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Abstract. Dissolved oxygen (DO) serves as an essential indicator of marine ecosystem health. However, sparse and uneven
observations have limited our ability to characterize its full spatiotemporal variability, underscoring the continued need for
long-term, high-resolution, and physically consistent global DO datasets. Here, we present GEOXYGEN, a global dataset of
monthly DO fields at 0.5° x 0.5° resolution spanning 1960-2024 and depths from the surface to 5500 m (Wang et al., 20252026,

https://doi-ore/10-528/zenodo 17645657 -https://doi.org/10.12157/I0CAS.20260223.002), GEOXYGEN is generated with a

hierarchical modeling framework that accounts for regional and vertical heterogeneity. By integratingcombining physical and
biogeochemical predictors with an adaptive feature- selection strategy, GEOXYGEN achievesdemonstrated high predictive
accuracy across-alh-depth-layers-onan(R? > 0.9) in independent eut-of-time-test-{R2>0-92).temporal tests. The reconstructed
spatial patterns align closely with the World Ocean Atlas 2023 climatology, and in subsurface and-deep-waters, GEOXYGEN

demonstrates superior generalization relative to existing data-driven products. A—sensitivityUncertainty analysis further

revealsshows that ineluding—the uncertainty in coastal data i
approximately 7-5%;-underseoringtwice that eurrent-observing systems—of the open ocean, while long-term deoxygenation
trends remain insufficientto-reliably resolve nearshore DO-dynamiesstable even without satellite-era sea-surface predictors.

Additionally, a ship-only analysis of the Southern Ocean indicates that early reconstructions are robust, unaffected by the

inclusion of Argo observations. GEOXYGEN previdesoffers a consistent, physically informed baseline for

analyzinginvestigating global and regional DO variability providing an important

tool for evaluating and-imprevingethe representation of DO in climate and Earth system models-and-can-support-future studies
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1 Introduction

Ocean dissolved oxygen (DO) concentration serves as an essential indicator of marine ecosystem health and biogeochemical
status (Robinson, 2019; Grégoire et al., 2023). Beyond its ecological significance, DO plays a critical role in modulating
climate-relevant biogeochemical feedbacks in the global carbon cycle (Gregoire et al., 2021; Oschlies, 2021; Yamaguchi et
al., 2024). Observations over recent decades reveal marked spatiotemporal variability in DO, accompanied by a clear trend
toward deoxygenation (Ito et al., 2017), particularly within tropical oxygen minimum zones (OMZs) and in subsurface waters
at mid to high latitudes (Bopp et al., 2013; Li et al., 2020). This loss of oxygen is projected to persist under continued global
warming (Gong et al., 2021; Zhou et al., 2022), with growing consequences for marine habitats, fisheries, and ecosystem

services (Breitburg et al., 2018; Kim et al., 2023; Chen et al., 2024; Humphries et al., 2024).

Sparse and heterogeneous observational coverage hampers—anhinders accurate estimateestimation of the global oxygen
inventory- s. A seminal study by Schmidtko et al. (2017) estimates a 2% decline

(4.8 + 2.1 Pmol) in the global ocean oxygen inventory from 1960 to 2009. Yet, the accuracy of such an estimate depends
heavily on the observations used. Historically, DO measurements have been sourced from ship-based campaigns compiled in
global databases such as the World Ocean Database (WOD) and the Global Ocean Data Analysis Project (GLODAP), which
exhibit strong spatial and temporal sampling biases (Garcia et al., 1998). The resulting unevenness in data availability across
time, space, and quality standards, especially in coastal waters, complicates robust quantification of deoxygenation rates,
particularly in dynamic and vulnerable systems such as coastal shelves-and-pelareceans.. These limitations underscore the
pressing need for a spatially continuous, long-term, and accurate global DO reconstruction.

Multiple approaches have been developed to address these observational gaps. Earth system models (ESMs) simulate four-
dimensional DO fields continuously but often suffer from systematic biases and incomplete representation of multi-scale
processes (Cocco et al., 2013; Oschlies et al., 2018). Limited observational constraints further compound uncertainties in model
evaluation and in projections. Traditional statistical interpolation methods can reproduce mean climatologies but frequently
underestimate trends in data-sparse regions and fail to capture seasonal to interannual variability (Ito et al., 2024b; Cheng and
Gouretski-et-al;2024b, 2024). In recent years, data-driven machine learning (ML) has emerged as a promising alternative,
leveraging relationships between DO and physical or biogeochemical covariates to reconstruct continuous four-dimensional
fields from sparse in situ measurements (Sharp et al., 2023; Garabaghi et al., 2023; Huang et al., 2023; Wang et al., 2024; Lu
etal., 2024). In principle, ML can recover local variability and identify deoxygenation risk without relying on computationally
expensive coupled simulations.

Despite this potential, several methodological challenges remain. First, many existing ML reconstructions employrely on a

single model trained on global-_ocean data: . However, the dominant
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physical—_and biogeochemical controls on DO as—wel—as—the—spatial-heteregeneity—of pr ary markedly across

biogeochemieal provineesregions, and the relationships between DO and its environmental drivers are strongly nonstationary
in space and time (Garabaghi et al., 2023). ThisAs a result, a unified global appreach-tends-te-blurcontrastsbetween-water-
mass-regimes-and-degradeskilmapping can be unduly shaped by data-rich areas, so that inferred relationships in dynamieally

sdata-sparse regions are effectively constrained by

remote analogs, yielding unstable long-term trends. Second, a common workflow is to first reconstruct DO at scattered profile

locations and then interpolate these point estimates onto a regular grid, often using a limited set of predictors such as
temperature and salinity (Sharp et al., 2023; Wang et al., 2024; Liu et al., 2025). In data-sparse regions, this two-step procedure
encourages extrapolation, propagates local errors, and can generate spurious fine-scale structure that is not supported by the
underlying observations, particularly near sharp DO gradients and in historically undersampled basins. Third, training models
directly on raw profiles amplifies sampling biases: autonomous platforms such as Argo repeatedly sample specific regions and
depth ranges, whereas historical ship-based surveys are concentrated along cruise tracks (Huang et al., 2023; Lu et al., 2024).
Without explicit rebalancing or weighting, ML models place disproportionate emphasis on well-observed areas and generalize
poorly elsewhere, leading to reconstructions that systematically underrepresent variability and trends in data-poor regions.

At the dataset level, available ML-based global DO products, such as GOBAI-O: (Sharp et al., 2023), G4D-DOC (Xue et al.,
2024), and ME40-ML402 (Ito et al., 2024a), represent important advances, providing monthly gridded DO fields at 1°
resolution over multi-year to multi-decadal periods and resolving much of the upper and intermediate ocean. However,
theythese products are alby-typically either limited eitherto-the Arge-erain temporal coverage or to-depths-shallower-than

abeutdo not extend below approximately 1000-2000 m. To our knowledge, there is currently no single observation-based

product that combines pre-Argo coverage from the 1960s, full-depth global fields, and sub-degree horizontal resolution.
To address these methodological and dataset-level limitations, we generated GEOXYGEN, a monthly global DO dataset at
0.5° x 0.5° resolution on 187176  depth levels from 1960 to 2024 (Wang et al,

20252026, https:/doi-org/10-528Hzenodo17645657https://doi.org/10.12157/I0CAS.20260223.002).  The  dataset s

generated by combining a global compilation of in situ DO profiles with objectively analyzed temperature—salinity fields and

related sea-surface environmental variables, and by learning their relationships with DO through a regionally structured, depth-

aware, and adaptively constrained machine-learning framework. Our—approach phicitly—aceounts—for—stron

spatiotemporalSpecifically, we implement heterogeneity-by-based partitioning the-ocean-into-ecogeographical-maecro-regions

and-by training separate submodels for differenteach depth layerslayer within each region and incorporating monthly

climatological environmental state fields as prior information. Within each region—depth unit, we adaptively select predictive

features from a suite of variables including temperature, salinity, oxygen saturation, physical indicators, carbonate-system
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parameters, and bio-optical properties, thereby ensuring physical interpretability while minimizing redundancy. To mitigate
sampling bias and boundary discontinuities, we implementapply inverse-density weighting, year-groupeddecadal-block cross-
validation, and cross-boundary fusion-technigues. The resulting GEOXYGEN product provides a consistent, long-term, and
spatially complete representation of global DO suitable for quantifying global and regional deoxygenation, diagnosing

underlying drivers, and evaluating Earth system and biogeochemical models.

