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Abstract Identification of water masses in the Atlantic Ocean is key to understanding large‐scale
circulation, transport, and mixing processes. However, traditional classification methods, such as Optimum
Multi‐Parameter analysis (OMP), are often limited by relatively sparse hydrographic profiles. Here, we develop
a hybrid framework, which uses a random forest (RF) modeling approach trained upon an initial OMP analysis
that is itself fully constrained by a range of biogeochemical tracers. The resulting model performs robustly even
in the absence of such tracers. Given that several observational platforms measure temperature and salinity only,
this approach enables the skillful classification of water masses within a much larger expanse of observational
data. It also facilitates water mass analysis within large‐scale state‐estimate products and model output. We
apply our RF model ensemble to the Estimating the Circulation and Climate of the Ocean (ECCO) state estimate
to produce a gridded Atlantic Ocean water mass product at monthly resolution, which we use to infer changes in
Atlantic water mass structure over recent decades. Results indicate a contraction in Antarctic BottomWater, an
expansion of Central Water at the expense of Antarctic Intermediate Water in the Southern Ocean, and a
possible poleward shift in Circumpolar Deep Water.

Plain Language Summary Water masses are large bodies of water with distinct properties.
Identifying them helps us understand how the ocean moves, mixes, and transports heat, carbon, oxygen, and
other properties. This usually requires detailed chemical measurements, which are typically only available in
few sparse locations along ship tracks. In this study, we train a machine learning model using those detailed
measurements in the Atlantic Ocean. Once trained, the model can identify water masses using just temperature
and salinity data that are much more widely available, enabling the mapping of water masses across the Atlantic
Ocean at much higher spatial and temporal resolution. We apply this machine learning model to a data‐
assimilating ocean model to produce an estimate of the water mass distribution in the Atlantic Ocean every
month between 1992 and 2018 and use it to infer changes in the water mass structure, theoretically enabling
insights into AMOC variability and tipping points.

1. Introduction
Water masses provide a practical framework for describing the ocean's interior structure and for quantifying the
transport and storage of heat, carbon, nutrients, and freshwater. They are characterized by distinct, quasi‐
conserved property signatures set at formation and subsequently modified primarily through mixing and non‐
conservative biogeochemical processes along circulation pathways (Talley, 2011).

Robust classification of water masses is necessary to understand the large‐scale circulation, its role in global
climate regulation via the transport of heat and other properties, and its response to anthropogenic climate change.
Because mixing between water masses governs the transformation pathways that set the structure of the over-
turning circulation, classification frameworks must capture how distinct water masses are modified along their
flow paths (Cimoli, Mashayek, et al., 2023; Mashayek et al., 2015). In addition, water masses act as carriers of
heat, carbon, nutrients, and freshwater, so identifying them consistently is fundamental for tracer budgets across a
range of spatial and temporal scales (Cimoli, Gebbie, et al., 2023; Ellison et al., 2023).

The established framework for water mass identification is Optimum Multi‐Parameter (OMP) analysis. OMP
identifies water masses as linear mixtures of predefined source water types (SWTs), characterized by distinct
thermohaline and biogeochemical property signatures at formation (Thompson & Edwards, 1981; Tomc-
zak, 1981). In practice, OMP classifications are typically constrained using biogeochemical tracers such as
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oxygen and nutrients, which provide essential discriminatory power between water masses with similar ther-
mohaline properties. As a result, OMP analysis is largely limited to tracer‐rich hydrographic data sets, including
ship‐based bottle measurements from programmes such as Global Ocean Ship‐based Hydrographic Investigations
Program (GO‐SHIP) (Sloyan et al., 2019) and WOCE, or gridded climatologies such as the Global Ocean Data
Analysis Project (GLODAP) (Lauvset et al., 2016).

However, there is a much larger fraction of ocean observational platforms and modeling products that return
measurements of temperature and salinity only, that is, in which measurements of such tracers are absent. This
includes the vast majority of Argo floats, ice‐tethered profilers, CTD‐only ship casts, and all ocean models
without a biogeochemical component (see data coverage in Text S1, Figure S1 of Supporting Information S1).
This means that basin‐scale and time‐continuous water mass fields are difficult to obtain, motivating the
development of new approaches that can extend classification to the far larger volume of temperature‐salinity (T‐
S) only observations and model output. Machine learning techniques offer an opportunity to expand the range of
classifiable data and thereby improve the spatio‐temporal resolution of water mass products.

Water mass identification and tracking are central to diagnosing the structure and variability of the large‐scale
overturning circulation. In the Atlantic, the formation of North Atlantic Deep Water (NADW) in the Labrador
and Greenland‐Iceland‐Norway seas ventilates the upper branch of the Atlantic Meridional Overturning Circu-
lation (AMOC), exporting heat and salinity anomalies southward at mid‐depths. In the Southern Ocean, dense
shelf water production and deep convection in the Weddell Sea form Antarctic Bottom Water (AABW), which
supplies the abyssal limb of the AMOC and constitutes the primary ventilation pathway for the deep global ocean.
In the Southern Ocean, the mixing of NADW at depth with AABW, Pacific Deep Water, and Indian Ocean Deep
Water forms Circumpolar Deep Water (CDW), which upwells along tilted isopycnals to the Antarctic continent.
Intrusions of the relatively warm CDWonto the Antarctic continental shelf are thought to be the principal agent of
the basal melting of Antarctic ice shelves (Jacobs et al., 1992; Pritchard et al., 2012). In recent decades, obser-
vations indicate that AABW has warmed, freshened, and contracted (Anilkumar et al., 2021; Gunn et al., 2023;
Johnson & Purkey, 2024; Kobayashi, 2018; Purkey & Johnson, 2010, 2012; Silvano et al., 2023), while model
projections suggest that enhanced buoyancy forcing in subpolar North Atlantic formation regions may sub-
stantially weaken or even collapse the upper cell of the AMOC (Caesar et al., 2021; Ditlevsen & Ditlevsen, 2023;
Rahmstorf et al., 2015). These changes directly affect the abyssal storage of heat and carbon, the rate of deep‐
ocean ventilation, and the stability of the global climate system.

