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Abstract

It is currently debated whether Earth system models (ESMs) can reproduce
observation-based long-term changes in global and regional deoxygenation
rates. Both models and observations include uncertainties, which must be
considered when evaluating their consistency. Based on 14 ESMs and 6 ob-
servational datasets, the models’ climatological annual mean oxygen matches
observations well near the surface. However, significant biases remain in
the tropics and in the thermocline. Based on the same set of models and
three time-varying observation-based datasets, the models tend to under-
estimate deoxygenation trends from 1965 to 2014, except for the North
Atlantic basin. However, the small number of observational datasets limits
this conclusion. One dataset appears to significantly underestimate deoxy-
genation due to sparse data coverage. This review highlights the need for
improvements in model process representations and the development of
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more observation-based, quality-controlled datasets to better constrain and interpret oxygen
changes in the ocean.

m Uncertainties of dissolved oxygen field in CMIP6 ESMs and observational reconstructions
are quantified.

m The ESMs can skillfully reproduce long-term average oxygen near the surface, but
challenges remain in the thermocline and tropics.

m The ESMs underestimate the deoxygenation trends except for the North Atlantic basin.

1. INTRODUCTION

The ocean is essential for sustaining biodiversity and human livelihood, health, and security. Key
ecosystem services provided by the global ocean include climate regulation and biogeochemical
cycling of carbon, nutrients, and dissolved gases such as oxygen. Living organisms in the oceans
form a diverse range of ecosystems, spanning from microbes to marine mammals, in both coastal
and open oceans. Climate and marine ecosystems are intimately linked, and historical observa-
tions from past decades have shown growing influences of anthropogenic perturbations on marine
ecosystems through warming and ocean acidification due to the absorption of excess heat and an-
thropogenic carbon (Gruber et al. 2021, Pershing etal. 2015, Seidov et al. 2018, Wyatt et al. 2022).
In addition to rising temperatures and acidity, marine ecosystems have experienced significant
perturbations in recent decades through the loss of dissolved oxygen (O,), known as ocean deoxy-
genation (Breitburg et al. 2018, Rabalais & Turner 2019, Stramma et al. 2020). The combination
of these ecosystem stressors can lead to habitat compression and loss due to limited thermal toler-
ance (Schoepf et al. 2015, Sunday et al. 2010), metabolic stress (Deutsch et al. 2015, 2020), range
shifts of species (Thomas 2010, Thuiller 2004), and changing food availability (Santora et al. 2020)
thatare potentially irreversible on centennial timescales (Bertini & Tjiputra 2022, Santana-Falcén
etal. 2023).

The advection and convection of O,-rich surface waters at high latitudes into the deep interior
ocean is termed ocean ventilation, which is the primary source of preformed O; in the oceans.
Variations in the subduction and mixing rates of the major ocean basins play essential roles in
controlling the global O, inventory trends and variability, including the North Pacific Ocean (Abe
& Minobe 2023, Kwon et al. 2016, Long et al. 2016, Mecking & Drushka 2024, Novi et al. 2024,
Osafune & Yasuda 2013, Stramma et al. 2020, Toyama et al. 2015), the North Atlantic (Rhein
et al. 2017, Tjiputra et al. 2018), the Southern Ocean (Abernathey & Ferreira 2015, Dove et al.
2021, Hollitzer et al. 2024, Kamenkovich et al. 2017, Marshall & Zanna 2014, Naveira Garabato
etal. 2019), and the tropical Pacific (Busecke et al. 2019, Czeschel et al. 2012, Deutsch et al. 2011,
Duteil et al. 2018, Ito & Deutsch 2013, Poupon et al. 2023). Global warming can lead to ocean
deoxygenation, driven by the reduced oxygen solubility in seawater and reduced physical oxygen
supply to the interior due to an increase in upper ocean stratification and lower ventilation rates
(Katavouta et al. 2019, Seltzer et al. 2023, Trenberth et al. 2025, Yamaguchi & Suga 2019).

On the global scale, the observed oxygen decline is negatively correlated with ocean heat con-
tent (OHC) changes, where the ratio of oxygen to heat changes is greater than that expected
from the temperature-solubility relationship (Ito et al. 2017, Oschlies et al. 2018, Takano et al.
2023), indicative of the reinforcing effects from nonsolubility processes (Keeling & Garcia 2002).
The relationship is nonlinear, suggesting a delayed response in the O, inventory to the impacts
of excess heat gain. The least-understood driver of O, change is the variability in biological O,
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consumption and production. There are potential linkages between subsurface respiration rates
and climate variability, either through the temperature enhancement of microbial reaction rates
(Brewer & Peltzer 2017) or in the amount of exported organic material from the surface euphotic
layer (Deutsch et al. 2011, Lachkar et al. 2018). Brewer & Peltzer (2017) estimated the Q factor
of 3.63 for the oxygen consumption rates in the upper water column of the Sargasso Sea, which
translates to a 29% increase in ocean oxygen consumption rates under a 2°C warming. Oxygen
minimum zones (OMZs) are regions where O, levels reach hypoxic conditions and are commonly
found in the tropical thermocline and in the subsurface (typically 200-1,000 m) waters of the east-
ern boundary upwelling regions in all ocean basins (Busecke et al. 2019, Davila et al. 2023, Garcon
et al. 2019, Stramma et al. 2010, Zhou et al. 2022). The volume and intensity of the OMZs are
linked to climate variability through the wind-driven ocean circulation system. The low-O, condi-
tion of the eastern boundary upwelling region is dynamically maintained by an increased export of
organic matter and subsequent respiratory O, loss, reinforcing the high-nutrient, low-O, condi-
tion induced by the upwelling itself (Buchanan & Tagliabue 2021, Deutsch et al. 2011). Monsoon
wind variability plays a fundamental role in modulating the OMZ and seasonal hypoxia of the
Arabian Sea (DiMarco et al. 2023, Lachkar et al. 2018). Studies show that biological O, consump-
tion rates can covary with ocean circulation and modes of climate variability, and these processes
may potentially modulate the spatial patterns and/or changes in O, inventory.

Earth system models (ESMs) are the primary tools for projecting future changes in the Earth
system, including rates of ocean deoxygenation. They are based on our current understanding
of the physical, chemical, and biological processes of the atmosphere, ocean, and land surfaces.
These processes and their interactions are represented as coupled partial differential equations
that are numerically integrated using high-performance computing systems. These models,
however, are subject to biases due to the limited computational resources in resolving fine-scale
processes, incomplete parameterizations of physical and biogeochemical processes, and incom-
plete understanding of the initial and boundary conditions (Cabré et al. 2015, Séférian et al.
2020). Thus, it is crucial to evaluate a model’s skills by comparing model simulations against
observations. A better grasp of a model’s skills has both scientific and social values. Scientifically,
understanding how and where a model fails provides a valuable insight into which aspects of the
model need improvement (e.g., enhanced model resolution versus improving parameterizations).
Well-crafted model experiments can, in turn, explain the underlying mechanism behind unex-
plained observations, inform the attribution of forced versus internally generated trends (Long
et al. 2016), and guide the observing system strategy by identifying critical scales of variability.
More broadly, reliable models of ocean biogeochemistry and physics support our fundamental
understanding of how dissolved oxygen sustains marine ecosystems through improved near-term
predictions and long-term projections of future ocean deoxygenation. Accurate simulations can
inform current and future marine environmental change, such as the compound events of ocean
warming, acidification, and deoxygenation, which are essential factors controlling the metabolic
constraints of species and the transition of marine habitats (Deutsch et al. 2020, Gruber et al.
2021). Dissolved oxygen content is also an essential input for ecological models of higher trophic
levels and fisheries [Fisheries and Marine Ecosystem Model Intercomparison Project (Fish-MIP)]
(Tittensor et al. 2018). A dissolved oxygen dataset from simulations is also utilized to understand
projected changes in the marine ecosystem and fisheries, as well as to assess the cumulative impacts
of climate change in the following decades (Halpern et al. 2025). Oxygen dynamics are tightly
intertwined with carbon and nutrient cycling, and thus interrogating model skill for oxygen has
broad implications for improving models’ simulation of the ocean carbon cycle and primary
productivity, both of which showcase large uncertainties (Kwiatkowski et al. 2020). Therefore,
the broader scientific community would benefit from understanding the reliability of model
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simulations, with implications for fisheries and ocean resource management under future climate
change.

