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Abrupt trend change in global mean sea
level and its components in the
early 2010s
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Abrupt changes at decadal time scale are recurrent events in the modern climate system. Using
multiple trend-change detection methods, here we report such an abrupt trend change in the early
2010s in the altimetry-based global mean sea level record, as well as in its thermal and mass
components. Abrupt trend change in the mass component is mostly due to terrestrial water storage
and to a lesser extent to ice sheet melting. The linear rate of rise of the global mean sea level increases
abruptly from 2.9 ± 0.22mm yr−1 over 1993–2011 to 4.1 ± 0.25mm yr−1 over 2012–2024. Abrupt trend
changes in numerous climate parameters have also been reported in the early 2010s, suggesting a
more global phenomenon. Internal climate variability is likely the main driver of the early 2010s sharp
change observed in sea level and components, although one cannot totally exclude any additional
contribution from increased radiative forcing.

As an essential climate variable, sea level rise is amost significant response to
climate change, whose globalmean rate has been increasing throughout the
21st Century1. A recent global study dedicated to interannual variations of
sea level at a set of 1100+ virtual coastal stations derived from reprocessed
satellite altimetry data and that are well distributed along the world coast-
lines revealed an abrupt step change in many coastal regions during the
2008–2012 time span2. Further investigation based on gridded altimetry
data showed that this step change is not limited to the coast but is also
observed offshore in the open ocean sea level, thus having a large-scale
signature2. It corresponds to a steep increase in sea level beyond 2010–2011.
Recent regional studies also found evidence of an abrupt change in sea level
trendaround the samedate, e.g., along the coasts of southeastUSandGulf of
Mexico3–6, as well as in the South China Sea7.

Such trend changes reported in coastal and regional sea level studies
raise the question of a more global phenomenon. In fact, several recent
articles (presented in detail in the “Discussion” section) have reported
change in trends (also called regime shifts by the authors) between 2008 and
2012 in a broad variety of climate parameters, either at global or regional
scale (e.g., atmospheric circulation, precipitation, terrestrial water storage,
ocean heat content, sea surface temperature, etc.). Possible drivers (i.e.,
internal climate variability, change in radiative forcing or a combination of
both) have been proposed to explain such abrupt changes in trends.

The objective of the present study is to analyze simultaneously the
globalmean sea level (GMSL) record from satellite altimetry (since the early
1990s) and its components (ocean thermal expansion, ocean mass change
and individual mass components such as terrestrial water storage and land
ice), in order to checkwhether the corresponding time series also display an
abrupt trend change in the early 2010s. Two different change-point detec-
tion methods are applied to the GMSL and components time series to
precisely determine the timing of the abrupt trend change. Our results show
that the GMSL evolution over the altimetry era is better explained by two
linear trends with a change point in early 2010s, rather than by a steady
acceleration over the past 30 years, as considered in several recent published
articles. The “Discussion” section addresses the issue of a regime shift that
occurred quasi globally in the climate system in early 2010s and of potential
drivers of this event.

Depending on the data availability, different periods are considered:
1993-present (satellite altimetry era), 2002-present (GRACE/GRACE
Follow-On space gravimetry era) and 2005-present (Argo era).

Results
Our study shows that the GMSL rise derived from satellite altimetry over
1993-present, displays a clear change in trendbetween2010and2012,with a
larger trend beyond that date (the rate of rise is estimated to
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2.9 ± 0.22mm yr−1 and 4.1 ± 0.25mm yr−1 over the two periods 1993–2011
and 2012–2024). To precisely locate in time the occurrence of the change in
trend, we use two different methods dedicated to detect transitions or dis-
continuities, hence estimate the probability of a trend change in time series
over a given short time span: (1) the Bayesian Estimator of Abrupt Change,
Seasonal and Trend (BEAST)8, and (2) the DiscoTimeS, a method devel-
oped to detect seasonal signals, discontinuities, and trend changes in geo-
physical time series with varying noise characteristics9 (https://github.com/
oelsmann/discotimes). Like BEAST, DiscoTimeS is a fully Bayesian
approach that decomposes the signal into piecewise linear trend segments
separated by change points, where both the number and locations of change
points are treated as unknown variables. While the two models are con-
ceptually similar, they differ in several key aspects, as described in the
“Method” section. Their structural differences justify the used of these two
methods to enhance confidence in the results. As shown below, the two
methods give similar results.

