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ABSTRACT: Temporal changes in upper ocean temperature (𝑇) are crucial indicators of climate

variability, change, and its environmental impacts. Ocean heat budgets (OHBs) used to understand

these changes are a standard tool across multiple disciplines, but the vast majority of OHBs in

published research rely on approximations that are rarely documented and tested. Here, we use

output from the CESM2 model to perform exact and approximate OHBs of the Niño3.4 region and

compare their results. Exact OHBs are computed using specialized variables that directly reflect

the model’s implementation of tracer equations, while approximate OHBs use standard variables to

recreate the redistribution of heat by oceanic processes. Our results highlight that major drivers of

heating can hide within small residual terms and thus go unacknowledged by simplified OHBs. We

also find that reconstructions of advective heating exaggerate the role of advection in the growth of

ENSO events in this model (by ∼25% and ∼100% for El Niño and La Niña, respectively). Lastly,

we show that eddy parameterizations can dominate multidecadal changes in 𝑇 and thus represent

a poorly-explored source of long-term change. Parameterized processes help shape 𝑇 across the

global ocean, but their contributions go unnoticed in simplified OHBs. To curb incomplete views

of the oceanic temperature balance, we propose that future model intercomparison projects save

and report values of advective and parameterized heating exactly as implemented by each model.
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1. Introduction29

Multiscale changes in ocean temperature (𝑇) are among the foremost indicators of regional and30

global climate change. Variations in 𝑇 that range from subseasonal to multidecadal timescales are31

known to have profound impacts on ecosystems, weather, and the hydrological cycle (Soden 2000;32

Xie et al. 2010; Cavole et al. 2016; Yun et al. 2021; Choi et al. 2024). Diagnosing the drivers of33

changes in 𝑇 is therefore a crucial requirement to understanding Earth’s future.34

Ocean heat budgets (OHBs) are the primary diagnostic method used to understand changes in 𝑇 .35

However, ocean variables needed to perform precise OHBs are not included in most data archives,36

like those associated with model intercomparison projects (MIPs). Atmospheric heat fluxes at37

the ocean surface are easily available, but the individual heating terms associated with three-38

dimensional ocean advection and subgrid parameterizations are almost never saved and reported.39

Without these crucial variables, the vast majority of published OHBs rely on approximations40

and are left with residuals made up of inaccuracies and true physical processes that cannot be41

decomposed (Alory and Meyers 2009; Cronin et al. 2015; Keil et al. 2020; Amaya et al. 2020;42

Tseng et al. 2023; Jiang et al. 2024).43

Here, we present a series of comparisons between simplified and exact OHBs to evaluate the44

effects of typical approximations used in OHB studies. Our analyses are based on output from45

the Community Earth System model version 2 (CESM2, Danabasoglu et al. 2020) and use the46

Pacific equatorial region as an example. The results reveal major drawbacks of simplified OHBs47

in analyses of the upper ocean’s i) mean state, ii) interannual variations, and iii) multidecadal48

warming. All drawbacks are associated to meaningful signals that can hide within residual heating49

terms and that are necessary to produce a truthful account of the upper ocean heat balance.50

The paper is structured as follows. Section 2 reviews the ocean heat equation and compares51

its precise implementation in ocean models to the simplified formulations used in typical OHBs.52

Section 3 details the model data and variables used, as well as the primary methods of analysis.53

Section 4 evaluates the performance of simplified OHBs in analyses of the ocean mean state, its54

interannual, and multidecadal changes. A discussion in Section 5 reiterates our findings, presents55

evidence that the pitfalls of simplified OHBs are not unique to the equatorial Pacific region, and56

argues for the inclusion of specialized heating variables in future model intercomparison projects.57

Lastly, Section 6 delivers our conclusions.58
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Fig. 1. Two simplified OHBs based on incomplete sets of variables lead to contradictory interpretations.

Terms in A) represent a typical approach used in published literature (Eq. 3), where atmospheric heating 𝑄𝑒 𝑓 𝑓

and heat advection by the mean circulation 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 take priority. In turn, B) decomposes all terms included in

the residual 𝑅𝑒𝑠 (Eq. 4). All terms are averaged over an 10-year period between 2020 and 2030 within a coupled

simulation of the SSP 585 scenario (see Section 3). Panel C) shows the probability density functions of 𝑅𝑒𝑠 and

𝑅𝑒𝑠𝑎𝑙𝑡 using 10-year segments with 50% overlap across our 8 ensemble members (total samples = 7×8).
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2. The ocean heat balance59

The evolution of 𝑇 (𝑥, 𝑦, 𝑧, 𝑡) within a three-dimensional flow u = (𝑢, 𝑣,𝑤) follows66

𝜕𝑇

𝜕𝑡
= −u · ∇𝑇 −∇ ·

(
Q+

∑︁
𝑖

H𝑖

)
, (1)

where Q is a vector including the vertical temperature flux (positive downwards) across the air-sea67

interface.
∑

𝑖 H𝑖 is the sum of all heat flux vectors associated with individual parameterizations for68

sub-grid scale mixing and eddies.69

Eq. (1) is defined for a continuum, and must be adapted to the discrete grid cells of numerical70

ocean models. To do so, we integrate 𝜕𝑇/𝜕𝑡 over the individual grid cell volumes𝑉 𝑗 . Invoking the71

divergence theorem and the condition of non-divergent flow ∇ ·u = 0, we see that ∇ · (u𝑇) = u · ∇𝑇 .72

Therefore, we can write73

1
𝑉 𝑗

∫
𝑉 𝑗

𝜕𝑇

𝜕𝑡
𝑑𝑉 𝑗 =

−1
𝑉 𝑗

∫
Sj

𝑛̂ 𝑗 ·
[
u𝑇 +Q+

∑︁
𝑖

H𝑖

]
𝑑S 𝑗 , (2)
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where S 𝑗 is the surface that encloses 𝑉 𝑗 and 𝑛̂ 𝑗 is a unit vector normal to S 𝑗 . Therefore, Eq. (2)74

tracks changes in 𝑇 by computing 𝑇 fluxes that go in and out of an ocean model’s grid cell.75

a. Simplified formulations76

Ocean models can be configured to save output directly from their own implementation of Eq.77

