
1.  Introduction
While electrical conductivity is a fundamental parameter in the electrodynamics of the ocean, in the more typical 
fields of physical oceanography treating fluid dynamics and thermodynamics, electrical conductivity is usually 
only discussed as a proximate variable for conveniently obtaining salinity. Conductivity is indeed much easier to 
measure than salinity directly. In fact, ocean salinity has become defined by referencing observations of electrical 
conductivity of a seawater sample to that of a potassium chloride solution under standardized temperature and 
pressure conditions (UNESCO, 1985). At a given pressure, the electrical conductivity of the ocean alone does 
not provide sufficient information to associate it with a unique combination of temperature and salinity. However, 
given two of the three (electrical conductivity, temperature, and salinity), the third can be uniquely determined, 
despite their nonlinear relationship.

Because salinity is required to estimate the dynamically important density, conductivity has been extensively 
measured in the ocean to high accuracy. However, the conductivity data itself has not typically been archived. 
Rather, it must be estimated from the archived temperature and salinity co-observations. This approach was 
followed in developing the first “climatology” data set for ocean conductivity (Tyler et al., 2017), which has 
since been updated in Reagan et al. (2019). Climatology data sets (long available for temperature and salinity) 
refer to gridded data products constructed from an objective analysis of the many observations. The latest World 
Ocean Atlas (2018) (WOA18) data in Reagan et al. (2019) provides global ocean conductivity at 0.25° (latitude 
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and longitude) resolution and 102 standard levels spanning the ocean depth. This data includes sets (used in the 
present study) describing the temporal mean as well as each of the four seasons. Further, satellite derived sea 
surface temperature and salinity observations provide some information about the interannual variability in sea 
surface conductivity.

While conductivity depends on both temperature and salinity, an interesting finding in the climatology data (Tyler 
et al., 2017) was that the depth-average of conductivity is strongly related to that of temperature, motivating further 
studies which have found support for using depth-integrated conductivity (“ocean conductivity content” (OCC)) 
to predict depth-integrated heat (“ocean heat content” (OHC)) (Trossman & Tyler, 2019; Irrgang et al., 2019; 
Trossman & Tyler, 2022). Of course depth-integrated parameters can show strong spatial co-variability simply 
due to the common depth and the relationships referred to here involve either depth-averaged variables or covar-
iability beyond what can be simply explained by depth. The goal of the present study is to describe conductivity 
data sets that contain realistic spatial and temporal variability and apply this to elucidating the dynamical reasons 
for the high covariability between OCC and OHC.

A second reason for describing the realistic behavior of ocean conductivity is that this data is needed in forward 
models of ocean electrodynamics. The ocean is pervaded by large-scale electric currents generated by induction 
(involving excitation by field sources in the ionosphere and magnetosphere; e.g., Kuvshinov (2008)) and motional 
induction (due to the motion of the electrically-conducting fluid, such as the ocean, through the Earth's main 
magnetic field), which have associated local and remote magnetic fields (e.g., Manoj et al., 2006; Sanford, 1971; 
Stephenson & Bryan, 1992; Tyler et al., 1997). At periods much greater than 10 min [Tyler, 2017), even the 
thickest regions of the ocean are “electrically thin,” meaning the electromagnetic wavelength/attenuation scale 
inside the ocean is much smaller than the ocean thickness and therefore the horizontal electric currents excited 
are approximately depth-independent. Hence, the ocean's external magnetic field depends on OCC rather than 
surface electrical conductivity. However, due to the insufficient spatio-temporal sampling of the full-depth obser-
vations of electrical conductivity, our knowledge of the interannual variability in the subsurface ocean's electrical 
conductivity is lacking, which is one focus of the present study.

No previous study has balanced a tracer tendency equation for the ocean's electrical conductivity, in which each 
physical factor impacting the electrical conductivity has its time-rate of change quantified and balanced with the 
total time-derivative (referred to as a “budget” hereafter). However, there are numerous studies that have evaluated 
these types of budgets for ocean heat, salt, and (steric) sea level. For example, using an observationally-constrained 
but dynamically and kinematically consistent ocean state estimate, Piecuch and Ponte (2011) showed that the 
interannual variations in sea level are primarily associated with steric sea level and that variations in steric 
sea level are mostly due to advection in the tropical Indian and Pacific oceans and both advection and diffu-
sion at extratropical latitudes, with local surface buoyancy fluxes contributing in relatively few regions. Using a 
free-running coupled climate model, Palter et al. (2014) found diffusion to be more important to steric sea level 
variability on a global-mean scale than Piecuch and Ponte (2011), at least when considering vertical versus lateral 
diffusion separately, but their results otherwise qualitatively agree. Piecuch and Ponte  (2014) further demon-
strated that the global-mean steric sea level trend is set by surface heat and freshwater exchanges that are primar-
ily offset by the redistribution of heat and salt through advection and diffusion, which generally agrees with the 
results of Palter et al. (2014). The relative roles of temperature and salinity variability associated with different 
physical processes in determining the electrical conductivity variability remain unknown.

