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Key Points:

+ A widespread negative O, trend is beginning to emerge from the envelope of inter-
annual variability

+ The global ocean O, inventory is negatively correlated with the global ocean heat
content

+ Variability and trends in the observed upper ocean O, concentration are dominated

by the Apparent Oxygen Utilization
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Abstract

Historic observations of dissolved oxygen (O) in the ocean are analyzed to quantify multi-
decadal trends and variability from 1958 to 2015. Additional quality control is applied
and the resultant oxygen anomaly field is used to quantify upper ocean O, trends at global
and hemispheric scales. A widespread negative O, trend is beginning to emerge from the
envelope of interannual variability. Ocean reanalysis data is used to evaluate relationships
with changes in ocean heat content (OHC) and oxygen solubility (O3 s4;). Global O de-
cline is evident after the 1980s, accompanied by an increase in global OHC. The global
upper ocean O, inventory (0-1,000m) changed at the rate of -243+124TmolO, per decade.
Further, the O, inventory is negatively correlated with the OHC (r=-0.86; 0-1,000m) and
the regression coefficient of O, to OHC is approximately —8.2+0.66 nmol O, J~!, on the
same order of magnitude as the simulated O;-heat relationship typically found in ocean
climate models. Variability and trends in the observed upper ocean O, concentration are
dominated by the Apparent Oxygen Utilization (AOU) component with relatively small
contributions from O, 4. This indicates that changing ocean circulation, mixing and/or
biochemical processes, rather than the direct thermally-induced solubility effects, are the
primary drivers for the observed O, changes. The spatial patterns of the multi-decadal
trend include regions of enhanced ocean deoxygenation including the subpolar North Pa-
cific, eastern boundary upwelling systems and tropical oxygen minimum zones. Further
studies are warranted to understand and attribute the global O, trends and their regional

expressions.

1 Introduction

In this and following centuries, marine ecosystems will likely face multiple stressors
as a consequence of high-CO;, and a warming climate. The three factors—temperature in-
crease, ocean acidification, and ocean deoxygenation—are global-scale phenomena with
significant regional variations, influencing the ecosystem and biogeochemical cycles in
ways not yet fully documented [Gruber, 2011]. Unraveling the nature and the conse-
quences of these changes is one of the grand challenges for the ocean science community.
The three factors are related to one another, that deoxygenation likely results in increased
ocean acidification in subsurface waters. Such waters commonly supply nutrient to conti-
nental shelves, especially in upwelling regions. Thus, a better understanding of deoxygena-

tion will improve our understanding of ocean acidification.

Earth System Model (ESM) simulations predict that the ocean’s O, content is sen-
sitive to climate warming, suggesting a significant decline of global O, inventory under

warming scenarios out to 2100 [Keeling et al., 2010]. While widespread O, decline in
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the extratropical thermocline is a robust projection of the current generation of the ESMs,
there are significant differences among models especially in the tropics [Bopp et al., 2013;
Cocco et al., 2013]. In a warming climate, increasing seawater temperature decreases oxy-
gen solubility, thereby reducing concentrations assuming all other factors being equal.
Furthermore, increased upper ocean stratification associated with surface warming (and
increased precipitation and glacier melt) can weaken ventilation, the exchange of well-
oxygenated surface waters with the interior ocean. These two mechanisms reinforce one
another to deplete the subsurface oxygen on the centennial timescale [Bopp et al., 2002;

Plattner et al., 2002].

