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record-breaking flood during the summer of 2020 and the 
persistent drought during the summer of 2022 in the Yang-
tze River basin of China (Zhou et al. 2021; Ma et al. 2022; 
Zhang et al. 2024), the high-temperature droughts span-
ning Western Europe and North Africa during the spring of 
2023 (Perkins-Kirkpatrick et al. 2024; Ionita et al. 2025), 
the extreme precipitation events in multiple European coun-
tries during the summer of 2024 (Zhang et al. 2025), and 
the severe wildfires in the western United States recently 
caused by persistent drought conditions (Kelley et al. 2025). 
Severe floods or persistent droughts are particularly extraor-
dinary in global monsoon areas where climate variations 
are intensified with global warming (Gemenne et al. 2014).
These climate disasters resulting from seasonal precipita-
tion anomalies have caused profound impacts on human 
safety, agricultural production, energy security, and social 
order in the affected regions. To effectively prepare for these 

1  Introduction

Increasing risks of extreme climate disasters due to global 
warming has become a major challenge for global secu-
rity and development. Among those, droughts and floods 
are the most frequent natural disasters, causing great loss 
of life and property. Many regions around the world fre-
quently experience seasonal droughts or floods, such as the 
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Abstract
Accurate prediction of global seasonal precipitation anomalies (GSPA) is essential for mitigating flood and drought risks 
worldwide. However, current climate models exhibit limited skill in predicting GSPA, particularly in extratropical regions. 
While climate modes are acknowledged as major sources of predictability for GSPA, their specific contributions remain 
unclear. In this study, we first identify leading climate modes from tropical outgoing longwave radiation anomalies and 
extratropical 500  hPa geopotential height anomalies using EOF decomposition. We then develop a framework to inde-
pendently reconstruct GSPA based on these modes, applying a 30‑year sliding temporal window. By calculating the 
temporal correlation coefficient between the reconstructed and observed precipitation anomalies at each grid point, we 
quantitatively assess the potential predictability of GSPA using an optimal combination of climate modes for each season. 
Our results show that high potential predictability exists not only in the tropics where the leading mode associated with 
ENSO dominates, but also across various extratropical regions, especially in winter hemispheres, where the leading mode 
such as NAO or AAO plays a major role. The potential predictability derived here represents an upper limit achievable if 
these climate modes are perfectly predicted. Nevertheless, state‑of‑the‑art coupled general circulation models (CGCMs) 
show clear deficiencies in predicting extratropical seasonal precipitation, largely due to their limited skill in predicting 
extratropical climate modes. This highlights that improving CGCMs’ prediction of extratropical climate modes is crucial 
for advancing seasonal precipitation prediction in extratropical regions.
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extreme drought and flood events, accurate seasonal precipi-
tation predictions are crucial for informed decision-making.

In seasonal climate prediction, Coupled general circu-
lation models (CGCMs) are important tools developed in 
major national meteorological agencies worldwide, such as 
the eight CGCMs used for seasonal forecasts in the Coper-
nicus Climate Change Service (C3S) (Giuntoli et al. 2022; 
O'Reilly et al. 2025). Previous studies indicated that multi-
model ensemble (MME) can substantially enhance the reli-
ability of seasonal prediction skills (Lee et al. 2010; Yang 
et al. 2018, 2021, 2023). However, due to chaotic feature of 
the atmosphere, CGCMs with various uncertainties in ini-
tial conditions, parameterizations of physical processes, and 
numerical algorithms practically exhibit limited skills in 
seasonal precipitation prediction particularly over the mid-
to-high latitude regions (Yang et al. 2016, 2018; Mishra et 
al. 2018; Roy et al. 2020).

A variety of previous studies demonstrated that large-
scale climate modes play a pivotal role in shaping global 
seasonal precipitation anomalies and serve as primary 
sources of seasonal precipitation predictability (Palmer and 
Anderson 1994; Yang et al. 1998; Doblas‐Reyes et al. 2013; 
Le et al. 2023). Among those, El Niño/Southern Oscil-
lation (ENSO) as the strongest signal of climate system 
is the dominant tropical climate mode affecting seasonal 
precipitation anomalies in many regions of globe through 
teleconnections (Ropelewski and Halpert 1987; Dai et al. 
1997; Lyon and Barnston 2005; Shaman 2014; Sun et al. 
2021). For instance, ENSO events which generally mature 
in winter can simultaneously cause wintertime precipita-
tion anomalies in North America through the Pacific/North 
American (PNA) teleconnection (Straus and Shukla 2002; 
Liu et al. 2011), acting as a far-reaching effect in the extra-
tropics. Also, a warm ENSO event (El Niño) tends to induce 
a persistent anomalous western Pacific anticyclone through 
the Indian Ocean capacitor effect (Xie et al. 2009; Li et al. 
2017), thereby causing a severe following summer flood 
in subtropical East Asia (Xie et al. 2016; Chowdary et al. 
2019; Sun et al. 2021). The Indian Ocean Dipole (IOD) 
emerges as another critical tropical climate mode which can 
significantly affect precipitation anomalies in South Asia 
and the Arabian Peninsula by perturbing the South Asian 
monsoon system (Saji et al. 1999; Abram et al. 2008; Yuan 
et al. 2008). Besides the tropical climate modes, extra-
tropical climate modes such as the North Atlantic Oscilla-
tion (NAO) and the Arctic Oscillation (AO) can also exert 
substantial impacts on regional precipitation variabilities 
(Hurrell and Deser 2009; Casanueva et al. 2014; He et al. 
2017). For instance, NAO tends to affect winter precipita-
tion across Europe by modulating the intensity and position 
of westerly jet stream (Seager et al. 2020), while AO tends 
to induce summer precipitation anomalies characterized by 

a tripolar pattern in East Asia through a Eurasian telecon-
nection (Enomoto et al. 2003; Gong and Ho 2003).

It is noteworthy that the sources of seasonal precipitation 
predictability do not merely rely on a single climate mode, 
but on the synergistic effects of multiple climate modes 
(Wang et al. 2015; Hobeichi et al. 2024). For instance, when 
El Niño co-occurs with a positive phase of IOD, sea surface 
temperature (SST) anomalies are characterized by a tripo-
lar distribution across the equatorial Indo-Pacific region, 
which can amplify ENSO's impacts on global precipita-
tion (Nguyen-Le et al. 2024). A notable example occurred 
in 1997/98 when positive phases of ENSO and IOD are 
combined, which caused a catastrophic following summer 
flood in East Asia (Ashok et al. 2001; Weng et al. 2011; Qiu 
et al. 2014). ENSO also demonstrates synergistic impacts 
with extratropical climate modes. It was showed that phase 
alignment between ENSO and PDO (the Pacific Decadal 
Oscillation) can amplify precipitation anomalies along 
North America's western coast (Goodrich 2007; Zhu et al. 
2008). Furthermore, during positive phases of ENSO, nega-
tive phases of NAO tend to induce northward shifts of the 
East Asian subtropical jet and southward displacements of 
the polar front jet (Wu et al. 2009a, b). Simultaneously, an 
anomalous cyclonic circulation emerges in the mid-lower 
troposphere between Lake Balkhash and Lake Baikal, facil-
itating the convergence of cold and warm air masses over 
northern China and leading to increased snowfall in that 
region (Liu et al. 2023; Zhou et al. 2025).

