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Abstract
Extreme precipitation plays an increasingly important role in pre-flood-season (April-June) precipitation over South China, 
yet its intraseasonal evolution and interdecadal shifts remain unclear. Observations from 1961 to 2024 show that total pre-
cipitation undergoes clear intraseasonal reorganization from April weakening to May near-neutral and June strengthening. 
Interdecadal turning points occur progressively later (April ~ 1984, May ~ 1990, June ~ 1992), and extreme precipitation 
contributes substantially the associated changes. The proportion of extreme precipitation to total precipitation (PEPTP) 
decreases in April (31.2 to 28.2%), remains nearly unchanged in May (31.0 to 30.4%), and increases in June (31.1 to 
33.9%). This reflects a stepwise transition in the moisture-cold-air background: cold air dominated (April), enhanced mois-
ture with weak cold air forcing (May), and a developed monsoon convergence regime (June), modulated by the tropical 
Atlantic, the tropical North Pacific, and the North Atlantic-Indian Ocean coupling. These results highlight the dominant 
role of extreme precipitation in shaping both intraseasonal and interdecadal pre-flood-season precipitation variability.

Keywords  South China pre-flood season · Extreme precipitation contribution · Intraseasonal reorganization · 
Interdecadal variability
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Extreme precipitation plays a major role in the intraseasonal 
progressive evolution of pre-flood precipitation in South China

Taichen Feng1,2 · Huayin Wu3 · Shen Lai4 · Bicheng Huang3,2  · Wenjie Dong2,5 · Jianping Huang6,7

1  Introduction

Global warming has significantly increased the frequency 
and intensity of extreme precipitation, which is projected 
to intensify further under continued warming (Myhre et al. 
2019; Mukherjee et al. 2018). In the United States, both the 
frequency and intensity of extreme precipitation have risen 
markedly since the 1990s (Jong et al. 2024; Dommo et al. 
2024; Kunkel et al. 2020). In Europe, extreme precipitation 
already accounts for nearly 50% of the annual precipitation, 
and more than 62% of the region has experienced increases 
exceeding 10% in the contribution of extremes (Goffin et 
al. 2024). Under high-emission scenarios, this contribution 
is expected to become even more pronounced, especially in 
humid East Asia, where mean precipitation is projected to 
increase by approximately 12% (Juzbašić et al. 2024). In 
southwestern China, the proportion of extreme precipitation 
to total precipitation (PEPTP) increased from 32.6% during 
the 1976–1980 baseline period to 35.5% during 2013–2017 
(Zheng et al. 2022). Therefore, understanding how extreme 
precipitation changes under global warming and how it con-
tributes to total precipitation is of particular importance.

http://crossmark.crossref.org/dialog/?doi=10.1007/s00382-026-08295-w&domain=pdf&date_stamp=2026-7-9
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Extreme precipitation in China exhibits distinct spatial 
patterns and pronounced regional disparities over recent 
decades (Lu et al. 2024; Sun and Zhang 2017). Since 1961, 
both annual total precipitation and precipitation intensity 
have increased, displaying a gradient from the arid northwest 
toward the humid southeast (Zhou and Yuan 2024; Jiang et 
al. 2022). Gao and Xie (2014) reported that over the past 50 
years, the frequency of extreme precipitation has increased 
across parts of the middle and lower reaches of the Yang-
tze River, whereas it has declined in northern, northeastern, 
and southwestern China. Specifically, extreme precipitation 
in southern China remained relatively rare between the late 
1970s and early 1990s but has become increasingly frequent 
thereafter (Lu et al. 2010). Consequently, southern China 
has become highly vulnerable to extreme precipitation 
events (Zhang and Zhou 2020; Tang and Hu 2022; Huang et 
al. 2023). Among these regions, South China—owing to its 
unique geographic setting, climatic background, and rapid 
urbanization (Wu et al. 2019, 2021; Yin et al. 2020; Huang 
et al. 2022)—has emerged as a representative hotspot of 
extreme precipitation variability (Zhang and Zhou 2020).