2 Data

2.1 In-situ-oxygen-ebservationsOxygen Data

To suppertreconstruct a data-driven—reconstruction—of-dissolved—oxygen—(PO)long-term, global ocean DO data set, we

compiled a-globalcollection-ef several complementary in situ measurementsby-integrating six major international- data seurees:
theproducts. These include CLIVAR and the Carbon Hydrographic Data Office (CCHDO), the-Global-Ocean-Data-Analysis

Projeet{GLODAP;, the GEOTRACES Intermediate Data Product 2024-(IDP2021), Biegeochemical Arso(BGC-Arge),the

Werld-OceanDatabase2023-(WOD23: Mishenev—et-al2024) and-the-the OceanSITES fixed-point-ebservatorymooring
network- and the internally consistent OSD/CTD

and Argo DO data set of Gouretski et al. (2024). The OSD/CTD and Argo profiles eeHeeted—ia—bette—easts (OSD);

ConduetivityTemperatureDepth-(CTD)prefilersare merged under a single automated QC framework, and Argo fleatsDO

biases are evaluated and corrected using contemporaneous reference measurements. This makes the quality more consistent

across platforms and helps reduce platform-related systematic differences that can affect later modeling.
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A rigorous dual-stage QC protocol ensured observational reliability. The primary stage involved standardizing metadata

formats and units across disparate sources, retaining only observations flagged as “good” or “probably good”. Spurious

terrestrial signals were omitted via land-masking, and duplicate profiles—defined by coincidence criteria of < 1 km spatial

distance and < 24 h temporal difference—were identified across archives. In cases of redundancy, we prioritized profiles with

the highest vertical sampling density.

Standardization was further achieved by mapping observations to 176 vertical levels, adopting an expanding grid resolution

10 m intervals above 800 m, 20 m to 2000 m, and 100 m thereafter down to 5500 m). This configuration aligns with the

vertical frameworks of CORA and ISAS17 (Szekely et al., 2019; Kolodziejczyk et al., 2023). For the original profiles, DO

temperature, and salinity were mapped using a shape-preserving piecewise cubic Hermite interpolator (PCHIP) strictly within

the observed pressure range, precluding vertical extrapolation. Profiles from Gouretski et al. (2024) were utilized directly

without further interpolation as they were pre-aligned to these standard levels.

To avoid adding values in large vertical gaps where observations are sparse while retaining only levels that are locally

supported by sufficient observations, we applied an “observation constraint™ filter to the interpolated standard-level data. For

each standard level z, we first used a strict window x(z): the level is kept if at least one observed pressure exists within
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+x(z). For levels that fail the strict window, we then applied a relaxed window y(z). but required at least two observed

pressures within +y(z). The windows vary with depth y, as described in Eq. (1).

2, z<50 5, z <50

x(2) = 5 50<z<800 m (@) = 15, 50 <z <800 m W
10, 800 <z <2000 30, 800 < z <2000
20, z> 2000 120, z> 2000

We also recorded an_interpolation uncertainty term, Gipgerp. to represent the local error scale introduced by vertical

interpolation, as defined in Eq. (2). Using a first-order approximation, this uncertainty depends on the local vertical DO

gradient and the distance to the nearest valid observed pressure. We estimated the local gradient |00,/ dp(z)|_from adjacent

observed points along the profile, defined Ap(z)_as the pressure distance between the standard level and the nearest valid

observed point.

70,

Uinterp(z) = ap

(Z)| - 4p(2), Q)

A second QC stage was applied to the standard levels. First, we excluded records where DO exceeded the 0-600 umol kg*

range. Next, to limit uncertainty from vertical interpolation, data with jnerp > 3_ptmol kg' were removed, based on the 95th

percentile of Gjpeerp_across all standard-level samples. Finally, following TEOS-10, oxygen saturation percentage (Sat%) was

computed using in-situ temperature and salinity data. For standard levels deeper than 200 m, records with O,_saturation >

120% were considered erroneous and removed.
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Figure 1: Global distribution and temporal coverage of DO profiles. (a) Changes in the number of profiles from major data sources

during 1950-2024. (b—c) Spatial distribution of decadal-mean profile counts for 1960-1980 and 2000-2020, computed on a 1° x 1°

grid;—showing—a—tr t from—predominantly Northern Hemisphere pling—to—much—denser—coverage—in—the Southern
Hemisphere:, The color bar indicates the decadal number of profiles per grid cell (log scale). G24 denotes the oxvgen

compilation of Gouretski et al. (2024).
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Aceurately-predietingAfter two-stage QC, we assembled a high-quality archive of 930,252 DO profiles, of which 94% are

derived from the OSD, CTD, and Argo platforms. Figure la captures the decisive transition in the historical data record: a

long-standing reliance on ship-based OSD and CTD profiles was superseded post-2000 by the exponential growth of the Argo

network, which now serves as the backbone of global oxygen monitoring. Platform-specific dominance is also depth-dependent.

defining the vertical representativeness of the dataset. Above 800 m, the combined prevalence of OSD, CTD, and Argo remains

robustly above 90%. However, the intermediate depths (800—1800 m) mark a transitional zone where Argo’s increasing share

compensates for the thinning OSD/CTD coverage. Beyond 2000 m, where Argo penetration is limited, the deep-ocean

constraint returns to the OSD and CTD platforms, which maintain a prevalence of at least 80%. This tiered vertical structure

ensures that secondary data products remain supplementary to the core observational framework.

The geometric evolution of sampling has shifted from ship-track-oriented linear clusters to a near-planar global distribution.

This shift is most evident in the Southern Hemisphere, where coverage increased from extreme sparsity prior to 1980 to
8
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approximately 36% of the global total in the 2000-2020 interval. This globalization of the data stream, driven by the Argo

array, has mitigated historical hemispheric imbalances, although systematic gaps persist in marginal seas, the central Pacific,

and ice-influenced Arctic regions.

Acknowledging that uneven observational density poses a risk of artificial signal dominance from high-coverage eras, our

methodology incorporates specific safeguards to ensure trend stability. By adopting heterogeneity-based partitioning modeling

and decadal-scale transferability assessments, we reduce the risk of data-sparse regions being dominated by modern sampling

patterns. These efforts are further supported by an inverse-density weighting scheme and the use of grid-representative values

which together enhance the influence of sparse historical records and maintain the physical interpretability of multi-decadal

oxygen trends.

2.2 Features Data

Accurate reconstruction of ocean deoxygenation requires-denser;tongerneeds both long, dense DO observations; and drivers

meet-this-need,—we-complement-objectively-analyzed-Consequently, we leverage three-dimensional thermodynamic fields
(temperature— and salinity-fields—with) alongside a curated suite of sea- surface environmental variables (SSEVs); providing

physieally-eonsistent-and-) to establish a process-informed predietorsfor DO-reconstruetionbased predictor space (Table 1).
We-derive-threeThree-dimensional temperature and salinity fields are taken from the Coriolis Ocean Dataset for Reanalysis,

CORA) (Szekely et al., 2025);). CORA is a CMEMS objective analysis that eempilesuses the ISAS objective mapping system

to merge in situ temperature and salinity using the ISAS-ebjective-mapping system;integrating-observations from ships, Argo

floats, and other in-situ-platforms. This-dataset-undergoeslt also applies delayed- mode quality control to ensuresupport long-

term stability and global eeherenee—Usingconsistency. From these fields, oxygen saturation (O, Sat) is derived according to

the TEOS-10 standard;—

a— (10C,

2010)-its-deviationfrom-). The resulting discrepancy between observed DO refleets-biologiealand O Sar serves as a critical

proxy for the integrated influence of microbial respiration and physical sixingventilation dynamics.

