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The ocean surface layer plays a pivotal role in Earth’s climate by absorbing
excess heat from the atmosphere, thereby regulating global temperatures.
Here we document an observed and very notable increase in the persis-
tence of sea surface temperature around the global ocean over the past

four decades. This prolonged memory is attributed to two key factors: a
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deepening of the surface mixed layer and a decrease in the damping rates
due to processes such as vertical entrainment, mixing and damping to the
atmosphere. Our findings have great relevance to the observed increase
in the duration of marine heatwaves and associated heightened thermal
threats to marine organisms. Our study also suggests that the ocean’s
ability to sequester heat is weakening, a trend that may accelerate as the

21st century proceeds.

Sea surface temperature (SST) has an intrinsic tendency to relax back to its prior
state when perturbed often by atmospheric forcing (Frankignoul and Hasselmann,
1977; Deser et al., 2010; Xie, 1999). This negative feedback mitigates positive SST
anomalies through loss of energy to the atmosphere or storage within the ocean’s inte-
rior. The damping rate of near-surface ocean thermal anomalies controls, for instance,
the threat posed by thermal stress on marine life (Frolicher and Laufkotter, 2018; Mills
et al., 2013; Moore et al., 2012). The potential for the ocean to buffer climate change
is also affected, of great import because more than 90% of the Earth’s excess energy
due to greenhouse gas emissions has been drawn down into its interior (Rhein et al.,
2013; Trenberth et al., 2014; Von Schuckmann et al., 2023).

The response of SST to anomalies in forcing can be portrayed by a simple first-order
auto-regressive (AR(1)) process (Frankignoul and Hasselmann, 1977), whereby anoma-
lies decay exponentially over time. This simple model aptly captures the observed “red
noise” power spectrum of SST. The ocean’s mixed layer integrates stochastic atmo-
spheric forcing, characterized by a “white noise” spectrum, yielding a dampened SST
variability at shorter timescales (less than 1 year) (Hasselmann, 1976; Frankignoul
and Hasselmann, 1977; Marshall and Plumb, 2008; Deser et al., 2010; Boulton and

Lenton, 2015; Patrizio and Thompson, 2022). According to this framework, the decay



rate of SST anomalies depends on the heat capacity of the mixed layer and the effi-
ciency of the negative feedback (damping) processes. The deepening of the mixed layer
and a weakening of damping rates can extend the persistence of the SST anomalies.
While prolonged SST persistence leads to enhanced predictability, it also intensifies the
potential threat of thermal anomalies to marine ecosystems, perhaps resulting in mor-
tality and shifts in species composition ((Smale et al., 2019) and references therein).
For all these reasons, quantifying changes in SST persistence is of great importance.

The persistence of SST and its associated memory timescale have been exam-
ined using both observations and numerical models. North Pacific decadal changes
in the monthly mean SST memory timescale have been found, due to both large-
scale variability and local cloud-SST positive feedback (Ding and Li, 2009). Monthly
SST anomalies in the North Pacific tend to persist for longer, associated with a
deepening trend in the mixed layer, potentially posing a significant risk to marine
ecosystems (Boulton and Lenton, 2015). The same trend in the monthly SST anomalies
in the North Pacific and Atlantic is attributed to the weakening of negative feedback
processes (Lenton et al., 2017). Projections from earth system models suggest an antic-
ipated decline in long-term SST memory under the Shared Socioeconomic Pathway
SSP5-8.5 scenario for the 21st century, resulting from the shoaling of surface mixed
layer depth (MLD) driven by global surface warming (Shi et al., 2022).

The persistence of SST on timescales shorter than one month is a crucial area of
investigation. The duration of marine heatwaves (MHWs), defined as an event with
positive SST anomalies exceeding the 90th percentile and lasting for at least five
consecutive days (Hobday et al., 2016, 2018), shows a tight correlation with the daily
SST memory timescale (Oliver et al., 2021). In eastern boundary upwelling regions,
synoptic scale winds drive variations in SST on timescales of a few days, impacting
nutrient distribution and primary productivity through coastal upwelling (Botsford

et al., 2006; Garcia-Reyes et al., 2014; Aguirre et al., 2014, 2019). Additionally, marine
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species are sensitive to both mean temperatures and to variabilities occurring over
days to weeks (Dillon et al., 2016).