The modeling system used to generate the electrical conductivity budget data analyzed here (a run of the Esti-
mating the Circulation & Climate of the Ocean (ECCO) framework (Fukumori et al., 2017) from 1992 to 2015 
without having to optimize the model's free parameters again, a “re-run”) is described in the following section. 
Essentially, the optimized run of ECCO solves for the initial conditions, model parameters, and forcing fields 
using an adjoint-based data assimilation method. These estimates are then utilized in a forward simulation (the 
re-run) with new diagnostics (e.g., each tendency term in the electrical conductivity budget, broken up by temper-
ature and salinity contributions) saved as model output. There are at least three strengths in using ECCO to assess 
whether OHC can be predicted from OCC. First, model output is more globally complete than observational data 
sets in both time and space. Second, ECCO has been validated against several independent data sets (Forget, 
Campin, et al., 2015; Heimbach et al., 2019). Third, its re-run is guaranteed to maintain consistency in the dynam-
ics and physics of its underlying ocean model, which filter-based reanalyzes cannot do due to their use of analysis 
increments (Pilo et al., 2018; Stammer et al., 2016).
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In this study, we consider how advection, diffusion, and forcings of heat and salt determine the variability in elec-
trical conductivity using a more updated version of the same ocean state estimation framework as Piecuch and 
Ponte (2011). We organize this manuscript as follows. In Supporting Information S1, we describe the observa-
tions simply which we use to assess how realistic the ECCO state estimate's output is and the observation-model 
comparisons. In the main text, we describe ECCO and the conductivity budget. We then describe the analysis of 
what explains the variability in depth-integrated electrical conductivity and other correlates, and the conductivity 
budget results. We lastly make concluding remarks for the consequences of our findings and for future research.

2.  Model Description and Budget Framework
2.1.  Modeling System

The modeling system used here is the ECCO-Production version 4 revision 3 (ECCO-Production ver4.rev3 or 
ECCOv4r3) run, which was accomplished and described by Fukumori et al. (2017). The same framework was 
used by Trossman and Tyler (2019, 2022), but is described again here. The underlying ocean-sea ice model for 
ECCOv4r3 is based on the Massachusetts Institute of Technology general circulation model (MITgcm), which 
is a global finite volume model. The ECCOv4r3 global configuration uses curvilinear Cartesian coordinates 
(Forget, Campin et al. (2015)—see their Figures 1–3) at a nominal 1° (0.4° at equator) resolution and rescaled 
height coordinates (Adcroft & Campin, 2004) with 50 vertical levels and a partial cell representation of bottom 
topography (Adcroft et al., 1997). The MITgcm uses a dynamic/thermodynamic sea ice component (Heimbach 
et al., 2010; Losch et al., 2010; Menemenlis et al., 2005) and a nonlinear free surface with freshwater flux bound-
ary conditions (Campin et al., 2004). The wind speed and wind stress are specified as 6-hourly varying input 
fields over 24 years (1992–2015). Average adjustments to the wind stress, wind speed, specific humidity, short-
wave downwelling radiation, and surface air temperature are re-estimated and then applied over 14-day periods. 
These adjustments are based on estimated prior uncertainties for the chosen atmospheric reanalysis (Chaudhuri 
et al., 2013), which is ERA-Interim (Dee et al., 2011). The net heat flux is then computed via a bulk formula 
(Large & Yeager, 2009). The ocean variables, on the other hand, do not get periodically adjusted. A parame-
terization of the effects of geostrophic eddies (Gent & McWilliams,  1990) is used. Mixing along isopycnals 
is accounted for according to the framework provided by Redi (1982). Vertical mixing is the sum of diapycnal 
mixing and the vertical component of the along-isopycnal tensor, where diapycnal mixing is determined accord-
ing to the Gaspar et al. (1990) mixed layer turbulence closure and estimated background diapycnal diffusivity. 
Convective adjustment does not act through the diapycnal diffusivity in the MITgcm. Here, the model's diapycnal 
diffusivity represents a combination of processes, including–but potentially not limited to–internal wave-induced 
mixing. The background diapycnal diffusivity, the Redi coefficient, and the Gent-McWilliams coefficient are 
time-independent because of the under-determined problem of inverting for initial conditions and model param-
eters would be even more under-determined if they were allowed to vary in time. The electrical conductivity is 
calculated using the TEOS-10 package (McDougall & Barker, 2011) as the model runs by solving for the in-situ 
temperature based on the simulated potential temperature.

