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Abstract. The Liang-Kleeman rate of information transfer is used to quantify interactions between the different terms of the

ocean heat budget at monthly time scale over the period 1988-2017 in three coupled global climate models participating in

the High Resolution Model Intercomparison Project (HighResMIP), as well as in the Ocean Reanalysis System 5 (ORAS5).

In particular, we focus on the influences of ocean heat transport convergence (dynamical influence) and net surface heat flux

(thermodynamical influence) on ocean heat content tendency. At least two different configurations are used for each model,5

allowing to investigate the impact of ocean resolution on these causal relationships. A very small number of regions with a

dynamical influence is found at high ocean resolution (≤ 0.25◦) and ORAS5 reanalysis when considering the upper 50 m,

while a thermodynamical influence is present in a large number of regions. The number of regions with a dynamical influence

increases when taking into account the upper 300 m and becomes comparable to the thermodynamical influence. Interestingly,

low-resolution model configurations (1◦ in the ocean) show a much larger number of regions with a significant dynamical10

influence for both depth integrations (upper 50 m and 300 m) compared to high-resolution model configurations. The reason

for the large difference in dynamical influence between low and high resolutions partly comes from the spatial distribution of

ocean velocity field, which is highly variable at high resolution, leading to a smaller dynamical influence. High resolution is

therefore key in representing realistically the causal interactions between the ocean and atmosphere.

1 Introduction15

The climate on Earth is strongly affected by energy exchanges between the ocean and atmosphere, as the ocean covers more

than 70% of the Earth surface and absorbs a major part of the incoming energy. The global energy imbalance between 1971

and 2018 amounts to 0.57 W m−2, with the ocean heat uptake contributing to 91% of the total energy change (Forster et al.,

2021). The energy absorbed by the ocean is stored as heat, with more than half of that heat in the upper 700 m (Forster et al.,

2021). The ocean plays a key role in redistributing this heat from equatorial regions, where it takes up heat in excess, to20

higher latitudes, where heat gets released to the atmosphere (Trenberth and Caron, 2001). Understanding whether variations in

ocean heat content (OHC) are driven by air-sea heat fluxes or by ocean dynamics is of crucial importance to enhance climate

predictions and projections (Roberts et al., 2017).
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Several studies have focused on a budget-based approach to evaluate the drivers of OHC variability. Buckley et al. (2014)

analyzed processes driving variations in upper OHC (down to the winter mixed layer depth) in the North Atlantic using a data25

assimilating ocean model coming from Estimating the Circulation and Climate of the Ocean (ECCO) project (ocean resolution

of 1◦). They found that while OHC tendency is predominantly explained by local (air-sea heat flux and Ekman) forcing in the

subtropical gyre at all considered time scales (monthly to decadal), geostrophic heat transport convergence plays a major role

in the Gulf Stream region at time scales longer than 6 months. Roberts et al. (2017) combined four surface heat flux reanaly-

sis products with the EN4 OHC dataset (inferring ocean heat transport convergence as a residual) on a common 1◦ grid and30

identified regions where ocean dynamics and local air-sea fluxes drive the ocean heat budget at interannual time scales over

1985-2012. They found that ocean heat transport (OHT) convergence dominates variations in OHC in the mixed layer in equa-

torial regions and regions of strong ocean currents, while OHC is controlled more by net surface heat flux (Qnet) in subtropical

gyres and subpolar gyres of the North Atlantic and North Pacific. Over the full depth, variations in OHT convergence dominate

changes in OHC in most regions of the world. Small et al. (2020) used version 4 of the Community Climate System Model35

(CCSM4) at both low (0.5◦ in the atmosphere and 1◦ in the ocean) and high (0.25◦ in the atmosphere and 0.1◦ in the ocean)

resolutions over a 10-year and an 8-year control run, respectively, and analyzed results at monthly time scales. They found that

in the upper 50 m and at low resolution, OHC tendency is mainly driven by Qnet over large regions of the globe, except in

the eastern tropical Pacific and Atlantic. In contrast, OHC tendency is dominated by OHT convergence at high resolution. The

influence of OHT convergence on OHC tendency increases when integrating over deeper depths (upper 400 m) at both low and40

high resolutions.

The above-mentioned studies mainly used variance, correlation and regression analyses. However, the presence of statisti-

cally significant correlations does not firmly demonstrate causal influences between variables, as correlation does not neces-

sarily imply causation. In order to identify causal links, several causal inference frameworks have been developed (Granger,

1969; Schreiber, 2000; Sugihara et al., 2012; Liang and Kleeman, 2005; Krakovská et al., 2018; Palûs et al., 2018; Runge45

et al., 2019). The Liang-Kleeman information flow method (Liang and Kleeman, 2005) is particularly interesting because it

allows for identifying the direction and magnitude of the cause-effect relationships between variables. It is based on the rate

of information transfer in dynamical systems; it has initially been developed for two-variable systems (Liang, 2014) and has

recently been extended to multivariate systems (Liang, 2021). This novel method has been successfully applied in several cli-

mate studies, e.g. causal influences between greenhouse gases and global mean surface temperature (Stips et al., 2016; Jiang50

et al., 2019), the dynamical dependence between a set of observables and the Antarctic surface mass balance (Vannitsem et al.,

