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Abstract

Accurately estimating decadal predictability limits (PLs) is essential for advancing long-term climate predictions and under-
standing decadal-scale variability. This study combines the optimal local dynamic analog (OLDA) algorithm with the nonlin-
ear local Lyapunov exponent (NLLE) method to estimate decadal PLs of oceanic and atmospheric variables, using long-term
reanalysis datasets. Results demonstrate that the OLDA algorithm can enhance identification of analog states and improve
PL estimation. The decadal PLs of sea surface temperature (SST) show regional and seasonal differences, with zonal mean
values ranging from 8 to 17 years, and higher values in boreal summer and autumn, especially in the Northern Hemisphere
and Southern Ocean. Sea level pressure (SLP) decadal PLs range from 8 to 11 years, exhibiting patchy distribution and
seasonal variation. The global mean PL of SLP reaches about 10 years in boreal spring and 9 years in other seasons. SLP
and SST PL distributions differ across seasons, reflecting the complexity of ocean—atmosphere interactions. Decadal PLs
of major climate modes were also estimated, e.g., decadal PL of the SST Inter-Hemispheric Dipole (SSTID) is ~ 17 years,
Atlantic Multidecadal Oscillation (AMO) ~ 14 years, Pacific Decadal Oscillation (PDO) ~ 13 years, North Atlantic Oscilla-
tion (NAO) ~ 16 years, Northern Hemisphere Annular Mode (NAM) ~ 11 years, and Southern Hemisphere Annular Mode
(SAM) ~ 15 years. These modes display distinct predictability patterns and seasonal variations, highlighting their unique
roles in regional climate dynamics. These findings enhance our understanding of decadal-scale predictability.

Keywords Decadal-scale predictability limit - Nonlinear local Lyapunov exponent (NLLE) - Optimal local dynamic analog
(OLDA)

1 Introduction

With the development of coupled Earth system models,
seamless prediction and climate forecasts have drawn more
attention, with a key challenge being how to extend predic-
tive capability beyond the subseasonal to decadal timescales
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and provide reliable decadal climate predictions. (Meehl
et al. 2014, 2021; Boer et al. 2016; Choi and Son 2022).
Decadal variability and changes within the climate sys-
tem significantly affect key phenomena such as the North
Atlantic Oscillation (NAO), El Nifio-Southern Oscillation
(ENSO), and Pacific Walker circulation, while also exerting
profound socioeconomic impacts on extreme weather events,
agricultural productivity, water resources, and other areas
(Lin et al. 2018; Wu et al. 2021; Li et al. 2022). In long-term
climate prediction, an accurate estimation of decadal-scale
predictability limits (PLs), is essential for the enhancement
of the accuracy of decadal climate forecasts (Kushnir et al.
2019).

Previous studies mainly assess decadal predictability
through the signal-to-noise ratio or perfect model experi-
ments (Griffies and Bryan 1997; Boer 2000, 2004, 2011;
Collins 2002; Collins and Sinha 2003; Pohlmann et al. 2004;
Meehl et al. 2014; Boer et al. 2016; Athanasiadis et al. 2020;
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Zhang et al. 2021; Yeager et al. 2023; Diisterhus and Brune
2024). These studies have demonstrated that regions such as
the North Atlantic Ocean, Southern Ocean, North Pacific,
and tropical Pacific possess decadal-scale predictability to
various degrees (Latif et al. 2006; Boer and Lambert 2008;
Doblas-Reyes et al. 2013; Ho et al. 2013), with the North
Atlantic and Southern Ocean being especially prominent
(Boer 2000; Collins and Sinha 2003; Pohlmann et al. 2004).
While the predictability of decadal sea surface temperature
(SST) modes, such as the Pacific Decadal Oscillation (PDO)
and Atlantic Multidecadal Oscillation (AMO), has been
reasonably well-captured in some studies, there remain sig-
nificant challenges to accurately simulate decadal variability
(Kim et al. 2012; Sheffield et al. 2013; Meehl et al. 2014).

Despite these advancements, several challenges persist.
One significant issue is the reliance on climate models
(Latif et al. 2006), which are constrained by uncertainties
in initial conditions and model parameters. As noted in the
Intergovernmental Panel on Climate Change (IPCC) Sixth
Assessment Report (AR6), these limitations may skew PL
estimates, resulting in discrepancies between model-based
projections and the actual predictability inherent in the cli-
mate system (Lee et al. 2021). Ding et al. (2016) applied the
nonlinear local Lyapunov exponent (NLLE) method to make
preliminary estimates of PLs from reanalysis data on decadal
scales. This method, based on observational data, has been
used to study the predictability of atmospheric and oceanic
systems (Chen et al. 2006; Ding and Li 2007, 2011; Ding
et al. 2010; Li and Ding 2013; Li et al. 2013; Ma et al. 2021;
Hou et al. 2022, 2024). The NLLE method quantitatively
determines the PLs of the atmosphere and oceans across
different timescales through the analysis of the evolutionary
of distances between local dynamic analogs (LDAs) within
observed time series (Ding and Li 2011).

Furthermore, the traditional LDA algorithm used in the
NLLE method for quantitatively determining PLs may iden-
tify false analogs when employing an unsuitable, fixed evo-
lutionary window (EW), which necessitates further refine-
ment and optimization (Huai et al. 2017; Ma et al. 2021). In
addition, although considerable research has been conducted
on decadal predictability, quantitative investigations specifi-
cally targeting decadal PLs remain insufficient. This high-
lights the urgent need for more systematic and quantitative
assessments of decadal PLs within the climate system.

To address these challenges, this study builds upon refine-
ments to the LDA algorithm and employs the NLLE method
to investigate the spatial distribution and seasonal differ-
ences in the decadal PLs of key variables in the climate
system, specifically SST and sea level pressure (SLP). The
improvements to the LDA algorithm aim to mitigate the
issue of false analog identification and provide more accu-
rate estimates of decadal PLs in regions with relatively high
predictability. Furthermore, this study examines key climate
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modes associated with SST and SLP variability. For SST, the
AMO and PDO function as decadal SST modes at the basin
scale, while the SST Inter-Hemispheric Dipole (SSTID) rep-
resents the global scale, and they collectively exert a signifi-
cant influence on regional climate factors, including tem-
perature, precipitation, storm tracks, and changes in ocean
fronts (Zhang et al. 1997; Mantua et al. 1997; Enfield et al.
2001; Zhang and Delworth 2006; Sun et al. 2013; Xue et al.
2018b). For the primary modes of SLP, the Northern Hemi-
sphere Annular Mode (NAM or Arctic Oscillation, AO) and
the Southern Hemisphere Annular Mode (SAM) represent
hemispheric-scale SLP fluctuations occurring between the
polar and mid-latitude regions in the Northern Hemisphere
(NH) and Southern Hemisphere (SH), while the NAO serves
as a mode of large-scale circulation in the North Atlantic
Ocean region, that exhibits decadal variations and trends
that significantly impact regional climate (Thompson and
Wallace 1998; Gong and Wang 1999; Li and Wang 2003a,
b; Nan and Li 2003; Wu et al. 2009; Feng et al. 2010; Li
et al. 2022; King et al. 2023). We also employed the NLLE
method to investigate the decadal PLs and seasonal differ-
ences of these primary oceanic and atmospheric variability
modes, aiming to enhance our understanding of the climate
system.

The remainder of this paper is organized as follows:
Sect. 2 describes the data and methods used in this study.
Section 3 explores the spatial distributions of PLs of SST
fields and PLs of their main modes, while Sect. 4 investi-
gates the corresponding PLs of SLP fields and their main
modes. Section 5 showcases the results of seasonal differ-
ence analyses of PLs of SST fields, SLP fields and major
climate modes using the NLLE method. Finally, Sect. 6
presents the conclusions and discusses the major findings.

2 Data and method
2.1 Datasets

This study estimates decadal PL using over a century of
reanalysis gridded data, including the monthly SST fields
from the Extended Reconstructed SST version 5 (ERSST.v5)
provided by the National Oceanic and Atmospheric Admin-
istration (NOAA), with a spatial resolution of 2°x2° (Huang
et al. 2017), covering the period January 1854 to December
2023, and the monthly SLP fields from the Hadley Centre
SLP dataset (HadSLP2r) provided by the Hadley Centre,
with a spatial resolution of 5°x 5° (Allan and Ansell 2006),
covering the period January 1850-December 2019.