Approximately 40%–50% of the annual total precipi-
tation and 50%–60% of the annual extreme precipitation 
occur during from April–June, defined as the pre-flood 
season (Gao et al. 2013; Gu et al. 2018; Guo et al. 2024; 
Wang et al. 2024a). In recent years, several record-breaking 
extreme pre-flood precipitation events have been observed, 
including those occurring in May–June 2022 (Cheng et al. 
2023; Liu et al. 2023; Wang et al. 2024b; Xie et al. 2023) and 
in April 2024. Notably, the characteristics of these events 
vary substantially across the three months. In April, total 
precipitation exhibits a significant decreasing trend (Lu et 
al. 2021; Yang et al. 2022; Zhang et al. 2013), with a decline 
of approximately 17 mm per decade during 1979–2015 
(Zhang and Zhou 2020). Although extreme precipitation is 
relatively infrequent in April, its occurrence often marks the 
onset of the flood season (Gao et al. 2016). In May, pre-
cipitation variability becomes more complex. Two major 
regime shifts occurred in the early 1990s and early 2000s 
(Chu et al. 2020). During this transitional period, extreme 
precipitation became more pronounced, characterized by 
stronger intensity, higher frequency (Guo et al. 2024; Wu et 
al. 2020a; Yang et al. 2024), as well as longer duration (Zeng 
and Wang 2022). In June, both the frequency and intensity 
of extreme precipitation increase substantially (Li et al. 
2024; Yuan et al. 2019), largely driven by the enhancement 
of warm-sector precipitation (Wu et al. 2020b). Extreme 
precipitation peaks in both intensity and frequency during 
this month (Wu et al. 2020a, b), and events tend to last lon-
ger (Sun et al. 2018). Precipitation often concentrates within 
short time periods and is accompanied by record-breaking 
short-duration extremes (Pu et al. 2022). Moreover, trends 

in extreme and total precipitation are highly consistent (Chu 
et al. 2017), and extreme precipitation contributes substan-
tially to total monthly precipitation (Chu et al. 2017; Li et al. 
2014). These findings reveal a clear intraseasonal progres-
sion of extreme precipitation during the pre-flood season, 
with these characteristics becoming increasingly prominent.

However, the manner in which extreme precipitation 
differs among the pre-flood season (April–June) in South 
China—and the mechanisms by which these differences 
translate into the observed weakening–stable–enhancing 
intraseasonal evolution of precipitation—remain insuf-
ficiently understood. In particular, the extent to which 
extreme precipitation controls total precipitation through 
month-dependent interdecadal shifts, along with the asso-
ciated circulation and SST-forcing mechanisms, has not 
been fully quantified. This study investigates pre-flood 
season precipitation over South China during 1961–2024 
to assess whether extremes play a major role in total pre-
cipitation variability. By systematically comparing April, 
May, and June, we characterize the intraseasonal progres-
sion and interdecadal transitions of extreme precipitation, 
and quantify its contribution to monthly totals, and elucidate 
the underlying mechanisms.

2  Data and methods

2.1  Datasets

Daily precipitation data from more than 2,400 national mete-
orological stations across mainland China for 1961–2024 
were obtained from the National Meteorological Informa-
tion Center (NMIC, http://data.cma.cn). The gridded ​v​e​r​s​i​
o​n (Wu et al. 2017; Hersbach et al. 2023) was also used to 
test the robustness of the results. CN05.1 employs anomaly‐
based interpolation to produce a 0.25° × 0.25° dataset based 
on quality-controlled station observations (Ge et al. 2023; 
Yang et al. 2023). Monthly atmospheric circulation fields—
including geopotential height, winds, vertical velocity, and 
specific humidity—were obtained from the ERA5 reanal-
ysis. Monthly sea surface temperature (SST) fields were 
taken from NOAA ERSSTv5 (Huang et al. 2017). To ensure 
spatial compatibility, ERA5 fields were bilinearly interpo-
lated to a common 2° × 2° grid before analysis. Large-scale 
climate indices used include the Indian Ocean Basin Mode 
(SST anomalies averaged over 20°S–20°N, 40°–100°E) 
(Feng and Chen 2022), and the tropical Atlantic warm-
ing index (TA, SST anomalies averaged over 20°S–20°N, 
40°W–0°). This study focuses on the pre-flood season 
(April–June) precipitation in South China, represented by 
Guangxi and Guangdong provinces (Fig. S1). All anomalies 

http://data.cma.cn
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are defined as deviations from the monthly climatological 
mean over 1961–2024.