2019), soil moisture - air temperature interactions in China (Hagan et al., 2019), prediction of El Niño Modoki (Liang et al.,

2021), causal links between climate indices in the North Pacific and Atlantic regions (Vannitsem and Liang, 2022), identifica-

tion of potential drivers of Arctic sea-ice changes (Docquier et al., 2022b), and ocean-atmosphere interactions (Docquier et al.,

2022a).55

In our study, we analyze the causal influences between the different terms of the ocean heat budget using the multivari-

ate approach of the rate of information transfer developed by Liang (2021). This allows to check the relative contribution of

dynamical (represented by OHT convergence) and thermodynamical (represented by Qnet) influences on changes in OHC.

2

https://doi.org/10.5194/egusphere-2022-1340
Preprint. Discussion started: 2 December 2022
c© Author(s) 2022. CC BY 4.0 License.



Our analysis goes beyond previous studies (Buckley et al., 2014; Roberts et al., 2017; Small et al., 2020), which have mainly

used correlation and regression analyses between the different ocean heat budget terms, potentially including non-causal re-60

lationships. We use three different global climate models participating in the High Resolution Model Intercomparison Project

(HighResMIP) with at least two different configurations, which allows for investigating the role of ocean resolution. Model-

based results are further validated through the use of the ORAS5 reanalysis, as an observational surrogate. Section 2 presents

the data and methods used in this analysis. Section 3 provides the main results of our study and places them in the overall

context. Our conclusions are presented in Sect. 4.65

2 Data and Methods

2.1 Data

Three different global coupled climate models are used: (1) the European Community Earth-System Model version 3 (EC-

Earth3; Haarsma et al. 2020), (2) the Hadley Centre Global Environment Model 3 - Global Coupled version 3.1 (HadGEM3-

GC3.1, hereafter referred to as HadGEM3; Roberts et al. 2019), and (3) the Community Earth System Model version 170

(CESM1; Meehl et al. 2019). We use at least two different configurations for each model that mainly differ by their spa-

tial horizontal resolution (in the atmosphere and ocean), including a total of eight model configurations (Table 1). They all

follow the High Resolution Model Intercomparison Project (HighResMIP) protocol (Haarsma et al., 2016). We use historical

simulations (‘hist-1950’) for 1988-2014 and future simulations (‘highres-future’) for 2015-2017. We extract monthly mean

ocean potential temperature, zonal and meridional ocean velocities, surface shortwave and longwave radiations, and latent and75

sensible heat fluxes from the first member of each model.

EC-Earth3 is composed of the Integrated Forecasting System (IFS) atmosphere model, cycle 36r4, and version 3.6 of the

Nucleus for European Modeling of the Ocean (NEMO3.6; Madec et al. 2017). The low-resolution configuration, EC-Earth3P

(hereafter referred to as EC-Earth3-LR), uses the T255 atmosphere grid (nominal resolution of 100 km) and ORCA1 ocean

grid (nominal resolution of 1◦, i.e. ∼100 km). The high-resolution configuration, EC-Earth3P-HR (hereafter referred to as80

EC-Earth3-HR), uses the T511 atmosphere grid (nominal resolution of 50 km) and ORCA025 ocean grid (nominal resolution

of 0.25◦, i.e. ∼25 km).

HadGEM3 includes the Global Atmosphere 7.1 configuration (GA7.1; Walters et al. 2019) of the Met Office Unified Model

(MetUM) and the NEMO3.6 ocean model. Four different configurations of HadGEM3 are used and mainly differ by their

spatial resolution. HadGEM3-GC3.1-LL (hereafter referred to as HadGEM3-LL) uses the N96 atmosphere grid (nominal85

resolution of 250 km) and ORCA1 ocean grid (nominal resolution of 1◦, i.e. ∼100 km). HadGEM3-GC3.1-MM (hereafter

referred to as HadGEM3-MM) uses the N216 atmosphere grid (nominal resolution of 100 km) and ORCA025 ocean grid

(nominal resolution of 0.25◦, i.e. ∼25 km). HadGEM3-GC3.1-HM (hereafter referred to as HadGEM3-HM) uses the N512

atmosphere grid (nominal resolution of 50 km) and has the same ocean resolution as HadGEM3-MM (0.25◦). HadGEM3-

GC3.1-HH (hereafter referred to as HadGEM3-HH) uses the same atmosphere resolution as HadGEM3-HM (50 km) and90

ORCA12 ocean grid (nominal resolution of 1/12◦, i.e. ∼8 km).
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Table 1. Model configurations and reanalysis used in this study, together with their atmospheric and ocean model components and nominal

resolutions (approximate resolutions at 50◦N are provided in parenthesis). The full model names are provided in parenthesis and italics below

the names used in this study.