The trend in daily SST memory timescales may diverge from that of monthly
SST due to the influence of rapidly varying processes such as surface waves and the
submesoscale (Bulgin et al., 2020). Indeed, the projected daily surface temperature
persistence increase in the 21st century contradicts the anticipated decreasing trend in
annual-scale SST anomalies (Li and Thompson, 2021; Shi et al., 2022). In this study,
the daily SST memory timescale was evaluated using 40 years of satellite data, which
was not previously reported. We find a statistically significant increase of daily SST
memory timescale across the major part of the global ocean, potentially associated

with the deepening trend of the mixed layer.

The observed memory timescale of SST and its

decadal trend

To estimate the memory timescale of SST, the daily quarter-degree resolution NOAA
Optimum Interpolation SST dataset (Reynolds et al., 2007) is fitted to the AR(1)
model for each year (see Methods) to find the damping coefficient (A in (1)). Our
approach is equivalent to finding the time at which the lag 1-day autocorrelation
coefficient falls below 1/e, as in Oliver et al. (2021). We find that, typically, daily SST
memory timescales are shorter than 30 days, except in the eastern equatorial Pacific
where they exceed 50 days (Fig. la). Other regions with long memory timescales
include the eastern North Pacific, the regions north of the Gulf Stream and Kuroshio
current, the Agulhas Retroflection and the eastern South Indian Ocean. In contrast,
the equatorial western Pacific, Indian, Atlantic and much of the Southern Oceans have
memory timescales shorter than 10 days.

The daily SST memory trend timescale exhibits a statistically significant increase

over the global ocean almost everywhere (Fig. 1b). The most rapid increases are found
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Fig. 1 a. The mean memory timescale of the SST anomalies (7) estimated from the observation.
b. The linear trend from 1982 to 2021. The black boxes in a indicate the regions where the energy
spectra of the SST anomalies were calculated. Box numbers 1 through 5 represent North Pacific,
North Atlantic, Indian Ocean, South Pacific, and South Atlantic, respectively. The dotted and dashed
areas in b represent the regions where 7 in 2021 has increased by 50-100% and over 100% compared to
1982, respectively. Note that nearly every region globally exhibits a statistically significant increasing
trend. c. Linear trend in the duration of marine heatwaves from 1982 to 2021. The dashed areas in
c represent the regions in which trends in marine heatwaves duration are statistically significant at

the 95% confidence level.
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Fig. 2 Power spectral density (PSD) of the SST anomalies for five regions indicated by black boxes
in Fig. la The averaged PSDs for the first and last five years of the analyzed period are shown by
black and red lines, respectively, with shading representing one standard deviation.

in the tropical Pacific and Atlantic, exceeding 5 days per decade. In lower latitudes,
between 20°S and 20°N, the average trend is roughly 2 days per decade, implying a
doubling of the memory timescale over the last 40 years. Middle and high latitudes
are also experiencing an increasing trend. For example, in the North Pacific, the SST
memory timescale has been increasing at a rate of 2 days per decade, a full 50%
increase over the last 40 years. The elongation of the daily SST memory timescale
is evident from the autocorrelation analysis of SST anomalies alone (See Methods),
emphasizing the robustness of this signal. This rising trend in the global ocean is
likely linked to the observed increase in the duration of MHWs which have extended
by more than 30 days in roughly 80% of the global ocean from 1982 to 2021 (Fig. lc,
Oliver et al. (2018)). These findings underscore a notable and concerning shift in the
ocean’s behaviour, allowing extreme SST anomalies to persist for much longer periods

over the last four decades, potentially posing a greater threat to marine ecosystems.
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Fig. 3 a-b. The linear trend of the summertime and wintertime mixed layer depth (Hsummer and
Hyinter) spanning from 1970 to 2018 (Sallée et al., 2021). c-d. The linear trend in atmospheric
(Aa) and oceanic (Ao) damping coefficients from 1982 to 2021. Dotted regions in both ¢ and d have
statistically significant trends at a 95% confidence level.