It is currently debated how well ESMs can reproduce observed oxygen distribution and trends
from the historical datasets. In an earlier assessment, ESMs were unable to reproduce observed
patterns of thermocline oxygen changes and significantly underestimated the historical global
deoxygenation rates (Oschlies et al. 2018). Kwiatkowski et al. (2020) argued that the range of ob-
served global oxygen trends encompasses the multi-model mean oxygen trend of ESMs from
Coupled Model Intercomparison Project phase 6 (CMIPG6). Takano et al. (2023) also showed
similar global deoxygenation trends between the fully coupled ESMs and the observed global
deoxygenation rate from a single dataset [Ito 2022 (Ito22)]. Observed decadal deoxygenation and
near-term future climate projections are exposed to uncertainties due to internal variability. This
uncertainty could be better quantified by combining the observational dataset and ensembles of
model simulations (e.g., Marotzke 2019). The underestimation of the internal variability of dis-
solved oxygen is also under debate. The factors driving internal variability are not fully understood,
but it is crucial for the robust detection and attribution of ocean deoxygenation.

The focus here is to review our current understanding and quantification of the O, distribu-
tions and multi-decadal changes based on state-of-the-art ESMs and the synthesis of the latest
observation-based datasets. Bindoff et al. (2019) summarized results from earlier observational
studies of global ocean deoxygenation (Helm et al. 2011, Ito et al. 2017, Schmidtko et al. 2017)
with varying estimates for deoxygenation rates ranging from 0.5% to 3.3% loss for 0-1,000-m
depths for 1970 to 2010. This synthesis exhibited a large uncertainty in the deoxygenation trends.
Many factors can affect estimates of deoxygenation trends; each study can use different land-ocean
masks, vertical and horizontal grids, primary data sources, measurement platforms, data quality
control (QC) methods, and interpolation mapping methods. Variations in any of these factors
can lead to different estimates, resulting in large uncertainties in deoxygenation assessment. It is
timely to revisit the model-observation comparison because several new O, datasets [Gouretski
et al. 2024, Ito et al. 2024a (Ito24), Roach & Bindoff 2023 (RB23), Sharp et al. 2023] and the new
World Ocean Atlas 2023 (WOA23) O, climatology (Garcia et al. 2024, Reagan et al. 2024), in-
cluding Argo-O, profiles as an additional primary data source, have emerged. These new datasets
are available in the public domain, enabling the detailed comparison of oxygen distributions and
multi-decadal trends as well as the assessment of their uncertainties. Because oxygen represents an
integrated signal of physical and biogeochemical changes (such as ventilation dynamics and bio-
geochemical sources and sinks), revisiting the model-observation comparison with emerging new
datasets can inform future efforts to assess simulated ocean deoxygenation, taking into account
the uncertainties in both models and observations.

2. APPROACHES TO ASSESS OCEAN OXYGEN CHANGES
2.1. Observations

Several new observation-based global O, datasets have been published in peer-reviewed journals,
and these datasets have been made publicly available since 2022. These data products are accom-
panied by descriptions of the source data, QC steps, and mapping interpolation methods listed in
Table 1. Technical details of each dataset are available in the references, and they are not repeated
here. Instead, we provide an overview of the procedures and challenges in estimating global O,
inventory that are common to all these datasets, starting from the primary data sources.

A unique challenge in estimating deoxygenation trends is that sampling density for O, is sig-
nificantly lower in time and space than that of temperature and salinity. This difference results
in substantial data gaps that are difficult to fill when generating time-varying datasets. Figure 1
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Table 1 List of observational datasets used in this study

Dataset Mapping method Primary data Time period Frequency Reference
WOA23 Objective analysis Bottle, CTD, Argo Climatology Monthly Garcia et al. 2024
IAP Ensemble optimum Bottle, CTD, Argo Climatology Monthly Cheng et al. 2024

interpolation
Tto22 Optimum interpolation Bottle 1965-2020 Annual Tto 2022
RB23 DIVA Bottle, CTD 1955-2018 Annual Roach & Bindoff 2023
GOBAI ML Bottle, CTD, Argo 2004-2022 Monthly Sharp et al. 2023
Tto24 ML Bottle, CTD, Argo 1965-2020 Monthly Tto et al. 2024a

(blue) The top two rows are independently quality-controlled and mapped climatological mean datasets. (orange) The bottom four rows are time-varying
datasets. All time-varying datasets, except for Ito22, provide climatological means; Ito22 includes anomalies only. Abbreviations: CTD, conductivity, tem-
perature, and depth; DIVA, Data Interpolating Variational Analysis; GOBAIL, Gridded Ocean Biogeochemistry from Artificial Intelligence; IAP, Institute of
Atmospheric Physics; Ito22, Ito 2022; Ito24, Tto et al. 2024a; ML, machine learning; RB23, Roach & Bindoff 2023; WOA23, World Ocean Atlas 2023.

shows the distribution of quality-controlled, shipboard [bottle and conductivity, temperature, and
depth (CTD)] and Argo-O, measurements based on World Ocean Database (WOD) version
2023 (Mishonov et al. 2024). WOD is an international collaboration among national data cen-
ters, oceanographic research institutions, and investigators to provide a comprehensive dataset
of quality-controlled oceanographic variables. The number of profiles taken each year or month
fluctuates significantly. Bottle samples are measured using Winkler titrations with an accuracy
of 0(0.1%) or ~0.3 pmol/kg (Carpenter 1965). Before 1990, most O, profiles were taken by

CTD-0,
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d Yearly profile count
T T T
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5 10 1 II I
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log10 profile count per grid cell
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Figure 1

Sampling density of O, data in the World Ocean Database 2023 from 1965 to 2022. (#—) The base-10 logarithm of the profile count
within the 1 x 1 longitude-latitude grid cell for bottles (Winkler titration), CTD-O3, and Argo-O; sensors. (4) Annual profile count for
the three measurement methods: bottle (b/ue), CTD-O; (orunge), and Argo-O; (green) sensors. Abbreviation: CTD, conductivity,
temperature, and depth.
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ship-based bottle measurements. Following the 1990s, the number of CTD-O, sensors increased,
making them a major source of O, data. Most CTD-O; profiles are calibrated against a smaller
number of bottle measurements from the same cruise.

Since the mid-2000s, the number of Argo-O; profiles has steadily increased. Argo-O, data are
distributed by the Argo Global Data Assembly Center in real-time and delayed mode. Argo-O,
sensors often return data that are out of calibration, and the delayed-mode adjusted O, profiles
provide adjustments to improve the data accuracy. The Argo-O, dataset and its calibration meth-
ods are still evolving (Maurer et al. 2021), and the current uncertainty estimates of delayed-mode
adjusted oxygen are O(1%) or ~3 pmol/kg. The finite response time of optode sensors can further
influence calibration bias for Argo-O,, potentially causing systemic biases in the oxycline regions
(Bittig & Kortzinger 2017, Bittig et al. 2014).

Historical measurements were collected for different scientific purposes, and the measurement
uncertainty is not expected to be uniform over time. Data QC protocols can play a crucial role in
developing unified datasets from different measurement platforms with distinct accuracy. Primary
QC typically includes checking the data format and internal consistency for corrupted data and
making sure that the data are in common units. Questionable data points and outliers are statisti-
cally identified and flagged, and the QC flags are recorded with the raw data. Secondary QC steps
can then be applied, which may include recalibrations and adjustments of ocean community data
by subject matter experts. While WOD provides O, profiles with the QC flags, different groups
may apply additional secondary QC, which could lead to varying estimates of oxygen distribution
and its changes.

Traditionally, bottle data are considered to have the highest accuracy and have been the pre-
ferred primary data source for gridded datasets such as World Ocean Atlas 2018 (Garcia et al. 2018)
and Ito (2022). However, the amount of bottle data has been declining since the 1990s (Figure 14d),
limiting its data coverage, especially for recent decades. Thus, newer gridded oxygen datasets in-
clude bottle, shipborne CTD-O,, and Argo-O; sensors (Garcia et al. 2024, Ito et al. 2024a, Sharp
et al. 2023), while others may include bottle and CTD-O, data. Differences in measurement
platforms for the primary data can lead to variations in estimates of O, inventory. Discrepancies
between different measurement platforms can be evaluated by comparing profiles that are mea-
sured within close proximity over space and time. For example, Wang et al. (2025) and Bushinsky
etal. (2025) have identified systematic differences between shipboard measurements and Argo-O,
data in the subsurface waters where Argo-O, tends to underestimate the shipboard data. While
this offset is still within the Argo-O; stated accuracy of O(1%), systemic bias of this magnitude
can significantly impact the estimates of global deoxygenation rates (Ito et al. 2024a).