Two configurations are considered for each case: (1) no detrending of
the time series, (2) long-term linear trend removed.

Figure 1a-d show the results for theGMSL time series using the BEAST
method, with and without the long-term trend. In the first case (no
detrending of the time series, Fig. 1a, b), a change in trend is detected, with
95% probability of occurrence betweenmid-2011 and end 2012. Looking at
the detrended GMSL time series (Fig. 1c, d), years 2011–2012 clearly
separates two distinct quasi-linear trends, with a steeper GMSL rise
afterward.

Like for BEAST, the DiscoTimeS method is applied to both original
anddetrendedGMSL time series (Figs. 2 and3). For the original and linearly
detrendedGMSL time series,DiscoTimeSdetects changepoints at about the
end of 2010, overall aligning with the change points detected by BEAST for
the late 2011-early 2012 period. DiscoTimeS identifies the change in GMSL
trend about 1-year earlier than the BEAST method, but the results remain
coherent.

An important question is whether the two linear trend (piecewise)
model is a better choice to describe the GMSL time series compared to the
model with a single linear trend, or to a model with a trend and an accel-
eration term (quadratic function). In effect, in a number of studies, the
recent evolution of the altimetry-based GMSL is interpreted in terms of an
acceleration over the altimetry era, estimated via a quadratic function10–13.
Such an acceleration was reported over time spans longer than for the

altimetry record in reconstructed past sea level time series14. However, as
shown here, over the altimetry era, the GMSL record may alternately be
interpreted as two successive linear trends separated by a shift around
2010–2012, followed by an increased rate of rise.

To test the significance of the GMSL trend change around 2010–2012
as suggested by both BEAST and DiscoTimeS Bayesian trend change esti-
mators, we statistically compare three GMSLmodels: (1) a single long-term
linear trend, (2) a quadratic function representing an acceleration, and (3)
two successive linear trends with an abrupt trend change at 31 December
2011. These three models are illustrated in Fig. 3.

For each model, we use the Akaike Information Criterion (AIC)15, a
measure of model complexity (number of parameters) and model-
likelihood. The AIC is amodel selectionmetric that balances goodness of
fit and model complexity, defined as: AIC = 2k -2ln(L), where k is the
number of parameters and L is the maximized likelihood of the model.
We also consider the Bayesian information criteria (BIC)16 expressed as
BIC =−2ln(L)+ kln (N), where N is the sample number of the time
series. Lower AIC and BIC indicate a better model. Results are presented
in Table 1. It is worth mentioning that all trend calculations presented
here account for the autocorrelation of the considered time series (the
procedure is explained in detail in the “Method” section). As shown in
Table 1, we find that across all criteria, the third model (based on pie-
cewise trends) is the best-performing one. It is associated with the lowest
AIC and BIC criteria, and the lowest root mean square error (RMSE) of
model residuals.

We next examine climate parameters related to sea level in order to
check whether an abrupt trend change is present in one or several para-
meters. Present-day GMSL rise has two main contributions1,17: ocean
thermal expansion (called thermosteric sea level) and ocean mass change
(also called barystatic sea level). Oceanmass variations result from ice sheets
and glacier ice mass variations, with a contribution from exchange of water
with continental river basins. Melting of land ice bodies leads to increase in
oceanmass. Concerning terrestrial waters, increase of total water storage on
land causes the ocean mass to decrease (and inversely) because of con-
servation of total water mass in the Earth system (considering the negligible
contribution of the atmospheric reservoir). We analyzed time series of
thermosteric and of oceanmass in order to detect possible changes in trend.
Because the BEAST and DiscoTimeS methods give similar results, only
results with BEAST are shown. These are presented in Figs. 4 and 5. As for

Fig. 1 | Detection of a change in trend in the
1993–2024 GMSL time series, using the
BEAST tool. aOriginal altimetry-based GMSL time
series. b Probability of trend change with a peak at
2012.08 (black cross) and a total probability of 95%
between 2011.45 and 2012.96. c Linearly detrended
GMSL. d Probability of trend change with a peak at
2012.08 (black cross) and a total probability of 99%
between 2011.40 and 2013.03. Orange lines repre-
sent linear trends.
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the altimetry-basedGMSL, a significant change in trend is observed around
early 2012.

From Figs. 1, 2, 4 and 5, we note that the GMSL and its thermosteric
and barystatic contributions show a clear change in trend around
2011–2012. This is also what we observe in total ocean heat content (OHC)
that also displays a shift in late 2011- early 2012 (Fig. 6).