In addition to these deep waters, intermediate and upper layers provide key pathways for the redistribution of heat,
freshwater, and biogeochemical tracers. In the Southern Ocean, wind‐driven subduction north of the Antarctic
Circumpolar Current (ACC) forms Antarctic Intermediate Water (AAIW), which spreads equatorward at depths
of 500–1,500 m and ventilates the lower thermocline. In the North Atlantic, Subarctic IntermediateWater (SAIW)
forms on the western flank of the subpolar gyre and contributes to intergyre exchange (Liu & Tanhua, 2021). At
shallower depths, central waters (CW) and mode waters are generated through wintertime mixed‐layer deepening
and subduction, supplying the thermocline with recently ventilated water. These intermediate and central/mode
waters act as reservoirs for excess heat and anthropogenic carbon, while also regulating nutrient supply to the low‐
latitude thermocline, thereby influencing primary productivity (Gao et al., 2018; Z. Li et al., 2023; Sloyan &
Rintoul, 2001; Sarmiento et al., 2004). The vertical and meridional structure of these water masses is schemat-
ically illustrated on the Atlantic overturning stream function in Figure 1.

Recent work has demonstrated that supervised machine‐learning algorithms can emulate OMP‐derived water
mass fractions. Romera‐Castillo et al. (2022) applied an ensemble regression method to a limited number of
Atlantic hydrographic sections, showing that OMP and machine learning could be combined to classify water
masses from ship section data in the absence of biogeochemical tracers. Here, we extend this approach by training
a random forest (RF) model ensemble on the full set of tracer‐rich GLODAP Atlantic bottle profiles, enabling
basin‐wide, gridded water mass classification rather than section‐based estimates. We further demonstrate that
this framework can be applied directly to a data‐assimilating ocean state estimate (ECCO), yielding a continuous
three‐dimensional water mass product at monthly resolution across the Atlantic basin.

We run the analysis in three stages, as shown schematically in Figure 1. First, we run an OMP‐based water mass
classification in the Atlantic Ocean by using tracer‐rich GLODAP cruise profiles. Second, we train a RF model
ensemble on the OMP output, but using only conservative temperature, absolute salinity, and basic positional
information (latitude, longitude, height above the bottom, and depth). Last, we apply the RF model to the ECCO
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state estimate to produce a fully gridded monthly water mass product for the period 1992–2018. The methodology
is described in detail below (Section 2), followed by the Results per each step (Section 3) and a final Discussion
(Section 4).

2. Data and Methods
2.1. Initial OMP Classification

We begin by conducting an OMP analysis to classify the large‐scale water masses in the Atlantic Ocean. OMP
analysis assumes that each water parcel is a linear mixture of predefined end members, with the relative con-
tributions constrained to be non‐negative and (approximately) to sum to one. The analysis is based on solving a
system of linear mixing equations using a least‐squares optimization, where the residual between the observed
property vector and the reconstructed mixture is minimized (Tomczak, 1981). Additionally, we apply a set of
user‐defined weights (shown in Table 1) to each variable to reflect differences in measurement uncertainty
(Lauvset et al. (2024) reports GLODAPv2 basin‐scale inter‐cruise consistency of approximately 0.005 in salinity,
1% in oxygen, and 2% in nutrients). As in most OMP applications, measurement uncertainties in the underlying

Figure 1. Extending classical OMP water mass classification with machine learning, and the large‐scale water mass structure
of the Atlantic Ocean. The top panels demonstrate schematically the method used in this study. CTD and biogeochemical
bottle observations along ship transects (top left) are collated and used to identify water masses via a least‐squares linear
mixing solution known as OMP analysis. We train a RF ensemble on this classification (top middle), which enables
application to a much wider range of thermohaline‐only data sets (top right, see Text S1, Figure S1 in Supporting
Information S1). Arrows indicate the sequential workflow. The bottom panel plots the global zonally integrated overturning
stream function, calculated from ECCO (ECCO Consortium et al., 2021; Forget et al., 2015). Red contours indicate
clockwise transport and blue indicates anti‐clockwise transport. Units are given in Sverdrups, where 1 Sv is equivalent to
106m3s− 1. The water masses that are classified in this study are overlaid.
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hydrographic and biogeochemical tracers are therefore handled implicitly through the weighted least‐squares
formulation, rather than through explicit uncertainty propagation. The end‐member values listed in Table 1 should
thus be interpreted as representative mean properties. Further details, including all relevant equations, are pro-
vided in the Text S2 of Supporting Information S1.

In addition to conservative tracers such as conservative temperature and absolute salinity, the analysis includes
quasi‐conservative biogeochemical variables that provide discriminatory power between water masses. Tem-
perature and salinity typically contain most of the information required for water mass identification, but addi-
tional tracers are valuable when water masses exhibit similar thermohaline properties yet differ in their
biogeochemical signatures (Johnson, 2008). Rather than explicitly forming the classical composite tracers PO and
NO, we follow a semi‐conservative approach in which oxygen, phosphate, and nitrate are coupled through fixed
remineralization exchange ratios derived from Redfield stoichiometry (Broecker, 1974; Karstensen & Tomc-
zak, 1998). These exchange ratios provide the same discriminatory separation between water masses with similar
thermohaline characteristics but distinct biogeochemical signatures, while allowing for non‐conservative
behavior to be represented through so‐called ΔQ terms. Using the pyompa implementation from Shrikumar
et al. (2022), we impose the physical constraints of non‐negativity and a hard mass constraint (see Text in
Supporting Information S1for further details).