From the perspective of predictability, seasonal pre-
cipitation anomalies can be basically decomposed into 
predictable components determined by climate modes and 
unpredictable ones determined by chaotic variabilities 
(Yang et al. 1998; Hassan et al. 2004). Potential predict-
ability of seasonal precipitation anomalies is fundamentally 
determined by climate modes, but actual predictability of 
seasonal precipitation anomalies depends on how accu-
rately those climate modes are predicted. Thus, it is crucial 
to investigate the potential predictability of global seasonal 
precipitation anomalies determined by climate modes, since 
this may give us an upper limit achievable of the predict-
ability as the climate modes are perfectly predicted. Such 
an investigation also has practical value for encouraging 
operational agencies to improve their predictions of major 
climate modes with CGCMs in order to eventually advance 
their predictions of global seasonal precipitation anomalies. 
However, previous studies on the investigation exhibit some 
limitations. First, previous studies predominantly focused 
on the regional impacts of individual climate modes such 
as ENSO. There remains a lack of comprehensive, global-
scale analyses, particularly regarding the influence of extra-
tropical climate modes on global precipitation anomalies. 
The synergistic effects of tropical and extratropical climate 
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modes on global precipitation variabilities have not been 
well explored. Second, methodological gaps exist in quanti-
fying predictability contributions. Many studies rely solely 
on model evaluations and comparisons to assess prediction 
performance, thereby providing only indirect assessments 
of predictability (Hausfather et al. 2020). Crucially, those 
studies have not explicitly isolated or quantitatively delin-
eated the actual contributions of distinct climate modes to 
the global precipitation predictability. Third, a fundamental 
gap remains in systematically quantifying the upper limit of 
seasonal precipitation predictability determined by climate 
modes. If the states of all key climate modes are known in 
advance, what is the maximum predictability of global sea-
sonal precipitation? What are the relative contributions of 
different climate modes to the predictability? These unre-
solved questions highlight major concerns in understanding 
the predictability of global seasonal precipitation anomalies.

In this study, we first identify dominant tropical and 
extratropical climate modes influencing global seasonal 
precipitation anomalies with empirical orthogonal function 
(EOF) decomposition of two representative variables. We 
then independently reconstruct global seasonal precipitation 
anomalies using an optimal combination of those climate 
modes with multiple linear regression, enabling a quanti-
tative assessment of potential predictability of global sea-
sonal precipitation anomalies determined by those climate 
modes and an analysis compared with the CGCM predic-
tion skills. Further, we quantify the contributions of leading 
climate modes to the precipitation predictability. The rest 
of the paper is organized as follows. Section  2 describes 
data and methods employed in this study. Section 3 identi-
fies leading climate modes and their interdecadal changes. 
Section 4 investigates potential predictability of global sea-
sonal precipitation anomalies determined by those climate 
modes, with a comparison with the predictive skills of cur-
rent CGCMs. Section 5 presents a quantitative assessment 
of contributions of leading climate modes to the potential 
predictability. Final section is devoted to summary.

2  Data and methods

2.1  Data

This study utilizes the ERA5 (Hersbach et al. 2020) monthly 
reanalysis dataset from the European Centre for Medium-
Range Weather Forecasts (ECMWF) to characterize large-
scale atmospheric circulation, including outgoing longwave 
radiation (OLR) and geopotential height at 500 hPa (Z500). 
To enable the reconstruction of precipitation anomalies over 
an extended time span and facilitate a robust assessment 
of their potential predictability, this study utilizes monthly 

precipitation data from the ERA5 reanalysis dataset. In 
addition, SST data is also taken from ERA5. Given the 
original spatial resolution of 0.25° longitude and 0.25° lati-
tude in ERA5, all variables are bilinearly interpolated into a 
uniform 1° longitude and 1° latitude grid to focus on large-
scale circulation patterns and their relationships with pre-
cipitation and SST anomalies. The season definition follows 
standard meteorological convention, that is, spring (March–
April–May average, MAM), summer (June–July–August 
average, JJA), autumn (September–October–November 
average, SON), and winter (December-January–Febru-
ary average, DJF). The climatological reference period is 
defined as 30 years, and the time span for all the data is for 
1951–2023 (73 years in total).

To compare the potential predictability of global seasonal 
precipitation anomalies obtained from the observation with 
that from CGCMs, this study employs hindcast outputs from 
8 state-of-the-art CGCMs released by the Copernicus Cli-
mate Change Service (C3S) (Buontempo et al. 2022). These 
models are utilized to assess CGCMs’ predictive skills for 
global seasonal precipitation anomalies through cross-sea-
sonal prediction experiments. Cross-seasonal predictions 
are defined as forecasts initialized three months prior to the 
target season (e.g., the summer predictions generated from 
initial conditions of March). The hindcast period spans 
1994–2016, with all models configured at a uniform hori-
zontal resolution of 1° longitude and 1° latitude.

Additionally, to characterize some of the leading climate 
modes, we incorporate multiple climate indices, including 
those of the Nino3.4, AO, NAO, the East Atlantic (EA) 
pattern, the West Pacific (WP) pattern, the Pacific–North 
American (PNA) pattern, the East Atlantic/West Russian 
(EA/WR) pattern, the Scandinavian (SCA) pattern, and the 
Antarctic Oscillation (AAO). All of the indices are obtained 
from the National Oceanic and Atmospheric Administration 
(NOAA) Physical Sciences Laboratory.

2.2  Methods

We employ EOF decomposition to identify large-scale cli-
mate modes from anomalous circulation fields of OLR in the 
tropics (30°N–30°S) and Z500 (30°N–90°N and 30°S–90°S) 
in the extratropics. Before the EOF decomposition, linear 
trends are removed from all circulation fields, and the influ-
ence of ENSO is eliminated from the Z500 data through 
linear regression. To investigate the potential predictabil-
ity of global seasonal precipitation anomalies determined 
by climate modes, we apply multiple linear regression to 
independently reconstruct seasonal precipitation anomalies 
in terms of the identified climate modes, which is detailed 
in Sect.  4. An uncentered temporal correlation coefficient 
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large-scale air-sea interactions, which manifest as anoma-
lous SSTs in the ocean and anomalous convection activi-
ties in the atmosphere, particularly in the Indo-Pacific warm 
pool. Anomalous tropical convection activities accompany 
anomalous latent heat releases which can directly cause 
atmospheric circulation and precipitation anomalies not 
only in the tropics but also in the extratropics through tele-
connections. Thus, we here simply use OLR fields which 
indicate convection activities (rather than SST fields) in the 
tropics (30°N–30°S) to identify tropical climate modes with 
EOF decomposition.

