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Abstract
Knowledge on natural climate variability is essential for making informed projections about future
climate change. Yet, as highlighted by previous studies using paleoclimate reconstructions, climate
models (CMs) often underestimate surface temperature variability on multidecadal to millennial
timescales, both in the ocean and on land. Here, we enhance the long-term memory of sea sur-
face temperature (SST) in the Alfred Wegener Institute Earth System Model (ESM) by nudging
SSTs towards modified values based on estimates from marine paleoclimate archives. SSTs are
nudged, while other dynamics and thermodynamics evolve freely, meaning the atmosphere and
sea ice adjust to the altered SST variability. We find that enhanced long-term ocean memory leads
to increased atmospheric temperature variability, while maintaining realistic decadal to interan-
nual climate variability modes and mean climate state. It further brings model output into closer
agreement with ice core–derived temperature reconstructions from Greenland and East Antarctica.
These results support the hypothesis that ocean variability shapes long-term land temperature
fluctuations and underscores the need for improved representation of long-term ocean memory in
CMs and ESMs. Our framework enables exploration of long-term natural variability, likely under-
estimated by current ESMs, with applications from paleo-data assimilation to detection and attri-
bution and future climate-risk assessment.

1. Introduction

Knowledge of the characteristics of natural climate variability is crucial for assessing the range of plaus-
ible future climate trajectories in the next centuries. Previous studies suggest that climate models (CMs)
seem to fail to capture long-term regional variability recorded in paleoclimate temperature proxy data.
Marine paleoclimate reconstructions and instrumental data show larger amplitudes of regional sea sur-
face temperature (SST) variability on multi-decadal to millennial timescales (hereafter referred to as
‘supradecadal’) than CM and Earth system model (ESM) simulations, implying a stronger memory
(i.e. persistence of anomalies) in ocean surface temperatures on those timescales (Laepple and Huybers
2014a, 2014b, Cheung et al 2017, Dee et al 2017, Parsons et al 2017). Ocean variability is a driver of low-
frequency temperature variability over land, as shown in CM simulations (Dommenget 2009), as well as
by the spatial pattern of millennial-scale temperature variability reconstructed from proxy data (Hébert
et al 2022). In fact, it has been also found that land variability on supradecadal timescales is underestim-
ated by CMs and ESMs (Ellerhoff and Rehfeld 2021, Ellerhoff et al 2022, Hébert et al 2022, Laepple et al
2023).
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Various causes have been suggested for lower supradecadal variability in CMs and ESMs relative
to paleo-data. The models may lack natural forcing or underestimate the dynamical response to that
forcing due to limitations in the models (Shindell et al 2001). The absence of interactive compon-
ents such as ice sheets and dynamic vegetation (Bonan et al 2008, Bakker et al 2017, Braconnot et al
2019, Laguë et al 2019, Hopcroft and Valdes 2021) may also cause a lack of regional climate variabil-
ity. Furthermore, it has been suggested that weak or poorly represented ocean eddies (Jüling et al 2021),
and limitations in the representation and propagation of sub-grid-scale processes may artificially dampen
regional, supradecadal temperature variability in models.

The potential underestimation of slow climate variability and long-term memory in models has
important consequences for projections of future change, because memory in the climate system is
closely linked to predictability. Low-frequency variability can either reduce predictive skill by obscuring
forced signals (Hawkins and Sutton 2009) or increase predictive skill when persistence can be exploited
for prediction (Laepple et al 2008, Hurrell et al 2010). It affects prediction of future regional climate
trends, extreme event statistics, attribution studies and impact assessments (Calel et al 2020, Harrington
et al 2021, Schwarzwald and Lenssen 2022). For example, larger variability can increase the frequency of
extreme weather and climate events (Blanusa et al 2023, Laepple et al 2023). This is important to con-
sider in climate attribution assessments, which use climate or earth system model (ESM) simulations
of historical scenarios to understand the extent to which anthropogenic climate change has altered the
probability or magnitude of particular climate events. Additionally, climate variability has been identified
as an important driver of polar ice sheet mass balance (e.g. Jenkins et al 2018, Holland et al 2019, Wood
et al 2021), which constitutes a large uncertainty source of future sea-level predictions (Tsai et al 2017,
2020, Robel et al 2019, Caillet et al 2025). For example, internal climate variability can trigger ice sheet
retreat via processes like marine ice cliff instability, which is the result of the combination of hydrofrac-
turing due to surface melt and failure of vertical ice cliffs at the grounding line (Tsai et al 2020).

Here, we introduce and test a method for enhancing long-term internal variability in a fully-coupled
ESM according to paleo-observations by nudging the Alfred Wegener Institute (AWI) ESM towards SSTs
with enhanced long-term memory. We rescale SSTs of a 1500 year equilibrium simulation with fixed
pre-industrial (PI) boundary conditions of the model and rerun it with the modified SST fields nudged
at each timestep while other dynamics and thermodynamics evolve freely. This enables us to explore the
impact of enhanced long-term ocean memory on atmospheric variability. We compare the results to
ice-core-based reconstructions of surface air temperature variability over the polar ice sheets to test the
nudged model’s ability to reproduce realistic long-term climate variability.

2. Material andmethods

2.1. AWI-ESM simulation
The AWI-ESM is a comprehensive ESM that includes the (AWI-CM) which has been widely used for
past and future simulations and participated in the latest Coupled Model Intercomparison Project phase
(CMIP6) (Sidorenko et al 2015, 2019, Shi and Lohmann 2016, Rackow et al 2018, Semmler et al 2020).