The observational data for this classification come from the ship‐based GLODAPv2 compiled data set. GLODAP
provides a quality‐controlled, internally consistent, and bias‐adjusted compilation of discrete bottle data from
ship‐based hydrographic cruises across the global ocean (Olsen et al., 2020). Importantly, it includes the full suite
of biogeochemical variables necessary to constrain the water mass classification problem. All GLODAP data
used in this study are shown in Figure 2a.

For the purposes of this study, we adopt an idealized set of seven basin‐scale source water types to represent the
large‐scale water mass structure of the Atlantic Ocean, chosen to ensure that the basin‐wide OMP system remains
well constrained. Source water properties (end members) are taken from Liu and Tanhua (2021). Where they
define multiple sub‐types of a given water mass (e.g., multiple central waters), we adopt a single representative
end member by taking the mean of the corresponding source water properties. The resulting set of seven end
members is summarized in Table 1.

To ensure basin‐wide consistency and avoid the need to partition the Atlantic Ocean into separate regions, we
apply this fixed set of seven end members uniformly across the basin. This choice differs from the approach of Liu
and Tanhua (2021), who subdivide the Atlantic into multiple regions and solve locally restricted OMP systems in
order to represent a larger number of water mass sub‐types. Similarly, we note that the original Romera‐Castillo
et al. (2019) OMP framework used by Romera‐Castillo et al. (2022) also applies end‐member mixing over a
domain that is divided into separate regions. While that approach is well suited to section‐based analyses, it
introduces discontinuities in water mass fractions at sub‐domain boundaries that are problematic for gridded,
basin‐scale applications.

Table 1
Properties of SWT End Members Used in This Study

SWT Con. Temp.(°C) [24] Abs. Sal.(g/kg) [24] O2 (μmol/kg) [7] NO3 (μmol/kg) [2] PO4 (μmol/kg) [2] Si(OH)4 (μmol/kg) [2]

CW 14.13 35.71 216.2 8.0 0.56 3.2

AAIW 1.78 33.82 300.7 27.3 1.95 21.1

SAIW 3.62 34.99 294.6 15.6 1.04 8.5

uNADW 3.33 35.07 279.4 17.0 1.11 11.4

lNADW 2.96 35.08 278.0 16.8 1.10 13.2

CDW 0.41 34.85 203.8 33.5 2.31 115.5

AABW − 0.46 34.83 239.0 32.8 2.27 124.9

Note. The water masses are Central Water (CW), Antarctic Intermediate Water (AAIW), Sub‐Arctic Intermediate Water (SAIW), upper North Atlantic Deep Water
(uNADW), lower North Atlantic Deep Water (lNADW), Circumpolar Deep Water (CDW), and Antarctic BottomWater (AABW). Parameter weights (shown in square
brackets) specify the relative importance assigned to each tracer in the OMP least‐squares mixing formulation, with higher weights enforcing closer agreement between
observed and reconstructed values.
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Because our random‐forest model ensemble is trained directly on OMP‐derived water mass fractions, any dis-
continuities in the training data would be inherited by the machine‐learning predictions. Adopting a single, basin‐
wide set of end members therefore ensures spatially coherent water mass fields that are suitable for extension to
gridded data sets and ocean state estimates. Although this simplification necessarily limits the number of distinct
water masses represented in order to keep the mixing problem formally determined, underdetermined OMP
formulations are possible and widely used when additional constraints or regularization are imposed. Here we
retain the simpler, well‐constrained configuration to prioritize robustness and methodological clarity at the basin
scale. The OMP solution of Liu and Tanhua (2021) is therefore not used directly in our primary analysis, but is
included in the Supporting Information S1 as a qualitative point of comparison (Figures S2–S4 in Supporting
Information S1).

2.2. Random Forest Model

We use a RF model to predict water mass fractions from hydrographic properties. A RF is a supervised machine‐
learning method that combines the predictions of many decision trees, where each tree learns a set of simple, rule‐
based splits in the input data. This makes RF models well suited to tabular geophysical data sets, such as hy-
drographic observations, where relationships between variables are non‐linear and water masses are separated by
relatively sharp boundaries in property space.

We choose a RF as the predictive model because it provides a straightforward way to predict multiple water mass
fractions simultaneously within a single model (multi‐output regression). In contrast, some alternative tree‐based
methods such as gradient boosting typically require training a separate model for each target variable, increasing
complexity. RFs also require relatively little hyperparameter tuning, meaning that model performance is less
sensitive to the precise choice of user‐defined settings (such as the number or depth of trees).

Figure 2. Spatial distribution and thermohaline characteristics of the GLODAP data set used in this study. Panel (a) shows
the locations of GLODAP stations used in this study, overlain on an orthographic projection of the Atlantic Ocean. Shading
indicates the fraction of NADW at 1,000 m in the Northern Hemisphere and the fraction of AABW at 2,000 m in the
Southern Hemisphere. Panel (b) shows conservative temperature–absolute salinity space colored by the dominant water
mass at each point, defined as the maximum OMP‐derived fraction (hard classification). Panel (c) shows conservative
temperature–absolute salinity space colored using an RGB blending approach, with CDW mapped to red, NADW to green,
and AABW to blue. In panels (b, c), the upper and lower components of NADW are grouped.
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Because RFs are based on ensembles of decision trees, they are particularly effective at capturing non‐linear
relationships and sharp transitions in feature space, which are characteristic of boundaries between different
water masses. Previous benchmarking studies have shown that tree‐based models such as RFs often outperform
neural networks for tabular data sets of this kind, where inputs are structured physical variables rather than images
or sequences (Grinsztajn et al., 2022). An explicit demonstration of this behavior in an oceanographic context is
provided by Mashayek et al. (2022).