We further consider individual mass components that contribute to
the ocean mass component. Figure 7 shows the terrestrial water storage
(TWS) contribution based on GRACE/GRACE Follow-On observations
since 2002, and expressed in terms ofwater height on land (hence a decrease
in TWS corresponds to an increase of the GMSL). Note that the TWS time
series used here includes the glaciers (but not the Greenland and Antarctic
ice sheets). As for the GMSL and barystatic component, a change in trend is
detected late 2011.

The land ice contributions (ice sheets and glaciers) are also analyzed.
Although the ice mass balance time series are available since 1993, time
series start in 2005 as for the thermosteric sea level. Corresponding trend

changes, based on the BEAST method, are shown in Supplementary
Figs. S1 and S2. For both glaciers and ice sheets, there no clearly defined
trend change, althoughBEASTdetects some change in late 2011 for the total
ice sheet cumulative mass balance and around 2015 for the glaciers. This
would suggest that the late 2011-early 2012 shift detected in the TWS is
mostly due to the liquid water bodies (surface waters, soil moisture and
ground waters) rather than to the glaciers, and that the shift in the GMSL is
dominatedbyboth the thermosteric and (liquid)TWS, and to a lesser extent
to ice sheet melting.

In SupplementaryTable S1 are gathered trend change dates detected in
the GMSL and components time series by the two methods. Median dates
and associated confidence intervals (95–100% probability) are reported.
This summary illustrates the temporal coherence of the computed regime
shifts across components of the sea level budget and methods.

Table 2 summarizes trends and associated standard errors (allowing
for auto correlation of the time series) of the GMSL, thermosteric and
barystatic time series. before and after 31 December 2011.

Fig. 2 | Estimated changepoint and trend change of the 1993–2024 GMSL time
series based on DiscoTimes. a original GMSL time series. b shows the posterior
distribution of the timing of the estimated change points with a mean value on 22th

of September, 2010 and 18th of August, 1995. c, d are the same as (a, b) but for the
linearly detrended GMSL. In (d), the timing of the changepoint is estimated at 28th
of September, 2010. Orange lines represent linear trends.
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We further examine the GMSL budget over the common time span
(2005–2020) of the three terms of the sea level budget, in order to check
whether the piecewise model also fits better the sum of the thermosteric
and barystatic components. Supplementary Fig. S3 shows the GMSL
budget over 2005–2020. We applied BEAST to the sum of component
time series (Fig. 8). A significant trend change is found in early 2012, in
agreement with the GMSL case. As for the GMSL, we also compared the
sum of components time series to a quadratic function and
piecewise model. Corresponding residuals are 2.72 mm and 2.48 mm for
the acceleration and piecewise models, respectively. Although the dif-
ference is small, the piecewise model is still preferred for the sum of
components.

Discussion
While the GMSL evolution is currently interpreted as a steady accel-
eration over the altimetry era, here we suggest that it can be also robustly
explained by two linear trendswith a change point in the early 2010s. This
is also observed in the GMSL components. Such an abrupt trend change
may reflect a regime shift, i.e., a rapid transition from a given state to
another18,19. If the former state corresponds to a period of about 10–15

years (as in the present study), the transition to the other state is expected
to occur over ~1–2 years18,19.

The recent literature presents several pieces of evidence of abrupt trend
changes (or regime shift) in climate in the early 2010s, both at global and
regional scales.

Several articles report abrupt trend changes in the water cycle. For
example, a trend change in the global mean TWS is found around early
201220, in agreement with our results. A trend change is also seen in
precipitation data that is partly attributed to a change in trend of the
Pacific Decadal Oscillation (PDO) index (defined as the leading mode of
the Empirical Orthogonal Function decomposition of the Pacific sea
surface temperature/SST, north of 20°N). Regional changes around
2011–2012 in other parameters of the water cycle have also been reported
worldwide, e.g., in precipitation and TWS in central Mongolia21, in
extreme floods in the Delaware river basin22, and in summer monsoon in
North India23.