(2). Doing so allows one to precisely quantify and attribute rates of oceanic heat transfer (Ray et al.78

2018). However, this is rarely done and the vast majority of OHBs rely on diagnostic equations79

that typically read80

𝜕⟨𝑇⟩
𝜕𝑡

= −𝐴𝑎𝑝𝑝𝑟𝑜𝑥 −𝑄𝑎𝑝𝑝𝑟𝑜𝑥 −𝑅𝑒𝑠. (3)

Here, the brackets ⟨·⟩ indicate a monthly average and 𝐴𝑎𝑝𝑝𝑟𝑜𝑥 is an estimate of advective heating81

produced using ⟨u⟩ and ⟨𝑇⟩. 𝐴𝑎𝑝𝑝𝑟𝑜𝑥 may be expressed as 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 or 𝐴𝑉

𝑎𝑝𝑝𝑟𝑜𝑥 depending on82

whether it was estimated by computing the advection of gradients ∇⟨𝑇⟩ or transports ⟨u⟩⟨𝑇⟩83

across the boundaries of a control volume, respectively (see Section 3 for detailed descriptions of84

these formulations). Furthermore, 𝑄𝑎𝑝𝑝𝑟𝑜𝑥 makes assumptions about how atmospheric heating is85

distributed across the upper ocean and may account for a penetrative downward shortwave flux.86

Lastly, 𝑅𝑒𝑠 is a residual that includes contributions from parameterized heat fluxes H𝑖 bundled87

with all errors arising from differences between the diagnostic Eq. (3) and a model’s actual88

implementation of Eq. (2).89

Sample values for the top 50 m of the Niño3.4 region (a detailed data description is given in90

Section 3) exemplify how simplified OHBs may yield seemingly satisfying results but in fact miss91

important physics (Fig. 1). 10-year average values of all terms in Eq. (3) lead to the familiar92

conclusion that the Niño3.4 region is heated by the atmosphere and cooled by ocean currents,93

since 𝑄𝑎𝑝𝑝𝑟𝑜𝑥 and 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 yield tendencies of roughly 0.85 and −0.75 K month−1, respectively94

(Fig. 1A). We call this a seemingly satisfying result because the budget is approximately closed:95

𝜕⟨𝑇⟩/𝜕𝑡 is negligible and the term 𝑅𝑒𝑠 carries a cooling tendency −0.10 K / month, much smaller96

than the main terms 𝑄𝑒 𝑓 𝑓 and 𝐴𝑎𝑝𝑝𝑟𝑜𝑥 . Therefore, one could look at Fig. 1A and claim that 𝑄𝑒 𝑓 𝑓97

and 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 are the main drivers of heat transfer in the Niño3.4 region. This leads to the corollary98

that parameterized and high-frequency processes embedded in 𝑅𝑒𝑠 do not matter much to the heat99

balance of the Niño 3.4 region.100
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Let us, however, imagine a hypothetical situation in which modeling experiments reported only101

⟨𝑇⟩ and the exact values of terms bundled within 𝑅𝑒𝑠. In that case, a simplified OHB would read102

𝜕⟨𝑇⟩
𝜕𝑡

= −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 −∇ ·H𝑚𝑖𝑥

+ 𝐴𝑒𝑑𝑑𝑦 −𝑅𝑒𝑠𝑎𝑙𝑡 ,

(4)

where individual fluxes H𝑖 have been grouped into those arising from parameterizations of ocean103

eddies (H𝑒𝑑𝑑𝑖𝑒𝑠) and vertical mixing (H𝑚𝑖𝑥). Furthermore, the errors associated with 𝐴𝑎𝑝𝑝𝑟𝑜𝑥 ∈104

{𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 , 𝐴

𝑉
𝑎𝑝𝑝𝑟𝑜𝑥} are given by 𝐴𝑒𝑑𝑑𝑦 ∈ {𝐴𝐺

𝑒𝑑𝑑𝑦
, 𝐴𝑉

𝑒𝑑𝑑𝑦
}, which captures submonthly covariances105

between u and 𝑇 (see Section 3). An alternative residual 𝑅𝑒𝑠𝑎𝑙𝑡 now captures all heating terms106

that are not explicitly included in Eq. (4), namely the sum of 𝐴𝑎𝑝𝑝𝑟𝑜𝑥 and 𝑄𝑒 𝑓 𝑓 .107

Data available in this alternative scenario leads to the conclusion that the Niño3.4 region is111

heated by ocean eddies and cooled by vertical mixing (Fig. 1B). During the same 10-year period112

−∇·H𝑒𝑑𝑑𝑖𝑒𝑠+𝐴𝑒𝑑𝑑𝑦 and−∇·H𝑚𝑖𝑥 yield mean tendencies of 0.55 and−0.64 K month−1, respectively,113

and our residual −𝑅𝑒𝑠𝑎𝑙𝑡 ≈ −0.10 K month−1 has the same magnitude as 𝑅𝑒𝑠. With this, one could114

be satisfied, claim that the budget is nearly closed: that eddies and vertical mixing are the primary115

drivers of heat transfer, while the mean circulation and atmospheric heating do not matter much to116

the heat balance of the Niño3.4 region.117

Two separate OHBs in Fig. 1 describe the same simulation using two different incomplete sets118

of variables. Blind spots in each approach lead to physical interpretations that seem to contradict119

each other. We have chosen a decade where −𝑅𝑒𝑠 and −𝑅𝑒𝑠𝑎𝑙𝑡 are particularly small, but both120

residuals range between −0.22 and −0.08 K month−1 across 56 different 10-year-long segments121

of our dataset (Fig. 1C). Therefore, whether we use Eq. (3) or (4), we will consistently obtain122

residual terms that are markedly smaller than the resolved drivers of heat transfer.123

Most scientists have become accustomed to think of mean advection and 𝑄𝑎𝑝𝑝𝑟𝑜𝑥 as the major124

cooling and heating influences on the Niño3.4 region, but vertical mixing and lateral stirring can125

play nearly equal roles. Is the balance in Fig. 1A more established than the one in Fig. 1B because126

it is based on typically-available data, or because it is more physically meaningful?127

In reality, the local evolution of 𝑇 hinges on the interplay of atmospheric heating, advection, and128

parameterized processes (Menkes et al. 2006; Jochum and Murtugudde 2006; Moum et al. 2013;129