To estimate the ocean’s O, inventory, it is necessary to fill data gaps in space and time when
observations are not available. All datasets listed in Table 1 used different gap-fill approaches.
These mapping methods create spatially and temporally continuous fields from discrete measure-
ments, and we re-remap these datasets onto a common 1° x 1° grid system for the comparison.
World Ocean Atlas mapping is based on an objective analysis (Garcia et al. 2024). The Institute of
Atmospheric Physics (IAP) dataset is based on ensemble optimal interpolation (Cheng et al. 2024),
whereas Ito (2022) used a simpler implementation of optimal interpolation using a Gaussian co-
variance function. Roach & Bindoff (2023) employed the Data Interpolating Variational Analysis
method (Barth et al. 2014, Troupin et al. 2012), an optimization-based interpolation technique
that minimizes a cost function based on data misfit and field smoothness. Machine learning—based
methods are new, data-driven approaches that train algorithms to predict oxygen concentrations
from related predictor data, which can represent complex and nonlinear patterns (Ito et al. 2024a,
Sharp et al. 2023).
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In our analysis, we utilize six published global O, data products (Table 1), each of which incor-
porates different data sources, QC methods, and mapping approaches. These products can exhibit
notable differences in spatial patterns and temporal trends, reflecting the complexity and variabil-
ity inherent in the reconstruction of ocean biogeochemical states. The discrepancies among the
datasets arise from a combination of factors, including the choice of primary observational data
(bottle, CTD-0,, and autonomous floats), the coverage of measurement platforms, the QC pro-
cedures applied to the raw data, and the specific mapping and interpolation techniques used to
generate gap-filled gridded fields. Because these components are deeply interlinked and often ap-
plied through the workflow, it is challenging to isolate and attribute the overall differences in the
final products to any single factor. Some datasets prioritize long-term consistency and stability by
selecting shipboard data only (e.g., Ito22, RB23). The others focus on maximizing data coverage by
including Argo-O, data [e.g., IAP, Gridded Ocean Biogeochemistry from Artificial Intelligence
(GOBAI), Ito24)], which can further contribute to the differences. With these complexities in
mind, our approach does not attempt to disentangle the influence of each factor. Instead, it treats
the ensemble spread across the six products as a pragmatic estimate of observational uncertainty.
By quantifying the differences between the products, in terms of both mean state and temporal
evolution, we aim to characterize the bounds of uncertainty in O, observations, which is essential
for validating models, detecting long-term trends, and assessing regional variability in the global
ocean.

2.2. Earth System Models

Many models participating in CMIP6 include biogeochemical model components that simulate
the cycling of carbon, nutrients, and oxygen in the ocean, as well as terrestrial carbon fluxes. These
coupled ESMs undergo an initial spin-up phase under preindustrial (circa 1850) conditions, allow-
ing the physical and biogeochemical components to reach a dynamic quasi-equilibrium. However,
there is no consistent and strict criterion for this procedure, and each model adopts their inde-
pendent methods and lengths of spin-ups (Séférian et al. 2016). Following spin-up, the models are
integrated forward using the historical forcing protocol described by Eyring et al. (2016), which
spans the period from 1850 to 2014. These historical simulations are driven by time-evolving at-
mospheric forcings, including observed greenhouse gas concentrations (e.g., CO,, CHs, N,O),
anthropogenic and volcanic aerosols (both stratospheric and tropospheric), solar variability, and
land-use changes such as deforestation and agricultural expansion. The realism and fidelity of
these models in simulating the climatological distribution of ocean biogeochemical states have
been comprehensively documented by Séférian et al. (2020), while the transient changes in oxy-
gen, OHC, and CO; fluxes have been evaluated by Takano et al. (2023) and Liddicoat et al.
(2021). For this review, model output from the historical simulations is analyzed over the period
1965-2014, a time frame that overlaps with the modern observational era and is summarized in
Table 2.

Differences in the simulated oxygen arise primarily from two sources: model structural differ-
ences and internal variability. Model structure refers to the design and configuration of each ESM.
This includes, e.g., the representation of physical climate and biogeochemical processes, such as
precipitation, clouds, cryospheric processes, ocean mixing, primary productivity, the export of or-
ganic particles from the surface ocean, remineralization rate, and land-atmosphere interactions,
as well as choices in spatial resolution and coupling strategies between system components. Even
though CMIP6 models use standardized external forcings, differences in model design can lead
to varying climate states, contributing to what is often referred to as structural uncertainty. In ad-
dition, the simulated deoxygenation rates may be influenced by model drift. The inconsistency in
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Table 2 The list of Coupled Model Intercomparison Project phase 6 Earth system models whose historical

simulations are used in this study

Model Reference(s)

Australian Community Climate and Earth System Simulator Earth Ziehn et al. 2020

System Model version 1.5 (ACCESS-ESM1-5)

Euro-Mediterranean Centre on Climate Change Earth System Model | Lovato etal. 2022

version 2 (CMCC-ESM2)

Centre National de Recherches Météorologiques Earth System Model | Séférian et al. 2019

version 2-1 (CNRM-ESM2-1)

Canadian Earth System Model version 5 (CanESM5) Christian et al. 2022, Swart et al. 2019

Canadian Earth System Model version 5 Canadian Ocean Ecosystem Christian et al. 2022, Swart et al. 2019
model (CanESM5-CanOE)

Energy Exascale Earth System Model version 1-1 (E3SM-1-1) Burrows et al. 2020, Moore et al. 2004

Geophysical Fluid Dynamics Laboratory Climate Model version 4 Dunne et al. 2020a, Held et al. 2019
(GFDL-CM4)

Geophysical Fluid Dynamics Laboratory Earth System Model Dunne et al. 2020b, Stock et al. 2020

version 4 (GFDL-ESM4)

Institut Pierre-Simon Laplace Climate Model version 6A Low Boucher et al. 2020

Resolution (IPSL-CM6A-LR)

Model for Interdisciplinary Research on Climate, Earth System Hajima et al. 2020

version 2 for Long-term simulations (MIROC-ES2L)

Max Planck Institute for Meteorology Earth System Model version 1.2 | Ilyina et al. 2013, Mauritsen et al. 2019, Paulsen et al.

Low Resolution (MPI-ESM1-2-LR) 2017

Meteorological Research Institute Earth System Model version 2.0 Yukimoto et al. 2019
(MRI-ESM2-0)

Norwegian Earth System Model version 2 (NorESM2-LM) Tjiputra et al. 2020

UK Earth System Model version 1.0 (UKESM1-0-LL) Sellar et al. 2019, Yool et al. 2020

When there are multiple ensemble members, only the first ensemble member is used.
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the preindustrial spin-up procedure mentioned above leads to different initial states at the start of
the historical period for each ESM and may introduce various degrees of model drift contributing
to the divergence in the projected long-term oxygen evolution, especially for deep waters.

Internal variability reflects the ESM-dependent spontaneous and chaotic fluctuations within
the climate system that occur without changes in external forcings (e.g., Deser et al. 2020). These
fluctuations can result from processes such as ocean-atmosphere interactions [e.g., El Nifio—
Southern Oscillation and associated teleconnections (Eddebbar et al. 2017)], random weather
patterns, or turbulent mixing and can delay the emergence of anthropogenic deoxygenation until
later in the twenty-first century over large parts of the thermocline (Long et al. 2016). Abe &
Minobe (2023) quantified the impact of internal variability on the North Pacific deoxygenation
rates using the ESMs with multiple ensemble members, showing the diverging deoxygenation
rates of the Subarctic North Pacific due to internal dynamics alone.

Disentangling the relative contributions of model structure and internal variability to the to-
tal spread in deoxygenation projections is essential for robust uncertainty attribution and model
evaluation. However, such an analysis typically requires large ensembles from individual models,
which are beyond the scope of this review. Instead, we treat the multi-model ensemble spread as a
combined measure of total model uncertainty, recognizing that both sources contribute to varying
degrees depending on the timescale and spatial scale of interest.
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2.3. Uncertainty Quantification Approaches

Our overarching question is whether the current ESMs can reproduce the observed O, invento-
ries and their long-term trends. Evaluation of consistency between observation-based fields and
models must consider the uncertainties in both. Exact matches are obviously not expected, but
their differences can be compared to the uncertainties to determine whether the differences can
be attributed to a systematic bias or to random fluctuations.