Dataset Atm. model / forcing Atm. resolution Ocean model Ocean resolution References

Models

1. EC-Earth3-LR IFS cy36r4 100 km (70 km) NEMO3.6 100 km (70 km) Haarsma et al. (2020),

(EC-Earth3P) EC-Earth-Consortium (2019)

2. EC-Earth3-HR IFS cy36r4 50 km (40 km) NEMO3.6 25 km (20 km) Haarsma et al. (2020),

(EC-Earth3P-HR) EC-Earth-Consortium (2018)

3. HadGEM3-LL MetUM 250 km (135 km) NEMO3.6 100 km (70 km) Roberts et al. (2019),

(HadGEM3-GC3.1-LL) Roberts (2017a)

4. HadGEM3-MM MetUM 100 km (60 km) NEMO3.6 25 km (20 km) Roberts et al. (2019),

(HadGEM3-GC3.1-MM) Roberts (2017b)

5. HadGEM3-HM MetUM 50 km (25 km) NEMO3.6 25 km (20 km) Roberts et al. (2019),

(HadGEM3-GC3.1-HM) Roberts (2017c)

6. HadGEM3-HH MetUM 50 km (25 km) NEMO3.6 8 km (6 km) Roberts et al. (2019),

(HadGEM3-GC3.1-HH) Roberts (2018)

7. CESM1-LR CAM5.2 100 km (60 km) POP2 100 km (80 km) Meehl et al. (2019),

(CESM1-CAM5-SE-LR) Hurrell et al. (2020a)

8. CESM1-HR CAM5.2 25 km (20 km) POP2 10 km (8 km) Meehl et al. (2019),

(CESM1-CAM5-SE-HR) Hurrell et al. (2020b)

Reanalysis

ORAS5 Forcing: ERA-Interim 100 km (70 km) NEMO3.4 25 km (20 km) Zuo et al. (2019)

CESM1 is composed of the Community Atmosphere Model 5.2 (CAM5.2; Park et al. 2014) and the Parallel Ocean Program

2 (POP2; Smith et al. 2010). The low-resolution configuration, CESM1-CAM5-SE-LR (hereafter referrered to as CESM1-

LR), employs a nominal resolution of 1◦ (i.e. ∼100 km) in both the atmosphere and ocean. The high-resolution configuration,

CESM1-CAM5-SE-HR (hereafter referred to as CESM1-HR), employs a nominal resolution of 0.25◦ (i.e. ∼25 km) in the95

atmosphere and 0.1◦ (i.e. ∼10 km) in the ocean.

We use the terminology ‘low resolution’ for model configurations having an ocean resolution of 1◦ (i.e. EC-Earth3-LR,

HadGEM3-LL and CESM1-LR), and ‘high resolution’ for model configurations that have an ocean resolution finer than, or

equal to 0.25◦ (i.e. EC-Earth3-HR, HadGEM3-MM, HadGEM3-HM, HadGEM3-HH and CESM1-HR).

We finally make use of the Ocean Reanalysis System 5 product (ORAS5) released by the European Centre for Medium-100

Range Weather Forecasts (ECMWF) OCEAN5 global eddy-permitting ocean and sea-ice ensemble reanalysis system at a

resolution of 0.25◦ (Table 1; Zuo et al. 2019), comparable to high-resolution model configurations. The ocean and sea-ice
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components are NEMO3.4 (Madec, 2008) and LIM2 (Fichefet and Morales Maqueda, 1997). In our study, we use the first

ORAS5 member (out of five members), which is the control (unperturbed) member, initialized using the ECMWF Reanalysis

- 40 years (ERA40) from 1958 to 1979. The atmospheric forcing is ERA-Interim from 1979 to 2015, and the ECMWF opera-105

tional numerical weather prediction model thereafter. ORAS5 assimilates sea-surface temperature (SST), sea-ice concentration

and ocean temperature and salinity from different products that are described in Zuo et al. (2019). Data are available from 1979,

and we extract monthly mean ocean potential temperature, zonal and meridional ocean velocities, as well as net downward heat

flux.

In our study, monthly data covering the period 1988-2017 are used for all model and reanalysis datasets. This period provides110

a total of 360 months, which is sufficient to apply the information flow method (Sect. 2.2). This specific period has also been

chosen to be able to directly compare results to a previous analysis using the rate of information transfer applied to satellite

observations (Docquier et al., 2022a). In order to check the robustness of results related to the length of the time period, monthly

data from a 100-year-long HighResMIP control simulation (‘control-1950’) with EC-Earth3-HR have also been used.

2.2 Methods115

Our analysis is conducted on the three main terms of the ocean heat budget, namely ocean heat content (OHC) tendency,

ocean heat transport (OHT) convergence and net atmospheric surface heat flux (Qnet), based on the studies from Buckley et al.

(2014), Roberts et al. (2017) and Small et al. (2020). The main novelty compared to these previous analyses is the computation

of causal influences between ocean heat budget terms (see below).

