Sea. A possible reason for the difference in the 

western NP PC2s between the present study and previous studies may be explained by 

the different spatial domains among studies. Overall, the present LMA provides an 

overview of variation in marine ecosystems across the western and eastern NP and 

marine ecosystems relation to climate variability and change.  

The influence of PDO on NP marine biology PC2 and NPGO on western NP 

marine biology PC2 are consistent with the results of Di Lorenzo et al. (2013). Di 

Lorenzo et al. (2013) reported that the different climate mode have impact the long-

term change in zooplankton species distribution in the Kuroshio-Oyashio Extension and 

California waters. As important fish food, the long-term changes zooplankton species 

in eastern and western NP will impact the long-term variability of higher fish trophic 

levels.  

The marine ecosystems variation documented in this study, especially for the 

first EOF modes, may be related to global warming. A temperature increase due to 
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global warming is expected to cause the migration of marine species to colder areas, 

i.e., higher latitudes and deeper depths, and shifts of phenology (e.g., Pinsky et al. 2013; 

see also review by Poloczanska et al. 2016). This migration increases warm water 

species and decreases cold water species in each region, consistent with the correlation 

pattern between marine biology PC1s and small pelagic fishes. The correlation pattern 

between marine biology PC1s and small pelagic fishes were characterized by increases 

in jack mackerel and anchovies (P.67, P.68, P.73, P.74) and decreases in sardines (P.64) 

in the western NP based on the Japanese records. Migration can be more difficult for 

groundfish than for pelagic fishes, because demersal fish habitats can be constrained by 

bottom topography (Li et al. 2019). This might partly explain why a decline in 

groundfish is generally associated with the EOF1s across the basin. The increase in 

salmon mainly on the Pacific side of Alaska and Russia, is likely due to the increase in 

salmon hatchery in the late 20th century in these areas. Indeed, Kaeriyama et al. (2014) 

suggested that the increase of salmon in the second half of the 20th century was caused 

by global warming via the enhanced growth of age 1-year-old salmon in the Okhotsk 

Sea. Pacific salmon have increases on the Arctic side of the Alaska since the 1990s 

(Carothers et al. 2019). Therefore, earlier global warming may have provided better 

conditions for some Russian and Alaskan salmon, though further temperature increases 

can be harmful even for these species.  

Of course, the climate change influences marine ecosystems not only through 

the temperature increases, but also via the ocean acidification and the ocean 

deoxygenation. Among these two threats, the species investigated in this present study 

may be more strongly influenced by the ocean deoxygenation. Ocean acidification 

threatens primarily the species that build calcium carbonate-based shells and other 
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structures. In the North Pacific, strong ocean deoxygenation has been observed over the 

last 50-60 years (Ito et al. 2017) and thus the deoxygenation may have negative effects, 

especially for groundfish. Indeed, Ono et al. (2011) suggested that the shoaling of the 

hypoxia upper boundary influences the deepest habitat of the Pacific cod over the 

Pacific continental shelf off northeastern coast of Japan. Ocean deoxygenation is 

generally caused by the increased water temperature via a reduced oxygen saturation 

concentration at the surface and weakened dissolved oxygen at depth water. The strong 

oxygen decrease over the NP may be due to the warming in the Okhotsk Sea 

(Nakanowatari et al. 2007). In addition, fluctuation in isopycnal surfaces and advection 

on the surfaces contributes to variation in dissolved oxygen concentration in regions 

over the NP (Pozo Buil and Di Lorenzo 2017; Ito et al. 2019).  Further studies are 

necessary to understand the mechanisms underlying deoxygenation over NP basin and 

its influences on marine ecosystems.   

Based on these potential mechanisms, adjustment to global warming may be 

more difficult for groundfish than for pelagic fishes. To further understand this 

comparison, the depth ranges of the fish species that have significant correlations with 

the biological PC1s (Figure 2.8). For EOF1, among 19 marine biology data of 

significant positive correlations 14 marine biology data are for species with depth range 

shallower than 300 m, while among 20 marine biology data of significant negative 

correlations 14 marine biology data are for species with depth range deeper than 300 m. 

These results confirm that responses generally differ between shallow and deep-water 

species. 
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Table 2.1. Summary of time series data for 120 marine species. Depth ranges (m) 

are those reported for juveniles and adults (but not larvae), from the shallowest to the 

deepest. 

ID Abbreviation Species Name Variable Species Depth 

range 

(m) 

Reference of 

Depth range 

01 SCACABZN Southern California 

cabezon 

Recruitment Groundfish 0-200 Eschemeyer et al. 

1983; Froese and 

Pauly 2019 

02 CALINGCD California lingcod Recruitment Groundfish 0-475 Allen and Smith 

1988; Froese and 

Pauly 2019 

03 NCACABZN Northern California 

cabezon 

Recruitment Groundfish 0-200 Eschemeyer et al. 

1983; Froese and 

Pauly 2019 

04 OCBROCK Oregon & California 

black rockfish 

Recruitment Groundfish 0-366 Hart 1973; 

Froese and Pauly 

2019 

05 ORKELPGLG Oregon kelp greenling Recruitment Groundfish 0-200 Eschemeyer et al. 

1983; Froese and 

Pauly 2019 

06 ORCABZN Oregon cabezon Recruitment Groundfish 0-200 Eschemeyer et al. 

1983; Froese and 

Pauly 2019 

07 WOLINGCD Washington & Oregon 

lingcod 

Recruitment Groundfish 0-475 Allen and Smith 

1988; Froese and 

Pauly 2019 

08 WOBROCK Washington & Oregon 

black rockfish 

Recruitment Groundfish 0-366 Hart 1973; 

Froese and Pauly 

2019 

09 WCCANARY WC canary rockfish Recruitment Groundfish 0-838 Love et al. 2002; 

Froese and Pauly 

2019 

10 WCDBROCK WC darkblotched rockfish Recruitment Groundfish 25-600 Allen and Smith 

1988; Froese and 

Pauly 2019 

11 WCPSOLE WC petrale sole Recruitment Groundfish 0-550 Allen and Smith 

1988; Froese and 

Pauly 2019 

12 WCSAB WC sablefish Recruitment Groundfish 175-2740 Allen and Smith 

1988; Froese and 

Pauly 2019 

13 WCWIDOW WC widow rockfish Recruitment Groundfish 0-549 Kramer et al. 

1995; Froese and 

Pauly 2019 
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14 WCHAKE WC Pacific hake Recruitment Small 