Before estimating PL, the climatological mean annual
cycle and the global warming trend were removed from the
monthly data at each grid point, leaving the anomalies. The
decadal component of these anomalies was extracted using
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a 9-year low-pass Gaussian filter. The global warming trend
time series was derived from the NOAAGlobalTemp Ver-
sion 6 dataset provided by the NOAA (Zhang et al. 2019a;
Huang et al. 2020, 2022; Vose et al. 2021), covering the
period from January 1850 to December 2023. Anomalies
were calculated relative to the 1901-2000 average, based on
the NOAA global warming trend time series.

The monthly time series of the AMO index, spanning
January 1856-December 2022, is sourced from the Physical
Sciences Laboratory (PSL) of NOAA (Enfield et al. 2001).
The PDO index, defined as the leading pattern (Empirical
orthogonal function, EOF) of monthly SST anomalies in
the North Pacific basin north of 20°N (Zhang et al. 1997;
Mantua et al. 1997), and the SSTID index, defined as the
difference between hemispheric-mean SST anomalies in the
NH and SH (Sun et al. 2013; Xue et al. 2018b; An et al.
2024), were both derived from the ERSST.v5 dataset for
January 1854 to December 2023. The NAM and NAO indi-
ces, defined as the difference in normalized zonal-mean SLP
between 35°N and 65°N (Li and Wang 2003a), and as the
difference in normalized SLP regionally zonal-averaged over
the North Atlantic sector (80°W-30°E) between 35°N and
65°N (Li and Wang 2003b), respectively, were derived from
the HadSLP2r dataset for January 1850-December 2019.
The monthly SAM index, covering January 1850—December
2015, is also sourced from PSL of NOAA (Gong and Wang
1999). Similar to the monthly gridded data, these indices
have also been subjected to the 9-year low-pass Gaussian
filter.

These data were used to quantitatively estimate decadal
PLs. Table 1 summarizes the datasets mentioned above.

2.2 Optimal local dynamic analog (OLDA) algorithm

The NLLE (Chen et al. 2006; Ding and Li 2007) provides
the theoretical basis for estimating the PL by quantifying
the growth of initial errors in nonlinear dynamical sys-
tems. Estimating the PL with NLLE involves identify-
ing dynamic analog states, which enables the analysis of
the relative growth of initial error (RGIE) in relation to a

reference state. The LDA algorithm, introduced by Li and
Ding (2011), identifies analog states by evaluating both the
initial distance between the reference state and the analog
state and the evolutionary distance after a EW z. It employs
the NLLE to estimate the PL of a dynamical system based on
observational or experimental data when the system’s evolu-
tion equations are unknown or incomplete. A brief descrip-
tion of the algorithm is provided in Li and Ding (2011). The
selection of an appropriate EW is critical for identifying reli-
able LDAs and obtaining accurate PL estimates. Huai et al.
(2017) demonstrated that an unsuitable EW could result in
the identification of false analog states, leading to inaccurate
PL estimates. They proposed an optimal EW (OEW) using
the Lorenz63 system, defining it as the time when the sys-
tem’s autocorrelation decays to zero. While this approach
provides theoretical guidance, it is impractical for decadal
PL estimation because the autocorrelation decay time for
ocean—atmosphere variables may exceed the decadal PL
itself. Thus, for decadal-scale studies, the EW should gener-
ally be shorter than the PL to reduce bias, necessitating new
methods for selecting an appropriate EW. Ma et al. (2021)
pointed out that there are many potential analog states for
the reference state, and there exists an OLDA state that
provides the longest PL. However, determining the OLDA
requires evaluating all potential analog states in the dataset,
a process that is computationally expensive and constrained
by the finite length of observational data, limiting its prac-
tical application. To address these challenges, this study
introduces a novel approach to dynamically select EWs and
identify analog states. By leveraging the continuous analog
of the reference state, this method avoids the need to evalu-
ate all potential analogs, reducing computational costs and
enabling efficient use of limited datasets. Furthermore, to
ensure robust PL estimates, we employ an OLDA ensemble
(OLDAy) average, which integrates multiple high-quality
analog states rather than relying on a single OLDA.

In the traditional LDA algorithm, the initial distance is
calculated as the distance in phase space between the refer-
ence state and all potential analog states, identified by tra-
versing the dataset to identify the closest spatial matches.

Table 1 Datas utilized in this

study Data Source Resolution Period
ERSST.v5 National Oceanic and Atmospheric Adminis- ~ 2°X2° 1854-2023
tration (NOAA)
HadSLP2r UK Met Office Hadley Centre 5°%5° 1850-2019
AMO index NOAA / 1856-2022
PDO index Zhang et al. 1997; Mantua et al. 1997 / 1854-2023
SSTID index Sun et al. 2013; Xue et al. 2018a, b, ¢ / 1854-2023
NAM index Li and Wang 2003a / 1850-2019
NAO index Li and Wang 2003b / 1850-2019
SAM index NOAA / 1850-2015
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However, previous studies have not discussed whether
this initial distance might be excessively large for different
EWs (Li and Ding 2011; Huai et al. 2017; Ma et al. 2021).
Furthermore, this traversal process significantly increases
computational costs, particularly for large datasets. For any
initial state x(7) of one-dimensional variable x [e. g. the time
series is given by {x(i),i € K = 1,2, ..., N}], the neighbor-
hood of all initial distances can be visualized as a circle
centered at x(¢) with radius r in the phase space. This circle
includes initial distances of different magnitudes and direc-
tions from x(7). Therefore, it is possible to select false LDA
states with an initial distance d; > r if the evolutionary dis-
tance d, is relatively small within <. It is necessary to con-
sider the overall distribution of initial distances for variable
x and, within the radius r, combine this with a continuous,
dynamic EW 7 to identify the OLDA states. We propose the
following method to progressively identify OLDA:

First, determine the initial distance radius r to avoid an
excessively large initial distance between the reference state
x(i) and the analog state x(j) during the identification of the
OLDA. Since the neighborhood of the initial distance should
be sufficiently small, it is first necessary to discuss the pos-
sible minimum distance between any state in the time series
and all other states. For a one-dimensional observed variable
{x(@),i € K =1,2,..., N}, where N represents the time series
length, for any i € [1, K], we have:

6 = lx() = x()I, 1)

8= {6,;.G € [1.KLi#))}. 2

where §; represents the distance between any point in the
series and all other points. Let 6 = {5,~mm,i e[l, K]}, where
o6 denotes the possible minimum distance between any point
in the series and all other points. To ensure that each point
has sufficient neighbors within the initial distance radius,
let 6,,,, = max(6). Estimate the initial distance radius r as
d*=mx5,,,, where m € N*. In this study, we set m =2
to avoid an to avoid an excessively small radius and ensure
an adequate number of initial analog states, which helps pre-
vent potential issues in subsequent steps while also reducing
computational costs.

Secondly, determine the initial state set based on the
estimated initial distance radius d*. For the variable x, let
Ag(i) = {j.8,; <d*}. Then, x(A,().i) = {x(j).j € Ay(i) }
represents the initial set of states analog to x(i) at time
7, = 0. The number of elements in A, is denoted as m,,
and the corresponding initial distances are given by
di(Ag(D).i) = {6, € Ag(i) }.

Thirdly, estimate the preliminary PL (7},j). Using the ini-
tial state set, apply the LDA algorithm in combination with
the NLLE method (Li and Ding 2011) to calculate 7),y. In
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the traditional LDA algorithm, the EW is determined by
the time at which the autocorrelation decreases to a certain
threshold value. Here, T, serves as a preliminary estimate,
providing a foundation for determining an EW that captures
the system’s intrinsic dynamical characteristics.

Fourth, identify the set of OLDA. For the variable x, the
initial distance d; between the reference state x(i) and the
analog state x(I) € x(A,(0),0) (where |t0 - tj| > D, where D
is the time taken for autocorrelation coefficient of the vari-
able x to drop to around 0.0, ensuring that the influence of
the persistence of x(i) is avoided) is given by:

d; = |x(i) — x(D|, (d; € d;(A4,(0),0)). 3

Introduce 7; = CLT,,O(CL eR",L=1,2,... ,p)as the local
EW. The evolutionary distance can then be expressed as:

d=-L

1
¢ t+1

-

’x(i+rL) —x(l+TL)|, 4)

i=0

where ¢ is the ratio of 7; to the sampling interval. The total
distance is denoted as d,, where d, = d; + d,. By traversing
all eligible states in the time series, the m;(i = 1,2, ... ,k)
states with the smallest d, are identified as the LDA ensem-
ble A; (where A; C A;_;). Replacing A;_, with A; and 7,_,
with 7;, this process is repeated multiple times to obtain A;
(withm,; < m;). By sorting d, in ascending order, the small-
est m,, state points form the analog state set A;,;, known
as the OLDAg. The analog states are denoted as x (/). Let
my, = 1, the state with the smallest d, is identified as the
OLDA state, denoted as x(I). Where [,I, € K and [, I}, # i,
with k=1,2,3, ... N Based on the OLDA algorithm,
OLDA ;, can appropriately expand the sample of analogous
states and optimize the estimation of the PL in the case of
limited observational data. The detailed parameters of the
OLDA and OLDAy, algorithm used in this study are shown
in “Appendix A”.