Two different depth integrations are chosen for the computation of OHC tendency and OHT convergence in order to quantify120

causal influences in a context dominated by mixed layer processes (upper 50 m) and in another one where we take into account

processes that occur generally deeper than the mixed layer (upper 300 m; with the exception of the northern North Atlantic and

sub-Antarctic frontal zone in winter; de Boyer Montégut et al. 2004), in a similar way as Small et al. (2020). More precisely,

we use the upper 47 m and 301 m for NEMO-based models and reanalysis (EC-Earth3, HadGEM3 and ORAS5), and the upper

55 m and 306 m for CESM1, accounting for the different vertical grid spacing of the analyzed ocean model components.125

OHC in each grid point (expressed in J m−2) is computed via the depth integration of ocean potential temperature T over

the upper 50 m or upper 300 m of the ocean:

OHC = ρcp

∫
Tdz, (1)

where ρ is the seawater density (ρ = 1027 kg m−3), cp is the specific seawater heat capacity (cp = 3985 J kg−1 K−1), z is

the depth. OHC tendency is computed via a central difference approximation scheme using a time step of one month and is130

expressed in W m−2.

OHT convergence (expressed in W m−2) is the opposite of OHT divergence (∇ · OHT), which is computed at each grid

point as the depth integration of the divergence in the product of ocean temperature and ocean velocity over the upper 50 m or

upper 300 m of the ocean:

∇ ·OHT = ρcp

∫
∇ ·U(T −Tref )dz, (2)135
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where U is the ocean horizontal velocity vector and Tref is the reference temperature (set to 0◦C). The divergence in the

product of temperature and velocity is computed via a central difference approximation scheme using a time step of one

month. Note that in Roberts et al. (2017), OHT convergence is estimated as a residual, while we compute it directly from

monthly temperature and velocity data.

Qnet is computed as the sum of all shortwave and longwave radiation fluxes at the surface as well as latent and sensible140

heat fluxes. Note that for ORAS5, Qnet is directly provided as an output. All fluxes are expressed in W m−2 and are positive

downwards.

At each grid point, we compute the rate of information transfer between OHC tendency, OHT convergence and Qnet. As for

each pair of variables, the rate of information is computed in the two directions, this results in six different causal relationships.

We reproduce this computation for every grid point of the globe over the period 1988-2017. For climate models, we interpolate145

OHC tendency and OHT convergence onto the atmosphere grid before calculating the rate of information transfer. As the

information flow method applies to stationary time series (Liang, 2021; Docquier et al., 2022b), we remove the trend and

seasonality of all three variables using a linear regression and additive decomposition. In our analysis, we focus on two specific

causal relationships, i.e. the (dynamical) influence of OHT convergence on OHC tendency and the (thermodynamical) influence

of Qnet on OHC tendency.150

The absolute rate of information transfer from variable Xj to variable Xi is computed assuming linearity following Liang

(2021):

Tj→i =
1

detC
·

d∑

k=1

∆jkCk,di ·
Cij

Cii
, (3)

where C is the covariance matrix, d is the number of variables (d = 3 in our case), ∆jk are the cofactors of C, Ck,di is the

sample covariance between all Xk and the Euler forward difference approximation of dXi/dt (dt is the one-month time step),155

Cij is the sample covariance between Xi and Xj , Cii is the sample variance of Xi.

To assess the importance of the different cause-effect relationships, we compute the relative rate of information transfer from

variable Xj to variable Xi following the normalization procedure of Liang (2021):

τj→i =
Tj→i

Zi
, (4)

where Zi is the normalizer, computed as follows:160

Zi =
d∑

k=1

|Tk→i|+
∣∣∣∣
dHnoise

i

dt

∣∣∣∣ , (5)

where the first term on the right-hand side represents the information flowing from all the Xk to Xi (including the influence of

Xi on itself), and the last term is the effect of noise, computed following Liang (2021).

When τj→i is statistically different from 0, Xj has an influence on Xi, while if τj→i = 0 there is no influence. A value of |τ |
= 100 % indicates that Xj has the maximum influence on Xi. A positive (negative) value is indicative of an increase (decrease)165

in variability of the target variable due to the causal influence of the source. Statistical significance of τj→i is computed via
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bootstrap resampling with replacement of all terms included in Eq. (3)-(5) using 500 realizations. These boostrap realizations

are combined together using the False Discovery Rate (FDR) from Wilks (2016) with a significance (α) level of 5% (1% for the

control simulation to take into account the effect of a larger time series). A 3-by-3 window median filter is applied to remove

isolated significant points. A significant rate of information transfer from OHT convergence to OHC tendency indicates that170

ocean dynamics plays a role in changing OHC tendency, while a significant rate of information transfer from Qnet to OHC

tendency is an indication of a thermodynamical influence.