The model version used in this study (AWI-ESM2) includes an updated version of the finite volume
sea ice—ocean model (FESOM2) which is described in Danilov et al (2017). The model employs an
unstructured grid which allows for a spatially varying horizontal resolution (up to 20 km and 120 km
in the high latitudes and low latitudes, respectively; vertical discretisation of 47 levels). It has been widely
used for past, present and future applications (e.g. Danabasoglu et al 2016, Sein et al 2016, Lohmann
et al 2020, Shi et al 2022a). The atmosphere component of AWI-ESM2 is the sixth generation of the
atmospheric general circulation model ECHAM, developed by the Max Planck Institute for Meteorology
in Hamburg, Germany (ECHAM6; T63L47 setup with horizontal resolution of ∼1.9◦ and 47◦ vertical
levels; Stevens et al 2013). It is comprised of a spectral dynamical core and includes a hydrological dis-
charge model for river runoff (Hagemann and Dümenil 1997) and a land surface model (Reick et al
2021) to account for dynamic vegetation.

For the PI equilibrium simulation, the ocean component was initialised with climatological temperat-
ure and salinity fields from the world ocean atlas (period 1950–2000, Levitus et al 2010). No flux correc-
tions or additional restoring were applied after initialisation.

We integrated the AWI-ESM2 (from now on AWI-ESM) for a total of 3000 years under fixed PI
boundary conditions following the protocols of PMIP4 (Otto-Bliesner et al 2017). To provide a well-
equilibrated baseline model state for our experiment, we use the final 1500 years, during which the
model exhibits near-stationary behaviour. Global mean SST trends remain within quasi-equilibrium
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Figure 1. Rescaling of a time series for an example grid cell. (A). For the rescaling, the smoothed spectrum (thick grey line) is
calculated from the original spectrum (thin black line) using a log smoother. The rescaled power spectral density (thin purple
line) is obtained by multiplying the original spectrum with the ratio between the smoothed original spectrum and the power-law
model with exponent of one (thick purple line). (B). Low-pass filtered (cut-off frequency= 1/20 yr−1) time series in the time
domain indicated as thick lines. Non-filtered time series are shown as thin lines.

(Shi et al 2022b), with a maximum trend not exceeding 0.05 K/century and an average trend of
0.007 K/century.

2.2. Spectral estimation and rescaling of SST
Our rescaling approach (hereafter also referred to as ‘spectral rescaling’) is informed by long-term sur-
face ocean variability, estimated from SST reconstructions for the Holocene time period from marine
paleo-data. Previous studies have quantified variability from those reconstructions by estimating their
power spectral density (PSD), y, as a function of frequency, f, the inverse of the timescale τ , i.e. τ = f−1.
Their relationship can be statistically approximated by a power-law model described by equation (1).

y= αf−β (1)

where α is a coefficient, β is the power-law exponent which informs about the ‘scaling’, i.e. the change
in PSD occurring with timescale (frequency) and, hence, how much memory the system has.

SSTs reconstructed from marine sediment core proxy records covering the mid- to late Holocene
(past 8000 years) and the last millennium have been shown to have a power-law exponent β of approx-
imately one at supradecadal timescales (Laepple and Huybers 2013, Ellerhoff and Rehfeld 2021). Hence,
we modify each local grid cell from the SST fields of the 1500 year-long AWI-ESM PI equilibrium sim-
ulation so that spectral slopes have a power-law exponent β of approximately one at frequencies below
1/10 yr−1.

To achieve this, after removing the mean and detrending in order to prevent leakage of the trend
onto higher frequencies, we apply a transfer function to the Fourier transform of each SST time series so
that the re-scaled real components follow a power-law with β = 1 at frequencies below f = 1/10 yr−1.
We leave the imaginary component of the Fourier transform unchanged, so that the magnitude and
persistence of anomalies are rescaled but their timing (phase information) is preserved. We then apply
the inverse Fourier transform to obtain the rescaled time series and re-add the original mean and lin-
ear trend (figure 1(B)). In polar regions, rescaled SSTs are truncated at the model’s freezing threshold
(–1.8 ◦C) before being prescribed.

To obtain the transfer functions, we estimate the spectrum of SST using Thomson’s multitaper
method with three tapers (Percival and Walden 1993). Because detrending and tapering bias the low-
est frequencies, we omit them from all plots and calculations. We then smooth the spectrum with a
Gaussian kernel (width = 0.05 in log-frequency) and parameterise a power-law model with β = 1 by
matching the observed smoothed power at 1/10 yr−1 frequency (figure 1(A)). The transfer function for
the rescaling is then the ratio of the original spectrum to this power-law model for frequencies below
1/10 yr−1.
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2.3. Nudging of SSTs
We nudge the model SSTs towards modified (rescaled) values while other dynamics and thermodynamics
evolve freely, allowing the atmosphere and sea ice to adjust to the altered SST variability through their
coupling with the ocean. We implement this by including an additional term hf∗relax at the ocean sur-
face, defined as the difference between modelled (SST) and prescribed SST (SSTpre) and multiplied by a
relaxation factor (frelax, equation (2).

hf∗relax =−frelax · (SST− SSTpre). (2)

We add this term to the heat flux at the ocean surface to nudge the model SST towards the prescribed
one. We prescribe rescaled monthly SST fields at each (30 min) time step which results in a lack of SST
variability on frequencies higher than monthly, i.e. unrealistic model output on these frequencies. To
select a relaxation factor value, we perform several 150 year-long nudged simulations using rescaled SSTs
with different relaxation factors (figure S1). We choose a relaxation factor of 1.929–3 m s−1, correspond-
ing to a relaxation time of 0.3 days over a layer thickness of 50 m. With such a small relaxation time,
SSTs are similar to the prescribed (modified) SSTs. This relaxation factor is similar to those used in pre-
vious SST nudging experiments (e.g. Keenlyside et al 2005, Manda et al 2005, Kong et al 2024).