In—parallel,—we—assembleComplementarily, we assembled a multidimensional suite of SSEVs—spanning, encompassing
thermodynamic, dynamical, bio-optical, and carbon-chemistry ps supporting-data-driven-reconstruetionfeatures (Shao

et al., 2024; Ma et al., 2025). Wind vectors (zenal-and-meridional-components;U and V) are taken from NASA’s Cross-
Calibrated Multi-Platform (CCMP) product (Mears et al., 2022). Mixed-layer depth (MLD) is obtained from the CMEMS
Multi-Observation Global Ocean 3D product (Guinehut et al., 2012). Dynamical variables include sea surface height (SSH)
and eddy kinetic energy (EKE), both derived from AVISO satellite altimetry (Hauser et al., 2020). Bio-optical variables

comprise photosynthetically active radiation (PAR) and chlorophyll a (Chl-a) from NASA Level-3/Level-4 ocean-color
9
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products (NASA Ocean Biology Processing Group, 2018). Carbon-chemistry variables include dissolved inorganic carbon
(DIC), total alkalinity, pH, sea surface partial pressure of CO: (pCO2), and CO: flux, all obtained from the CMEMS Surface

Ocean Carbon Fields product (Chau et al., 2022; Chau et al., 2024). All feature variables-were, last accessed in March 2025,

were standardized onto a uniform monthly 0.5° grid to maintain spatial consistency across the reconstruction.

variablesFeatures Data

Temporal Temporal
Variable Description Spatial Resolution Data Source
Resolution Coverage
0.255° x 0.255°; 187
Seawater 1960/01 —
Temperature (°C) standard depth levels Monthly
temperature 2024/06
(surface—5500 m)
0.255° x 0.255°; 187
. 1960/01 — (Szekely et al.,
Salinity standard depth levels Monthly
Seawater salinity 2024/06 2025)
(surface—5500 m)
Seawater-oxygen— 025 % 025°-187
O sat Monthly
saturation standard depthevels
- 202406
(calculated) (surface—5500 m)
U-wind vector
U@ms™) component at 10
meters 1993/01 — (Mears et al.,
0.25° x 0.25° Monthly
. 2023/08 2022)
V-wind vector
V(ms™) component at 10
meters
Ocean mixed layer 1993/01 — (Guinehut et
MLD (m) 0.25° x 0.25° Monthly
depth 2022/12 al., 2012)
DIC (pmmetumol Surface ocean 1985/01 — (Chau et al.,

10
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kg™) dissolved inorganic 2023/12 2022; Chau et
carbon al., 2024)
Surface pH on total
pH
scale
Surface aqueous
pCO: (patm) partial pressure of 0.25° x 0.25° Monthly
CO;
CO: flux (mol m2 Surface downward
yrt) flux of total CO,
Alkalinity Total alkalinity in
(pmetumol kg™) surface seawater
Photosynthetically
PAR (molm=2d™)
( available radiation (NASA Ocean
1997/10 — Biology
. 4km/9km Monthly
Mass concentration 2025/202 Processing
Chl-a (mg m™) of chlorophyll in Group, 2018)
surface water
Sea surface height
SSH (m) b "
above geot 1993/01 — | (Hauser ctal.,
0.25° x 0.25° Monthly
2023/08 2020)
Surface averaged
EKE (¢cm?s?)

eddy kinetic energy
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3 Method

ieal- The overall workflow for constructing

the GEOXYGEN dataset is illustrated in Fig. 2, comprising data collection and preprocessing, heterogeneity—by-based

partitioning-the-ecean-into-ecogeographic regions, and model training depth-stratified; region-speeifie CatBoost-medels-with

(BETHER B AR (B8)
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physical- and biogeochemical

stratified—in—bethpredictors. By incorporating a spatial clustering descriptor that captures the vertical-and—herizental

dimensionslarge-scale background structure, and depth-/region-adaptive feature selection, we develop a biogeochemistry-

aware machine-learning framework for gridded DO reconstruction.
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Figure 2: Overall workflow of the GEOXYGEN dataset construction.

3.1 Gridding and Aggregation

To match the spatiotemporal scale of the supervised learning labels with the target reconstruction grid and to reduce sample-

weight bias caused by uneven sampling in space and time, all observations are aggregated to a monthly 0.5° by 0.5° grid.

Within each grid cell, observations are summarized into a single representative value, defined as the median to limit the

influence of outliers and extreme events on the labels. The within-unit dispersion is also computed using the median absolute

deviation (MAD), which serves as an empirical proxy for uncertainty.
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To quantify representativeness error introduced by finite sampling and sub-grid variability within each cell-month-depth

dependen f—pr governirg—DO—unit, within-unit dispersion is used to estimate o,,. Let a unit contain ng

. n
observations {x;}7%

i—1 - The representative value is defined as the robust central statistic, as shown in Eq. (3). We then compute

the dispersion and define it as the representativeness error metric, 0y, as described in Eq. (4), where the factor 1.4826 makes

g pcomparable to the standard deviation under an approximate normal distribution, facilitating comparison across units.

% = median(x;), 3)

MAD = median(/x; — X/), 0,, = 14826 X MAD, 4)

At the same spatiotemporal scale, all environmental variables and DO data are mapped in space and time. To preserve historical

information, all QC-passed DO data are retained even when some covariates such as SSEVs are missing. This sample archive

provides standardized inputs for later model training.

3.2 Heterogeneity-Based Partitioning

Our reconstruction framework utilizes a spatiotemporally stratified approach to address the shifting controlling mechanisms

of ocean deoxygenation across basins and depths (Ma et al., 2025; Ito et al., 2024a). Following the basin definitions in the

World Ocean Atlas 2023 (WOA23: Garcia et al., 2024), we divide-the-0—5500-m-water eolumn-into 187 standard-depth-levels;

foHowingtheadditionally treat the Southern Ocean as a dedicated domain. Accordingly, the horizontal grid is divided into five

primary modeling domains (Atlantic, Pacific, Indian, Southern, and Arctic), which are held constant across vertical grid-efthe

layers to maintain training coherence (Fig. 3). By avoiding highly intricate province boundaries, this design reduces sensitivity

of variability and trend estimates to boundary effects and makes cross-boundary continuity easier to maintain. We further mask

the Mediterranean, Red Sea, and other semi-enclosed marginal seas to focus the reconstruction on open-ocean dynamics

dominated by large-scale circulation and transport.

The vertical architecture utilizes 176 standard levels, as discussed in Sect. 2.1, similar to the CORA-ebjeetive/-analysis-and

ISAS17 elimatelogyframeworks (Szekely et al., 2019; Kolodziejczyk et al., 2023), —An-independent-modelis-trained-atAt

each standard depth;aHewing below 3000 m, the framework te-reselve-depth-varying controls—whilepreserving realistie

(BBTHR: FHHE EE
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n-Seet—4-3 _constraints of the seafloor and data limitations. For each basin and depth layer, separate models are trained based

on the partitioned regions.

B Arctic Ocean (AQ) mm North Pacific (NP) North Atlantic (NA) B South Atlantic (SA)
B Indian Ocean (10) == South Pacific (SP) = Equatorial Atlantic (EA) B8 Southern Ocean (S0)

Within each depth, the SOM_DES predictor accounts for localized variations in water-mass properties and frontal dynamics

by encoding the large-scale, climatological background state. Specifically, for each month and grid cell, we form a four-

dimensional vector [SST, SSS, MLD, DOclim] from the corresponding climatological monthly fields and assign the grid cell

to a discrete SOM class, yielding a categorical environmental-state label. The global ocean is clustered into 25 biogeochemical

regimes. The clustering is based on the joint patterns of multiple environmental fields, and, at this step, the O> climatology is

implicitly assigned a higher weight to obtain a seasonally varying, dynamic partitioning. The SOM is trained directly on these

monthly climatological fields, such that the DO climatology implicitly exerts a stronger influence on the resulting state partition

and ensures that the partitioning evolves coherently with the seasonal DO cycle. This feature-engineering step leverages the

SOM’s ability to map multivariate climatological structure onto a discrete set of regimes while preserving topological

dependencies, thereby providing clear seasonal and spatial context for month-scale DO reconstruction. The background

climatological fields are anchored in WOA23 (upper 1500 m) and the IAP Global Ocean Oxygen gridded product (IAP Oxygen;

Cheng and Gouretski, 2024), ensuring vertically and horizontally comprehensive baseline states. Overall, SOM_DES captures

the large-scale climatological structure of DO and supplies background-state information that supports refined month-scale

DO modeling, improving diagnostic consistency across heterogeneous regimes and reinforcing the physical interpretability of

the global DO product.
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Figure 3: Partitioning of the global open ocean into eight-maero-biogeochemical provineesfive basins.