As our ocean heat budget omits vertical mixing, which can be important in the mixed layer (Small et al., 2020), as well

as horizontal mixing and sub-monthly OHT variations, we also compute a residual term in the upper 50 m as the difference

between OHC tendency and the sum of OHT convergence and Qnet for the EC-Earth3-HR model simulation, in order to check175

its relative contribution to changes in OHC compared to OHT convergence and Qnet. We compute the rate of information

transfer for five different combinations, as discussed in Sect. 3.4.

3 Results and Discussion

3.1 Upper 50 m

We first compute the rate of information transfer when considering OHT convergence and OHC tendency in the upper 50 m.180

Low-resolution model configurations (ocean resolution of 1◦) present a significant number of regions with a strong rate of

information transfer from OHT convergence to OHC tendency, in particular in the North Atlantic, North Pacific and many

parts of the Southern Hemisphere (Fig. 1a for EC-Earth3-LR; Figs. A1a-A2a for other model configurations). This result

suggests that variations in ocean heat content in the upper 50 m are partly dynamically driven in these specific regions at low

resolution. The majority of these regions show negative values, meaning that variations in OHT convergence tend to reduce the185

variability in OHC tendency. Nevertheless, the number of regions with a thermodynamical influence, i.e. from Qnet to OHC

tendency, is larger than the one with a dynamical influence (Fig. 1b; Figs. A1b-A2b for other model configurations). In terms

of thermodynamical influence, positive rates of information transfer are present in tropical regions and near sea-ice edges,

and negative values dominate in extra-tropical regions. A larger influence of air-sea fluxes on ocean heat content variations,

compared to ocean dynamics, was also found by Small et al. (2020) at low resolution in the upper 50 m. It is also worth noticing190

that the different low-resolution model configurations broadly agree in terms of dynamical and thermodynamical influences

(Figs. 1 and A1-A2).

Next, we turn to high-resolution model configurations, which feature an ocean resolution finer than, or equal to 0.25◦ (Ta-

ble 1). We find that these models present a very small number of regions with a significant rate of information transfer from

OHT convergence to OHC tendency (Fig. 2a for EC-Earth3-HR; Figs. A3a-A6a for other model configurations). This means195

that almost no significant dynamical influence on OHC tendency is detected at high resolution, contrarily to low resolution.

On the contrary, a substantial part of the world is covered by a strong rate of information transfer from Qnet to OHC tendency

(Fig. 2b; Figs. A3b-A6b for other model configurations). This highlights the large thermodynamical influence on OHC ten-

dency at high resolution in the upper 50 m. Furthermore, the fraction of the world covered by a significant influence of Qnet
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Figure 1. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on EC-Earth3-LR. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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on OHC tendency is larger at high resolution compared to low resolution, and values are mostly positive at high resolution200

(changes in Qnet make OHC tendency more variable), while both positive and negative values co-exist at low resolution. As

for low resolution, the different high-resolution model configurations broadly agree in terms of dynamical and thermodynami-

cal influences (Figs. 2 and A3-A6).

The small dynamical influence and large thermodynamical contribution at high resolution is confirmed by the analysis of

a 100-year control run performed with EC-Earth3-HR (Fig. A7), showing results very similar to the historical run done with205

the same model (Fig. 2). This result is in contradiction with Small et al. (2020), who found a larger ocean dynamical influence

compared to air-sea fluxes at high resolution when considering the upper 50 m. However, several important differences exist

compared to our study: Small et al. (2020) use a regression analysis and do not compute any causal relationship between

variables; they include sub-monthly variations in the dynamical contribution and vertical mixing in the thermodynamical

contribution; and they use a relatively short model run (8 years compared to 30 years in our study), which could explain210

differences between our results and theirs.

The ORAS5 reanalysis, which has an ocean resolution of 0.25◦, provides rates of information transfer in agreement with

high-resolution model configurations. Changes in OHC tendency are almost entirely dominated by variations in Qnet while

the dynamical influence is almost absent (Fig. 3). This provides further evidence that the weak dynamical influence at high

resolution (Fig. 2) is robust. It is interesting to note that the spatial distribution of the rate of information transfer from Qnet to215

OHC tendency at high resolution (Fig. 2b) and in ORAS5 (Fig. 3b) shares many similarities with the one from turbulent heat

flux to SST tendency using satellite observations over the same time period (Fig. 3b in Docquier et al. 2022a). Turbulent heat

flux and SST tendency can be seen as proxies of net surface heat flux (Qnet) and OHC tendency in the upper ocean, respectively.

This agreement with our analysis of observations provides additional confidence in the results found at high resolution.