2.4. Variability modes
We investigate the impact of nudging the AWI-ESM on the climate variability modes El Niño-Southern
Oscillation (ENSO), North Atlantic Oscillation (NAO) and the Atlantic Multi-Decadal Variability
(AMV). For this, we quantify ENSO variability with the Niño 3.4 index, the area-weighted SST mean
over 5◦ N–5◦ S, 170–120◦ W, detrended with a 30 year climatology, smoothed with a 5 month running
mean, and normalised by the climatological standard deviation (SD) (Bamston et al 1997, Trenberth
and Stepaniak 2001). We calculate the NAO index as the normalised DJF surface pressure difference
between Stykkishólmur/Reykjavík and Lisbon (Hurrell 1995). For quantifying the AMV, we calculate
the area-weighted spatial average of SSTs over the North Atlantic region (0◦ N–65◦ N, 80◦ W–0◦ E;
Enfield et al 2001). We linearly detrend the spatially and annually averaged time series and apply a low-
pass filter with cut-off frequency at 1/50 yr−1 to investigate the change due to the nudging specifically at
low-frequencies. To compare to observations, we use SSTs from two instrumental datasets, the HadISST
(Hadley Centre Sea Ice and SST) dataset (Rayner et al 2003) and the infilled version of the dynamically
consistent ensemble of temperature at the earth surface (DCENT-I) dataset (Chan et al 2025).

2.5. Variability estimates from ice cores
We compare air temperature variability from the nudged model simulation to ice-core-based variability
reconstructions from Greenland and Antarctica. As stable oxygen isotope records (δ18O) from ice cores
are affected by independent noise, the signal can be separated from the noise by using multiple ice cores
in close proximity and comparing the PSD of the mean record with the mean PSD calculated for indi-
vidual records (Münch and Laepple 2018). δ18O records can be further corrected for isotopic diffusion
in the firn, and for the effects of time uncertainty which can lead to misalignment of the signal between
records and false attribution as noise, by modelling the effects of diffusion and time uncertainty in the
frequency domain (Münch and Laepple 2018).

We use the reconstruction for the plateau region of Dronning Maud Land (DML), Antarctica, from
Münch and Laepple (2018), which is based on firn core measurements with annual resolution. It was
corrected in the described way and is, thus, a robust estimate of the δ18O variability on decadal to multi-
centennial timescales in Antarctica for the last ∼1000 years which we convert to air temperature using a
regional calibration (Stenni et al 2017; 0.93 ± 1 SD of 0.05‰ ◦C–1).

We estimate variability over decadal to multi-centennial timescales in Greenland using two firn
and ice core δ18O datasets following the approach of Münch and Laepple (2018). One consists of the
firn cores used for the annually resolved North Greenland traverse δ18O stack (hereafter ‘NGT’ stack;
Hörhold et al 2023). As the methodology for signal separation relies on a fixed number of records
for each time point (Münch and Laepple 2018), we use the 14 of 16 available firn core records which
cover the last 474 years (1505–1979) following Hörhold et al (2023). The other dataset spans the last
7000 years, which is considered as a stable phase of the Holocene, and consists of three δ18O records
in 20 year resolution dated within the Greenland Ice Core Chronology 2005 (Seierstad et al 2014,
Rasmussen et al 2014; hereafter ‘GICC’ stack). The 20 year resolution of the chronology of these three
cores is the result of a decrease in resolution for glacial sections. For the Holocene, the sampling resolu-
tion is typically annual, similar to the ice cores of the ‘NGT’ stack and the Antarctic firn cores, which is
then averaged to the lower resolution (Seierstad et al 2014). Thus, we do not expect any aliasing effects
on PSD estimates as higher frequency variance is removed by the averaging step.
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The ‘NGT’ stack is corrected for isotopic diffusion and time uncertainty (up to 5 years, M. Hörhold,
pers. communication; figure S2). As firn diffusion and time uncertainty is only affecting high frequen-
cies, correction of the’GICC’ stack is not necessary. For conversion to temperature, we estimate the
δ18O-air temperature linear regression slope between the topography-corrected air temperatures averaged
across the ice core locations from a regional CM (available for the period from 1871 to 2012; Fettweis
et al 2017) and the ‘NGT’ stack as provided by Hörhold et al (2023) including all 16 firn cores as vary-
ing number of records for each time point can be considered for regression (figure S3). Using an 11 year
running mean to focus on (multi-)decadal timescales, we obtain a slope of 0.77 ± 0.19 ‰◦C–1 (figure
S4), which is within the range of previous estimates, Hörhold et al 2023).

We compare the ice-core based temperature spectra with the modelled air temperature, regridded to
each ice core location using nearest neighbour remapping. Subsequently, we average modelled air tem-
perature time series from the ice core locations in the same way as described above for the ice core δ18O
data.

3. Results

3.1. Mean state
Annual mean local SSTs are similar between nudged and model runs for most regions, with 85% of
grid cells differing by less than 0.05 K (figure 2(A)). The largest differences occur in the polar regions
(mainly south of 60◦ S and north of 60◦ N) where mean SSTs in the nudged model simulation are up to
∼0.3 K higher. The spatial pattern of annual mean 2 m air temperature differences closely follows that
of the SSTs (figures 2(A) and (B)). The largest anomalies occur in the polar regions (south of ∼50◦ S
and north of ∼50◦ N), where nudged simulations are up to ∼4 K warmer, a result of limiting rescaled
SSTs to a minimum of—1.8 ◦C in sea-ice grid cells. Additionally, a cooling of up to ∼1 K is found in
parts of the North Atlantic and continental East Asia (figure 2(B)).

Changes in mean local surface pressure due to the nudging are more heterogenous (figure 2(C)).
Pressure decreases over the Arctic and Atlantic Ocean, while Greenland shows an increase. Antarctica,
the adjacent Southern Ocean, and the Indian Ocean also show higher values compared to the original
simulation.