Ray et al. 2018; Warner and Moum 2019; Deppenmeier et al. 2022). Simplified OHBs that rely130
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Variable name in CESM2 Description Notation Units
SHF Total vertical heat flux at the ocean sur-

face, positive downwards
𝑞(𝑧 = 0) W m−2

QSW 3D Shortwave heat flux across the top of
model grid cells

𝑞(𝑧) for 𝑧 < 0 W m−2

ADV 3D TEMP Temperature tendency caused by re-
solved ocean advection

−u · ∇𝑇 = 𝐴𝑒𝑥𝑎𝑐𝑡 K s−1

TEMP Temperature 𝑇 ◦C
UVEL, VVEL, WVEL Three-dimensional velocities Components of u cm s−1

TEND TEMP Tendency of thickness-weighted tem-
perature in a model grid cell

𝜕𝑇/𝜕𝑡 K m s−1

ISOP ADV TEND TEMP Temperature tendency caused by pa-
rameterized isopycnal eddies (Gent and
Mcwilliams 1990)

Part of −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 K s−1

SUBM ADV TEND TEMP Temperature tendency caused by pa-
rameterized submesoscale eddies (Fox-
Kemper et al. 2008)

Part of −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 K s−1

DIA IMPVF TEMP Temperature flux across the bottom
face model grid cells from implicit ver-
tical mixing

Part of −∇ ·H𝑚𝑖𝑥 K m s−1

KPP SRC TEMP Temperature tendency caused by non-
local mixing in the KPP scheme (Large
et al. 1994)

Part of −∇ ·H𝑚𝑖𝑥 K s−1

Redi TEND TEMP Temperature tendency caused by Redi
diffusion

Part of −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 K s−1

Table 1. List of CESM2 variables used in the analysis analysis. All variables were saved as monthly averages

on the three-dimensional grid. The only exception is SHF, which is two-dimensional and reported at the ocean

surface.

108

109

110

on standard output variables will never yield a truthful view of this balance. Even when heating131

residuals are small, it may be that unquantified processes cancel each other and give us a false sense132

of confidence. As we will show below, such misleading situations emerge in practical problems133

across multiple timescales.134

3. Data and methods135

OHBs presented below aim to diagnose the drivers of mean, interannual, and multidecadal136

features in 𝑇 . We use output between years 2015 and 2060 from 8 separate simulations of137

the SSP5-8.5 emissions scenario made using the Community Earth System Model v2 (CESM2,138

7



Danabasoglu et al. 2020). The model output is a subset of control runs presented before by Zhuo139

et al. (2025). The model’s ocean component has a 1◦ horizontal resolution, but meridional grid140

spacing reaches roughly 0.25◦ near the equator. Multiple specialized variables (Table 1) are saved141

and analyzed to reflect the model’s direct implementation of Eq. (2). This way, we repeatedly142

make comparisons between the insight one can draw from simplified OHBs based on standard143

output variables, and find when those methods fall short. Unless noted otherwise, all heat budgets144

presented here are performed on the top 50 m of the Niño3.4 region, which include 5 model layers145

of 10 m thickness each.146

Atmospheric heat fluxes q = (0,0, 𝑞) are vertical and positive into the ocean. They include147

radiative, sensible, and latent components whose convergence induces a local warming rate−∇·Q=148

− 𝜕𝑞

𝜕𝑧
(𝜌𝐶𝑝)−1. Roughly 4 W m−2 of simulated shortwave radiation pass through the bottom (50149

m depth) of our study region, representing nearly 5% of the shortwave flux at the surface. This150

penetrative flux is saved as a 3D field under the name QSW 3D and included in estimates of151

−𝑄𝑒 𝑓 𝑓 = −∇ ·Q throughout the text. Therefore, all values of atmospheric heating shown in this152

manuscript are exact and thus help keep our focus on purely oceanic processes.153

We evaluate two methods of estimating oceanic advective heating based on the standard output154

variables representing ⟨u⟩ and ⟨𝑇⟩ (Table 1). First, we recreate the notation in Eq. (1) to write155

⟨u · ∇𝑇⟩ = 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 + 𝐴𝐺

𝑒𝑑𝑑𝑦

= ⟨u⟩ · ∇⟨𝑇⟩ + 𝐴𝐺
𝑒𝑑𝑑𝑦,

(5)

where 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 is our estimate and 𝐴𝐺

𝑒𝑑𝑑𝑦
is a residual that captures submonthly covariance between156

u and 𝑇 , while the superscript 𝐺 indicates that we’ve used the 3D gradients of ⟨𝑇⟩. Alternatively,157

one can define a volume of interest 𝑉̃ and estimate the mean divergence of temperature transport158

across its bounding surface S̃. With this, we replicate the form of Eq. (2) as159

1
𝑉̃

∫
S̃
𝑛̂ · ⟨u𝑇⟩ 𝑑S̃ = 𝐴𝑉

𝑎𝑝𝑝𝑟𝑜𝑥 + 𝐴𝑉
𝑒𝑑𝑑𝑦

=
1
𝑉̃

∫
S̃
𝑛̂ · ⟨u⟩⟨𝑇⟩ 𝑑S̃ + 𝐴𝑉

𝑒𝑑𝑑𝑦,

(6)

where 𝐴𝑉
𝑒𝑑𝑑𝑦

is again a residual and the superscript 𝑉 implies that terms are associated to a160

predetermined volume. In our case, the volume 𝑉 is bound by the bottom of the fifth model layer161
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and the edges of the Niño 3.4 region at 5◦S, 5◦N, 190◦E, and 240◦E. Eddy residuals 𝐴𝐺
𝑒𝑑𝑑𝑦

and162

𝐴𝑉
𝑒𝑑𝑑𝑦

are computed by taking the difference between exact values of oceanic advective heating163

(saved as ADV 3D TEMP) and the corresponding approximations.164

Temperature tendencies associated with parameterized eddies are saved as three separate vari-169

ables, but we report their sum as −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 (Table 1). Lastly, tendencies from parameterized170

vertical mixing is reported as the sum −∇ ·H𝑚𝑖𝑥 . Our configuration of CESM2 uses the KPP171

scheme (Large et al. 1994), which includes two mixing terms. However, our model output only172

includes the tendency associated with the vertical diffusive flux (DIA IMPVF TEMP), and the173

effects of non-local fluxes (KPP SRC TEMP) are inferred indirectly. To do so, we rearrange Eq.174