To compare the error growth between reference states and
analog states obtained from LDA, OLDA, and OLDAg, algo-
rithms, we introduced the Lorenz63 system (Lorenz 1963)
and employs the NLLE method to quantitatively estimate its
PLs. The Lorenz63 model is:

¥=-o(x—y)
y=—-xz+rx—y, 5)
z=xy—bz

where 6 = 10, r =28, b = 8/3. The time series of the
variables x, y, and z is obtained with the fourth-order
Runge—Kutta method, a time step of A = 0.01. The time
series includes 1 x 10° points.

Figure 1 shows the mean absolute error growth and
RGIE curves for x, y, and z variables of the Lorenz63
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Fig.1 al Mean absolute error (E) growth of the variable x of the
Lorenz63 model estimated by the LDA (black line), OLDA (red line),
and OLDAy; (blue line) algorithms, respectively. b1, ¢l are the same
as al, but for the variables y and z of the Lorenz63 model, respec-

system obtained using different algorithms, along with
their PLs. The mean absolute error growth curves for
the x, y, and z variables converge to the same satura-
tion level across all algorithms; however, during the error
growth phase, the OLDA algorithm shows a significantly
lower error rate increase compared to the LDA algorithm,
particularly within the first 5 dimensionless time units
(DTUs) of the linear error growth stage (Fig. lal—-cl).
Similarly, the RGIE rates from the OLDA algorithm are
obviously lower in the initial stages compared to the LDA
algorithm, with the PLs of the x and y variables improving
from 21 to 24 DTUs, while the z variable’s PL remains
at 24 DTUs with all algorithms, though the RGIE curve
also shows noticeable improvement (Fig. 1a2—c2). The
comparison of error growth characteristics clearly high-
lights the improvements offered by the OLDA algorithm
over the LDA algorithm. Moreover, the OLDA algorithm
initially filters out state points outside the initial distance
radius, which significantly reduces computation time. In
this study, the PL is estimated by identifying the time at
which the RGIE reaches 99% of its saturation level (Li
and Ding 2011). These comparison results substantiate
the effectiveness of the OLDA algorithm in ameliorating
the mean absolute error growth and RGIE based on the
experimental data of a single variable of the Lorenz63
system.

tively. a2, b2, ¢2 As in al, b1, cl, but for mean relative growth of ini-
tial error (RGIE, @), respectively. The dashed horizontal lines repre-
sent the 99% levels of the saturation values from the three algorithms,
respectively, and the dotted vertical lines represent the corresponding
predictability limits (7,), respectively

3 Decadal PL of monthly SST
3.1 Spatial distribution of decadal PL of SST

Figure 2a shows the spatial distribution of the PL of 9-year
low-pass filtered SST based on the ERSST.v5 dataset, with
the OLDA algorithm applied to the NLLE method. The
zonal mean result indicates that the decadal PL of SST
ranges from about 8—17 years, with a global mean of about
10 years. Regions with high decadal PLs are mainly found
in the NH 15° —45°N, with PL values of about 11-12
years, and in the SH 30° — 60°S, with PL values of about
11-14 years. In contrast, lower PLs are observed in the
low to mid-latitude SH (0° —40°S), with values of about
8-10 years. The zonal mean PL reaches about 17 years in
the 60° — 72°N region, influenced by local PL in the Nor-
wegian Sea in the North Atlantic (60° —72°N, 0° —20°E),
which is less representative. These results align with previ-
ous study (Ding et al. 2016), but the LDA algorithm esti-
mates a lower SST decadal zonal mean (about 6-9 years)
compared to OLDA, highlighting the OLDA’s advantage.

The decadal PL of SST exhibits significant spatial vari-
ations across ocean basins (Fig. 2a). Notable decadal PL is
observed in the northern Pacific Ocean, northern Atlantic
Ocean, tropical Indian Ocean, and Southern Ocean, con-
sistent with the findings of Ding et al. (2016), although
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Fig.2 a Spatial distribution
(left) of the SST predictability
limit (Tp, in years) estimated

by the OLDA algorithm for the
9-year low-pass filtered ERSST.
v5 dataset, and its zonal mean
profile (blue solid line) on the
right, with the global mean
(black dashed line). b As in a,
but for the OLDA, algorithm

T
180° 7 911131517

75°N
- 60°N
- 45°N
- 30°N
- 15°N
L 0°

- 15°S
- 30°S
- 45°S
- 60°S

0°E 60°E

3 4 5

spatial patterns differ. The eastern North Pacific Ocean
(5°—=60°N, 155°E —100°W) also presents extensive
high PL (over 9 years), which was not detected by previ-
ous study (Ding et al. 2016). Decadal PL in the low- to
mid-latitude South Pacific is generally low, with a clear
asymmetry between the hemispheres. The North Atlantic
Ocean (0° —60°N, 95° — 5°W) shows high decadal PLs
(about 7-12 years) with distinct regional characteristics.
Although tropical SSTs generally have lower decadal pre-
dictability, the tropical North Atlantic Ocean (0° —20°N,
55°—20°W), Arabian Sea (0°—20°N, 45°—-80°E), and
Maritime Continent (10°S — 10°N, 90° — 130°E) have
higher PLs (about 8 — 12 years). The Southern Ocean
(30°—=65°S, 0°-360°E) generally shows high predict-
ability, forming a zonal band with a PL exceeding 12
years. However, some regions exhibit lower PLs. Simi-
lar to Ding et al. (2016), the central-eastern equatorial
Pacific (10°N —10°S, 140° — 60°W) shows a lower dec-
adal PL (about 4 — 7 years), likely primarily influenced
by the interannual variability of ENSO. Additionally, our
estimates indicate that the western North Pacific Ocean
(10°—=30°N, 110° — 140°E) has a decadal PL of less than
7 years, lower than that in the previous study (Ding et al.
2016), possibly due to data version differences or inherent
limitations affecting SST decadal variability representa-
tion in these regions.
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Previous studies have extensively examined the decadal
variability of SST in the North Pacific Ocean and North
Atlantic Ocean, with a focus on phenomena such as the
PDO and AMO (Mantua et al. 1997; Power et al. 1999;
Kerr 2000; Enfield et al. 2001; Trenberth and Shea 2006;
Zhang and Delworth 2006; Newman et al. 2016; Deser and
Phillips 2021). The spatial distribution of the SST decadal
PL (Fig. 2) reveals a high-value region in the eastern North
Pacific Ocean (5°—60°N, 155°E — 100°W), where PL is
notably concentrated. Bond et al. (2003) emphasized that
North Pacific Ocean SST decadal predictability is primar-
ily driven by internal decadal variations and that a single
indicator, such as the PDQ, is insufficient to fully character-
ize the climate. North Pacific Ocean decadal variability is
also influenced by other modes and ocean currents, such as
the North Pacific Gyre Oscillation (NPGO), the Kuroshio-
Oyashio Extension (KOE), among others (Qiu 2003; Di
Lorenzo et al. 2008; Liu and Di Lorenzo 2018; Joh et al.
2022; Lorenzo et al. 2023). The presence of multiple SST
decadal variability modes in the eastern North Pacific Ocean
creates favorable conditions for the region’s high decadal
predictability.

In the North Atlantic basin, similar high PL regions exist,
likely due to the AMO and the Atlantic Meridional Over-
turning Circulation/thermohaline circulation (AMOC/THC,
Levine et al. 2017; Yeager and Robson 2017; Zhang et al.
2019b; Yeager 2020). The decadal variability of the tropical
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Atlantic, as suggested by early studies (Carton et al. 1996;
Rajagopalan et al. 1998) and reinforced by Nnamchi et al.
(2023), is positively influenced by Atlantic Ocean circula-
tion. Although the SH has a larger ocean area, the key PL
regions are concentrated in the Southern Ocean (30° — 65°S,
0°—360°E), possibly due to sparse SST observations. Xue
et al. (2018a) identified the South Atlantic multi-decadal
variability (SAMV), which affects South Indian Ocean
SST variability through atmospheric circulation (Xue et al.
2018c). However, research on Southern Ocean decadal vari-
ability remains limited and warrants further exploration.