As discussed in Section 2.1, there are three types of observational uncertainties: measure-
ment uncertainty, sampling uncertainty, and analysis uncertainty (Supplemental Figure 2). Each
of them can include systematic biases and random errors. Measurement error arises from the
precision of the instruments used and the accuracy of the calibration, which are specific to the
monitoring platforms. Sampling uncertainty depends on the measurement patterns and frequency
as well as the spatio-temporal variability of O, distribution. Sparse sampling patterns may not fully
capture the real O, variability and may potentially cause biases in representing seasonal, interan-
nual, and decadal variability. Analysis uncertainty depends on many factors, including the data
QC methods and criteria selection, bias correction, and vertical and horizontal data interpolation
errors. Our approach is to use the spread among multiple observation-based products as a mea-
sure of bulk observational uncertainties. Specifically, five datasets are used for the long-term mean
climatologies (Table 1, as Ito22 includes anomalies only), and three datasets are used for multi-
decadal trends since 1965. There are two caveats. First, there are significant overlaps in the primary
data; thus, all datasets include similar measurement and sampling errors. Thus, our estimates of
the observational uncertainties primarily reflect analysis errors. It is then possible to compare the
estimated analysis uncertainties against the typical measurement error of O(0.1%) for bottle and
CTD-0O; data and O(1%) for Argo-O; data. Second, there are only three time-varying datasets
covering the period since 1965, which are limited in characterizing the uncertainty. Therefore, the
uncertainties in long-term mean climatologies are more robust than those of multi-decadal trends;
however, trend analysis helps check the uncertainties in the deoxygenation rates. The standard
deviation among the five observational products is used as the observational uncertainty for cli-
matological means, and the range (maximum-minimum) among the three observational products
is used for the multi-decadal trends.

Model uncertainties comprise two primary sources: model structure differences and internal
variability, as discussed in Section 2.2. Multi-model standard deviation across the 14 models can
provide a measure of the combined model uncertainties. When averaged over wide areas or large
volumes, it is often assumed that structural uncertainties dominate at global scales and over long
timescales. Local O, anomalies caused by internal variability may cancel out when integrated
across vast regions, whereas the forced signal (e.g., anthropogenic warming and associated ocean
stratification) is widespread and tends not to average out over wide regions. This conceptual sep-
aration may be useful and will be checked as we evaluate the differences between modeled and
observed oxygen trends. Similar arguments can be made for observational uncertainties as in-
tegrating over large volumes can often average out random noise in the local concentrations,
potentially leading to relatively small uncertainties in the volume-integrated inventories.

3. CLIMATOLOGICAL O; DISTRIBUTIONS AND INVENTORIES

The climatological O, distribution refers to the time-mean spatial pattern, computed over a multi-
year period, typically several decades. Here, the period is standardized to 1965-2014, except for
the GOBAI dataset, which covers 2004-2022 (Argo era). The long-term averaging smooths out
short-term variability, providing a stable baseline condition. Climatological means thus provide
a reasonable first step to gauge the observational and model uncertainties and how well ESMs
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Figure 2

Climatological mean O; patterns averaged over 0—100-m depth. (#,5) Mean and standard deviation among the multiple observational
products listed in Table 1 (except for Ito22). (c,d) The same for the CMIP6 ESM:s listed in Table 2. The standard deviation represents
interobservation (b) and intermodel (d) spread. (¢) Difference between CMIP6 multi-model mean and observational mean.

(f) Basin-scale breakdown of the model statistics (box-whisker) and observational products (colored markers). Definitions of the basins are
provided in Supplemental Figure 1. The box extends from the first quartile to the third quartile of the data, with a line at the median.
The whiskers extend from the box to the farthest data point lying within 1.5 times the interquartile range from the box, and the open
circles represent the outliers from the ESMs. Abbreviations: CMIP6, Coupled Model Intercomparison Project phase 6; ESM, Earth
system model; GOBAI, Gridded Ocean Biogeochemistry from Artificial Intelligence; IAP, Institute of Atmospheric Physics; Ito22, Ito
2022; Ito24, Ito et al. 2024a; RB23, Roach & Bindoff 2023; WOA23, World Ocean Atlas 2023.

can reproduce observed O, distributions. Before calculating the climatological means, all obser-
vational and model datasets are interpolated to the standard grid with 1° x 1° longitude-latitude
Supplemental Material > resolution and 47 depth levels, focusing on the upper 1,000 m. Climatological annual mean O, is
averaged vertically for near-surface waters (0-100 m) in Figure 2 and thermocline (100-600 m)
in Figure 3, including its observational and model ensemble means and their standard deviation.
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Figure 3

Climatological mean O3 patterns averaged over 100-600-m depth. (#,/) Mean and standard deviation from the observational products
listed in Table 1 (except for Ito22). (c,d) The same for the CMIP6 ESMs listed in Table 2. The standard deviation represents
interobservation (b) and intermodel (d) spread. (¢) Difference between CMIP6 multi-model mean and observational mean.

(f) Basin-scale breakdown of the model statistics (hox-whisker) and observational products (colored markers). The open circles represent
the outliers from the ESMs. Abbreviations: CMIP6, Coupled Model Intercomparison Project phase 6; ESM, Earth system model;
GOBALI, Gridded Ocean Biogeochemistry from Artificial Intelligence; IAP, Institute of Atmospheric Physics; It022, Ito 2022; It024, Ito
et al. 2024a; RB23, Roach & Bindoff 2023; WOA23, World Ocean Atlas 2023.

The plotted O, maps do not include the Arctic Ocean and marginal basins (e.g., the Mediter-
ranean Sea) because some of the observational datasets cover only major ocean basins, namely the
Atlantic, Pacific, Indian, and Southern Oceans.

The near-surface O, distribution from observations and models (Figure 24,c) shares many
similar structures with increased O, levels at high latitudes, and low-O, waters are concentrated
in the tropics, especially near the eastern boundary of the basins. When we compare the CMIP6
models and observational data products, the pattern correlation is 0.98 between the mean of five
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observational products and the multi-model mean of the 14 CMIP6 ESMs. The models slightly
overestimate with a global mean bias of 2.1 pmol/kg. The root mean square error (RMSE) is
9.5 wmol/kg, which measures the grid-scale differences. The positive biases are mainly focused
on the tropical oceans of all basins, with the models overestimating by ~20 pwmol/kg (Figure 2e).
The models tend to underestimate near-surface O, in the eastern boundary upwelling regions,
and the model biases in the Southern Ocean are patchy, including both positive and negative
biases. The global ocean is divided into nine regions: the North Atlantic, Equatorial Atlantic,
South Atlantic, North Pacific, Equatorial Pacific, South Pacific, Equatorial Indian, South Indian,
and Southern Oceans. The northern/southern boundaries of the equatorial regions are set to
15°N/15°S. The northern boundary of the Southern Ocean is at 50°S. The basin-wise mean O,
shows general agreement between CMIP6 models and the five observational datasets except for
the tropical oceans, where the middle fiftieth percentile model is generally outside of the observed
range (Figure 2f). For the tropical Atlantic and Pacific basins, observations align with the bottom
twenty-fifth percentile of the model, but in the tropical Indian Ocean, many observational datasets
fall outside the model range.

In the thermocline, the pattern correlation remains high at 0.96 between the mean observa-
tional products and the multi-model CMIP6 ESMs mean. The models overestimated by a mean
bias of 9.0 pmol/kg, O(3%). The RMSE is 22 umol/kg (Figure 3a,). The model biases are
approximately a factor of four greater in the thermocline than in the near-surface waters. The
comparison of the multi-model mean and observations shows a strong overestimation in the trop-
ical and Subarctic North Pacific (Figure 3e), which is partially offset by the underestimation in
the South Adantic and South Pacific Oceans. The multi-model mean also overestimates the polar
Southern Ocean. The intermodel differences are greater in the thermocline (Figure 3f), including
several outliers in the North Pacific with a large spread among the models in the Subarctic North
Pacific (Figure 3d). In the North Pacific basin, observational datasets fall outside the model range,
indicating widespread model biases. The South Pacific and South Indian appear to be consistent
with the observation on the basin average sense, but the spatial pattern shows compensating pos-
itive and negative biases within the basin. There are relatively large model uncertainties in the
tropical oceans of all basins, but even so, the observational datasets only overlap with the bottom
twenty-fifth percentile of the model in the Equatorial Pacific.

