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ABSTRACT 9 

The emergence of an observed distinctive, meridionally confined surface cooling trend in the 10 

tropical Pacific cold tongue over recent decades contrasts sharply with the rapid warming 11 

simulated by most climate models, representing a key unresolved feature of climate change. 12 

Ocean-only simulations, even when forced with observed atmospheric conditions, likewise fail 13 

to reproduce the observed long-term absence of surface layer warming over the eastern Pacific 14 

cold tongue. Here we examine the long-term heat budget of the surface layer in the equatorial 15 

Pacific using atmospheric and oceanic reanalysis data, quantifying contributions from surface 16 

heat fluxes, ocean advection, and vertical diffusion inferred through Richardson number-based 17 

diffusivity estimates. In the Ocean ReAnalysis System 5 (ORAS5), the observed cold tongue 18 

cooling cannot be reproduced by the model’s intrinsic dynamics alone; instead, it depends on 19 

a surface heat flux adjustment imposed during data assimilation. A reduction in the warming 20 

effect associated with this adjustment in the eastern Pacific cold tongue over time emerges as 21 

the dominant contributor to the long-term cooling in the reanalysis data, a deus ex machina 22 

obscuring the actual physical drivers of change in the real ocean. We discuss potential origins 23 

of this deus ex machina cooling effect, including the influence of analysis increments, 24 

uncertainties in surface forcing and possible problems in the representation of oceanic 25 

processes, particularly subsurface turbulent heat flux induced by oceanic mixing processes. 26 

This work emphasizes that reanalysis-based assessments remain subject to inherent biases from 27 

the ocean models they are built upon. Resolving the discrepancy between observed and 28 

simulated Pacific trends will require confronting the structural limitations of models. 29 
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1. Introduction 30 

        A critical aspect of the long-term sea surface temperature (SST) trend in the Pacific cold 31 

tongue region is the actual SST cooling observed across the central-to-eastern equatorial 32 

Pacific during recent decades, despite continued warming in the western Pacific warm pool 33 

(Lee et al. 2022; Seager et al. 2022). In contrast, the vast majority of models under historical 34 

radiative forcings simulate the opposite with faster warming in the eastern Pacific than in the 35 

west (Watanabe et al. 2021; Wills et al. 2022; Byrne et al. 2025). Resolving this discrepancy 36 

between observations and model simulations is critical for understanding the tropical Pacific’s 37 

response to anthropogenic forcing and for projecting regional climate change worldwide (Sobel 38 

et al. 2023; Seager et al. 2023; Watanabe et al. 2024) and, potentially, transient and equilibrium 39 

climate sensitivity (Rose et al. 2014; Gregory and Andrews 2016; Andrews et al. 2022; 40 

Rugenstein et al. 2023; Armour et al. 2024). Growing consensus points to systematic model 41 

biases as the main source of the mismatch (Seager et al. 2019; Kim et al. 2022; Wills et al. 42 

2022; Simpson et al. 2025; Zhuo et al. 2025), yet debate continues over whether the apparent 43 

agreement of some models with observations reflects improved physics or coincidental internal 44 

variability (Dong and Zhou 2014; Meehl et al. 2016; Coats and Karnauskas 2017; Watanabe et 45 

al. 2021; Seager et al. 2022; Yeager et al. 2023; Jiang et al. 2024a, 2025; Dhame et al. 2025). 46 

Regardless, even these climate model simulations fail to approximate the recent long-term (e.g. 47 

1950s to now) SST trend pattern in the real world of a meridionally confined strip of cooling 48 

in the eastern equatorial Pacific (Seager et al. 2022; Jiang et al. 2024a), which we label the 49 

Pacific Climate Change (PCC) pattern (Jiang et al. 2024a).  50 

        Quantitative analysis of the processes driving the observed PCC pattern is challenging 51 

because of the difficulty of closing the heat budget and accurately quantifying atmospheric and 52 

oceanic processes using long-term observational or reanalysis datasets. In our previous work 53 

(Jiang et al. 2024a,b), we conducted heat budget analyses for the upper Pacific Ocean using 54 

ocean reanalysis data to understand historical changes. A key finding there, and critical to the 55 

PCC pattern, was identification in observations and ocean reanalyses of a long-term cooling of 56 

subsurface waters and shoaling of the thermocline that is driven by Ekman pumping in the 57 

central-to-eastern Pacific west of ~140°W and reduced shear-driven mixing in the east.  In the 58 

presence of upwelling and vertical mixing the subsurface cooling is here hypothesized to be 59 

key to explaining the cold tongue cooling. However, two key components of the upper ocean 60 

heat budget and its relation to SST – surface heat flux and oceanic mixing processes – remain 61 

poorly quantified in the context of the PCC pattern. 62 
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        Reliable quantification of air-sea fluxes is notoriously difficult, largely due to 63 

uncertainties in measuring flux-related variables and in parameterizing boundary layer 64 

processes (Isemer et al. 1989; Josey et al. 1999; Large et al. 1997; Brunke et al. 2003; Berry 65 

and Kent 2009; Large and Yeager 2009; Dee et al. 2011; Rienecker et al. 2011; Bentamy et al. 66 

2017; Liu et al. 2017; Tang et al. 2024). Moreover, the climate change signal is inherently 67 

difficult to isolate in the presence of strong internal variability, and the accuracy required often 68 

exceeds the capabilities of current observational systems (Gulev et al. 2007; Yu 2019). 69 

Significant discrepancies exist in estimates of long-term trends in globally averaged surface 70 

heat flux across datasets and, at regional scales even the sign of the change can differ among 71 

them (Rahul and Gnanaseelan 2013; Tang et al. 2024). Ocean reanalysis products also provide 72 

net surface heat fluxes (Valdivieso et al. 2017). However, in many ocean reanalysis products, 73 

surface heat fluxes are computed interactively from near-surface atmospheric state variables 74 

and the model-simulated SST at each time step via the CORE bulk formula (Large and Yeager 75 

2009). These fluxes are subsequently adjusted so SST closely matches observations through 76 

data assimilation and surface flux nudging. For instance, in the Ocean ReAnalysis System 5 77 

(ORAS5) data, the non-solar component of the total surface heat flux in the SST equation is 78 

adjusted to compensate for model biases and deficiencies, particularly in surface layer 79 

temperature (Zuo et al. 2019). The reported net surface heat flux includes these adjustments.  80 

        Compounding these challenges is the difficulty of quantifying turbulent oceanic mixing 81 

and its long-term variability. In the upper equatorial Pacific Ocean, wind-driven and shear-82 

related subsurface turbulent heat flux induced by oceanic mixing processes acts to homogenize 83 

the temperature vertically by diffusively redistributing heat gained at the surface downward 84 

and entraining colder subsurface water into the mixed layer (Liu et al. 2005; Ray et al. 2018a,b; 85 