Figure 1 shows the temporal evolutions and spatial distri-
butions of the first EOF modes of tropical OLR anomalies, 
along with associated SST anomalies, during recent period 
of 1991–2021 for four seasons. It is well known that ENSO 
is the dominant climate mode in the tropics, which is clearly 
confirmed by the OLR-derived first modes as illustrated in 
Fig.  1. The first modes for four seasons comprehensively 
capture a complete life cycle of El Niño, including its ini-
tiation, development, maturity, and decay. Particularly, 
there occurred two extreme El Niño events in 1997/98 and 

(TCC) is calculated to measure seasonal precipitation pre-
dictability at each grid point, which is written as,

TCC (s) =
∑N

t=1
o(s,t)f(s,t)√∑N

t=1
(o(s,t))2

√∑N

t=1
(f(s,t))2

, � (1)

where N represents the length of time series. The terms 
o (s, t) and f (s, t) stand for the observed and reconstructed 
(or CGCM-predicted) seasonal precipitation anomalies at 
each grid point (s) for each year (t), respectively.

3  Leading climate modes and their 
interdecadal changes

Large-scale climate modes are the primary sources of global 
seasonal precipitation predictability. In general, these cli-
mate modes can be categorized into two types: tropical and 
extratropical climate modes. The tropical climate modes 
such as ENSO and IOD are mostly the consequences of 

Fig.  1  Spatiotemporal characteristics of the leading tropical climate 
modes for four seasons identified with EOF decomposition from the 
OLR anomalies in the tropics (30°N–30°S) during recent period of 
1991–2021. Panels from left to right are for SON (1991–2020), DJF 
(1991–2020), MAM (1992–2021), and JJA (1992–2021). Top panels 
a–d indicate standardized time series corresponding to the first EOFs, 

while middle panels e–h indicate spatial distributions of those EOFs 
for OLR anomalies (shading, unit: Wm−2). Bottom panels i–l indicate 
the SST anomalies (shading, unit: °C) regressed upon those standard-
ized time series in (a–d). Note that the areas with anomalies exceeding 
95% confidence level with the Student’s t-test are stippled
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extratropical Northern Hemisphere, along with associated 
SST anomalies, during recent period of 1991–2021 for four 
seasons. The leading extratropical climate modes in the 
Northern Hemisphere are the most prominent during DJF, as 
compared with other seasons. As shown in Fig. 2f, the first 
EOF mode of Z500 anomalies in the extratropical Northern 
Hemisphere exhibits an NAO pattern in DJF, characterized 
by negative anomalies over near Iceland, positive anomalies 
over near the Azores, and negative anomalies over across 
the Arctic. The Euro-Atlantic sector displays a pronounced 
north–south geopotential height gradient. Notably, positive 
anomalies are observed over Mongolia and the North Pacific. 
Concurrently, the North Atlantic SST exhibits a tripolar 
anomaly (NAT) pattern (Pan 2005; Chen et al. 2020), as 
seen in Fig. 2j. Particularly the noteworthy is the extremely 
strong negative phase of NAO mode occurred during DJF 
of 2009/10, as seen in Fig. 2b. In following MAM, the NAO 
mode tends to weaken substantially with negative anomaly 
center shifting westward (Fig. 2g). However, the NAT pat-
tern of SST anomalies persists during MAM (Fig. 2k). In 
JJA, the NAO mode appears to the weakest, manifesting 
only as a weak negative anomaly center over the Arctic and 
a weak positive anomaly center over northwestern Europe 
(Fig. 2h), while the NAT pattern tends to diminish (Fig. 2l). 
In SON, the first EOF of Z500 anomalies features the West-
ern Pacific (WP) pattern (Fig. 2e) with SST anomalies the 
most significantly in North Pacific (Fig. 2i), while the NAO 
pattern becomes insignificant. In summary, over the recent 
three decades, the NAO mode is the dominant climate mode 
in the extratropical Northern Hemisphere. By regulating the 
strength of the westerlies, the stability of the polar vortex, 
and the sea ice distribution, NAO can profoundly influence 
the climate of Europe, North America, and the Arctic, espe-
cially the seasonal precipitation anomalies across the extra-
tropical Northern Hemisphere (as shown in the rightmost 
column of Fig. 12), providing one of the crucial extratropi-
cal sources of global seasonal precipitation predictability.

Figure 3 shows the temporal evolutions and spatial dis-
tributions of the first EOF modes of Z500 anomalies in the 
extratropical Southern Hemisphere, along with associated 
SST anomalies, during recent period of 1991–2021 for four 
seasons. It is clearly demonstrated in Fig. 3 that the lead-
ing EOFs in the extratropical Southern Hemisphere for 
all seasons are characterized by the Antarctic Oscillation 
(AAO) or the Southern Annular Mode (SAM), with vari-
ance contributions exceeding 30%. This feature indicates 
that AAO (or SAM) is the dominant climate mode in the 
extratropical Southern Hemisphere for any season, which 
is consistent with previous results (Gong and Wang 1999; 
Wu et al. 2009a, b). Spatially, this mode is characterized 
by negative geopotential height anomalies over the Ant-
arctic region, surrounded by positive anomalies along the 