Power spectrum analysis corroborates the extension of the daily SST memory
timescales across the major ocean basins. Comparing the first five years (black lines in
Fig. 2) with the last five years (red lines in Fig. 2), we see two notable changes over the
past four decades. Variance at higher frequencies (red noise range) was reduced during
the 2018-2021 period compared to 1982-1986, a statistically significant signature across
all major ocean basins. In contrast, there was a slight increase in power at lower
frequencies (white noise range) in the last five years. These shifts lead to an intersection
of black and red lines in the 50-100 day range (Fig. 2). The diminished variance at high
frequencies, coupled with heightened variance at low frequencies, implies extended

SST memory timescales as is evident in changes in the autocorrelation coefficient.

Mechanisms behind the prolongation of SST memory

The global trend of increasing SST memory timescale has been investigated by employ-

ing a simple thermodynamic balance rooted in the AR(1) model, which accounts
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for both atmospheric and oceanic processes (see Methods). Changes in SST mem-
ory timescale can occur through two primary mechanisms: an increase in the heat
capacity of the mixed layer and/or a decrease in the damping rates. The deepening
of the mixed layer and concomitant heat capacity, reduces variance of SST anoma-
lies at high frequencies (red noise range). Conversely, a decreasing trend in damping
results in increased variance at low frequencies (white noise range). The observed SST
Power Spectral Density (PSD) shows each of these changes, suggesting that both are
contributing to changing SST memory timescale.

Recent findings reveal that, counter-intuitively, an increase in MLD is occurring
concurrently with a strengthening of upper ocean stratification (Sallée et al., 2021).
This deepening trend in the summertime is statistically significant, with a magnitude
of 5-10 m per decade (Fig. 3a). During wintertime, the MLD and hence the heat
capacity within it, exhibits an even more pronounced trend in the Southern Hemi-
sphere (Fig. 3b). Assuming SST is representative of the mixed layer’s temperature,
this increased heat capacity implies a slower SST decay rate and hence reduced power
at high frequency ranges, in accord with shifts in SST PSD reported here across all
major ocean basins (Fig. 2).

Another contributing factor to the increased SST memory timescale is a decreasing
damping coefficient, which, according to the AR(1) model, amplifies power at low
frequencies. While our analysis is limited to timescales shorter than 365 days and
does not fully resolve the white noise signal region, PSD consistently exhibits a trend
towards increased variance at lower frequencies, except in the South Pacific (Fig.
2). This suggests that the damping coefficient has decreased in recent years and so
contributed to the prolongation of SST memory timescale.

The damping coefficient can be decomposed into two distinct components, one
associated with the atmosphere, the other the ocean. The atmospheric damping coef-

ficient (A,) can be derived through differentiation of the bulk formulae with respect
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Fig. 4 a, b. Mean atmospheric (A\q) and mean oceanic (\,) damping coefficient over the last 40
years. The atmospheric damping coefficient is decomposed into three contributions: c. long-wave
radiation (A,.qq), d. sensible heat flux (\,3), and e. latent heat flux (M\;3). The unit is W m—2 K~1.

to SST (Klinger and Haine, 2019), revealing contributions from longwave, latent and
sensible fluxes (see Methods). Using atmospheric ERA5 reanalysis data, and consis-
tent with previous studies that employed lagged covariance methods between surface
heat flux anomalies and SST anomalies (Frankignoul and Kestenare, 2002; Hausmann
et al., 2016; Patrizio and Thompson, 2022), we find A\, of roughly 30 W m~=2 K—!
in the middle latitudes (Fig. 4a), with the latent heat flux as the largest contribu-
tor (Fig. 4e). This effect is particularly pronounced in subtropical gyre regions where
evaporation exceeds precipitation. Meanwhile, in areas poleward of 30°, the influence

of sensible heat flux tends to exceed that of both latent and longwave fluxes (Fig. 4d).
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The atmospheric damping coefficient has a positive trend in many global ocean
regions over the past 40 years (Fig. 3c). This is most prominent in the tropical Pacific,
Indian Ocean, and extratropical Atlantic. This would lead to a shortening of the SST
memory timescale due to the air-sea heat flux, in contrast to the observed prolongation
of SST memory. While a few regions do show a negative atmospheric damping trend,
this is relatively modest at roughly 0.5 W m~2 decade™!, equivalent to an increase of
2 W m~? in heat loss for a 1°C increase in SST over the past 40 years. Therefore, it
is unlikely that surface heat fluxes can account for increased SST memory.