To train the RF model, we use a stratified 5‐fold cross‐validation approach, outlined as follows:

1. The OMP output training set is prepared, shuffled and split evenly into five partitions (folds). Each fold is used
once as a validation set, while the remaining four serve as the training data.

2. For each fold, we train a distinct RF regressor on its training subset. Each RF consists of an ensemble of
decision trees with a maximum depth of 16, and the number of trees is selected through hyperparameter tuning.
The trained model is then evaluated on its respective test fold.

3. We quantify model performance using the coefficient of determination, R2, which measures the fraction of
variance in the OMP‐derived water mass fractions explained by the model predictions. We calculate the R2

score for each fold's test set, providing a reliable estimate of model accuracy through cross‐validation covering
the whole data set.

4. This process yields five separate RF ensemble models. Each of these may now be applied to the required data
set. At each grid cell or observed data point, the final prediction is the average of the five model outputs, and
the spread between them provides an estimate of uncertainty.

Initially, we undertake this process using temperature, salinity, positional data, and all available biogeochemical
tracers as model features. To assess how well the model generalizes beyond the training data, we evaluate its
performance using an out‐of‐distribution testing approach. The Atlantic Ocean is divided into a set of
geographical boxes, and all GLODAP profiles within each box are sequentially withheld from the training set. For
each iteration, the RF model is trained on data from all remaining boxes and subsequently tested on the withheld
box. This ensures that the model is validated against spatially independent data (as opposed to random sub-
samples), avoiding data leakage from nearby or overlapping profiles and providing a more stringent test of the
model's ability to generalize across regions. Quantitative evaluation of model performance using this approach is
presented in Section 3.2.

The trained RF ensemble is subsequently applied to gridded ocean state estimates in order to generate basin‐wide,
time‐continuous water mass fields. For this purpose, we use the ECCOv4r4 ocean state estimate, which combines
a general circulation model with a global data assimilation framework. ECCO assimilates a wide range of
observational constraints, including satellite altimetry, Argo temperature and salinity profiles, GRACE gravity
data, and hydrographic observations, to produce a dynamically consistent estimate of the ocean state (ECCO
Consortium et al., 2021; Forget et al., 2015).

We choose ECCO rather than an interpolated observational product or an unconstrained reanalysis because it
provides a physically consistent, mass and energy‐conserving three‐dimensional field, allowing water mass
pathways and transformations to be interpreted coherently. Importantly for this study, ECCO does not include
biogeochemical tracers, making it an appropriate testbed for evaluating the ability of the RF model to extend
tracer‐informed water mass classifications to temperature and salinity‐only data sets.

Integrated water mass layer thicknesses are computed within ECCO at each timestep as:H = ∑k fk Δzk, where fk
is the water mass fraction at vertical level k and Δzk is the corresponding layer thickness. Changes in layer
thickness are quantified as the difference between the mean of the final 5 years and the mean of the first 5 years of
the ECCO period (1992–2018).

3. Results
3.1. OMP‐Based Reference Classification of Atlantic Water Masses

Figure 3 shows meridional cross sections of Atlantic water mass fractions derived from the OMP classification.
AABW is concentrated near the Antarctic margin in the Weddell Sea sector and is primarily confined to abyssal
depths below 4,000 m (Figure 3a). NADW occupies a broad mid‐depth layer between approximately 1,000 and
4,000 m, extending from the subpolar North Atlantic to around 30°S (Figure 3b), consistent with its formation in
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the Labrador and Nordic Seas and export via the deep western boundary current system (Le Bras, 2023; Rhein
et al., 2015; Talley, 2011; Toole et al., 2011). CDW dominates the deep Southern Ocean and appears in the
abyssal Atlantic as a southward‐flowing, nutrient‐rich mixture that shoals toward Antarctica along tilted iso-
pycnals associated with Southern Ocean upwelling (Figure 3c; Marshall & Speer, 2012). AAIW and SAIW are
centered at intermediate depths, with AAIW subduction visible near the Polar Front (Figure 3d), while CW
occupies the upper ocean in the subtropics (Figure 3e). In this analysis, the CW class also encompasses weakly
stratified mode waters with similar thermohaline properties (Liu & Tanhua, 2021).

These spatial patterns are reflected in T‐S space (Figure 2b), where CDW and AABW occupy the cold, saline end
of the distribution, NADW spans intermediate temperatures and high salinities, intermediate waters occur at

Figure 3. Zonal sections of water mass distribution in the Atlantic Ocean derived from Optimum Multiparameter (OMP)
analysis of GLODAP data. Each panel shows a scatter plot of all available hydrographic profiles across the basin, colored by
the proportion of a given water mass: (a) Antarctic Bottom Water, (b) North Atlantic Deep Waters, (c) Circumpolar Deep
Water, (d) Antarctic Intermediate Water, (e) Central Water, and (f) Sub‐Arctic Intermediate Water. Given the zonal
asymmetry in Sub‐Arctic Intermediate Water distribution, only data from longitudes 45–60°W are shown. Fractional
contributions range from 0 (absence) to 1 (pure source water), highlighting vertical and meridional structure in the Atlantic
water column.
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lower salinities, and CW dominates the warm, saline surface regime. While a hard classification based on the
dominant fraction clearly delineates major water masses, it can obscure transitions in regions of active mixing. To
better represent continuous mixing, fractional compositions are visualized using an RGB blending approach
(Figure 2c), revealing smooth gradients and transitional regimes, such as the gradual transition from NADW to
AABW in the deep western South Atlantic (Memery et al., 2000).