2015/16, as seen from their corresponding principal com-
ponents (Fig.  1a–c). In SON, the first EOF captures El 
Niño at its developing phase, characterized by positive SST 
anomalies in the tropical eastern Pacific and negative SST 
anomalies in the maritime continent (Fig. 1i). This SST con-
figuration tends to suppress convection over the maritime 
continent but enhance it over the equatorial central-to-west-
ern Pacific (Fig. 1e). In DJF, the first EOF exhibits El Niño 
at its mature phase, with the largest variance contribution 
of 42.5% among four seasons. During this season, positive 
SST anomalies in the tropical eastern Pacific are the largest 
(Fig.  1j), leading to active convection over the equatorial 
central-to-western Pacific and suppressed convection over 
the maritime continent (Fig.  1f). This configuration tends 
to give rise to increased precipitation in southeastern China 
and southeastern United States (as shown in Fig. 10h). In 
MAM, the first EOF just depicts El Niño at its decay phase, 
with anomalous SST and convection patterns similar to the 
situations during the proceeding winter, but with weakened 
amplitudes (Fig. 1k and 1g). In JJA, the first EOF displays 
El Niño at its transitional phase, characterized by a reversal 
of SST anomalies (Fig. 1l). This SST shift likewise induces 
a reversal of anomalous convection activities (Fig.  1h), 
which ultimately causes considerable precipitation increase 
in subtropical East Asia through anomalous western Pacific 
anticyclone (Li et al. 2017; Sun et al. 2021). Furthermore, 
it is found that the leading climate modes identified with 
tropical OLR anomalies reflect not only ENSO with SST 
anomalies in the tropical Pacific, but also convection and 
SST anomalies in/over the tropical Indian Ocean (Fig. 1h 
and 1l), suggesting a combined ENSO-IOD mode. Conse-
quently, such a mode effectively encapsulates the primary 
characteristics of tropical convection variability. Therefore, 
utilizing tropical OLR anomalies to characterize major trop-
ical climate modes provides an intuitive tool for investigat-
ing their contributions to the global seasonal precipitation 
predictability.

Unlike those tropical climate modes, extratropical cli-
mate modes such as NAO and AO may arise from compound 
effects of the SST, sea ice, and land surface variabilities as 
well as the atmospheric internal fluctuations. All of these 
effects can be reflected in the atmospheric circulation anom-
alies, which can be represented with Z500 anomalies, given 
their equivalent-barotropic vertical structures, geostrophic 
relations with wind anomalies, and hydrostatic relations 
with temperature anomalies Thus, we here simply use 
anomalous Z500 fields in the extratropics (90°N–30°N and 
90°S–30°S) to identify extratropical climate modes both in 
the Northern Hemisphere and in the Southern Hemisphere 
with EOF decomposition.

Figure 2 shows the temporal evolutions and spatial dis-
tributions of the first EOF modes of Z500 anomalies in the 
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seasonal precipitation predictability (as shown in the right 
panel of Fig. 11).

Recent studies have suggested that some of those climate 
modes exhibit interdecadal changes, not only in their struc-
tures but in their dominance (Sun et al. 2021; Piskala and 
Huth 2025). So far, we have identified three leading climate 
modes, ENSO, NAO, and AAO, for the period of recent 
30  years. Next, we examine if these leading modes have 
interdecadal changes by examining and comparing the first 
EOFs of tropical OLR anomalies and extratropical Z500 
anomalies in DJF for three distinct interdecadal periods: 
1951–1980, 1971–2000, and 1991–2020. Figure 4 demon-
strates the first EOFs of tropical OLR anomalies and extra-
tropical Southern Hemisphere Z500 anomalies for the three 
interdecadal periods. Overall, the tropical and extratropical 

circum-Antarctic belt. This climate mode appears to stron-
ger during the austral winter (JJA), particularly over near the 
Antarctic Peninsula where enhanced sea ice cover induces 
a pronounced negative geopotential height anomaly center 
(Fig.  3h). During the austral summer (DJF), although the 
amplitude of the mode weakens slightly, its spatial structure 
remains clearly identifiable (Fig. 3f). During the transitional 
seasons (SON and MAM), the mode displays with moderate 
strength (Fig. 3e and g). The AAO mode can exert profound 
impacts on climate anomalies across the Southern Hemi-
sphere. Beyond its direct influence on the Antarctic con-
tinent, it can significantly modulate seasonal precipitation 
patterns in southern Africa, Australia, and southern South 
America (Feng et al. 2010), suggesting the critical impor-
tance of the leading climate mode in determining global 

Fig.  2  Spatiotemporal characteristics of the leading extratropical 
Northern Hemisphere climate modes for four seasons identified with 
EOF decomposition from the Z500 anomalies north of 30°N during 
recent period of 1991–2021. Panels from left to right are for SON 
(1991–2020), DJF (1991–2020), MAM (1992–2021), and JJA (1992–
2021). Top panels a–d indicate standardized time series corresponding 

to the first EOFs, while middle panels e–h indicate spatial distributions 
of those EOFs for Z500 anomalies (shading, unit: m). Bottom panels i–
l indicate the SST anomalies (shading, unit: °C) regressed upon those 
standardized time series in (a–d). Note that the areas with anomalies 
exceeding 95% confidence level with the Student’s t-test are stippled
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positive Z500 anomalies over the circum-Antarctic regions. 
Therefore, above unchanging features of the leading climate 
modes in the tropics and extratropical Southern Hemisphere 
will enable their robust contributions to seasonal precipita-
tion predictability.

The interdecadal changes of the leading climate modes 
in the extratropical Northern Hemisphere are complex. Fig-
ure 5 shows the spatial characteristics of the first two EOFs 
of extratropical Northern Hemisphere Z500 anomalies 
in DJF for the three interdecadal periods. During the first 
period (1951–1980), the first EOF exhibits a PNA pattern 
(Fig. 5d) with a high correlation with PNA index (Fig. 5a), 
while the second EOF appears to be NAO (Fig. 5k) with a 
high correlation with NAO index (Fig. 5h). Both EOFs have 
relatively comparable variance contributions, indicating 
PNA and NAO are dominant extratropical Northern Hemi-
sphere climate modes during the earlier interdecadal peiod. 
However, during the second period (1971–2000), the first 
two EOFs appear to be combined PNA-NAO modes with 

Southern Hemisphere leading modes remain unchanged 
across the three interdecadal periods. The first EOFs of the 
tropical OLR anomalies consistently exhibit the ENSO sig-
nature across all three periods (upper two panels of Fig. 4), 
maintaining a statistically significant high correlation with 
the Niño3.4 index. But notable spatial structure changes are 
observed. As compared to the 1951–1980 period (Fig. 4d), 
the latter two periods (1971–2000 and 1991–2020) (Fig. 4e 
and 4f) show more enhanced convection in the equatorial 
central-to-western Pacific and more suppressed convection 
over the Maritime Continent, which may be attributed to 
the interdecadal change in properties of ENSO events (Kim 
and Ha 2015). The first EOFs of the extratropical Southern 
Hemisphere Z500 anomalies consistently exhibit the AAO 
patterns across all three periods (lower two panels of Fig. 4), 
having a robust correlation with the AAO index. Changes 
of the leading modes in spatial structure are minor, includ-
ing slight shifts in the locations of negative Z500 anoma-
lies over the Antarctic and slight changes in the intensity of 