3.2. SST variability
3.2.1. ENSO
The nudged model run is characterised by decades- to century-long periods with higher or lower
values of the NINO3.4 index (figure 3 (A)). Thus, higher intensities of El Niño or La Niña events
occur, i.e. larger deviations of the index above 0.4 or below −0.4, respectively, following Trenberth
and Stepaniak (2001). For example, years 600–620 show a tendency towards stronger El Niño condi-
tions while years 660–700 show a tendency towards stronger La Niña conditions (figure 3 (B)). Since no
rescaling was applied at frequencies above 1/10 yr−1, the Niño 3.4 index shows no changes at ENSO’s
dominant frequencies (1/7–1/2 yr−1; figure 3 (C)). PSD estimates of the Niño 3.4 index start to diverge
at multi-decadal timescales. For these timescales, estimates from instrumental datasets vary. While the
HadISST-estimated multi-decadal variability is more similar to the original model simulations, multi-
decadal SST variability estimated from the DCENT-I dataset is closer to the nudged model simulation.

We find only minor changes in the spatial pattern of the ENSO impact due to the nudging, with
differences in regression slopes with local SSTs between −0.08–0.06 K K−1 (10 and 90th percentiles,
respectively; figure 4). However, local relationships seem to increase for both the negative and the pos-
itive ones (figures S5(A) and (B)). This results in a slight increase in the range between 10th and 90th
percentiles of absolute slopes from 0.4 K K−1 (–0.13–0.27 K K−1, respectively) in the original model
simulation to 0.46 K K−1 (–0.15–0.31 K K−1, respectively) in the nudged simulation.

3.2.2. AMV
We further investigate changes in the modelled spatial impact of the AMV as an example for a low-
frequency climate variability mode. Due to the nudging, amplitudes of centennial- to multi-centennial-
scale AMV are increasing (figures 5(A) and (B)). These timescales (>100 years) are longer than what can
be estimated by observations due to data coverage being limited in time (figure 5(B), vertical lines mark
typical AMV frequencies of 1/70–1/50 yr−1).

Spatial regression maps of the AMV index onto local SSTs reveal a more global impact of the
AMV in the nudged simulation compared to the original model simulation (figures 5(C) and (D)).
While in the original model run regression slopes (positive) are mostly confined to the Northern
Hemisphere, more positive relationships (slopes) exist for the Southern Hemisphere in the nudged
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Figure 2. Change in mean annual SSTs, mean annual air temperature and mean annual surface pressure due to the nudging with
rescaled SSTs relative to the original PI equilibrium simulation. Mean annual SSTs (A), air temperature (B) and surface pressure
(C) have been temporally averaged over the whole length of simulation for each grid cell.

model run. Furthermore, the nudging results in weakening of positive relationships in the Northern
North Atlantic and in more negative regression slopes which occur mostly at lower latitudes in the
Southern Hemisphere. The strength of relationships in the Northern North Atlantic as well as the occur-
rence of more extensive areas with positive slopes in the Southern Hemisphere after the nudging are in
agreement with observations (HadISST, figure 5(E); DCENT-I, figure S7). Improved model-observation
match is also indicated by probability density functions (PDFs) of the slopes of the model runs and the
HadISST data (figure 5(F)). The original model run shows a strong peak around slopes of 0.1 K K−1

with a maximum probability density of ∼2. After the nudging, the maximum probability density of this
peak is more similar to the instrumental data (HadISST, ∼1). The nudged model run shows a fatter tail
towards positive slopes than the original model run which is also more in agreement to the observations
(HadISST and DCENT-I). However, the increase in negative relationships after the nudging resulting in
a fatter tail towards negative slopes that the original model run (figure 5(F)) which is not found in the
instrumental datasets. There, the HadISST data indicates barely any slopes lower than −0.6 K K−1 sim-
ilar to the original model run. Regression slopes obtained from the DCENT-I dataset show a PDF which
is centred over more positive slopes (∼0.6 K K−1) and which includes much less negative slopes than
the HadISST dataset and also the model (original and nudged).
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Figure 3. Comparison of NINO3.4 index between the nudged and original model simulation. (A). Time series of the difference
in NINO3.4 index between the nudged and the original model simulation. Time series of the NINO3.4 index from the original
and nudged model simulation (black and dark cyan, respectively) and the difference between both (orange line, bottom). Black
horizontal lines indicate the 0.4 and−0.4 K thresholds for defining El Niño and La Niña events, respectively. (B). Same as top
part of (A) but for the years 600–700. (C). Spectra of the monthly non-smoothed and non-normalised NINO3.4 index for the
model runs and instrumental data (HadISST, Rayner et al 2003, pink; DCENT-I dataset, Chan et al 2025; ensemble mean in
magenta, 5th and 95th percentiles of the ensemble both in dark magenta). Black vertical lines mark typical ENSO frequencies
1/7 and 1/2 yr−1.

Figure 4. Spatial regression map of the annually averaged NINO3.4 index and local annual SSTs showing the difference in regres-
sion slopes between the original and nudged model simulation. We linearly regress the non-smoothed and non-normalised
NINO3.4 index onto each local SST time series using least squares fitting. We use the annual mean of NINO3.4 and local SSTs
to exclude an impact of the seasonal cycle on the resulting regression slope.