Numerous attempts have been made to detect low-frequency variability and long-
term trends of subsurface O, using historic datasets [Andreev and Baturina, 2006; Emer-
son et al., 2004; Helm et al., 2011; Johnson and Gruber, 2007; Ono et al., 2001; Sasano
et al., 2015; Stendardo and Gruber, 2012; Stramma et al., 2008; van Aken et al., 2011;
Whitney et al., 2007; Schmidtko et al., 2017]. Analysis of historic datasets poses signifi-
cant challenges due to sparse and irregular sampling, making the detection of long-term
trends a signal-noise problem [Long et al., 2016]. The global compilation by Garcia et al.
[2005] revealed significant decadal variability of O,, AOU and heat content in the upper
100 m for the period of 1955 through 1998. In this time period the magnitude of long-
term linear trends of O, and AOU are relatively small compared to the decadal-scale fluc-
tuations. Schmidtko et al. [2017] included additional data through recent years to calculate
the O, trends, reporting a significant long-term trend at the rate of -257.5+185.1TmolO,
(Tmol=10"?mol) per decade for the upper 1,200m of global oceans, equivalent of about
2+1.5% loss of the O, inventory for the last 50 years. In this study we build on these pre-
vious observational efforts; we examine trends in global-scale upper ocean oxygen for the
period 1958 through 2015 and examine its relationship with the ocean heat content (OHC)

changes.

2 Method

Additional quality control is applied to develop objectively mapped monthly clima-
tologies of O, based on the World Ocean Database 2013 [WOD13; Boyer et al., 2013] at
standard depths specified in the dataset. We use an iterative process to construct observationally-
based O, anomaly fields. Initially, we assemble monthly climatologies using all available
data. We then construct the O, anomaly fields by subtracting the monthly climatologies
from the observed O, values. Then we perform the quality control to remove question-
able data points that are defined as outliers beyond three times the standard deviation of

the anomalies at each point in space. When the questionable data points are removed, we
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re-calculate the monthly climatologies and repeat the quality control procedure twice in
order to minimize questionable data points and biases in climatologies. Anomaly data is
binned annually, and the baseline for the anomalies are referenced to the 1950-2015 long-
term mean. The resulting O, anomaly fields are then objectively mapped onto the global
1° x 1° latitude/longitude grid for each standard depth. A Gaussian weight function is
used for the objective mapping with the zonal and meridional length scales of 1,000 km
and 500 km, respectively. The data coverage is sparse and uneven, and the sampling den-
sity is particularly low in remote regions such as the central subtropical gyres. While the
relatively large radius of influence is used to reduce data gaps, it can erroneously blend
information across physically separated waters, for example, between marginal seas and
open oceans. Regional masks are used for the Mediterranean Sea and the Japan Sea but
for the other marginal seas the data from the nearby open ocean can be blended in, which

requires caution in the interpretation.

The distribution of O, solubility is estimated using temperature and salinity from
ocean reanalysis products: the ECMWF Ocean Reanalysis (ORAS4) [Balmaseda et al.,
2013] and the Simple Ocean Data Assimilation (SODA version 2.2.4) [Carton et al., 2000].
Rather than using raw data, we rely on the data assimilation products that are dynami-
cally consistent and are constained by a suite of hydrographic and satellite observations.
For each product, we sample the temperature and salinity at the time and location of the
O, data points and calculate corresponding oxygen solubility (O3 s4¢) [Garcia and Gor-
don, 1992]. This calculation allows us to separate O, variability into two components: (1)
anomalies driven by changes in the solubility of O, and (2) anomalies driven by changes
in the Apparent Oxygen Utilization (—AOU = O, — Oy 44¢). We compute the AOU compo-
nent by residual, subtracting changes that can be explained by solubility from the total O,
anomaly. The AOU component reflects the cumulative effect of biological O2 consump-
tion and the preformed O2 value of the source waters, thus it depends on ocean circula-
tion, mixing and biochemical processes. Upper ocean heat content is also calculated using

the ocean reanalysis products.