3:23.3 Adaptive modelingRegional Modeling

Within-each-modelingunit-we-employWe train independent sub-models for each ocean basin partition across 176 standard

depth levels, employing the CatBoost gradient-_boosting framework—an-interpretable-decision-tree-method—to-learn-th

funetional_to resolve the non-linear mapping between sparse dissolved—exyeen—DO) observations and theirdiverse

environmental predictors. Fhis—method builds—ensemblesCatBoost’s implementation of oblivious decision trees withand

ordered boosting;—a-trainingscheme-thatredu is strategically utilized to mitigate variance and-tmitswhile precluding
target leakage—Fhe-algerithm-offers-several-advantagesfor-ourapplication—it-directly-accommedat isst vartates—a

critical requirement for stable multi-decadal reconstruction. This framework is algorithmically predisposed to this task due to

its_innate capacity to process missing predictors without imputation, ineerperatesits support for cost-sensitive sample

weighting—te—address—spatial -biases, and employs—multipleits robust regularization strategies—ineluding—suite (L2 leaf

regularization enleafvalues; subsampling-and early stopping—te-prevent) that safeguards against overfitting— _in data-sparse
regimes.
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Eorhistorieal periods—{e-g51960—1997)-where-During the period before the satellite-derived predictors—are-unavailablethe

sataration; launch (for example, from the 1960s to the 1980s), this model would automatically identify and properly handle

the missing SSEVs. This non-imputational strategy allows the reconstruction to hinge predominantly upon thermodynamic

variables (Temperature, Salinity, O, Sat) and spatiotemporal coordinates—TFhis—strategy—aveids without introducing_the

systematic biases tha

in statistical filling. We tested longitude as a candidate predictor; however, it induced spurious banded (stripe-like) artifacts in

data-sparse regions and was therefore excluded from the final predictor set. The CatBoost model uses +920 predictor variables

as inputs-

: Year, month_sin,month_cos, Latitude, Temperature, Salinity.

0>8at, SOM _DES., U, V,SSH, EKE, MLD, PAR, Chl-a, DIC, pCO:, pH, Alkalinity, and CO: flux. The temperalmonth sin and ‘

month_cos,encodings are defined in Eq.
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month-siamonth_sin = sin (W)

e ©

21w (m—1)

menth-eesmonth_cos = cos( o

),m €{1,2,..,12},

(S S ()
To enhanee-model-improve interpretability and generalization, we-implemented-a two-stage feature selection procedure for-is
applied to each region—depth submodel;-using-enly. Only training data arc used, and-a-year-grouped cross-validation seheme
consistent-with-ourfollows the same decadal-scale design used for model evaluation-framework. Tree-based models tend-to
perform-better-withoften benefit from compact;—informative feature sets;—as because redundant predictors can ditutereduce
predictive aceuraeyskill (Garabaghi et al., 2023). First, we estimated permutation importance under five-fold cross-validation

grouped by yeardecade and retained an initial subset of features using an adaptive rule K = max (10,2\/;), where p =

1920 is the number of candidate features, discarding predictors with negligible contribution. Second, we perform recursive

feature elimination with cross-validation (RFECV)-using—the—same—year-grouped—folds;), iteratively removing the least

important feature and selecting the combination that minimizes validation Root Mean Square Error (RMSE—Fhe—five

independent-testyears-are-excluded-from-both-stages:). This design-allewsprocess facilitates a physical evolution of the feature
sets-to-adapt-to-regional-and-vertieal regimes—space: surface models emphasiserapidly—varying surface-andprioritize high-

frequency biogeochemical termsforcing, mid-depth models highlicht meridional sradients andemphasize water-mass transition
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metriesmarkers, and deep-ocean models rely-—primaribyconverge on temperature—salinity strueture ~while-aveidingtemporal
information-leakageand redueingoverfittingconservative thermodynamic tracers.

To mitigate biases arising from heterogeneous spatiotemporal sampling (Fig. 1), we applied inverse-density weighting within
a fixed binning scheme. The sample domain is partitioned on a 5° x 5° latitude—longitude grid and non-overlapping 10-year
time windows in each partitioncell. Sample weights were computed as the inverse of the observational density within each
spatiotemporal bin and standardized at each depth level, thereby reducing the influence of over-sampled regions and periods
during model training.

Let b(i) denote the spatiotemporal bin containing sample i, and let ny;) be the number of samples in that bin. The initial

per-sample weight is the inverse square root of this count, as defined in Eq. (4):7).

~ 1
W=
NEIO)

(7)

Specifically, each sample weight is set proportional to the inverse square root of the local sample density. To preserve the

aggregate information content, we then normalize the weights to unit mean-, as defined in Eq. (5):8).

Wi

Wi=1y
N Zk=1Wk

This strategy increases the influence of observations from sparse regions and earlier periods without altering the aggregate
sample distribution.

3.34 Hyperparameter optimization and validation

TFo-efficientlyexplore—thelndependent hyperparameter space—and-avoid-ad-hoe—manual-tuninghyperparameters—foreach
regional-medelingunit-were-optimized-independentlyoptimization for each basin-depth unit is performed using Bayesian
optimizationinference (Optuna;—Fable-2)-with-), targeting the objective of minimizing-validation RMSE—We-employed-a

minimization (Table 2). This automated search is integrated with a decadal-block five-fold cross-validation scheme grouped

o address the challenges of non-everlapping-tempeoral

arise—from—autocorrelatedstationary ocean signals. By grouping observations within—narrow—time—windowsinto multi-year

blocks, we decouple validation results from the short-term temporal dependencies that often inflate predictive skill in

traditional random-split CV (Salazar et al., 2022). DuringThis structural separation ensures that the model learns large-scale

climatic drivers rather than localized temporal artifacts. In each cross-validation fold, an-early stopping halts—trainingis
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activated if validation RMSE fails to improve for 50 consecutive iterations-and-determines-the-optimal boesting rounds—The

final-medel-used-the-median-of, after which the optimal iteration eeuntscount is recorded. To secure a robust final model, we

set the terminal iteration count to the median of these recorded values across all folds. EarlyThis iteration-locked retraining on

the complete calibration set—with early stopping was-then-disabled;-and-the-model-wasretrained-on-the-full-training-set-prier

to-reconstruetion—prevents overfitting and ensures a stable convergence state.

Fo-provide-afinal-For an unbiased final assessment-efmodel-performance,~we-econstruet-an, a strictly independent eut-of-

timeglobal test set by
withhelding-themis constructed via decade-stratified random sampling (1960-2024), where one full calendar year per decade
is entirely excluded from trainingfeature selection and hyperparameter eptimization—Generalization-capability-was-evaluated

1oldeuttuning. The resultant test years (1961, 1970, 1984, 1993, 2003, 2012, and 2020) provide a temporally

4

hi

representative benchmark. This withheld-year test set is reserved exclusively for final performance assessment and inter-

product benchmarking: all model selection and calibration are conducted via decade-block cross-validation within the

remaining training data. Integrated predictions from regional sub-models are then evaluated against this set using RMSE, mean

absolute error (MAE), and the coefficient of determination (R}, -previding robust-and-interpretable-metries—of predictive

independent-evaluation-and-product-intercomparison:(R%)._
Table 2. CatBoost hyperparameters and their-Optuna prier-search spaeespriors.

Hyperparameter Explanation Search range
iterations Maximum boosting rounds 166-2006200-2500
learning_rate Learning rate (shrinkage) 0.02-0.1008
depth Tree depth 4-86-10
12 leaf reg L2 regularization on leaf values 2-105-20
bagging_temperature Temperature for Bayesian bootstrap 0.05-1--0.6

4 Results and Discussion

4.1 Variable Associations and Feature ImpertaneeContributions

The relationship between DO and its environmental drivers undergoes a transformation from the surface to the deep ocean

Fig. 4). In the near-surface layers, thermodynamic solubility constraints dominate, manifesting as a robust negative correlation

with temperature. As depth increases, this direct solubility control attenuates, allowing salinity to emerge as the primary
19
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integrative proxy for water-mass properties and ventilation history, particularly tracking the signatures of deep-water formation

and transport. These depth-dependent patterns provide the empirical foundation for resolving complex non-linear interactions

within the water column (Ping et al., 2024; Cao et al., 2024).
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Filled bubbles denote correlations significant at (q < 0.05) after Benjamini-Hochberg false-discovery-rate control; hollow bubbles

indicate non-significant results.

Correlations between sea surface environmental variables (SSEVs) and subsurface DO represent teleconnected pathways

rather than local drivers. Surface dynamical forcing and upper-ocean mixing modulate water-mass formation and reventilation

thereby constraining the DO budget at depth. Specifically, sea surface height (SSH) exhibits persistent vertical coherence

across much of the water column, while wind stress (U, V) provides a dynamical context for advection and upwelling (Hollitzer

et al., 2024). In contrast, the Chl-a signal remains confined to the epipelagic zone, reflecting its role as a productivity indicator.