Low-resolution model configurations have a lower skill in terms of representing ocean currents and the mean climate (Kirt-220

man et al., 2012; Grist et al., 2018; Docquier et al., 2019). Combined with the large difference in terms of rate of information

transfer between low (Fig. 1a) and high (Fig. 2a) resolutions, we suggest that low-resolution model configurations overesti-

mate the dynamical influence of the ocean in driving changes in OHC tendency. Instead, the thermodynamical influence, as

represented by high-resolution model configurations, appears to strongly control variations in ocean heat content in the upper

50 m of the ocean (Fig. 2b). To further demonstrate that the difference in the rate of information transfer between low and high225

resolutions is robust, we have upscaled ocean velocity (meridional and zonal components) and potential temperature as well as

the atmospheric heat flux terms of EC-Earth3-HR to the same resolution as EC-Earth3-LR (i.e. 100 km in both the ocean and

atmosphere). We have then re-computed OHC tendency, OHT convergence and Qnet, and subsequently the rate of information

transfer, based on the upscaled quantities. Results are presented in Fig. A8 and are mostly similar to the rate of information

transfer computed with EC-Earth3-HR without upscaling (Fig. 2), showing a weak ocean dynamical influence. Upscaling to230

400 km provides similar results (not shown). This confirms that the results found strongly depend on the model resolution and

its related processes, and not on length scale.
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Figure 2. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on EC-Earth3-HR. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure 3. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on ORAS5. Black contours are drawn around regions

with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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3.2 Upper 300 m

We then consider OHC tendency and OHT convergence in the upper 300 m and re-compute the rate of information transfer.

In this case, a larger number of regions with a significant influence of OHT convergence on OHC tendency is found compared235

to the upper 50 m. On the contrary, the number of regions with a significant influence of Qnet on OHC tendency in the upper

300 m becomes smaller relative to the upper 50 m. This is true for both low (Fig. 4) and high (Fig. 5) resolutions, as well as

ORAS5 (Fig. 6). This suggests an increase of the dynamical contribution with a deeper integration of OHC and OHT. This

result is in agreement with Small et al. (2020), who use CCSM4 at low (1◦) and high (0.1◦) ocean resolutions. However, the

relative importance of ocean dynamics is smaller in our study compared to the latter study. This could be due to the different240

methodology and/or the much shorter considered time period in Small et al. (2020), as already mentioned in Sect. 3.1.

At low resolution, the number of regions with a significant influence of ocean dynamics on OHC tendency becomes larger

than the influence of air-sea heat fluxes (Fig. 4) compared to the upper 50 m (Fig. 1). This is in agreement with results found in

Small et al. (2020) for the upper 400 m and Roberts et al. (2017) for the mixed layer. At high resolution, despite the increase

in the number of regions with a significant ocean dynamics influence in the upper 300 m compared to the upper 50 m, the245

thermodynamical influence still dominates (Fig. 5). This is confirmed by results from the reanalysis, for which the number of

regions with a significant dynamical influence remains limited (Fig. 6). Note that in certain regions, differences are present

between the reanalysis and EC-Earth3-HR in terms of the thermodynamical influence on OHC tendency. For example, an

extensive region of positive rate of information transfer is present in the North Atlantic subpolar gyre in ORAS5 (Fig. 6b),

while there is a relatively small zone of negative information transfer in EC-Earth3-HR (Fig. 5b).250

Despite the increase of the dynamical contribution and decrease of the thermodynamical influence from 50 m to 300 m,

the spatial distribution of these influences remains relatively similar for both depth integrations. At low resolution, negative

values of the dynamical influence dominate in many regions of the world (Figs. 1a and 4a). This means that variations in OHT

convergence tend to stabilize OHC tendency. Also, at low resolution, the thermodynamical contribution has positive values of

the rate of information transfer in most of the tropics and in polar regions (Figs. 1b and 4b), suggesting that the Qnet variability255

tends to increase the OHC tendency variability in these regions. On the contrary, negative values of the thermodynamical

influence are present in most extratropical regions. At high resolution, even if the dynamical contribution remains limited, we

can see a dominance of negative values of information transfer (Figs. 2a and 5a), similarly to low resolution. Contrarily to low

resolution, mostly positive values of the thermodynamical influence are modeled at high resolution (Figs. 2b and 5b).

3.3 Difference between low and high resolutions260

The presence of a stronger signal in the dynamical influence, as measured by the rate of information transfer from OHT con-

vergence to OHC tendency, at low resolution compared to high resolution is partly due to a much smoother spatial distribution

of ocean velocity field at low resolution (Fig. 7a). This results in a relatively smooth spatial distribution of OHT convergence

at low resolution. At high resolution, the ocean velocity field is highly variable in space (Fig. 7b), resulting in a much noisier

OHT convergence spatial variability. Note that in Fig. 7b, the ocean velocity is interpolated onto the low-resolution grid to be265

12

https://doi.org/10.5194/egusphere-2022-1340
Preprint. Discussion started: 2 December 2022
c© Author(s) 2022. CC BY 4.0 License.



Figure 4. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 300 m) to ocean heat content

tendency (OHCt, upper 300 m) and (b) from net surface heat flux (Qnet) to OHCt, based on EC-Earth3-LR. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure 5. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 300 m) to ocean heat content

tendency (OHCt, upper 300 m) and (b) from net surface heat flux (Qnet) to OHCt, based on EC-Earth3-HR. Black contours are drawn

around regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).

