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Abstract 

 The amount of dissolved oxygen (O2) in the global ocean has been decreasing 

over the past half century. This phenomenon, called ocean deoxygenation, is one of the 

environmental problems associated with global warming that has attracted attention in 

recent years. It is important for the certainty of future predictions that the models 

adequately reproduce past O2 decreases. In Coupled Model Intercomparison Project 

(CMIP) Phase 5, the models underestimated the observations, which was problematic. In 

CMIP6, the model's O2 decrease falls within the variability of observations, but the 

comparison remains rough. Here we report the relationship between the observed and 

simulated O2 inventory changes in the North Pacific by analyzing observational data and 

the outputs of CMIP5 and 6 between 1958 and 2005 to understand the extent to which the 

CMIP models reproduce the observed O2 decrease. A total of 204 ensembles from 20 

models were analyzed. Many of the models overestimate O2 climate values while some 

models show O2 decreases equal to or greater than observations. An inter-model 

empirical orthogonal function (EOF) analysis revealed that the different simulated 

magnitudes of the negative O2 trend is closely associated with the first EOF mode, and 

ensemble members with strong negative trends are characterized by large oxygen 

reduction in the subarctic North Pacific, especially around the boundaries between the 

North Pacific and the Sea of Okhotsk as well as the Bering Sea. The modeled strong O2 

decrease in the subarctic North Pacific is consistent with the spatial pattern of the 

observed O2 trend. Further analysis of climate models indicated that the O2 decrease in 

the subarctic region was primarily caused by physical factors. This conclusion is 

supported by the significantly high correlation between the potential temperature and O2 

inventory trend in the subarctic region, whereas an insignificant correlation coefficient is 
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present between dissolved organic carbon and the O2 inventory trend. However, the 

observations have a larger ratio of O2 inventory trend to temperature trend than any of 

the ensembles. Thus, the relationship between O2 and temperature change in the subarctic 

North Pacific seen in the CMIP5/6 simulations is not exact. Furthermore, we compared 

not only gridded data but also long-term observational data. At Station P, the models more 

significantly underestimated the trend and overestimated the climatological values 

compared to the observation. At 137°E, the observed O2 trend has decreased sharply in 

recent years, and the trend is outside the variability of the models. These detailed 

comparisons revealed that the CMIP models do not adequately reproduce the observed 

changes in O2 in the North Pacific. 
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1 Introduction 

 Oxygen, an important dissolved gas consumed by biological activities in the 

ocean, is saturated in the ocean surface layer by phytoplankton photosynthesis and gas 

exchange with the atmosphere. In processes such as photosynthesis and respiration, 

oxygen is directly linked to carbon dioxide. Consequently, understanding variation in 

dissolved oxygen (O2) is crucial for comprehending the carbon cycle, which is a 

significant issue in the context of global warming. In the past half century, the global O2 

content has been decreasing due to global warming (IPCC, 2022). A rapid increase in 

surface water temperature leads to a decrease in the solubility of O2 in seawater, resulting 

in a lower saturated O2 concentration. Additionally, the increase in seawater temperature 

is larger and more rapid in the ocean surface layer than in the ocean interior. This 

strengthens ocean stratification and weakens ventilation and vertical mixing. 

Consequently, it becomes difficult for the saturated O2 in the ocean surface layer to be 

supplied to the ocean interior. This phenomenon of decreasing O2 levels in the ocean is 

called ocean deoxygenation. Ocean deoxygenation, along with global warming and 

acidification, impacts marine ecosystems on various scales (IPCC, 2013). For example, 

low O2 concentrations reduce growth, survival, and reproduction of individual fish 

(Townhill et al., 2017). Consequently, it poses a significant challenge to the use of marine 

systems by human society, including fisheries.  

 It is known that the Coupled Model Intercomparison Project (CMIP) models 

have been consistently underestimating past ocean deoxygenation (Oschlies et al., 2018). 

Recent estimates in observations indicate a global decline in O2 levels ranging from 0.5% 

to 3.3% in the surface to 1000 m layer compared to climatological averages for the period 

from 1970 to 2010 (Helm et al., 2011; Ito et al., 2017; Schmidtko et al., 2017; Bindoff et 
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al., 2019). In CMIP5 (Taylor et al., 2011), the models show a smaller O2 decrease than 

observed, particularly in the ocean interior during the period from 1960 to 2010 (Bopp et 

al., 2013; Cocco et al., 2013; Oschlies et al., 2018). The fact that CMIP models 

underestimate ocean deoxygenation is a significant concern, as it calls into question the 

reliability of future projections. The performance of biogeochemical models in CMIP6 

(Eyring et al., 2016; O’Neill et al., 2016) has improved over CMIP5 due to the improved 

model resolution and the more complex representation of biogeochemical processes 

(Séférian et al., 2020; Ito et al., 2023). In CMIP6, the multi-model mean trend for the 

period from 1970 to 2010 at the depth of 100-600 m is included within the variability of 

observed trends between datasets (Kwiatkowski et al., 2020). However, it should be noted 

that their model-observation comparisons are limited, as they are only conducted for the 

depths of 100-600 m, where the variability among observational datasets is greatest, and 

only for the global ocean. Therefore, comparisons with observations, including CMIP6, 

remain inadequate, suggesting the need for further research to comprehend the 

relationship between observed and simulated O2 variations. It should be useful to 

compare observations and models in an ocean basin where data availability is relatively 

high and strong deoxygenation has been observed. 

 The North Pacific has experienced strong ocean deoxygenation, explaining 

approximately 18% of the global O2 decrease from 1960 to 2010 (Schmidtko et al., 2017). 

Compared with other regions of rapid deoxygenation, such as the South Atlantic and 

Southern Oceans, the North Pacific has better O2 data coverage (Ito et al. 2017).  The 

observed O2 changes in the North Pacific are associated with cycles of internal variability 

(Andreev and Baturina, 2006; Sasano et al., 2018; Stramma et al., 2020) in addition to the 

effect of global warming. Moreover, O2 decreases in the northwestern North Pacific are 
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suggested to be attributed to a decrease in sea ice (Nakanowatari et al., 2007; Sasano et 

al., 2018). There are several long-term continuous hydrographic stations in the North 

Pacific. Ocean Weather Station P, located in the northeast Pacific (50°N, 145°W) 

(Freeland, 2007), is one of the longest available data on subsurface water properties, 

making it crucial for detecting climate change in the ocean. According to the data at 

Station P, O2 concentrations increased from the 1950s until the 1980s, after which they 

continued to decrease, with particularly large declines near the surface (Crawford and 

Peña, 2016; Ross et al., 2020; Whitney et al., 2007; Mecking et al., 2008). The 11.7% 

decrease in O2 from the surface to 4000 m from 1960 to 2018 is substantially greater than 

the global decrease trend of 2% (Cummins and Ross, 2020). In the western North Pacific, 

the Japan Meteorological Agency (JMA) conducts repeat observations along several 

longitudinal lines. One such line is at 137°E, where O2 data has been collected since 1967, 

indicating a decrease in O2 levels starting in the mid-1980s (Takatani et al., 2012; Oka et 

al., 2019). These observed O2 changes in the North Pacific are correlated with cycles of 

internal variability such as decadal oscillation or 18.6-year nodal tides (Yasuda et al., 

2006; Osafune and Yasuda, 2006) in addition to the effect of global warming (Andreev 

and Baturina, 2006; Sasano et al., 2018; Stramma et al., 2020). Moreover, O2 decreases 

in the northwestern North Pacific are suggested to be attributed to a decrease in sea ice 

(Nakanowatari et al., 2007; Sasano et al., 2018). 