Pelagic 

0-1000 Inada 1995; 

Froese and Pauly 

2019 

15 WCGROCK WC greenstriped rockfish Recruitment Groundfish 25-425 Allen and Smith 

1988; Froese and 

Pauly 2019 

16 WCDSOLE WC dover sole Recruitment Groundfish 0-150 Muus and 

Nielsen 1999; 

Froese and Pauly 

2019 

17 WCESOLE WC English sole Recruitment Groundfish 0-550 Allen and Smith 

1988; Froese and 

Pauly 2019 

18 WCATF WC arrowtooth flounder Recruitment Groundfish 18-950 Russian 

Academy of 

Science 2000; 

Froese and Pauly 

2019 

19 WCCHILI WC chilipepper rockfish Recruitment Groundfish 0-425 Allen and Smith 

1988; Froese and 

Pauly 2019 

20 WCBOCACC WC bocaccio rockfish Recruitment Groundfish 0-476 Kramer et al. 

1995; Froese and 

Pauly 2019 

21 WCSBROCK WC shortbelly rockfish Recruitment Groundfish 0-350 Allen and Smith 

1988; Froese and 

Pauly 2019 

22 WCSNROCK WC splitnose rockfish Recruitment Groundfish 0-800 Allen and Smith 

1988; Froese and 

Pauly 2019 

23 WCMACK WC Pacific mackerel Recruitment Small 

Pelagic 

0-400 Riede 2004; 

Froese and 

Pauly 2019 

24 WCPOP WC Pacific ocean perch Recruitment Groundfish 0-825 Allen and Smith 

1988; Froese and 

Pauly 2019 

25 SITHERR Sitka Sound Pacific 

herring 

Recruitment Small 

Pelagic 

0-475 Coad and Reist 

2004; Froese and 

Pauly 2019 

26 SEYHERR Seymour Canal Pacific 

herring 

Recruitment Small 

Pelagic 

0-475 Coad and Reist 

2004; Froese and 

Pauly 2019 

27 GOAATF GOA arrowtooth flounder Recruitment Groundfish 18-950 Russian 

Academy of 

Science 2000; 

Froese and Pauly 

2019 

28 GOADSOLE GOA dover sole Recruitment Groundfish 0-150 Muus and 

Nielsen 1999; 

Froese and Pauly 

2019 

29 GOADKROCK GOA dusky rockfish Recruitment Groundfish 5-160 Orr and 

Blackburn 2004; 

Froese and Pauly 

2019 
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30 GOAFSOLE GOA flathead sole Recruitment Groundfish 0-1050 Allen and Smith 

1988; Froese and 

Pauly 2019 

31 GOANROCK GOA northern rockfish Recruitment Groundfish 0-740 Russian 

Academy of 

Science 2000; 

Froese and Pauly 

2019 

32 GOARESOLE GOA rex sole Recruitment Groundfish 0-900 Russian 

Academy of 

Science 2000; 

Froese and Pauly 

2019 

33 GOARBROCK GOA 

rougheye/blackspotted 

rockfish 

Recruitment Groundfish 170-675 Ou et al. 2016 

34 GOAPOLL GOA walleye pollock Recruitment Groundfish 0-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

35 GOACOD GOA Pacific cod Recruitment Groundfish 10-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

36 GOAPOP GOA Pacific Ocean perch Recruitment Groundfish 0-825 Allen and Smith 

1988; Froese and 

Pauly 2019 

37 KIRCRAB Kodiak Island red king 

crab 

Recruitment Invertebrate 20-50 Stevens 2014 

38 GOASAB GOA, EBS & AI 

Sablefish 

Recruitment Groundfish 175-2740 Allen and Smith 

1988; Froese and 

Pauly 2019 

39 NSRCRAB Norton Sound red king 

crab 

Recruitment Invertebrate 20-50 Stevens 2014 

40 TOHERR Togiak Pacific herring Recruitment Small 

Pelagic 

0-475 Coad and Reist 

2004; Froese and 

Pauly 2019 

41 BBRCRAB Bristol Bay red king crab Recruitment Invertebrate 20-50 Stevens 2014 

42 SMBCRAB St. Matthew Island blue 

king crab 

Recruitment Invertebrate 45-75 Stevens 2014 

43 EBSSCRAB EBS snow crab Recruitment Invertebrate 50-80 Stevens 2014 

44 EBSPOLL EBS walleye pollock Recruitment Groundfish 0-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

45 PIRCRAB Pribilof Islands red king 

crab 

Recruitment Invertebrate 20-50 Stevens 2014 

46 PIBCRAB Pribilof Islands blue king 

crab 

Recruitment Invertebrate 45-75 Stevens 2014 

47 EBSNROCK EBS & AI northern 

rockfish 

Recruitment Groundfish 0-740 Russian 

Academy of 

Science 2000; 

Froese and Pauly 

2019 

48 EBSNRSOLE EBS & AI northern rock 

sole 

Recruitment Groundfish 0-700 Fedorov et al. 

2003; Froese and 

Pauly 2019 
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49 EBSAKPLC EBS & AI Alaska plaice Recruitment Groundfish 0-600 Fedorov et al. 

2003; Froese and 

Pauly 2019 

50 EBSATF EBS & AI arrowtooth 

flounder 

Recruitment Groundfish 18-950 Russian 

Academy of 

Science 2000; 

Froese and Pauly 

2019 

51 EBSRBROCK EBS & AI 

rougheye/blackspotted 

rockfish 

Recruitment Groundfish 170-675  Ou et al. 2016 

52 EBSATKA EBS & AI Atka mackerel Recruitment Groundfish 0-720 Kells et al. 2016; 

Froese and Pauly 

2019 

53 EBSPOP EBS & AI Pacific ocean 

perch 

Recruitment Groundfish 0-825 Allen and Smith 

1988; Froese and 

Pauly 2019 

54 AIPOLL AI walleye pollock Recruitment Groundfish 0-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

55 EBSFSOLE EBS & AI flathead sole Recruitment Groundfish 0-1050 Allen and Smith 

1988; Froese and 

Pauly 2019 

56 EBSYFS EBS & AI yellowfin sole Recruitment Groundfish 0-700 Tobor 1972; 

Froese and Pauly 

2019 

57 EBSTRBT EBS & AI greenland 

turbot 

Recruitment Groundfish 1-2200 Borje and 

Hareide 1993; 

Froese and Pauly 

2019 

58 EBSCOD EBS & AI Pacific cod Recruitment Groundfish 10-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

59 WKAPOLL Western Kamchatka 

walleye pollock 

Recruitment Groundfish 0-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

60 RUSSCOD Russian saffron cod Recruitment Groundfish 0-300 Fedorov et al. 

2003; Froese and 

Pauly 2019 

61 JSDENTEX Sea of Japan Dentex 

hypselosomus 

Recruitment Groundfish 50-200 Iwatsuki et al. 