In the tropics, the decadal PL of the Arabian Sea
(0°—20°N, 45° —80°E) may be linked to the Indian Ocean
Dipole (IOD) influenced by ENSO and PDO (Han et al.
2014; Krishnamurthy and Krishnamurthy 2016), the decadal
10D (Dong and McPhaden 2017), the Interdecadal Pacific
Oscillation (IPO, Dong et al. 20164, b), and the NAO (Xie
et al. 2021). The SST decadal variability in the Maritime
Continent (10°S — 10°N, 90° — 130°E), at the junction of
the Indian and Pacific Ocean basins, may be affected by the
Indonesian Throughflow (ITF) and influence East Asian cli-
mate through the decadal Pacific—Japan (PJ) pattern (Zhang
et al. 2018; Li et al. 2018; Xie et al. 2022). Moreover, the
decadal PL of SST is influenced not only by internal vari-
ability but also by inter-basin interactions. For instance,
the tropical Atlantic Ocean may impact Pacific Ocean dec-
adal climate (Chikamoto et al. 2016), and the North Atlan-
tic Ocean is a significant contributor to Pacific decadal

variability (Yao et al. 2021). These interactions require fur-
ther investigation.

Figure 2b shows the spatial distribution of the decadal
PL of SST estimated using the OLDAj algorithm. While
maintaining consistency with the spatial patterns observed
in Fig. 2a, the expansion of the sample size during cal-
culations has resulted in higher decadal PLs in certain
regions, such as the eastern North Pacific Ocean (5° — 60°N,
155°E —100°W). This indicates that the OLDAy, algorithm
not only robustly reproduces the OLDA results but also
provides better estimates of the potential decadal PL under
conditions of limited data length.

3.2 RGIE characteristics and decadal PLs of key SST
regions

Figure 2 reveals several key regions with relatively high
SST decadal PLs, despite variations across ocean basins.
Based on this, we averaged the time series of grids in regions
where the decadal PLs exceed 10 years and estimated the
decadal PLs of these areas. These estimates are illustrated
in Fig. 3, which shows the regionally averaged RGIE for
SST in key areas including the eastern North Pacific Ocean
(5°N —60°N, 155°E — 100°W, Fig. 3a), the Gulf Stream
region (15° —45°N, 95° —60°W, Fig. 3b), mid-latitude North
Atlantic Ocean (25° —60°N, 55° —5°W, Fig. 3c), tropical
North Atlantic Ocean (0°—20°N, 55° —20°W, Fig. 3d),
the Arabian Sea (0° —25°N, 45° — 80°E, Fig. 3e), Mari-
time Continent (10°S — 10°N, 90° — 130°E, Fig. 3f), eastern
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Fig.3 RGIE and predictability limit of the 9-year low-pass filtered
monthly ERSST obtained using the OLDA (red line) and OLDAg
(blue line) of the NLLE method for different ocean basins. a east-
ern North Pacific Ocean (5°N—60°N, 155°E—100°W), b the Gulf
Stream (15°—45°N, 95°—60°W), ¢ mid-latitude North Atlantic
Ocean (25°—60°N, 55°—5°W), d tropical North Atlantic Ocean
(0°=20°N, 55°—20°W), e the Arabian Sea (0°—25°N, 45°—80°E),

0152025 0 5

0152025 0 5 10 15 20 25
time (years) time (years)
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f the Maritime Continent (10°S—10°N, 90°—130°E), g eastern
South Pacific Ocean (5°—30°S, 150°—=70°W) and h Southern Ocean
(30°—65°S, 0°—360°E). The dashed horizontal lines represent the
99% levels of the saturation values from the two algorithms, respec-
tively, and the dotted vertical lines represent the corresponding pre-
dictability limits (7},, in years), respectively
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South Pacific Ocean (5°—30°S, 150° —70°W, Fig. 3g) and
the Southern Ocean (30° —65°S, 0°—360°E, Fig. 3h). It is
evident that the initial error growth rates vary across dif-
ferent ocean basins, leading to differences in the estimated
decadal PLs, with SST decadal PLs in these key regions all
over 14 years.

Quantitative estimates clearly indicate that the North
Pacific and North Atlantic basins have relatively high dec-
adal PLs, consistent with previous research showing sig-
nificant decadal variability in SST within these regions.
Similarly, the Arabian Sea (Fig. 3e) and the Southern Ocean
(Fig. 3h) also exhibit high decadal PLs, consistent with ear-
lier quantitative estimates (Ding et al. 2016). Nevertheless,
further comprehensive exploration is needed to understand
the mechanisms driving SST decadal variability in these
basins and its broader implications.

3.3 Decadal PLs of major SST modes

In addition to the key regions of SST decadal PLs, we used
the OLDA and OLDAy algorithms along with NLLE to
estimate the major decadal modes of SST, including AMO,
PDO, and SSTID. Figure 4 presents the RGIE and decadal
PLs of these indices after the 9-year low-pass Gaussian filter.
The RGIE for each mode reveals distinct growth patterns:
The AMO index shows rapid initial error growth for the first
10 years, which then slows and eventually saturates, with
a decadal PL of about 14 years (Fig. 4a). The PDO index
exhibits rapid error increase in the first 7 years, followed
by a deceleration and eventual saturation, with a decadal
PL of about 13 years (Fig. 4b). For the SSTID index, initial
error grows rapidly over the first 13 years, then slows and
stabilizes, which results in a decadal PL of approximately
17 years (Fig. 4c). These results indicate that the PLs of
different decadal SST modes respond differently to initial
conditions.

Previous studies suggest that initial conditions can pro-
vide predictability during the rapid error growth phase but
may later be influenced by nonlinear processes such as
internal variability or external forcing (Ding et al. 2010,
2011, 2016; Ding and Li 2011; Li and Ding 2013). Conse-
quently, in addition to internal SST variability, factors such
as THC, sunspot activity cycles, and volcanic activity may
also impact the decadal PLs of these modes. Among the
major decadal modes of SST, SSTID exhibits the longest PL,
extending to 17 years, which is greater than that of AMO
and PDO. As a global-scale mode, SSTID’s interhemi-
spheric asymmetric temperature variability is independent of
regional SST modes. In contrast, the PDO and AMO serve
as regional manifestations of SSTID, reflecting temperature
variability specifically in the North Pacific and North Atlan-
tic, respectively (Sun et al. 2013; Xue et al. 2018b). The
higher decadal PL of AMO, regulated by the predictable
AMOC (Msadek et al. 2010), aligns with Ding et al. (2016),
while the PDO’s slightly lower PL reflects its dependence
on wind-driven upper-ocean circulation in the North Pacific
(Liu and Di Lorenzo 2018).

4 Decadal PL of monthly SLP
4.1 Spatial distribution of decadal PL of SLP

The decadal predictability of SLP is crucial for understand-
ing and improving climate predictions. In this study, we esti-
mated the decadal PLs of SLP using the OLDA and OLDAg
algorithms combined with the NLLE method (Fig. 5). Con-
sistent with the quantitative estimates of SST decadal PLs
(Fig. 2), the OLDAy, algorithm accurately reproduces the
spatial distribution of SLP decadal PLs derived from the
OLDA algorithm (Fig. 5a), while also demonstrating longer
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Fig.4 a As in Fig. 3a, but for the AMO index. b As in a, but for the PDO index. ¢ As in a, but for the SSTID index

@ Springer



Estimating the decadal-scale climate predictability limit using nonlinear local Lyapunov...

Page9of23 85

Fig.5 Asin Fig. 2, but for SLP

predictability limit (7),, in years)

based on the 9-year low-pass 0N 90t
filtered monthly HadSLP2r 60°N L 60°N
dataset
30°N 1 - 30°N
Oo B Oo
30°S - 30°S
60°S - 60°S
90°S - T T T T T 90°S
0°E 60°E 120°E 180° 120°W 60°W 1
90°N 90°N
60°N - 60°N
30°N - 30°N
Oo L. Oo
30°S - 30°S
60°S - 60°S
90°S + . . . . — ———+ 90°S
0°E 60°E 120°E 180° 120°W 60°W 8 9 10 N
Tp
3 4 5 7 8 9 10 11 12

potential decadal PLs in certain regions (Fig. 5b), even with
limited data length.