 The spatial pattern of the O2 trend in the CMIP5 multi-model mean is uniform 

compared with that of observations, and it does not reproduce the distribution and 

amplitude of the observed O2 trend (Stramma et al., 2012; Oschlies et al., 2017), although, 

for both global and North Pacific O2 concentrations, a high correlation exists between 

CMIP5/6 model outputs and observed climatology in subsurface waters (Takano et al., 
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2018; Figure 4 in Séférian et al., 2020). It should be noted, however, that the CMIP model 

tends to overestimate climatological O2 in the North Pacific interior (Takano et al., 2018). 

A hindcast model experiment to simulate the effects of physical and biological factors on 

O2 changes in the North Pacific showed that O2 variability is dominated by ventilation 

and circulation, and that the effects of biological factors are limited to 30°N–40°N 

(Deutsch et al., 2006). Furthermore, a hindcast experiment conducted with the 

Community Earth System Model (CESM) experiment showed that O2 changes in the 

North Pacific are caused by internal variability linked changes in seawater temperatures 

that alter the depth of the isopycnal surface (Ito et al., 2019). 

 This study aims to determine whether the past O2 changes in the North Pacific 

where a large amount of observational data is available and strong ocean deoxygenation 

occurs, are consistent or not between observations and CMIP model ensemble members. 

Evaluating the performance of CMIP models can reveal their limitations and highlight 

important considerations for future projections. In discussing whether the CMIP model 

adequately reproduces observations, it is necessary to consider the influence of internal 

variability, as it is impossible for models to perfectly reproduce internal variability in the 

real world. 

 The advent of large ensemble members has made it possible to identify the 

uncertainty by internal variability as differences between ensemble members (Deser et al., 

2014; Maher et al. 2021), as the initial conditions in climate simulations need only be 

perturbed slightly to rapidly vary climate conditions during specific periods. In climate 

simulations, the uncertainty is generally considered to arise from scenario uncertainty, 

model dependency, and internal variability (Hawkins and Sutton 2009). The separation 

of these uncertainties should be studied to assess future ocean deoxygenation (Frölicher 
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et al. 2016). Because we use only historical simulations, there is no scenario uncertainty, 

and thus only the internal variability and model dependency are the sources of uncertainty. 

A large ensemble analysis using CESM Large Ensemble experiment (Kay et al., 2014) 

was conducted for O2 (Long et al., 2016). The O2 decrease in the North Pacific occurs 

due to the combined effect of anthropogenic climate forcing and internal variability. 

CESM exhibits lower O2 concentrations than observed, suggesting an underestimation of 

internal variability and potentially weakening the response of anthropogenic forcing.  

 To determine whether the CMIP model can adequately reproduce the 

observations, including the effects of internal variability, we compare the observations 

with 204 ensembles of 20 CMIP5/6 models. Using nearly 200 ensemble members, 

including six models with more than 10 ensemble members, allows us to assess how well 

climate models capture the observed changes including internal variability, which has a 

significant effect on O2 changes in the North Pacific. Whether or not the observations are 

included in the ensemble members' variability is important in assessing the validity of the 

models. Additionally, comparisons were made with long-term observational data, 

including analyses of recent O2 decreases that were insufficiently captured by gridded 

data because of its data coverage. 

 The remainder of this paper is organized as follows. In Section 2, we describe 

the observational data and the CMIP model ensemble members used in this study. In 

Section 3, we first compare the O2 inventory changes in the North Pacific of the 

observations and those of the model ensemble members. Subsequently, the characteristics 

of a common spatial pattern among the model ensemble members are described. In 

Section 3, environmental factors related to the dominant spatial pattern among the model 

ensemble members are described. Finally, we compare the CMIP models with data from 
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long-term observation station. A discussion, including a summary of this study, is 

presented in Section 4. 
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2 Data and Methods 

2.1 Model outputs 

 We analyze the outputs of 10 CMIP5 and CMIP6 models each, that is, 20 models 

in total, for their historical simulations (Table 1) to compare with a gridded observational 

dataset. The model outputs on the original grid shown in Table 1 are re-gridded to a 

common 1° × 1° grid in latitude and longitude using bilinear interpolation, and the vertical 

layers are interpolated to match the standard layers of World Ocean Atlas 2018 (WOA18) 

(0, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95, 100, 125, 150, 

175, 200, 225, 250, 275, 300, 325, 350, 375, 400, 425, 450, 475, 500, 550, 600, 650, 700, 

750, 800, 850, 900, 950, 1000 m from ocean sea surface). To determine whether artificial 

trends of substantial magnitudes occurred in historical simulations, the O2 inventory 

trends in the pre-industrial control (piControl) experiment (Eyring et al., 2016) were 

examined. We compared the O2 inventory trends from historical simulations with and 

without subtracting the piControl experiment's O2 concentration trend. There is little 

difference between the results of these two methods. Thus, in this study, trend subtraction 

from the piControl experiment is not conducted. We analyze ensemble members available 

for each model (Table 1) to assess the impact of internal variability on the O2 changes. 

That is, in CMIP terminology we use ensemble members “rxi1p1” from each CMIP5 

model and “rxi1p1fx” from each CMIP6 model, where “rx” is realization (i.e. ensemble 

member), “i1” is initialization method, “p1” is physics, and “fx” is the recommended set 

of external forcings employed by the various modelling groups. The total ensemble 

number is 204, which is approximately one order of magnitude greater than the number 

of ensemble members used in previous studies of CMIP5/6 analyses (only the first 

ensemble member of each of the 23 models in Kwiatkowski et al., 2020). 
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 For comparison with long-term observations, CMIP data were extended by 

connecting the outputs of the historical and future experiments, up to 2005 for CMIP5 

and up to 2014 for CMIP6. For the scenarios, we selected the ones predicting the most 

severe global warming: RCP8.5 for CMIP5 and SSP5-8.5 for CMIP6. The number of 

ensemble members provided for future scenario outputs is smaller than those for historical 

experiments. In total, we used 111 model ensemble members for comparison with long-

term observational data. For comparisons, we took the average of the surrounding four 

grid cells for the model data corresponding to one observation grid. For observations 

along a longitudinal line, the model data averaged the values from the longitude and the 

adjacent 0.5° lines. 