2007; Froese and 

Pauly 2019 

62 JSRSBREM Sea of Japan red seabream Recruitment Groundfish 10-200 Nakabo 2002; 

Froese and Pauly 

2019 

63 JSPOLL Sea of Japan walleye 

pollock 

Recruitment Groundfish 0-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

64 TSSARD Tsushima Strait sardine Recruitment Small 

Pelagic 

0-200 Whitehead 1985; 

Froese and Pauly 

2019 

65 TSRHERR Tsushima Strait round 

herring 

Recruitment Small 

Pelagic 

0-40 Fricke et al. 

2011; Froese and 

Pauly 2019 
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66 TSCMACK Tsushima Strait chub 

mackerel 

Recruitment Small 

Pelagic 

0-300 Collette and 

Nauen 1983; 

Froese and Pauly 

2019 

67 TSJMACK Tsushima Strait jack 

mackerel 

Recruitment Small 

Pelagic 

0-275 FAO-FIGIS 

2005; Froese and 

Pauly 2019 

68 TSAVY Tsushima Strait anchovy Recruitment Small 

Pelagic 

0-400 Fedorov et al. 

2003; Froese and 

Pauly 2019 

69 ECSBHAL East China Sea bastard 

halibut 

Recruitment Groundfish 10-200 Yamada et al. 

1995; Froese and 

Pauly 2019 

70 JFSQUID Japan winter spawning 

flying squid 

Recruitment Invertebrate 0-100 FAO-FIGIS 2005 

71 JPRSBREM Japan Pacific coast red 

seabream 

Recruitment Groundfish 10-200 Nakabo 2002; 

Froese and Pauly 

2019 

72 JPCMACK Japan Pacific coast chub 

mackerel 

Recruitment Small 

Pelagic 

0-300 Collette and 

Nauen 1983; 

Froese and Pauly 

2019 

73 JPAVY Japan Pacific coast 

anchovy 

Recruitment Small 

Pelagic 

0-400 Fedorov et al. 

2003; Froese and 

Pauly 2019 

74 JPJMACK Japan Pacific coast jack 

mackerel 

Recruitment Small 

Pelagic 

0-275 FAO-FIGIS 

2005; Froese and 

Pauly 2019 

75 JPPOLL Japan Pacific coast 

walleye pollock 

Recruitment Groundfish 0-1280 Fedorov et al. 

2003; Froese and 

Pauly 2019 

76 SBCW_PI Southern British 

Columbia & Washington 

pink salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

77 SBCW_CM Southern British 

Columbia & Washington 

chum salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

78 SBCW_SO Southern British 

Columbia & Washington 

sockeye salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

79 NBC_PI Northern British 

Columbia pink salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

80 NBC_CM Northern British 

Columbia chum salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

81 NBC_SO Northern British 

Columbia sockeye salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

82 SAK_PI Southeast Alaska pink 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

83 SAK_CM Southeast Alaska chum 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 
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84 SAK_SO Southeast Alaska sockeye 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

85 PW_PI Prince William Sound 

pink salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

86 PW_CM Prince William Sound 

chum salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

87 PW_SO Prince William Sound 

sockeye salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

88 CI_PI Cook Inlet pink salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

89 CI_CM Cook Inlet chum salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

90 CI_SO Cook Inlet sockeye 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

91 KO_PI Kodiak pink salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

92 KO_CM Kodiak chum salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

93 KO_SO Kodiak sockeye salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

94 SAKP_PI Southern Alaska 

Peninsula pink salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

95 SAKP_CM Southern Alaska 

Peninsula chum salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

96 SAKP_SO Southern Alaska 

Peninsula sockeye salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

97 WAK_CM Western Alaska chum 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

98 WAK_PI Western Alaska pink 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

99 WAK_SO Western Alaska sockeye 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

100 EKA_PI Eastern Kamchatka pink 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

101 EKA_SO Eastern Kamchatka 

sockeye salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 
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102 EKA_CM Eastern Kamchatka chum 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

103 WKA_PI Western Kamchatka pink 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

104 WKA_CM Western Kamchatka chum 

salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

105 WKA_SO Western Kamchatka 

sockeye salmon 

Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

106 RUS_PI Russia pink salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

107 RUS_CM Russia chum salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

108 RUS_SO Russia sockeye salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

109 J_PI Japan pink salmon Abundance Salmon 0-250 Fedorov et al. 

2003; Froese and 

Pauly 2019 

110 CCZOOW CC zooplankton winter Biomass Zooplankton 0-400 Goericke et al. 

2014 

111 CCZOOSP CC zooplankton spring Biomass Zooplankton 0-400 Goericke et al. 

2014 

112 CCZOOSU CC zooplankton summer Biomass Zooplankton 0-400 Goericke et al. 

2014 

113 CCZOOF CC zooplankton fall Biomass Zooplankton 0-400 Goericke et al. 

2014 

114 EBSBZOO EBS basin zooplankton Biomass Zooplankton 200-2000 Eisner et al. 2014 

115 EBSOSZOO EBS outer shelf 

zooplankton 

Biomass Zooplankton 100-200 Eisner et al. 2014 

116 EBSMSZOO EBS mid shelf 

zooplankton 

Biomass Zooplankton 50-100 Eisner et al. 2014 

117 EBSCZOO EBS coastal zooplankton Biomass Zooplankton 0-50 Eisner et al. 2014 

118 JOZOOSP Oyashio Current 

zooplankton spring 

Biomass Zooplankton 0-2000 Ikeda et al. 2008 

119 JOZOOSU Oyashio Current 

zooplankton summer 

Biomass Zooplankton 0-2000 Ikeda et al. 2008 

120 BSJELLY EBS large medusae 

jellyfish 

Relative 

CPUE 

Zooplankton 10-40 Brodeur et al. 

2002 
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Table 2.2. Eight climate indices. 