The oceanic damping coefficient (),) plays a crucial role in modulating SST anoma-
lies, exhibiting values which are larger than those of the atmosphere in specific regions
(Patrizio and Thompson, 2022). It encapsulates many processes such as lateral mix-
ing, vertical entrainment, and advection by ocean currents (Hausmann et al., 2016;
Patrizio and Thompson, 2022). While it can be estimated using lagged covariance,
analogously to the atmospheric damping coefficient (Patrizio and Thompson, 2022),
here we compute it as a residual by subtracting the atmospheric damping coefficient
from the total estimated from satellite SST and climatological MLD (see Methods).
The resulting oceanic damping coefficients exceeds that of the atmosphere, and reveals
elevated values in the Southern Ocean and the northern North Atlantic (Fig. 4b),
consistent with previous studies (Patrizio and Thompson, 2022).

The trend in the ocean damping coefficient is found to be predominantly negative
across almost all global oceans (Fig. 3d). This is consistent with an increased variance
of SST anomalies in the low-frequency range (Fig. 2), as the solution of an AR(1)-
model suggests (See Methods). This reduction in the oceanic damping coefficient is
congruent with the strengthened upper ocean stratification trend, as measured by the
buoyancy frequency at the pycnocline, observed across the global ocean (Sallée et al.,
2021). With an intensification of upper ocean stratification, the exchange between the

mixed layer and pycnocline requires more energy, resulting in an anticipated longer

10



time for temperature anomalies in the mixed layer to decay. Consequently, the observed
trends in the upper ocean, including the deepening of the mixed layer and the enhanced
pycnocline stratification, are the major contributors to reducing SST anomaly decay

rates, extending the memory timescales.

Discussion

The ocean plays a pivotal role in Earth’s energy balance, storing over 90% of the
excess heat in the Earth’s system (Rhein et al., 2013; Trenberth et al., 2014; Von
Schuckmann et al., 2023). This underscores the critical role of processes involved in
absorbing excess heat from the atmosphere and transporting it into the deeper ocean.
Over the past four decades, the observed lengthening of SST memory timescale, or
the deceleration in the rate at which SST anomalies decay, suggests that the ocean
has become less effective at absorbing excess heat from the atmosphere. The reduction
in the ocean’s damping coefficient reflects a decreased efficiency in heat transport
from the mixed layer into the underlying ocean. This change can be attributed to the
observed strengthening of upper ocean stratification (Sallée et al., 2021).

If stronger upper ocean stratification accelerates as the ocean warms (Kwiatkowski
et al., 2020), we might expect to observe further decreases in the oceanic damping
coeflicient and hence a decrease in the efficiency of heat transfer into the deeper ocean.
This, in turn, will pose an increased threat to marine organisms due to prolonged
exposure to extreme near surface temperatures. Conversely, the potential future sce-
nario of a shallower mixed layer, while less certain (Kwiatkowski et al., 2020), may
amplify the variance of rapidly oscillating components of SST anomalies. This antici-
pated change could lead to a shorter SST memory timescale by allowing for increased
variance in the high-frequency range. These opposing expectations and conflicting

forecasts of SST persistence in prior studies (Li and Thompson, 2021; Shi et al., 2022)

11

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

212

213

214

215

216



217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

242

underscore the dependence of future SST memory timescale projections on the spe-
cific timescales considered. This study reveals how the surface ocean has evolved into
a state which sustains anomalies for longer periods. This highlights the need for a
comprehensive examination of SST memory timescales, encompassing daily, monthly,
and annual scales, to ensure accurate predictions of the ocean’s heat storage under a

warming climate.