3.2.3. Centennial-scale variability
Nudging the AWI-ESM with the rescaled SSTs results in an increase of centennial-scale SST variabil-
ity (between 1/600–1/100 yr−1) in the nudged model run compared to the original run (>99.9% of
grid points, figures 6(A) and (B)). Changes are heterogenous, with larger variability increases in areas
showing lower variability in the original model run, and vice versa. This leads to a latitude-dependent
increase, as we impose a relative larger change in centennial-scale variability at low-latitudes in the
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Figure 5. Comparison of the AMV index between the nudged (cyan) and original model simulation (black) and HadISST (pink,
Rayner et al 2003). (A). Time series of the AMV index of the nudged and the original model simulation (linearly detrended
and low-pass-filtered as described in section 2.4). (B). Spectra of the linearly detrended annual AMV index. Black vertical lines
mark typical AMV frequencies 1/70 and 1/50 yr−1. (C)–(E). Maps showing the slopes of linear regression (using least squares
fitting) between the AMV index and local SSTs (annually averaged, linearly detrended and low-pass-filtered with cut-off fre-
quency= 1/50 yr−1 similar to the AMV index). Maps for the original (C) and nudged (D) model simulation (1500 years of data)
and the HadISST dataset ((E), 156 years of data). (F). Probability density functions (PDFs) of the local regression slopes shown in
the maps in (C)–(E).

nudged compared to the original model simulation leading to a flatter latitudinal gradient (figure 6(C)).
For example, we obtain large variability changes in the central Pacific ENSO region and also other trop-
ical regions like the Indian Ocean but relatively small changes in centennial-scale variability occur in
the northern North Atlantic (Gulf Stream and subpolar gyre) and Southern Ocean regions (North of
Amundsen Sea and the Ross Gyre, figure 6).

3.3. Atmospheric variability
3.3.1. Surface pressure variability
Nudging the AWI-ESM with rescaled SSTs alters the (NAO, figure 7). The NAO time series from
the nudged and original runs differ in their temporal evolution and show no significant correlation
(τ = −0.006, Kendall’s tau test, p > 0.1; r = −0.01, Pearson’s product-moment correlation, p > 0.1),
consistent with internally generated atmospheric variability in a freely dynamically evolving atmosphere
(figure 7(A)). Spectra of the NAO index from the original and nudged model simulations are similar for
subcentennial timescales but diverge at frequencies below 1/200 yr−1 (figure 7(B)). This leads to multi-
century persistent phases of more positive or more negative NAO states (figure 7(A)).

We find only minor changes in the spatial pattern of the relationship between NAO and local
winter air temperature with the nudging with differences in local regression slopes between −0.03–
0.07 hPa K−1 (10th and 90th percentiles, respectively; figure 8). Between Greenland and North America,
both simulations show a positive relationship that strengthens in the nudged simulation, particularly
over Baffin Island (figures S8(A) and (B)). In the eastern North Atlantic and northern Eurasia, a neg-
ative relationship is found, which intensifies with nudging over the Kara Sea near 60◦E. However, overall
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Figure 6. Change in centennial-scale variability (PSD in K2 year, mean over frequency band 1/600–1/100 yr−1) in the nudged
modelled sea surface temperatures (SSTs) relative to the originally modelled SSTs due to the spectral rescaling. (A). Original
AWI-ESM SST centennial-scale variability. (B). Nudged AWI-ESM SST centennial-scale variability. (C). Centennial-scale SST
variability of nudged and original model simulations over latitudes.

Figure 7. NAO index from the original (black) and nudged (dark cyan) model simulation. (A). Raw time series (thin lines) and
low-pass filtered time series (cut-off frequency= 1/20 yr−1). (B). Multitaper spectra (3 tapers) of raw time series.

Figure 8. Spatial regression map of the NAO index and local winter air temperature showing the difference in regression slopes
between the original and nudged model simulation. The NAO index is calculated as normalised winter (DJF) surface pressure dif-
ference between coordinates Stykkishólmur/Reykjavík (65.05◦ N, 22.74◦ W) and Lisbon, Portugal (38.71◦ N, 9.14◦ W) following
Hurrell (1995).
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Figure 9. Spectral scaling of air temperature over multi-centennial to decadal timescales represented by a linear regression slope
fitted over frequency bands 1/600–1/10 yr−1 in the original (A) and nudged (B) model simulation. Asterisks mark the ice core
locations used for the ‘DML’, ‘GICC’ stack and the ‘NGT’ stack, in orange, pink and magenta colours, respectively. Histograms at
the bottom show the distribution of β for the original (left) and nudged (right) model simulation over land and ocean areas with
their medians indicated by vertical lines. To estimate β for the spectra, we fit a linear regression model using least squares fitting
to the logarithm of the PSD and frequency, where a linear regression slope of —1 corresponds to a power-law exponent β of 1.

change in the range between 10% and 90% quantiles of absolute slopes due to the nudging is negligible
(0.27 hPa K−1 and 0.28 hPa K−1 in the original and nudged simulation, respectively).

3.3.2. Surface air temperature variability
Nudging affects not only SST variability but also surface air temperature variability over both ocean
and land. Nearly all grid cells (>99.9%) show stronger long-term persistence in their air temperature
records, reflected in larger power-law exponents β (1/600–1/10 yr−1; figure 9) for nearly all grid cells
(>99.9%). While in the original model run, the distributions of β have similar median values of 0.1 and
zero for ocean and land regions, respectively, (figure 9(A)), in the nudged model simulation they cluster
around medians of 1 and 0.6, respectively (figure 9(B)). The β of 1 for local air temperature spectra in
the ocean regions is due to the strong direct influence of the prescribed SSTs (with β of 1) on air tem-
peratures in those regions, while the increase of β value from 0.1 to 0.6 over land regions demonstrates
the influence of ocean variability on long-term terrestrial climate variability. Hence, the nudging results
in a clear land-sea contrast in β which is lacking in the original model run (figures 9(A) and (B)).

We compare air temperature variability in the original and nudged model simulations to available
ice-core-based temperature variability reconstructions from Greenland and Antarctica (locations of cores
marked in figure 9).

In East Antarctica, the spectrum of annual air temperatures in the non-nudged model remains
fairly flat, with values near 1 K2 year across most timescales (black line in figure 10(A)). In contrast,
the variability of the nudged model run shows higher values starting from multi-decadal timescales
onward rising to values up to 4 K2 year at multi-centennial timescales. As a result, the nudged-model-
based spectrum more closely matches the ice-core-based variability estimate at multi-decadal to multi-
centennial timescales (figure 10(A)).