Three factors motivate a focus on O, variability in the upper ocean. First, the up-
per ocean O, has significant ecological impacts due to proximity to surface ocean habitats.
Secondly, upper ocean processes are strongly affected by atmosphere-ocean interactions,
thus upper ocean O, is likely sensitive to climate variability. Thirdly, the upper ocean
is relatively well sampled, enabling more robust analysis with less uncertainty. Even so,
significant uncertainty still exists due to the sparse and uneven distribution of data cover-
age both in time and space. The temporal data coverage is relatively poor in the earliest

(1950s) and latest (2010s) part of the time series since some of the latest observations
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have not yet been included in the database. We examine regional data coverage by count-
ing the number of years with observations for each 1° x 1° cells of the objectively mapped

field (see supplementary figure S1).

With this sparse sampling in mind, we compile the time series of the normalized O,
inventory in the upper ocean above 1,000 m depth by performing the following calcula-

tion,

Vops ()™ )
Ioz(n:( ‘f(’)) f 0}(x,1)dV, (1)

tot
where 0; (x,1) is the oxygen anomaly, V;,; is the total volume of water and V4 (f) is
the volume of grid cells filled with O, data. The volume integration is based on the same

standard depths as the World Ocean Database.

The integral in Eq. (1) is performed with missing data being replaced with zeros,
but this produces spurious variability reflecting the year-to-year changes in sampling den-
sity. In order to correct for this bias, the inventory is normalized by the volumetric sam-
pling ratio, (V,p5(#)/Vio:). This correction effectively amplifies the signal when a rela-
tively small volume is sampled, implicitly assuming that the global mean O, is correctly

represented by the sample mean.

In order to examine the potential errors associated with this method of calculating
the global O, inventory with relatively sparse observations, we analyze a “large” ensem-
ble of simulations conducted with the Community Earth System Model-Large Ensemble
(CESM-LE) project [Kay et al., 2015]. The CESM-LE included 35 ensemble members
with ocean biogeochemistry output. The model is spun up to the preindustrial conditions
referenced to year 1850 and a single ensemble member was integrated from 1850 to 1920.
Additional ensemble members are generated at 1920 by making small (O(10~'%) K) per-
turbations in the air temperature field and integrated for 181 years from 1920 through
2100, forced by historical forcing through 2005 and by the RCPS8.5 forcing from 2006
to 2100. The quality of the O, simulation is discussed by Long et al. [2016]; briefly, the
model simulates a realistic distribution of O, but tends to have concentrations and vari-
ability (including trends) that are biased low. Even though the model is not perfect, many
realizations of the oxygen variability fields allow to evaluate the potential sampling bias in

the context of a single mechanistic model.

We calculate the sub-sampled O, inventories in the CESM-LE according to the ob-
servational sampling pattern including the increased footprint of the data through the ob-
jective mapping. The subsampled O, inventories are then adjusted according to Eq. (1).
We then compare these to the true O, inventories for each ensemble member from 1955

to 2015 (figure S2). About 86% of the members (30 out of 35 ensembles) estimated the
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magnitude of the linear trend to be within the range of -30%+8% of the true trend in the
CESM-LE simulations. There is a general tendency that the sub-sampled O, inventories
underestimate the true global O, trend. In 28 out of 35 ensemble members, the linear
trend (1958-2015) of sub-sampled O, inventories under-estimates the true trend. This in-
dicates that there are regions outside the observational sampling pattern that have stronger
trends in O, in the CESM-LE simulations. In general, we are encouraged that the existing
observations have enough coverage to yield the correct sign of the global trend and the

first-order approximation of its magnitude in the context of the CESM-LE.