Yang et al. 2014). Vertical mixing plays a crucial role in the formation and persistence of the 86 

cold tongue (Deppenmeier et al. 2022; Holmes et al. 2019), as well as in modulating variability 87 

across different timescales (Moum et al. 2009, 2013; Pham et al. 2017; Warner and Moum 88 

2019; Nakamura et al. 2024; Liu et al. 2025; Tozuka 2025). However, there are few 89 

measurements of vertical mixing across hourly, daily and monthly timescales since the 1950s, 90 

hindering a full understanding of the dynamics underlying the historical cold tongue cooling. 91 

        In this study, we examine the heat budget of the Pacific cold tongue on climate change 92 

timescales using oceanic and atmospheric reanalysis data. Our goal is to discover what physical 93 

processes caused the cold tongue cooling; however, our results show that the ocean reanalysis 94 

does not generate the cooling on its own. It must be imposed by an adjustment to the surface 95 

heat flux inconsistent with atmospheric reanalysis estimates. This adjustment-driven cooling is 96 
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a “deus ex machina” that obscures the physical processes actually responsible for cold tongue 97 

temperature change. We then discuss several possible reasons for this adjustment-driven 98 

cooling, including the influence of analysis increments, uncertainties in surface forcing as well 99 

as problems in the representation of oceanic processes.  100 

 101 

2. Data and methodology 102 

We first examine the observed long-term SST trend in the tropical Pacific and compare it 103 

with trends simulated by the Coupled Model Intercomparison Project Phase 6 (CMIP6) models. 104 

We then evaluate surface layer temperature changes in ocean reanalysis products and contrast 105 

them with Ocean Model Intercomparison Project Phase 2 (OMIP2) simulations. To diagnose 106 

the processes driving the observed SST trends, we further analyze the surface layer heat budget 107 

using ocean and atmospheric reanalysis data. The observational and reanalysis datasets, model 108 

simulations, and methods used in this study are described below. 109 

The observed monthly SST and sea ice analysis is obtained from the Met Office Hadley 110 

Centre (HadISST) at a horizontal resolution of 1°×1° (Rayner et al. 2003) during 1958–2024. 111 

The monthly surface heat fluxes including latent heat flux, sensible heat flux, shortwave and 112 

longwave radiation are obtained from the European Center for Medium-Range Weather 113 

Forecasts (ECMWF) Reanalysis v5 (ERA5) with a horizontal resolution of 0.25°×0.25° 114 

(Hersbach et al. 2020). We also examine oceanic variables including monthly subsurface 115 

temperature, zonal and meridional current data and surface net heat flux data from ORAS5, the 116 

latest ocean reanalysis product provided by European Centre for Medium-Range Weather 117 

Forecasts (ECMWF) during 1958–2024 (Zuo et al. 2019). Vertical velocity in the ocean is 118 

computed from ORAS5 horizontal currents using mass continuity by an upward integration of 119 

the horizontal divergence from the bottom (Vidard et al. 2015). As our calculation does not 120 

consider realistic boundary conditions at the surface and bottom and is not conducted on the 121 

native model grid, a degree of error is likely introduced. ORAS5 has a horizontal resolution of 122 

0.25° and 75 vertical levels with a finer 1-m resolution near the surface and uses the Nucleus 123 

for European Modeling of the Ocean (NEMO) model driven by atmospheric surface forcing 124 

from ECMWF, and constrained by in situ assimilation, SST nudging and bias correction 125 

(Balmaseda et al. 2015; Zuo et al. 2017, 2019). ORAS5 is forced by different generations of 126 

ECMWF atmospheric reanalysis products as boundary conditions: ERA-40 prior to 1979, 127 

ERA-Interim from 1979 to 2014, and ECMWF NWP from 2015 onward (Zuo et al. 2019). 128 

Monthly surface heat flux components from the Japanese 55-year Reanalysis (JRA-55) 129 

provided by the Japan Meteorological Agency (JMA) during 1958–2018 are also utilized for 130 
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comparison. In addition, daily subsurface temperature and horizontal current data from the 131 

Global Ocean Reanalysis and Simulations (GLORYS) (Lellouche et al. 2021) version 12V1 132 

during 1993–2024 are used in the Appendix to validate calculations based on monthly ORAS5 133 

outputs. 134 

To assess model–observation discrepancies, we also analyze SST from the 32 CMIP6 135 

models (historical simulations during 1958–2014 extended with SSP3-7.0 to 2024) in 136 

Supplementary Table 1 (Eyring et al. 2016; O’Neill et al. 2016). We also analyze subsurface 137 

temperature data from 15 models participating in OMIP2 (Supplementary Table 2) during 138 

1958–2018 to compare with ORAS5. OMIP was designed to evaluate and identify systematic 139 

biases in coupled models, particularly those originating from the ocean-sea ice component 140 

(Griffies et al. 2016). In OMIP2, the ocean models are forced by the JRA55-do dataset from 141 

1958 to 2018 including surface wind, air temperature, humidity, longwave and shortwave 142 

radiation, and precipitation fluxes (Tsujino et al. 2018, 2020), which is a modified version of  143 

JRA-55 (Kobayashi et al. 2015). We also analyze surface heat flux including latent heat flux, 144 

sensible heat flux, shortwave radiation, and longwave radiation from 5 out of the 15 models, 145 

where data were available. 146 

All variables are interpolated to a horizontal resolution of 1° × 1°. For consistency, all 147 

radiative and surface heat flux components (in units of W/m2) are converted to their equivalent 148 

contributions to SST (in units of ℃/month) by dividing by ܥ௣0݀ߩ, where ܥ௣ is the specific heat 149 

capacity of seawater (4184 J/kg/℃), 0ߩ is the reference ocean density (1024 kg/m3), and ݀ is 150 