2.2  The definition of extreme precipitation

To determine extreme precipitation thresholds, we adopted 
the percentile method proposed by Zhou and Ren (2011) 
with modifications. Given the non-negative, right-skewed, 
and heavy-tailed nature of daily precipitation sequences, 
which often include numerous extreme values, we employed 
the Gamma distribution to fit the data (Gu et al. 2021). The 
Gamma distribution effectively captures these characteris-
tics and provides explicit parameters, facilitating the defini-
tion of extreme precipitation thresholds in conjunction with 
percentile values. In contrast, the Poisson distribution, as 
a single-parameter discrete probability distribution, may 
inadequately represent the complexity of the data. Similarly, 
the Ksdensity function requires larger datasets for stable 
estimates and may lack robustness when handling extreme 
values (Farmer and Jacobs 2022). The probability density 
function of the Gamma distribution is defined as follows:

f (x; k, θ) = xk−1e−x/ θ

θkΓ (k)
� (1)

where  k  is the shape parameter, θ  is the scale parameter, 
and Γ(k) denotes the Gamma function.

In this study, precipitation equal to or greater than the 
95th percentile threshold is classified as extreme precipita-
tion. Following Li et al (2023), we defined daily precipitation 
exceeding 1 mm at each station as effective precipitation. 
Based on daily effective precipitation during the 1961–1990 
reference period, a 95th percentile threshold is obtained by 
fitting the Gamma function to each day of the month. For 
each month, the monthly representative extreme precipita-
tion threshold was defined as the median of the daily 95th 
percentile thresholds within that month. The method used 
to select thresholds (the percentile-based method median or 
mean of 95th percentile threshold) have a negligible impact 
on the main conclusions of this study (Fig. S2).

2.3  Proportion of extreme precipitation to total 
precipitation (PEPTP)

Based on daily precipitation at stations, we accumulate the 
precipitation above the threshold (the 95th percentile) for 
a given month and divide by the total precipitation for that 
month. The PEPTP were calculated as:

PEPTP =
(

R95p

TP

)
× 100%� (2)

where R95p represents the precipitation amount above 95th 
percentile and TP represents the total precipitation at sta-
tions for a given month. First, station PEPTP data are inter-
polated to South China and use only the data within the 
South China region to make the regional average to obtain 
the contribution rate of extreme precipitation in South China 
for this month.

2.4  Diagnostic of rossby wave energy dispersion

To diagnose the origin and downstream dispersion of 
Rossby wave trains, the phase-independent stationary wave 
activity flux (WAF) was formulated according to Takaya 
and Nakamura (2001):

W = 1
2
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where U (u, v) is horizontal velocity, u and v are zonal and 
meridional wind velocity for June climatology mean over 
1961–2024, and ψʹ is perturbation stream function. Stream-
function values were computed using the 200hPa wind field, 
following standard geostrophic approximation:

ψ = ϕ

f
� (4)

where Φ is the geopotential, and f is the Coriolis parameter. 
Streamfunction is computed from ERA5 wind fields using 
geostrophic approximation and used here instead of geo-
potential height to ensure conservation properties required 
for diagnosing stationary Rossby wave propagation. Sub-
scripts denote partial derivatives in zonal (x) and meridional 
(y) directions. The statistical significance of correlation and 
grid‐point linear regression is assessed using a two‐tailed 
Student’s t test.

2.5  Causal information flow

Causal information flow quantifies the directed influence 
exerted by one time series upon another. In this framework, 
if event A possesses no causal impact on event B, they are 
treated as independent, resulting in a vanishing informa-
tion flow. Conversely, a statistically significant non-zero 
flow signifies a robust causal link. Grounded in stochastic 
dynamical system theory, the rate of information flow from 
X2 to X1 (Liang and Kleeman 2005):

T2→1 = −E
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where E denotes the mathematical expectation, and ρ1 = 
ρ1 (x1) is the marginal probability density function of X1. 
Under a linear assumption, Eq. (5) is further simplified into 
a maximum likelihood estimator (Liang, 2014):