Methods

Data sources

This study makes use of four variables: sea surface temperature (SST), 2 m air tem-
perature, 10 m wind and mixed layer depth (MLD). SST data is obtained from the
Daily Optimum Interpolation Sea Surface Temperature version 2.0 and 2.1 (DOISST
v2.0, v2.1) dataset (Reynolds et al., 2007; Banzon et al., 2016; Huang et al., 2021)
provided by the National Centers for Environmental Information (NCEI). SST anoma-
lies are then computed by subtracting both the seasonal cycle and the 40-year linear
trend from the SST. The 2 m atmospheric temperature and 10 m wind, essential for
calculating the heat flux feedback rate (detailed in the Methods section ‘Changes in
heat flux feedback rate’), are from the European Centre for Medium-Range Weather
Forecasts (ECMWF) Reanalysis V5 (ERASB) dataset (Hersbach et al., 2020). Monthly
mean MLD and the linear trend are obtained from Sallée et al. (2021). This dataset
compiles over three million profiles from ship-based CTD data, Argo floats, and sen-
sors attached to marine mammals, providing a 0.5-degree resolution MLD determined
based on the density criteria. These variables are projected on a 1 degree regular grid
with a daily timescale.

The study period spans 40 years from 1982 to 2021, encompassing the period
of overlap between DOISST and ERAS5. Although DOISST provides SST data from

September 1981, we exclude this year due to incomplete coverage of a full calendar

12



year. For the same reason, the year 2023 is not considered in the analysis. Exclusion of
the year 2022 in our analysis stems from its relatively low variability (a red solid line
in Fig. E1) and a sudden spike in the SST memory timescale (Fig. E2). Importantly
including the year 2022 does not alter our conclusions (Fig. E5-E8) as the trend.
The trend of the SST memory timescale is estimated by the Theil-Sen estimator
(Sen, 1968; Theil, 1992) (95% interval of the sampled slope), an unbiased metric that
is a much less sensitive to outliers. Then the Mann-Kendall rank test (95% interval of
the significance level) is employed to determine the significance of the trend (Mann,

1945; Kendall, 1948; Gilbert, 1987; Hussain and Mahmud, 2019).

Estimation of Surface thermal memory timescale

AR(1) model

Nonseasonal SST variabilities are often examined using a simplified model where SST
anomalies evolve due to stochastic atmospheric forcing and damping mechanisms asso-
ciated with SST anomalies (e.g. Hasselmann, 1976; Frankignoul and Hasselmann, 1977;
Marshall and Plumb, 2008). Assuming a uniform mixed layer depth, this model can

be written as

T’
COE = F - AT/7 (1)

where Cy = pc, H is the heat capacity of the mixed layer, with p representing ocean
density, ¢, as the specific heat, and H as the mixed layer depth. In (1), F' and A respec-
tively represent the stochastic forcing and damping rate of SST anomalies. The terms
in the right-hand side can encompass not only atmospheric but also oceanic dynamic
processes, such as temperature advection by both wind-driven gyre and Ekman current

(Patrizio and Thompson, 2022).
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The iterative solution to (1) is given by

A t A F(t)
T'(t) =T'(t — 6t) exp (—(5t> —|—/ exp < t—t )dt'. 2
1) =1t - atyesp (- o)+ [ e (G -0) T ©)
The first and second terms in the right-hand side represent the exponential decay of
the SST anomaly and the accumulated effects of stochastic forcing on the SST anomaly
during ¢t — 0t and ¢, respectively. The decay rate of SST anomaly can be characterized

by a memory timescale (7 = Cy/\) This is essentially identical to the AR(1) model

T’r/L = ¢T7/171 + €n, (3)

where the subscripts denote the time step, ¢ is the lag-1 autocorrelation coefficient, and
€, is the white noise forcing (Box et al., 1994; Bhattacharya and Burman, 2016). Thus,
the memory timescale 7 can be obtained from the lag-1 autocorrelation coefficient ¢

by relating the first terms of (3) and (2) and using a daily time interval (¢ = 1 day)

T=—=—-——. (4)

The lag-1 autocorrelation coefficient ¢ is calculated using year-long SST anomalies for
each year from 1982 to 2021.
Arctangent regressive model