3 Results
3.1 Global O, inventory

The normalized global O, inventory is plotted in figure 1a for different depth ranges.
Overall the O, content increases slightly prior to the mid-1980s, followed by a strong
decline after the mid-1980s. This pattern is consistent with the earlier study of Garcia
et al. [2005] who focused on the upper 100 m inventory for the period of 1955-1998. For
the period of 1958 to 2015, the linear trend of upper ocean O, inventory (0-1,000m) is
-243+124TmolO, (Tmol=10"?mol) per decade, in agreement with the result of a recent in-
dependent study [Schmidtko et al., 2017]. We find that a similar pattern exists throughout
the upper 1,000 m of the water column and that the declining trend after the mid-1980s
has persisted until recent years. Regression analysis shows that approximately 46% of the
variability of the O, content occurs above 400 m, and 78% of the variability occurs above
700 m. Figure lc shows the volumetric sampling ratio, V,p4(#)/V;o: which is the normal-
ization factor for the O, inventory (Eq. 1). The sampling ratio generally exceeds 40% be-
tween 1960 and 2010, but most recent years have significantly lower sampling ratio, in
part because recent data are not yet included in the database. We expect an increased un-
certainty for the most recent years due to sparser sampling; the computed O, inventory

after 2010 may change significantly when all available data are included in the database.

Figure 1b shows the global OHC based on the ORAS4 dataset. Balmaseda et al.
[2013] examines the data sources and their calculation of global OHC in detail. There is
a slight difference in the OHC time series between the ORAS4 and the WOD13 which
shows a long-term positive trend for the entire time period (see https://www.nodc.noaa.
gov/OC5/3M_HEAT_CONTENTY/). The time evolution global OHC is dominated by the
multi-decadal warming trend with a few episodic cooling events. The cooling episodes
matches with the period of volcanic eruptions (El Chichon in 1982 and Mt Pinatubo in

1991) and the period following the 1997-1998 El-Nino event. The normalized O, inven-
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tory is compared to the OHC time series (Figure 1d). The two time series are significantly

correlated according to a z-test (r=—0.86, 95% CI for 0-1,000 m OHC and O5).

The regression reveals the relationship between the changes in the OHC and the O,
inventory. Centennial-scale global warming simulations using ESMs predict that the O,-
heat ratio to be between —5.9 and —6.7 nmol O, J~! [Keeling et al., 2010]. For the nor-
malized O, inventory and the OHC above the 1,000 m depth, the regression coefficient is
—8.2+0.66 nmol O, J~!. The overall agreement in the O,-heat ratio is remarkable given
the uncertainties in the inventory calculation and the potential model errors. A close ex-
amination of Figure 1d reveals that the slope of O,-heat relationship is flatter at shallower
depths. The O;-heat ratio is not uniform spatially; the O, inventory appears to be less sen-
sitive to the changes in OHC in the shallower waters, and the ratio increases with depth
(supplementary information, Table S1). Above the 100 m depth, the regression coefficient
is —1.96+1.27 nmol O, J~!, consistent with the expected relationship based on the tem-
perature dependence of solubility [Keeling and Garcia, 2002]. While the linkages between
the O, content and OHC is not fully understood, the observation suggests that the O, in-
ventory in/below the thermocline is significantly more sensitive to the OHC. This may
indicate the crucial role played by the ventilation and the circulation changes of the deeper
water masses which may reflect the freshening and warming of the water column. This re-
sult is consistent with the recent study by Schmidtko et al. [2017] that the O, trends above
the main thermocline are primarily controlled by the temperature dependence of O, solu-

bility, and the AOU component becomes dominant in the deeper waters.

3.2 Global and hemispheric trends in O3, Q3,54 and AOU

To further investigate the upper ocean O, changes, we examine the global and hemi-
spheric area-weighted mean O, time series for three depth levels at 100 m, 200 m and
400 m. We include results from the 200 m depth as Figure 2 in the main text; data from
the 100 m and 400 m depths are also shown in the supplementary document (Figure S3
and S4). Our calculation of the linear trend and its statistical significance is based on the
method of adjusted standard error and adjusted degrees of freedom following Santer et al.
[2000], wherein a t-test is used to evaluate whether or not the observed linear trend is sig-
nificantly different from zero. Figure 2ace shows the global and hemispheric time series of
0O,, O;‘” and the negative of AOU at the depth of 200 m. As described above, we com-
pute the negative of AOU as a residual, subtracting the solubility component from the
total O, anomaly, thus the AOU component captures the O, variability not explained by
the solubility changes. There are two estimates of O3" from the ORAS4 and SODA2.2.4

products which have different temperature/salinity distributions. The two reanalyses agree
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in the overall magnitude of the O, s, variability which is much smaller than that of Oy;
therefore, regardless of the reanalysis product, the AOU component dominates the O, vari-

ability and so we plot AOU based on ORAS4 only.