Other studies have shown that the summer atmospheric circulation in
the Northern hemisphere has undergone a significant shift in the recent
decades, particularly around 2011, coinciding with increased episodes of
blocking events overGreenland, leading to increased surface icemelt24. Such

Fig. 3 |Model-comparison diagnostics for themonthlyGMSL time series.The left
column shows the GMSL time series (blue) with (from top to bottom) three different
deterministic models (orange): a offset+ linear trend, c offset+ linear+ quadratic
acceleration, and e offset+ piecewise linear trendwith a breakpoint on 31December
2011. The right column shows the same observations/models but with the linear

trend removed. b offset+ linear trend, d offset+ linear+ quadratic acceleration,
and f offset+ piecewise linear trend with a breakpoint on 31 December 2011 The
shaded areas on the left and right columns correspond to the GMSL data
uncertainty62.
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a regime shift has been related to a dominant negative phase of the North
AtlanticOscillation (NAO). An abrupt increase inGreenlandmelt has been
reported for 2012, especially in south-western part of the ice sheet25, con-
firming results of a previous study26.

Abrupt trend changes have also been observed in some ocean para-
meters. Using in synergy ocean model simulations and observations, a
change in trend of the AMOC (Atlantic Meridional Overturning Circula-
tion) was detected in the early 2010s27, and interpreted as a pause in the
AMOC weakening, driven by NAO- related enhanced natural variability.
An abrupt regime shift in the North Pacific SST was found around 201328,
with an increasedSSTratebeyond thatdate.The authors correlate theNorth
Pacific regime shift in SST to a change in the atmospheric circulation,
coinciding with an intensification of a positive winter Arctic Oscillation
(AO). This North Pacific SST increase around 2013 echoes the recent
finding29 that reports an accelerated global SST warming since 1985, but
with a clear change in trend beyond 2010 (see their Fig. 2a). Another study30

based on ocean temperature data, shows that after a decade of warming, the
SouthernOceans have cooled in certain regions after 2012.According to the
authors, this shift is driven by changes in the SouthernAnnualMode (SAM)
and Interdecadal Pacific Oscillation (IPO). Finally, observed shifts in the
early 2010s are not limited to physical parameters. For example, a pro-
liferation of pelagic Sargassum is observed in the tropical Atlantic since
2011, attributed to aNAO-drivenoceanmass transport anomaly and strong
vertical mixing in this region31.

As summarized by the above discussion, the observed regime shift
observed a number of climate parameters in the early 2010s seem clearly
linked to internal climate variability within the coupled atmosphere-ocean
system, i.e., changes in the PDO, NAO, AO, SAM, or IPO depending on
regions and parameters.

Our study confirms the dominant influence of the PDOon the decadal
fluctuations of the Pacific sea level, at least until 2018. This is illustrated in
Fig. 9 that shows the linearly detrended Pacific sea level time series over
1993–2024,with thePDOsuperimposed.Overmost of the altimetry era, the
decadal variations of the Pacific sea level are well correlated to the PDO
index (correlation of 0.7 between 1993–2018), with changes in trend of the
Pacific sea level coincidingwith changes in trend of the PDO.Note however
that beyond 2018, the correlation breaks down, suggesting that another
process is taking over the PDO.Whether still driven by the internal climate
variability or due to external forcing factors is an open question.

It is worthmentioning that some studies have reported a change in the
global radiative forcing over the recent years32–35. While two of these
studies32,33 consider the past two decades together, using CERES (Clouds
and the Earth’s Radiant Energy System) observations of the net energy flux
at the top of the atmosphere, a study34 showed that anthropogenic radiative
forcing increased around 2010, from 0.4Wm−2 over 2000–2009 to
0.6Wm−2 over 2010–2019. Note that the ocean heat uptake time series35

also presents a steep increase around 2011 (Fig. 7 of ref. 35), in agreement
with our results. The globalmean surface temperature rise has doubled over
the two successive decades (2000–2009 and 2010–2019)34, from 0.18 °C per
decade to 0.35 °C per decade. The first decade corresponds to the so-called
‘Pause in global warming’ (also called “Hiatus”), largely documented in the
literature36–38, and mostly attributed to internal climate variability related to
a decreasing trend of the PDO and a succession of La Nina events (cold
phase of ENSO). Observations and model studies have suggested that this
particular configuration caused wind-driven cooling of the eastern Pacific
surface waters with large impacts on the global climate, including heat
uptake by the deep ocean and reduced surface warming39–44.