The model-observation differences can be evaluated with respect to the uncertainties as mea-
sured by the spread of observational and modeled O, fields, respectively. For the 0-100 m
climatologies, the spread among the observational datasets is much smaller than that of CMIP6
models. Horizontally averaged standard deviation (calculated as the square root of the horizon-
tally averaged variance) is 2.2 pmol/kg or approximately O(1 %) for the observational datasets and
is 8.6 pmol/kg or approximately O(3 %) for the CMIP6 ESMs. As visualized in Figure 2b,d, the
model uncertainties are approximately a factor of three greater than the observations at 0—100 m.
Some CMIP6 models’ climatologies can lie outside of the observational range, even though the
multi-model means are very close (within 1%) to the observations.

In the thermocline (100-600 m), the average standard deviations across the observational prod-
ucts are 3.5 pmol/kg, which are slightly higher than the near-surface values. However, the mean
standard deviation across the CMIP6 ESMs is 23 umol/kg, which is a factor of three greater than
the near-surface waters and a factor of seven greater than the observational uncertainty in the
thermocline. The high mean bias and RMSE indicate that the model skills are weaker in the ther-
mocline, and the models have greater uncertainties. This highlights the importance of considering
model structural uncertainties and biases, as climatological means tend to average out variabil-
ity. As a result, many CMIP6 models’ climatologies can lie outside of the observational range in
the thermocline. Regionally, tropical oceans in all basins show an overestimation of O, in the
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Table 3 Climatological O, inventories from observational datasets in units of PmolO, (=10 molO,)

0-100 m 100-300 m 300-600 m 600-1,000 m 0-1,000 m

WOA23 7.05 11.40 14.36 17.12 49.92
RB23 7.06 11.47 14.49 17.27 50.28
Ito24 7.05 11.44 14.41 17.20 50.11
IAP 7.03 11.39 14.36 17.13 49.91
GOBAI 6.98 11.19 14.12 16.91 49.19
Ensemble mean 7.03 11.38 14.35 17.13 49.88
Ensemble standard 0.03 0.10 0.12 0.12 0.37

deviation
Ensemble standard 0.42 0.87 0.86 0.71 0.75

deviation (%)

The quasi-global domain, excluding the Arctic Ocean and marginal basins, is used for global integration. Abbreviations: GOBAI, Gridded Ocean Biogeo-
chemistry from Artificial Intelligence; IAP, Institute of Atmospheric Physics; Ito24, Ito et al. 2024a; RB23, Roach & Bindoff 2023; WOA23, World Ocean
Atlas 2023.

near-surface (0-100 m) waters despite the larger model uncertainties. In the thermocline, tropical
oceans, as well as the North Pacific and Southern Oceans, show greater model uncertainties.

Next, we compare the volume-integrated O, inventory in the upper 1,000 m based on the an-
nual mean climatology. A quasi-global land-ocean mask is developed based on ocean grid cells,
incorporating all datasets that contain O; values, including observations and models. Applying
the standard land-ocean mask is crucial for the intercomparison of the O, inventory. This quasi-
global domain has somewhat less ocean volume compared to the realistic global ocean bathymetry
because it excludes the Arctic Ocean and all marginal basins. The common units for O, concen-
trations are moles per unit mass, and seawater density needs to be considered before integrating
over the ocean volume. For simplicity, we use a uniform constant density of 1,025 kg/m?® such that
differences in O, inventories arise solely from the climatologies.

Observation-based O, inventory is approximately 50 PmolO, for the 0-1,000-m depth range in
the quasi-global domain (Table 3). Ensemble standard deviation for different depth levels ranges
from 0.03 to 0.37 PmolO,, or equivalently, 0.42% to 0.87%, smaller than the grid-level uncer-
tainty of ~1%. Comparing individual datasets, the GOBAI O, inventory is the smallest across
all depth ranges, likely reflecting that all datasets have the same temporal coverage (1965-2014),
except for the WOA23 (1965-2022) and GOBAI (2004-2022). Thus, GOBAI covers only recent
periods, and considering the potential impact of the multi-decadal loss of O,, we anticipate better
agreement when the GOBAI O, inventory is excluded. Indeed, the ensemble standard deviation
ranges from 0.01 to 0.15 PmolO,, or equivalently, 0.13% to 0.35% when recalculated without the
GOBAI dataset. In this case, the observation-based O, inventories are closely consistent with one
another, with less than O(0.1%) uncertainty with the standardized analysis period.

The CMIP6 ESMs’ O, inventory exhibits much larger uncertainties. The temporal coverage
of the models is standardized from 1965 to 2014, matching the observations (except for GOBAI).
Across all depth ranges, the model-based inventory is slightly higher than the observations
(Table 4). The multi-model mean of 51.7 PmolO, for the 0-1,000-m-depth range is about 3.6%
higher than the observational ensemble mean. The multi-model standard deviation ranges from
0.1 to 4.0 PmolO,, or equivalently, 1.6% to 13.1%, which is about an order of magnitude greater
than the observational uncertainty. The most significant model uncertainty, at 13.1%, is found
in the intermediate water of the 600-1,000-m depth range, followed by the lower thermocline,
with 8.9% uncertainty in the 300-600-m depth range. Model uncertainties are relatively smaller
in the shallower waters. Climatological means tend to average out the internal variability, so the
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Table 4 Climatological O, inventories from the Coupled Model Intercomparison Project phase 6 historical runs in
units of PmolO; (=10"° molO;)

0-100 m 100-300 m 300-600 m 600-1,000 m 0-1,000 m
Australian Community Climate and 7.05 12.34 1536 16.96 51.71
Earth System Simulator Earth System
Model version 1.5 (ACCESS-
ESMI-5)
Canadian Earth System Model version 5 7.31 12.92 16.34 20.51 57.08
(CanESMS5)
Canadian Earth System Model version 5 7.07 12.77 16.42 19.25 5551

Canadian Ocean Ecosystem model
(CanESMS5-CanOE)

Euro-Mediterranean Centre on Climate 7.01 11.53 13.64 16.25 48.42
Change Earth System Model
version 2 (CMCC-ESM2)

Centre National de Recherches 7.05 11.30 13.98 14.80 47.13
Meétéorologiques Earth System Model
version 2-1 (CNRM-ESM2-1)

Energy Exascale Earth System Model 7.32 11.24 11.25 11.20 41.01
version 1-1 (E3SM-1-1)

Geophysical Fluid Dynamics Laboratory 7.19 12.51 15.59 18.79 54.07
Climate Model version 4 (GFDL-
CM4)

Geophysical Fluid Dynamics Laboratory 7.14 12.29 15.72 17.56 52.71

Earth System Model version 4
(GFDL-ESM4)

Institut Pierre-Simon Laplace Climate 7.17 12.32 16.06 17.66 53.22
Model version 6A Low Resolution
(IPSL-CM6A-LR)

Model for Interdisciplinary Research on 7.09 12.04 14.89 17.83 51.86
Climate, Earth System version 2 for
Long-term simulations (MIROC-
ES2L)

Max Planck Institute for Meteorology 6.97 11.81 15.10 16.93 50.81
Earth System Model version 1.2 Low
Resolution (MPI-ESM1-2-LR)

Meteorological Research Institute Earth 7.27 12.39 16.35 20.01 56.02
System Model version 2.0
(MRI-ESM2-0)

Norwegian Earth System Model 7.00 11.85 15.05 17.46 51.36
version 2 (NorESM2-LM)

UK Earth System Model version 1.0 7.07 11.33 14.47 19.47 5233
(UKESM1-0-LL

Ensemble mean 7.12 12.05 15.02 17.48 51.66

Ensemble standard deviation 0.11 0.53 1.34 2.29 3.95

Ensemble standard deviation (%) 1.57 441 8.91 13.08 7.65

The quasi-global domain is used for the volume integration, consistent with the one used for the observation-based dataset.
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relatively large intermodel differences indicate the importance of model structural uncertainties
in the model representation of ocean ventilation and respiratory O; loss in the lower thermocline
and intermediate waters. Despite a relatively large spread across individual models of O(10%),
the multi-model mean O, inventory is much closer to the observations within a few percent, in-
dicating that the CMIP6 models, when averaged together, are better compared to the observed
climatological mean inventories.