This is also reflected in the distribution of the power-law exponents (fitted over frequencies 1/600–
1/10 yr−1) for realisations of the ice core spectrum available from Münch and Laepple (2018) and of
the modelled air temperature spectra calculated using the same procedure (see 2.5 and figure caption
for details, note that slopes are unaffected by the δ 18O-temperature calibration). For the original model
run, estimates of the exponent β of air temperature variability scatter around a median of zero, these
increase to a median of 0.3 for the nudged model run. Thus, the spectral slope of the nudged model run
is closer to the distribution of ice-core-based air temperature spectral slopes which has a median value
of 0.5.
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Figure 10. Comparison of modelled annual air temperature in East Antarctica (A) and Greenland (B) with ice-core-based vari-
ability reconstructions. Ice-core-based spectra are shown in pink (solid lines and dashed lines in (B) for the spectrum based on
‘NGT’ and ‘GICC’ locations, respectively). All spectra are log-smoothed with a smoother width of 0.1 for visualisation. The inset
shows the distribution of linear regression slopes fitted over frequencies 1/600–1/10 year−1 (A) and 1/237–1/10 year−1 (B) of
each spectrum realisation as boxplots (in (B) at ‘NGT’ locations). The confidence intervals (10th and 90th quantiles) are estim-
ated from 1000 Monte Carlo realisations of each spectrum where a power-law fit (equation (1) is applied to the actual proxy
signal and noise spectra, and the resulting power-law coefficients are used to generate surrogate signal and noise series. To estim-
ate β for the spectra, we fit a linear regression model using least squares fitting to the logarithm of the PSD and frequency. (A).
Shown with± 1 SD uncertainty of the δ 18O-temperature conversion and time uncertainty by using the upper uncertainty bound
from the time uncertainty corrected spectrum and the lower bound from the non-time uncertainty corrected spectrum. Highest
frequencies are removed from the ice core spectra at 1/8.5 yr−1 due to too large uncertainties in the diffusion correction follow-
ing Münch and Laepple (2018). (B). The 1 SD uncertainty is shown as shading and consists of the δ 18O-temperature conversion
uncertainty for the ‘GICC’ spectrum and the δ 18O-temperature conversion uncertainty together with the time uncertainty for
the ‘NGT’ spectrum (by using the upper uncertainty bound from the time-uncertainty-corrected spectrum and the lower bound
from the non-time-uncertainty-corrected-spectrum).

For East Antarctica, the coastal regions in the DML sector and in the Wilkes Land sector show the
highest increase in air temperature variability due to the nudging, where surrounding ocean regions also
show the strongest increase in centennial-scale air temperature variability (figure S9).

For the Greenland ‘NGT’ stack locations, the air temperature spectrum from the nudging experiment
(dark cyan solid line) shows stronger variability for multi-decadal to multi-centennial timescales than
the original model simulation (black solid line, figure 10(B)). This brings it in closer agreement with the
ice-core-based temperature variability (figure 10(B)). The ice-core-based temperature variability estimate
from the ‘GICC’ stack (pink dashed line) indicates relatively stable variability for centennial to multi-
centennial timescales. This is consistent with both the nudged-model-based estimate (dark cyan dashed
line) and the one from the original model run (black dashed line). However, the mean variability in the
nudged model run is higher than that inferred from the ice cores which is closer to the mean PSD level
of the original model run.

In the original model run, estimated scaling exponents β of air temperature variability over fre-
quencies 1/237–1/10 yr−1 cluster around −0.1, while in the nudged run they increase to about 0.4. This
indicates a steeper spectrum in the nudged simulation and a positive relationship between variability and
timescale, which is more similar to the ice-core-based estimate (median slope of about 0.2).

In Greenland, nudging leads to a stronger increase in air temperature variability in coastal regions
and less increase in air temperature variability in central regions more distant to the coast (figure S9).

4. Discussion

We developed and tested a new framework to increase marine surface temperature variability in CMs
by using paleo-proxy evidence to guide spectral rescaling of SSTs. This approach enhances long-term
ocean memory while leaving short-term variability largely unaffected and retains realistic spatial coher-
ence of low-frequency climate modes (section 3.2.2), providing a controlled way to test how persistent
SST anomalies shape atmosphere dynamics. By doing so, we present an approach to directly address the
suggested mismatch between paleoclimate reconstructions and ESMs, which tend to underestimate vari-
ability on multi-decadal to millennial timescales (Laepple and Huybers 2014a, 2014b, Cheung et al 2017,
Dee et al 2017, Parsons et al 2017, Ellerhoff and Rehfeld 2021, Ellerhoff et al 2022, Hébert et al 2022,
Laepple et al 2023).
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Applying this framework in AWI-ESM, we investigated the impact of enhanced decadal- to
centennial-scale ocean variability on the atmosphere in a fully coupled setting. The nudging increases
low-frequency variability but preserves higher-frequency processes. For instance, the Niño 3.4 index
shows unchanged amplitudes at typical ENSO frequencies (1/7–1/2 yr−1) but diverges from the ori-
ginal simulation at longer timescales (>1/10 yr−1). This leads to multi-decadal to multi-centennial
periods dominated by stronger El Niño- or La Niña-like conditions. We compared the nudging res-
ults to observed variability estimated from instrumental datasets for up to multi-decadal timescales.
Inconsistency in multi-decadal variability estimated from two utilised instrumental datasets, however,
prevents conclusions on which model simulation agrees better with the observations. While enhanced
ENSO amplitudes on long timescales would be qualitatively consistent with paleoclimate evidence of
centennial-scale ENSO variability (e.g. Jiang et al 2023), the validity of the nudging result should be
tested in a future study which carefully investigates variability in instrumental and paleo-data on multi-
decadal to -centennial timescales. This will be especially important due to the global-scale impact of
ENSO variability and could offer valuable insights for the ongoing debate on the role of internal vari-
ability versus forced response in driving the discrepancy between model-predicted and observed state of
the equatorial Pacific (e.g. Watanabe et al 2021, Seager et al 2022).