(2) to isolate the two mixing flux components and equate them to all other terms, which are known175

exactly.176

Our configuration of CESM2 uses the Parallel Ocean Program 2 (POP2, Smith et al. 2010) as its177

ocean component. POP2 has a staggered horizontal B-grid, meaning that𝑇 is resolved at the center178

of grid cells while horizontal velocity components 𝑢, 𝑣 are defined at cell corners. The model’s179

advection scheme uses this spatial offset to define finite-difference operations that ensure tracer180

conservation.181
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When analyzing output to calculate 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 or 𝐴𝑉

𝑎𝑝𝑝𝑟𝑜𝑥 , one can either i) meticulously replicate182

a model’s own schemes as outlined in technical documentation, or ii) further simplify the OHB by183

using more convenient finite difference schemes. Here, we use the latter option to represent what184

we believe is perhaps the more common practice. In particular, we implement Eqs. (5) and (6) by185

first interpolating ⟨u⟩ and ⟨𝑇⟩ to a common grid. We further compute gradients ∇⟨𝑇⟩ by center186

differences and interpolate transports ⟨u⟩⟨𝑇⟩ onto the edges of the Niño 3.4 region.187

4. Performance of simplified OHBs188

a. Estimates of advective heating189

Ocean advective cooling in is greater near the eastern edge of the Niño 3.4 region and peaks near190

50 m depth (Fig. 2A). Offline estimates 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 yield the same peak tendencies of roughly −0.6191

K month−1 but produce a different spatial pattern, with a weaker zonal contrast and the greatest192

cooling happening at the surface (Fig. 2B). The difference 𝐴𝐺
𝑒𝑑𝑑𝑦

between reconstructed and exact193

values changes sign near 50 m depth, meaning that 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 tends to exaggerate the role of advection194

in cooling the ocean surface, and underestimate it in the upper thermocline (Fig. 2C).195

Both estimates 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 and 𝐴𝑉

𝑎𝑝𝑝𝑟𝑜𝑥 tend to exaggerates the role of advection in cooling the196

upper 50 m of the Niño3.4 region, yet manage to capture broad patterns of temporal variability197

(Fig. 3A). Exact output of advective heating yields a mean tendency −0.55 K month−1 across our198

entire dataset of 8 simulations, but Eqs. (5) and (6) yield values −0.68 and −0.80 K month−1,199

respectively (Fig. 3C). Therefore, values of 𝐴𝐺
𝑒𝑑𝑑𝑦

and 𝐴𝑉
𝑒𝑑𝑑𝑦

account for net heating at mean rates200

of 0.13 and 0.25 K month−1 (Figs. 3B,C).201

Time series of 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 yield values closer to the true simulated advective heating across our202

simulations (Fig. 3C). However, this does not necessarily mean that Eq. (5) should be favored over203

Eq. (6). Estimates 𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 and 𝐴𝑉

𝑎𝑝𝑝𝑟𝑜𝑥 are shaped by the use of monthly-averaged values, but204

also by the simplifications of grid geometry and discrete difference operators made during post-205

processing (see Data and methods). Submonthly covariance between u and 𝑇 must play some role206

in regulating heat advection, and there is no obvious way to tell whether the associated tendency207

should be that given by 𝐴𝐺
𝑒𝑑𝑑𝑦

or 𝐴𝑉
𝑒𝑑𝑑𝑦

.208

Overall, estimates based on Eqs. (5) and (6) can capture broad patterns of variability in advective209

ocean heating. However, their numerical values should not be understood to indicate the true role210
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of advection in sustaining the local ocean heat balance (Fig. 3C). The contribution of submonthly211

processes is only knowable when specialized output like ADV 3D TEMP is available, but even212

then results can be tremendously sensitive to simplifications of grid geometry: Eqs. (5) and (6)213

are mathematicall equivalent given ∇ · u = 0, but they yield different values in Fig. 3B because214

one estimate simplifies gradient operations, while the other one depends only on the interpolation215

of u and 𝑇 to the edges of the Niño3.4 region. In either case, terms 𝐴𝐺
𝑒𝑑𝑑𝑦

and 𝐴𝑉
𝑒𝑑𝑑𝑦

often yield216

tendencies larger than 0.5 K month−1, sufficient to trigger an El Niño event within months.217

Lateral stirring by tropical instability waves (TIWs) are likely contributors to the net heating218

tendency quantified by 𝐴𝐺
𝑒𝑑𝑑𝑦

and 𝐴𝑉
𝑒𝑑𝑑𝑦

. TIWs enable heat transfer across meridional SST gradients219

north of the Cold Tongue region, but this effect can not be truthfully captured by monthly means220

of u and 𝑇 (Vialard et al. 2001; Jochum and Murtugudde 2006; Menkes et al. 2006). Still,221

some studies have argued that eddy terms may be ignored in many model studies because TIWs222

have small-scale features that ocean models with horizontal resolution ∼ 100 km cannot resolve223

(DiNezio et al. 2009). This justification is not valid for the current generation of climate models,224

which often include realistic TIWs (Wengel et al. 2021; Moon et al. 2025). For instance, maps225

of submonthly kinetic energy in our CESM2 simulations a have local maximum that is slightly226

north of the equator and spans much of the central-eastern Pacific ocean (Fig. S1), a hallmark sign227

of TIW activity. Likewise, clear evidence of TIWs appears in daily values of SST and advective228

heating (Fig. S2) as simulated by the Energy Exascale Earth System Model version 3 (E3SM v3.0,229

Golaz et al. 2026).230

b. ENSO cycles243

Let us now contextualize the limitations of simplified OHBs in studies of climate variability. To244

do so, we decompose 𝑇 =𝑇 +T into its seasonal cycle (𝑇) and deviations (T ) from it. We compute245

𝑇 by fitting a linear trend and 5 sine waves with periods 12, 6, 4, 3, and 2 months by least squares.246

T thus captures all variability in 𝑇 that is not captured by 𝑇 . Repeating this decomposition for all247
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Fig. 3. Estimates 𝐴𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 yield a biased view of advective heating in the Niño3.4 region. Time series

in A) show exact and estimated values of advective heating over 8 years of simulation in a single ensemble

member. B) are monthly values of the contribution 𝐴𝑉
𝑒𝑑𝑑𝑦

by submonthly advection missed by 𝐴𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 . C)

shows non-parametric kernel density estimates of all terms, aggregated over all 8 ensemble members for a total

360 simulation years. Vertical dashed lines in C) are color-coded to indicate the mean value of each distribution.