The objective of the optimized ECCOv4r3 solution is to minimize the cost function, which is a combination of (a) 
a weighted sum of squares of the disagreements between the model and observations and (b) a sum of penalties 
that do not appear in the estimation itself but push control variables toward certain parts of the control space. 
The least-squares problem solved by the ECCO model uses the method of Lagrange multipliers through iterative 
improvement, which relies upon a quasi-Newton gradient search (Gilbert & Lemarechal, 1989; Nocedal, 1980). 
Algorithmic (or automatic) differentiation tools (Griewank, 1992; Giering & Kaminski, 1998) have allowed for 
the practical use of Lagrange multipliers in a time-varying non-linear inverse problem such as ocean modeling, 
eliminating the need for discretized adjoint equations to be explicitly hand-coded. Contributions of observations 
to the model-data misfit function are weighted by best-available estimated data and model representation error 
variance (Wunsch & Heimbach, 2007). The observational data included in the ECCO state estimation procedure 
are discussed in Forget, Campin et al. (2015) and Fukumori et al. (2017). These data include satellite derived 
ocean bottom pressure anomalies, sea ice concentrations, sea surface temperatures, sea surface salinities, sea 
surface height anomalies, and mean dynamic topography, as well as profiler- and mooring derived temperatures 
and salinities (Fukumori et al., 2017) (see their Table 3). The control variables that are inverted for iteratively by 
ECCO include the initial condition of the velocities, sea surface heights, temperatures, and salinities; time-mean 
three-dimensional Redi (Redi, 1982) coefficients, Gent-McWilliams (Gent & McWilliams, 1990) coefficients, 
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and vertical diffusivities (Gaspar et  al.,  1990); and time-varying two-dimensional surface forcing fields. The 
error covariances for each of the ocean subgrid-scale transport and mixing parameters are specified by imposing 
a smoothness operator (Weaver & Courtier, 2001) at the scale of three grid points–decorrelation length scale 
diameter of ∼100 km–which allows for the dynamical model to regionally adjust from the information provided 
by observations (Forget, Ferreira, & Liang, 2015). Fifty-nine iterations of the parameter and state estimation 
procedure–the “optimization” run–were performed to arrive at the ECCOv4r3 solution, which we use for initial 
conditions and model parameters in our experiments.

2.2.  Electrical Conductivity Budget

In order to examine the importance of particular processes to variations in electrical conductivity (σ) we analyze a 
modified version of ECCOv4r3's temperature and salinity budgets to calculate the electrical conductivity budget. 
In other words, we calculate the instantaneous time-rate of change in electrical conductivity, ∂σ/∂t, and each phys-
ical process that affects the electrical conductivity for each model time step. The tracer equation terms required 
for the potential temperature (Θ) budget are related to those for the electrical conductivity budget by multiplying 
by ∂σ/∂Θ and the tracer equation terms required for the salinity (S) budget are related to those for the electrical 
conductivity budget by multiplying by ∂σ/∂S. Each of these terms are computed online and saved as the model 
runs. That is, we compute the terms in the electrical conductivity budget inline before saving them as model 
output instead of calculating these fields offline from averaged model output of time-derivatives in tempera-
ture and salinity because the chain rule is applied to get time-derivatives in electrical conductivity. Finally, the 
monthly averages of the resulting electrical conductivity terms are saved to the output files used in this analysis.