Together, these results provide a physically consistent, tracer‐informed reference classification that is used to
train and evaluate the machine‐learning model in the following sections.

3.2. Model Performance and Validation

Having established the OMP‐derived reference structure of Atlantic water masses, we now assess how accurately
this structure can be reproduced and extended using a machine‐learning approach. Using the out‐of‐distribution
testing approach outlined in Section 2.2, we first evaluate model performance using the full set of thermohaline,
positional, and biogeochemical features. The model achieves strong agreement between predicted and OMP‐
derived water mass fractions, with coefficients of determination typically exceeding R2 ∼ 0.9 across most re-
gions when trained on the full set of thermohaline, positional, and biogeochemical features (see Figure S5 in
Supporting Information S1). The resulting model is therefore able to classify Atlantic water masses in complete
biogeochemical data sets with substantially fewer requirements than OMP analysis; in particular, there is no need
to define source water properties or prescribe parameter weights.

More importantly, further testing shows that the RF model ensemble retains strong performance even in the
absence of biogeochemical tracers as input features. When trained using only temperature, salinity, and positional
information, the model typically explains ∼80–95% of the variance in OMP‐derived water mass fractions across
much of the Atlantic basin, with only moderate regional reductions in skill (Figure 4 and Figure S6 in Supporting
Information S1). This demonstrates that robust, basin‐scale water mass classification can be achieved using
thermohaline and positional information alone.

To assess which input features are fundamental for skillful classification, we performed a set of feature‐exclusion
experiments (see Figure S6 in Supporting Information S1). In addition to the two aforementioned model set‐ups,
we also trained and validated two additional models following the same spatial holdout approach: one using only
positional information, and one using only temperature and salinity. Here, the positional‐only model serves as a
spatial interpolation baseline, learning geographically coherent patterns rather than physically based water mass
structure. The temperature‐salinity only model shows substantially reduced skill in the subpolar North Atlantic,
where attention to the individual water mass R2 contributions reveals that it struggles to distinguish between
SAIW and uNADW. It is likely that, in this region, additional positional or biogeochemical information is
required to separate parcels that occupy overlapping ranges in thermohaline space but have different upstream
pathways and ventilation histories. Conversely, the positional feature only model performs poorly in mid‐
latitudes and polar regions, where sharp temperature‐salinity gradients associated with mode water formation,
deep convection, and strong fronts (e.g., in the Labrador and Irminger Seas) determine water mass structure that
geographic coordinates alone cannot capture. These results emphasize that, while positional context helps
disambiguate similar source waters, reliable classification in dynamically active regions requires explicit ther-
mohaline information. Overall, the exclusion study confirms that combining conservative temperature, absolute
salinity, and positional features is sufficient to reproduce most of the skill of the full model, and that biogeo-
chemical tracers further enhance performance only in specific regimes (primarily the Arctic and Antarctic
shelves).

Whilst the thermohaline‐positional model exhibits generally good predictive skill, it shows a degree of variability
across the basin. Lower R2 values tend to occur in regions where (a) water mass structure is highly variable across
small spatial scales (e.g., strong mixing zones, such as the Drake Passage where R2 = 0.78), or (b) there is under‐
sampling in the GLODAP data set, limiting the statistical representation available for training (such as the box due
south of South Africa where R2 = 0.67, or the box in the Arctic where R2 = 0.70). Near the Antarctic shelf,
model skill is also reduced despite relatively dense sampling (e.g., R2 = 0.60 in the Weddell Sea). This likely
reflects a mismatch between our chosen open‐ocean end‐members and the local shelf waters which are modified
by relatively strong non‐conservative buoyancy fluxes (e.g., Dense Shelf Water, Ice Shelf Water, or Winter
Water, which are not included as end‐members for simplicity here, but in principle could be—see Lanham,
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Mazloff, et al. (2025)). In such regions, the OMP framework forces mixtures of the available end‐members to
represent water types that are not well spanned in tracer space, likely leading to noisier target fractions and lower
apparent skill in the RF predictions.

Figure 4. Verification of the RF approach to classifying water masses in the absence of biogeochemical tracers. Panel
(a) shows an out‐of‐distribution testing scenario. The Atlantic Ocean is divided into boxes and used to geographically bin all
the GLODAP data used in this study, shown by blue dots. Profiles that fall within a given box are separated from the data in
the remaining boxes and withheld from training. The RF ensemble is then trained on the data from the remaining boxes and
tested on the data from the original box. The red number represents the R2 value associated with this testing (*100). Note that
we exclude any water masses from the calculation in regions in which those same water masses were effectively absent (n > 1,
where n is a single measurement in which the water mass fraction>0.1). The four water masses with the highest relative fraction
in each box are indicated. Panel (b) shows a bivariate histogram of all the OMP‐derived water mass fractions (x‐axis), plotted
against the model‐derived water mass fraction prediction (y‐axis).
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By contrast, in interior or well‐sampled regions, the RF performs strongly, with predictions tightly aligned with
OMP‐derived fractions. This means that skillful water mass classification in the Atlantic Ocean can be achieved
in observational data sources that only measure temperature and salinity. This greatly increases the volume of
classifiable data, enabling water mass classification at much finer spatial and temporal resolution, particularly
thanks to the widespread coverage of Argo floats (Roemmich et al., 2009) (see Text S1, Figure S1 in Supporting
Information S1 for more details).

The RF ensemble is also able to classify water masses in ocean models that do not have a biogeochemical
component. Here we demonstrate this functionality by applying the RF model ensemble to the monthly gridded
data‐assimilating ECCOv4r4 state estimate to produce a fully gridded water mass product at monthly resolution.
This enables a preliminary exploration into how the distribution of water masses in the Atlantic Ocean has
evolved in recent decades.