The decadal PLs of SLP, as indicated by zonal mean
results (Fig. 5), are generally lower than those of SST
(Fig. 2) and range from about 8 to 11 years. The SH gen-
erally exhibits higher PLs than the NH. Regions within
70° —85°N and 15° —30°N have limits above the global
mean, while the SH mid to high latitudes (50° — 85°S) show
higher PLs, possibly influenced by the decadal variability
of the SAM mode and Southern Ocean SST. In contrast,
the PLs of SLP in the 15°N —40°S region are relatively
low (about 9 years), a feature similar to the zonal mean
of SST and possibly influenced by it. However, in the NH
mid-latitude region (40° — 70°N), the decadal PL of SLP is
lower than the global mean (about 8-9 years), a pattern that
diverges from the zonal mean of SST (Fig. 2), which indi-
cates the influence of other non-SST factors.

In terms of spatial distribution, although the decadal
PL limit of SLP exceeds 10 years in some areas, the dis-
tribution of high-value regions is relatively scattered and
mainly appears in patchy patterns (Fig. 5). Compared to SST
(Fig. 2), the high-value regions for SLP are more dispersed
in distribution. This reflects greater spatial heterogeneity
and suggests that the decadal influencing factors for SLP

are more complex than those for SST. This reflects a certain
degree of spatial heterogeneity and suggests that the decadal
influencing factors for SLP are more complex than those for
SST. Consistent with previous quantitative estimates (Ding
et al. 2016), we observed relatively high decadal PLs in the
mid to high latitudes south of Africa (50° —85°S, 0° —80°E)
and the NH high latitudes (65° — 85°N, 0° —360°E), which
may contribute to the zonal mean PL in these regions being
higher than the global mean.

Across the ocean basins, we identified regions with rela-
tively high decadal PLs of SLP (Fig. 5), including the north-
west Pacific Ocean (20° —40°N, 130° — 170°E), the central
and eastern Pacific Ocean (10°S —20°N, 155°—110°W), the
subtropical North Atlantic Ocean (10° —30°N, 55° — 15°W),
the southern Indian Ocean (15°—40°S, 65°—85°E), and
the Southern Ocean (30° — 65°S, 0° —360°E), where the PL
exceeds 10 years. In the central and eastern Pacific Ocean,
the subtropical North Atlantic Ocean, and the Southern
Ocean, the decadal PLs of SLP align with relatively high
decadal PLs of SST (over 10 years) (Fig. 2). This alignment
may result from the influence of local SST decadal vari-
ability on SLP, which contributes to the higher decadal PLs
of SLP. However, when compared to the spatial distribution
of the decadal PL of SST shown in Fig. 2, the high-value
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regions of SLP within each ocean basin do not fully corre-
spond with those of SST. For instance, while the northwest
Pacific Ocean and the southern Indian Ocean exhibit higher
decadal PLs of SLP (over 10 years), the corresponding SST
decadal PLs in these regions are lower (below 9 years). This
suggests that SLP decadal predictability is not solely driven
by local SST decadal variability. Further investigation is
required to identify other potential sources of SLP decadal
predictability. Besides the ocean basins, some continental
regions also display relatively high decadal PLs (Fig. 5),
such as central Africa (5°S —15°N, 10°—55°E), the Arabian
Peninsula — East Asia (20° —45°N, 45° — 120°E), northern
North America (50° —65°N, 120° —85°W), and the South
American continent (5°N —35°S, 85°—45°W). In these
areas, the decadal PL of SLP generally exceeds 10 years.
In contrast, in regions with high decadal PLs of SST, the
SLP may not always have high decadal PLs. For instance,
in the northeastern Pacific (25° — 60°N, 160° — 125°W), the
decadal PL of SST exceeds 10 years (Fig. 2), while SLP is
only about 6 to 7 years.

In terms of potential physical mechanisms, the mid to
high latitudes south of Africa (50°—85°S, 0°—80°E) and
the NH high latitudes (65° — 85°N, 0° —360°E) may be
influenced by the primary decadal modes in these regions:
the NAO and the SAM. This influence likely contributes
to the relatively high decadal PLs observed in these areas.
Traditional studies suggest that atmospheric memory is
typically short, with atmospheric signals primarily used for
seasonal predictions (Redolat et al. 2020). However, some
atmospheric signals coupled with SST also exhibit decadal
variability and affect local climates (Sun et al. 2015; Li et al.
2019, 2022; Redolat et al. 2020). In the northwest Pacific
(20° —40°N, 130° —170°E), the decadal PL of SLP may be
influenced by interactions across ocean basins, such as the
AMO (Sun et al. 2017). In the central and eastern tropical
North Pacific (5°—25°N, 155°—-100°W), where SST shows
high decadal PLs (Fig. 2), the decadal PL of SLP might be
impacted by local decadal variability in SST. The decadal
PL of SLP in the subtropical North Atlantic (10°—30°N,
55°—15°W) could be influenced by both the high decadal
PL of local SST and the NAO. In the Indian Ocean, previous
research (Feng et al. 2012) has identified a coupled interac-
tion between SST and SLP in the southern Indian Ocean,
with primary manifestations as low-frequency changes.
Additionally, topographic elevation may also have some
influence, such as that of the Tibetan Plateau and the Congo
Basin, among others.

Overall, the decadal PL of SLP in the SH mid to high
latitudes (40° —85°S, 0°—360°E) is relatively high, poten-
tially influenced by the high decadal PL in the Southern
Ocean (30° —65°S, 0° —360°E) or by a combination of fac-
tors such as SAM or Antarctic Sea ice. On land, the decadal
PL of SLP may be influenced by nearby oceanic decadal
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variability (Boer 2000), such as the area in central Africa
adjacent to the Arabian Sea shown in Fig. 2, as well as
land—atmosphere interactions. However, further investiga-
tion is needed to explore additional influencing mechanisms.
The differing spatial distributions of SST and SLP PLs indi-
cate that atmospheric predictability, even at lower levels, is
not exclusively driven by surface conditions; rather, remote
factors and internal atmospheric variability also contribute
significantly. This emphasizes the limitations of single-factor
predictions and highlights the need to consider nonlinear
interactions among multiple factors.

4.2 RGIE characteristics and decadal PLs of key SLP
regions

Figure 6 shows the regional averages of grids where the
decadal PL of SLP is at least 10 years. Both the OLDA and
OLDAj, algorithms were used to estimate relatively high
decadal PLs, with the following specific results: the decadal
PL in the mid to high latitudes south of Africa (50° —85°S,
0°—80°E) is about 14 years (Fig. 6a), in the southeast-
ern Pacific Ocean (40° —75°S, 150°—105°W) about 16
years (Fig. 6b), and in the southwestern Atlantic Ocean
(45°—-60°S, 70° — 50°W) about 14 years (Fig. 6¢), all of
which are located in the mid to high latitudes of the SH.
The relatively high decadal PLs of SLP in these regions may
be related to the high decadal PLs of SST in the Southern
Ocean or the influence of the SAM. The decadal PL in the
NH high latitudes (65° — 85°N, 0° —360°E) is about 10 years
(Fig. 6d), possibly influenced by the NAM or sea ice.

In the region from the Arabian Peninsula-northwestern
Pacific Ocean (20° —45°N, 45°E — 170°E), the decadal PL is
about 17 years (Fig. 6e), represented as multiple centers. The
OLDA ; algorithm illustrates the spatial distribution of these
centers (Fig. 5), which may be influenced by land—atmos-
phere interactions. The decadal PL in the eastern North
Pacific Ocean-central America (0°—30°N, 155°—90°W) is
around 19 years (OLDAg algorithm) or 15 years (OLDA
algorithm) (Fig. 6f), and this higher predictability may be
related to the decadal PLs of SST in the eastern North Pacific
and the North Atlantic Current. The decadal PL in the sub-
tropical North Atlantic Ocean (10° —30°N, 55° — 15°W)
is about 14 years (Fig. 6g), likely influenced by the high
SST decadal PL in this region and factors such as the NAO.
The decadal PL in the southern Indian Ocean (15° —40°S,
65° —85°E) is around 10 years (Fig. 6h).

In central Africa (5°S — 15°N, 10° —55°E), predominantly
land-based, shows a decadal PL of about 17 years (Fig. 61),
while the land area in northern North America (50° — 65°N,
120° — 85°W) has a decadal PL of about 15 years (Fig. 6j).
South America (5°N —35°S, 85° —45°W) stands out with a
decadal PL of about 21 years (Fig. 6k), the highest of the
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selected regions. These regions should be given particular
attention in decadal SST predictions.