14

https://doi.org/10.5194/egusphere-2022-1340
Preprint. Discussion started: 2 December 2022
c© Author(s) 2022. CC BY 4.0 License.



Figure 6. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 300 m) to ocean heat content

tendency (OHCt, upper 300 m) and (b) from net surface heat flux (Qnet) to OHCt, based on ORAS5. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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comparable to Fig. 7a. Despite this spatial interpolation, the velocity field is still much noisier at high resolution compared to

low resolution.

Figure 7. Ocean surface meridional velocity in January 1988 for (a) EC-Earth3-LR and (b) EC-Earth3-HR (the latter is interpolated onto the

EC-Earth3-LR grid).
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This difference in spatial smoothness of the velocity field at both resolutions results in large discrepancies in terms of

correlation and causal influence between OHT convergence and OHC tendency. The two fields are correlated in a much larger

number of regions at low resolution compared to high resolution (Fig. 8). At high resolution, a significant number of regions,270

notably in the North Atlantic and Southern Hemisphere, present no correlation (Fig. 8b). This affects the rate of information

transfer from OHT convergence to OHC tendency as it is tightly linked to the correlation between the two variables by definition

(Liang, 2014). As a result, a much larger causal influence from OHT convergence to OHC tendency is found at low resolution

(Fig. 1a) compared to high resolution (Fig. 2a). This is partly due to the high spatial variability of the velocity field at high

resolution.275

3.4 Inclusion of residual processes

As described in Sect. 2.2, our approach does not take into account vertical mixing, which can be important in the upper ocean, as

well as other processes that could affect changes in OHC. Adding a residual to the multivariate estimates results in singularities

reflecting that the residual is a linear combination of the three other terms. Thus, we compute the rate of information transfer

taking into account a residual term in five different combinations with the EC-Earth3-HR historical simulation.280

When we combine OHC tendency, OHT convergence and the residual (thus omitting Qnet), we obtain very large influences

of both OHT convergence and the residual on OHC tendency, especially in tropical regions and western boundary currents,

albeit with opposite signs (Fig. A9). However, this combination omits an important driver, which is the air-sea heat flux (Qnet),

so the rates of information transfer are biased due to this absence. If we repeat the procedure with OHC tendency, Qnet and the

residual (omitting OHT convergence), the thermodynamical influence (Fig. A10a) stays very similar to the original case with285

OHC tendency, OHT convergence and Qnet (Fig. 2b). Also, the residual influence on OHC tendency (Fig. A10b) is relatively

similar to the dynamical influence in the original case (Fig. 2a).

The three next combinations only involve two variables at a time (which we refer to as 2D), i.e. OHT convergence and OHC

tendency, Qnet and OHC tendency, and the residual and OHC tendency. Results are summarized in Fig. 9 and reveal that the 2D

dynamical (Fig. 9a) and thermodynamical (Fig. 9b) influences on OHC tendency are very similar to the original three-variable290

(3D) case (Fig. 2). The residual influence (Fig. 9c) stays very similar to the dynamical influence (Fig. 9a) in the 2D case, in a

similar way as the original 3D case (Fig. A10b). This suggests that the results found in the 3D case are robust, i.e. the variations

of OHC are largely dominated by changes in Qnet.

3.5 Limitations of the method

The causal method used in our study has several strong advantages, including its derivation from first principles of information295

entropy (Liang, 2016), the possibility to identify the direction and magnitude of causal influences between variables, and its

relative simplicity (see Eq. 3). However, several limitations exist.

The first limitation is that the method has been designed for linear systems (Liang, 2014). While it has been tested and

validated with highly nonlinear examples (Liang, 2014), we should keep in mind that the approach provides an approximated

solution, and a generalization to the fully nonlinear case should be developed to get a more accurate solution (Liang, 2021).300
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Figure 8. Pearson correlation coefficient between ocean heat content tendency (OHCt, upper 50 m) and ocean heat transport convergence

(OHTc, upper 50 m), based on (a) EC-Earth3-LR and (b) EC-Earth3-HR. Black contours are drawn around regions with a statistically

significant correlation coefficient (FDR 5%; Student’s t-test; median filter).
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The second limitation is the problem of hidden variables and is linked to the tests we have done in Sect. 3.4 with the residual.

When we omit Qnet in the computation of the rate of information transfer, we end up with large but opposite influences of

OHT convergence and the residual on OHC tendency (Fig. A9). This is unrealistic, as revealed by the original case (Fig. 2).

Thus, careful attention needs to be taken in choosing the right variables for specific studies. Since the lack of an important

driver may lead to unrealistic results, verifying the robustness of the results of the 3D analysis with 2D analyses (as done in305

Sect. 3.4) should prevent misinterpretation in cases where this driver could not be identified or taken into account.

Finally, despite the success of this method in different studies, including climate analyses (Sect. 1), no detailed study has

compared the rate of information transfer to other causal methods yet. Such an intercomparison with a dedicated benchmark

would provide more insights into the pros and cons of the method developed by Liang and Kleeman (2005).