Abbreviation Name Description Data source Reference 

Global SSTA Global-ocean 

averaged SST 

anomaly  

SST anomalies are 

averaged over the global 

ocean 

Calculated from COBE 

SST version 2 

None 

NP SSTA NP averaged 

SST anomaly  

SST anomalies are 

averaged over the NP, 

north of 20°-68°N 

  

PDO Pacific Decadal 

Oscillation 

Dominant pattern of 

North Pacific SST 

variability north of 20°N 

(annual) 

University of 

Washington, Joint 

Institute for the Study of 

the Atmosphere and 

Ocean 

Mantua et al. 1997 

NPGO North Pacific 

Gyre Oscillation  

Second dominant pattern 

of sea surface height 

variability in the 

Northeast Pacific 

(annual) 

Emanuele Di Lorenzo, 

Georgia Institute of 

Technology 

Di Lorenzo et al. 

2008 

MEI Multivariate El 

Nino-Southern 

Oscillation  

Dominant pattern of 

variability of six 

observed variables over 

the tropical Pacific 

(annual) 

NOAA Earth System 

Research Laboratory 

Wolter and Timlin 

2011 

ALPI Aleutian Low-

Pressure Index 

Index of the relative 

intensity of the Aleutian 

Low-pressure system 

Dec-Mar (annual) 

Fisheries and Oceans 

Canada 

Beamish et al. 1997 

NPI North Pacific 

Index 

The area-weighted sea 

level pressure over the 

region 30°N-65°N, 

160°E-140°W (annual) 

NOAA Earth System 

Research Laboratory 

Trenberth and 

Hurrell 1994 

AO Arctic 

Oscillation Index 

Dominant pattern of sea 

level pressure variability 

north of 20°N (annual) 

NOAA Climate 

Prediction Center 

Thompson and 

Wallace 1998 
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Table 2.3. Correlations between marine ecosystem PCs and climate indices. Asterisks 

indicate significant correlations at the 95% confidence level. 

  Global SSTA NP SSTA PDO NPGO MEI ALPI NPI AO 

Whole NP EOF1 0.76* 0.71* -0.14 0.03 0.16 0.07 -0.1 0.21 

Eastern NP EOF1 0.75* 0.57* 0.08 -0.04 0.28 0.21 -0.23 0.25 

Western NP EOF1 0.69* 0.76* -0.24 0.08 0.08 -0.07 0.02 0.22 

Eastern NP EOF2 0.03 -0.15 0.56* -0.09 0.40* 0.16 -0.2 0.21 

Western NP EOF2 0.38 0.15 -0.03 0.39* -0.01 0.24 -0.11 -0.04 
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Figure 2.1. Abbreviations for the 120 marine species data from the western NP (the Sea 

of Japan and the Okhotsk Sea) and eastern NP (the west coast of the United States, Gulf 

of Alaska and the Bering Sea). See Table 2.1 for a definition of each abbreviations.   
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Figure 2.2. (a) PC1s for the whole NP EOF1, eastern NP EOF1 and western NP EOF1 

of marine biological, and statistically significant correlations of marine biological 

indices (b) with the western NP PC1 and (c) with the eastern NP PC1. In (b) and (c), 

numbers indicate species IDs shown in Table 2.1, while S, G, P, Z and I indicate salmon, 

groundfish, small-pelagic fish, zooplankton and invertebrates, respectively. Circle size 

indicates the absolute values of correlations and colors of the circles (red, orange, cyan, 

blue) indicate the sign of correlations and the corresponding confidence levels 
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Figure 2.3. Time-series comparison between marine biology PC1 and biological time 

series that have significant correlation with that PC1 in each basin. Left and right panels 

show results for the western and eastern basins, respectively, and top, middle, and 

bottom panels show results for salmon, small-pelagic fish, and groundfish. All-time 

series smoothed by 5-year running average. For easier comparison, the PC2 time sereis 

are sign-reversed (multiply by -1) for (d) and (e). 



33 
 

 

 

 

Figure 2.4. Same as in Figure 2.2, but for the EOF 2.  
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Figure 2.5. Same as in Figure 2.3, but for eastern NP PC2 along with (a) salmon and 

(b) groundfish.  
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Figure 2.6. (a) PC1s of marine ecosystem and global and NP averaged SSTs, (b) eastern 

NP PC2 and PDO, and (c) western NP PC2 and NPGO. 
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Figure 2.7. Correlation between SST and (a) whole NP PC1, (b) eastern NP PC2, and 

(c) western NP PC2. The color corresponds with the correlation coefficient and yellow 

contours indicate the area where correlations are significant at the 95% confidence level. 
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Figure 2.8. Depth ranges (lines) of western and eastern basin marine biology data that 

have statistically significant correlated (colored circles) with respective basin PC1s. 

Circles indicate the absolute correlations and colors indicate the corresponding 

confidence levels, as in Figure 2.2.  
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Chapter 3 

Sea Surface Temperature Predictability 

in the North Pacific From the Latest Seasonal Forecast 

Systems of the ECMWF, CMCC, and DWD 

 

3.1. Introduction 

Seasonal forecasts over the North Pacific (NP) remain challenging, because 

generally low-predictability in mid and high latitudes compared with higher 

predictability in the tropics, where air-sea coupled phenomena, such as the El Niño 

Southern Oscillation (ENSO), provide a long memory (e.g., Doi et al. 2016; Johnson et 

al. 2019). Prediction skill for sea surface temperatures (SST) and 2-m air temperatures 

over the NP have common spatial structures across different studies (e.g., Becker et al. 

2014; Doi et al. 2016; Johnson et al. 2019). In the winter,  prediction skills are generally 

high in the eastern NP, especially in the Gulf of Alaska (GOA) and in the central NP 

north of Hawaii, but are generally low in the region between the Kuroshio Extension 

and the subpolar front to the east of Japan. Overall prediction skills patterns in the 

summer follow a similar pattern to that in winter; however, prediction skills in the 

summer are low in the north of Hawaii. 

The predictability of seasonal forecast system can be related to inertia (memory) 

and patterns of variability. The SST and upper ocean heat content in anomalies 

conditions can take relatively long (days to years) decay and can have significant impact 
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on the atmosphere above. This coupled ocean-atmosphere interaction in the climate 

system arises interannual climate variability, such as ENSO. ENSO is a prominent 

couple mode involving the tropical Pacific which induce climate anomalies around the 

globe via teleconnection (Alexander et al. 2002). Consequently, a realistic ENSO 

pattern is an important aspect for the successful seasonal forecasting system (e.g., 

Johnson et al. 2019). The representation of ENSO on the seasonal SST prediction skill 

are of focus in this study. 