The tracer equations can be broken down into “tendency” terms (i.e., individual contributions to the time deriva-
tive of the oceanic tracer) (Palter et al., 2014),

𝜌𝜌
𝑑𝑑Θ

𝑑𝑑𝑑𝑑
= −∇ ⋅ 𝐉𝐉Θ + 𝜌𝜌𝜌𝜌Θ

𝜌𝜌
𝑑𝑑𝑑𝑑

𝑑𝑑𝑑𝑑
= −∇ ⋅ 𝐉𝐉𝑆𝑆 + 𝜌𝜌𝜌𝜌𝑆𝑆,

� (1)

where d/dt = ∂/∂t + (v + v*) ⋅∇ is the material derivative, v is the resolved velocity field, v* is the eddy-induced 
or quasi-Stokes velocity field that represents parameterized motions, Θ is the potential temperature, S is the salin-
ity, ρ is the locally referenced potential density, J Θ and J S are the fluxes associated with the parameterized mixing 
along constant density surfaces (“along-isopycnal diffusivities”) and across constant density surfaces (“diapycnal 
diffusivities”) for potential temperature and salinity, and Q Θ and Q S are the sums of sources and sinks of potential 
temperature and salinity.

The potential temperature and salinity budget terms summarized by Equation 1 are computed as follows. The 
resolved and mesoscale transports are accounted for in the material derivatives Θ and S, and the along-isopycnal 
and diapycnal diffusion of Θ and S are accounted for by J Θ and J S. The diapycnal diffusion term is added to the 
vertical component of the along-isopycnal diffusion term, which is against convention (e.g., Palter et al. (2014)). 
Shortwave radiation flux is allowed to penetrate down to 200 m in an exponentially decaying manner (Paulson 
& Simpson, 1977). The sources and sinks of Θ and S accounted for by Q Θ and Q S include surface buoyancy 
fluxes (latent, sensible, shortwave, and longwave); geothermal heat flux from hydrothermal vents at the seafloor; 
precipitation minus evaporation; freshwater fluxes from land ice; and formation of frazil ice (which occurs under 
turbulent conditions to produce randomly oriented loose crystals that don’t float in water).

3.  Results
The high level of agreement between ECCOv4r3 and observations (see Supporting Information  S1; Figures 
S1–S3 in Supporting Information S1) justifies using the ECCOv4r3 data for the remainder of this study. Unlike 
the observational comparisons, when we refer to OCC, OHC, and ocean salinity content (OSC), hereafter, we are 
referring to full depth-integrated quantities. We present the temporally-averaged OCC, its spatial gradients, and 
depth-averaged equivalents (Figure S4 in Supporting Information S1) and their temporal variability (Figure S5 
in Supporting Information S1) over the length of the ECCOv4r3 simulation (1992–2015) in Supporting Informa-
tion S1 for reference.
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3.1.  Covariability of OCC, OHC, and OSC in ECCOv4r3

Using the ECCOv4r3 output from our new simulations, we investigate the covariability between OCC, OHC, 
and OSC. We perform an empirical orthogonal function (EOF) decomposition of each field after removing 
each of their means (Figure 1) and extend this to a multivariate EOF analysis in Supporting Information S1 to 
demonstrate the spatial patterns of covariability in OCC and OHC (Figure S6 in Supporting Information S1). 
We area-weight each field and normalize them by their standard deviations prior to calculating the EOFs. The 
first EOF for OHC and the first EOF for OCC are related to ocean warming (Figures 1a and 1b) and explain 
between one-third and one-half of each of their variances. The first EOF for OSC is related to land ice melt 
(Figure 1c) and explains 60% of the variance. The second EOF for OHC and the second EOF for OCC are 
related to natural climate variability (Figures 1d and 1e) such as the El Niño Southern Oscillation, consistent 
with previous analyses that used observations of only the upper 700 m (e.g., Wang et al. (2020)). The second 
EOF for OSC is related to sea ice melt and evaporation minus precipitation trends (Figure 1f). While the 
OCC, OHC, and OSC tend to be highly correlated regardless of season and it is unclear whether any EOF 
beyond the second has a physical interpretation (not shown), the first several EOFs for OHC and OCC are 
significantly correlated in space (Figure 1g), whereas only the first EOF for OSC and OCC are significantly 
correlated in space (Figure 1h). The maximum and minimum bootstrapped spatial correlations are always 
within 0.1 of the correlations shown in Figures 1g and 1h so we instead show the low-pass filtered envelopes 
of the correlations as a function of EOF number to demonstrate the contrasting ranges of correlations between 
EOFs. Consistent with the low predictability of OHC from OCC on seasonal time scales found by Trossman 
and Tyler (2022), only the first several EOFs for OCC and OHC highly correlate when a filter is not applied, 
but the vast majority of EOFs for OCC and OHC highly correlate when a year-long moving-average filter is 
applied to the OCC and OHC data (Figure 1g). Thus, it is likely that the same mechanisms that explain the 
variability in OHC can also explain the annual-to-longer-term variability in OCC. We investigate this further 
below.