 To determine the extent of the influences of physical and biological factors on 

O2 changes in the CMIP model, we examine the potential temperature, sea ice volume, 

and dissolved organic carbon (DOC). The change in potential temperature due to global 

warming and internal variability is the primary driver of important physical changes for 

O2 changes. Specifically, because the solubility of O2 depends on water temperature, the 

saturated O2 concentration decreases as water temperature increases. In addition, because 

the increase in water temperature due to global warming is more rapid at the surface than 

in the ocean interior, leading to enhanced stratification, circulation-driven changes, and 

vertical migration of isopycnal surfaces. As the result, the O2-rich water masses in the 

surface layer are no longer supplied to the ocean interior. Another physical variable in this 

study is the sea ice volume, which is related to the formation of dense shelf water in the 

Okhotsk Sea which supplies O2-rich water to subsurface layers in the northwestern North 

Pacific. On the other hand, DOC is related to biological factors. O2 is consumed during 

the decomposition of organic matter by biological activity in the ocean interior. The total 
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organic carbon, which is the sum of DOC and particle organic carbon (POC), is used as 

an indicator of O2 consumption by biological activities (Doval and Hansell, 2000). 

However, the number of CMIP models that provide POC is very limited. Since DOC is 

the largest reservoir of reduced carbon in the ocean and its concentration in surface waters 

is about ten times that of POC, using DOC alone is sufficient as an indicator. In fact, the 

relationships between DOC and O2 utilization in the interior ocean have been widely 

studied (Carlson et al., 2010; Pan et al., 2014). Also, DOC is the variable with the most 

model outputs for variables related to three-dimensional organic carbon in the model 

ensemble members used in this study. Another indicator of O2 consumption by biological 

activity is export production, which expresses the amount of carbon sinking from the 

surface. Although this paper does not show export production results, similar findings 

were obtained as with DOC. The outputs of each variable are listed in Table 1. 

 For sea ice volume calculations, we use the same method as in Notz and SIMIP 

Community (2020). For the CMIP6 models, if a variable of sea ice volume is provided, 

sivoln, the short variable name in Earth System Grid Federation 

(https://aims2.llnl.gov/search/cmip6), is directly used; if it was not provided, we multiply 

a variable of sea ice volume per grid cell area, sivol, by the individual grid point area. If 

neither sea ice volume nor value per grid cell area is provided, we multiply the variables 

of sea ice concentration, siconc, sea ice thickness, sithick, and individual grid point area. 

For the CMIP5 models, only the variables of sea ice concentration and sea ice thickness 

are provided; thus, we multiply these variables and individual grid point areas. The trends 

in sea ice volume are calculated using the maximum sea ice volume between November 

and March in the following year. 
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2.2 Observational data 

 Gridded O2 concentration anomaly data produced by Ito et al. (2017) are used 

in this study on a 1° × 1° scale, with data from the surface to a depth of 1000 m, 

comprising 47 layers from 1950 to 2015 in annual intervals. The gridded anomaly data is 

generated using simple objective mapping with a Gaussian weight function, whose length 

scales are 1000 km and 500 km in the zonal and meridional directions, respectively. When 

calculating the O2 concentration trends for each grid, grids with fewer than 20 years of 

data is considered as missing values. Reflecting the changes in the observation numbers 

in World Ocean Database 2013 (WOD13), the temporal data coverage was relatively poor 

during the 1950s and 2010s. Thus, our analysis period is selected from 1958 to 2005, and 

our analysis domain is the North Pacific (15 °N–65 °N, 120 °E–100 °W).  

 Long-term observational data from Station P (50°N, 145°W) and the 137°E line 

were used, as these sites have particularly lengthy O2 observation periods. The Station P 

data used in this study are extracted from the entire archive of hydrographic data held at 

the Institute of Ocean Sciences 

(https://www.waterproperties.ca/mainlogin.php?refer=/data/, Accessed August 22, 2024) 

with O2 bottle and sensor data collected within 24 km of the nominal location of Station 

P. The vertical layers are interpolated to match the standard layers of WOA18 using 

Akima spline method (Akima, 1991). We must be cautious when calculating long-term 

trends at Station P, as temporal irregularities in data sampling have occurred due to the 

conclusion of the Canadian Weathership Program in 1981. To avoid the undue influence 

of data from the high frequency data sampling period prior to 1981 and the apparent trend 

associated with significant seasonal cycle aliasing in the surface mixed layer due to 

sampling three times per year after 1981, annual mean data with seasonal variations 
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removed are used in the trend calculations, as in Cummins and Ross (2020). Seasonal 

variations are estimated by simultaneously fitting the annual cycle and its semi-annual 

and quarterly harmonics, along with linear trends, to the monthly data. Seasonal 

variations are removed for the water masses above 150 dbar, and then the annual mean is 

calculated. We used data from the observation period 1957 to 2023 for our analysis. The 

data from the 137°E line was downloaded from the Japan Meteorological Agency's (JMA) 

website (https://www.data.jma.go.jp/kaiyou/db/mar_env/results/OI/137E_OI.html, 

Accessed August 22, 2024). Observations, which began in 1967, were conducted once 

each winter until 1972, and since then, they have been conducted twice a year, in both 

winter and summer. In this study, data from 15°N to 34°N were used, and the latitudinal 

interval was interpolated to 1°. The vertical layers are interpolated to match the standard 

layers of WOA18 using Akima spline method (Akima, 1991). We used data from the 

observation period 1967 to 2022 for our analysis. 

 In addition to the observational O2 data, we use temperature and salinity data to 

compare the simulated temperature changes with observations and calculate saturated 

oxygen concentrations. The data are obtained from the WOA18 (Locarinini et al., 2019; 

Zweng et al., 2019; Garcia et al., 2019), Met Hadley Centre’s EN4.2 gridded data (Good 

et al., 2013), and the gridded data from JMA ver. 7.3.1 (Ishii et al., 2017). The outputs of 

all variables are re-gridded to a common 1° × 1° grid and interpolated to standard ocean 

depth. Because the WOA18 data are provided only for decadal climatologies on an 

average per 10 years from 1955 to 2004, the trend is calculated for this period. we use all 

available gridded data of temperature and salinity. 

2.3 Methods 

 To estimate the observed O2 inventory in the North Pacific, we use a same 
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calculation method by Ito et al. (2017), using the following equation: 

𝐼𝑂′2
(𝑡) =  (

𝑉obs(𝑡)

𝑉tot
)

−1

∫ 𝑂′2(𝒙, 𝑡)𝑑𝑉, 

where 𝐼𝑂′2
(𝑡) is the inventory of dissolved oxygen, 𝑂′

2(𝑥, 𝑡) is the anomaly of dissolved 

oxygen concentration, 𝒙 is the position vector, 𝑡 is the year, 𝑉𝑡𝑜𝑡is the total volume of the 

ocean, and 𝑉obs(𝑡)  is the total volume of the grid where oxygen data exist. Volume 

integration was performed for all grids where O2 data were available at each year. Then, 

considering that the number of O2 data grid cells differ annually, it is corrected by a 

coefficient, (
𝑉obs(𝑡)

𝑉tot
)

−1

 . The total volume of the ocean is calculated using the water 

temperature data of WOD13. 