Fig. 3  As in Fig. 2, but for the leading extratropical Southern Hemisphere climate modes identified from Z500 anomalies south of 30°S
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Fig.  4  Spatiotemporal characteristics of the leading climate modes 
identified with EOF decomposition from the tropical (30°N–30°S) 
OLR anomalies and the extratropical Southern Hemisphere (south 
of 30°S) Z500 anomalies during DJF for the interdecadal periods of 
1951–1980, 1971–2000, and 1991–2020 (from left to right). Upper 
two panels show the standardized time series (PCs) of the first EOFs of 
the OLR anomalies, along with the Niño3.4 index a–c, and the spatial 

distributions of the EOFs d–f. Lower two panels present the standard-
ized time series (PCs) of the first EOFs of the Z500 anomalies, together 
with the AAO index g–i, and the spatial distribution of the EOFs k–m. 
Note that the areas with anomalies and the correlation coefficients 
between the PCs and the indices exceeding 95% confidence level with 
the Student’s t-test are stippled and star-marked, respectively
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climate modes for the three interdecadal periods, as listed 
in Table 1. It can be seen that overall each of the first three 
EOFs derived from extratropical Northern Hemisphere 
Z500 anomalies can respectively reflect one of the conven-
tional modes in the wintertime extratropical Northern Hemi-
sphere, except for the second period when the EOFs exhibit 
types of combinations of multiple conventional modes. 
This suggests that, unlike those in the tropics and extra-
tropical Southern Hemisphere, the leading climate modes 
in the extratropical Northern Hemisphere have undergone 

the first EOF being more NAO-like (Fig. 5b and 5e) and the 
second EOF being more PNA-like (Fig. 5i and 5l). During 
the third peiod (1991–2020), the first EOF features com-
pletely a NAO pattern (Fig. 5f) with a high correlation with 
NAO index (Fig. 5c), whereas the second EOF no longer 
resembles the PNA pattern, but instead manifests as a zonal 
wave train extending from the North Atlantic through north-
ern Europe and Siberia to Northeast Asia (Fig. 5j and 5m). 
Further, we calculate the correlation coefficients between 
the first three EOFs and the indices of seven conventional 

Fig. 5  Spatiotemporal characteris-
tics of the leading climate modes 
identified with EOF decomposition 
from the extratropical Northern 
Hemisphere (north of 30°N) Z500 
anomalies during DJF for the 
interdecadal periods of 1951–1980, 
1971–2000, and 1991–2020 (from 
left to right). Upper two panels 
show the standardized time series 
(PCs) of the first EOFs of the Z500 
anomalies, along with the PNA 
and NAO indices a–c, and the 
spatial distributions of the EOFs 
d–f. Lower two panels are the 
same as in upper panels, but for the 
second EOFs. Note that the areas 
with anomalies and the correla-
tion coefficients between the PCs 
and the indices exceeding 95% 
confidence level with the Student’s 
t-test are stippled and star-marked, 
respectively
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the tropics and in the extratropics with EOF decomposition 
with respect to two representative variables: OLR and Z500 
anomalies and found that the leading modes can have inter-
decadal changes. Here we develop a framework to indepen-
dently reconstruct global seasonal precipitation anomalies 
using those identified climate modes, with a 30-yr sliding 
temporal window to consider interdecadal changes of cli-
mate modes due to the modulation of background state 
change. Detailed procedures of the framework illustrated in 
Fig. 6 are as follows. First, after removing long-term trends 
in all the variables and ENSO signature in the extratropi-
cal variables, we use observed tropical (30°N ~ 30°S) OLR 
anomalies and extratropical Northern (north of 30°N) and 
Southern (south of 30°S) Hemisphere Z500 anomalies to 
identify large-scale climate modes with EOF decomposition 

significant interdecadal changes both in their characteristics 
and in their relative contributions to climate variability.

4  Potential predictability of global seasonal 
precipitation anomalies

As predictable components of seasonal precipitation 
anomalies are determined by large-scale climate modes, it 
is interesting to reconstruct those precipitation anomalies 
using the climate modes and further examine how much the 
reconstructed precipitation anomalies can account for the 
original precipitation anomalies, i.e., the potential predict-
ability of seasonal precipitation anomalies. In the last sec-
tion, we have identified the leading climate modes both in 

Table 1  Correlation coefficients between the standardized time series (PCs) of the first three EOFs of the extratropical Northern Hemisphere Z500 
anomalies during DJF for three interdecadal periods and the seven major conventional climate mode indices

1951–1980 1971–2000 1991–2020
EOF1 EOF2 EOF3 EOF1 EOF2 EOF3 EOF1 EOF2 EOF3

AO 0.33 0.35 0.12 0.75* − 0.29 0.14 0.78* − 0.16 0.06
NAO 0.07 0.69* 0.33 0.56* − 0.42* 0.49* 0.83* − 0.47* 0.01
EA 0.28 − 0.27 0.13 − 0.23 0.48* 0.14 − 0.09 0.05 − 0.15
WP 0.36 − 0.05 0.40* 0.22 0.37* − 0.16 0.10 0.22 0.39*
PNA − 0.82* 0.17 0.20 − 0.52* − 0.57* 0.05 − 0.12 − 0.06 0.44*
EAWR 0.29 0.54* − 0.18 0.63* 0.03 − 0.45* 0.38* 0.62* 0.03
SCA 0.37* − 0.16 0.50* − 0.44* 0.42* 0.10 − 0.70* − 0.12 − 0.05
Note that the correlation coefficients exceeding 95% confidence level with the Student’s t-test are in bold and star-marked

Fig. 6  Flowchart of a framework proposed for independently reconstructing global seasonal precipitation anomalies using climate modes with a 
30-yr sliding temporal window
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where the formula is the same as (2), but for P (t) denot-
ing the reconstructed precipitation anomalies in the target 
year (t), P̂C the projection coefficients upon each climate 
mode in the year. Through repeating above procedures with 
a 30-yr moving window, we can independently reconstruct 
global seasonal precipitation anomalies for 1981–2023 
using climate modes.