4.3 Decadal PLs of major SLP modes

Based on the OLDA and OLDAg, algorithms, we applied
the NLLE to estimate the decadal PLs of major SLP modes,
which include the NAM, the SAM, and the NAO, as shown
in Fig. 7. The RGIE curves for these indices reveal the fol-
lowing growth patterns: the NAM index demonstrates a
steady increase after an initial phase of rapid growth and

time (years)

(20°—45°N, 45°E—170°E), f eastern North Pacific Ocean-central
America (0°—=30°N, 155°-90°W), g subtropical North Atlan-
tic Ocean (10°—30°N, 55°—15°W), h southern Indian Ocean
(15°—40°S, 65°—85°E), i central Africa (5°S—15°N, 10°—55°E),
j northern North America (50°—65°N, 120°—85°W) and k south
America (5°N —35°S, 85° —45°W)

fluctuations during the first five years, with a decadal PL of
approximately 11 years (Fig. 7a). This is significantly higher
than the about 4 years estimated using the LDA algorithm
(Ding et al. 2016), which potentially underestimates the
decadal PLs in the Arctic region. The SAM index shows a
decadal PL of about 15 years (Fig. 7b). In the SH, high-value
regions of SST and SLP from subpolar to polar areas suggest
that factors such as SST and sea ice play a crucial role in
the determination of the decadal PL. Among the three SLP
modes, the NAO index has the longest decadal PL, about
16 years (Fig. 7c).
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Fig.7 a As in Fig. 3a, but for the NAM index. b As in a, but for the SAM index. ¢ As in a, but for NAO index

The decadal PLs of SLP modes are influenced by vari-
ous factors, like SST and sea ice variability in mid to high
latitudes, as well as stratospheric conditions, quasi-biennial
oscillation (QBO), and seasonal variations (Hu and Tung
2002; Smith et al. 2016; Lou et al. 2017; Feng et al. 2021).
While the main SLP modes demonstrate high potential for
decadal predictability, their actual limits are affected by vari-
ability across different scales and sources.

5 Seasonal differences in decadal PLs
5.1 Seasonal differences in decadal PLs of SST

Figure 8 illustrates the spatial and zonal mean distribu-
tion of seasonal mean SST decadal PLs in boreal spring
(March—-May, MAM), summer (June—August, JJA), autumn
(September—November, SON), and winter (December-Feb-
ruary, DJF). Quantitative estimates indicate that the global
mean decadal PL of SST is about 10 years, with variations
observed across different seasons (Fig. 8a, d, right panels).
However, PLs are slightly higher in summer and autumn
compared to spring and winter. This difference is primarily
due to the lower overall PLs in spring in the SH and in the
mid and lower latitudes of the SH during winter. While the
zonal mean profiles of seasonal decadal PLs (Fig. 8, right
panels) exhibit some similarities to the zonal mean profile
of monthly SST decadal PLs (Fig. 2, right panels), signifi-
cant seasonal differences are still apparent. This highlights
the significant impact of seasonality on decadal PLs, par-
ticularly in the mid-to-high latitudes of both hemispheres
and the tropical regions of the SH. Therefore, spatial and
seasonal differences should be considered in decadal climate
predictions.

In comparison with the spatial distribution (Fig. 8a—d,
left panels) of high-value areas for monthly SST decadal
PLs (Fig. 2), these seasonal distributions reveal distinct
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differences. The North Pacific Ocean basin typically shows
high decadal PLs, although there are notable seasonal vari-
ations. For example, the high-value area (over 10 years) in
the eastern North Pacific Ocean (0° —50°N, 140°—110°W)
diminishes in summer compared to spring, while in autumn,
the decadal PL in the northwest Pacific Ocean (10° —45°N,
110° —135°E) decreases to a range of about 8 years. Con-
versely, the South Pacific Ocean exhibits a patchy distri-
bution of high-predictability regions, primarily in the cen-
tral (10°—40°S, 180°—125°W) and eastern (10° —30°S,
120° —70°W) areas. While these regions exhibit relatively
high PLs in boreal spring and autumn, the central high-value
area diminishes in summer and is largely restricted to the
Southern Ocean in winter. Overall, the decadal PLs in the
Pacific Ocean basin exhibit asymmetry between the NH and
SH, with larger PLs and more extensive high-value areas
in NH.

The decadal PL in the Indian Ocean basin exhibits sig-
nificant seasonal differences. During boreal summer, the
overall decadal PL reaches its highest value, significantly
exceeding that of other seasons. In contrast, high PLs
(over 10 years) in other seasons are restricted to localized
regions. For instance, in winter, the high-value areas are
restricted to a limited section of the southern Indian Ocean
(5°-20°S, 70°—90°E), while other regions exhibit PLs
below 8 years. In spring, high PLs are primarily observed
in the tropical eastern Indian Ocean and the Maritime Con-
tinent (5°N —20°S, 80° — 115°E), while the decadal PLs to
the west of this area are lower (about 4—7 years). In autumn,
high-value regions are mainly found in the Arabian Sea
(0°—20°N, 45°—-80°E), the Bay of Bengal (0°—25°N,
80° — 100°E), and multiple patchy areas in the southern
Indian Ocean. Overall, decadal predictability of SST in the
Indian Ocean is more difficult in seasons other than summer,
with winter being the most challenging.

In the Atlantic Ocean basin, decadal PLs are elevated
during summer and autumn, with autumn displaying the
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highest values, followed by summer. Conversely, winter
and spring generally show lower PLs. During winter and
spring, high predictability is mainly observed in the NH,
while the South Atlantic Ocean basin shows relatively lower
values. Specifically, high decadal PLs (over 9 years) are
consistently observed across all seasons in the Gulf Stream
region (15°—45°N, 95° —60°W), the western tropical North
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Atlantic Ocean (0° —20°N, 55° —20°W), and the mid to high
latitude areas of the North Atlantic Ocean (30° — 65°N,
35°—5°W). In comparison, the mid-latitude region of the
North Atlantic Ocean (35° — 60°N, 55° —25°W) exhibits
lower PLs (blow 8 years) during spring and summer.

The Southern Ocean (30° —65°S, 0° —360°E) also exhib-
its significant seasonal differences in decadal PLs. Overall,
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decadal PLs remain relatively high across all seasons, which
contrasts with the lower predictability observed on the inter-
annual scale (Li and Ding 2013). However, the distribution
of high-value areas varies significantly across seasons.
Spring displays a lower decadal PL compared to other sea-
sons. This reduction is mainly attributed to the lower zonal
mean predictability in the mid to high latitudes (50° — 65°S)
during spring. The presence of these low-value areas in
spring primarily drives the overall reduction in predictabil-
ity for that season.

In summary, the decadal PLs of SST reveal significant
seasonal differences across various ocean basins. A com-
prehensive analysis of these seasonal patterns is essential
for understanding long-term SST trends and to enhance
decadal SST predictions. Estimations of the decadal PLs of
different seasonal mean SSTs provide clearer insights into
ocean—atmosphere interactions and enhance our capacity for
precise decadal climate predictions.

5.2 Seasonal differences in decadal PLs of SLP

The decadal PLs of SLP show significant seasonal differ-
ences (Fig. 9), which differ notably from the seasonal pat-
terns observed in SST (Fig. 8). In general, the global mean
PL in the NH is relatively high in spring (about 10 years),
whereas in other seasons, it is slightly lower (about 9 years).
However, the latitudinal distribution of high PL regions var-
ies considerably between seasons. In spring, the mid and
low latitudes regions (45°N —45°S) in both hemispheres
demonstrate relatively high PLs, which range from 10 to 12
years (Fig. 9a, right panel). In contrast, the tropical SST PL
is lower in spring (Fig. 8a, right panel), which suggests that
the predictability of tropical SLP may be influenced by both
tropical and extratropical SST. The other seasons exhibit
similar patterns. Summer displays high PLs regions in the
NH mid-to-low latitudes (0° — 60°N) and the SH mid-to-high
latitudes (50° —75°S), where PLs are over 9 years (Fig. 9b,
right panel). Autumn shows comparable PLs between hem-
ispheres but with particularly high values in the tropical
(25°N —25°S) and SH high-latitude (60° —85°S) regions
(Fig. 9c, right panel). And winter concentrates PL primarily
in the SH mid-to-high latitudes(45° — 85°S) (Fig. 9d, right
panel).