50 m. By convention, positive values indicate a net heat gain by the ocean, and negative values 151 

indicate a net heat loss to the atmosphere. 152 

We establish the vertically integrated heat budget of the surface layer in ORAS5, which 153 

is given by: 154 

1ௗ ∫ (డ்డ௧) ௗ−0ݖ݀ = 1ௗ ∫ (  ܳ௔ௗ௩)݀0ݖ−ௗ + ܳ௡௘௧ − ܳ௣௘௡ + ܳ௥௘௦, Eq. (1) 

where  ܳ௡௘௧ is the net heat flux provided by ORAS5 defined positive downward.  ܳ௣௘௡ is the 155 

portion of shortwave radiation (  ܳ௦ℎ௢௥௧) that penetrates below the layer, which taken as  ܳ௣௘௡ =156 ொ ೞℎ೚ೝ೟஼೛ఘ0ௗ  ∗ (0.58݁ −೏0.35 + 0.42݁−೏23 ) as in ORAS5. A constant value of 50 m is used for the layer 157 

depth ݀ so the surface layer here is not identical to the ocean mixed layer. For ݀ = 50 m,  ܳ௣௘௡ 158 

is around 5% of ܳ௦ℎ௢௥௧. Since ORAS5 does not provide individual surface flux components, 159 

and solar radiation should be nearly identical between ERA5 and ORAS5, we use  ܳ௦ℎ௢௥௧ from 160 
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ERA5 to calculate  ܳ௣௘௡ in Eq. (1).  ܳ௔ௗ௩ represents the dynamical advection terms, expressed 161 

as  ܳ௔ௗ௩ = ݑ− డ்డ௫ − ݒ డ்డ௬ − ݓ డ்డ௭ . ܳ௥௘௦ is the residual in (1) needed to make the equation 162 

balance. It includes turbulent mixing, subgrid/submonthly variabilities, influences from data 163 

assimilation and computing errors but will also be influenced by a surface heat flux adjustment 164 

as we will discuss below.  165 

 166 

3. Contrasting long-term SST and surface layer temperature trends in 167 

observations/reanalysis and model simulations 168 

        Observations show a narrow band of SST cooling over the equatorial central-to-eastern 169 

Pacific and along the southern equatorial coast of South America (Fig. 1a). Over the same 170 

period, CMIP6 models simulate overall warming across the equatorial Pacific, with a 171 

maximum in the far eastern equatorial Pacific (Fig. 1b). The discrepancy is evident in Figure 172 

1c, where observations show pronounced equatorial warming in the western Pacific warm pool, 173 

weak warming to slight cooling in the central-to-eastern Pacific, and enhanced warming near 174 

the South American coast. In contrast, the CMIP6 multi-model mean (MMM) shows nearly 175 

uniform warming across the equatorial Pacific, with a maximum east of 120°W. This mismatch 176 

has been linked to systematic biases in climate models, including the excessive cold tongue 177 

(Fig. 1d) as well as biases in surface fields, including overly weak winds and unrealistically 178 

high relative humidity (Luo et al. 2018; Seager et al. 2019; Wills et al. 2022; Simpson et al. 179 

2025). 180 

        Even in OMIP2 simulations forced with observed atmospheric conditions, the discrepancy 181 

in upper ocean temperature trends persists over the equatorial Pacific cold tongue. In ORAS5, 182 

the surface layer temperature trend (Fig. 2a) closely resembles the SST trend (Fig. 1a), showing 183 

a slight cooling in the eastern equatorial Pacific. In contrast, all ocean-only experiments exhibit 184 

a pronounced warming trend in the same region (Fig. 2b and c), despite the prescribed 185 

observational forcing. Note that among the 15 OMIP2 models, three are based on NEMO 186 

(CMCC-CM2, CNRM-CM-6-1 and EC-Earth3), which is also the ocean model underlying 187 

ORAS5, and their representation of surface layer temperature trends does not differ markedly 188 

from the other models (Fig. 2c). This discrepancy is surprising, but it should be remembered 189 

that ocean models retain inherent mean state biases even under prescribed atmospheric forcing. 190 

For example, the climatological surface layer temperature in OMIP2 simulations relative to 191 

ORAS5 during 1958–1977 shows a warm bias in the western Pacific and a cold bias in the east, 192 

reaching up to ~1°C (Fig. 2d). The bias pattern in surface layer temperature differs from that 193 
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in SST along the South American coast, where the warm bias is confined to a very shallow 194 

near-surface layer, and cold bias dominates at depth (not shown but see Wittenberg et al. 2018; 195 

Reichl et al. 2024). 196 

 197 

Figure 1. (a) SST trend during 1958–2024 (°C/decade) based on HadISST. (b) CMIP6 MMM SST trend during 198 

1958–2024 (°C/decade), using historical simulations for 1958–2014 extended to 2024 with SSP3-7.0. (c) 199 

Equatorial (1°S–1°N averaged) distribution of SST trends in HadISST and the CMIP6 MMM. (d) CMIP6 MMM 200 

SST mean state bias during 1958–1977 relative to HadISST. Stippling in (a) marks regions where the trend is 201 

significant at the 95% level based on the two-tailed Student’s t test with n−2 degrees of freedom, where n is the 202 

sample size. In (b) and (d), stippling marks regions where at least 75% of models agree on the sign of the trend 203 

(b) or on the sign of the bias (d). 204 
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 205 

Figure 2. Surface layer (50 m averaged) temperature trend during 1958–2018 (°C/decade) based on (a) ORAS5 206 

and (b) OMIP2 MMM. (c) Surface layer temperature trend (°C/decade) over the eastern equatorial Pacific (blue 207 

box in (a-b), 1°S–1°N, 190°E–245°E) during 1958–2018 based on ORAS5, the OMIP2 MME, and individual 208 

OMIP2 models. (d) OMIP2 MMM bias in the surface layer temperature (°C) relative to ORAS5 during 1958–209 

1977. Error bars in (c) represent ±0.5 standard deviations across the OMIP2 ensemble. In (a), stippling marks 210 

regions where the trend is significant at the 95% level based on the two-tailed Student’s t test. In (b) and (d), 211 

stippling marks regions where at least 75% of models agree on the sign of the trend (b) or on the sign of the bias 212 

(d). 213 

4. Surface layer heat budget estimates in reanalysis data on climate change timescales.  214 

        To understand the dynamics underlying the SST trend over the equatorial Pacific cold 215 

tongue in ORAS5, we analyze the heat budget of the surface layer (upper 50 m), as its trend 216 

pattern reasonably matches that of HadISST (Figs. 1a and 2a). Applying the heat budget 217 

equation (Eq. (1)) to interpret long-term trends in surface layer temperature over the equatorial 218 

Pacific is difficult. The SST trend in the equatorial Pacific is typically on the order of one 219 
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degree over several decades (i.e. ~10-3 °C/month), while temperature variability associated 220 

with the El Niño–Southern Oscillation on interannual timescales is one degree over a few 221 

months, making it challenging to isolate a robust climate change signal in the eastern equatorial 222 

Pacific (Solomon and Newman 2012; Lee et al. 2022).  223 

        To understand the dynamics underlying the climate change, we follow an approach (Jiang 224 

et al. 2024a,b) in which we compare heat budget terms between two time periods: the reference 225 

period P1 when the climate change signal is weak and a more recent period P2 when the signal 226 

is more prominent. Here we define P1 as 1958–1977 and P2 as 2005–2024. Our results are not 227 

sensitive to the small shifts in these windows, provided that the reference lies within the early 228 

decades of the record (e.g., 1959–1978) and the climate change period includes recent years 229 