While the AR(1) model effectively captures the processes controlling SST anomalies,
the e-folding timescale is determined solely by the lag-1 correlation coefficient. Typ-

ically, this timescale is marked by the point where the autocorrelation falls below

14



1/e. An alternative approach involves the direct estimation of the surface thermal
memory timescale from the autocorrelation of year-long SST anomalies. Given the
discrete nature of the autocorrelation coefficient of daily SST anomalies, we first fit

the autocorrelation using the following arctangent function:

QS:l—%. (5)

Here, ¢ is the autocorrelation coefficient, n is the lag value and « is the parameter that
needs to be determined to minimize the root-mean-squared error of this arctangent
function with respect to the autocorrelation. Then the memory timescale is found by
identifying the point at which the autocorrelation coefficient becomes the 1/e. With

the memory timescale 7,

1 1 tan~!(ar)
e 2
. tan(2 — 2/e). (©)

In the estimation of 7, one can vary the number of lag values (n) to fit the autocor-
relation using (5). The 40-year mean 7 and its trend, estimated by fitting (5) to the
lag-1 autocorrelation, show similar results with those obtained from the AR(1) model
(Fig. la-b, E3a and E4a). A higher value of n tends to increase the 40-year mean
7, notably in the eastern North Pacific, North Atlantic, and western South Pacific,
although the spatial patterns remain comparable with the memory timescale of the
SST anomalies estimated using the AR(1) model (Fig. E3b-e). Moreover, the trends

in memory timescale estimated using (5) show a consistent tendency of elongated
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memory timescale globally, regardless n (Fig. E4b-e). These results suggest that the

extended SST memory timescale is a robust signal.

Spectral analysis of SST anomalies

The spectral density of SST anomalies can be useful in diagnosing the changes in
the observed SST memory timescale. As shown in Marshall and Plumb (2008), the

solution for the SST anomalies in (1) takes the form of

T' = Re(T",, exp (iwt)), (7)

where 7", is the amplitude of the SST anomalies at frequency w, and Re(:) denotes
the real part. Substituting (7) into (1) and taking the product with its conjugate yields

the amplitude of SST anomalies as

~ 2
)~ (&) ==

where F, is the amplitude of the stochastic heat exchange between atmosphere and
ocean at w and w. = A\/Cy = (1)~ L.

The spectral density of SST anomalies shows two distinct characteristics of TU’J,
exhibiting both ‘red’ and ‘white’ noise features, depending on w relative to w,.. At
high frequencies (w > w,), the amplitude TJJ can be approximated by F, / (Cow). This
approximation implies a decline in SST anomaly variability with frequency, yielding a
‘red noise’ power spectrum. In this regime, changes in Cy can shift the power density

spectrum of SST anomalies upward or downward with no significant changes in .

Specifically, an increase of Cjy can lower the TU’J, indicating that the deepening of the

16



mixed layer and the subsequent increase in its heat content can reduce the variability
of the SST anomalies at the frequency greater than w,, aligning with observational
findings (Fig. 2 and 3ab).

At low frequencies (w < w,.), the amplitude T ” can be approximated by TF, /Co
(or E, /), leading to a frequency-independent ‘white’ noise response. In this range, the
negative feedback, represented by the damping rate A, plays a critical role in subsiding
the SST anomalies. A decrease in A, with minimal changes in Fw can elevate Tu’,,
consistent with the observed tendency (Fig. 2), indicating that a less effective negative
feedback can prolong SST anomalies. Additionally, it can shift the critical frequency,
we, to lower frequencies, expanding the ‘red’ noise region. Hence, the examination of
the power spectral density of the SST anomalies offers a credible explanation for the

increasing trend observed in the SST memory timescale.

Estimation of damping coefficient

The damping coefficient A in (1), can be partitioned into two components: the rate
of damping through surface heat flux (A\,) and through oceanic processes (\,). A, is
further decomposed into three contributions: A.qq, Asp and A, associated with long-
wave radiation (Qp), sensible heat flux (Qg), and latent heat flux (Q1), respectively

(Klinger and Haine, 2019).