3.3. Basin‐Wide Extension of Classification Between 1992 and 2018

3.3.1. Water Mass Climatology

Figure 5 shows the climatological distribution of major Atlantic Ocean water masses at selected depth levels,
diagnosed by applying the RF ensemble to the ECCO state estimate. The resulting three‐dimensional fields
reproduce the expected large‐scale structure and pathways of Atlantic water masses, consistent with hydrographic
observations and the OMP‐based reference classification (See Figure S7 in Supporting Information S1 for the RF‐
ECCO equivalent to Figure 3).

At abyssal depths (4,000 m), AABW dominates the South Atlantic (Figure 5a), with high fractions near the
Antarctic margin in the Weddell Gyre that decrease northward, in agreement with observations (Silvano
et al., 2023). The influence of bathymetry on bottom water pathways is clearly evident, with northward transport
along the western boundary through the Argentine and Brazil basins and restricted exchange across major
topographic features such as the Walvis Ridge and the Mid‐Atlantic Ridge (Durrieu De Madron & Weath-
erly, 1994; Sandoval & Weatherly, 2001; Solodoch et al., 2022). At 2,500 m, AABW is largely confined to the
Weddell Sea sector, reflecting downslope export of dense shelf waters formed in coastal polynyas (Amblas &
Dowdeswell, 2018).

NADW exhibits a layered vertical structure, with a strong western boundary signal at 1,500 m extending from the
subpolar North Atlantic to ∼20°S (Figure 5e), and a broader, more diffuse distribution at 3,000 m that fills much
of the basin interior and extends to ∼40°S (Figure 5d), consistent with observations (Ferreira & Kerr, 2017;
Johnson, 2008; Liu & Tanhua, 2021; Miron et al., 2022).

CDW is apparent at both 1,500 and 2,500 m in the South Atlantic between 40°S and 60°S (Figures 5c and 5f),
forming a zonal band that separates NADW to the north fromAABW to the south. This structure reflects Southern
Ocean wind forcing and associated upwelling linked to Ekman divergence (Lumpkin & Speer, 2007; Marshall &
Speer, 2012; Talley, 2013), with onshore encroachment limited by dense water formation in the Weddell Sea
(Davis et al., 2022; Lanham, Mazloff, et al., 2025; Tamsitt et al., 2021). At intermediate depths (500 m), AAIW
forms a zonal band between 30°S and 50°S and spreads northward beyond the equator (Figure 5i), while SAIW is
confined to the western boundary of the subpolar North Atlantic (Figure 5g; Arhan, 1990; Talley, 1996). CW
dominates the upper ocean at 100 m in the low‐to‐mid latitudes (Figure 5h).

Overall, these climatological fields demonstrate that the RF–OMP hybrid approach produces physically realistic,
basin‐scale water mass distributions when applied to gridded ocean state estimates. In the following section, we
use this framework to examine temporal variability in Atlantic water mass structure over the past three decades.

3.3.2. Water Mass Temporal Variability

Application of the RF model ensemble to high‐resolution data raises the possibility of analyzing temporal
variability in the Atlantic Ocean water mass structure, albeit with the caveat that we keep the properties of the
SWT end member fixed in time. This means that temporal variability in source water properties can impact the
perceived variability in water mass distribution (discussed further in Section 4). We make this choice given that
the focus of this work is primarily to showcase the methodology, however, we note that it is possible to relax this
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assumption if end members are allowed to vary in time in accordance with changes in the properties of the source
water region (see Lanham, Purkey, et al., 2025).

Figures 6a and 6b show the change in the layer thickness of CW and AAIW over the ECCO period (anomaly,
2013–2018 average minus 1992–1997 average), according to the RF ensemble applied to ECCO. The equivalent
time series of the total volume of CW south of 30°S and AAIW are shown in Figures 6c and 6d, respectively. CW
undergoes a noticeable thickening south of 30°S, with both layer thickness and integrated volume increasing over
time. This expansion of the warm, saline upper layer may reflect enhanced surface warming and increased
subtropical stratification in the Southern Hemisphere, potentially linked to intensified surface buoyancy forcing
and changes in wind‐driven subduction. This is consistent with a number of studies that note a recent increase in
subduction rates and accumulation of mode water volume (Gao et al., 2018; Kolodziejczyk et al., 2019; Qu
et al., 2020; Portela et al., 2020; Z. Li et al., 2023). In contrast, AAIW shows a declining trend in both layer

Figure 5. Climatological (1992–2018) water mass distributions in the Atlantic Ocean within the ECCO model. The RF
ensemble is applied to the data‐assimilating ECCO ocean state estimate in the absence of biogeochemical tracers and
averaged across the 30‐year window to produce a “mean‐state” estimate of the 3‐dimensional Atlantic Ocean water mass
structure. (a) Antarctic Bottom Water at 4,000 m; (b) Antarctic Bottom Water at 2,500 m. (c) Circumpolar Deep Water at
2,500 m; (d) North Atlantic Deep Waters (sum of upper and lower components) at 3,000 m; (e) North Atlantic Deep Waters
at 1,500 m; (f) Circumpolar Deep Water at 1,500 m; (g) Sub‐Arctic Intermediate Water at 500 m; (h) Atlantic Central Water
at 100 m; (i) Antarctic Intermediate Water at 500 m.
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thickness and total volume (Figures 6c and 6d), consistent with reduced formation or shoaling of intermediate
isopycnals. This is also consistent with observed trends in the Southern Ocean in recent decades (Z. Li et al., 2023;
Portela et al., 2020). Together, these trends suggest a deepening and thickening of the upper ocean and a
contraction of the intermediate layer, indicative of a more strongly stratified Southern Ocean in recent decades
(Haumann et al., 2016).