Beyond the euphotic zone, carbonate system variables, notably alkalinity, maintain high correlations with DO, delineating the

remineralization background linked to deep-water aging.
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Feature-importance diagnostics are reported to describe model dependence and do not imply causality. The adaptive feature-

selection results show that the model’s reliance on predictors varies strongly with depth and region. In the upper 10 m,

temperature and O, saturation are consistently among the most informative predictors, whereas at intermediate depths (1000~

in certain high-latitude regimes, including the Arctic and Southern Oceans

2000 m) salinity tends to contribute more strongl

(Fig. 5). This depth-dependent pattern motivates the use of depth-specific predictor sets to better represent distinct

hydrographic contexts. In addition, several regionally relevant covariates (e.g.. SSH in the Indian Ocean and DIC/alkalinity in

low-oxygen environments) are retained more frequently by the selection procedure, indicating that they provide useful

contextual information for prediction under specific regimes (Franco et al., 2014).
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Figure 45: Heatmap of relative feature importance across depths and previacesbasins. Colors are on a logarithmic scale. The bar

chart on the right shows each feature’s mean importance computed over the basin provinces in which that feature is available.

Although latitude serves as a dominant proxy for broad-scale gradients (Mila et al., 2024), specialized SSEVs are vital for

refining local accuracy. Our regionalized architecture prioritizes these idiosyncratic dynamics, utilizing variables like

SOM_DES to resolve high-frequency seasonal variations in the Southern Ocean. This adaptive approach mitigates the biases

inherent in spatially stationary parameterizations, ensuring the reconstruction respects the intrinsic heterogeneity of the global

oxygen cycle.

4.2 Model evaluation_

Vertical stratification of error profiles reveals a coherent link between RMSE and the intensity of the oxycline (Fig. 6). In most
22
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basins, uncertainty is concentrated in the upper 600 m, where biological consumption and physical mixing generate high

spatiotemporal variance. The Indian Ocean (IND) presents the most significant upper-ocean RMSE peak, likely due to its

unique biogeochemical configuration, whereas the Arctic Ocean (ARC) shows fluctuations in RMSE at intermediate depths.

but its R? remains relatively high. This vertical decoupling of error—where water-mass stability increases with depth before

decreasing—represents a common feature across the Atlantic, Pacific, IND, and Southern Oceans, further confirming the

appropriateness of the regional partitioning approach.

Except for the sparsely sampled Arctic, all ocean basins maintain high R? values (typically > 0.8) across the sampled water

column. While absolute errors are inherently higher in the upper ocean where DO variability is maximized, the high R? values

indicate that the underlying spatial and temporal patterns are accurately recovered. The analysis demonstrates that uncertainty

is largely a function of the vertical DO structure, with the deep-ocean regime providing a stable and highly predictable anchor

for long-term deoxygenation trends.
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Figure 6: Depth profiles of model performance across basin provinces.

The reconstructed disselved-oxygen(DO)DO fields demonstrate high accuracy across-depth-layers-and biogeographic regions:

with scatter plotelosely-foowingplots confirming that estimates follow the 1:1 line- across the entire concentration range (Fig.

7). At representative depths, the global RMSE/MAE on the independent test set is on the order of +4-6/8-7-met12.8/8.0 pmol
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kg™ at 10 m, +7-+16.8/11.3-pmeld pmol kg™ at 200 m, and 8:7.5/5.2 pmelumol kg™ at 1000 m. Most R? values are above
0.929, and the R? for deep-layer DO reconstruction reaches 0.99. A slight pesitive-bias—is-neted-underseverely-hypoxie
conditions-where-extremelyoverestimation in regions with relatively low DO-values-are-marginally overestimated—aknown

behaviorvalues reflects the inherent smoothing characteristic of regularized tree-ensembles-that-decision trees, which tend to

smooth-eutherspull extreme values toward local means. Fhese-cases-arerare—confined-to-strongly hypoxie-conditionsand

havenegligibleimpaetenHowever, the symmetric distribution of residuals around zero indicates that these effects are localized

and do not introduce a systematic large-scale

unbiased-estimates-with-only-ocecasional negative-outliersbias. This performance confirms that the modeling architecture is

well-suited for resolving the non-linearities inherent in ocean oxygen dynamics.
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Figure 57: Model performance for DO predictions across depth layers (independent test set). Top row: hexagon-binned scatterplots
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4:4-Long-term dataset

The trained models;forced-by-external physieal leverage CORA ocean analysis fields;from CMEMS to generate spatially and
temporally consistent monthly dissolved oxygen (DO) reconstructions. We-use-the-CORA-ocean-analysisfrom CMEMS-to

prevideBy utilizing temperature and salinity;

obviates interpolation from sparse in situ profiles aveids-an-extra-interpolation-step-and-theand minimizes associated secondary

uncertainties. A

s-These predictors

undergo delayed-mode objective mapping and rigorous quality control;-they-previde to ensure long-term consistency;-globat

continuity— and full traceability.

th d

H hr inti
this-approach+ yneertainties-ass

istical-interpelatioaMonthly DO predictions are generated at
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176 standard depth levels on a 0.5° x 0.5° grid extending to 5500 m.
To mitigate petential-discontinuities—at—thediscontinuity artifacts at basin province boundaries—between—biogeochentieal
previnees—eoften-termed-a—described as the "step-effect"—we-implementa boundary fusion protocol is implemented within

the-transition zones, (Wagstaff and Bean, 2022). Let—x—be-the-For a prediction location;—3(x} x. the predietion-offused

estimate is derived from the i-regional model at—;prediction J;(x) and d;-the minimum great-circle distance from-—xi to

the provincial boundary-ef-that region—tet-the, as defined in Eq. (9). With a smoothing bandwidth be-defined-as-of S = 300

km-Thefused-estimate-isthen-defined-as:, predictions from adjacent basins are smoothly blended in proportion to their distance

from the edge. This approach preserves continuity across boundaries without excessive smoothing. Far from boundaries (d >

S), only the local provincial model contributes to the estimate.

) 16V (S-dy) 2 <
90 = Ll g5y = N(557) - s,
1w(di 0 d>S

)

6_9

Finally, we obtained GEOXYGEN, a global DO dataset that provides monthly fields on a 0.5° x 0.5° latitude—longitude grid

at 187176 standard depth levels from the-surfacel to 5500 m, spanning 1960-2024. GEOXY-GEN-is-distributed-asThe latitude
grid is not strictly uniform, with higher density in the high-latitude regions. Distributed via CF-compliant NetCDF files, with
one—file—per—mentheach monthly volume (GEOXYGEN_DO_YYYYMM_OpSdeg_vl.nc) eentaining—aincludes the four-

dimensional DO variable (time x depth x lat x lon) and the—eerresponding—coordinate—variables{time —depth,latitude;

longitude)associated coordinates. Time isrepresents monthly means encoded as days since 1950-01-01 00:00:00 UTC using

a-(Gregorian calendar-and-represents-monthly-means;—and-), with missing values-are flagged-with-data identified by a large

sentinel value. A#n-a

eells-deeper-than200-m);is-previdedin-aA separate NetCDF file—All-datafiles-are-openly—_ provides the basin provinces and
valid-ocean masks. The complete dataset is available at hitps:/dot.org/10.528zenodo. 17615657

https://doi.org/10.12157/I0CAS.20260223.002 (Wang et al., 20252026).

4.54 Comparison with other products

We-compareTo evaluate the predictive fidelity of GEOXYGEN against four existing dissolved oxygen (DO) products (Table

3)-with), we utilize the independent test dataset—Performance-is-evaluated-using-spatiotemporally-co-located-samples—from

the-five-withheld-years-analyzed-separately-for stratified across discrete temporal windows: the early period (1960-1980) and
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the recent epoch (2000-2020)—periods—Fable4)—Only—; Table 4). The intercomparison is strictly constrained to

spatiotemporally co-located samples, ensuring that only grid-month-depth peintsintersections with concurrent

ebservationsavailability across all products are included in the evaluation. This rigorous filtering preserves statistical equity

and minimizes biases arising from disparate product masks.