The two hemispheres both exhibit multi-decadal O, decline but their temporal vari-
abilities are different. It is important to note that the data density of the southern hemi-
sphere is significantly lower than the northern hemisphere, thus it is more likely influenced
by the sampling biases. With this caveat in mind, the global and hemispheric O, time
series show significant decline after 1980s, which is also evident at 100 m and 400 m
depths (see Figures S3 and S4). At 100 m depth, there is a decadal O, increase from the
1960s to 1980s for the global and northern hemispheric data as previously identified [Gar-
cia et al., 2005]. Previous investigations of regional O, changes have also shown strong
O, decline in the Pacific basin after 1980s [Deutsch et al., 2011; Czeschel et al., 2012;
Stramma et al., 2012; Ito and Deutsch, 2013], which may be related to the reduced ventila-
tion in the Sea of Okhotsk [Ohshima et al., 2014; Nakanowatari et al., 2007].

Figures 2bdf show the global and hemispheric linear trends of O, represented as a
matrix of trends with varying starting and ending years. The color shading indicates the
magnitude of the linear trend and the hatched regions indicate whether the trend is signif-
icantly differ from zero (positive or negative) with 95% confidence interval [Santer et al.,
2000]. The linear trends are sensitive to the time period of analysis due to the superpo-
sition of interannual variability with the multi-decadal trends. Overall the trend matrix is
predominantly negative, and the decreasing trends becomes statistically significant with the
ending year of 2005 and later. The earlier analysis [Garcia et al., 2005] indeed detected
the beginning of post-1980s O, decline, despite the relatively narrow time window (1955-

1998). Our analysis shows that the negative trend continued to develop during 2000s.

3.3 Spatial pattern of the O, trend

Figure 3 shows the maps of the multi-decadal trend over three different depth ranges.
There are several regions of intense O, decline as noted by earlier investigations such
as western subpolar North Pacific [Ono et al., 2001], the Gulf of Alaska [Whitney et al.,
2007], equatorial Atlantic and eastern equatorial Pacific [Stramma et al., 2008; Stramma
et al., 2012]. The subpolar North Pacific (SPNP) is a relatively well sampled region and
exhibits a significant negative trend at all depths as shown by earlier studies [Ono et al.,
2001; Whitney et al., 2007]. There are also several regions of O, increase such as in the
western subtropical North Pacific and eastern subpolar North Atlantic as noticed by previ-

ous studies [Helm et al., 2011; Sasano et al., 2015].
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Many parts of the global oceans are under-sampled, and the apparent lack of trend
may be an artifact of sparse observations in some regions. The open oceans in the extra-
tropical southern hemisphere are poorly sampled in general (Figure S1), and it is possible
that the relatively weak trend in the southern hemisphere (Figure 3) may be due to the
sparse sampling. In contrast, the Labrador Sea is a relatively well sampled region but the
observations do not show a significant trend there. Convective mixing and hydrographic
properties of the Labrador Sea are known to exhibit significant interannual and decadal
variability, but no significant long-term trend has been observed to date [Yashayaev, 2007,
van Aken et al., 2011]. Thus, a long-term trend of O, is not expected in this region and

our result is consistent with these earlier studies.