T2→1 = C11C12C2,d1 − C2
12C1,d1

C2
11C22 − C11C2

12
� (6)

where Cij are covariance terms and Ci,dj are covariances 
with time derivatives. A non‐zero information flow T2 → 1 
indicates a causal influence from variable X2 to variable X1. 
Moreover, the sign of T2 → 1 reflects the direction of pre-
dictability: if T2 → 1 > 0, then X2 increases the uncertainty 
of X1 and reducing its predictability; whereas if T2 → 1 < 0, 
then X2 enhances the predictability of X1by reducing its 
entropy. The unit for T2 → 1 is nats per unit time, and a z‐test 
is applied to evaluate statistical significance.

3  Results

3.1  Intraseasonal progression of precipitation 
during the pre-flood season

Observational records from 1961–2024 show that although 
the mean pre-flood-season precipitation over South China 
remains broadly stable (Fig. S4a), its intraseasonal distri-
bution has undergone systematic reorganization, exhibiting 
a pronounced month-to-month progression. Total precipi-
tation decreases in April, shows no significant change in 
May, and increases in June (Fig. S3). The daily precipita-
tion evolution further highlights this feature: precipitation 
weakens in April, remains near-normal in May, and intensi-
fies markedly in June (Fig. S4b). Comparing the last decade 
with the first decade of the study period, April daily pre-
cipitation declines by more than 40%, whereas June daily 
precipitation remained above 1.5 times the baseline (Fig. 
S4c). We hypothesize that changes in extreme precipita-
tion are a key driver of this intraseasonal reshaping. To test 
this, an 11-year moving t-test was applied to both total pre-
cipitation and extreme precipitation (Fig. S5). Results indi-
cate significant interdecadal shifts, with progressively later 
turning points from April to June: April total and extreme 
precipitation both exhibit a robust regime shift around 
1984 (exceeding the 95% confidence level); June total and 
extreme precipitation show a significant shift around 1992 
(exceeding the 95% confidence level); while May displays 
weaker but consistent shift signals around 1990 in both total 
and extreme precipitation (exceeding the 90% confidence 
level). To assess the robustness of the identified interdecadal 
turning points, we repeated the moving t-test using 9-year 
and 13-year sliding windows and further applied the Pettitt 

test. The results show that the turning points in April and 
June are relatively stable across different methods and win-
dow lengths, whereas the May signal is weaker and more 
sensitive to the selected method. These tests suggest that 
the interdecadal transitions in April and June are robust, 
while the May transition should be interpreted with cau-
tion. Therefore, May is regarded as a weaker transitional 
stage in the subsequent analysis. Moreover, quantitative 
decomposition demonstrates a substantial contribution from 
extremes. The precipitation difference before and after the 
shift was 15.0 mm month−1 in April, of which extremes con-
tributed 6.6 mm month−1; 15.0 mm month−1 in May, with 
5.1  mm  month−1 from extremes; and 18.4  mm  month−1 
in June, with extremes contributing 11.0  mm  month−1. 
The results show that extreme precipitation accounts for 
approximately 59.8% of the total precipitation increase in 
June, approximately 34% of the total precipitation decrease 
in May, and approximately 44% of the total precipitation 
decrease in April (Fig. S5). These substantial fractions indi-
cate that extreme precipitation accounts for a considerable 
proportion of the interdecadal changes. Extreme precipita-
tion contributes substantially to the intraseasonal and inter-
decadal evolution of pre-flood-season precipitation in South 
China, with its contribution being most pronounced in June. 
In April and May, extreme precipitation remains important, 
but non-extreme precipitation also plays a non-negligible 
role.

3.2  Proportion of extreme precipitation to total 
precipitation

We further examined the intraseasonal differences in the 
PEPTP between the pre-transition and post-transition peri-
ods. In April, the PEPTP decreases from 31.2% (1961–
1984) to 28.2% (1985–2024), indicating a weakening 
dominance of extreme precipitation. After the turning point, 
the frequency of light-rain events increased significantly, 
and the occurrence of heavier precipitation events decreased 
(Fig.  1b). The boxplots revealed that the post-transition 
median fell below the pre-transition 25th percentile, and 
the post-transition 75th percentile was even lower than 
the pre-transition median. Although precipitation intensity 
strengthened after the shift, the intensification of individual 
events was insufficient to compensate for the reduced event 
frequency (red points in Fig. 1b), resulting in a pronounced 
decrease in total April precipitation.