Values calculated for the ocean’s top 50 m.

231

232

233

234

235

236

terms in Eq. (1) allows us to write248

𝜕𝑇

𝜕𝑡
+ 𝜕T

𝜕𝑡
=− ( 𝐴̃𝑎𝑝𝑝𝑟𝑜𝑥 + 𝐴̃𝑒𝑑𝑑𝑦)

− (A𝑎𝑝𝑝𝑟𝑜𝑥 +A𝑒𝑑𝑑𝑦)

−∇ ·
[
Q̃+Q +

∑︁
𝑖

(H̃𝑖 +H𝑖)
]
.

(7)
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237

238

239

240

241

242

Assuming that all seasonal cycles are balanced among themselves, we are left with an expression249

for deviations250

𝜕T
𝜕𝑡

= −(A𝑎𝑝𝑝𝑟𝑜𝑥 +A𝑒𝑑𝑑𝑦) −∇ ·
(
Q +

∑︁
𝑖

H𝑖

)
, (8)

where estimates A𝑎𝑝𝑝𝑟𝑜𝑥 may be given by Eqs. (5) or (6).251

For demonstration purposes, reconstructions of advective heating shown below are based on252

Eq. (6) only. The supplementary material includes alternative versions of Figs. 4 and 5 that use253

estimates A𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 and A𝐺

𝑒𝑑𝑑𝑦
(Figs. S3, S4) and show that our results are insensitive to the choice254

of advective heating reconstruction. Standard practice indicates that warm anomalies T must be255

sustained for 3-6 months for an ENSO event to be declared (Hanley et al. 2003). Therefore, after256

calculating deviations from the seasonal cycle, we filter all anomaly terms using a 5-month rolling257
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mean. Our results remained mostly unchanged when analyses were performed using a 3-month258

rolling mean (not shown).259

Our goal now is to determine whether a simplified OHB can reliably explain the occurrence of260

El Niño and La Niña events. To start, a 5-year long sample of T ′ (Fig. 4A) reveals a succession261

of events and transitions between them. To find a satisfying explanation, we seek a combination of262

heating terms that can roughly recreate the temporal evolution of 𝜕T ′/𝜕𝑡 in Fig. 4B. Throughout263

much of the period considered here, anomalies −∇ ·Q′ had the same sign as 𝜕𝑇 ′/𝜕𝑡, but their264

absolute magnitude was clearly too small to explain most of the changes in T ′ (Fig. 4C).265

Visual inspection of A𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 suggests that ocean advection was the primary driver of ENSO274

events and their transitions, since the reconstructed time series in Fig. 4D closely resembles the275

net warming 𝜕T/𝜕𝑡 (Fig. 4B). If performing a simplified OHB, one could very easily deem this to276

be a satisfying answer: the residual left over from adding 𝜕T/𝜕𝑡 +∇ · Q +A𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 (dashed green277

line in Fig. 4E) oscillates around 0 and mostly opposes 𝜕T/𝜕𝑡.278

If one had access to specialized output to compute A𝐺
𝑒𝑑𝑑𝑦

, one could likely become more279

confident that variations in advective heating drove the evolution of ENSO events in Fig. 4. The280

sum A𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 +A𝑉

𝑒𝑑𝑑𝑦
has weaker variations than the estimate A𝑉

𝑎𝑝𝑝𝑟𝑜𝑥 (Fig. 4D), indicating that281

A𝑉
𝑒𝑑𝑑𝑦

acted against the thermal effects of lower-frequency ocean advection. However, accounting282

for A𝑉
𝑒𝑑𝑑𝑦

makes the residual (black line in Fig. 4E) even smaller. With this, whether we reconstruct283

advective heating values with Eq. (6) or use exact specialized output, we are led to the conclusion284

that ENSO events were driven by simulated ocean currents.285

Interpretation of events in Fig. 4 becomes more complicated upon reviewing time series of286

−∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 and −∇ ·H𝑚𝑖𝑥 (Fig. 4F). These specialized variables reveal that residuals in Fig.287

4E were small not because parameterized processes could be neglected, but because they were288

strongly anticorrelated. This anticorrelation is physically meaningful and not an artifact of modeling289

schemes: Theory, observations, and models all indicate that advective heating by the mean flow,290

near-equatorial eddies, and vertical mixing are all interdependent process that scale with the291

strength of the trade winds and of the equatorial current system (e.g. Yu et al. 1995; Menkes et al.292

2006; Moum et al. 2013; Warner and Moum 2019; Cherian et al. 2021; Moum et al. 2023; Wang293

et al. 2024).294
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273

The time series of −∇ ·H𝑚𝑖𝑥 (blue line in Fig. 4F) broadly resembles patterns in 𝜕T/𝜕𝑡 and in295

the advective term. Therefore, a scientist performing OHBs using output of −∇ ·H𝑚𝑖𝑥 rather than296

A𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 +A𝑉

𝑒𝑑𝑑𝑦
could easily conclude that ENSO events in Fig. 4 were driven by vertical mixing297

and not ocean currents.298

The notion that ENSO events are driven by anomalies in −∇ ·H𝑚𝑖𝑥 resonates with a growing299

body of observational and modeling literature that details long-term variations in ocean turbulence300
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(Moum et al. 2013; Warner and Moum 2019; Deppenmeier et al. 2022; Liu et al. 2025). However,301

the same idea might stand awkwardly in the face of most simplified OHBs and classical works that302

argue for the dominant role of large scale advection (Philander and Hurlin 1988; Jin et al. 2003;303

Huang et al. 2012). The truth is that both advection and mixing shaped the evolution of T in Fig.304