(e.g., 2004–2023). Averaged over the reference period P1, the heat budget is a balance among 230 

large terms. The climatological warming due to  ܳ௡௘௧ (Fig. 3a) and the cooling rate due to  ܳ௔ௗ௩ 231 

(Fig. 3b) are both on the order of 1°C/month at the equator. The long-term temperature trend 232 

in the equatorial Pacific is only ~ 0.1% of the  ܳ௡௘௧ and  ܳ௔ௗ௩ terms. Thus, while the climate is 233 

undergoing a transient adjustment toward a new equilibrium state due to radiative forcing, the 234 

ocean system is well approximated as being in a quasi-equilibrium state, with a very small 235 

temperature tendency term that is a small residual from the near-exact cancellation of much 236 

larger terms (right-hand-side of Eq. (1)). Since this residual is orders of magnitude smaller than 237 

the individual terms, even modest uncertainties in those terms can be comparable to or larger 238 

than the residual itself, rendering it highly sensitive to observational and computational 239 

uncertainties (Yu 2019).  240 

As shown in Figure 3b, the net effect of advection is to cool the surface layer, primarily 241 

via vertical advection by upwelling colder subsurface water to the surface, which is then 242 

advected poleward and westward. However, this dynamical cooling only partially compensates 243 

for the warming effect of  ܳ௡௘௧ −  ܳ௣௘௡ at the equator, leaving a large residual cooling term 244 

(Fig. 3c). This large residual is expected given that the ORAS5 does not archive mixing terms. 245 

In the central-to-eastern equatorial Pacific, the residual includes the vertical mixing that 246 

redistributes heat downward through shear-driven mixing, cooling the surface layer and 247 

playing an important role in maintaining the cold tongue (Deppenmeier et al. 2022; Holmes et 248 

al. 2019; Ray et al. 2018a). 249 

        Comparing P2 to P1, the net surface heat flux term  ܳ௡௘௧ based on ORAS5 shows a robust 250 

cooling effect in the equatorial Pacific (Fig. 3d), while the net advective effect leads to scattered 251 

warming near the equator in the central-to-eastern Pacific and contributes to surface layer 252 
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cooling north and south of the equator (Fig. 3e). As shown in our previous work (Jiang et al. 253 

2024b), the net advective warming tendency in the equatorial region is primarily the difference 254 

of warming due to zonal advection and cooling due to vertical advection, with a minor 255 

contribution from meridional advection.  256 

 257 

 258 

Figure 3.  (a) Climatological net surface heat flux  ܳ௡௘௧ (°C/ month) in P1 (1958–1977) based on ORAS5. (b) 259 

Climatological surface layer averaged dynamical advection  ܳ௔ௗ௩ based on ORAS5 (°C/ month). (c) Residual term 260 

 ܳ௥௘௦ (°C/ month) in P1 based on Eq. (1). (d) Difference in net surface heat flux ܳ௡௘௧  (°C/month) between P2 261 

(2005–2024) and P1 (1958–1977) based on ORAS5. (e) Difference in surface layer averaged advection term ܳ௔ௗ௩ 262 

(°C/month) between P2 and P1 based on ORAS5. (f) Difference in residual term ܳ௥௘௦ (°C/month) between P2 and 263 

P1 based on ORAS5. Stippling in (e-f) marks regions where the difference between P2 and P1 is significant at the 264 

95% level based on the two-tailed Student’s t test. 265 

         266 
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        Fig. 3f shows that the change in the residual term  ܳ௥௘௦ between P2 and P1 contributes 267 

substantially to surface layer warming. Since mixing terms are not archived in ORAS5, they 268 

are included in  ܳ௥௘௦ . We estimate the vertical diffusive flux using a Richardson number (ܴ݅)-269 

dependent parameterization scheme described in the Appendix. As shown in Figure A1, the 270 

climatological vertical diffusion in P1 using the monthly temperature gradient and eddy 271 

diffusivity inferred from monthly Richardson numbers ܳௗ௜௙௙௨ (Fig. A1) captures the large-272 

scale sign and zonal structure of the residual cooling in Figure 3c over the central-to-eastern 273 

equatorial Pacific (180°–90°W), but there are substantial differences in magnitude. We 274 

similarly calculate the ܴ݅-based eddy diffusivity in P2 and estimate the corresponding diffusion 275 

term (Fig. A1b). As shown in Figure A1c, the change in the ܴ݅-based diffusion term ܳௗ௜௙௙௨ 276 

results in surface layer warming along the equator that is quantitatively consistent with the 277 

change in the residual at the equator (Fig. 3f).  It is well-known that vertical mixing is 278 

exceptionally strong at the equator, and this calculation suggests that it is the greatest part of 279 

the residual needed to close the heat budget. A more definitive statement would be possible if 280 

the actual ORAS5 mixing term had been saved. 281 

 282 

5. Deus ex machina cooling in reanalysis data 283 

        Based on analysis of ORAS5,  ܳ௡௘௧  is the only robust cooling term in the equatorial 284 

Pacific from P1 to P2. As noted in Section 1, ORAS5  ܳ௡௘௧ is not the real-world air–sea flux. 285 

Ocean reanalysis data is inherently dependent on ocean models. When included in climate 286 

models, across multiple generations ocean models have had persistent systematic biases that 287 

contribute to an excessively cold and overly westward-extended cold tongue, as well as warm 288 

SST biases near the South American coast (Li and Xie 2014; Figures 1d and 2d). These 289 

systematic mean state biases are not only present in free-running long-term simulations or those 290 

driven by historical external forcings, but also tend to develop quickly within months after 291 

initialization in seasonal forecast models, including those from ECMWF (Pillai et al. 2021; 292 

L’Heureux et al. 2022). To compensate for such biases and reproduce observed surface 293 

temperature distributions, ocean reanalysis data like ORAS5 apply additional heat flux 294 

“adjustments”  (Valdivieso et al. 2017). As Browne et al. (2019) and Zuo et al. (2019, from 295 

which this quotation is taken) describe: “SST is assimilated in ORAS5 by modifying the 296 

surface non-solar total heat flux using the product of a globally uniform restoration term of 200 297 

W m⁻² K⁻¹ and the difference between modelled and observed SST”. This non-solar surface 298 

heat flux adjustment plays a central role in reducing tropical Pacific surface temperature biases 299 



12 

 