Finally, we attempt to speculate the potential causes of the observed O, changes.
Solubility changes only play a secondary role below the thermocline, given the relatively
low variability in the Oy s,; component; thus, the O, variability is predominantly con-
trolled by AOU changes for the global averages. The changes in AOU can come from
many factors; the preformed O, value at the location of water mass formation, the rates
of biochemical O, consumption, the rates of subduction, eddy mixing, and shifts in wa-
ter mass boundaries. The circulation and eddy stirring can modulate the physical sup-
ply of O, affecting the regional patterns of O, changes [Stramma et al., 2010; Czeschel
et al., 2011; Llanillo et al., 2013; Brandt et al., 2015]. Figure 3 shows the contrast be-
tween the subpolar and subtropical North Pacific where the O, strongly decreases in the
subpolar region and it slightly increases in the subtropics. The increase of subtropical O,
is consistent with the expansion of winter-time isopycnal outcrop where O;-rich surface
waters subduct into the thermocline [Kwon et al., 2016]. In the subpolar region the ther-
mocline waters are not directly ventilated from the open ocean but the source waters are
formed in the marginal seas of the northwestern North Pacific and are strongly influenced
by the mixing at the Oyashio front and Kuroshio extension regions [7alley, 1993]. The
O; decline in the SPNP may reflect the changes in the source regions such as the Sea of
Okhotsk or the mixing processes. In the tropical oxygen minimum zones, the ocean cli-
mate and circulation variability can shift water masses and alter the rate of nutrient supply

to the surface euphotic layer and drive decadal O, variability [Deutsch et al., 2011].

4 Discussion

The World Ocean Database 2013 [Boyer et al., 2013] is used to calculate the global
O, inventory and hemispheric O, trends for the period of 1958 to 2015. The distribu-
tion of observations is relatively sparse, omitting large regions of the oceans; however, we

demonstrate that this distribution is sufficient to robustly estimate global O, trends in the
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context of an Earth system model simulation. An earlier study [Garcia et al., 2005] with a
shorter record period (1955-1998) found little evidence of a long term trend, but our anal-
ysis shows that the addition of 17 years of observations has revealed a widespread neg-
ative O, trend beginning to emerge from the envelope of interannual variability. In con-
junction with the O, trend, the O, solubility and the ocean heat content is examined using
temperature and salinity data from ORAS4 [Balmaseda et al., 2013] and SODA2.2.4 [Car-
ton et al., 2000]. Consistent with previous studies, observed O, variability is dominated
by AOU changes regardless of the dataset used for the temperature and salinity. This in-
dicates that O, changes are predominantly driven by changing ocean ventilation and/or
biological O, consumption. Furthermore, the O, inventory is significantly correlated with
changes in ocean heat content, particularly for thermocline and deep waters, indicating

linkages between the ocean heat uptake and the global AOU increase.

The mechanisms behind the AOU change are not fully understood. In a warming
ocean, the surface heating , glacier melt and increased precipitation at high latitudes can
increase the ocean stratification, leading to the weakened mixing of O,-rich surface waters
into the thermocline. Earth System Models indeed predict a long term O, decline (and
increase of AOU as well as ventilation age) on the centennial timescales [Cocco et al.,
2013; Bopp et al., 2013; Long et al., 2016]. This mechanism could be at play for the last

several decades of O, data analyzed here.

The observed O, decline is not uniform in space. Relatively strong and widespread
O, decline is found in the subpolar North Pacific and in the tropics; whereas the sub-
tropical North Pacific shows a moderate O, increase. This pattern has been identified by
earlier studies in association with increasing upper ocean stratification [e.g. Ono et al.,
2001; Emerson et al., 2004; Stramma et al., 2012], and Ifo et al. [2016] showed that this
pattern may have been caused by the combined effects of natural climate variability and
the deposition of polluted dust over the North Pacific Ocean. A recent study [Long et al.,
2016] showed that the spatial patterns of O, change are similar between the centennial,
anthropogenically-forced trend and interannual variability. On this basis, it is possible that
the strong O, change in the subpolar North Pacific can be caused by either natural climate

variability, warming induced long-term change, or some combination of the two.