4, but the respective roles of each process can only be diagnosed when the complex signals that305

hide within residuals are decomposed and analyzed.306

Parameterized processes and −A𝑉
𝑒𝑑𝑑𝑦

played key roles shaping ENSO events across our entire307

dataset. Kernel density estimates in Fig. 5 aggregate data from our entire 360 years of simulations,308

which include 210 individual ENSO events. This statistical view of heating terms associated with309

specialized output variables shows that310

• −∇ ·H𝑚𝑖𝑥 made equal or greater contributions to ENSO phase growth than advective heating311

(Figs. 5A,B,E,F), and312

• anomalies in resolved and parameterized eddies persistently acted to cool the Niño3.4 region313

during El Niño events (Figs. 5C,G), and warm it during La Niña (Figs. 5D,H).314

−∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 tends to drive tendencies that oppose −∇ ·H𝑚𝑖𝑥 (Figs. 4F and 5E-H). Therefore,315

parameterized eddies and mixing may separately drive heating rates ±0.25 K month−1 in the316

growing phases of ENSO events but their aggregated effects (solid black line in Fig. 4E) turn out to317

be quite small. One could understand this systematic relationship to mean that −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 canels318

−∇ ·H𝑚𝑖𝑥 and argue that advection (which also drives tendencies ± 0.25 K month−1) is enough to319

explain ENSO events. However, one could use the same exact arguments to claim that −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠320

cancels −A and ENSO events are ultimately driven by −∇ ·H𝑚𝑖𝑥 .321

Again, we have shown that one can reach different conclusions depending on which incomplete322

set of variables is used to perform a simplified OHB. The reality is that all heating terms collectively323

shape 𝑇 in ocean models, but the published literature tends to focus on heating terms that can be324

quantified using standard output.325

c. Multidecadal changes326

Having demonstrated the pitfalls of simplified OHBs when assessing the drivers of the equatorial327

mean state and interannual variability, we now turn our attention to the diagnosis of multidecadal328

changes in𝑇 . Multidecadal OHBs have proliferated in studies of the pattern effect, which investigate329
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how spatial patterns in SST change regulate the climate response to radiative forcing by greenhouse330

gases (Stevens et al. 2016; Armour et al. 2024). Recent work within this community has largely331

focused on a persistent trend of cooling in the eastern tropical Pacific (Watanabe et al. 2024). This332

cooling trend is largely missing from CMIP-class climate models (Byrne et al. 2025; Kang et al.333

2026) and has thus renewed interest on the mechanisms shaping the ocean temperature balance.334

Multidecadal OHBs pose unique challenges, since they aim to diagnose tendencies of the order335

0.25 K decade−1 (2× 10−3 K month−1), roughly 400 times smaller than the heating terms that336

sustain the mean state (Fig. 1). By now, a method laid out by Xie et al. (2010) is perhaps the most337

popular approach to tackle this challenge. Their approach begins by defining a multidecadal time338

interval (𝑡0, 𝑡1) and then computing multi-year averages of terms in Eq. (3) at the beginning and339

end of that period. In what follows, we use the operator 𝛿 to note such a comparison, which is340

formally defined as341

𝛿 ≔
1
𝑃

∫ 𝑡1

𝑡1−𝑃
𝑑𝑡 − 1

𝑃

∫ 𝑡0+𝑃

𝑡0

𝑑𝑡. (9)

Here, 𝑃 is the length of averaging periods at the beginning and end of the time series being342

considered. Xie et al. (2010) exemplified this approach setting 𝑃 to 5 and 10 years when analyzing343

output from two different simulation ensembles spanning 𝑡1 − 𝑡0 = 55 and 60 years, respectively.344

Let us then apply 𝛿 to both sides of the exact formulation Eq. (1) to obtain345

𝛿
𝜕𝑇

𝜕𝑡
= −𝛿(𝐴𝑎𝑝𝑝𝑟𝑜𝑥 + 𝐴𝑒𝑑𝑑𝑦) −∇ ·

(
𝛿Q+

∑︁
𝑖

𝛿H𝑖

)
, (10)

where the term 𝛿𝜕𝑇/𝜕𝑡 compares concurrent warming rates during the two averaged periods (𝑡0, 𝑡0+346

𝑃) and (𝑡1 − 𝑃, 𝑡1), rather than the mean warming across the entire duration (𝑡0, 𝑡1). Therefore,347

𝛿𝜕𝑇/𝜕𝑡 and the heating terms that explain it will be primarily shaped by interannual variability348

whose influence will only diminish as 𝑃 grows or multiple ensemble members are considered.349

Furthermore, Eq. (10) can be related to 𝛿𝑇 only through a series of approximations, as first laid out350

by Xie et al. (2010). Detailed evaluations of those approximations are available elsewhere (Zhang351

and Li 2014; Danielli et al. 2025). Hence, we focus on how specialized OHB variables (or the lack352

thereof) influence the interpretation of analyses based on Eq. (10).353

Standard variables included in CMIP repositories only allow rather precise estimation of terms359

𝛿𝜕𝑇/𝜕𝑡 and 𝛿Q in Eq. (10). One may estimate 𝛿𝐴𝐺
𝑎𝑝𝑝𝑟𝑜𝑥 or 𝛿𝐴𝑉

𝑎𝑝𝑝𝑟𝑜𝑥 through Eqs. (5) or (6). As360
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Fig. 6. Multidecadal changes in the Niño 3.4 region, as quantified through simplified (left column) and precise
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a result, a residual term will group together contributions from 𝛿𝐴𝐺
𝑒𝑑𝑑𝑦

or 𝛿𝐴𝑉
𝑒𝑑𝑑𝑦

, and 𝛿H𝑖. This361

leaves us with the de-facto balance underlying most multidecadal OHBs362

𝛿
𝜕⟨𝑇⟩
𝜕𝑡

= −𝛿𝐴𝑎𝑝𝑝𝑟𝑜𝑥 −∇ · (𝛿Q) − 𝛿𝑅𝑒𝑠, (11)

where the residual is363

𝛿𝑅𝑒𝑠 = 𝛿𝐴𝑒𝑑𝑑𝑦 +∇ · (𝛿H𝑒𝑑𝑑𝑖𝑒𝑠 + 𝛿H𝑚𝑖𝑥) + 𝜖 (12)

and may not be decomposed unless specialized output is available (see Table 1). The term 𝜖364

includes any minor imprecisions that may arise from approximations of 𝛿𝜕𝑇/𝜕𝑡 and 𝛿Q, but we365

do not address it further.366

Terms in Eqs. (11) and (12) were quantified in 8 separate CESM2 realizations of the SSP5-8.5367

emissions scenario (Fig. 6). Our analysis spans the first 40 years of simulations, such that 𝑡0 is368
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January 1 of 2015 and 𝑡1 is December 31 of 2054, and 𝑃 was set to 10 years. Therefore, our369

analysis considers a different emissions scenario and overall duration than Xie et al. (2010), but is370

representative of how their method has been adopted and replicated in the research community.371