(Zuo et al. 2019; their Figs. 17–18). We treat the net surface heat flux from ERA5 as the “true” 300 

surface flux, since it was computed from the observed SST, the same SST used in the ORAS5 301 

data assimilation (Hersbach et al. 2020). The adjusted net surface heat flux in ORAS5 can then 302 

be expressed as:  303 (ܳ௡௘௧)ைோ஺ௌ5  = (ܳ௡௘௧)ாோ஺5 + ܳ௔ௗ௝௨௦௧ Eq. (2) 

where ( )ைோ஺ௌ5 and ( )ாோ஺5 denote the terms reported in ORAS5 and ERA5 data, respectively, 304 

and ܳ௔ௗ௝௨௦௧ indicates the flux adjustment required for the NEMO model underlying ORAS5 to 305 

reproduce the observed SST. At the surface, this adjustment is applied over short damping 306 

timescales to nudge the model toward observed SSTs, using a restoration term of 200 307 ܹ/(݉2 ∗ ℃) and the difference between modelled and observed SST (Balmaseda et al. 2013; 308 

Zuo et al. 2019). Thus, even a modest temperature discrepancy of 0.25 ℃ implies a continuous 309 

adjustment heat flux of 50 ܹ/݉2, which would adjust the temperature of a 50 m mixed layer 310 

by that amount over an e-folding timescale of ~10 days. 311 

        According to ERA5, the SST cooling in P2 compared to P1 in the equatorial eastern 312 

Pacific is accompanied by an increase in local net (downward) surface heat flux, while regions 313 

to the north and southeast that experience surface warming show a decrease in net heat flux 314 

(Fig. 4a). The net surface heat flux change between P2 and P1 along the equator is primarily 315 

driven by changes in latent heat flux (Fig. 4b). A similar pattern in latent heat flux change is 316 

also evident in a previous long-term trend estimate based on the Objectively Analyzed Air-Sea 317 

Fluxes (OAFlux) dataset originating from ship observations, atmospheric reanalysis and 318 

remote-sensed data for the period 1958–2013 (Yang et al. 2016). In most parts of the tropical 319 

ocean, SST warming and intensified surface winds have led to enhanced evaporation and latent 320 

heat loss (Liu and Curry 2006; Yu and Weller 2007; Li et al. 2011; Yang et al. 2016). In contrast, 321 

in the equatorial Pacific between 150°W and 120°W the SST has not warmed, wind speeds 322 

have weakened and the latent heat flux has decreased (Li et al. 2011; Yang et al. 2016), 323 

increasing the net heat flux into the ocean (Fig. 4a and b). This change is a strengthening of the 324 

climatological arrangement in which ocean processes generate the cold tongue which reduces 325 

turbulent surface heat loss and leads to a net uptake of heat from the atmosphere to the ocean. 326 
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 327 

Figure 4. Difference between P2 (2005–2024) and P1 (1958–1977) based on ERA5 for (a) net surface heat flux 328 ܳ௡௘௧  (°C/month); (b) Equatorial (1°S–1°N averaged) distribution of ERA5 ܳ௡௘௧  (°C/month), latent heat flux ܳ௅ு 329 

(°C/month), sensible heat flux ܳௌு  (°C/month), shortwave radiation ܳௌௐ , and longwave radiation ܳ௅ௐ 330 

(°C/month). Climatological adjustment term  ܳ௔ௗ௝௨௦௧ (°C/ month) based on Eq. (2) in (c) P1 (1958–1977) and (d) 331 

in P2 (2005–2024). (e) Difference in ܳ௔ௗ௝௨௦௧  (°C/month) between P2 and P1. Stippling in (a) and (e) marks 332 

regions where the difference between P2 and P1 is significant at the 95% level based on the two-tailed Student’s 333 

t test. Stippling in (c) and (d) marks regions where the difference between ERA5 ܳ௡௘௧  and ORAS5 is significant 334 

at the 95% level. 335 

        During P1, the adjustment term adds heat to the central-to-eastern equatorial Pacific and 336 

removes heat near the coast (Fig. 4c), reflecting a correction for the well-known excessive cold 337 

tongue SST bias pattern in the equatorial Pacific (Fig. 1d). While the adjustment term is very 338 

large in P1, during P2 the adjustment term is close to zero west of 110°W (Fig. 4d). The 339 

reduction in this adjustment term is the dominant contributor to the long-term cooling in the 340 

ocean reanalysis data (Fig. 4e). That is, a deus ex machina cooling surface flux adjustment 341 

must be imposed over the central-to-eastern equatorial Pacific to align the simulation with the 342 
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long-term cooling SST trend observed in HadISST. This is in marked contrast to the observed 343 

climatological arrangement where it is ocean processes that generate the cold tongue while 344 

surface heat fluxes provide an offsetting warming (Fig. 3a and b).  345 

        If the ERA5 surface fluxes are correct, at least in sign, the above analysis indicates the 346 

ocean heat movement by currents or mixing generates the cooling trend while the surface flux 347 

changes damp the SST response, which is an intensification of the climatological pattern of 348 

cooling by vertical processes offset by surface heat uptake. However, such a cooling effect 349 

does not appear in the directly computed dynamical terms or in the inferred mixing term 350 

whether based on Richardson number or the residual. We hypothesize that, instead, an 351 

additional flux adjustment term is needed to stand-in for an unrealized, due to model biases, 352 

increase in cooling by ocean processes from P1 to P2.   353 

        One possible reason that the adjustment term is larger in the first period than in the second 354 

is the increase in observational data with time. Perhaps the atmospheric data in the early period 355 

is inadequate to estimate the surface heat and momentum fluxes driving the ocean model, and 356 

oceanic observations are too few and far between for the data assimilation to replace problem 357 

areas with observed ocean data.   358 

        A second explanation for the reduced adjustment term in recent periods is that there is a 359 

compensating error within the reanalysis system that emerges when the climate change signal 360 

becomes pronounced. As is ubiquitous in coupled climate models (e.g., Seager et al. 2019; 361 

Jiang et al. 2025) (see also Fig. 1d), the ocean model underlying ORAS5 has a cold bias along 362 

the central-to-eastern equatorial Pacific (Fig. 2d), which could lead to a biased warming 363 

response to greenhouse gas forcing, with models showing excessive eastern Pacific warming 364 

compared to observations (Figs. 1a,b and 2a,b). In CMIP6, the excessive warming trend 365 

partially offsets the mean-state cold bias relative to HadISST during P2 (2005–2024) over the 366 

central-to-eastern equatorial Pacific (Fig. 5a). Similarly, over the last 20 years of OMIP2 367 

simulations (1999–2018), the mean state bias of surface layer temperature in the central-to-368 

eastern equatorial Pacific has largely diminished between 170°E and 110°W relative to ORAS5 369 