Prediction skill for the SST can be evaluated by correlations at each grid point 

between an ensemble mean and observed SST. The ensemble mean is formed by 

averaging ensemble members of a forecast system. The ensemble mean represents the 

predictable component, whereas the ensemble spread (or ensemble members standard 

deviation) represent the stochastic component (or the uncertainty of the predictions). 

The small ensemble spread means that each ensemble member of the forecast system is 

equally likely to occur, while the large ensemble spread means high uncertainty of the 

forecast system (Kirtman et al. 2014). Given that, the predictability can be associated 

with the size of ensemble spread and close co-variability between the ensemble mean 

and observation. Therefore, it is interesting to know how ensemble members and 

observations are related, associated with the prediction skills and the large ensembles 

members are needed to clarify these relations,.    

Large ensemble members have recently been applied to seasonal forecasting 

systems. Doi et al. (2019) conducted 108 ensemble seasonal forecast experiment using 

a single model, but multi-model ensembles are more frequently used to obtain large 

ensemble members.  The one of multi-model large ensemble projects for the seasonal 

forecast is organized as North American Multimodel Ensemble (NMME) (Kirtman et 
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al. 2014) and by using 109 ensembles from nine modelling centers in NMME, Becker 

et al. (2014) reported the predictability of global SST. Moreover, Copernicus Climate 

Change Services (C3S) in Europe also provide the operational multi-model seasonal 

forecasting system since October 2019, involving five centers in Europe and one in the 

United States. This forecasting system is the successor of the earlier EUROSIP project 

provided by European Centre for Medium-Range Weather Forecasts (ECMWF). The 

multi model seasonal forecasting systems which provide by those climate center make 

it possible to analyze SST predictability in the NP including the relationships among 

ensemble members and observations based on large ensemble members. The seasonal 

forecast of C3S is global; however, publications using these datasets focused their 

attention on Europe sector (e.g., Samaniego et al. 2019; Wander et al. 2019) to the 

author’s knowledge.    

Therefore, the purpose of this study was to investigate the SST predictability 

over the North Pacific including the relations between ensemble members and 

observation, by analyzing seasonal forecasting datasets of C3S. Three models in C3S 

were used in this study (i.e., the latest seasonal forecast systems of ECMWF, Deutscher 

Wtterdienst (DWD) and Centro-Euro-Mediterraneo Sui Cambiamenti Climatici 

(CMCC)), because these forecasting systems were initialized each year on the 1st day 

of the starting month, unlike other models in C3S.  

 

3.2. Data and Methods  

 Monthly SST hindcasts (reforecast) in 1994-2016 (23 years) for January and 

July forecast with a lead time of 3 months from seasonal forecast ECMWF system 5, 



41 
 

DWD system 2, and CMCC system 3 were used for forecast data. For January (July) 

forecast with the 3-month lead time, the initialization date was November (May) 1st. 

The seasonal forecast from ECMWF system 5, DWD system 2, and CMCC system 3 

are coupled atmosphere-ocean model. Hereinafter, the names of the modeling centers 

are used to distinguish the models for simplicity. The forecast system specification 

along with the ensemble size of each model can be seen in Table 3.1.  

The multi model ensemble member was obtained by combining the ensemble 

members produce by ECMWF, DWD and CMCC. Thus, the total ensemble size of multi 

model ensemble, used in this study, was 95 ensemble members. Moreover, SST 

ensemble mean of respective model is formed by averaging the ensemble members of 

each model, while SST of multi-model ensemble mean (MMEM) is formed by 

averaging together the ensemble member of three models (ECMW, DWD and CMCC). 

Monthly SST data of Centennial in Situ Observation-Based Estimates of the 

Variability of SST and Marine Meteorological Variables (COBE SST) version 2 

reanalysis data (Hirahara et al. 2014) in 1994-2016 for the January and the July were 

used as observed SST for model verification. 

  The temporal correlation anomalies between Multi Model Ensemble Mean 

(MMEM) and observed SST anomalies (SSTs) were examined. The temporal 

correlation between MMEM and observed SSTs is a widely used as estimator of the 

prediction skill (e.g., Becker et al. 2014; Jacox et al. 2019). This correlation can be 

calculated for two time series either at each grid point (referred to the point-wise 

correlation) or for the area-averaged time series. Therefore, this study also used three 

region of interest i.e., the Kuroshio-Oyashio Extensions (35˚-41˚N, 145˚-150˚E), the 
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Central NP (31˚-36˚N, 160˚-170˚E), and the Gulf of Alaska in the eastern NP (53˚-57˚N, 

140˚-150˚W)  to analysis the relation of ensemble members and observation.  

The distribution of temporal correlation between MMEM, ensemble members 

and observed SSTs at area averaged of those regions interest were plotted in histogram. 

Two criteria were used to assess the relation ensemble members and observation in the 

histogram. First, if the correlation between the MMEM and observation is located 

within the range of correlations distribution of MMEM with the respective ensemble 

members, the forecast system reasonably captures observation as an ensemble member. 

Second, if the correlation between the MMEM and observation is not within the range 

of the distribution (or as outlier) of correlations between MMEM and respective 

ensemble members, the forecast system fails to capture observation and shows biased 

variability. An outlier is a value that lies out of correlation distribution between MMEM 

and ensemble members.    

Furthermore, the correlation map between area-averaged time series (i.e., 

Kuroshio Oyahio Extension (KOE), Central North Pacific and Gulf of Alaska (GOA)) 

and SSTs at grid points over the North and tropical Pacific Ocean for MMEM and 

observation in January and July were also analyzed, to understand the relation of SST 

predictability in NP with the Niño region.  

Statistical significance was evaluated by using a Monte-Carlo Simulation. In 

Monte-Carlo Simulation, some steps were performed to evaluate the significance of the 

relationship between MMEM and observed SST. First, by using red noise model, 100 

surrogate time series for the MMEM with lag-1 correlation estimated by using Burg's 

method were generated. Then, surrogate correlation coefficients were calculated for 
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each grid point between observed SST and the surrogate MMEM. The percentile of the 

absolute value of the observed correlation with the absolute values of surrogate 

correlations gives the confidence level.   