The NAO also shows changes in low-frequency variability after the nudging. Both the original and
nudged simulations exhibit white-noise–like behaviour from interannual to centennial scales, but the
nudged run displays enhanced variability from ∼1/200 yr−1 onwards, resulting in multi-century periods
of predominantly positive or negative NAO states. Similar long-lived NAO regimes have been reported
in reconstructions, for example during the medieval climate anomaly (Trouet et al 2009, Wassenburg
et al 2013, Baker et al 2015, Deininger et al 2017) or mid-to-late Holocene (Lamy et al 2006). However,
different characteristics in the frequency domain (spectral scaling) of the NAO have been found. instru-
mental NAO indices (Jones et al 1997, 1999) and some paleo-reconstructions (Cook et al 2019) show a
flat power spectrum which is more similar to the original AWI-ESM PI equilibrium simulation. Other
reconstructions are characterised by a power spectrum with a negative slope that is more similar to our
nudged simulation (Wunsch 1999, Luterbacher et al 2001, Ortega et al 2015; see comparison in Cook
et al 2019). Furthermore, since differences between original and nudged model run only occur from
∼1/200 yr−1 onwards, testing agreement with instrumental datasets is not feasible due to limited cover-
age in time. Thus, we cannot infer whether the nudging results in a more realistic NAO but rather point
out that it is not diverging from the original model simulation for sub-centennial timescale (period)
where robust information from observations is available.

Nudging increases the amplitudes of the low-frequency climate variability mode AMV on centennial-
to multi-centennial timescales. This timescale is not sufficiently covered by observations and the valid-
ity of the result needs to be tested with paleo-data from which variability has been carefully estimated.
Nevertheless, spatial regressions show that the nudging method retains a realistic modelled spatial impact
of the AMV although comparison to the instrumental SST datasets is difficult due to inconsistency in
the distribution of spatial regression slopes obtained from them.

Nudging ocean surface temperatures with enhanced long-term memory increases atmospheric
memory over land on long timescales. In Greenland, variability increases mainly at multi-decadal
timescales and remains steady at lower-than-centennial timescales, while in East Antarctica the largest
increases occur at centennial and longer timescales. Generally, the nudging not only increases variab-
ility but also alters its spatial distribution, with larger changes in coastal regions where ocean influ-
ence is strongest. Comparisons with ice-core-based reconstructions show improved agreement in both
Greenland and Antarctica. In both cases, spectral slopes (β) shift closer to ice core estimates, demon-
strating that enhanced ocean persistence can improve the match between modelled and reconstructed
air temperature variability. However, the variability estimate from the nudged model run does not show
an improved match to the ice-core-based estimate on multi-centennial timescale, which is based on the
GICC05 Greenland ice cores. This could potentially be due to an overestimation of ocean influences at
the GICC05 ice core locations, i.e. at the Greenland ice divide. Alternatively, only three GICC05 ice cores
are available for estimation of the climate signal on these long timescales and we cannot exclude that
uncertainty might lead to an underestimation of the variability, e.g. due to the spectral estimation error.
Nevertheless, our results suggest that underrepresented ocean memory is a key driver of the model–
data gap on multi-decadal to multi-centennial timescales in Antarctica and until centennial timescale
in Greenland.

4.1. Limitations and next steps
Our spectral rescaling of the SST fields assumes a power-law relationship between variability (PSD) and
timescale at each ocean grid cell. While this is consistent with paleo-data evidence (Laepple and Huybers
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2013, Ellerhoff and Rehfeld 2021), it oversimplifies regional differences, particularly in sea ice covered
regions or open ocean areas where proxy constraints are sparse. To refine the use of nudged-model-
based variability estimates, future work could map spatial patterns of long-term variability or spectral
scaling directly from paleo-observations using statistical methods to better inform model experiments.
Another approach could be to utilise empirical orthogonal functions to decompose SST variability into
uncorrelated components representing statistically independent patterns. In that way, the changes over
time of an independent spatial pattern (principal component), e.g. one which has been identified to
represent a certain variability mode, could be rescaled based on information from paleo-data and the
change then projected back onto each grid cell using its eigenvectors.

Despite this simplification, our approach already improves large-scale patterns of low-frequency
variability. In particular, it reduces the latitudinal gradient of centennial-scale SST variability (figure
6), addressing a mismatch identified in paleo-data: models underestimate tropical centennial-scale SST
variability by one to two orders of magnitude (Laepple and Huybers 2014b), which is similar in mag-
nitude to the increase we impose in tropical regions through rescaling and nudging. The underestim-
ation in mid to high latitudes is smaller, as is the rescaling we impose. Targeted nudging experiments
that increase the spectral slope β only in selected regions, such as the central Pacific ENSO domain
or the Southern Ocean, could help to isolate and test the role of specific ocean basins in driving long-
term variability across the climate system. While the nudging would be regionally constrained in such an
approach, the model would be enabled to evolve freely elsewhere. To avoid shocks and discontinuities,
this necessitates a transition zone in which the relaxation factor decays to zero. This method has been
applied in other studies, e.g. Martin and Rodríguez (2024) and Ortega et al (2017).

The spectral rescaling methodology utilised here raises mean SSTs in sea-ice regions, since positive
long-term fluctuations are enhanced while negative ones are truncated at the freezing threshold. As long-
term SST variability in these regions is poorly constrained, future paleo-data will be key to refining the
approach, and our current results in the sea ice regions should be interpreted with caution. Furthermore,
we consider the response of the subsurface ocean to the nudging as being unrealistic as we impose large
artificial changes to SST not based on physical principles. This also limits the exploitation of the nudged
model simulation in order to investigate physical origins of low-frequency variability modes driven by
ocean-atmosphere interaction.