In June, the PEPTP increases from 31.1% (1961–1992) 
to 33.9% (1993–2024), suggesting a strengthening domi-
nance of extreme precipitation. June exhibits the largest 
contrast across the transition (Fig. 1f). In the boxplots, the 
post-transition median surpassed the pre-transition 75th per-
centile, and the post-transition 25th percentile approached 
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the pre-transition median, reflecting a substantial inten-
sification of extreme precipitation. Compared with April, 
both the frequency and intensity of extreme precipitation 
increased sharply, accompanied by a decrease in light-rain 
events. These changes directly led to a marked increase in 
total precipitation.

In contrast to April and June, May shows the smallest 
transition-related changes. The PEPTP decreases slightly 

from 31.0% (1970–1990) to 30.4% (1991–2024), suggest-
ing that the dominance of extreme precipitation remains 
largely unchanged. The first ten years of May showed an 
increasing trend, but its duration was too short to be robust; 
consequently, these data were excluded from the statisti-
cal evaluation to ensure analytical reliability. Notably, 
although precipitation frequency decreased slightly after 
the turning point, the intensity of extreme precipitation 

Fig.  1  The proportion of extreme precipitation to total precipitation 
(PEPTP, unit: %) in (a) April, (c) May, (e) June. The dashed lines 
represent the turning point of total precipitation (1984 in April, 1990 
in May, and 1992 in June based on a sliding t-test). The black lines 
represent 11-year running mean of PEPTP. Shaded areas indicate sta-
tistically significant Gamma distribution fits to daily precipitation over 

South China before and after the turning point: (b) April, (d) May, (f) 
June. Observed daily precipitation values are marked with blue and red 
dots, respectively (unit: mm d−1). Boxplot for month total precipitation 
from 1961 to 2024 (unit: mm month−1). Blue (red) boxplots represent 
precipitation before (after) the turning point
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increased substantially (red points in Fig. 1d). This inten-
sification compensated for the reduction associated with 
fewer events, leading to minimal net change in total pre-
cipitation. Accordingly, May does not exhibit a clear abrupt 
shift, consistent with the weak significance in the moving 
t-test results (Fig. S4c and S4d). For May, the 11-year mov-
ing t-test suggests a possible turning point around 1990, but 
this signal is weaker and less robust than those in April and 
June. Although including the earliest 10 years produces an 
apparent weak increasing tendency over the full record, this 
feature is largely affected by the initial low-value period 
and does not indicate a robust abrupt change around 1990. 
Including this short initial segment may therefore bias the 
interdecadal comparison centered on the 1990 transition. 
When the comparison is confined to the periods imme-
diately before and after 1990, PEPTP shows only a weak 
interdecadal decrease. Moreover, the tropical North Pacific 
SST signal exhibits a clear change in its relationship with 
PEPTP before and after 1990, supporting the use of 1990 as 
a reference year for the May analysis (Sect. 3.3). We there-
fore retain the original May comparison but now interpret 
the May turning point more cautiously.

3.3  Intraseasonal progression differences of PEPTP 
during pre-flood season

The intraseasonal evolution of pre-flood season precipi-
tation from April to June exhibits a distinct “weakening–
stabilizing–strengthening” pattern, driven by systematic 
changes in the configuration of moisture supply and cold-
air activity, with moisture availability playing a critical role 
in modulating the intensity of extreme precipitation. The 
characteristics of the lower-tropospheric circulation before 
and after the interdecadal transition are shown in Fig. 2. In 
April, anomalous northwesterly and southwesterly winds 
prevail over South China and the northern South China 
Sea, indicating persistent cold-air intrusion from higher 
latitudes. The northwest Pacific anticyclone remains weak 
and displaced eastward, limiting the northward transport of 
warm, moist air from the Bay of Bengal (Fig. 3b). Although 
low-level southerlies strengthen after the transition (1985–
2024), the vertically integrated moisture flux shows weak 
convergence over South China. This indicates that the 
strengthened low-level winds do not translate into an effec-
tive increase in moisture supply, as moisture primarily origi-
nates from Indochina and the southerly moisture transport 
from the South China Sea remains limited. As a result, April 
precipitation is characterized by a “weak moisture–strong 
cold-air” configuration. This environment favors frequent 
cold-air outbreaks, increasing light-rain occurrence, while 
insufficient moisture depth suppresses the development and 

frequency of extreme events; even when convection occurs, 
its intensity cannot be sustained (Fig. 1b).