A comparison of these patterns with the zonal profiles
of SST (Fig. 8) reveals that high decadal PLs of SST do
not necessarily coincide with high PLs of SLP in the same
region. This complexity in ocean—atmosphere interactions
emphasizes the necessity of a thorough investigation into
these relationships to enhance our comprehension of decadal
predictability.
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Figure 9a—d (left panels) illustrate the spatial distri-
bution of seasonal mean decadal PLs of SLP for boreal
spring (MAM), summer (JJA), autumn (SON), and win-
ter (DJF), which highlight notable seasonal differences
in these PLs. Compared to the monthly results (Fig. 5,
left panels), new patterns emerge. In the NH high-lati-
tude regions (65° — 85°N, 0° —360°E), decadal PLs are
generally lower, with high-PL regions being localized.
For instance, in summer, the East Siberian Sea—Beaufort
Sea region (65° —85°N, 150°E — 130°W) exhibits rela-
tively high decadal PL (over 10 years, Fig. 9b). In the SH
mid-to-high latitudes (30° —85°S, 0° —360°E), high PLs
are observed across seasons, including regions south of
Africa (50° —85°S, 0°—80°E), the South Pacific Ocean
(40°—80°S, 160°E — 80°W), and the South Atlantic Ocean
(30°—-70°S, 60°—0°W). However, these regions experi-
ence lower PLs in summer (Fig. 9b), with similar reduc-
tions observed in the South Pacific Ocean during autumn.
In mid-to-low latitudes, the Indian Ocean—Eurasia—Africa
region (55°N —15°S, 0° —105°E) consistently shows
high PLs, particularly in spring and summer. The mid-
to-low latitudes of the Pacific Ocean display high decadal
PLs in spring, with this limit concentrated in the Mari-
time Continent—Northwest Pacific Ocean (50°N — 10°S,
110°E — 170°W) during summer (Fig. 9b). In autumn
and winter, decadal PLs generally decrease, with high-
value areas that appear in patches; during winter, espe-
cially high limits are found in the East Asia — Maritime
Continent — Australia region west of the Pacific Ocean
(Fig. 9c¢, d). In the Americas—Atlantic Ocean mid-to-low
latitudes, high-value regions shift in a strip-like pattern
across seasons, with a focus on the North American West
Coast—North Atlantic Ocean mid-latitudes (10° —55°N,
120° — 5°W) during summer and in the South Ameri-
can—Atlantic Ocean mid-to-low latitudes (15°N —45°S,
80° —0°W) during other seasons. Moreover, our results
reveal relatively high decadal PLs of SLP in monsoon
regions, even though predicting interannual variability in
these areas remains challenging. For example, in South
Asia and East Asia, SLP decadal PLs exhibit seasonal
differences, potentially driven by decadal-scale SST vari-
ability, solar activity, and seasonal variations of other fac-
tors (Watanabe and Yamazaki 2014; Dong et al. 2016a;
Jin et al. 2019). However, the mechanisms influencing
the decadal PLs of SLP, particularly their seasonal differ-
ences, require further investigation. Our seasonal analyses
suggest that decadal PLs could guide further studies to
improve predictive capabilities for monsoon regions.

The decadal PLs of SLP do not completely correspond
to those of SST (Fig. 8), which suggests that decadal
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Fig. 10 a Seasonal variations in the decadal predictability limit (7),,
in years) of monthly seasonal averaged of the AMO (closed circle)
index, PDO (open circle) index and SSTID (closed triangle) index,

atmospheric predictability is influenced not only by local
SST but also by remote SSTs and land—atmosphere inter-
actions. This highlights the complexity of decadal pro-
cesses in the ocean—atmosphere system and the challenges
in decadal prediction.

5.3 Seasonal differences in decadal pls of major
decadal modes

Based on the OLDA algorithm, Fig. 10a illustrates the dec-
adal PLs of the major decadal modes of SST for each sea-
son and reveals distinct seasonal characteristics. The AMO
index exhibits relatively high decadal PLs (about 15 years)
in spring and summer in the NH, compared to approxi-
mately 13 years in autumn and 12 years in winter, indicating
stronger predictability during spring and summer relative
to autumn and winter. For the PDO index, decadal PLs are
higher in spring and winter (about 13 years) but decrease
to approximately 9 years in summer and about 8 years in
autumn, which shows stronger predictability in winter and
spring and weaker predictability in summer and autumn.
Although previous studies have observed that the PDO index
reaches higher values around May and June (Wang et al.
2012), this study reveals seasonal variations in its decadal
PLs that merit further investigation. In contrast, the SSTID
index shows a notable difference from the AMO and PDO
indices, with its highest decadal PL of about 15 years in
autumn, and the lowest limit of about 10 years in winter,
while spring and summer show intermediate values of about
12 and 13 years, respectively.

The decadal PLs of the AMO exhibit less pronounced
seasonal differences compared to the PDO and SSTID,
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which indicates greater stability. These seasonal differences
provide valuable insights into the variation of SST modes on
the decadal scale across different seasons and are significant
for long-term climate prediction.

Figure 10D illustrates the decadal PLs of the major dec-
adal modes of SLP for each season, as derived from the
OLDA algorithm. The NAO index has the highest decadal
PL in autumn (about 18 years), while the limits in other
seasons are similar, around 10 years. The decadal PL of the
NAM index is most significant in summer in the NH (about
20 years). In contrast, the PL in autumn is the lowest, at only
about 7 years; in spring and winter, it is about 11 years and
14 years, respectively. Although these values are lower than
in summer, they still indicate substantial decadal predict-
ability. Notably, the meridional scale of NAM in summer is
relatively small, with its action centers located in the Arctic
Ocean (summer) and Greenland (winter) (Ogi et al. 2004).
The decadal PL of the SAM index is about 14 years in both
spring and winter, higher than in other seasons. The PL in
autumn is the lowest at about 10 years, while in summer, it is
about 12 years, which also reflects significant predictability.

In summary, the NAM index exhibits greater seasonal
differences (with a range of about 13 years) compared to
other modes, and the seasonal differences in the NAO and
NAM indices are more pronounced than those observed in
the decadal SST modes. This suggests that, compared to
major ocean decadal modes, the primary SLP modes exhibit
greater seasonal instability on the decadal scale, which
potentially makes them more challenging to predict. We
also used the OLDA ; algorithm to perform a quantitative
estimation of seasonal means for SST, SLP, and major dec-
adal modes. The results are generally consistent with those
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obtained with the OLDA algorithm and are therefore not
discussed in detail here (see Figs. S1-S3 in Supplementary).

6 Conclusions and discussion

This study focuses on the decadal PLs of key oceanic and
atmospheric variables using the NLLE method and offers
a comprehensive evaluation of spatial and temporal vari-
ability in decadal PLs, through the application of the OLDA
algorithm that enhances traditional LDA algorithms by opti-
mizing the EW 7. The effectiveness of the OLDA algorithm
was demonstrated through its application to the Lorenz63
system, where it showed significant improvements in the
RGIE compared to the LDA algorithm. This illustrates that
OLDA more accurately captures the PL in nonlinear systems
and can effectively be applied to real-world datasets.

We examined the spatial distribution of the decadal
PL of the 9-year low-pass filtered SST and SLP fields,
revealing significant regional differences. For SST, the
PL ranges from about 8 to 17 years, with considerable
variability across ocean basins, and exhibits an asymme-
try between the NH and SH. The Southern Ocean shows
generally higher predictability and a zonal banded pattern
around the hemisphere, with values exceeding 10 years.
In the eastern North Pacific Ocean, a large region of high
predictability is observed, while the North Atlantic Ocean
also exhibits an elevated PL. Key areas with high predict-
ability (over 10 years) include the Gulf Stream region, the
mid-latitude North Atlantic Ocean, and the tropical North
Atlantic Ocean. Additionally, certain regions of the Arabian
Sea and the Maritime Continent exhibit a relatively high PL
(about 8 — 12 years). In contrast, the tropical central-eastern
Pacific Ocean and the western North Pacific Ocean show
lower PLs, with values below 7 years. For SLP, the decadal
PL ranges from about 8 to 11 years, slightly lower than that
of SST. In general, the SH shows higher predictability than
the NH. The high-value regions for SLP are more dispersed,
primarily located in the mid to high latitudes south of Africa,
the NH high latitudes, and other areas such as the north-
west Pacific Ocean, central-eastern Pacific Ocean, southern
Indian Ocean, central Africa, the Arabian Peninsula to East
Asia, and South America. In these areas, the PLs exceeds
10 years. However, the areas of high SLP decadal PLs do not
completely correspond with those of SST in terms of spatial
distribution. While some regions, such as the central-eastern
Pacific Ocean and subtropical North Atlantic Ocean, exhibit
high predictability of both SLP and SST, other regions, like
the northwest Pacific Ocean and southern Indian Ocean,
show a significant disparity between the two variables. This
indicates that local SST variability does not entirely dictate
SLP predictability, suggesting that other factors or telecon-
nections might contribute to the higher predictability of SLP

in these regions. Based on the spatial distribution analysis
of SST and SLP decadal PLs, we performed a regional aver-
age of the time series in key regions. For SST, these regions
include the eastern North Pacific Ocean, the Gulf Stream,
the mid-latitude North Atlantic Ocean, the tropical North
Atlantic Ocean, the Arabian Sea, the Maritime Continent,
the eastern South Pacific Ocean, and the Southern Ocean.
For SLP, the key regions span the mid to high latitudes south
of Africa, the southeastern Pacific Ocean, the southwest-
ern Atlantic Ocean, NH high latitudes, the Arabian Penin-
sula-northwestern Pacific Ocean, the eastern North Pacific
Ocean-central America, the subtropical North Atlantic
Ocean, the southern Indian Ocean, the central Africa, the
northern North America, and the south America. The results
indicate that the decadal PLs in these areas exceed 10 years,
highlighting significant long-term predictability.