4. MULTI-DECADAL O, CHANGES

Multi-decadal changes in O, inventories are calculated from four observation-based datasets
(Ito22,RB23, GOBAI It024) and the 14 CMIP6 historical runs using the same land-ocean masks.
The observational ensembles comprise datasets based on bottle data only (Ito22), bottle and CTD-
O, (RB23), bottle and Argo-O, (GOBAI), and bottle, CTD-O,, and Argo-O, data sources (Ito24),
utilizing different types of mapping interpolation methods, ranging from statistical to machine
learning-based approaches. Directly comparing observation-based and model-based O, inven-
tories is challenging due to the large intermodel spread of O(10%). Thus, the comparison is
performed on the O, inventory anomalies after removing the mean seasonal cycle and subtracting
the decadal means from 1965 to 1975 from each dataset (Figure 4a,b). The comparison focuses
on the depth ranges of 0-1,000 m and 100-600 m for the period 1965-2014, except for GOBAI,
which spans 2004-2022. To calculate the O, inventory anomalies for the GOBAI dataset, the
1965-1974 decadal mean from the Ito24 dataset is subtracted, forming a nearly continuous time
series with a consistent offset for the baseline (1965-2014) condition.

Observed multi-decadal trends exhibit a wide range of variation. The multi-decadal trends
from the three datasets (Ito22, RB23, and Ito24) are —107, —225, and —309 Tmol/decade
(1 Tmol = 10"? mol) (equivalent of 1.1%, 2.6%, and 3.1% O; loss) for 0-1,000 m and —69, —129
and —174 Tmol/decade (equivalent of 1.3%, 2.5%, and 3.4% O; loss) for 100-600 m over the
50-year period from 1965 to 2014. The GOBAI dataset is limited to recent periods (2004-2022).
Due to the difference in time period, the GOBAI dataset is not included for further comparison of
multi-decadal trends, but it appears to follow close trajectories with the Ito24 for the overlapping
period (Figure 4a,b). This leaves only three datasets, Ito22, RB23, and Ito24, that fully cover the
50-year period from 1965 to 2014. It is not adequate to fully characterize the observational uncer-
tainties of O, inventory trends with only three datasets, which makes our assessment preliminary.

The weakest trend from the observations is found in the Ito22 dataset, with 107 and
69 Tmol/decade for depths of 0-1,000 m and 100-600 m, respectively. These trends from Ito22
appear to be much smaller than those in the other two datasets, and their interpretation requires
caution. The Ito22 dataset is based solely on the bottle data, and data gaps are filled using the
optimal interpolation method. The optimal interpolation method tends to fill data gaps with di-
minishing anomalies when there are no nearby observational data points. In the case of Ito22,
a Gaussian covariance is assumed with a 750-km e-folding length scale. The amount of bottle
O, data has been declining steadily since the 1990s, resulting in wide data gaps after the 1990s
(Figure 1). When the optimal interpolation is applied to such sparse data, many grid cells contain
no bottle samples within a few multiples of the e-folding scale, and it significantly underestimates
the O, anomalies (Tto et al. 2024b). The RB23 dataset includes bottle and CTD-O; data sources,
whereas the Ito24 dataset includes bottle, CTD-O,, and Argo-O, data sources offering more
extensive data coverage, especially after the 2010s.

The CMIP6 ensemble’s O, trends are 110 46 and 74 & 27 Tmol/decade from 1965 to 2014 in
0-1,000 m and 100-600 m depths, respectively (equivalent to 1.1 £ 0.5% and 1.4 + 0.5% O, loss
over the 50-year period). The model uncertainty is calculated as the ensemble standard deviation

www.annualreviews.org o Observed and Simulated Ocean Deoxygenation

253



O, inventory anomaly: 0-1,000 m 0O, inventory anomaly: 100-600 m

T T T 02+ -
a
of - of -
° °
£ £ 02 -
2 sk 4 £
g >
2 8 -04f ]
c c
[ [
Z-10F CMIP6 models 1 E _os .
~ ——— RB23 N
o to22 o
[to24 -08| 7
-15F GOBAI (2004-) 7
1 1 1 -1.0 -
1980 2000 2020 1980 2000 2020
Year Year
Linear trend: 0-1,000 m Linear trend: 100-600 m
T T T T T T T
5@ e O . st @ ® O ® 4
£ £
8 4+ 4 2 41
S S
v v
(-} (-}
v v
o L 4 o L
s 3 I 3
£ £
= I CMIP6 models <
3 2 @ re23 - 3 2+
€ O 022 €
2 [ @ o 1 2 4L
@ GoBAI (2004-)
0 1 1 1 0 1 1 1
-04 -03 -0.2 -0.1 0 -0.25 -0.20 -0.15 -0.10 -0.05
0, inventory trend (Pmol/decade) 0, inventory trend (Pmol/decade)
Figure 4

Observed and simulated O inventory trends. (#,5) O; inventory anomaly time series relative to the (1965-1974) decadal means for the
0-1,000-m and 100-600-m depth ranges. (c,d) Distribution of CMIP6 models’ O; inventory trends for the 0-1,000-m and 100-600-m
depth ranges. The time period for the trend calculation is 1965-2014, except for the GOBAI dataset, which spans 2004-2022.
Abbreviations: CMIP6, Coupled Model Intercomparison Project phase 6; GOBAI, Gridded Ocean Biogeochemistry from Artificial
Intelligence; Ito22, Ito 2022; Ito24, Ito et al. 2024a; RB23, Roach & Bindoff 2023.

across the 14 models. Comparing the observed and modeled O, trends for both depth ranges,
the CMIP6 models likely underestimated the multi-decadal O, trends, as the multi-model mean
trends are separated from the two observational datasets (RB23 and Ito24) by more than two times
the multi-model standard deviations. The CMIP6 ensemble mean overlaps with the weakest one
of the three observational datasets (Ito22). However, the Ito22 dataset likely underestimated the
O, inventory anomalies in recent years due to the very sparse primary data sources used.
Additional insights can be gained by inspecting the spatial patterns of the O, change
(Figure 5). First, O, concentration is vertically integrated over the 0-1,000 m and 100-600 m
layers separately, and then its linear trend is calculated for the period from 1965 to 2014, yielding
two-dimensional (longitude-latitude) maps of multi-decadal O, trends. This is performed for the
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Figure 5

Observed and modeled patterns of multi-decadal O, trends from 1965 to 2014. (#,5) The observational trends are the average of the
three datasets (Ito22, RB23, Ito24). The dots are placed where all three observational products agree on the sign of the trend. (c,d) The
CMIP6 multi-model mean trends across the 14 models. The dots are placed where more than 80% of the models agree on the sign of
the trend. Abbreviations: CMIP6, Coupled Model Intercomparison Project phase 6; Ito22, Ito 2022; Ito24, Ito et al. 2024a; RB23,
Roach & Bindoff 2023.

Ito22, RB23, and Ito24 datasets, and their average values are plotted for the observation-based
dataset (Figure 54,b). For the model-based trend patterns, the multi-model mean is plotted for
the CMIP6 trend patterns (Figure 5c,d). To indicate the robustness of the observed trend in the
maps, a marker is placed on the grid cells where all datasets agree on the sign of the trend. For
the models, a marker is placed on the grid cells where at least 80% of the models agree on the
sign of the trend. Observation-based O, trend patterns are generally similar between the three
datasets, indicating a robust spatial structure. Spatial patterns of the observation-based O, trends
reveal a substantial decrease in O, in the subpolar North Pacific, tropics, and Southern Ocean.
There are also regions of weak O, increase in the subtropical North Pacific, subtropical South
Pacific, and subtropical South Indian Ocean. The Atlantic Ocean, overall, shows a clear moderate
decrease in O,, except for the subpolar warming hole in the north, which has been observed to
exhibit multi-decadal variability (Rhein et al. 2017).

CMIP6 multi-model mean O, trends are weaker than the average of three observation-based
datasets, as was the case for the inventory trends, but there are some regional differences. In the
subtropical and subpolar North Atlantic, the CMIP6 O, trends are similar to the observations,
and many models agree on the sign of the O, trend in this region, indicating robustness. In other
regions, there is much weaker agreement among the models on the sign of O, trends. Models
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Observational and CMIP6 trends: 0-1,000 m

disagree on the tropical O, trends, with minimal trends in the multi-model means in the tropical
latitudes. Similarly, the subpolar North Pacific is a region of relatively weak multi-model mean
trends, whereas the observational dataset shows a strong deoxygenation trend. Long et al. (2016)
and Abe & Minobe (2023) demonstrated the strong influence of internal variability in the North
Pacific, suggesting that the superposition of internal variability and anthropogenic trends may
be behind the extreme O, trends observed, whereas models show diverging O, trends in this re-
gion. The tropical Pacific Ocean is influenced by the strong interannual variability associated with
the El Nifio—Southern Oscillation, and the combination of internal variability and anthropogenic
trends is likely important there. The extratropical Southern Hemisphere oceans are also the re-
gions where observations show a strong decline in oxygen, while the multi-model mean is close
to neutral, with weak robustness across the models.