Table 3. Summary of our product and other DO products

o )

(D | W

Product Time coverage Vertical levels Temporal resolution  Horizontal resolution
Our product 1960-/01 — 2024~ 01-5500 m Monthl 0.5° 0.5
on .5° % 0.5°
(GEOXYGEN)-) /06 (487176 levels) Y
1965-/01 — 2020- 6-1000 m (20 n — —
MLAO2 D tevels) Monthly 1°x 1° (BETHR: £ T4
) (RBTHR L TH
2004-/01 — 2023- 2.5-1975 m (58
GOBAI-O: Monthly 1°x1°
/12 levels)
2005-/01 — 2022~ 10-1995 m (26
G4D-DOC Monthly 1°ox 1° (R fEs
/12 levels)
IAP Oxygen
] 1960-/01 —2022- 01-6000 m (119
(Gouretskictal Monthly 1°x1°
/12 levels)
2024a)
Table 4. Accuracy by depth for each product relative to observations
1960-1980 2000-2020
Product Depth A - (e fEs
RMSE Bias RR? RMSE Bias RR?
Our product
15122 0.13 0.9295 8.26.9 -0.54 0.9698
(GEOXYGEN)
IAP Oxygen 17113.2 10.1 0.994 97.5 10.3 0.9497
10
ML4O2 17.313.4 0.71.5 0.8994 10.58.1 1.7 0.9397 (BETH#R: F i Th
GOBAI-O, NA NA NA 1075 1104 09397 (BETHR: i TH
G4D-DOC NA NA NA 743 0213 09698 (RETHA FHHE 26
(BEBTHR: FHHE 26
Our product
2016.7 -0.31 0.993 13512 -0+ 0.9495
(GEOXYGEN)
IAP Oxygen 2118.1 1.4 0.8992 13.84%2 250.9 0.994
50
ML402 2117.3 01.8 0.8993 161134 0-1.6 0.9494 (BETHR: £ T4
GOBAI-O; NA NA NA 1612.9 210 0.995 (BETH#R: F i Thr
G4D-DOC NA NA NA 13.6 0-12 0939 (RETHL FHHE RE
(BETHR: FHHE: 2&
Our product
20.317.4 -0.2 0.9395 153144 0.1 0.9596
(GEOXYGEN)
100
IAP Oxygen 20-618.3 1.52 0.9394 19417.2 +380.9 0.9395
e - - — — — — (RETHR: F LA T
ML40O2 208184 2.1 0.9394 17.218-:6 -0:1 0.9395

(BETHR: £ T4
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BETHER: FRHE: RE

GOBAI-O; NA NA NA 1815.6 071 0.9496 (BETHR: FHHE 26
G4D-DOC NA NA NA 1820.6 0.7 0.9492 (BETHR: F0He: 26
Our product
1917.3 -0.14 0.9396 12.78 0.2 0.9798
(GEOXYGEN)
IAP Oxygen 20.217.6 03 0.9296 16.914.8 104 0.9597
200
MLAO2 18.619-8 -0.1 0.9395 20162 -1.76 0.9496 (BB THR: F v Thr
GOBAI-O, NA NA NA 21155 -160.9 09397 (BETH#R: F i ThF
G4D-DOC NA NA NA 164183 10.8 0.9695 (RETH#HL FHHE 26
(BBETHR: THFe BE
Our product
212151 -0.3:6 0.9397 142109 03 0.9798
(GEOXYGEN)
TAP Oxygen 16.148:6 2906 09497 23513 2201 09298
500
MLAO2 14916.6 -6-40.5 0.9497 2614.1 -41.7 0.9497 [ BB THER: E LIV TR
GOBAI-O;, NA NA NA 28.413.9 5312 0.997 (BETHR: £ T4
G4D-DOC NA NA NA 16.112.7 0.13 0.9698 (BETH#HR: FHHE Re
(BETHR: 7006 2
Our product
13474 -0.91 0.9799 652 02 0.991
(GEOXYGEN)
IAP Oxygen 14.574 160 0.9699 $.26.3 304 0.99
1000
MLAO2 14:68.7 -01.3 0.9699 817.6 9:5-2.2 0.99 [ BB TR 3 AR TR
GOBAI-0, NA NA NA 5.7 14-0.8 0.99 (BB THR: F v Thr
G4D-DOC NA NA NA 7117 0.53.8 09998 % BETHRX: FHHE: RE

The eemparison-highlightscomparative analysis reveals three mainfeatures:dominant patterns. First, all products manifest

elevated error magnitudes during the data-sparse-early period, a trend predominantly attributable to the historical sampling

architecture. Pre-Argo observations were characterized by a disproportionate concentration of coastal and shelf cruises,

whereas the modern era is defined by the proliferation of autonomous Argo floats providing expansive open-ocean coverage.

Because coastal environments are governed by pronounced small-scale heterogeneity and high-frequency nonstationarity, their

reconstruction poses a greater challenge, inherently raising the error floor for the 1960—-1980 interval.

Within this data-sparse window (1960-1980), GEOXYGEN mateches—or-exceeds—the-performance-of TAP-and-ME4O-at

manifests superior predictive stability across the upper and intermediate layers (10-200-m—depth,—exhibiting-500 m). It

consistently achieves lower RMSE and

are-marginally higherat 500-mthe hishMAE than both IAP and ML402 across nearly all depth levels while maintaining

robust R? (=0-9)-eenfirmsvalues. These gains demonstrate that large-seale-oxygenstructure-is-well reprodueedthe stratified

basin-specific modeling framework facilitates the recovery of mesoscale spatial heterogeneities and vertical gradients even

under limitedsparse observational constraints. Seecond,—in—the—reeent;—By leveraging high-resolution target fields, this

architecture enhances the representation of regional variability, ensuring that GEOXYGEN maintains competitive skill during

the pre-satellite and pre-Argo eras.

In the data-rich modern period (2000 - 2020), GEOXYGEN sys exhibits even
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more pronounced performance gains. Within the critical mesopelagic range (100, 200 and 500 m), the product shows a

significant accuracy improvement relative to all reference productsdatasets, while maintaining R>>0.94.ensuring that residual

biases are smaller and more stable. In this-depthrangecontrast, several existing products exhibit persistent positive-or negative

or-comparable-to-the-best-alternatives—Overall;-the-out-systematic biases in this depth range, potentially compromising the

representation of-t

vertical gradients. This suite of high-resolution, broad-coverage DO fields provides a reliable foundation for the integrated

assessment of global deoxygenation trends and their underlying physical-biogeochemical drivers.

4.65 Comparison with WOA23

To evaluate the large-scale credibility and multi-year stability of our reconstructed dissolved oxygen (DO) fields, we compare
our product’s annual-mean DO climatology with the-Werld-Ocean-Atlas 2023 (WOA23: Gareia—et-al;2024)WOA23 and
examine vertical structure using representative profiles from three major basins (Fig. 8).

In the upper ocean (0-300 m, depth-averaged), both products capture consistent basin-scale spatial patterns. The subtropical
gyres exhibit relatively high DO concentrations, while the equatorial region and eastern boundary upwelling systems form
distinct oxygen-deficient belts. The spatial extent and location of these structures are in close agreement between the two
climatologies. GEOXYGEN reproduces these banded structures continuously, with cross-frontal gradients in transition zones

closely matching those in WOA23-(Fig8top-row).

In the vertical, our product accurately depicts the largest hypoxic zone in climatology, which is mainly located in the

intermediate depth, ranging from 300 to 1,300 m. Meridional sections across-the Pacifie-Atlantieand Indian-Oceans-show




across-depth-and-regionreveal that the model successfully reproduces the core depths and spatial extents of major hypoxic

zones across the three primary ocean basins. The precise alignment of oxygen isopleths and the accurate representation of the

640 transition layer steepness indicate that the reconstruction results are consistent with the climatological constraints of DO.
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Figure 8: Climatological comparison between WOA23 and our product (GEOXYGEN). Row 1 shows the global-mean DO
distribution averaged over 0-300 m. Colored dashed lines mark the locations of three sections: 65°E (red), 180° (purple), and 30°W
(green). Rows 2—4 show DO cross-seetional- DO-section distributions along these three seetienstransects.

Mestglobal DO-produets-are-distributed-on-a-Unlike the standard 1° grid: used in eentrastmost global products, GEOXYGEN

adeptsemploys a higher 0.5° horizontal grid;-chosen-to-mateh-the resolution of the-external-analysisfieldsused-aspredietors:

rin-each aphic-region—the-medeHearnsto capture more detailed features. By training on localized relationships

hydrographic analyses

within discrete basin provinces, the model resolves regional-sradients-and delineates-the-geometrythe morphometry of OMZs

meore—clearly-with enhanced clarity. Although performanee—is—ultimatelybeounded-by-the reconstruction fidelity remains
conditioned upon the quality of the—underlyinginput observations—and—external-analysis—produets;—comparisons—with,

benchmarking against 1° products shewreveals that the 0.5° configuration yields ecensistentlysystematically lower—er

eomparable— errors a

high-gradient regimes. This selection constitutes an apprepriateoptimized operating resolution that exploits

avatlablemaximizes information recovery from the underlying biogeochemical constraints without over-interpreting sparsely
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5 Discussion

S.1 Uncertainty Analysis

To quantify the credibility of the GEOXYGEN, we decompose total uncertainty into two components: observation-related

uncertainty and mapping uncertainty. Observation-related uncertainty summarizes measurement error _and the

representativeness error introduced when observations are aggregated to the cell-month—depth scale. Mapping uncertainty

describes prediction error from the machine-learning mapping between environmental predictors and DO. This decomposition

separates label-side and model-side contributions. It also supports diagnosing elevated uncertainty in coastal regions and

potential bias in earlier, data-sparse periods, and it improves traceability and clarity for product use.