 

3.3. Results 

Figure 3.1 shows the prediction skill expressed by the point-wise correlation 

between MMEM and observed SSTs for the January forecast. Prediction skills was low 

in the western NP around Japan, especially between the Kuroshio Extension and the 

subpolar front to the east of Japan, which is often called the Kuroshio-Oyashio 

Extensions (KOE), and around the subpolar front in the Sea of Japan. In contrast, high 

skills occur in the central and eastern NP.  

Figure 3.2 shows histogram of temporal correlations for area-averaged SSTs 

between MMEM and ensemble members along with the correlation between MMEM 

and observed SSTs for the January forecast in each of three areas. For the KOE, 

correlation between MMEM and observed SSTs was the lower than 2.1 percentile of 

the correlations between MMEM and ensemble members, indicating that the observed 

variability is an outlier. This indicates that the low prediction skill of MMEM over the 

KOE is associated with the biased prediction which does not capture the observation 

within the range of the distribution of ensemble members. For the Central NP and the 

GOA, the correlation between MMEM and observation was high and was in the middle 

of the correlations between MMEM and ensemble members, which are more narrowly 

clustered than those for the KOE. This suggests that high prediction skill in these 

regions are associated with the strong predictable component relative to unpredictable 
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stochastic component and with reasonable distribution of ensemble members so that the 

observation can be regarded as an ensemble member.  

Figure 3.3 shows time series of the area averaged time series for MMEM, 

ensemble members and observed SST anomalies to analyzed the spread of ensemble 

members and the temporal variability of ensemble members, ensemble mean and 

observation at area averaged of the KOE, central NP and GOA. For the central NP and 

the GOA, ensemble members show common variability around the MMEM, and the 

observed variation is close to the MMEM. For the KOE, on the other hand, ensemble 

members and MMEM still show common variability, but observation show different 

variability. These results are consistent with the major features in Figure 3.2.  

Low prediction skill areas were more widely distributed in July than in January 

(Figure 3.4). Prediction skills in July were high along the California water, the GOA 

and the Bering Sea and. On the other hand, prediction skills were low around the Sea of 

Japan, the Okhotsk Sea, some area of central NP and the East China Sea.  

Histogram of temporal correlations for area-averaged SSTs of the regions of 

interest shows three different relations between ensemble member and observation 

(Figure 3.5). For the GOA, the high temporal correlation between MMEM and 

observation was in the range of distribution of the temporal correlations between 

MMEM and ensemble members and was not an outlier corresponding to the top 5%. 

Although low prediction skill occurs in both the KOE and the central NP areas, the 

relations between ensemble members and observation are different between two 

regions.  For the central NP, the correlation between MMEM and observation becomes 

an outlier for correlations between MMEM and ensemble members, as found for the 
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KOE in January. For the KOE in July, on the other hand, the correlation between 

MMEM and observation is in the middle of a widely distributing correlations between 

MMEM and ensemble members. This suggests that for the July KOE the observation 

can be regarded as an ensemble, but the wide ensemble spread causes the low prediction 

skill.  

Consistent with the histogram analysis, time series of respective regions for July 

forecast show different features in different areas (Figure 3.6). For the GOA, common 

variations were occurred in MMEM, ensemble members and observation. For the 

central NP, common variation in MMEM and ensemble members was not shared by the 

observations. For the KOE, some common variations across ensemble members was 

found around 2000-2010 but MMEM and observation were exhibits unrelated 

variability.  

Consequently, low predictability is associated with two different types of 

relations between ensemble members and observations. One is successful capture of 

observational feature by ensemble members but with wide ensemble spread. The other 

is the unsuccessful capture of observational features by ensemble members. The former 

case explains the low predictability in the July KOE, while the latter applies to the July 

central NP and the January KOE.   

Figure 3.7 and 3.8 show the MMEM and the observed SSTs correlation map 

between area averaged SSTs of regions of interest (the KOE, the central NP and the 

GOA) and SSTs at grid points from the North to tropical Pacific Ocean, in January and 

July. As expected, the strong significant positive correlation in the vicinity of the areas 
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of interest (i.e., black outlines mark the regions of interest in Figure 3.7 and 3.8) can be 

seen in the MMEM correlation map and the observation correlation map.   

Observed SST in NP basin and ENSO in the tropical Pacific were likely a source 

of low SST predictability in KOE and the central NP. MMEM SSTs correlation map of 

KOE in January show significant correlation in Niño region and mostly no significant 

correlation in NP basin, while observed SSTs correlation map of KOE does not show 

significant correlation in Niño region (Figure 3.7(a,d)).  MMEM and observed SSTs 

correlation map of the central NP in July doesn’t show significant correlation in Niño 

region but show different significant correlation patterns in NP basin SSTs (Figure 

3.8(b,e)). The result in the January KOE and the July central NP correlation maps 

between MMEM and observation (Figure 3.7(a,d) and 3.8(b,e)) were consistent with 

low SST predictability due to model cannot capture observation (Figure 3.2(a) and 

3.5(b)). On the other hand, MMEM and observed SSTs of KOE in July doesn’t show 

significant correlation in Niño region and show mostly no significant correlation in NP 

basin (Figure 3.8(a,d)). The correlation maps in the July KOE between MMEM and 

observation show similar low correlation spatial pattern in NP basin and Niño region, 

which consistent with low SST predictability due to low correlation between MMEM 

and observation (Figure 3.5(a)).  

The high SST predictability in the central NP in January were associated with 

observed SST in NP basin and ENSO in the tropical Pacific. MMEM and observed 

SSTs correlation map of the central NP in January show significant correlation in Niño 

region and significant correlation were mostly found in NP basin (Figure 3.7(b,e)). 

These results consistent with the histogram analysis which found that SST predictability 

in the central NP in January was high due model can capture observation (Figure 3.2(b)). 
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However, observed SST in NP basin and ENSO in the tropical Pacific are likely 

a source of high SST predictability in GOA only in July. It is because MMEM and 

observed SSTs correlation map of the GOA in July show significant correlation in Niño 

region and significant correlation from NP basin to tropical Pacific (Figure 3.8(c,f)). On 

the other hand, MMEM SSTs correlation map of the GOA in January show significant 

correlation in the Niño region and around NP basin to tropical Pacific (Figure 3.7 (c)), 

while observed SSTs correlation map of the GOA only show significant correlation 

around the Bering Sea, the GOA and the California water (Figure 3.7 (f)). This indicate 

that only observed SSTs in NP basin is likely source of SST predictability in GOA in 

January. 