However, we must point out that there is a challenge, 
that is, how we select climate modes to guarantee we can 
at utmost independently reconstruct the predictable compo-
nents of global seasonal precipitation anomalies in terms of 
Eqs. (2) and (3). We test various combinations of climate 
modes (EOFs), trying to yield an optimal reconstruction. 
Considering the effective degrees of freedom in the regres-
sion models, for each grid point and each season in each 
year, there are 3276 possible combinations in total. We cal-
culate the temporal correlation coefficient (TCC) between 
independently-reconstructed and observed seasonal precipi-
tation anomalies at each grid point for all combinations and 
then use the globally-averaged TCC to serve as a metric to 
identify the optimal reconstruction. Figure 7 ranks the glob-
ally-averaged TCC across all combinations, from which we 
find an optimal combination of the leading climate modes 
with maximum globally-averaged TCC (up to 0.3 or larger) 
for each season as follows: 6 tropical modes, 3 Northern 
Hemisphere modes, and 3 Southern Hemisphere modes for 
MAM; 8 tropical modes, 1 Northern Hemisphere mode, and 
6 Southern Hemisphere modes for JJA; 2 tropical modes, 6 
Northern Hemisphere modes, and 6 Southern Hemisphere 
modes for SON; 3 tropical modes, 6 Northern Hemisphere 
modes, and 2 Southern Hemisphere modes for DJF. The 
seasonal differences in the optimal climate mode combi-
nations may reflect different dominance of leading climate 
modes in seasonal precipitation anomalies. For example, the 
tropical climate modes (e.g., ENSO) are weaker in spring 

for a 30-yr temporal window. Second, we construct a sta-
tistical model with multiple linear regression to quantify 
the relationship between the global seasonal precipitation 
anomalies at each grid point and the identified tropical 
(OLR), extratropical Northern Hemisphere (Z500N), and 
extratropical Southern Hemisphere (Z500S) climate modes, 
for the 30-yr temporal window, which is expressed as,

P =
M∑

i=1
αi ∗ PCOLR

i +
N∑

i=1
αj ∗ PCZ500N

j

+
K∑

i=1
αk ∗ PCZ500S

k + PCtrend

� (2)

where P  denotes the seasonal precipitation anomalies, PC 
the standardized time series of each climate modes and 
trend, and α the coefficients regressed upon PC of each 
climate mode. M  denotes the number of tropical climate 
modes, N  the number of extratropical Northern Hemisphere 
climate modes, and K the number of extratropical Southern 
Hemisphere climate modes. Third, in terms of the statistical 
regression model (2), we independently reconstruct global 
seasonal precipitation anomalies at each grid point in the 
year (t) just after the 30-yr window (t − 30, …, t − 1), by pro-
jecting observed tropical OLR anomalies and extratropical 
Z500 anomalies in the year onto the climate modes (EOFs) 
used in (2), getting the projected coefficients (PCs) and then 
substituting them into the regression model (2), which is 
written as,

P (t) =
M∑

i=1
αi ∗ PĈOLR

i (t) +
N∑

i=1
αj ∗ ̂PCZ500N

j (t)

+
K∑

i=1
αk ∗ ̂PCZ500S

k (t) + PCtrend

� (3)

Fig. 7  Globally-averaged temporal 
correlation coefficients (TCCs) 
between independently-recon-
structed and observed seasonal 
precipitation anomalies for 
1981–2023 ranking in a descend-
ing order, plotted as a function of 
all combinations of the leading 
climate modes, for a MAM, b JJA, 
c SON, and d DJF. Detailed infor-
mation of the combinations with 
maximum globally-averaged TCC 
are noted at the upper right corner 
of each panel
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during summer that are introduced into the reconstruction 
of the seasonal precipitation anomalies, as described in the 
optimal combinations of climate modes. During transitional 
seasons (MAM and SON), the extratropical regions with 
high predictability determined by climate modes are char-
acterized by a relatively symmetric distribution about two 
hemispheres, with comparable numbers of climate modes 
selected for precipitation reconstruction (Fig. 8a and 8c).

The potential predictability of global seasonal precipi-
tation anomalies derived above with the impacts of major 
large-scale climate modes originating from the tropics as 
well as the extratropics of two hemispheres provides an 
upper limit achievable of the predictability if those climate 
modes are known or perfectly predicted. In fact, those cli-
mate modes are unknown or not accurately predicted, thus 
the predictability is said to be potential. Here we make an 
analysis by comparing the potential predictability of global 
seasonal precipitation anomalies identified in this study with 
their actual skills predicted by 8 state-of-the-art operational 
CGCMs for C3S. Figure 9 presents the spatial distributions 
of TCC skills of global seasonal precipitation anomalies 
reconstructed with the optimal climate mode combinations 
versus those predicted by the C3S multi-model ensemble 
(MME) mean for four seasons of 1994–2016, with a glob-
ally-averaged value of TCC labeled in each panel. It is 
evidently seen from Fig. 9 that TCCs for the potential pre-
dictability of global seasonal precipitation anomalies deter-
mined by climate modes are significantly higher than those 
by dynamical model predictions, which is particularly pro-
nounced in the extratropical summer hemispheres, i.e., dur-
ing JJA in the extratropical Northern Hemisphere and DJF in 
the extratropical Southern Hemisphere, although both TCCs 
are comparable in the tropics. During boreal summer (JJA), 
CGCMs exhibit extremely limited predictive skills for 
seasonal precipitation anomalies in extratropical Northern 

and summer, which necessitates the inclusion of more tropi-
cal modes to maximize the predictability, while those modes 
(e.g., ENSO) are stronger and fewer in autumn and winter, 
which makes their predictive powers dominant.

Figure 8 shows spatial distributions for four seasons of 
TCCs between the independently-reconstructed seasonal 
precipitation anomalies with the optimal combinations 
of climate modes and the observed seasonal precipitation 
anomalies. Obviously, these distributions represent the 
potential predictability of global seasonal precipitation 
anomalies determined by climate modes. Overall, high 
predictability appears to be in some of the tropical regions, 
particularly in tropical Pacific where ENSO dominates, 
which is consistent with previous results (Yang et al. 1998; 
Jan van Oldenborgh et al. 2005; Doblas‐Reyes et al. 2013; 
Yang et al. 2016; Yang et al. 2018). It is striking that the 
climate modes-determined high predictability also exists in 
various extratropical regions including the polar regions, 
which is absent in many previous studies as well as in cur-
rent CGCMs. Such high extratropical predictability in sea-
sonal precipitation anomalies has a significant seasonality. 
During JJA (Fig.  8b), the regions with high predictability 
are primarily located in the extratropical Southern Hemi-
sphere (winter hemisphere), whereas the predictability in 
the extratropical Northern Hemisphere, particularly in the 
extensive continental areas, appears to be relatively low. 
(Cohen et al. 2014; Holland and Bitz 2003; Mccrystall et 
al. 2021). Similarly, during DJF (Fig.  8d), high predict-
ability appears to be more considerably in the extratropi-
cal Northern Hemisphere (winter hemisphere), particularly 
in Europe, the North Atlantic, and the North Pacific, where 
TCC values reach and even exceed 0.5. It is inferred that the 
high seasonal precipitation predictability in the extratropical 
winter hemispheres is probably due to that there exist more 
and stronger extratropical climate modes during winter than 