Figures 6e and 6f show the change in the layer thickness of lNADW and uNADW + SAIW during the same
period. uNADW and SAIW are grouped because of a similar pattern of anomalies that appear to oppose the
changes in lNADW in the subpolar North Atlantic. The lNADW layer thickens in the Irminger Sea but thins
farther south along the western boundary. In contrast, the upper NADW + SAIW layer thins in the Irminger Sea
sector and thickens near the Labrador Sea outflow, which is possibly consistent with the recent increase in deep
convection observed in the Labrador Sea (Yashayaev, 2024; Yashayaev & Loder, 2016). Increased Labrador Sea
Water volume is also found when the RF ensemble is trained directly on the Liu and Tanhua (2021) classification

Figure 6. Changes in water mass distributions in the Atlantic Ocean within the ECCO model, obtained via application of the
RF ensemble in the absence of biogeochemical tracers. Panels (a, b, e–g) show the change in integrated full‐column water
mass layer thicknesses across the 30 years ECCO run. The change in thickness is calculated as the mean thickness of the last
5 years, minus the mean of the first 5 years. Panels (c, d) show the integrated volume timeseries of Atlantic Central Water
south of 30°S and Antarctic Intermediate Water across the whole basin. Shading indicates ±2 standard deviations across the
5 k‐fold ensemble member predictions.
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(see Figure S4 in Supporting Information S1). By contrast, AABW shows significant layer contraction across
most of the basin (Figure 6g), consistent with the wide array of observations that show a warming, freshening and
contraction of AABW in recent decades (Gunn et al., 2023; Johnson & Purkey, 2024; Purkey & Johnson, 2010,
2012; Silvano et al., 2023).

Figure 7a shows the change in integrated water mass layer thickness over the 30‐year ECCO period for CDW,
computed over the full water column. CDW undergoes a pronounced expansion near the Antarctic continent, with
modest reductions on the equatorward side of the ACC. This pattern indicates a basin‐scale redistribution of CDW
toward the Antarctic margin. When the analysis is restricted to the upper 2000 m (Figure S8 in Supporting In-
formation S1), the CDW expansion is concentrated clearly along the Antarctic continental shelf, highlighting the
accumulation of CDW in the depth range most relevant for shelf–ocean heat exchange. The increase in CDW is
largely compensated by a reduction in AABW fraction, which at these depths primarily represents recently
ventilated dense shelf waters and the upper expression of newly formed AABW cascading from the Antarctic
margin rather than the abyssal AABW core.

The spatial structure of the CDW anomalies is plausibly consistent with a poleward shift of the upwelling branch
of the circulation, with relative CDW fractions decreasing equatorward of the upwelling zone and increasing on
its poleward flank. This interpretation is supported by Figure 7b, which shows that the mean latitude of the CDW
core (defined here as regions exceeding 75% CDW fraction) migrates poleward by approximately half a degree
over the 30‐year period. Similar behavior is recovered when the RF ensemble is trained on the alternative OMP
classification of Liu and Tanhua (2021) (Figure S4 in Supporting Information S1), and is consistent with
observational analyses of CDW near the Antarctic shelf (Herraiz‐Borreguero & Naveira Garabato, 2022; Lan-
ham, Purkey, et al., 2025; Schmidtko et al., 2014) as well as model projections of future Southern Ocean change
Q. Li et al. (2023). We note, however, that the inferred magnitude of this shift is associated with substantial
uncertainty (gray shading), reflecting spread across the k‐fold model ensemble.

The explicit aim of the analysis presented here is not to explain or uncover new phenomenology. Rather, it is to
demonstrate that the OMP‐RF hybrid approach is consistent with current understanding of Atlantic water mass
distributions and that it provides a practical tool for studying AMOC variability, allowing for accurate estimates
of heat, carbon, and nutrient budgets.

4. Discussion and Conclusions
We present a hybrid method for water mass classification of the Atlantic Ocean, combining the tracer constraints
of OMP analysis with the scalability and ease‐of‐application of machine learning. This approach leverages a RF
ensemble trained on a biogeochemical tracer‐informed OMP‐derived data set to classify water masses using only
temperature, salinity, and positional information. This enables the identification of water masses across a larger

Figure 7. Changes in Circumpolar Deep Water distribution in the Atlantic Ocean within the ECCO model, obtained via
application of the RF ensemble in the absence of biogeochemical tracers. Panel (a) shows the change in integrated layer
thickness of Circumpolar Deep Water. The change in thickness is calculated as the mean thickness of the last 5 years, minus
the mean of the first 5 years. Panel (b) shows the change in the mean latitude of the core of Circumpolar DeepWater, defined
as all grid points in which the relative concentration exceeds 75%. Shading indicates ±2 standard deviations across the 5 k‐
fold ensemble member predictions.
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range of data at higher spatio‐temporal resolution, including Argo profiles, CTD‐only observations, and nu-
merical model outputs without a biogeochemical component.

Applying this approach to the ECCO state estimate, we produce a monthly gridded water mass product for the
Atlantic Ocean over the period 1992–2018. This product reveals climatological patterns that align with estab-
lished understanding of Atlantic Ocean structure, while also enabling an assessment of decadal‐scale variability.
We observe a consistent contraction in the thickness and volume of AABW in the Weddell Sea and abyssal South
Atlantic. This finding is consistent with previous observational studies documenting AABW warming, fresh-
ening, and contraction, and may indicate a weakening of the abyssal overturning circulation (Biló et al., 2024). A
thinning AABW layer reduces the capacity of the deep ocean to ventilate and store heat and carbon, with im-
plications for global climate regulation (Akhoudas et al., 2021; Gunn et al., 2023; Huhn et al., 2013; Lago &
England, 2019; Nissen et al., 2022). In the North Atlantic, we detect opposing trends in upper and lower NADW
layers: a thickening of upper NADW (and SAIW) near the Labrador Sea outflow region, and a thinning of lower
NADW in the same area, with the reverse pattern in the Irminger Sea. This is at least partially consistent with
recent increases in ventilation in the Labrador Sea (Yashayaev, 2024; Yashayaev & Loder, 2016).