Both observational and model uncertainties must be considered when comparing O, inven-
tories from different observations and CMIP6 models. The ranges of O, inventory trends can
vary depending on the ocean basins. The distribution of the model-based O; inventory trends re-
veals a significant spread in the Pacific basin and the Southern Ocean (Figure 64). These regions
also exhibit large observational uncertainty. The North Atlantic, South Pacific, and South Indian
Oceans exhibit good agreement between observations and models. In these regions, observational
and model uncertainties are of intermediate magnitude, and the observational estimates are within
the range of the CMIP6 ensembles. The CMIP6 models agree on the O, trends in the Equatorial
Atlantic and South Atlantic Oceans. However, there are significant differences between the model
and observation-based O, trends in these regions. We note that the tropical Atlantic is a region
with complex interannual variations (Koseki et al. 2023) with different physical dynamics affecting
decadal oxygen variations at different depth levels (Hahn et al. 2017).

Model and observational differences: 0-1,000 m
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Regional O; inventory trends with observational and model uncertainties for the top 1,000 m. (#) A box-whisker diagram plotted for
the nine regions based on the distribution of the CMIP6 multi-model statistics. Colored dots indicate the estimates from the three
observation-based datasets. () Scatter plot of the nine ocean basins with observational uncertainty on the x axis and model uncertainty
on the y axis. Observational uncertainties are set to the (maximum-minimum) range among the three datasets. Model uncertainties are
set to two times the multi-model standard deviation. The size of the circle indicates the magnitude of the difference between
observations and multi-model mean O; trends for each region. Dashed lines separate the four quadrants at the boundaries of

25 Tmol/decade. Abbreviations: CMIP6, Coupled Model Intercomparison Project phase 6; Ito22, Ito 2022; Ito24, Ito et al. 2024a;
RB23, Roach & Bindoff 2023.
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In general, the observational and model uncertainties appear to be linked (Figure 6b), with a
correlation coefficient of 0.7. To the leading order, it can be explained by the ocean volume. More
voluminous basins contain more O, molecules, leading to greater differences in the inventory. The
regions in the first quadrant of Figure 6b are large basins with significant internal variability and
limited observational coverage. This domain encompasses the North Pacific and the Southern
Ocean. CMIP6 multi-model means appear to underestimate the deoxygenation trends in these
basins, but both observational and model uncertainties are high.

CMIP6 models do not agree on the sign of the trend in most of the North Pacific basin and
the Southern Ocean (Figure 5¢,d), indicating substantial internal variability. The North Pacific
O; trends are subject to the internal variability (Abe & Minobe 2023, Long et al. 2016, Mecking
& Drushka 2024), which may be linked to the physical oceanographic and climate variability in
this region (Andreev & Baturina 2006, Deutsch et al. 2005, Kwon et al. 2016, Osafune & Yasuda
2013, Stramma et al. 2020, Toyama et al. 2015).

In the second quadrant, the South Pacific Ocean shows relatively large model uncertainty, but
the observational uncertainty is small. There is a relatively small difference between the multi-
model mean and the observed trend there. The Southern Ocean and the South Pacific Ocean
exhibit similar model uncertainties; however, there are much higher observed uncertainties in the
Southern Ocean. The uncertainties in the Southern Ocean can involve multiple factors, includ-
ing the inherent complexity of the physical climate system and its interactions with the ocean
biogeochemistry, the important roles of parameterized small-scale physics, and the sparse obser-
vations (prior to the Argo-O, era). The effects of increasing heat and freshwater fluxes on ocean
ventilation may be partially compensated by the increasing westerly winds (Hollitzer et al. 2024,
Lovenduski & Ito 2009), where the degree of compensation could affect the magnitude of the
net change. Simulated ventilation characteristics of the Southern Ocean critically depend on the
vertical profile mean state, response of ocean jets, mesoscale eddies, and small-scale meanders that
are parameterized in the coarse-resolution ESMs, which can lead to model structure differences
(Abernathey & Ferreira 2015, Bourgeois et al. 2022, Dove et al. 2021, Kamenkovich et al. 2017,
Keppler et al. 2024, Marshall & Zanna 2014, Naveira Garabato et al. 2019).

The Atlantic basin and the South Indian Ocean are in the third quadrant, where both obser-
vational and model uncertainties are relatively small. In the North Atlantic and the South Indian
Ocean, the multi-model means and observations show significant overlap. In the South Indian
Ocean, however, the spatial patterns appear to differ between multi-model means and observa-
tions (Figure 5), and there are individual models that do not align with the observations. The
CMIP6 models are consistent with the observed O, trends in the North Atlantic Ocean, and this
is the only region that exhibits consistency between observations and models. Here, the robust
broad deoxygenation signals have been shown to be related to the persistent warming in both
observations and models (Takano et al. 2023). The Equatorial and South Atlantic basins show
relatively small uncertainties; even so, the Equatorial Atlantic still exhibits significant differences
between observation and model-based O, inventory trends as the model-based O, inventory trend
is outside of the observational range.

Finally, the fourth quadrant includes the Equatorial Pacific and Equatorial Indian Oceans.
These regions show exceptionally large observational uncertainty. Tropical air-sea interaction can
drive strong internal variability in these regions. Furthermore, these tropical basins have been
historically sparsely sampled by all three measurement platforms (bottle, CTD, and Argo) (see
Figure 1). The combination of strong internal variability and low sampling density can pose sig-
nificant challenges in filling data gaps and potentially aliasing the interannual variability in these
regions (Busecke et al. 2019, Czeschel et al. 2012, Deutsch et al. 2011, Duteil et al. 2018, Ito &
Deutsch 2013, Poupon et al. 2023).
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5. DISCUSSION AND FUTURE DIRECTIONS

Both model outputs and observations are subject to uncertainty. To determine whether the models
and observations are consistent, the model-observation differences need to be compared to the
uncertainties. Considering the model uncertainties, it is often assumed that averaging over wide
areas (or large volumes) tends to reduce noise from internal variability. Structural uncertainties
dominate at global scales and over long timescales, where the forced signal (e.g., anthropogenic
warming and associated ocean stratification) is strong, while local O; anomalies caused by internal
variability may cancel out when integrated across vast regions. Conversely, internal variability
tends to play a larger role at regional scales and over shorter timescales, where internal ocean-
atmosphere dynamics and mesoscale processes may locally mask or amplify the forced trends.
This separation provides a useful framework for interpreting differences between modeled and
observed oxygen trends at different scales.

Observational uncertainties are combinations of multiple factors, including measurement er-
rors, sampling errors, and analysis errors. Deconvolving the influence of each factor would require
the coordinated intercomparison(s) of mapped O, concentration by changing one factor at a time,
which is beyond the scope of this review. Here, the spread across the observational products was
used as a pragmatic estimate of observational uncertainty, primarily reflecting the analysis errors
because most data products rely on similar primary data sources but different data QC and map-
ping methods. The datasets analyzed in this study are remapped to a common 1° x 1° resolution;
thus, the primary focus is on global and basin-scale analysis (and not intended for coastal regions).
Regarding sampling uncertainties, it is possible to revisit the model-observation comparisons us-
ing the sampling patterns of the historical observations and compare only the grid cells where
and when observational profiles are available (Ito et al. 2024b) using model ensembles. Although
it is beyond the scope of this review, further work is warranted to thoroughly evaluate sampling
uncertainties.

For the long-term mean climatology, the CMIP6 multi-model mean is in close agreement
with the observational climatology (pattern correlation > 0.9), with a slight overestimation of
2.1 pmol/kg in the near-surface layer (0-100 m). The model-observation differences mainly come
from the tropical oceans at this depth range, where mesoscale processes, turbulent mixing, and
equatorial circulation are poorly represented in ESMs (Busecke et al. 2019; Eddebbar et al. 2021,
2024; Calil 2023). In the thermocline (100-600 m), the pattern correlation remains high (>0.9).
However, the mean bias is greater (9.0 pmol/kg), and there are widespread O(10%) intermodel dif-
ferences, indicative of significant model structural differences for the physical and biogeochemical
processes that affect the mid-depth O, representation (Cabré et al. 2015).