 In this study, six models (ACCESS-ESM1-5, CanESM5, IPSL-CM6A-LR, 

MIROC-ES2L, MPI-ESM1-2-HR, and MPI-ESM1-2-LR) with more than 10 ensemble 

members are considered as models with a large ensemble. The uncertainty of model 

dependency in the O2 inventory trend is expressed as the standard deviation among the 

ensemble means of each model. Furthermore, the uncertainty associated with internal 

variability is calculated by averaging the values of the standard deviations among the O2 

inventory trends for ensemble members of each model. We use an empirical orthogonal 

function (EOF) analysis on the spatially distributed linear trend of O2 concentration at 

each horizontal grid point averaged from the surface to a depth of 1000 m across the 204 

model ensemble members (known as the inter-model EOF analysis (Zhang et al. 2023; 

Zheng et al. 2016)) to determine representative variation patterns of O2 trend among 

ensemble members. We use this analysis because we hypothesize that the representative 

pattern differences across model ensemble members could be related to the varying 

magnitudes of O2 inventory trends and influencing mechanisms of the trends. By 
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extracting the dominant spatial pattern of O2 trends among model ensemble members 

through inter-model EOF analysis, it is possible to determine how spatial patterns of 

trends are related to inventory trends in the models and how they resemble observations. 

The inter-model EOF is calculated as follows: First, for each model ensemble member, 

the linear trend of O2 concentration is calculated at each horizontal grid point, averaged 

from the surface to depths of 1000 m as 𝑍(𝑥, 𝑦, 𝑚) , where x is the latitude, y is the 

longitude, and m is the number assigned to the model ensemble members (i.e., 1 to 204). 

The multi-model ensemble mean (MMEM), 𝑍̅(𝑥, 𝑦), across 204 ensemble members of 

the trend is subtracted from trends of respective ensemble members, yielding deviations 

in trends of respective ensemble members as, 𝑍′(𝑥, 𝑦, 𝑚) = 𝑍(𝑥, 𝑦, 𝑚) − 𝑍̅(𝑥, 𝑦) . The 

inter-model EOF analysis expands the O2 trend deviation as follows: 

𝑍′(𝑥, 𝑦, 𝑚) = ∑ 𝑋𝑛(𝑥, 𝑦)𝑀𝑛(𝑚)𝑛=1 , 

Where 𝑋𝑛(𝑥, 𝑦) is the spatial pattern of the n-th mode, and 𝑀𝑛(𝑚) is the model loading, 

which represents the amplitude of the spatial pattern for each model ensemble member. 
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3 Results 

3.1 Oxygen inventory changes 

 First, we conduct a comparison to assess the consistency between the O2 

climatology in the models and observation. As shown later, the subarctic region between 

40°N and 65°N is the dominant region in the models for the overall O2 change in the 

North Pacific. Therefore, we present Figure 1, which shows the vertical distribution of 

climatological O2 concentration averaged in the latitudinal band between 40°N and 65 °N. 

At depths greater than 200 m, most models have higher O2 concentration climatology 

than observation, and the difference with observation increases as the depth increases 

until around 700 m depth, where the decrease in observed O2 climatology levels off. This 

inconsistency between the climatologies of models and observations was shown in 

previous studies (Cabré et al., 2015; Takano et al., 2018; Takano et al., 2023) and should 

be considered when comparing the modeled O2 inventory trend with observations, 

because models may not well reproduce background field associated with O2 

concentration. 

 The observed and simulated time series of O2 anomaly inventories in the North 

Pacific are shown in Figure 2. The observed O2 inventory generally increased until 

approximately 1990, followed by large negative anomalies in the late 1990s and the early 

2000s. An increase in the O2 inventory in the early period is also found in previous global 

observational analyses (Garcia et al. 2005; Ito et al. 2017). The record-low O2 

concentrations occurred in the Oyashio area during the late 1990s (Sasano et al. 2018), 

which are also observed at Station P in the early 2000s (Whitney et al. 2007). This 

variation remained unchanged when the depth at which the inventory was calculated was 

varied. The simulated O2 inventories show large diversity in their temporal evolution. 
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The multi-model ensemble mean increases until the mid-1980s and later decreased; 

however, each ensemble member exhibits substantial differences. IPSL-CM5B-LR and 

MPI-ESM-1-2-HAM generally increase, whereas CESM1-BGC, MPI-ESM-LR and 

MPI-ESM-MR generally decrease. Almost all other models increase in earlier decades 

and subsequently decreased. Regardless of the diversity of simulated O2 inventories, no 

ensemble member shows large negative anomalies in the late 1990s and the early 2000s, 

as observed. 

 To evaluate how representative model skill in the North Pacific is for the global 

ocean, we examine the relationship between the regional and global difference in the 

observed and model O2 inventory trend. The relationship is obtained by (i) the difference 

between the O2 inventory trend of each model ensemble member and the observed O2 

inventory trend is calculated for both the North Pacific and global ocean, and then (ii) 

computing the correlation coefficient between the North Pacific and the global ocean. We 

find a correlation coefficient of 0.535, which is statistically significant. Thus, if the 

modeled O2 inventory trend is close to the observation in the North Pacific, the modeled 

O2 inventory trend is also close to the observation in global ocean. However, it must be 

noted that the share of total O2 observations in the North Pacific is about 10% greater 

than the North Pacific’s share of the global ocean area. 

 Figure 3 shows the spatial patterns of the trends of the vertically averaged O2 

concentrations in the observations and MMEM values. The observed trend is 

characterized by a strong decrease in the subarctic North Pacific, including the northwest 

North Pacific, especially around the Kuril Islands, between the Sea of Okhotsk and the 

North Pacific; around the Bering Sea; in the Gulf of Alaska; and offshore California, 

consistent with previous regional observational studies for the northwest North Pacific 
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(Nakanowatari et al., 2007) and offshore California (Pierce et al., 2012; Crauford and 

Peña, 2016). However, the spatial pattern of the MMEM trend displays more uniformity 

than the observed trend.  

 Figure 4 shows the linear trends of the O2 inventory anomaly from 1958 to 2005 

in the observation and models. The observed trend of -3.68×1012 mol/yr is thrice as large 

as the MMEM trend (-1.06×1012 mol/yr). The confidence interval for the observed O2 

trend is -5.40×1012 - -1.75×1012 mol/yr, thus the MMEM trend is outside this range. 