Next, the ensemble members of respective models were analyzed. Figures 3.9 

(a)-(c) and 3.10 (a)-(c) show the predictions skill of respective model ensemble mean 

(RMEM) for January and July forecast, respectively. The patterns of prediction skill of 

RMEM were similar with those for MMEM shown in Figures. 3.1 and 3.4. These results 

indicate that the regionality and seasonality of prediction are robustly determined by 

common mechanism operating across models. It is interesting to note that high 

prediction skill in the downstream the KOE was detected in all three models. Figures 

3.9 (d)-(f) and 3.10 (d)-(f) show the difference in prediction skill, that is defined as the 

MMEM prediction skill minus RMEM prediction skill. As expected, the difference is 

generally positive; that is, MMEM prediction skills are generally higher than RMEM 

prediction skills. The magnitudes of difference are similar for the ECMWF and CMCC 

forecast systems and were large for the DWD system compared with the other two 

models. The relatively coarse model resolution of the DWD forecast system compared 

with the other two models (Table 3.1) might explain the large prediction skill difference.  
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3.4 Summary and Discussion  

The SST predictability in MMEM over the NP was analyzed by using the latest 

seasonal forecast system of ECMWF, DWD and CMCC from C3S for the winter 

(January) and summer (July), with a focus on three regions of interest, i.e. the KOE, the 

central NP and the GOA. The high correlation between MMEM and observed SSTs in 

the GOA and central NP in January and in the GOA in July reflects the fact that the 

model successfully capture the interannual variability of observed SSTs accompanied 

by a small ensemble spread (Figure 3.1, 3.2(b,c), 3.3(b,c), 3.4, 3.5(c), 3.6(c)). A low 

prediction skill due to a small spread among ensemble members, but ensemble model 

cannot to capture the observation, are found in the January KOE and in the July central 

NP (Figure 3.1, 3.2(a), 3.3(a), 3.4, 3.5(b), 3.6(b)). On the other hand, A low prediction 

skill due to a large ensemble spread is found in the KOE for July forecast (Figure 3.4, 

3.5(a), 3.6(a)). A small ensemble spread but ensemble members cannot capture the 

observation is resulted from common biased variations among ensemble members.  

The high SST predictability in the central NP in January and the GOA in both 

the January and July and were consistent with previous studies (Becker et al. 2014; Doi 

et al. 2016; Johnson et al. 2019). Observed SSTs in NP basin and ENSO variability were 

likely a source for high SST predictability in the central NP in January. The relation of 

ENSO in the tropical Pacific also can be seen from the significant correlation in Niño 

region, as seen in MMEM and observed SSTs correlation map in the central NP in 

January (Figure 3.7(b,e)). As known, ENSO in the tropical Pacific can influence SST 

variation in the North Pacific via atmospheric bridge (Alexander et al. 2002). The 

ENSO-driven large-scale atmospheric teleconnection alters the near-surface air 
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temperature, humidity, wind and the distribution of clouds from the equatorial Pacific 

to the North Pacific and affects SST variability in the North Pacific. However, observed 

SST in NP basin and ENSO in the tropical Pacific were likely a source of high SST 

predictability in the GOA only in July (Figure 3.8(c,f)), because high SST predictability 

in the GOA in January was likely due to observed SST in NP basin (Figure 3.7(c,f)). 

The significance correlation in Niño region did not found in the observed SSTs 

correlation map for the GOA in January (Figure 3.7(f)). 

The low prediction skill in the KOE both in January  and July in central NP in 

July were also consistent to previous studies (Becker et al. 2014; Doi et al. 2016; 

Johnson et al. 2019), but in those studies the relation among ensemble members and 

observation were not examined. Further analysis also reveals that observed SSTs in NP 

basin and ENSO variability were also likely a source for low SST predictability in the 

KOE and the central NP. The MMEM and observed SSTs show that low SST 

predictability due to model cannot capture observation, as seen in the KOE in January 

(Figure 3.7(a,d) and the central NP in July (Figure 3.8(b,e)), or because overall 

correlation in NP basin and Niño region were low as seen in MMEM and observed SSTs 

correlation map for the KOE in July (Figure 3.8(a,d).  It is also generally considered 

that the variations in the KOE are difficult to be predicted due to chaotic oceanic 

variability caused by strong currents. The chaotic variability will cause a large ensemble 

spread, but the analysis in this study indicates that not only the ensemble spread is the 

source of the low predictability, but also biased variations across ensemble members 

are important, as found in the KOE in January and the central NP in July.   

The prediction skill difference, that is defined as the MMEM prediction skill 

minus RMEM prediction skill, is generally positive. This indicate that MMEM 
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prediction skills are generally higher than RMEM prediction skills, as expected (Figures 

3.9 (d)-(f) and 3.10 (d)-(f)), primarily because MMEM have larger number of ensembles 

(Becker et al. 2014; Kirtman et al. 2014). The similar patterns between prediction skill 

of RMEM and MMEM indicate that the regionality and seasonality of prediction are 

robustly determined by mechanisms which commonly occur across models. 
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Table 3.1 Hindcast specification from ECMWF, DWD, and CMCC. 

Center System Ensemble 

size 

Atmos 

Horizontal 

resolution 

/Vertical 

levels 

Ocean 

Horizontal

resolution 

/Vertical 

levels 

ECMWF SEAS5 

(System 5) 

25 

members 

TCO319 

(~36km)/L91 

 

0.25°/L75  

 

DWD GCFS 2.0 

(System 2) 

30 

members 

T127 

(~100km)/ 

L95 

 

(0.4°) on a 

tripolar 

grid/L40  

CMCC SPSv3 

(System 3) 

40 

members 

1°/L46 0.25°/L50  
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Figure 3.1. Point-wise correlation between MMEM and observed SSTs for the January 

forecast. Black rectangles indicate regions of interest, i.e., the KOE, the central NP, and 

the GOA. Colors indicate point-wise correlation between MMEM and observed SSTs, 

and the yellow contour indicates the area where correlations are significant at the 95% 

confidence level. 

 

Figure 3.2. Histogram of correlation between MMEM and ensemble members (blue 

color bars) and correlation between MMEM and observation (vertical pink dashed line) 

at area averaged for the January forecast over (a) the KOE, (b) the Central NP, and (c) 

the GOA.  