Figure 1.  The first (panels a–c) and second (panels d–f) empirical orthogonal functions for area-weighted and normalized (scaled by standard deviations of) ocean 
conductivity content (OCC—panels a and d), ocean heat content (OHC—panels b and e), and ocean salt content (OSC—panels c and f). The time series next to each 
corresponding EOF map are the corresponding Principal Components as functions of time. The units are dimensionless in panels a–f. Also shown are the maximum 
canonical spatial correlations (black solid curves) and the low-passed filtered envelopes of these correlations (black dashed curves) between the OCC EOFs and OHC 
EOFs as a function of EOF number (panel g) and between the OCC EOFs and OSC EOFs as a function of EOF number (panel h).
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3.2.  Conductivity Budget Analysis

We next decompose the electrical conductivity budget into contributions from temperature and salinity and for 
each of those, the depth-average of the horizontal advection, vertical advection, horizontal diffusion, vertical 
diffusion, forcing, and total tendency terms are shown in Figure 2. Regionally, there are large differences between 
the magnitudes of the temperature and salinity contributions for a given advective, diffusive, or forcing term. 
Consistent with expectations, the temperature forcing term tends to dominate not only the salinity forcing term 
but every other term in the electrical conductivity budget. However, the redistribution of electrical conductivity 
(or its transport) is primarily determined by the advection of both temperature and salinity. Salinity's advective 
contributions are larger than temperature's advective contributions in high-latitude regions and temperature's 
advective contributions are larger than salinity's advective contributions in low-latitude regions. The vertical 
advection contributions tend to be of opposite sign from the horizontal advection contributions, with the excep-
tion of salinity's advective contributions in equatorial regions. The sign is opposite between temperature's hori-
zontal diffusion contributions and salinity's horizontal diffusion contributions in equatorial regions. The total 
tendency term for temperature is primarily determined by the temperature forcing term and the total tendency 
term for salinity is mostly set by salinity's horizontal advection term, with a net non-zero tendency when you 
add  these two tendency terms together because there is a trend in ECCO's electrical conductivity.

We lastly present the conductivity budget tendency terms in Figure  3. We first focus on the zonally-and 
depth-averaged tendencies (Figure 3a). The temperature forcing term tracks the total temperature tendency term 
very closely over all latitudes. The temperature forcing, vertical advection of salinity, and horizontal advection 
of temperature contributions to the electrical conductivity dominate but are slightly offset by vertical diffusion 
of salinity near Antarctica. There is a trade-off of temperature forcing, vertical advection of temperature, and 
horizontal advection of temperature in low-latitude regions. In subpolar regions of the Northern Hemisphere, 
temperature forcing and vertical advection of salinity are partially offset by horizontal advection of salinity. All 
other terms are relatively small in their zonal and depth averages, but the diffusion terms may be underestimated, 
as suggested by Trossman et al. (2022). The temporal variations in the tendency terms are primarily seasonal 

Figure 2.  The depth-averaged electrical conductivity budget contributions (units in S m −1 s −1) broken up into (a and c) horizontal advection, (b and d) vertical 
advection, (e and g) horizontal diffusion, (f and h) vertical diffusion, (i and k) forcing, and (j and l) total tendency terms for temperature (a and b, e and f, i and j) and 
salinity (c and d, g and h, k and l) terms. Note that the temperature forcing term has been divided by a factor of 10 to appear on the same colorbar scale as the other 
terms.
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with amplitudes that can be larger than the average tendencies for many terms (Figure 3b). The temperature and 
salinity advection tendency terms, particularly temperature's horizontal advection term, can be comparable in 
magnitude to the  temperature forcing tendency term during July–September. The area-weighted global averages 
of the temporal correlations between each tendency term and the total tendencies (Table  1) reveal that only 
the temperature forcing tendency term is significantly positively correlated with the total electrical conductiv-

ity tendency term, but the vertical advection of salinity term is marginally 
anti-correlated with the total electrical conductivity tendency term, suggest-
ing a redistributive role. The temporal correlations between the temperature 
forcing tendency term and the total tendency term are lower in the Arctic 
Ocean, consistent with lower predictability of OHC from OCC and other 
factors found by Trossman and Tyler (2022). Each term can be significantly 
correlated with the total tendency at some location in the ocean. However, 
the only field with both significant temporal correlations with the total 
tendency term (Table 1) and a non-negligible global area-weighted tendency 
(Figure 3b) is the temperature forcing tendency term. These findings suggest 
that the electrical conductivity tendencies are primarily determined by ocean 
heat uptake, which is consistent with the high correlation between OCC and 
OHC found by Trossman and Tyler (2019, 2022) given that ocean heat uptake 
is mostly passively advected and diffused globally, particularly outside of the 
Atlantic Ocean (Garuba & Klinger, 2018; Zika et al., 2021).