Measurement error depends on the measurement technique and instrument. For Winkler titration, bottle measurements can

include random errors on the order of 1 pmol kg™ or smaller (Carpenter, 1965). Since observing platforms differ in sensor

type, calibration strategy, and QC level, we assign a platform-specific measurement error scale 0y,.,st0 each data source to

represent differences in precision among platforms. Bottle-based sources including CCHDO Bottle, GLODAP, and

GEOTRACES IDP are assigned 1 umol kg™'. Since Argo data are bias corrected, Argo, OSD and CTD, and CCHDO CTD

are assigned 1.5 pmol kg™'. OceanSITES is assigned 2.0 umol kg,

When forming supervised-learning labels at the cell-month—depth scale, observation-related uncertainty is defined as the

combined contribution of measurement error, vertical mapping uncertainty, and representativeness error, as defined in Eq. (10).

Uobs = \/o'x%leas + Ui%lterp + UFZPP (10

Here, Oiperpis the vertical mapping uncertainty introduced when a profile is mapped to standard levels, and o,is the

representativeness error estimated from within unit dispersion. Their definitions and computation have been described earlier.

Mapping uncertainty characterizes error generated during the mapping from environmental fields to DO. It reflects the

combined effects of model structure, representativeness of training samples, and nonstationarity across regions and depth

levels. On the independent test set, we define the residual following Eq. (11):

r=3-y, (11)

where ¥ is the model prediction and y_is the observed label for the corresponding test sample. Following Ito et al. (2024a)

we estimate the mapping uncertainty at each grid cell from the test residuals by taking their second central moment, as defined
34
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in Eq. (12).

Omap = \[r_z - (F)Z (12)

Here, the overbar denotes the mean over all test samples within the same grid cell. This definition estimates the residual

variance at the grid cell scale. It separates the systematic component 7from the random error component captured by 0pyqp.

Based on the two components above, total uncertainty (o) is defined in Eq. (13).

Utotal = J Udps + 0Zaps 13)

(d)

w

Total uncertainty (umol kg™*)
>
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variability of total uncertainty (d), its vertical (depth-dependent) structure (e), and the decadal evolution of total uncertainty over

the test years (f).
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As shown in Fig. 9, the spatial distribution of uncertainty in GEOXYGEN reveals a distinct bifurcation between observational

noise and mapping residuals. Observational uncertainty manifests pronounced spatial stationarity across pelagic domains.

Conversely, mapping uncertainty exhibits a structured regional geometry, with elevated error bands aligning with high-gradient

kinetic regimes such as western boundary currents and upwelling systems. The highest uncertainty is observed in the Pacific

(7.385 umol kg™), followed by the Atlantic (6.148 umol kg™), Arctic (4.439 umol kg™), Indian (4.084 umol kg™'), and

Southern Ocean (3.652 umol kg™!). The higher uncertainty in the Pacific and Atlantic Oceans is primarily due to the structural

complexity and dynamic intensity of their oceanographic systems, as well as the coastal distribution of early observational

data in these basins. The global-mean total uncertainty of 6.054 umol kg! conceals a pronounced shallow-water divergence:

in nearshore and shelf regions where bathymetric depth is shallower than ~200 m, total uncertainty rises to 12.917 umol

kg '—more than double the open-ocean baseline (5.970 pmol kg™'). Consistent with the bathymetry-binned diagnostic,

uncertainty increases monotonically with decreasing bathymetric depth, indicating progressively reduced predictability toward

the shallow, dynamically heterogeneous coastal ocean (Fig. 9(d)). This intensification is predominantly driven by localized

high-frequency processes—including phytoplankton pulses, riverine influx, and tidal oscillation—which generate non-linear

spatial gradients that challenge the transferability of pelagic-trained feature relationships (Gilbert et al., 2010; Regier et al.,

2023; Giomi et al., 2023; Liu et al., 2024). These localized dynamics induce steep spatial gradients and temporal non-

stationarity, which subsequently reduce the regional transferability of learned DO-environment associations (Valera et al.

2020). For nearshore and semi-enclosed bay environments, we recommend using GEOXYGEN with caution and interpreting

results at larger spatial aggregation to reduce sensitivity to local high-frequency variability.

The vertical stratification of uncertainty reflects the underlying hydrographic stability and process coupling within the water

column. As depicted in Fig. 9(e), the total uncertainty profile reaches its maximum in the epipelagic layer before undergoing

monotonic attenuation toward the abyssal depths. This vertical variation is consistent with the change in model accuracy across

depth layers. In contrast, the intermediate and deep layers provide stronger water-mass constraints and a more coherent oxygen

field, facilitating a convergence of mapping uncertainty as the predictive relationship stabilizes.

Temporal trends in uncertainty serve as a diagnostic of the evolving global observing system. The progressive reduction in

total uncertainty across the withheld test years (Fig. 9 coincides with the expansion of the Argo float network, which

transitioned ocean sensing from route-based ship surveys to a spatially distributed autonomous paradigm. This transition

significantly improved the observational constraints in the Southern Hemisphere and remote ocean basins, effectively lowering

the residual variance in model validation. While this decline highlights the structural evolution of sampling coverage, the

resulting time series reflects the collective stability of the multi-decadal reconstruction rather than a year-specific local error

estimate.

36



730

[735

[740

745

750

5.2 Impact of Removing Surface Predictors on Trends

A two-configuration sensitivity experiment was designed to test whether satellite-era sea-surface information alters the

reconstructed dissolved oxygen (DO) signal. The full predictor configuration used the complete predictor suite, while the

reduced predictor configuration excluded the sea-surface predictor group (U, V, SSH, EKE, MLD, PAR, Chl-a, DIC, pCO.

pH. alkalinity, and CO: flux). All other parts of the reconstruction pipeline were kept the same, so differences between the two

products isolate the effect of including this predictor group on the same grid and over the same period.

The comparison focuses on deseasonalized DO anomalies averaged over the 1-100 m depth range and further smoothed using

a centered 12-month moving average. This metric targets the upper ocean, where sea-surface information is most likely to

influence variability, while suppressing grid-scale noise that can obscure low-frequency signals. Predictor impact is quantified

by the configuration-induced component, defined as Full — Reduced, which isolates the incremental effect of the excluded

predictor group in anomaly space.

The full and reduced reconstructions exhibit strong agreement over 1960-2022 (Fig. 10), yielding a consistent depiction of

upper-ocean (1-100 m) low-frequency variability: a sustained positive-anomaly regime through the 1970s—1980s followed by

a marked decline after ~1990 and a transition into a persistently negative-anomaly regime by ~2000 (relative to the monthly

climatology). The Full-Reduced difference remains close to zero prior to the mid-1980s and stays small compared with the

total anomaly amplitude thereafter, indicating that the global-mean, decadal-scale signal is only weakly sensitive to the

inclusion of satellite-era surface predictors. As an external benchmark, ML.402 reproduces comparable variability during

~1965-2010 but shows more negative anomalies in the most recent decade, suggesting a stronger upper-ocean deoxygenation

signal in anomaly space (relative to its monthly climatology) than GEOXYGEN over the same period; however, part of this

divergence may arise from inter-product differences in baseline climatology, sampling, and reconstruction methodology.

Overall, the close concordance between configurations supports the robustness of GEOXYGEN for decadal-scale assessments.

with configuration-dependent deviations being minor relative to the dominant multi-decadal evolution.
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anomalies from the Full predictor reconstruction, the Reduced predictor reconstruction (excluding sea-surface predictors), and

ML402, and overlays the difference between the Full and Reduced reconstructions (Full — Reduced). Gray shading indicates 1985—
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1997, corresponding to the rapid expansion of satellite-derived sea-surface observations.