While climate trends and variability are clearly important drivers of observed O,
changes, a wider range of processes can contribute to the O, changes. For example, Riebe-
sell et al. [2007] showed that the C:N utilization ratio of organic matter production in a
mesocosm experiment increased under high CO, conditions. If this relationship scales
globally, the effect could yield larger C:N ratios in sinking organic matter, thereby driv-

ing subsurface oxygen declines under high CO; conditions (presuming C:0, stoichiometry

—10-
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of aerobic respiration remains the same). This effect was included in a modeling study
[Oschlies et al., 2008], which showed a 50% increase in the global volume of suboxic

(0> < 5uM) waters by 2100 due to increasing C:N ratios in sinking organic matter rel-
ative to experiments omitting this effect. In addition to changing C:N utilization ratios,
increased exogenous nutrient inputs could drive increased carbon export and oxygen uti-
lization in the interior. Krishnamurthy et al. [2010], for instance, simulated anthropogenic
enhancements of aerosol nutrient deposition in an Earth system model. Their simulation
showed an increase in the biological productivity in the Pacific basin stimulated by the ad-
ditional nutrient input from aerosols. Interestingly, the simulated O, change in the North
Pacific was only moderate in this particular model, and the authors commented that the

circulation variability may be more important in driving O, variability in this region.

While these perturbations to nutrient cycling could alter the O, trends over time, our
result reveals a tight relationship between O, inventories and OHC. The spatial structure
and magnitude of this relationship are consistent with expectations derived from mecha-
nistic models forced under climate warming scenarios. This study owes its existence to the
international collaboration through the World Ocean Database Project, and it is crucial to
maintain and support the collection and submission of the data. Unfortunately, the spa-
tiotemporal distribution of O, observations remains too sparse for definitive conclusions
and attribution. However, taken together, the evidence is consistent with anthropogenic
warming acting as the primary driver of long-term trends in ocean O;. The trends we
document are suggestive of the effects of warming beginning to supersede natural variabil-
ity and emerge as a recognizable signal. This merits additional scrutiny over the coming
years; if it is the warming signal, we should expect to see continued widespread declines
in oceanic Q. The impacts of ocean deoxygenation on ocean ecosystems may be pro-
found. In this light, it is critical to develop improved understanding of the mechanisms
driving trends and variability in the oceanic O,. The scientific community should work
to ensure adequate observing capabilities are maintained; we have an obligation to docu-
ment and communicate these impacts of warming, such that society can make informed

decisions and understand costs/benefits trade-offs for mitigation.
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(a) Normalized O, inventory above the depths of 100m (blue), 200m (green), 400m (red), 700m

(teal) and 1,000m (purple). (b) Global OHC based on the ORAS4 dataset. The color coding is the same as (a)
indicating the vertical range of integration. (c) Volumetric sampling density measured as the fraction of grid

cells filled with data. (d) The scatter diagram of the normalized O, inventory versus OHC. The significance

testing of the correlation is performed according to the definition of the effective sample size according to

Bretherton et al. [1999].
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Figure 2. (a) Global O, time series at the depth of 200m. Data points are weighted by the cosine of lati-
tude. Black is O,, Red and Green are O, saturation based on ORAS4 and SODA2.2.4 respectively. Blue is
(-1) x AOU. (b) Trend matrix is formed by taking linear trend of O, with different starting and ending years.
Color shading shows the magnitude of the trend. Hatching is applied for positive/negative definite trends with
95% CI using the method of adjusted standard error and adjusted degree of freedom following Santer et al.

[2000]. (c,d) the same as (a,b) but for the northern hemispheric data points only. (e,f) the same as (a,b) but for

the southern hemispheric data points only.
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Figure 3. (a) Global map of the linear trend of O2 time series at the depth of 100m. We plot the linear
trend for the grid cells where the effective sample size (N5 ) is greater than 20. (b) same as (a) but at the
depth of 400m. (c) same as (a) but at the depth of 700m. We indicate the regions where there are insufficient
data (N.fy < 20) by black dots.
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