Ensemble mean values of simplified OHB terms show that 𝛿𝐴𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 changed to supply excess372

heat to the Niño 3.4 area, while that heating was balanced by anomalous cooling from 𝛿𝑅𝑒𝑠 and, to373

a lesser extent, 𝛿Q (Fig. 6A). This leaves us hanging in uncertainty, since the greatest (uncertain)374

term 𝛿𝐴𝑎𝑝𝑝𝑟𝑜𝑥 ≈ 0.052 K month−1 is being balanced primarily by a mysterious oceanic adjustment375

𝛿𝑅𝑒𝑠 ≈ −0.036 K month−1. In contrast, the sole two terms that are known with sufficient certainty376

are relegated to the least important roles, with −∇ · 𝛿Q ≈ −0.015 K month−1 and 𝛿𝜕𝑇/𝜕𝑡 ≈ −0.001377

K month−1.378

Following common practice, one might decide to define 𝛿𝑂𝑐𝑒𝑎𝑛 = 𝛿𝐴𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 + 𝛿𝑅𝑒𝑠 ≈ 0.016 K379

month−1 and be left with a satisfying, nearly-closed budget. Alternatively, one might try and refine380

numerical procedures used to estimate 𝛿𝐴𝑉
𝑎𝑝𝑝𝑟𝑜𝑥 or switch to 𝛿𝐴𝐺

𝑎𝑝𝑝𝑟𝑜𝑥 entirely, all in the search for381

a smaller 𝛿𝑅𝑒𝑠. Either approach could help minimize 𝛿𝑅𝑒𝑠, but it will do so without necessarily382

adding clarity to the physical drivers of changes in the local heat balance.383

In our simulations, clarity only comes from knowledge of parameterized heating terms because384

the ensemble average −∇ · 𝛿H𝑒𝑑𝑑𝑖𝑒𝑠 ≈ −0.040 K month−1 was the single greatest term that balanced385

excess heating (Fig. 6B). Furthermore, consideration of multiple model realizations was crucial,386

since all terms in Eq. (10) featured an ensemble spread of roughly 0.1 K month−1 or greater (Figs.387

6A,B). Results from two individual ensemble members in Figs. 6C,D exemplify a simulation whose388

values are close to the ensemble-average (E02, with negligible 𝛿𝜕𝑇/𝜕𝑡 and−𝛿𝑅𝑒𝑠 ≈−∇·𝛿H𝑒𝑑𝑑𝑖𝑒𝑠),389

and another one that is strongly shaped by transient, interannual signals (E04, with large 𝛿𝜕𝑇/𝜕𝑡390

and non-negligible values in all residual components).391

5. Discussion392

Simplified OHBs are the primary tool that helps scientists understand changes in 𝑇 and their393

relation to components of the climate system. However, missing data and the shortcomings of394

popular approximations give rise to large unknowns that might mislead scientists (Figs. 4 and 5).395

Despite missing data, scientists are often pressed to obtain small values for 𝑅𝑒𝑠. In practice,400

this gives the impression that the major processes sustaining 𝑇 have been identified. When 𝑅𝑒𝑠 is401
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Fig. 7. Standard deviation of yearly-averaged heating terms in Eq. (8) for the ocean’s top 50 m across our

8 ensemble members. Global maps show distinct patterns in A) −∇ · Q, B) −∇ ·H𝑚𝑖𝑥 , C) −A𝑒𝑥𝑎𝑐𝑡 , and D)

−∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠. Cumulative density functions in E) show a statistical summary of standard deviation values in

panels A-E, which aggregate data from all 8 simulations.
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399

large, however, scientists may be tempted to tinker with computational details until 𝑅𝑒𝑠 becomes402

small and the budget appears closed. For instance, they may switch between Eqs. (5) and (6),403

change the control volume 𝑉̃ for their study, or modify their management of grid information and404

numerical implementation of vector operations. These efforts can be time-consuming and lead to405

analysis iterations before 𝑅𝑒𝑠 becomes small enough or scientists give up. Even with a small 𝑅𝑒𝑠,406

however, one can miss a whole set of first-order heating terms that simply add up to a small number407

(Figs. 1, 4).408

Sophisticated parameterizations enable the realism and skill of contemporary ocean models.409

Despite their major role shaping 𝑇 (Figs. 5, 6), parameterized processes are rarely included in410

published OHBs and climate theories. Some studies have sought to infer the role of parameteriza-411
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tions using standard output (Jiang et al. 2025, 2026), but precise diagnoses are only possible when412

specialized output variables help constrain heating terms (Table 1).413

Simplified models, including mixed layer formulations, sometime use implicit assumptions and414

parameterizations to account for vertical mixing and eddies (Philander and Hurlin 1988; Jin et al.415

2003; Cronin et al. 2015). While those methods may yield realistic numerics, they can also give the416

impression that implicit processes are secondary or non-important. For example, when someone417

assumes that surface heat fluxes will be evenly distributed across a mixed layer, they are choosing418

to take for granted specific values for H𝑚𝑖𝑥 . Similar assumptions are made to relate upwelling419

and surface 𝑇 (e.g. Zebiak and Cane 1987). Our results highlight how parameterizations make420

contributions to 𝜕𝑇/𝜕𝑡 that are highly dynamic and may not be well captured by rigid, implicit421

formulations.422

We chose to focus on the top 50 m of the Niño3.4 region because OHBs of this area have been423

of major interest to the ocean and climate communities for decades. A growing number of studies424

point to the paramount role of subgrid-scale processes in the local heat balance (Moum et al. 2013;425