There are outstanding questions about whether the current ESMs can reproduce the long-term
changes in global and regional deoxygenation rates within the bounds of model and observational
uncertainties. There are two main conclusions. First, the CMIP6 models still exhibit significant
mean state biases, especially in the tropics and in the thermocline. The spread in the volume-
integrated O, inventories among the CMIP6 models was O(10%) and is significantly larger than
the magnitude of the multi-decadal O, changes. Second, the CMIP6 models likely underestimated
the ocean deoxygenation rates for the last several decades. Focusing on the linear trend of global
O, inventories from 1965 to 2014, the CMIP6 models underestimated the observed quasi-global
O; trend in the 0-1,000-m depth range (excluding the Arctic Ocean and marginal seas) by more
than two times the multi-model standard deviation relative to the two recent datasets with better
data coverage.

The caveat is that our conclusion is based on only three time-varying observational O,
datasets, which are insufficient to robustly evaluate the uncertainty. Moreover, the observation
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itself suffers from limited data points, which results in larger uncertainty. Comparison among the
three observational datasets revealed that one of the datasets (Ito22) significantly underestimated
the magnitude of the multi-decadal O; trends (in comparison to the other two datasets), likely
due to the extremely sparse bottle data in recent decades. Ito22 used the bottle data only, and
the lack of CTD-O; and Argo-O, data caused severe undersampling after the 1990s, leading to
much weaker multi-decadal O, inventory trends compared to other data products that included
CTD-O, and/or Argo-O, data. Additional observation-based data products are much needed
to better characterize this uncertainty. While our assessment of the observational uncertainty
is by no means complete, the regional-scale comparison between models and observations has
provided some insights into the potential issues in detecting global and regional deoxygenation,
as well as identifying critical areas for further investigation.

It is important to note that while Argo observations have significantly improved the spatial
coverage of oceanic oxygen measurements, they cannot fully replace higher-quality ship-based ob-
servations. In particular, Argo data may introduce new biases (Bushinsky et al. 2025), which could
pose challenges for accurately assessing long-term trends. In contrast, long-term repeat observa-
tion sites such as Hawaii Ocean Time-series (HOT), Ocean Station P (OSP), European Station
for Time Series in the Ocean at the Canary Islands (ESTOC), and Bermuda Atlantic Time-series
Study (BAT'S), as well as repeat sections like the Japanese 137°E line, Line P, and California Coop-
erative Oceanic Fisheries Investigations (CALCOFI), provide high-quality and reliable long-term
datasets, despite their limited spatial coverage. Therefore, to ensure both adequate spatial cover-
age and the long-term stability of data quality, it is essential to integrate Argo and ship-based
observations as complementary components of the global ocean observing system. Along with the
increasing data stream from the autonomous floats, development of optimally extended observa-
tional data products will be crucial for better characterizing the uncertainties. We anticipate more
observation-based O, datasets to emerge soon, utilizing machine learning approaches (Lu et al.
2024, Navarra et al. 2025, Ouala et al. 2026). Including those new datasets will be necessary for
future intercomparison projects.

To further advance our understanding of ocean deoxygenation in ESMs, it is essential to analyze
multiple ensemble members for each model, thereby separating model structural differences and
internal variability. In this review, we did not separate these two sources of uncertainty, as we
analyzed only a single ensemble member per model, as explained in Section 2.2. In particular,
several ESMs in CMIP6 have large ensembles (e.g., Abe & Minobe 2023, Maher etal. 2021), which
are useful for understanding the nature of internal variability in greater detail. This knowledge
can provide valuable feedback in analyses of moderate ensemble sizes.

We also note that ESMs such as those in CMIP6 simulate model-dependent internal variability,
which likely differs from the observations. As stated above, this internal variability may impose bias
in the regional long-term trend in oxygen; hence, models may capture the observed long-term
trend for the wrong reasons. Future studies should consider a better mechanistic understanding
of the role of regional modes of climate variability in subsurface oxygen changes. Model studies on
other biogeochemical cycles (such as carbon) have shown that incorrect interactions with physical
processes from seasonal to interannual timescales lead to biases in regional long-term changes
in the North Atlantic, North Pacific, Equatorial Pacific, tropical Atlantic, and Southern Ocean
(Kessler & Tjiputra 2016, Rodgers et al. 2023, Vaittinada Ayar et al. 2022), all of which have been
shown to experience significant deoxygenation in the recent decades. Alternatively, application of a
large ensemble simulation could be adopted (Long et al. 2016). Concurrently, improving temporal
coverage of observations in the above regions should be considered a priority in the context of
establishing early warning indicators and detection of emerging interior oxygen changes in the
coming decades (Tjiputra et al. 2023).
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This review highlights the need for structural improvements in the physical and biochemi-
cal processes in the ESMs to better represent the mean states of O,. The factors that influence
ocean oxygen inventories are broadly categorized into four groups: (#) biases in model forcings
and feedbacks, (b) biases in physical processes, (¢) biases in biogeochemical processes, and (d) the
role of internal climate variability. Combinations of all these factors can cause the differences be-
tween observation and models. First, carbon dioxide and other greenhouse gas emissions, as well
as natural and anthropogenic aerosols, are the forcings of the climate system changes, together
with effects of various feedbacks in the climate system. The Earth is currently out of the radia-
tive balance—Earth energy imbalance (EEI) at the top of the atmosphere (Boland et al. 2023,
Cheng et al. 2022). Most of the excess heat (positive EEI) goes into the ocean and increases OHC,
which in turn causes changes in oxygen solubility, stratification, and circulation changes (Cheng
et al. 2022, 2025). Biases in forcings and feedbacks may induce biases in the model simulations
of climate change (Myhre et al. 2025). Another potential external forcing is the biogeochemical
forcing of natural and anthropogenic aerosols. Aerosol deposition can be a significant source of
macro- and micronutrients at the air-sea interface, which can substantially modulate surface ocean
productivity and subsurface oxygen consumption on all timescales (Hamilton et al. 2020, 2022;
Ito 2015). Second, physical oceanographic processes can influence the representation of oxygen
in models. Such physical processes may include subduction and ventilation of the thermocline
waters, which can depend on the model resolution and parameterization. Mesoscale ocean eddies
are generally not resolved in coarse-resolution ocean models and are parameterized, which can
have profound influences on the ventilation of oxygen-rich surface waters into the interior ocean
along with other poorly resolved small-scale circulation features (e.g., equatorial zonal jets, tur-
bulence, etc.) (Brandt et al. 2015, Calil 2023, Couespel et al. 2024, Eddebbar et al. 2024, Frenger
etal. 2018, Levy et al. 2022, Margolskee et al. 2019). Third, biological oxygen consumption in the
water column depends on the production of sinking organic matter, its sinking speed, rates of de-
composition, and residence time of interior water masses, all of which depend on changing water
temperatures (e.g., Couespel et al. 2025, Laufkétter et al. 2017, Maerz et al. 2020, Segschneider
& Bendtsen 2013). Finally, simulations of the atmospheric and sea ice states in coupled ESMs and
their coupling with the ocean (e.g., via air-sea interactions, cloud-aerosol interactions, sea and land
ice mel, etc.) differ significantly between models and may influence the structure and variability
of oxygen, irrespective of ocean models’ physical or biogeochemical fidelity. Models can generate
their own trajectories of low-frequency climate variability (e.g., Pacific decadal variability, At-
lantic multidecadal oscillation) that can influence the multi-decadal O, trends. Because oxygen
integrates many physical and biogeochemical factors, both external and internal to the oceans,
there is an opportunity to revisit assumptions and fundamental knowledge of linkages among at-
mospheric, oceanic, and biogeochemical processes. A list of potential future community projects
is provided here to make significant progress in terms of both understanding uncertainties and
improving model representation:

m Develop a community-standard protocol and suite of key features (metrics) for observed
ocean oxygen content that explicitly account for sampling gaps, mapping uncertainty, and
natural variability.

m Evaluate the role of model spatial resolution and physical parameterization on oxygen biases
and variability through an intercomparison of a hierarchy of models.

m Develop a comprehensive observation-observation, model-model, and observation-model
comparison of gridded oxygen datasets, including ensembles of model simulations in the
multi-model context.
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m Design model experimental protocols for hindcast simulations that include a consistent spin-
up strategy and model initialization to better constrain oxygen mean-state biases and long-
term trends.

m Develop a ventilation-focused model intercomparison with standardized diagnostics (wa-
ter age, transient tracers, transit time distribution) in parallel with the above hindcast
simulations.

m Develop a biogeochemically focused model intercomparison with standardized physical
forcings and diagnostics (e.g., oxygen production and remineralization rates, detailed oxygen
budget terms for process attributions).
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