While the end of the pause in globalwarming could still be also internal
variability, it is worth noting that it coincides with an increase in effective
radiative forcing related to a significant reduction of aerosols emissions34.
Aerosols inventories indeed reveal significant reduction of aerosols emis-
sions in many regions of the world during the past two decades45,46, espe-
cially in China, where a reduced aerosol emission trend has been observed
after 2010. Ground-based measurements also show decline of atmospheric
nitrogen deposition over China since 201047. Similarly, a shift is observed inT
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inorganic aerosols formation andnitrogendeposition over theUnited States
in 201148. The increase in the Earth energy imbalance beyond 2010–2011
may not only result from reduced aerosols emissions29 but possibly also
from additional mechanisms related to cloud and sea ice feedbacks49.
Another study50 indeed shows a clear shift in trend in the anthropogenic
effective radiative forcing around 2012, of 0.9Wm−2 in terms of Earth
energy imbalance over the 2010–2022 time span, corresponding to an
increased warming rate of ~0.2 °C per decade.

Ifwe goback in time (before the altimetry era), a number of past regime
shifts have been reported in the literature51. In particular, the notable 1976/
77 climate shift that has been the subject of numerous studies19,52–57. This
event exhibited basin-scale SST anomalies, a phase change in the PDO and
IPO, persistent modifications to theWalker circulation and tropical Pacific

zonal SST gradients. Thus, internal variability is clearly favored to explain
the 1976/77 climate shift.

From the above discussion, and recalling that the increased rate of
change in the GMSL and in some of its components as of the early 2010s
corresponds to the termination of the so-called ‘Pause in global warming’
that affected the 2000s decade, we would also favor internal climate varia-
bility related to a trend change of the PDO combined with a strongly
negative NAO to explain the shift observed across numerous climate
parameters at this epoch. However, we cannot exclude that an increase in
anthropogenic radiative forcing related to a reduction of aerosols emissions
has also played some role. Attribution studies using coupled climatemodels
are definitely needed to further investigate the exact causes of the early 2010s
abrupt change in climate.

Fig. 4 | Detection of a change in trend in the
ensemble mean (EM) thermosteric time series
over 2004–2020 using the BEAST tool. a Original
time series. bProbability of trend changewith a peak
at 2013.0 (black cross) and a total probability of 99%
between 2012.6 and 2013.3. c Linearly detrended
thermosteric sea level. d Probability of trend change
with a peak at 2013.0 (black cross) and a total
probability of 100% between 2012.6 and 2013.4.
Orange lines represent linear trends.

Fig. 5 | Detection of a change in trend in the ocean
mass (barystatic) time series over 1992–2023
using the BEAST tool. a Original barystatic sea
level. b Probability of trend change with a peak at
2012.17 (black cross) and a total probability of 100%
between 2012.0 and 2012.33. c Linearly detrended
barystatic sea level. d Probability of trend change
with a peak at 2012.17 (black cross) and a 100%
probability of change between 2012.0 and 2012.33.
Orange lines represent linear trends.
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Fig. 6 | Detection of a change in trend in the ocean
heat content (OHC) time series over 1993-2022
using the BEAST tool. aOriginal OHC time series.
b Probability of trend change with a peak at 2011.83
(black cross) and a total probability of 100%between
2010.47 and 2012.02. c Linearly detrended OHC.
d Probability of trend change with a peak at 2011.83
(black cross) and a total probability of 95% between
2010.65 and 2012.03. Orange lines represent linear
trends.

Fig. 7 | Detection of a change in trend in the ter-
restrial water storage (TWS) time series (expres-
sed in equivalent water height) over April
2002–2024 using the BEAST tool. a Original time
series. b Probability of trend change with a peak at
2011.83 (black cross) and a total probability of 99%
between 2011.41 and 2012.9. c Linearly detrended
time series. dProbability of trend change with a peak
at 2011.83 (black cross) and a total probability of
95% between 2011.28 and 2013.29. Orange lines
represent linear trends.

Table 2 | Linear trends and associated standard errors (accounting for the time series autocorrelation) for the GMSL and
components, before and after the trend change (assumed on 31 December 2011)

Component Trend + Standard error (mm yr−1) 1st period (pre 2012) Trend + Standard error (mm yr−1) 2nd period (post 2012)