Although the observed trend is higher than the simulated trend, it is included in the 

variability of the simulation. Nineteen model ensemble members out of 204 ensemble 

members (i.e., 9.3%) have larger than observed negative O2 trends. Figure 4 also 

suggested that internal variability plays an important role in the uncertainty of the 

modeled O2 trend, as displayed by the positive and negative trends for different 

ensembles (HadGEM2-ES, IPSL-CM5A-MR, MPI-ESM-LR, MPI-ESM1-2-HR, 

ACCESS-ESM1-5, CanESM5, IPSL-CM6A-LR, MIROC-ES2L, MPI-ESM1-2-HR, 

MPI-ESM1-2-LR, and NorESM2-MM). To assess the impact of internal variability on 

the variability of O2 inventory trends across model ensemble members, we calculate the 

uncertainty of model dependency and internal variability. We obtain the uncertainty of 

model dependency calculated as the inter-model standard deviation of the large ensemble 

mean in each model is 9.36×1011 mol/yr and internal variability calculated as inter-model 

mean of the standard deviation of the large ensemble in each model is 1.72×1012 mol/yr, 

respectively. The uncertainty in the O2 inventory trend due to internal variability is larger 

than the uncertainty due to model dependency, affecting the differences in O2 inventory 

trends among the models. However, as previously mentioned, it is important to consider 
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that many models have higher climatological values than observations. In particular, 

IPSL-CM6A-LR and MPI-ESM1-2-LR include the observed trends within the ensemble 

member variability, but the large difference in climatology between these models and 

observations from Figure 1 suggests that the models do not correctly reproduce the 

background filed, and that O2 may not be decreasing for the same reasons as observed. 

3.2 Relationship between the oxygen inventory and spatial pattern 

 In contrast to the spatially uniform MMEM trend (Figure 3b), the model 

ensemble members generally show spatial variability in the O2 concentration trends. 

Figure 5 shows the standard deviation of the O2 concentration trend averaged from the 

surface to 1000 m. The variability of the trend is particularly large in the western subarctic, 

the Bering Sea, and especially the Sea of Okhotsk. The locations with the greatest 

variation among these model ensemble members are, as noted above, those with the 

largest negative trends in the spatial pattern of trends in the observations shown in Figure 

3 (a).   

 To investigate whether there is a relationship between the inter-model variability 

in the spatial pattern of O2 trends and inter-model variability in O2 inventory trends in 

the North Pacific shown in Figure 4, we examine the spatial patterns of vertically 

averaged O2 trends for model ensemble members with large negative O2 inventory trends 

and those with large positive O2 inventory trends. We specifically compare the ensemble 

member with the largest negative trends and the ensemble member with the largest 

positive trends within the top four models (ACCESS-ESM1-5, IPSL-CM6A-LR, MPI-

ESM1-2-HR, and MPI-ESM1-2-LR) characterized by the highest variability in O2 

inventory trends within each model shown in Figure 4. From Figure 6, it is evident that 

ensemble members with large negative O2 inventory trends show strong negative trends 
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in the subarctic region, the Sea of Okhotsk, and the Bering Sea. On the other hand, 

ensemble members with large positive O2 inventory trends show a corresponding 

distribution of positive trends in those regions. In IPSL-CM6A-LR, the negative trend in 

the Sea of Okhotsk is large in the ensemble member showing a positive trend in O2 

inventory. Looking at each depth level in detail, although the negative trend is large in all 

depth level in the Sea of Okhotsk, the positive trend is largely distributed in the subarctic 

region at depths of 300 m and deeper. While the vertically averaged trend diminishes the 

pronounced positive trend, it is likely that this ensemble member demonstrates a positive 

trend in the O2 inventory trend due to the substantial positive trend in the subarctic region 

at deeper depths as in other models. Therefore, it is suggested that the differences in trends 

in the subarctic region, the Sea of Okhotsk, and the Bering Sea also affect the differences 

in O2 inventory trends.  

 To extract the representative spatial patterns of the vertically averaged O2 

concentration trend, inter-model EOF analysis is applied as explained in Section 2. The 

explained variance of the first mode was 0.28, which is much higher than that of the 

second mode (0.10). Figure 7 (a) and (b) show the model loadings and spatial pattern, 

respectively, for the first EOF mode. As the spatial pattern indicates strong negative 

amplitudes in the subarctic North Pacific, especially in the western part and Sea of 

Okhotsk, ensemble members with positive loadings imply that their negative O2 trend in 

this region is larger than that of the MMEM.  Therefore, it is expected that a higher loading 

would result in a more pronounced negative trend, indicating a potential correlation 

between the loadings and the O2 inventory trend. 

 Figure 8 (a) shows a scatter plot of the loadings of the first EOF mode shown in 

Figure 7 (a) and the O2 inventory trends in Figure 4. The correlation coefficient between 
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them is significant at -0.87 (p<0.01); thus, this relationship accounts for approximately 

two-thirds of the variance of the O2 inventory trends among ensemble members. 

Therefore, ensemble members with the largest, positive loadings on the first EOF mode 

have a stronger negative trend in O2 inventories. Since the largest negative amplitudes of 

the first EOF occur in the subarctic North Pacific, the strong negative relationship 

between the loadings and the simulated trend in the O2 inventories suggests that these 

simulated trends are mainly driven by inter-model variability in the subarctic North 

Pacific. 

 To ascertain whether the factors that result in the spatial pattern of the first EOF 

mode are consistent with the factors that reduce dissolved oxygen in the observation, it is 

important to investigate whether model ensemble members with positively high loading 

have a spatial pattern like the observations. Therefore, we analyze the relationship 

between the EOF loadings and the similarity in the spatial pattern of the O2 trend in the 

North Pacific between the ensemble members and observation, using spatial correlation 

coefficients in vertically averaged O2 concentration trends between the observation and 

each ensemble member as a measure of similarity (Figure 8b). The correlation coefficient 

between the EOF loadings and the spatial correlation coefficients is 0.77 (p<0.01); 

therefore, the spatial patterns of the model ensemble members with high loadings are like 

those observed in association with strong O2 reduction in the subarctic North Pacific. An 

ensemble member that has a strong negative trend in this region, indicating a closer 

resemblance to the observed trend pattern, tends to exhibit a stronger decrease in O2 

throughout the basin. 

3.3 Environmental factors of oxygen decrease 

 The results of the previous subsections indicate the importance of O2 changes in 



23 

 

the subarctic North Pacific in observations and simulations. To determine why O2 trend 

variability between models is greater in the North Pacific subarctic, and whether it is 

consistent with observed O2 trend variability, this section discusses environmental factors 

that can influence O2 variation in that region. We first examine the oxygen saturation 

(O2sat) and apparent oxygen utilization (AOU). Here, O2sat is calculated according to 

the equation by Garcia and Gordon (1992), using temperature and salinity data. 