In May (1991–2024), the low-level circulation undergoes 
a marked reorganization. Although a well-defined moisture 
corridor extends from the tropical Indian Ocean and mois-
ture convergence over South China is pronounced (Fig. 3d), 
an anomalous anticyclone to the north and a cyclone to the 
south weaken the southward intrusion of cold air (Fig. 2d). 
This “strong moisture–weak cold-air” configuration helps 
maintain the intensity of extreme precipitation, whereas the 
frequency of extreme events decreases. Reduced baroclinic 
forcing limits the number of triggering disturbances, lead-
ing to fewer precipitation events overall, but the enhanced 
moisture availability allows those events that do develop to 
reach higher precipitation efficiency and maintain strong 
intensity (Fig. 1d).

In June (1993–2024), the monsoon circulation is fully 
established. The northwestern Pacific anticyclone sustains 
strong moisture transport (Figs. 2f, 3f), and a strengthened 
convergence center over South China and substantially 
enhanced moisture fluxes further promote ascent. Conse-
quently, June precipitation is characterized by a “strong 
moisture–strong cold-air” configuration. The coupling of 
abundant monsoonal water vapor with renewed dynamical 
lifting increases both convective instability and large-scale 
ascent, simultaneously increasing the frequency of extreme 
events and amplifying their intensity, while light-rain 
events are suppressed by the dominance of deep convection 
(Fig. 1f).

The interdecadal shifts in the dominance of extreme 
precipitation exhibit pronounced month-to-month differ-
ences. These differences arise from the evolving pathways 
of upper-tropospheric wave-energy propagation and their 
synergy with lower-tropospheric moisture–cold-air con-
figurations, which collectively drive progressively delayed 
transitions from April to June. The regression patterns of 
the 200 hPa quasi-geostrophic streamfunction and horizon-
tal wave activity flux onto the PEPTP index are shown in 
Fig. 4. In April (1961–1984), two prominent wave-activity 
flux pathways provide dynamical support for southward 
cold-air outbreaks: one extends from Eastern Europe to 
Mongolia along the polar-front jet, and the other extends 
from Eastern Europe to India along the subtropical jet. 
After the transition (1985–2024), although a pronounced 
“two troughs–one ridge” pattern prevails over the Eurasian 
mid- to high latitudes, the wave-activity flux is significantly 
weaker than in the earlier period, implying reduced down-
stream energy propagation and weakened cold-air forcing, 
thereby contributing to the decline in PEPTP.

In May, the early period features a strong wave-activity 
flux band extending from Mongolia to southern China, 
accompanied by significant negative geopotential height 
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anomalies over southern China, which favors cold-air intru-
sion and enhances low-level ascent. In the late period, the 
dominant wave-activity flux shifts to a pathway from India 
to southern China, while southward cold-air penetration is 
suppressed, contributing to a reduction in PEPTP.

In June, the wave-activity flux in the early period mainly 
extends from Western Europe to northern China, suggesting 
a relatively limited downstream influence on South China. 
In contrast, during the later period, the wave-activity flux 
exhibits a longer and more zonally continuous pathway 
from the Mediterranean region to northern China and sub-
sequently to eastern China. This strengthened and more 
coherent downstream propagation indicates a closer linkage 

between upstream wave energy and circulation anoma-
lies over eastern and southeastern China. Therefore, the 
enhanced downstream wave influence may provide a large-
scale dynamic background more conducive to the increase 
in June PEPTP over South China.