GMSL (1993–2024) 2.9 ± 0.22 4.1 ± 0.25

GMSL (2005–2020) 2.3 ± 1.13 4.0 ± 0.42

Thermosteric (2005–2020) 0.65 ± 0.11 1.6 ± 0.10

Barystatic (1993–2020) 1.2 ± 0.05 1.9 ± 0.15

Barystatic (2005–2020) 1.6 ± 0.08 1.9 ± 0.19

Two cases are presented for the GMSL and barystatic component (entire record length and start in 2005).
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As a final note, we briefly discuss the relative shortness of the GMSL
time series used in this study, since it raises the question of the robustness of
our results. The early 2010s trend change observed in the GMSL is indeed
constrained by an observational window of only 30 years (the current
duration of the high precision altimetry era). We tested a longer time series
using an historical mean sea level reconstruction58. This reconstruction (of
annual resolution) is based on tide gauge records and incorporates prior
knowledge about physical processes from ancillary observations and geo-
physicalmodels.Herewe limit the reconstructed time series to1980-present
because prior 1980, the sparseness of the tide gauge network increases the
data uncertainty.We applied BEAST to this time series (see Supplementary
Fig. S4) and still find an abrupt trend change in the early 2010s. Because the
historical sea level reconstruction is essentially based on tide gauge data and
covers a 40-year long time span, it confirms the robustness of the abrupt
trend change reported in the satellite altimetry-based sea level record. But,
we are well aware that the early 2010s trend change event observed among
several climate parameters should be interpreted in a cautionary sense: a
robust, multi-component reorganization within the climate system, sup-
ported by empirical evidence, while acknowledging that its climatic per-
sistence and underlying mechanisms are still unknown. In addition, we do
not claim that the early 2010 event necessarily reflects anthropogenic cli-
mate change.Ourdiscussion rather favors internal climate variability. But as
mentioned above, one cannot however totally exclude any contribution

from increased radiative forcing. Definitely, deeper investigations are
required to elucidate this important question.

Methods
Data
Global mean sea level. For the GMSL, we use satellite altimetry data
based on the most recent DT2024 reprocessing of the TOPEX/Poseidon
and Jason missions59. This data set is available from the Copernicus
Climate Change Service (https://climate.copernicus.eu). It covers the
period January 1993 to December 2024. The seasonal signal is removed,
and a 6-month smoothing is applied. The Glacial Isostatic Adjustment
correction is applied (of−0.3 mm yr−1 in terms of global mean60). A wet
tropospheric correction is also applied to account for the radiometer drift
onboard the Jason-3 satellite61. The original 10-day time series data is
resampled at a monthly interval. Note that the DT2024 GMSL record is a
recently released version of the previous DT2021 sea level record avail-
able fromAVISO. Both data sets differ very little except during the first 6
years of the record where the TOPEX-A instrumental drift is corrected in
DT2021 and not in DT2024, because the reprocessing of the TOPEX/
Poseidon mission in the latter data set is supposed to account for this
instrumental drift correction59. However, whether a TOPEX-A drift
needs to be applied to the DT24 record or not remains unclear. Its impact
on the GMSL trend of the first years of the altimetry record is significant:
E.g., the GMSL trend estimated over January 1993 to December 2011
amounts to 2.65 mm yr−1 for DT2021 and 2.9 mm yr−1 for DT2024. For
the Pacific Ocean, we also used altimetry-based gridded sea level time
series from the Copernicus Climate Change Service (https://climate.
copernicus.eu), with the Jason-3 radiometer drift correction also
applied. For both DT2021 and DT2024 data sets, data uncertainties are
accounted for62.

Thermosteric sea level. We consider five ocean temperature data sets
from: (1) the Scripps Institution of Oceanography (SIO)63, (2) the
International Pacific Research Center (IPRC, https://apdrc.soest.hawaii.
edu/projects/Argo/), (3) JAMSTEC64, (4) EN4, version 2.265 and (5) ISAS
(In Situ Analysis system)66,67. These data sets are mostly based on Argo
monthly gridded temperature data at 1° × 1° resolution and different
depth levels until 2000 m. For all data sets, the gridded thermosteric sea
level is computed from the gridded data using the Lenapy library (https://
github.com/CNES/lenapy) from the Centre National d’Études Spatiales
(CNES), based on the Gibbs seawater oceanography toolbox of the 2010

Fig. 8 | Detection of a change in trend in the sum
of components (thermosteric plus barystatic) time
series over 2005−2020 using the BEAST tool.
a Original sum of components time series.
b Probability of trend change with a peak at 2012.25
(black cross) and a total probability of 100%between
2012.09 and 2012.82. c Linearly detrended time
series. d Probability of trend change with a peak at
2012.25 (black cross) and a total probability of 99%
between 2012.09 and 2012.85. Orange lines repre-
sent linear trends.