Temperature and salinity data are obtained from EN4, data from JMA, and WOA18. The 

AOU is calculated as AOU=O2sat-O2, where the O2 value from observations is estimated 

by adding the climatological O2 concentration from WOA18 to the O2 anomaly from Ito 

et al. (2017). We used the WOA18 annually averaged climatology from 1960 to 2017. To 

determine the extent to which the O2 inventory trend is explained by the AOU inventory 

trend and the O2sat inventory trend, we calculate the ratio of the AOU and O2sat 

inventory trends to the O2 inventory trend, respectively. The AOU inventory trends 

dominate the observed O2 and simulated inventory trends in the subarctic North Pacific. 

The AOU inventory trend accounts for approximately 100% of the observed O2 inventory 

trend. To examine the contributions of O2sat and AOU to ensemble member differences, 

we use multiple regression analysis to obtain partial regression coefficients for O2sat and 

AOU inventory trends related to O2 inventory trend in the subarctic North Pacific. The 

partial regression coefficient of the O2sat inventory trend on the O2 inventory trend is 

0.0096, and that of the AOU inventory trend against the O2 inventory trend is -0.98. Thus, 

the O2 inventory trend in the subarctic North Pacific is dominated by the AOU inventory 

trend in the model ensemble members.  

 Next, we examine the influence of the physical and biological environmental 
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factors, that is, ocean temperature, sea ice, and DOC, on the O2 inventory trends in the 

subarctic North Pacific. Subarctic inventory trends are calculated for temperature and 

DOC at each grid point and averaged in the subarctic North Pacific from the surface to 

depths of 1000 m, between 40°N and 65°N. For sea ice, the inventory trend of the sea ice 

volume is calculated by horizontal integration of sea ice volume at each grid point. We 

did not use salinity in our analysis because a multiple regression analysis with inter-model 

AOU trend in the subarctic North Pacific as the dependent variable and water temperature, 

salinity, and DOC trend as explanatory variables showed that the partial regression 

coefficients for water temperature and DOC were statistically significant, whereas the 

partial regression coefficient for salinity was very small. This indicates that the 

contribution of salinity to O2 changes in the subarctic region can be ignored. 

 The correlations between these variables and subarctic O2 inventory trends are 

used to determine their relationship with the O2 change in the subarctic North Pacific. 

Figure 9 shows the relationship between the subarctic O2 inventory and the trend for each 

environmental factor. The potential temperature had a correlation of -0.24 (p<0.01), and 

temperature in the subsurface layer (200-600 m) has a higher correlation with O2 (-0.35) 

than that in the surface layer (-0.12). The sea ice volume had a moderate correlation of 

0.19 (p=0.011). The correlation coefficient between the temperature trends and sea-ice 

trends is -0.62 (p<0.01). The correlation coefficient with DOC is small and insignificant, 

even at the 10% significance level. The observed O2 inventory trend in the subarctic 

North Pacific is higher than that in most of the ensemble members, while 68.5% of the 

total 204 ensemble members show a stronger positive temperature trend than observed. 

This suggests that the model does not adequately reproduce the O2 decrease in response 
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to the physical processes changes that occur as water temperature increases. 

 Figure 9 (a) shows that the correlation between potential temperature and O2 

inventory trend is not strong. However, the regression map between the O2 inventory and 

the potential temperature trend in the North Pacific shown in Figure 10 indicates that 

potential temperature changes in the western subarctic region and the Sea of Okhotsk are 

strongly related to the O2 inventory trend. In fact, the correlation coefficient between 

potential temperature around the Sea of Okhotsk (45° to 65°N, 140° to 160°E) and the 

North Pacific O2 inventory trend was highly correlated at -0.55. For SST, the relationship 

with the North Pacific O2 inventory trend has the same spatial pattern as in Figure 10. 

This spatial pattern is not entirely consistent with the PDO spatial pattern consisting of 

the SST anomaly which is one sign in the central and western North Pacific and the 

opposite sign along the eastern North Pacific (Mantua et al., 1997).  

 These results show that the modeled O2 inventory trends in the subarctic North 

Pacific are explained by temperature trends, which are partly related to sea ice, suggesting 

that changes in ocean circulation associated with changes in water temperature are 

important for the O2 decrease in the subarctic North Pacific. The importance of changes 

in circulation has been revealed by observational analysis (Nakanowatari et al., 2007), 

then the models is consistent with observations. Also, the small influence of biological 

factors in the subarctic North Pacific is consistent with the results of a previous study 

(Deutch et al., 2006). However, the observed O2 inventory trend in the subarctic North 

Pacific is higher than that in most of the ensembles, whereas the observed temperature 

trends are weaker than those in most simulations (Figure 9a). Consequently, the observed 

ratios of the O2 inventory trend relative to the temperature trend, that is, the O2 inventory 

trend divided by the temperature trend, are greater than in any of the ensembles with a 
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negative O2 trend and a positive temperature trend. Therefore, the relationship between 

O2 and temperature change in the subarctic North Pacific found in the CMIP5 and CMIP6 

simulations is inaccurate with nature, which requires further investigation. 

3.4 Comparison of long-term observation data and CMIP models 

 We have compared CMIP models with gridded observation data. However, 

according to Table 5.2 in Bindoff et al. (2019), three global gridded datasets show 

considerable differences due to different gridding methods. Therefore, we further evaluate 

the reproducibility of CMIP models by comparing them with long-term observational data, 

which are closer to raw data.  

 Figure 11 shows the trends of vertically integrated O2 concentration at Station P 

from the surface to 1000 m for observation and each CMIP model ensemble member. Two 

models in CMIP5 (HadGEM2-CC, HadGEM2-ES) and two models in CMIP6 (ACCESS-

ESM1-5, CanESM5) have ensemble members with larger decrease trends than 

observations, while all other models show smaller decrease trends in all their ensemble 

members. Among the four models with ensemble members showing larger decrease 

trends than observations, only one ensemble member from each shows a larger decrease 

trend than observed, except for ACCESS-ESM1-5. Thus, more significantly than across 

the North Pacific, the CMIP models underestimate the decrease in O2 at Station P 

compared to observation.  

 The time-averaged vertically integrated O2 concentration is larger in all model 

ensembles except for two in CMIP5 (GFDL-ESM2G, MPI-ESM-MR), compared to 

observation (Figure 12). Although the ACCESS-ESM1-5 shows a decrease trend 

consistent with observations, its time-averaged O2 concentration is approximately 50 

mol/m² higher than observed, raising questions about the reproducibility of the 
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background field. Therefore, the underestimation of O2 trends and the overestimation of 

O2 climatological values by CMIP models, as revealed by comparisons with gridded data, 

are also evident at Station P. This further strengthens the conclusion that there is a 

significant discrepancy between the models and observations in the subarctic region. 