4.  Conclusions
In the present study, we investigated the reasons for the high level of full-depth 
OHC predictability from full-depth OCC Trossman and Tyler (2019, 2022) 
that could potentially be calculated from magnetic data. We used an ocean 
state estimate (ECCO) to perform this analysis, which we justified by 

Figure 3.  (Panel a) The stacked sums of the zonally- and depth-averaged electrical conductivity budget contributions (units in S m −1 s −1) broken up into horizontal 
advection of temperature (blue), vertical advection of temperature (orange), horizontal diffusion of temperature (purple), vertical diffusion of temperature (green), 
temperature forcing (red), horizontal advection of salinity (brown), vertical advection of salinity (pink), and horizontal diffusion of salinity (gray). (Panel b) The stacked 
sums of the globally-averaged electrical conductivity budget contributions (units in S m −1 s −1) broken up into a subset of the same tendency terms. The only terms 
shown in either panel are ones that attain values greater than 10 −9 S m −1 s −1 at any location or time; the rest of the terms are excluded. The sum of the total tendency 
terms for temperature and salinity minus the temperature forcing term is indicated by the thick black curve in each panel.

Budget term Correlation with total tendency term

Horiz adv T −0.032 ± 0.10 (−0.60, 0.57)

Vert adv T 0.0062 ± 0.11 (−0.56, 0.66)

Horiz diff T −0.0072 ± 0.11 (−0.82, 0.84)

Vert diff T −0.061 ± 0.15 (−0.79, 0.53)

Forcing T 0.82 ± 0.35 (0.00070, 1.0)

Horiz adv S 0.014 ± 0.18 (−0.81, 0.90)

Vert adv S −0.29 ± 0.22 (−0.99, 0.40)

Horiz diff S 0.015 ± 0.11 (−0.64, 0.74)

Vert diff S −0.017 ± 0.092 (−0.69, 0.60)

Forcing S 0.0035 ± 0.037 (−0.50, 0.36)

Note. Also listed are in parentheses are the (minimum, maximum) values of 
these temporal correlations.

Table 1 
The Area-Weighted Global Averages of the Pointwise Temporal Correlations 
Between Each of the Electrical Conductivity Budget Terms and the Total 
Tendency Term, Plus or Minus the Spatial Standard Deviation of the 
Temporal Correlations
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assessing its agreement with two different observational products (one from satellites and one from in-situ data—
see Supporting Information S1). We performed multiple calculations to assess the covariability between OHC 
and (with an EOF analysis) and to ascribe causality to specific processes (with a conductivity budget analysis).

This study provided a first long-term assessment of sea surface electrical conductivity statistics using satellite 
data and found good agreement with the ECCOv4r3 product. Consistent with the high level of agreement with 
in-situ temperature and salinity observations summarized by Heimbach et al. (2019), we found good agreement 
between the electrical conductivity from ECCOv4r3 and in-situ observations on a seasonal time scale. However, 
the agreement between ECCOv4r3 and in-situ observations degrades at deeper depths and is relatively worse 
below 2,000 m depth in high-latitude regions.

Lastly, we investigated why OCC and OHC are so strongly related to each other. We first demonstrated that the 
near-surface conductivity predominates the variability in OCC and near-surface velocities determine the varia-
bility in the horizontal gradients in OCC. We then performed EOF and electrical conductivity budget analyses. 
The EOF analysis suggested that the drivers of the vast majority of the variance in the OHC and OCC fields from 
ECCOv4r3 are similar. We further found that the temperature forcing tendency dominates the electrical conduc-
tivity budget, but the advection tendency terms can be important locally and at particular times of the year. These 
results suggest that the main reason why the OHC (anomaly) is highly predictable from the OCC (anomaly) is that 
ocean heat uptake is primarily driving the trends in electrical conductivity. This study suggests that developing 
the capability to monitor OCC using available observing systems (e.g., satellite magnetometry and land observa-
tories) would be beneficial to OHC monitoring efforts.

Data Availability Statement
The data used in this study can be found at: https://doi.org/10.5281/zenodo.6834064.
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