(Fig. 5b). As a result, these climate model results suggest a possible error compensation 370 

mechanism is likely at play in ORAS5: the ocean model misrepresented some processes in 371 

maintaining the cold tongue climatology, introducing a cold bias in the surface layer that cannot 372 

be overcome even when the atmospheric conditions are prescribed, while simultaneously 373 

misrepresenting the response to radiative forcing, leading to an erroneous warming bias. 374 

Together, these two biases can offset one another, reducing the apparent need for additional 375 

surface heat flux adjustments in the recent period.  376 
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 377 

Figure 5. (a) CMIP6 MMM SST mean state bias during P2 (2005–2024) relative to HadISST. (b) OMIP2 MMM 378 

surface layer temperature mean state bias (°C) during the last 20 years of OMIP2 simulations relative to ORAS5. 379 

Stippling marks regions where at least 75% of models agree on the sign of the bias.  380 

        One caveat is that ORAS5 differs from the wind-driven OMIP2 experiments not only in 381 

that it includes data assimilation and surface heat flux adjustment, but also a different 382 

atmospheric boundary forcing dataset, which enters the bulk formula calculation. ORAS5 is 383 

forced by atmospheric fields from ECMWF, whereas OMIP2 simulations use a modified 384 

version of the JRA-55 reanalysis from JMA. In these ocean-only experiments, the surface 385 

boundary layer conditions including air temperature and humidity, which are closely coupled 386 

to the SST (Betts and Ridgway 1989; Bretherton 1993; Seager et al. 1995), that enter the bulk 387 

formula calculations of surface heat flux are prescribed (Large and Yeager 2009). These 388 

differences may also contribute to the discrepancy in the oceanic response and surface layer 389 

temperature trends in ORAS5 and OMIP2. However, as shown in Figure 6, these are unlikely 390 

to be the primary reason for the opposing long-term surface temperature trends over the eastern 391 

equatorial Pacific in ORAS5 and OMIP2. Figure 6a shows that OMIP2 simulations have 392 

increased net surface heat flux into the ocean in the western Pacific and decreased heat flux in 393 

the east. The reduction in the east is largely driven by more latent heat flux out of the ocean, 394 

which helps cool the ocean surface (Fig. 6b). However, these trend patterns are opposite in sign 395 

to those in the JRA-55, the presumed atmospheric state prescribed in the forcing for OMIP2, 396 

where the net surface heat flux decreases in the west (leading to surface cooling) and increases 397 

in the east (leading to surface warming), with the changes again dominated by latent heat flux 398 

(Fig. 6c and d). This JRA-55 heat flux trend is qualitatively consistent with ERA5 (Fig. 3e). 399 

This consistency again suggests that a biased response inherent in the ocean is responsible for 400 

the pronounced surface warming in the cold tongue region in OMIP2. 401 
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 402 

Figure 6. (a) Multi-model mean trend in net surface heat flux ܳ௡௘௧ for 5 OMIP2 simulations with available data 403 

during 1958–2018 (°C/month/decade). (b) Similar to (a) but for latent heat flux ܳ௅ு. (c) Trend in ܳ௡௘௧  based on 404 

JRA-55 during 1958–2018 (°C/month/decade). (d) Similar to (c) but for latent heat flux ܳ௅ு. Stippling in (a) and 405 

(b) marks regions where 4 out of 5 models agree on the sign of the trend. Stippling in (c) and (d) marks regions 406 

where trend is significant at the 95% level based on the two-tailed Student’s t test. 407 

6. Conclusion and discussion 408 

        In this study, we show that the distinctive cooling trend of the tropical Pacific cold tongue 409 

arises in ORAS5 not from physical processes but from a reduction in the surface flux 410 

adjustment imposed during assimilation. This adjustment, introduced to compensate for the 411 

cold tongue SST bias in the ocean model underlying ORAS5, a bias also common to CMIP6 412 

and OMIP models, reflects the inability of current reanalysis systems to reproduce the observed 413 

long-term trends in the tropical Pacific in response to anthropogenic forcing with realistic 414 

physics. Heat budget analyses based on oceanic reanalysis data (ORAS5) and atmospheric 415 

reanalysis data (ERA5) show that, in the climatological mean, as expected, net surface heat 416 

flux contributes to surface layer warming, while ocean  dynamical advective and mixing 417 

processes induce cooling in the central-to-eastern equatorial Pacific. However, comparing the 418 

climatological net surface heat flux expected given the observed SST (ERA  ܳ௡௘௧) with the flux 419 

required for the ocean model to match this SST (ORAS5  ܳ௡௘௧), shows that an additional 420 
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surface flux adjustment is needed to offset excessive climatological oceanic cooling of the cold 421 

tongue. Under climate change from 1958–2024, changes in surface heat flux (from ERA5) and 422 

ocean processes (from ORAS5) both contribute positively to surface warming along the 423 

equator in the eastern Pacific. Yet the observed surface layer temperature has a cooling trend. 424 

Hence, while in the climatology the model requires a surface heat flux adjustment to correct 425 

the cold SST bias in the central-to-eastern equatorial Pacific (Fig. 1d), the observed surface 426 

layer cooling trend is produced via a reduction in this artificial flux term, a deus ex machina 427 

within the reanalysis framework. 428 

        The reduced need for cold tongue bias adjustment could result from improved constraints 429 

in reanalysis data in recent decades due to the availability of more and higher-quality 430 

observations. Another hypothesis is that the reduction in the adjustment term reflects 431 

compensation for SST warming in response to radiative forcing that is common in wind-driven 432 

ocean models and coupled climate models in recent periods (Figs. 1a,b and 2a,b) and, we 433 

suspect, in the ocean model underlying the ocean reanalysis data. Both explanations may be 434 

true, and may jointly contribute to the pronounced deus ex machina decrease over time in the 435 

surface flux adjustment. Notably, both suggest that during the earlier period (P1), the ocean 436 

model behaves more like a free-running simulation with limited observational constraints, thus 437 

requiring substantial heat flux adjustments to match observed SST due to model biases. The 438 

distinction is that the analysis increment argument posits that, in the later period (P2), more 439 

effective data assimilation tightly constrains the model through analysis increments, reducing 440 

the need for additional flux adjustment. In contrast, the alternative hypothesis suggests that, in 441 