 Next, we examine the relationship between the CMIP models and observational 

data along the 137°E, which is located in the subtropical region. Figure 13 shows the time 

series of the area-averaged observational data from the surface to 1000 m depth along the 

137°E line between 15°N and 34°N. In both winter and summer, O2 concentrations have 

been rapidly decreasing since the late 2010s. However, such a recent rapid O2 decrease 

does not appear in the CMIP models (Figure 14).  

 Figure 15 (a) shows the trend in annual mean O2 concentration for observations 

from 1972 to 2022. The decreasing trend is large south of 27°N from 300 m to 800 m. 

This decreasing trend is consistently large in both winter and summer. To determine if the 

observed trend is within the variability of the CMIP model trends, Figure 15 (b) shows 

where the observed trend lies within the range of CMIP model trends. Near the surface 

and below 600 m depth, the observed decrease trends are outside the range of the model 

trends at almost all latitudes. Furthermore, in the grids where the observed decrease trends 

are particularly large, the observed trends are outside the range of model trend variability. 

Therefore, it is evident that O2 levels have been rapidly decreasing along the 137°E line 

in recent years and the model ensemble members do not capture the observed trends. 
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4 Discussion and Conclusions 

 We investigate O2 changes in the North Pacific from 1958 to 2005 using a 

gridded observational dataset and 204 ensemble members of CMIP5/6 historical 

simulations. The results of the EOF analysis indicate that the importance of the O2 

decrease in the Sea of Okhotsk and subarctic region for the O2 decrease in the North 

Pacific is consistent with the observations. The observed negative trend for O2 inventory 

in the North Pacific is thrice higher than the MMEM trend. Although some models with 

ensemble members exhibit a larger negative trend than observed, as indicated by Figures 

1 and 4, these models have climatologies that are inconsistent with observations. This 

raises doubts about the fidelity of the underlying physical and biogeochemical models, 

casting doubt on whether the modeled O2 decline reproduce the observed O2 decline for 

consistent physics with nature. The subarctic North Pacific and Sea of Okhotsk are vital 

regions (Figure 6, 7b) that explains most of the observed O2 inventory trend magnitude 

(Figures 4, 8). These regions dominantly provide the major differences among ensemble 

members, as found in the EOF analysis (Figure 7a) The ensemble members having higher 

negative O2 trends in this region also have strong basin-wide negative O2 trends (Figure 

8). This accompanies a higher similarity to the negative O2 trend of observations (Figure 

3a). Among the examined environmental factors, that is, water temperature, sea ice 

volume, and DOC, water temperature is the most strongly related to the ensemble member 

differences of the simulated O2 inventory trends in the subarctic North Pacific, followed 

by sea ice volume, whereas DOC is not significantly correlated. The simulated 

temperature-oxygen relation, however, is not in line with the observed relationship, that 

is, the observed O2 inventory trend in the subarctic North Pacific divided by temperature 

change is stronger than in any of the 204 ensembles. The comparison between long-term 
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observational data from Station P and CMIP models shows similar characteristics across 

the North Pacific. The observed decrease trend is larger than in most models, while the 

climatological inventory values in most CMIP models are overestimated compared to 

observations (Figures 11, 12). From the data along the 137°E line, it is indicated that 

observed O2 has been rapidly decreasing in recent years (Figure 13). Consequently, in 

the subtropical region, the observed trends are no longer within the variability of the 

model trends (Figure 15b). 

 The discrepancy between CMIP models and observations of ocean 

deoxygenation have already been suggested by global analysis (Oschlies et al., 2018). In 

this study, we confirmed in more detail that CMIP models show inconsistencies with 

observed O2 decreases in the North Pacific, which is a relatively well-observed region 

among areas exhibiting strong ocean deoxygenation, such as the South Atlantic and the 

Southern Ocean (Schmidtko et al., 2017) based on the comparison of O2 climatology and 

inventory trends in multi-ensemble members and their ratio to water temperature trends. 

In addition, the use of long-term observational data addresses the limitations of gridded 

data, making the results more robust.  

 Our results raise concerns about future climatic model projections. We have 

showed that the models do not accurately reproduce the mechanisms of O2 decrease, such 

as underestimating the O2 reduction in response to rising water temperatures. Therefore, 

it is highly likely that future O2 decreases is represented by different factors than those in 

reality. In addition, it is important for future projections that the model accurately 

reproduces climate values. Figure 8 in Cabre et al. (2015) shows the climatologies for 

WOA09 and CMIP5, and the difference between historical experiments and future 

projections for CMIP5. The models have significantly larger climatology than 
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observations, especially in the high latitudes of the North Pacific. In this region, most 

models predict a future decrease of 15 mmol/m3 or more compared to the historical 

experiment, but this decrease is too large compared to the observed climatology.  

 Currently, the discrepancy between models and observations is considered to be 

an issue for both physical and biogeochemical models. In terms of trends, the observed 

spatial patterns and EOF analysis results indicate that O2 decrease in marginal seas such 

as the Sea of Okhotsk and the Bering Sea is important. The contribution of these seas to 

biological production in the North Pacific is also shown by Nishioka et al. (2020). 

However, CMIP models face issues such as insufficient vertical mixing at straits (Tatebe 

et al., 2019) and the inability to adequately separate marginal seas from the open ocean. 

The inconsistency between observations and models at Station P can be attributed to these 

circulation issues. This is because the O2 decrease at Station P is considered to be due to 

O2 decrease in North Pacific Intermediate Water formed in the Sea of Okhotsk (Cummins 

and Ross, 2022). In terms of climatology, it is necessary to improve the parameterization 

of biogeochemical models. The vertical distribution of potential density in the subarctic 

North Pacific does not differ between observations and models (Figure 16), suggesting 

that the models can reproduce the water masses in this region. However, according to 

Cabré et al. (2015), CMIP models tend to have sinking carbon from the surface reaching 

deeper depths than in reality, which prevents O2 from being consumed at shallower 

depths, resulting in higher climatology compared to observations. 
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Table and Figures 

Table 1. Coupled Model Intercomparison Project (CMIP) models used in this study. 

The "Ensemble (hist)" column represents the ensemble members provided for each 

model in the historical experiment, totaling 204 ensembles. The "Ensemble (future)" 

column represents the ensemble members provided for each model in the scenario 

experiments (RCP8.5 for CMIP5 and ssp5-8.5 for CMIP6), totaling 111 ensembles. 

The "variables" column indicates which models provide dissolved oxygen (O), 

potential temperature (T), sea ice volume (I), and DOC (C) outputs. 