>\a = )\rad + )\sh + )\lh

_(0Qp  0Qm  0Qr
S\ aT oT oT

: 9)

T=Tx

where T4 is the atmospheric temperature at 2 m obtained from ERAS5.
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The terms in (9) are estimated by linearizing the bulk formulas (Roll, 1965; Large

and Yeager, 2004) as follows (Hausmann et al., 2017; Yang et al., 2018; Yuan et al.,

2022):

6QB 3
= 40T
or ~ 0t
0Qn
T = pacpCrU,
0Qr q192
or MU

exp(q—Q).

T

The names, units and values of the variables and parameters in (10)-(12) are adapted

from Large and Yeager (2004) and listed in Table 1.

symbol name units value
o Stefan-Boltzmann coefficient Wm—2 K4 5.67 x 1078
Pa surface air density kg m—3 1.22
cp specific heat of the air J kg1 K1 1000.5
Ay latent heat of vaporization J kg™t 2.5 x 108
U 10 m wind speed ms~! ERA5
T 2 m atmospheric temperature K ERA5
Crh transfer coefficient for sensible heat =~ Dimensionless F ()
Cg transfer coefficient for evaporation = Dimensionless g(U)
q - kg m—3 0.98 x 640380
g2 - K —5107.4

Table 1 Names, units, and values of the variables and parameters appeared in

(10)-(12).

Aq is estimated daily, and its trend is computed from 1982 to 2021. Subsequently,

the residual of A\ and A,:

Ao, the damping coeflicient associated with oceanic processes is simply computed as

(13)
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Fig. E1 a-e. PSD of annual SST anomalies for five regions, denoted by white boxes in Fig. 1la, during
two different time periods: 1982-1984 (greys) and 2019-2021 (blues). The PSD of SST anomalies for
the year of 2022 is shown as a red solid line.
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Fig. E2 Annual variation of the thermal memory across five regions from 1982 to 2022. Shading
represents one standard deviation.

21



60°E 180° 60°W

0 10 20 30 40 50
days

Fig. E3 a-e. The mean memory timescales (T7) of SST anomalies over a 40-year period (1982-2021).
Optimal coefficients for the arctangent function are determined using 2, 5, 10, 20, and 30 consecutive
autocorrelation coeflicients of SST anomalies, spanning from the 0-lag to the lag (n — 1).
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Fig. E4 a-e. The linear trend of the memory timescale, which is calculated using the arctangent
model depicted in Extended Data Fig. E3a-e. from 1982 to 2021, respectively. The dotted and dashed
areas represent the regions where 7 in 2021 has increased by 50-100% and over 100% compared to
1982, respectively.
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Fig. E5 The year of 2022 is considered. a. The mean memory timescale of the SST anomalies
(T) estimated from the observation. b. The linear trend from 1982 to 2022. The white boxes indicate
the regions of interest where the energy spectra of the SST anomalies were calculated. The dotted
and dashed areas in b represent the regions where 7 in 2022 has increased by 50-100% and over
100% compared to 1982, respectively. Note that nearly every region globally exhibits a statistically
significant increasing trend. c. Linear trend in marine heatwave duration from 1982 to 2022. The
dashed areas in ¢ represent the regions in which trends in marine heatwaves duration are statistically

significant at the 95% confidence level.
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Fig. E6 The year of 2022 is considered. PSD of the SST anomalies for five regions indicated
by white boxes in Extended Data Fig. E5. The averaged PSD for the first and last five years of the
analysed period is shown by black and red lines, respectively, with shading representing one standard
deviation.
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Fig. E7 The year of 2022 is considered. a-b. The linear trend of the summertime and wintertime
mixed layer depth spanning from 1970 to 2018 (Sallée et al., 2021). c. The linear trend in total surface
Aa, and in A\, associated with the oceanic processes from 1982 to 2022. Dotted regions in both ¢ and
d have statistically significant trends at a 95% confidence level.
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Fig. E8 The year of 2022 is considered. a-b. Mean atmospheric damping coefficient (\g)
and mean damping coefficient (Ao) attributed to oceanic interior processes over the last 41 years.
The atmospheric damping coefficient is decomposed into three contributions: c. long-wave radiation
(Arad), d. sensible heat flux (Agp), and e. latent heat flux (\;p).
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