For a more comprehensive understanding of the decadal
predictability characteristics, we also analyzed seasonal dif-
ferences. Both SST and SLP decadal PLs exhibit significant
seasonal differences. SST PLs are slightly higher during
boreal summer and autumn compared to spring and winter,
with obvious differences across different ocean basins. In the
Pacific Ocean, the NH generally shows higher PLs; however,
there are significant seasonal changes, such as the reduction
of high value areas in the eastern North Pacific during sum-
mer and a decrease to 5-8 years in the northwest Pacific
during autumn. The Indian Ocean has its highest PLs dur-
ing boreal summer, while winter poses challenges for pre-
dictability, with some localized regions showing PLs below
8 years. In the Atlantic Ocean, elevated PLs (over 9 years)
are found in summer and autumn, particularly in the Gulf
Stream region, while lower values are observed in spring and
winter. The Southern Ocean maintains relatively high PLs
across all seasons, although there is a notable reduction in
spring. In contrast, the seasonal differences in SLP decadal
PLs differ from those of SST, with a global mean PL of
about 10 years in boreal spring, compared to about 9 years
in the other seasons. Spring shows relatively high PLs (over
10 years) in mid and low latitudes regions of both hemi-
spheres, while summer features high PLs in the NH mid to
low latitudes and the SH mid to high latitudes (over 9 years).
Autumn displays similar patterns across both hemispheres,
with high values in the tropical and SH high-latitude regions,
and winter concentrates high PLs primarily in the SH mid
to high latitudes. Notably, high PLs of SST and SLP in the
same region do not necessarily coincide, underscoring the
complexity of ocean—atmosphere interactions.

This study further estimates the decadal PLs of major
SST and SLP climate modes and reveals distinct patterns.
Among SST modes, the SSTID stands out with the longest
PL of about 17 years, which functions as a global-scale dec-
adal mode. It is followed by the AMO (about 14 years) and
the PDO (about 13 years). The interaction between SSTID
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and the regional expressions of AMO and PDO emphasizes
their unique roles. In the case of SLP modes, the NAO shows
the longest PL of about 16 years, while the SAM (about 15
years) and NAM (about 11 years) have shorter PLs. Seasonal
variations are significant for both SST and SLP modes. The
AMO index demonstrates relatively high decadal PLs (about
15 years) during boreal spring and summer, which decrease
in autumn (about 13 years) and winter (about 12 years). In
contrast, the PDO index shows higher PLs in spring and
winter (about 13 years), lower in summer and autumn. The
SSTID index reaches its highest value in autumn (about 15
years) and drops to about 10 years in winter, with spring
and summer PLs around 12 and 13 years, respectively. This
indicates that the AMO index remains relatively stable with
minimal seasonal differences. Meanwhile, significant sea-
sonal variability is evident in SLP modes. The NAO index
has the highest PL in autumn (about 18 years), while other
seasons around 10 years. The NAM index reaches its maxi-
mum in the boreal summer (about 20 years), but declines
to its lowest in autumn at about 7 years, with spring and
winter values about 11 and 14 years, respectively. The SAM
index maintains PLs of about 14 years in spring and win-
ter, higher than in other seasons, while autumn records the
lowest at around 10 years and summer at about 12 years.
Overall, major SLP modes like the NAM show greater sea-
sonal variability than other modes, which indicates that their
decadal predictability varies significantly with the seasons
and increases their complexity.

Comparison with previous studies (Ding et al. 2016)
demonstrates that the OLDA algorithm provides higher and
more precise estimates of decadal PLs. While Ding et al.
(2016) reported quantitatively estimated PLs of SST ranged
from 4 to 12 years and PLs of SLP were 4-7 years, our
results consistently indicate higher PLs for both variables.
Additionally, the PLs of major decadal climate modes, such
as the PDO and NAO, are notably higher in our study. Our
analysis identifies more extensive high-PL regions and
seasonal differences in PL quantitative estimates, which
together demonstrate the broader applicability and effec-
tiveness of the OLDA algorithm in capturing decadal pre-
dictability. Although the SST and SLP datasets used in this
study differ in spatial resolution, decadal variability occurs
on long temporal scales, which typically correspond to large
spatial scales. This correspondence reduces the sensitivity
of the results to differences in resolution and allows for an
adequate representation of large-scale patterns. To further
validate these results, we conducted additional estimations
using the HadISST dataset (Rayner et al. 2003), covering the
period from January 1870 to December 2023 (see Figure S4
in Supplementary).

@ Springer

The decadal PLs estimated in this study of SST, SLP,
and their seasonal differences provide a useful reference
for evaluating decadal prediction skill. Current decadal
prediction efforts for SST show relatively high skill in
regions such as the North Atlantic Ocean, Indian Ocean,
and North Pacific, with ensemble models achieving rea-
sonable skill within a about 2-5 years range (Boer and
Sospedra-Alfonso 2019; Ruprich-Robert et al. 2021; Pan
et al. 2022; Zhou et al. 2024). However, these models tend
to underestimate decadal variability compared to the PLs
estimated in our study, which extend up to about 17 years,
indicating a substantial gap between current prediction
skill and potential predictability. For SLP, the predic-
tive skill is generally lower than that of SST, though it
has improved with better initialization and multi-model
approaches (Boer et al. 2016; Smith et al. 2019; Nicoli
et al. 2023). However, our study estimates the PLs of SLP
to range from about 8 to 11 years, which are comparable
to or even exceed those of SST in certain regions. This
suggests the need for further improvement in SLP dec-
adal prediction methods. Although much of the existing
research has focused on decadal variability in the North
Atlantic Ocean and North Pacific Ocean, our findings
reveal that other regions also exhibit high PLs. This sug-
gests the need to expand the scope of future research to
include these regions, rather than focusing solely on the
traditionally studied areas. Additionally, while some stud-
ies have addressed seasonal differences in predictability
(Miiller et al. 2012; Yeager et al. 2018; Diisterhus and
Brune 2024), our analysis shows considerable room for
improvement across various seasons.

Future research should further investigate the factors
driving decadal SST variability and its broader effects, and
examine why the decadal PL of SLP does not completely
match regions of high SST. Atmospheric decadal predict-
ability is influenced by multiple factors, including changes
in SST, sea ice, stratospheric conditions, the QBO, and
seasonal variations. Further investigation into these fac-
tors will improve our understanding of the decadal pro-
cesses within the ocean—atmosphere system and enhance
the accuracy of long-term climate predictions, particularly
in under-researched regions like the SH.

Appendix A: detailed parameters
of the OLDA and OLDAE algorithms

Table 2 presents the detailed parameters used for the
OLDA algorithm in this study, while Table 3 provides the
detailed parameters for the OLDAg algorithm used in this
study.
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Table 2 Detailed parameters of

Initial state  Local EW (z;)

Number of analog states (m,)

the OLDA algorithm set (4))
A, 0 mg > 400 my € [200,399] my € [40,200] my < 39
A, 0.1x T, m; =0.1 Xm, m; =0.2 X m,, my; =40 ml:%+1
A, 02X Ty my =20 mz_%‘f'l
A, 03X Ty msy =10 m3—%+1
A, 0.4 x T, my =35 m4:%+1
As 0.5x T, ms =1

Table 3 Detailed .parameters of Initial state  Local EW (z;) Number of analog states (m;)

the OLDA; algorithm set (A))
A, 0 mg > 200 my, € [60,200] myg € [10,59] my < 10
A, 0.1X Ty my = 0.3 X my my =60 m; =9 m1=%+1
A, 0.2x T, m, =40 my, =8 mz:%.,.]
A, 03X Ty msy =20 my =17 m3—%+1
A, 04X Ty my =10 my=6 m4—%+1
As 0.5%x T, ms =35 ms =1
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