Fig. 9 | Linearly detrended Pacific sea level time series and Pacific Decadal
Oscillation (PDO) over 1993−2024. The sea level data are averaged over the whole
Pacific Ocean (blue curve). The Pacific Decadal Oscillation (red curve) is
superimposed.

https://doi.org/10.1038/s43247-025-03149-5 Article

Communications Earth & Environment |           (2026) 7:130 8

https://climate.copernicus.eu
https://www.aviso.altimetry.fr/en/data/products/ocean-indicators-products/mean-sea-level/data-acces.html
https://climate.copernicus.eu
https://climate.copernicus.eu
https://apdrc.soest.hawaii.edu/projects/Argo/
https://apdrc.soest.hawaii.edu/projects/Argo/
https://github.com/CNES/lenapy
https://github.com/CNES/lenapy
www.nature.com/commsenv


Thermodynamic Equation Of Seawater (TEOS-10). We further globally
average the five gridded thermosteric data sets to provide an ensemble
mean thermosteric time series for the 0–2000 m ocean depth layer. The
data uncertainties are based on the dispersion of the five time series
around their mean.

Ocean mass. We use the barystatic (i.e., the global mean ocean mass)
variable from the AVISO Ocean Heat Content-Earth Energy Imbalance
(OHC-EEI) extended dataset v568. This variable represents the global
mean ocean mass and associated uncertainty. It is based on a GRACE/
GRACE Follow-On ensemble of 120 solutions69 as of 2002, and it is
extended back in time with the ESA’s SLBC_CCI data set70 that estimated
the global mean ocean mass from individual mass contributions. The
time series covers the period January 1993 to May 2022.

Ocean heat content. We also use the OHC variable from the AVISO
OHC-EEI extended dataset v5 (Magellium/LEGOS71). It is computed
using the altimetry-based sea level corrected for the barystatic
component68, a measure of the full depth thermosteric sea level, from
which the OHC is derived. This OHC data set is supposed to sample the
full oceandepth from surface to bottom. It covers the period January 1993
to May 2022.

Ice sheet mass balance. We use the ice sheet cumulative mass balance
data from the IMBIE project72,73 (https://climate.copernicus.eu/climate-
indicators/ice-sheets). This dataset provides at monthly interval cumu-
lative mass change and associated uncertainty for the Antarctic and the
Greenland ice sheets and their sum between 1992 and 2020. The data are
reconciled estimates of mass balance from three independent satellite-
based techniques: altimetry, gravimetry and input-output method.

Global glacier mass balance. The glaciers dataset used here is the
Glacier Mass Change Gridded Data from 1976 to Present74, derived from
the Fluctuations of Glaciers (FoG) Database. The dataset consists of
global annual glacier mass changes (in Gt) distributed on a global regular
grid at 0.5° resolution based on the FoG database of the World Glacier
Monitoring Service. Gridded data from the hydrological year 1992–1993
to hydrological year 2021–2022 are averaged globally to obtain a global
mean glacier time series.

Terrestrial water storage. For TWS, we consider the GRACE/GRACE-
FO dataset from GFZ75,76. The Level 3 version used here is based on the
GFZ RL06 Level-2B product77. The total TWS time series is obtained by
averaging the 1° × 1° grids over all continental regions, excluding
Greenland andAntarctica. As a result, it includes the glacier contribution.
The time series covers the period April 2002 to December 2024.

Method
Several approaches have been developed for detecting transitions and dis-
continuities in climate records78–81. In this study, we apply twomethods: (1)
the Bayesian estimator of abrupt changes in trends in time series (BEAST)8,
(2) the DiscoTimeS method9. We further check the results using a linear
regression method. These three methods are briefly described below.

Bayesianestimator of abrupt change in trend. The Bayesian Estimator
of Abrupt change, Seasonal change and Trend (BEAST)8 detects changes
in trends by modeling the time series as an addition of seasonal, trend,
and noise components. This kind of tool combines Bayesian algorithms
that give a good balance between managing complexity and moderate
computational needs, with Markov Chain Monte Carlo (MCMC)-based
stochastic sampling techniques that improve the detection reliability and
robustness80. The method has been compared with other change point
detection tools and has been shown to have high detection accuracy82.
The code is in open access and available as a Python package (https://
github.com/zhaokg/Rbeast).