P2, an excessive warming response to radiative forcing may compensate for the mean state bias 442 

in the equatorial Pacific cold tongue.  443 

        Validating either hypothesis remains challenging. Confirming the first would require a 444 

detailed examination of analysis increments over time, but such data are not typically available 445 

in standard ocean reanalysis outputs. For the second hypothesis, the root causes of the cold 446 

tongue mean state bias and the mechanisms underlying models’ biased responses to radiative 447 

forcing remain unresolved. The need for heat flux adjustments in ocean reanalyses, together 448 

with persistent temperature biases in ocean-only GCM simulations, indicates that deficiencies 449 

persist within ocean models themselves, in addition to the well-documented surface and 450 

atmospheric biases (e.g., Seager et al. 2019). In the equatorial Pacific, many models continue 451 

to misrepresent the strength of the equatorial undercurrent (Karnauskas et al. 2020) and 452 

upwelling (Karnauskas 2025), and still struggle to accurately simulate vertical mixing (Fox-453 

Kemper et al. 2019). In particular, models without high horizontal and vertical resolutions, 454 
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such as the NEMO model underlying ORAS5, are known to struggle to resolve small-scale 455 

current shear and fine structure of upper ocean stratification in the equatorial Pacific that are 456 

critical for mixing (Marchesiello et al. 2011; Hoteit et al. 2008; Inoue et al. 2019; Jia et al. 2021; 457 

Reichl et al. 2024). This underrepresentation has been directly linked to the cold SST bias in 458 

the equatorial Pacific and the warm bias along the South American coast (Jia et al. 2021; Reichl 459 

et al. 2024), and is likely one of the key reasons why ocean reanalyses require artificial heat 460 

flux adjustments. If so, the inferred vertical mixing warming trend along the equator in recent 461 

decades (Fig. A1c) may be an artifact of model bias, whereas in the real ocean, or in a bias-free 462 

system, such a signal might not exist. Instead, the signal of subsurface cooling is communicated 463 

into the mixed layer of the cold tongue and offsets radiatively-driven warming. Nevertheless, 464 

without a widely accepted observational benchmark, it remains difficult to fully assess the 465 

accuracy of the mixing estimates presented here or to constrain the magnitude of ocean 466 

circulation near the equator. At the same time, we cannot rule out the possibility that biases in 467 

the oceanic response originate from uncertainties in atmospheric forcing data. For example, the 468 

surface wind forcing is known to exhibit large uncertainties and substantial discrepancies 469 

across datasets (Wittenberg 2004; McGregor et al. 2012), which can lead to markedly different 470 

circulation solutions in ocean models (Merrifield and Maltrud 2011). 471 

       This study motivates intensive efforts to reconcile the discrepancy between simulated and 472 

observed SST trends in the tropical Pacific through attention to equatorial oceanic processes in 473 

addition to continued attention to atmospheric sources of bias. Several caveats should also be 474 

acknowledged. While our results show that, in the eastern equatorial Pacific, mixing estimated 475 

from monthly data aligns well with the residual term derived from the ORAS5, and that the 476 

upscaling approach from daily to monthly averages appears effective in GLORYS with similar 477 

configurations (Fig. A2), it remains unclear whether this reflects true physical consistency. 478 

Validation against in-situ observations and high-resolution models is needed to rigorously test 479 

the upscaling approach across sub-daily to monthly timescales. Looking ahead, a key direction 480 

for future research is to encourage the modeling community to standardize the inclusion of 481 

mixing-related variables in outputs of Coupled Model Intercomparison Project and to identify 482 

the most representative quantities and the optimal spatial and temporal resolutions for data 483 

storage and analysis. Besides, more in-situ observations are needed especially for vertical 484 

processes in the atmosphere and ocean that help determine the surface heat fluxes and the 485 

vertical movement of heat in the ocean between the surface and thermocline (e.g., the planned 486 

Tropical Pacific Observing System Equatorial Pacific Experiment (TEPEX) field program 487 

(Kessler et al. 2021)). A combination of field experiments and long-term monitoring by buoys, 488 
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floats and gliders should provide the needed information to identify higher frequency analogs 489 

of the physical processes operating in response to radiative forcing and guide improvements to 490 

parameterized model physics. Once done, we will be better able to assess why the Pacific 491 

Climate Change pattern emerges: the cold tongue has been cooling and the zonal SST gradient 492 

has been strengthening. 493 
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Appendix  507 

        To demonstrate that the residual heat flux is likely dominated by vertical mixing and to 508 

diagnose its change over time, we implement a Richardson number dependent estimate of 509 

mixing. We express the contribution of vertical diffusive heat flux as an equivalent temperature 510 

tendency of the surface layer (݀ = 50 m) to ensure consistency with the other budget terms. 511 

The vertical diffusion term at the base of the surface layer (݀ = 50 m) is written as: 512 

 ܳௗ௜௙௙௨ = − 1݀ ߢ) |(ݖ߲߲ܶ
 −ௗ 

Eq. (A1) 

where ߢ indicates vertical eddy diffusivity. Following Pacanowski and Philander (1981), ߢ is 513 

parameterized as a function of the gradient Richardson number as: 514 

ோ௜ߢ =  ߭0(1 + ܴܽ݅)௡+1 + ߭௕(1 + ܴܽ݅) +  ௕ Eq. (A2)ߢ

with ߭0 = 10-2 m2/s, ߭௕ = 10-4 m2/s, ݊ =2; ܽ ௕ߢ ,5 = = 10-5 m2/s. The gradient Richardson 515 

number ܴ݅ is defined as: 516 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-oras5?tab=overview
https://www.metoffice.gov.uk/hadobs/hadisst
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=download
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=download
https://rda.ucar.edu/datasets/d628001
https://esgf-metagrid.cloud.dkrz.de/search/cmip6-dkrz
https://esgf-metagrid.cloud.dkrz.de/search/cmip6-dkrz


20 

 

 ܴ݅ = ఈ௚ങ೅ങ೥(ങೠങ೥)2+(ങೡങ೥)2 
Eq. (A3) 

where ݑ and ݒ represent the zonal and meridional currents, respectively, ߙ = 8.75*10-6*(T+6) 517 ℃ and ݃ = 9.8 m/s2. A minimum value ܴ݅ is set to 0 to avoid invalid diagnostic values. It 518 

should be noted that ORAS5 actually uses a Turbulent Kinetic Energy (TKE) scheme to 519 

parameterize eddy diffusivity and vertical mixing (Bernard et al. 2006; Blanke and Delecluse 520 

1993), instead of this simple ܴ݅-based approach. The ܴ݅-dependent approach is adopted here 521 

due to its practical and diagnostic utility in illustrating the roles of shear and buoyancy in 522 

driving mixing (Moum et al. 1986, 1989; Peters et al. 1988; Hayes et al. 1991; Wang and 523 