Fig. 8  Spatial distributions of 
potential predictability of global 
seasonal precipitation anomalies 
determined by climate modes, as 
measured by temporal correla-
tion coefficients (TCCs) between 
independently-reconstructed and 
observed seasonal precipitation 
anomalies for a MAM, b JJA, c 
SON, and d DJF of 1981–2023. 
Note that the areas with TCC 
values exceeding 95% confidence 
level with the Student’s t-test are 
stippled
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Fig. 9  Spatial distributions of TCC skills of global seasonal precipi-
tation anomalies reconstructed with the optimal climate mode com-
bination (left panels) versus those predicted with one season lead by 
the C3S multi-model ensemble (MME) mean (right panels) for four 

seasons of 1994–2016, with a globally-averaged value of TCC labeled 
in each panel. Note that the areas with TCC values exceeding 95% 
confidence level with the Student’s t-test are stippled
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Continent, the equatorial Indian Ocean, and even the East 
Asian monsoon regions. As compared to Fig. 8, the contri-
butions of the modes to the tropical predictability are deci-
sive, since the first tropical OLR modes for four seasons 
are essentially the ENSO signature, as described in Sect. 3 
(Fig. 1). To further elucidate the sources of the predictability 
contributions, we employ regression analysis to present spa-
tial distributions of seasonal precipitation anomalies associ-
ated with the first OLR modes, as illustrated in right panels 
of Fig. 10. As mentioned in Sect. 3, the first OLR modes 
have almost no interdecadal change, so the regression anal-
ysis has been done for the recent 30  years (1991–2020). 
It can be clearly seen that the spatial distributions of large 
predictability contributions from the first OLR modes are 
closely consistent with those of the precipitation anomalies 
regressed upon the modes. This correspondence is particu-
larly pronounced in the tropics where anomalous convection 
activities dominate precipitation anomalies, underscoring 
the critical role of the first OLR modes in shaping precipita-
tion predictability in the tropical regions. In the extratropi-
cal areas, the modes also make substantial contributions to 
the precipitation predictability, especially during DJF, when 
ENSO exerts significant influences on the precipitation 
anomalies in southeastern China and southeastern United 
States (Fig. 10g and h). In the regions characterized by rela-
tively low potential predictability during JJA, such as the 
continental areas in the Northern Hemisphere, the contribu-
tions of the first tropical OLR modes to the predictability 
are primarily limited to certain Asian monsoon regions, as 
ENSO can has significant impact on summer precipitation 
in these regions (Fig. 10c and 10d).

Left panels of Fig. 11 shows the contributions of the first 
extratropical Southern Hemisphere Z500 modes (Z500S1) 
which are essentially the AAO modes to the potential pre-
dictability of seasonal precipitation anomalies for four sea-
sons. It is demonstrated that the contributions of the modes 
are primarily concentrated in the extratropical Southern 
Hemisphere regions, with a significant seasonality. The 
contributions of the modes to predictability are larger dur-
ing MAM and JJA (austral winter), but smaller during SON 
and DJF (austral summer). A comparative analysis of the 
impacts of the modes on global precipitation anomalies 
during the recent 30 years (right panels of Fig. 11) reveals 
a spatial consistency between the regions with large pre-
dictability contributions and those with large precipitation 
anomalies induced by the modes in the extratropical South-
ern Hemisphere. The notable regions include the southern 
Africa, the southern Indian Ocean, the southeastern Austra-
lia, the southern Pacific, and the southern South America. 
The modes are stronger during MAM and JJA, which tend 
to cause larger precipitation anomalies in the extratropical 
Southern Hemisphere than during other seasons (upper two 

Hemisphere, with certain areas even showing negative TCC 
skills (Fig. 9d), while in the regions the potential predict-
ability determined by climate modes substantially are high 
(Fig. 9c). During austral summer (DJF), there is a similar 
situation in the extratropical Southern Hemisphere (Fig. 9h 
and 9g). Recent studies have shown that the deficiency in 
predictive skills of seasonal precipitation anomalies is com-
mon in current CGCMs (Hausfather et al. 2020; Giuntoli et 
al. 2022). In terms of our results, we infer that the limited 
capability of CGCMs in accurately predicting extratropical 
climate modes is one of the primary reasons for that defi-
ciency. This suggests that improving CGCMs’ predictions 
of the extratropical climate modes is a key for advancing 
prediction of global seasonal precipitation anomalies in the 
extratropical regions.

5  Contributions of leading climate modes to 
the potential predictability

In the last section, we have independently reconstructed the 
global seasonal precipitation anomalies using optimal com-
binations of large-scale climate modes, and found that high 
potential predictability determined by those climate modes 
exists not only in the tropics but also in many of the extra-
tropical regions, with a globally-averaged TCC up to 0.3 
and even more for 1981–2023. In order to further under-
stand the sources of the predictability, here we examine the 
contributions of leading climate modes to the potential pre-
dictability. To achieve this, we employ an approach to assess 
the contribution of a specific climate mode to the predict-
ability by removing the mode from the independent recon-
struction of global seasonal precipitation anomalies with the 
optimal climate mode combination and looking at the differ-
ence between the original TCCs and modified TCCs. Tak-
ing DJF as an example, to quantify the contribution of the 
first tropical climate mode to the predictability, we exclude 
this mode while retaining the remaining 2 tropical modes, 
6 extratropical Northern Hemisphere modes, and 2 extra-
tropical Southern Hemisphere modes, and then calculate 
TCCs of this modified climate mode combination. Then, 
the difference between the original TCCs with the optimal 
climate combination and the modified TCCs with the mode 
excluded from that combination represents the contribution 
of the mode to the predictability.

Left panels of Fig. 10 shows the contributions of the first 
tropical OLR modes (OLR1) to the potential predictability 
of global seasonal precipitation anomalies for four seasons, 
as identified with the aforementioned method. It is dem-
onstrated that the modes exert substantial contributions to 
the high predictability in the tropical regions throughout all 
seasons, particularly over the Pacific Ocean, the Maritime 
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modes to the potential predictability of global seasonal pre-
cipitation anomalies. Left panels of Fig. 12 show the contri-
butions of the first extratropical Northern Hemisphere Z500 
modes to the potential predictability of global seasonal 
precipitation anomalies. It is clearly seen that the modes 
demonstrate significant contributions to the precipitation 
predictability in the extratropical Northern Hemisphere 
regions for all seasons. Notably, during boreal summer (JJA), 
the leading mode has an exceptionally large contribution to 
the precipitation predictability in the Arctic and the northern 
Europe (Fig. 12e). When compared to the results presented 
in Fig. 8b, it is evident that the leading mode serves as the 
most important contributor to the potential predictability of 
summer precipitation anomalies in the Arctic. During winter 
(DJF), the mode substantially contributes to the precipita-
tion predictability throughout the entire extratropical North-
ern Hemisphere (Fig. 12m), including the northern Eurasia, 
the northern North America, the North Pacific, and the 

panels of Fig. 11), thereby increasing their contributions to 
the precipitation predictability there during these seasons. 
However, despite the presence of large precipitation anoma-
lies in the tropics associated with the modes, the contribu-
tions of the modes to tropical precipitation predictability are 
relatively insignificant. This is primarily due to the domi-
nant contributions of tropical climate modes to the tropical 
precipitation predictability. Furthermore, we notice that the 
extratropical Southern Hemisphere leading climate modes 
(AAO) can exert measurable impacts on seasonal precipita-
tion anomalies and contributions to the predictability in the 
Northern Hemisphere, although those impacts and contribu-
tions are weak.