 

Figure 3.3. Area-averaged time series of MMEM (red), ensemble member (gray) and 

observed SST anomalies (blue) for the January forecast over (a) the KOE, (b) the 

Central NP, and (c) the GOA.  
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Figure 3.4. Same as in Figure 3.1, but for July forecast.  

 

Figure 3.5. Same as in Figure 3.2. but for July forecast. 

 

 

Figure 3.6. Same as in Figure 3.3, but for July forecast. 
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Figure 3.7. (a)-(c) Correlation map between MMEM SSTs time series-averaged over 

(a) the KOE, (b) the central NP and (c) the GOA and MMEM SSTs each grid points 

SSTs over the North and tropical Pacific for January. (d)-(f) Same as (a)-(c), but for 

obsereved SSTs. The black outlines mark the areas of interest and the Niño region. The 

color shades indicate correlation values and the yellow contours indicate the area where 

correlations are significant at the 95% confidence level. 
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Figure 3.8. Same as in Figure 3.7, but for July. 
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Figure 3.9. Point-wise correlation between RMEM and observed SSTs (top panels)  and 

difference in point-wise correlations between MMEM and RMEM (bottom panels), for 

ECMWF ((a) and (d)), DWD ((b) and (e)) and CMCC ((c) and (f)), for the January 

forecast. Contours in panels (a)-(c) indicate the areas where correlations are significant 

at the 95% confidence level.  

 

 

 

 

Figure 3.10. Same as in Figure 3.9, but for July forecast. 
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Chapter 4 

General Summary 

Marine ecosystem variation and Sea Surface Temperature (SST) predictability 

in the North Pacific (NP) were investigated in this research. In Chapter 2, marine 

ecosystem variability in the NP and its relation to large-scale climate variability and 

change were investigated. In Chapter 3, SST predictability over the NP was evaluated 

using the latest seasonal forecast systems of the European Centre for Medium-Range 

Weather Forecasts (ECMWF), Deutscher Wtterdienst (DWD) and Centro-Euro-

Mediterraneo Sui Cambiamenti Climatici (CMCC). This chapter summaries major 

findings from chapter 2 and 3 and discusses implications for future prediction models. 

In Chapter 2, the important mode of marine ecosystem variation in the NP and 

its relation to large scale climate variability and change were identified using large 

multivariate analysis. An empirical orthogonal function (EOF) was performed on 120 

marine biology data to identify the important mode of marine biology and the 

correlation analysis was applied on important mode of marine biology and physical 

climate data. The time series of first EOF mode (PC1s) of the marine biology variation 

for the whole, eastern and western NP were characterized by long-term trends in 1965-

2006 corresponding to increases of Alaskan and Japanese/Russian salmon abundance 

and some Japan small pelagic recruitment and to decreases in groundfish across the 

basin and in zooplankton in California waters and the Bering Sea. This mode was 

possibly influenced by global warming. The second EOF mode (PC2) of eastern NP 

marine ecosystem was characterized by multi-decadal variability related to Pacific 

Decadal Oscillation (PDO). On the other hand, the western NP PC2 marine ecosystem 
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was characterized by interdecadal variability related to the North Pacific Gyre 

Oscillation (NPGO). 

In Chapter 3, the SST predictability over the NP in the Multi Model Ensemble 

Mean (MMEM) from seasonal forecast system and the relation between ensemble 

members and observed SST were evaluated by correlation analysis. The point-wise 

correlation reveals that the high SST predictability in MMEM are found in GOA for 

January and July forecast and central NP for January forecast. On the other hand, the 

low SST predictability in MMEM are found in the KOE for January and July forecast 

and in the central NP for July forecast. Further analysis reveals that the high SST 

predictability in MMEM is related to small ensemble spread and strong predictable 

components (i.e., MMEM). In contrast, the low SST predictability in MMEM is related 

to either the large ensemble spread, or due to small ensemble spread but ensemble 

members cannot capture observations. The small ensemble spread but ensemble 

members cannot capture observation results from biased variation that is common 

among ensemble members. 

As mentioned in Chapter 1, information about climate and marine ecosystem 

co-variability as well as seasonal SST predictability from climate forecasting systems 

can be used for future predictions of marine ecosystem change. However, there was a 

gap in time scale between Chapter 2 and Chapter 3. In Chapter 2, the correlation 

between marine ecosystem and climate parameters was mainly due to decadal 

variability, while in Chapter 3 the multi-model ensemble from the seasonal forecast 

system can provide SST variation on an interannual time scales. Hence, to know the 

usefulness of seasonal SST forecast information for prediction of marine ecosystem 

variations in the North Pacific on interannual time scales, the interannual variability of 
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marine biology data in Chapter 2 were examined using a high-pass filter. The high-pass 

filter is calculated by subtracting unfiltered data with low-pass filter data. The low-pass 

filter data is the filtered data by using 5 years running averaged. The high-pass filter 

was employed on marine biology and SST data in Chapter 2.  

Figure 4.1 shows correlation maps between marine biology PCs and SST in 

Chapter 2 for 1965-2006 after applying a high-pass filter. Among all principle 

components (PCs) for the NP marine ecosystem, only the eastern and the whole marine 

biology PC1 are strongly correlation with SST over the North and topical Pacific on 

interannual time scales (Figure 4.1.(a) and (c)). Figure 4.1 (a) shows a significant 

positive correlation between the eastern NP marine ecosystem PC1 and SST around the 

southern Gulf of Alaska, California water to the tropical Pacific Ocean and a significant 

negative correlation around southern central NP to western tropical Pacific Ocean. The 

correlation between the whole NP marine ecosystem PC1 and SST (Figure 4.1.(c)) also 

showed a similar pattern with eastern NP marine ecosystem PC1. The high-pass filter 

results indicate that eastern NP marine biology in 1965-2006 was also influenced by 

SST variability on interannual time scales. 

Therefore, to know the future marine ecosystem variability on interannual time 

scales, it is important to know the future SST variability on interannual time scales. The 

future SST variability on interannual time scales can be analyzed by using a seasonal 

forecast system. 
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Figure 4.1. Correlation map of SST with (a) eastern NP marine ecosystem PC1, (b) 

western NP marine ecosystem PC1, (c) whole NP marine ecosystem PC1, (d) eastern 

NP marine ecosystem PC2 and (e) western NP marine ecosystem PC2, after high-pass 

filtered, during 1965-2006. The colors indicate correlation value and the yellow 

contours indicates the 95% confidence level. 
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