In the mid‐depth Southern Ocean, we find preliminary evidence for a southward shift in the core of CDW, with
expansion on the poleward side of the upwelling zone and a minor reduction to the north. This pattern is plausibly
consistent with a latitudinal reorganisation of upwelling, possibly related to a slowdown in AABW formation
(Q. Li et al., 2023) or wind‐driven shifts in the ACC. In particular, the observed poleward shift of Southern
Hemisphere westerlies (Deng et al., 2022; Thomas et al., 2015) may have enhanced Ekman divergence closer to
the Antarctic continent, repositioning CDW upwelling zones. Alternatively, it is possible that the observed
strengthening in these winds could drive poleward CDWmigration via a strengthened eddy response (Gille, 2014;
Goyal et al., 2021; O’Connor et al., 2021). Such changes have important implications for heat transport to ice shelf
fronts and may modulate basal melting rates (Nakayama et al., 2018; Pritchard et al., 2012; Schodlok et al., 2016).
In the upper and intermediate ocean, we observe a thickening of warm central waters and a contraction of AAIW,
particularly in the Southern Hemisphere. These results could reflect increased stratification in the upper ocean
driven by surface warming and strengthened buoyancy fluxes, or the wind‐driven deepening of the surface mixed
layer linked with increasingly strong westerlies over the Southern Ocean (Deng et al., 2022).

When interpreting temporal changes in diagnosed water mass thickness and volume, it is important to recognize
that our analysis assumes temporally fixed source water properties. As a result, changes in inferred water mass
extent may reflect a combination of (a) genuine redistribution of water masses within the basin and (b) temporal
evolution of source water properties in their formation regions. In particular, documented warming and freshening
of AABW and NADW over recent decades may cause portions of these waters to project less strongly onto fixed
end members, leading to an apparent reduction in fractional extent even in the absence of a purely dynamical
contraction.

This limitation should be borne in mind when interpreting trends. Nevertheless, several aspects of our results
suggest that the diagnosed changes are not solely artifacts of evolving source properties. The spatial structure of
the anomalies is physically coherent, aligns with known circulation pathways, and is consistent with independent
observational and modeling studies documenting abyssal warming, freshening, and contraction. Moreover, the
same qualitative patterns emerge when the RF ensemble is trained on an alternative OMP classification Liu and
Tanhua (2021), lending confidence that the inferred changes reflect basin‐scale reorganization rather than local
end‐member drift alone. Finally, sensitivity tests presented in Lanham, Purkey, et al. (2025), conducted in the
Southern Ocean, show that allowing source water properties to vary in time does not substantially alter the sign or
large‐scale structure of diagnosed water mass trends. While regionally distinct, this result suggests that fixed end‐
member assumptions are unlikely to dominate basin‐scale trend detection, supporting the robustness of the
patterns identified here.

Accounting explicitly for time‐varying source water properties through adaptive or time‐dependent end members
is a promising avenue for future work and has been explored in regional and basin‐scale studies (e.g., Lanham,
Purkey, et al. (2025) and Oglethorpe et al. (2026)). Implementing such an approach here would require additional
assumptions and lies beyond the scope of this primarily methodological study.

More generally, it should be noted that the definition of source water properties is not uniquely prescribed: end
members must ultimately be selected based on a combination of physical understanding, observational evidence,
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and methodological judgment. Different but equally defensible choices of end‐member properties can therefore
lead to quantitatively different water mass fractions, even when applied to the same underlying data.

Here we deliberately adopt an idealized representation of the Atlantic Ocean using seven basin‐scale water
masses, acknowledging that this is a simplification of the full diversity of water mass structure observed in
regional and process‐focused studies. The number of water masses that can be resolved in this framework is set by
the OMP end‐member definition rather than by the machine‐learning model itself. While the RF can readily
accommodate a larger number of output classes, increasing the number of basin‐scale end members in this case
leads to an underdetermined OMP system, in which solutions are no longer unique and depend more strongly on
parameter weights, priors, and additional regularization. Such formulations can be appropriate when carefully
constrained; however, because the primary aim of this study is to demonstrate a basin‐wide, gridded extension of
water mass classification, we adopt a reduced set of physically distinct water masses to prioritize methodological
clarity, robustness, and spatial coherence.

Overall, the RF‐based approach provides a practical and scalable framework for extending water mass classi-
fication to the rapidly growing volume of high‐resolution physical oceanographic data. This study demonstrates
that robust basin‐scale water mass classification can be achieved using temperature and salinity alone, without
reliance on biogeochemical tracers. This substantially broadens the range of observational and modeling datasets
to which water mass analysis can be applied, including Argo floats, gliders, and ocean state estimates that lack a
biogeochemical component.

A growing body of recent work has already adopted this hybrid OMP–RF framework. For example, Lanham,
Purkey et al. (2025) apply it to Southern Ocean Argo float data, while Oglethorpe et al. (2026) use it with ice‐
tethered profilers in the Arctic; both studies employ adaptive end‐member strategies to assess multi‐year
changes in water mass structure. Dias et al. (2025) apply the method to investigate regions of water mass mix-
ing in the Atlantic Ocean on palaeo‐oceanographic timescales. Collectively, these applications highlight the
versatility of the hybrid OMP–RF approach, and demonstrate its utility for studying both the mean state and
evolving structure of the global ocean using widely available physical observations.
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