A next step would be to validate the nudged simulation results by comparing to hydroclimate proxy
reconstructions, e.g. related to the Pacific Walker circulation strength (Falster et al 2023) or ITCZ mean
position (Haug et al 2001). The AWI-ESM has been also enhanced with a comprehensive water isotopes
module. Conducting a nudging experiment while simulating water isotopes would allow for a direct
comparison of the simulated isotope variability changes due to nudging with corresponding paleoclimate
data. This would enable evaluation of the results with a larger amount of data, for example, isotope
records representative of rainfall amount. Similarly, AWI-ESM versions with coupling to biogeochem-
istry (Ye et al 2025) and ice sheets have been developed (Ackermann et al 2020) and could be utilised in
future studies as soon as long control runs from these models are available.

In this study, we apply our method under PI boundary conditions without external forcing. Because
of the lack of external forcing, the nudged simulation cannot be directly compared with observed cli-
mate time series in the time domain. Future applications could combine paleo-informed nudging with
forced simulations of past or future climate, for example by superimposing the nudged variability onto
the forced response estimated from a model ensemble mean. However, the paleo-observations, which
inform our nudging approach, record local climate variability resulting from both internal variability and
response to external forcing. Hence, future work needs to be conducted to refine the imposed long-term
variability by accounting for the response to forcing as captured by the paleo-data, e.g. using empirical-
orthogonal-function-based approaches (Ayache et al 2018).

Beyond the pilot implementation presented here, the nudging framework offers a range of applic-
ations across paleoclimate and future climate research. In the paleoclimate context, simulations with
enhanced and potentially more realistic variability provide a powerful testbed for pseudo-proxy experi-
ments, where reconstruction methods can be benchmarked against model output with variability levels
closer to those inferred from proxy records. The framework can also serve to create ensemble members
as priors for paleo-data assimilation frameworks, helping to reconstruct the past evolution of the climate
system including uncertainties related to natural variability.

The approach is equally relevant for detection and attribution studies. Current attribution methods
rely on separating forced responses from natural variability, yet CMs may underestimate low-frequency
variability. By explicitly increasing long-term variability, nudged simulations can be used to test the
sensitivity of attribution results to different assumptions about natural variability, providing a more
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robust basis for assessing anthropogenic influence for example in the attribution of weather extremes
(Harrington et al 2021). This will require performing a similar nudging simulation as presented here but
on daily timescale in order to investigate effects of the enhanced low-frequency ocean surface temperat-
ure variability on extreme events.

Finally, applications extend to projections of future climate risks. Existing IPCC-class models may
underestimate the persistence of natural variability, which could affect the frequency and duration of
extreme events, multi-decadal trends, or prolonged anomalies. Incorporating paleo-informed nudged
simulations into future scenario ensembles could yield a wider, more realistic, envelope of outcomes,
particularly for regional risks linked to extremes and for long-term processes such as ice-sheet–ocean
interactions or multi-decadal droughts.

5. Conclusions and outlook

We introduced a paleo-informed nudging approach that enhances long-term variability in a coupled
ESM. This framework addresses the underestimation of low-frequency variability in models as suggested
by previous studies (Laepple and Huybers 2014a, 2014b, Cheung et al 2017, Dee et al 2017, Parsons et al
2017, Ellerhoff and Rehfeld 2021, Ellerhoff et al 2022, Hébert et al 2022, Laepple et al 2023). By rescaling
SSTs to match spectral characteristics from paleoclimate data, the nudging experiment produces atmo-
spheric variability that aligns more closely with ice-core reconstructions, highlighting the central role of
ocean memory in driving land temperatures at multi-decadal to millennial timescales (Dommenget 2009,
Hébert et al 2022).

It remains unclear whether the underestimated supradecadal temperature variability in CMs, inferred
from paleo-data, arises from missing external forcing, an inadequate simulated response to that forcing,
or insufficient internal variability. Until these biases of model simulations are resolved, the here presen-
ted nudging approach offers a tractable way to generate physically consistent scenarios with natural vari-
ability levels suggested by proxies. This provides a valuable tool for climate attribution studies and for
constraining regional climate projections that account for the full spectrum of internal variability. In this
way, the approach complements ongoing efforts to improve coupled model physics and data assimilation
of low-frequency ocean variability.

Ocean variability is also an important driver of polar ice sheet mass balance (e.g. Jenkins et al 2018,
Holland et al 2019, Wood et al 2021) which is a large source of uncertainty in future sea-level predictions
(Tsai et al 2017, Robel et al 2019). Our approach with paleo-informed natural ocean and climate variab-
ility can therefore serve as input for ice sheet models to provide realistic future scenarios and probabil-
ities for a future crossing of thresholds (e.g. the melt-elevation feedback; Levermann and Winkelmann
2016).

Our study shows that paleo-informed surface ocean temperature nudging improves consistency with
air temperature proxy evidence and provides a framework to explore how potentially underestimated
long-term natural variability may shape future climate risks.

Data and code availability statement

The ‘NGT’ stack can be obtained using a package provided in Hörhold et al (2023): https://zenodo.org/
records/7178657. ‘GICC’ ice core data can be found under the following link: www.iceandclimate.nbi.
ku.dk/data/. The ‘DML’ stack can be obtained using a package provided in Münch and Laepple (2018):
https://github.com/EarthSystemDiagnostics/proxysnr. The HadISST dataset is available from the Met
Office (www.metoffice.gov.uk/hadobs/hadisst/) and the DCENT-I ensemble can be downloaded under
this link: https://duochanatharvard.github.io/#DCENT. All model output and code to reproduce the ana-
lysis and figures is available under the following DOI: https://https://doi.org/10.5281/zenodo.17120542
(Skiba 2026).
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