The same configuration is usedhere for all the time series. In thefigures
presented, theminimum separation time interval between two neighboring
trend changepoints (called trend segment8) is constrained to8years to avoid
changes point detection from 1 year to another. In addition to the 8-years
nominal case, different tests have been performed on the GMSL variable,
using 4, 6, 10, and 12 years for the trend segment, to check the influence of
this parameter (Supplementary Figs. S5–S8).

An additional test was performed using the DT2021 data set for the
GMSL instead of DT2024, with a 8-year trend segment (Supplementary
Fig. S9). Results are similar to the DT2024 case.

In all cases, an ensemble of 100MCMC is computed to obtain a robust
estimate of the change point (tests using 1000MCMCensemble give similar
results, suggesting rapid convergence and a clearly identifiable
change point).

The BEAST method is applied to both original and detrended time
series. In the latter case, a linear trend is computed by a least-squares fit and
removed from the time series. When a seasonal signal is present in the time
series, the BEAST tool is used to compute and further remove it.

DiscoTimeS: a method to detect change points in geophysical
time series. DiscoTimeS is a fully Bayesian method developed to detect
seasonal signals, discontinuities, and trend changes in geophysical time
series with varying noise characteristics9 (https://github.com/oelsmann/
discotimes). BEAST and DiscoTimeS differ in several key aspects: the
MCMC algorithms only used in BEAST, the formulation of hyperpara-
meters, and the specification of prior distributions. For example, Dis-
coTimeS uses discrete Bernoulli priors for the number of changepoints,
whereas BEAST assumes a uniform prior. Additionally, BEAST enforces
a minimum spacing between change points, a constraint not applied in
DiscoTimeS. For DiscoTimeS, we perform 4000 iterations using the No-
U-Turn (NUTS) sampler83. We run four different chains and select the
best performingmodel among themembers of this ensemble based on the
Pareto-smoothed importance sampling leave-one-out cross-validation
(PSIS-LOO) parameter84.

Linear regression accounting for autocorrelation. Although both
Bayesian trend change estimators described above indicate significant
shifts around the 2010–2012 period, the simplest method to test the
significance of a trend change is to compare two simple linear regression
models: one with a trend change and one without. The piecewise trend
change model for our observations y is:

y ¼ β0 þ β1x1 þ β2x2 þ ε ð1Þ

where:

x1 ¼ x � x0
� � � 1 x < x0f g; x2 ¼ x � x0

� � � 1 x ≥ x0f g ð2Þ

And where:
• x is a vector containing n time steps,
• β0 is the intercept,
• β1 is the slope before the breakpoint x0,
• β2 is the slope after the breakpoint,
• ε∼N(0, σ2) is the error term (assuming white noise) or ε = pεt -1 +kt,

kt∼N(0, σk
2) for afirst-order autoregressive (AR) process, the lag-1AR

coefficient p

Accounting for autocorrelation in the residuals is important because
correlation reduces the effective sample size and therefore increases the
uncertainties in the estimated parameters. It also has an effect on model
comparison statistics, such as AIC and BIC, which are influenced by the
number of parameters, and the magnitude of the residuals. The correlation
coefficients (for first- and second-order autoregressive (AR) processes) are
iteratively estimated from the residuals using the Yule-Walker method. The
AR(x) coefficients influence the parameter uncertainties via the covariance
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matrix of the residuals, which becomes a function of the AR(x) coefficients
and has non-zero off-diagonal entries. To estimate the best-performing
model, i.e., the model with the most likely changepoint timing, we fit the
model using ordinary least-squares, by iterating x0 over all possible time steps.
Thenwe compute the variance of the residuals, assuming that the bestmodel
is the one with the lowest residual variance. The results are illustrated
in Fig. 10.

Data availability
TheDT2024 gridded altimetry data set is available from theCopernicusweb
site (https://climate.copernicus.eu (https://doi.org/10.24381/cds.
4c328c78)). The DT2021 global mean sea level time series is available at
https://www.aviso.altimetry.fr/en/data/products/ocean-indicators-
products/mean-sea-level/data-acces.html. The Argo data are available from
the https://sio-argo.ucsd.edu and https://apdrc.soest.hawaii.edu/projects/
argo websites. The OHC data are available from Magellium/LEGOS at
https://doi.org/10.24400/527896/A01-2020.003. The glacier mass balance
data are available from Copernicus at https://doi.org/10.24381/CDS.
BA597449. The IMBIE ice sheet mass balance is available at https://doi.
org/10.5285/77B64C55-7166-4A06-9DEF-2E400398E452.
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