Ray et al. 2018; Warner and Moum 2019; Deppenmeier et al. 2022; Liu et al. 2025; Jiang et al.426

2025, 2026), but these lessons may be masked in simplified OHBs. Our results, however, are likely427

relevant to vast regions of the global ocean (Fig. 7).428

Global maps of standard deviations in Fig. 7 help assess the potential contributions of each429

heating term to interannual variations in 𝑇 . Standard deviations are calculated after calculating430

yearly averages and detrending local time series, always averaged for the ocean’s top 50 m. The431

spatial patterns and magnitudes of variations in −∇ ·Q and −∇ ·H𝑚𝑖𝑥 closely resemble each other432

(Figs. 7A,B), indicating that air-sea fluxes and vertical mixing are equally important in diagnosing433

interannual deviations in𝑇 . Variations in−A𝑒𝑥𝑎𝑐𝑡 and−∇·H𝑒𝑑𝑑𝑖𝑒𝑠 are weaker in comparison (Figs.434

7C-E), but make substantial contributions in near-equatorial regions, western boundary currents,435

and some regions of the Southern Ocean.436

Even though −∇ · Q and −∇ ·H𝑚𝑖𝑥 make the greatest contributions to interannual variations in437

𝑇 , anomalous heating associated with −A𝑒𝑥𝑎𝑐𝑡 and −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 is large enough to drive notable438

events in many regions. Cumulative density functions in Fig. 7E describe the standard deviation439

of yearly-averaged heating terms and reveal that −A𝑒𝑥𝑎𝑐𝑡 and −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠 impose anomalous440

tendencies greater than 0.1 K month−1 over roughly 30% and 15% of the ocean surface area,441

21



respectively. Considered in isolation, either of such tendencies would drive drastic interannual442

oscillations in upper ocean 𝑇 . However, simulated variations in 𝑇 may be smaller given the443

interrelated nature of all terms in Eq. (1). This again emphasizes the crucial need for OHBs that444

consider the potential for major contributions to come from all processes shaping 𝑇 .445

a. A proposal to include specialized variables in MIPs446

Model Intercomparison Projects (MIPs) aggregate output from climate simulations developed447

across dozens of institutions and modeling centers worldwide. All experiments adhere to strict448

guidelines designed to ensure that inter-model comparisons are physically meaningful and inter-449

pretable, reflecting intrinsic differences between climate models rather than arbitrary and subjective450

details about forcing datasets and initialization routines.451

Simplified OHBs may perform better in some climate models than others, but this is no reason452

to ignore the pitfalls evidenced above. Output from MIPs is routinely analyzed using simplified453

OHBs (e.g. Danielli et al. 2025; Gopika et al. 2025), but inter-model OHB comparisons are likely454

influenced by both model-dependent physics and biases associated with how OHB approximations455

interact with each model’s grid and numerical schemes. Differences between estimates 𝐴𝐺
𝑒𝑑𝑑𝑦

and456

𝐴𝑉
𝑒𝑑𝑑𝑦

in Fig. 3 exemplify this latter source of variations in analysis: the relation between gradient-457

based and volume-based formulations of heat advection is formal and exact, but their application458

in postprocessing may carry spurious biases in practice.459

Without standardized output that faithfully reflects how oceanic processes shape 𝑇 in ocean460

models, it will be much harder to make sense of inter-model discrepancies published in the MIP461

literature. We believe that great improvements would come from archiving 3D variables for 𝐴𝑒𝑥𝑎𝑐𝑡 ,462

−∇ ·H𝑚𝑖𝑥 , and −∇ ·H𝑒𝑑𝑑𝑖𝑒𝑠. If these tendencies are all saved and reported as implemented in each463

model, inter-model OHB comparisons will more easily identify differences in model physics that464

most impact 𝑇 .465

Before readers form an opinion on whether it is worth to store three additional data variables in466

MIP submissions, we ask them to consider how much effort is spent tinkering with simplified OHBs467

in the pursuit of small residual terms. Most people who have performed a simplified OHB will be468

familiar with the painstaking process of validating, interpreting, and trusting results. Archival of469

additional variables reflecting exact heating rates and their attribution to physical processes will470
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standardize this work and make it streamlined. 3D ocean variables in CMIP6 generally took up471

between 10 and 15 MB per period saved (typically monthly), so the extra cost in storage may be472

well worth it.473

Mounting observational evidence points to the crucial role of small-scale and transient ocean474

motions in shaping large-scale ocean properties (Moum et al. 2013; Warner and Moum 2019;475

Siegelman et al. 2020). Great efforts have been spent parameterizing and resolving these processes476

and the scale interactions that emerge from them. Simplified OHBs risk undermining such efforts477

in our interpretation of climate model results and therefore prevent the development of cohesive478

understanding across research communities. As such, we believe that simplified OHBs come with479

unintended consequences that are counter to the spirit and goals of MIPs, but specialized output480

variables can solve the issue.481

6. Conclusions482

Three-dimensional currents and parameterized subsurface processes regulate 𝑇 across the global483

ocean (Fig. 7). Reconstructions of advective ocean heating based on standard output variables484

⟨u⟩ and ⟨𝑇⟩ miss submonthly covariances that sustain the mean state and help drive interannual485

variability in the current generation of ocean models (Fig. 3). Simplified OHBs that do not486

explicitly account for such resolved and parameterized heating terms risk leading to incomplete487

and misleading diagnoses even if residual terms are small (Figs. 1 and 4).488

Understanding the mechanisms of planetary change requires that scientific communities have a489

common basis to understand the evolution of 𝑇 . Incomplete physical explanations coming out of490

simplified OHBs can drive a wedge between scientific communities that study the same region.491

The major influence of parameterized mixing and eddies in regulating Pacific equatorial 𝑇 (Figs.492

1, 5, 6) serves as an example, but more are likely to exist.493

Ocean models can be configured to output the precise values of terms in their own implementa-494

tion of the ocean heat balance (e.g. Table 1). Such specialized output is rarely available in existing495

datasets, but can spare researchers dependence on poor approximations. The authors believe that496

additional clarity gained from precise accounting of heating terms will likely enhance communi-497

cation between scientific communities and accelerate progress across the fields of oceanography,498

climate science, and ecosystem dynamics.499
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