4 Conclusions310

In our study, we have applied the rate of information transfer developed by Liang and Kleeman (2005) and recently extended to

multivariate cases (Liang, 2021) to the study of the ocean heat budget over 1988-2017. More precisely, we have quantified the

relative contributions from OHT convergence (dynamical influence) and Qnet (thermodynamical influence) in driving changes

in OHC, using two different depth integrations (50 m and 300 m). We have used three different coupled global climate models

with at least two different configurations and have investigated the role of ocean resolution. The use of the ORAS5 reanalysis315

has allowed us to confirm the robustness of our results.

We have found that when integrated over the upper 50 m, OHC tendency is clearly dominated by thermodynamical changes

(Qnet) at high ocean resolution (≤ 0.25◦), while both dynamical and thermodynamical influences are at play at low ocean

resolution (1◦). When taking into account the upper 300 m, the number of regions with a dynamical influence increases: it

becomes comparable to the thermodynamical influence at high resolution and becomes even larger at low resolution. The very320

small dynamical influence in the upper 50 m at high resolution is not in agreement with Small et al. (2020), which could be

due to the differences in the method used (regression analysis), the model configuration and the much shorter period used in

Small et al. (2020).

We have identified that one of the reasons for the large difference between low and high resolutions in terms of dynamical

influence is related to the spatial variability of the ocean velocity field. At low resolution, the velocity field is relatively smooth,325

while it is highly variable at high resolution, which results in a smaller correlation between OHT convergence and OHC

tendency at high resolution, and thus a smaller causal influence between these two variables.

Several lines of evidence demonstrate the robustness of our results. They include upscaling high-resolution variables to

the low-resolution grid, using a longer control simulation and including residual processes. Upscaling ocean and atmosphere

variables from high to low resolution and re-computing the rate of information transfer provides very similar results to the330

original high-resolution case; thus, our results are not due to the length scale, but rather to the different resolution used in

models. The use of a 100-year control simulation also provides very similar results to the original case. The inclusion of

a residual term, which incorporates processes not captured by OHT convergence and Qnet as computed in our study, and
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different combinations of variables in the computation of the rate of information transfer confirms that the thermodynamical

influence is the largest at high resolution in the upper 50 m.335

Overall, these results suggest that low-resolution model configurations (1◦) overestimate the influence of ocean dynamics on

variation in ocean heat content at both depth integrations used in this study. Additional analyses, which go beyond the scope

of this study, could include the close inspection of specific regions (such as western boundary currents and the North Atlantic)

together with a detailed comparison with available observations.

Code and data availability. ORAS5 reanalysis data (Zuo et al., 2019) were retrieved from the portal of the Center for Earth System Research340

and Sustainability (CEN) from the University of Hamburg (https://www.cen.uni-hamburg.de/icdc/data/ocean/easy-init-ocean/ecmwf-oras5.

html). Model data are available on the Earth System Grid Federation (ESGF) nodes (https://esgf-node.llnl.gov/search/cmip6) and references

of the different datasets are provided in Table 1. The Python scripts to produce the outputs and figures of this article are available on Zenodo:

https://zenodo.org/record/7358097 (Docquier, 2022).

Appendix A: Supplementary figures345
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Figure 9. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) in 2D, (b) from net surface heat flux (Qnet) to OHCt in 2D, and (c) from the residual to OHCt in 2D, based

on EC-Earth3-HR. Black contours are drawn around regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap

samples; median filter).
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Figure A1. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on HadGEM3-LL. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure A2. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on CESM1-LR. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure A3. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on HadGEM3-MM. Black contours are drawn

around regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure A4. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on HadGEM3-HM. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure A5. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on HadGEM3-HH. No bootstrapping has been

performed for this model simulation, but results are qualitatively similar to HadGEM3-MM (Fig. A3) and HadGEM3-HM (Fig. A4).
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Figure A6. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on CESM1-HR. Black contours are drawn around

regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure A7. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on a 100-year control run with EC-Earth3-HR. Black

contours are drawn around regions with a statistically significant transfer of information (FDR 1%; 500 bootstrap samples; median filter).
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Figure A8. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from net surface heat flux (Qnet) to OHCt, based on EC-Earth3-HR with quantities upscaled to EC-

Earth3-LR. Black contours are drawn around regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples;

median filter).
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Figure A9. Relative rate of information transfer τ (a) from ocean heat transport convergence (OHTc, upper 50 m) to ocean heat content

tendency (OHCt, upper 50 m) and (b) from the residual to OHCt, based on EC-Earth3-HR, omitting net surface heat flux (Qnet). Black

contours are drawn around regions with a statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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Figure A10. Relative rate of information transfer τ (a) from net surface heat flux (Qnet) to ocean heat content tendency (OHCt, upper 50 m)

and (b) from the residual to OHCt, based on EC-Earth3-HR, omitting OHT convergence. Black contours are drawn around regions with a

statistically significant transfer of information (FDR 5%; 500 bootstrap samples; median filter).
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