Model
Layer/

horizontal grid number
Ensemble (hist) Ensemble (future) variables

CMIP5

CESM1-BGC
Gent et al. (2011)

60/384×320 r1i1p1 r1i1p1 O, T, I, C

GFDL-ESM2G
Dunne et al. (2013)

63/210×360 r1i1p1 r1i1p1 O, T, I, C

GFDL-ESM2M
Dunne et al. (2013)

50/200×360 r1i1p1 r1i1p1 O, T, I, C

HadGEM2-CC
Collins et al. (2011)

40/216×360 r1 - r3i1p1 r1 - r3i1p1 O, T, I

HadGEM2-ES
Collins et al. (2011)

40/216×360 r1 - r4i1p1 r1, r3, r4i1p1 O, T, I

IPSL-CM5A-LR
Dufresne et al. (2013)

31/149×182 r1 - r6i1p1 r1 - r4i1p1 O, T, I, C

IPSL-CM5A-MR
Dufresne et al. (2013)

31/149×182 r1 - r3i1p1 r1i1p1 O, T, I, C

IPSL-CM5B-LR
Dufresne et al. (2013)

31/149×182 r1i1p1 r1i1p1 O, T, I, C

MPI-ESM-LR
Giorgetta et al. (2013)

40/220×256 r1 - r3i1p1 r1 - r3i1p1 O, T, I, C

MPI-ESM-MR
Giorgetta et al. (2013)

40/404×802 r1 - r3i1p1 r1i1p1 O, T, I, C

CMIP6

ACCESS-ESM1-5
Ziehn et al. (2020)

50/300×360 r1 - r40i1p1f1 r1 - r40i1p1f1 O, T, I

CanESM5
Swart et al. (2019)

45/291×360 r1 - r25i1p1f1 r1 - r10i1p1f1 O, T

GFDL-ESM4
Dunne et al. (2020)

35/180×360 r1i1p1f1 O, T, I, C

IPSL-CM6A-LR
Boucher et al. (2020)

75/332×362 r1 - r33i1p1f1
r1 - r4, r6, r14,

r33i1p1f1
O, T, I, C

MIROC-ES2L
Hajima et al. (2020)

52/200×360 r1 - r30i1p1f2 r1i1p1f2 O, T, I

MPI-ESM1-2-HR
Müller et al. (2018)

40/404×802 r1 - r10i1p1f1 r1, r2i1p1f1 O, T, I, C

MPI-ESM1-2-LR
Mauritsen et al. (2019)

40/220×256 r1 - r30i1p1f1 r1 - r30i1p1f1 O, T, I, C

MPI-ESM-1-2-HAM
Mauritsen et al. (2019)

40/220×256 r1 - r3i1p1f1 O, T, I, C

NorESM2-LM
Tjiputra et al. (2020)

53/385×360 r1 - r3i1p1f1 r1i1p1f1 O, T, I, C

NorESM2-MM
Tjiputra et al. (2020)

53/385×360 r1 - r3i1p1f1 r1i1p1f1 O, T, I, C
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Figure 1. Vertical profile of regionally averaged O2 climatology in the subarctic 

region (40° to 65°N). Gray symbols represent the CMIP5 models and colored 

symbols represent the CMIP6 models. The black line shows the climatology based 

on the World Ocean Atlas 2018 (WOA18). 
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Figure 2.  Anomalies in the O2 inventory from the surface to depths of 1000 m in the 

North Pacific from 1958 to 2005. In panel (a), the red and cyan lines indicate 

observed and MMEM inventories, respectively, whereas the shaded area indicates 

the range between the 95 and 5 percentiles among model ensembles for each year. In 

panel (b) to (u), the light blue lines represent the ensemble members, respectively 

and the black line is the ensemble mean. 
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Figure 3. Vertical averages of O2 concentration trend from 1958 to 2005 in (a) 

observations, and (b) MMEM. 
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Figure 4. Trends of O2 inventory anomalies from 1958 to 2005 in the North Pacific 

from the surface to depths of 1000 m, with negative trends represented by upward 

bars. The red line shows the observational trend, and the black line shows the 

MMEM trend. Gray symbols represent the CMIP5 models and colored symbols 

represent the CMIP6 models. 
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Figure 5. Standard deviation of the vertical averages of O2 concentration trend in 

1958–2005 of the all model ensemble members. 
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Figure 6. Vertical averages of O2 concentration trends from 1958 to 2005 in the top 

four models known for their large variability in O2 inventory trend (as shown in 

Figure 4). The left panels are the ensemble members characterized by the largest 

negative O2 inventory trend, while the right panels exhibit the ensemble member 

with the largest positive O2 inventory trend. 
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Figure 7. (a) Loading of the first EOF mode of the vertical averaged O2 

concentration trend from 1958 to 2005 in model ensembles, (b) spatial distribution 

of the first mode. The color bar in (b) shows a different range from the color bars in 

Figures 3 and 6. In (a), symbols are the same as Figure 4. 
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Figure 8. Scatter plots of the model loadings of the first EOF mode of the spatially 

distributed O2 trend and (a) the O2 inventory trend and (b) spatial correlation 

between the observation and each model ensemble member. The red line shows the 

observational trend. Gray symbols represent the CMIP5 models and colored 

symbols represent the CMIP6 models. Symbols are the same as Figures 4 and 7a. 
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Figure 9. Scatter plots of the O2 inventory trend in the subarctic North Pacific and 

(a) potential temperature trend, (b) sea ice volume trend, and (c) DOC trend 

averaged in the subarctic North Pacific (40° to 65°N). Symbols are the same as 

Figure 8. Star symbols in (a) show the trends of the observations. The red line in (b) 

and (c) shows the observational trend. 
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Figure 10. Correlation map between O2 inventory trend in the North Pacific and 

vertical averaged potential temperature among the model ensemble members. 
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Figure 11. The trend of vertically integrated O2 concentration at Station P. The red 

line shows the observational trend, and the black line shows the MMEM trend. 

Symbols are the same as Figure 4.  
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Figure 12. The scatter plot of the trend of vertically integrated O2 concentration 

against the time-averaged vertically integrated O2 concentration at Station P. 

Symbols are the same as Figure 4. Star symbol shows the observation. 
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Figure 13. Area-averaged O2 concentration anomalies at depths from the surface to 

1000 m between 15°N and 34°N of the 137°E line. (a) Winter data is from 1967 to 

2022, (b) summer data is from 1972 to 2022, and therefore, the annual average (c) is 

calculated from 1972 to 2022, when both winter and summer data are available. The 

anomalies for all seasons are based on the average value from 1972 to 2022. 
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Figure 14. Area-averaged O2 concentration anomalies at depths from the surface to 

1000 m between 15°N and 34°N of the 137°E line. The light blue lines represent the 

ensemble members, respectively and the black line is the ensemble mean. 
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Figure 15. (a) Observed annual O2 concentration trend from 1972 to 2022 of the 

137°E line, and (b) a cross-sectional figure showing the position of the observed 

trends within the range of model trend variations for each grid. The vertical axis 

represents isobath depth (m) and the horizontal axis represents latitude from 15° 

to 34°N. 
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Figure 16. Vertical profile of regionally averaged potential density in the subarctic 

region (40° to 65°N). Symbols are the same as Figure 1. 