Contributions of the first extratropical Northern Hemi-
sphere Z500 modes (Z500N1) appear to be complex, since 
those leading modes feature pronounced interdecadal 
changes as described in Sect. 3 (Fig. 5). Thus, we need to 
consider interdecadal changes in the contributions of those 

Fig. 10  Spatial distributions of 
contributions of the first tropical 
OLR climate modes (OLR1) to the 
potential predictability of global 
seasonal precipitation anomalies 
(left panels) and the global precipi-
tation anomalies (shading, unit: 
mm) regressed upon these modes 
for 1991–2020 (right panels) for 
four seasons. Here, the contribution 
of a climate mode to the predict-
ability is defined as the difference 
between the original TCC with 
the optimal mode combination 
and the modified TCC with the 
mode excluded from the combi-
nation. Note that the areas with 
precipitation anomalies in right 
panels exceeding 95% confidence 
level with the Student’s t-test are 
stippled
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modes on global seasonal precipitation anomalies in three 
interdecadal periods (right three columns of Fig. 12) so as 
to understand the sources of the precipitation predictabil-
ity in the extratropical Northern Hemisphere. A compara-
tive analysis of the precipitation anomalies associated with 

North Atlantic. During spring (MAM, Fig. 12a) and autumn 
(SON, Fig. 12i), the modes remain important contributors to 
the precipitation predictability in the extratropical Northern 
Hemisphere. Considering the interdecadal changes of the 
leading modes of four seasons, we analyze impacts of those 

Fig. 11  As in Fig. 10, but for the first extratropical Southern Hemisphere Z500 climate modes (Z500S1)
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flood and drought risks. However, current CGCMs still 
exhibit limited predictability in cross-seasonal prediction 
of global seasonal precipitation anomalies. Large-scale cli-
mate modes play a pivotal role in shaping global seasonal 
precipitation anomalies and serve as primary sources of 
seasonal precipitation predictability. Nevertheless, even 
under the assumption that these climate modes are known 
or perfectly predicted, the predictability of global seasonal 
precipitation anomalies determined by these modes remains 
quantitatively unassessed. This study identifies large-scale 
climate modes both in the tropics and in the extratropics 
using two representative variables of tropical OLR anom-
alies and extratropical Z500 anomalies, and develops a 
framework with a 30-yr sliding temporal window for recon-
structing seasonal precipitation anomalies using contempo-
raneous climate modes, in order to investigate the potential 
predictability of global seasonal precipitation anomalies 
determined by climate modes.

We employ the EOF decomposition method to iden-
tify three types of large-scale climate modes from tropical 
(30°N–30°S) OLR anomalies and extratropical (90°N–30°N 
and 90°S–30°S) Z500 anomalies in both hemispheres, which 
represent the dominant large-scale climate signals originat-
ing from tropical and extratropical regions, respectively. For 
recent 30 years, our results show that the tropical leading 
climate modes for four seasons are consistently character-
ized by the ENSO signature, while the extratropical North-
ern Hemisphere leading climate modes primarily appear 
to the NAO or PNA pattern or their combination, and the 
extratropical Southern Hemisphere leading climate modes 
are characterized by the AAO pattern. These climate modes 
display pronounced seasonality and distinct interdecadal 
changes. Notably, the extratropical Northern Hemisphere 
leading mode underwent significant interdecadal shifts 

the leading climate modes during three interdecadal peri-
ods demonstrates that the large predictability contributions 
from the leading modes found in the extratropical Northern 
Hemisphere, as shown in left panels of Fig. 12, are resulted 
from the mean effects of the precipitation anomalies induced 
by the leading climate modes during three interdecadal peri-
ods (right three columns of Fig. 12), although the leading 
mode appears to be different from one period to another, as 
shown in Fig. 5. For instance, during the first interdecadal 
period (1951–1980) when the leading climate mode during 
DJF is characterized by a PNA pattern (Fig. 5d), major pre-
cipitation anomalies are located in the North Pacific-North 
America sector (Fig.  12n), while in the third interdecadal 
period (1991–2020) when the leading climate mode during 
DJF is characterized by an NAO pattern (Fig.  5f), major 
precipitation anomalies shift predominantly to the North 
Atlantic-Europe region (Fig.  12p). The overlapping con-
tributions from these distinct interdecadal periods results 
in a spatial distribution of the predictability contributions 
that spans both the North Pacific-North America and North 
Atlantic-Europe sectors (Fig. 12m). This finding highlights 
the advantage and significance of employing a 30-yr sliding 
window for considering the modulation role of background 
state changes in leading climate modes, their impacts on the 
precipitation anomalies, and their contributions to the pre-
cipitation predictability.

6  Summary

Global warming has significantly heightened the risk of 
extreme climate disasters, posing a critical threat to global 
security and sustainable development. Accurate prediction 
of global seasonal precipitation is essential for mitigating 

Fig. 12  As in Fig. 10, but for the 
contributions of the first extratropi-
cal Northern Hemisphere Z500 
climate mode (Z500N1) to the 
potential predictability of global 
seasonal precipitation anomalies 
(left panels) and the global precipi-
tation anomalies (shading, unit: 
mm) regressed upon these modes 
during three interdecadal periods 
(1951–1980, 1971–2000, and 
1991–2020), for four seasons
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the tropics. We infer that the deficiency of CGCMs in pre-
dictive skills of extratropical seasonal precipitation anoma-
lies is attributed to their limited capability in accurately 
predicting extratropical climate modes. This suggests that 
improving CGCMs’ predictions of the extratropical climate 
modes is fundamentally crucial for advancing prediction of 
global seasonal precipitation anomalies in the extratropical 
regions. Of course, atmospheric internal chaotic variabil-
ity in CGCMs is also a factor limiting season precipitation 
predictability. As the chaotic variability dominates seasonal 
precipitation anomalies in an extratropical region, improv-
ing CGCMs’ predictions of the extratropical climate modes 
may not necessarily advance prediction of seasonal precipi-
tation anomalies in that region.
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