McPhaden 1999; Huang et al. 2010), especially when model outputs of mixing are unavailable 524 

for directly computing the prognostic TKE equation. 525 

         We therefore estimate the monthly ߢ ோ௜ at the base of the surface layer using the squared 526 

vertical shear of the horizontal currents ((డ௨డ௭)2 + (డ௩డ௭)2) and the buoyancy frequency associated 527 

with the vertical temperature gradient (݃ߙ డ்డ௭) based on ORAS5 data. Ideally, the Richardson 528 

number should be derived from data with finer spatial and higher temporal resolution. When 529 

computed from heavily averaged in-situ data, particularly in regions of weak turbulence where 530 

the Richardson number can vary by orders of magnitude, the Richardson number and the 531 

parameterized diffusivity can be significantly biased (Peters et al. 1988; Moum et al. 1989). 532 

However, in regions with strong turbulence, such as the eastern equatorial Pacific, unstable 533 

regimes characterized by low Richardson numbers remain identifiable even in heavily averaged 534 

datasets (Moum et al. 1986; Pham et al. 2017). In terms of spatial resolution, strong turbulent 535 

regions near the equator can be resolved with vertical bin sizes of approximately 10–20 m 536 

(Zaron and Moum 2009; Smyth and Moum 2013), comparable to the typical vertical resolution 537 

of ocean models such as NEMO. In terms of temporal resolution, Richardson numbers in 538 

strongly turbulent equatorial regions computed from daily-averaged data are generally 539 

consistent with those derived from hourly observations (Pham et al. 2017). Furthermore, 540 

previous studies documented the seasonal evolution of upper ocean mixing and its modulation 541 

by El Niño and La Niña events, which exhibit limited submonthly variability at 0°, 140°W 542 

(Moum et al. 2013; Pham et al. 2017). Therefore, we assume that temporal averaging does not 543 

substantially alter the analysis of the dynamics of vertical mixing in the eastern equatorial 544 

Pacific, and that the parameterization is suitable for upscaling. This assumption reasonably 545 

requires that the covariance between sub-monthly variability in eddy diffusivity and the vertical 546 
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temperature gradient is smaller than the monthly covariance at the ~10 m vertical resolution 547 

scale (Zaron and Moum 2009). 548 

        Under this assumption, we estimate the climatological vertical diffusion in P1 using the 549 

monthly temperature gradient and eddy diffusivity inferred from monthly Richardson numbers 550 

(Fig. A1). The resulting diffusion term ܳௗ௜௙௙௨  roughly captures the spatial pattern of the 551 

residual term ܳ௥௘௦ (Fig. 3c). In Figure A1d, we show the seasonal cycle of ߢோ௜ at the base of 552 

the surface layer along the equator based on the climatological mean for each calendar month. 553 

The magnitude of ߢோ௜ varies significantly along the equator, with values around 10-4 m2/s in 554 

the central-to-eastern Pacific (180°~110°W), peaking at 10-3 m2/s near 140°W. The inferred 555 

diffusivity exhibits a pronounced seasonal cycle with stronger values during boreal autumn and 556 

winter and weaker values in spring and summer (Fig. A1d), which, as noted before, is primarily 557 

driven by the strong seasonal variations in the vertical temperature gradient and shear squared 558 

in the cold tongue region (Moum et al. 2013). Assuming the vertical diffusion dominates the 559 

residual term, we can also estimate the mean eddy diffusivity in P1 based on the climatological 560  ܳ௥௘௦ as:  561 

௥௘௦ߢ = ܳ௥௘௦߲߲ܶݖ  
Eq. (A4) 

in which 
డ்డ௭ is calculated as the climatological temperature gradient during P1 at the depth of 562 

50 m based on ORAS5. In Figure A1e, we show the seasonal evolution of this equatorial eddy 563 

diffusivity inferred from the residual. The strong resemblance between ߢ௥௘௦  and ߢோ௜  (Fig. 564 

A1d,e) lends further support to our assumption that vertical diffusion is the primary contributor 565 

to the residual term.  566 
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 567 

Figure A1. Climatological vertical diffusion ܳௗ௜௙௙௨  at the base of the surface layer (°C/month) estimated using 568 

Eq. (A1) for (a) P1 (1958–1977) and (b) P2 (2005–2024) . (c) Difference in ܳௗ௜௙௙௨  (°C/month) between P2 and 569 

P1. Seasonal evolution of ߢ along the equator (m2/s) in P1, estimated from (d) Richardson number (ߢோ௜) and (e) 570 

residual term ܳ௥௘௦ (ߢ ௥௘௦) in P1. 571 

        Similarly, we calculate the ܴ݅-based eddy diffusivity in P2 and estimate the corresponding 572 

diffusion term in Figure A1b. As shown in Figure A1c, the change in the ܴ݅-based diffusion 573 

term ܳௗ௜௙௙௨  corresponds to surface layer warming along the equator. At the equator, this 574 

warming change is quantitatively consistent with the residual-based estimates (Fig. 3f). The 575 

differences between inferred mixing and the residual term observed in the off-equatorial 576 
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regions indicate that other processes such as changes in the analysis increment and horizontal 577 

mixing also contribute to changes in the residual term. 578 

       The upscaling approach used to quantify mixing based on monthly outputs requires further 579 

validation. Previous studies have shown that Richardson numbers derived from daily-averaged 580 

data in strongly turbulent equatorial regions are broadly consistent with those from higher-581 

frequency data (Pham et al. 2017). Since ORAS5 provides only monthly outputs, we used daily 582 

subsurface temperature and current data from GLORYS to test whether this consistency also 583 

holds when comparing daily to monthly averages. GLORYS uses essentially the same 584 

configuration and boundary forcing as ORAS5 but at higher horizontal resolution and with 585 

daily outputs during 1993–2024. As shown in Figure A2, the marginally unstable regime for 586 

vertical mixing in the equatorial Pacific is captured reasonably consistently across daily and 587 

monthly-averaged GLORYS data and monthly ORAS5 over their overlapping period (1993–588 

2024). Nevertheless, the extent to which Ri-based parameterizations accurately represent real-589 

world mixing remains uncertain. Ocean mixing can also be driven by finer-scale wave 590 

dynamics that are unresolved at the current vertical resolution (Jia et al. 2020) and lie beyond 591 

what large-scale Ri fields can capture. 592 

 593 

Figure A2. Equatorial (1°S–1°N) distribution of the Richardson number at 50 m, calculated from daily GLORYS 594 

data (red), monthly-averaged GLORYS data (blue), and monthly ORAS5 data (green). Shadings indicate regions 595 

of mixing instability as identified from each dataset, and the dashed line marks the critical threshold of Ri = 0.25. 596 

  597 
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