5.3 Ship-Only Analysis of Long-Term Trends

To quantify the dependency of the early reconstruction on modern autonomous sensing, a ship-only sensitivity experiment was

conducted to assess potential retrospective signal contamination from the data-dense Argo era. Within the Southern Ocean

(south of 45°S), we benchmarked an "Argo-excluded" configuration—utilizing non-Argo historical records—against an

"Argo-included" configuration across the 1960-2000 period. This region serves as a critical diagnostic domain due to its radical

transition from sparse historical sampling to comprehensive Argo coverage over the last two decades. By maintaining identical

external physical analysis constraints, the experiment isolates the impact of Argo observations on the reconstructed

climatological mean and vertical structure (Fig. 11).

The results manifest pronounced morphological invariance in the upper-ocean (1-100 m) DO climatology across both

configurations. The annular high-oxygen band and its relative position within the circumpolar system remain effectively

stationary, implying that Argo inclusion does not induce systematic structural rearrangement. Notably, the difference map

reveals localized positive ADO hotspots concentrated around the Antarctic margin, with enhanced amplitudes in several

coastal/shelf sectors, whereas departures in the open-ocean circumpolar interior are minimal and barely discernible. Consistent

with this pattern, the area-weighted mean vertical profiles are nearly overlapping across most depths (panel d), with only a

subtle upper-ocean positive offset in the Argo-included configuration that remains below ~0.5 pmol kg™', indicating modest

amplitude refinement rather than depth-dependent reorganization. Collectively, these features suggest that the reconstructed

vertical architecture is primarily constrained by consistent physical structure, while the denser modern sampling acts mainly

to fine-tune regional magnitudes, thereby supporting the structural integrity of the historical reconstruction.
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Figure 11: Southern Ocean dissolved oxygen (DO) climatology for 1960-2000. (a) Argo-included climatological mean DO averaged

over 1-100 m. (b) Same as (a), but for the Argo-excluded configuration. (c) Difference map (Argo-included minus Argo-excluded)

for the 1-100 m climatological mean DO. (d) Area-weighted mean vertical DO profiles south of 45°S from the Argo-included and

Argo-excluded reconstructions; the upper x-axis shows the corresponding profile difference (Argo-included minus Argo-excluded).

5.4 Boundary Fusion Effects

While basin-based modeling represents regional environmental heterogeneity, it often induces "step-effect" discontinuities at

basin boundaries, resulting in unrealistic shifts in long-term trends and monthly variability at adjacent grid points. To address

these boundary artifacts, we implemented a fusion method to smooth inter-basin transitions. We validated this approach by

constructing boundary diagnostic samples on a 0.5° by 0.5° grid, specifically selecting adjacent points across basin interfaces.

The diagnostic experiment targeted the 100m depth layer, a region characterized by high spatial complexity and hydrographic

sensitivity. Using a global non-partitioned model as a continuous baseline, we quantified discontinuity magnitudes via the
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differential trend (Atrend) and standard deviation (Astd) at adjacent cells. Contrasting fused and unfused basin-specific outputs

against this reference isolated the consistency gains.
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Figure 12: Spatial distribution of the "step-effect" before and after boundary fusion at the 100 m depth layer. (a) Compares the

trend differences (Atrend), and (b) compares the standard deviation differences (Astd) across adjacent grid points at the basin

boundaries.

Results reveal that the boundary fusion protocol mitigates abrupt statistical shifts, decreasing local biases in the partitioned

map (Fig. 12). Improvements in Atrend and Astd demonstrate that the smoothing operator suppresses interface artifacts.

Nevertheless, small discrepancies relative to the global non-partitioned baseline persist, indicating that independently trained

regional submodels may retain slightly different statistical mappings that are only partially reduced by simple fusion.

Boundary fusion thus serves as an effective strategy for mitigating partition-induced "step-effect” artifacts, yielding a more

coherent global spatial structure. While localized gradients remain in high-contrast hydrographic regions, their reduced

magnitude indicates a meaningful alleviation of boundary inconsistencies. Future enhancements could involve adaptive fusion

schemes or multi-task learning to explicitly share data across regional submodels while preserving specialization.

6 Conclusion

We-introduce-GEOXYGEN-By integrating multi-source physical and biogeochemical predictors with an adaptive feature-

selection strategy, we develop a biogeochemistry-aware hierarchical modeling framework. Building on this framework, we

introduce GEOXYGEN-—a monthly, four-dimensional global ocean dissolved oxygen (DO) product spanning 1960-2024 at

0.5° x 0.5° resolution;—developed—designed to addressmitigate long-standing ehallenges—of-datalimitations arising from

observation sparsity and strong spatiotemporal heterogeneity in historical DO ebservationsrecords. Evaluated on an

independent out-of-time test composed of withheld years, the reconstruction demonstrates consistently high skill aeressin all
depth layers (typieally-R2 > 0.929), confirming its robustness under conservative validation protocols. The resulting high-

resolution framework offers superior aggregate fidelity compared to existing 1° products, effectively capturing the fine-scale
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spatial variance essential for understanding contemporary ocean change. Our approach is distinguished by three principal

810 innovations:

o  Heterogeneity-aware—hierarchicalBased Partitioning modeling. By combining vertical stratification with« [ AR Gadt A 0.63 EX, B4R 3.6

815 biegeographiebasin provincialization, we train CatBoost regressors within each regionbasin—depth unit. This design

directly addresses the limitations of single global ML models, which struggle to represent the spatially varying
physical-biogeochemical controls on DO. In combination with adaptive feature selection, inverse-density weighting,
year-grouped cross-validation, and cross-boundary fusion, the framework enhances robustness in undersampled
regions, minimizes temporal leakage and boundary artefacts, and yields parsimonious, interpretable submodels. The

820 same hierarchical strategy can be readily applied to other biogeochemical tracers or observing systems that exhibit
strong regional and vertical heterogeneity.

e Adaptive multi-source feature selection. Starting from a rich set of physical, biogeochemical, and spatiotemporal
predictors, we employ a two-stage feature-selection procedure within each regionbasin—depth unit to retain only
variables that add independent skill. This adaptive, region- and depth-aware integration of multi-source environmental

825 predictors strengthens the representation of upper-ocean processes and water-mass transitions while suppressing noise
and redundancy, providing physically interpretable feature sets.

e A physically consistent, long-record, high-resolution product. GEOXYGEN delivers global monthly DO fields

from 1960 to 2024 on a consistent 0.5° x 0.5° horizontal grid, spanning depths from the surface to 5500 m. Its high

skill-and-climatelogiealperformance, climate consistency-suppert—robust, and the robustness of the reconstructed

830 trends enable reliable estimates of deoxygenation trends and decadal wvariabilityvariations, providing a
stringentrigorous benchmark for assessingevaluating and constraining Earth system models.

Nonetheless, GEOXYGEN issubjectto-certainhas limitations inherentinrelated to observational coverage and methodological

assumptions. f-is-alse-noted-that-unecertainty-is-elevatedUncertainty is generally higher in early decades, ice-covered high

latitudes, data-sparse deep basins, and unreselved-nearshore regions. Extremelytow—DO—valies—in—severely hypoxie

835

s-refining the framework to further reduce uncertainty in these challenging

regions and to improve its ability to represent time-varying biogeochemical regimes. Despite these limitations, #GEOXYGEN
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provides a long-term;_and internally consistent;—and—process-informed foundation basis for deteeting —atiributing—and
interpreting-global-assessing multi-decadal changes in ocean deexygenation-dissolved oxygen. The GEOXYGEN;-together
with-basie—usage—examples,—is—available—at Zenede_and basins partition files can be obtained at the following website:
https://doi.org/10.12157/I0CAS.20260223.002 (Wang et al., 2025;-https://doi-org/10-5281/zenodo- 17615657 Future-updates

witkboversionedat-the same DOE2020)

Code and data availability

The dissolved-oxyeen{DOYGEOXYGEN dataset generatedproduced in this study, together with the biegeechemiealbasin

province mask used for regionalization——and—ceastal—exelusion, s  epenbypublicly  available at

https/dei-erg/10-528/zenodo-17615657the Oceanographic Data Center, Chinese Academy of Sciences (CASODC) (Wang

et al., 2025)%2026, https://doi.org/10.12157/IOCAS.20260223.002), where details of the data files and metadata are

documented. The codes used to train models and generate the data product in this paper are openly available at

https:H/eithub-com/aynel202/GEOXY GEN-¢code:https:/github.com/layne1202/GEOXYGEN_Code, which also documents
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