These atmospheric adjustments are further modulated by 
sea surface temperature (SST) anomalies, the forcing pat-
terns of which evolve systematically with the seasons. The 
SST anomaly patterns during the pre-transition and post-
transition are shown in Fig. 5. In April, the most prominent 
differences between the two periods are the warming over 
the Indian Ocean and the tropical Atlantic (Fig. 5a and b). 
In May, the largest contrast is associated with a zonal dipole 

Fig. 2  Regression patterns of (a, b) April, (c, d) May, and (e, f) June 
mean anomalies of 850 hPa geopotential height (shading, unit: m) and 
wind fields (vector, unit: m s⁻1) against the PEPTP index. Panels (a), 
(c), and (e) show the regression results for 1961–1984, 1970–1990, 
and 1961–1992, respectively, while panels (b), (d) and (f) correspond 

to 1985–2024, 1991–2024 and 1993–2024, respectively. Stippling 
indicates areas statistically significant at the 95% confidence level. The 
black outline marks China, and the red outline marks the South China 
domain analyzed in this study. “A” (“C”) represents the anomalous 
anticyclone (cyclone)
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pattern over the tropical North Pacific (Fig. 5c and d). In 
June, the strongest interdecadal difference is linked to a 
zonal dipole over the North Atlantic (Fig. 5e and f).

The key SST regions are selected according to a com-
bined set of statistical and physical criteria rather than solely 
based on the spatial extent of significant SST regression sig-
nals. Specifically, we considered whether the SST anoma-
lies in a given region: (1) exhibit a clear interdecadal change 
before and after the identified turning point; (2) are signifi-
cantly correlated with PEPTP over South China; (3) show 
a statistically significant directional linkage to PEPTP in 
the information-flow analysis. Therefore, the selected SST 

indices are regarded as representative key SST signals that 
are closely linked to PEPTP variability, rather than as the 
only possible oceanic forcing regions. Other SST anomalies 
with significant regression signals may also contribute to 
the broader background variability, but were not selected as 
key indices unless they satisfied the above criteria. Accord-
ingly, we define the tropical North Pacific zonal dipole 
index (TNP) as the principal component (PC) of the third 
EOF mode of SST anomalies over the region 120°E–90°W, 
0–40°N, and the North Atlantic zonal dipole index (NAZD) 
as the PC of the third EOF mode over 70°W–0°, 40–60°N. 
Using these indices, we performed an 11-year running 

Fig. 3  Regression patterns of (a, b) April, (c, d) May, and (e, f) June 
mean vertically integrated water vapor flux from surface to 300hPa 
(vector, kg m⁻1 s⁻1) and its divergence (shading, 10⁻6 kg m⁻2 s⁻1) 
against the PEPTP index. Negative values of divergence indicate 
moisture convergence, while positive values indicate moisture diver-
gence. Panels (a), (c), and (e) show the regression results for 1961–

1984, 1970–1990, and 1961–1992, respectively, while (b), (d) and (f) 
correspond to 1985–2024, 1991–2024 and 1993–2024, respectively. 
Stippling indicates areas statistically significant at the 95% confidence 
level. The black outline marks China, and the red outline marks the 
South China domain analyzed in this study
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causal analysis between each index and the PEPTP (Fig. 
5g–i). The results indicate that, after the transition, tropical 
Atlantic SST anomalies may contribute to April PEPTP, the 
TNP becomes significantly linked to May PEPTP, and the 
NAZD is associated with June PEPTP during 1993–2024. 
Additionally, the tropical Indian Ocean warming exerts a 
significant influence.

To further examine the robustness of the SST–PEPTP 
relationship, we calculated the correlations between PEPTP 
and the corresponding key SST signal before and after the 
identified turning points for April, May, and June. As shown 
in Table  1, the correlations before the turning points are 
weak and statistically insignificant in all three months, with 

correlation coefficients of 0.08 in April, − 0.09 in May, and 
0.13 in June. In contrast, the correlations become stronger 
after the turning points, reaching 0.30 in April, 0.37 in May, 
and 0.40 in June. The post-transition correlations are statis-
tically significant in May and June at the 95% confidence 
level, while the April correlation is marginally significant 
at approximately the 90% confidence level. These results 
indicate that the association between the key SST signals 
and PEPTP becomes more evident after the interdecadal 
transition, especially in May and June. Nevertheless, these 
correlation results, together with the information-flow anal-
ysis, should be interpreted as evidence of statistical asso-
ciation or directional influence rather than definitive proof 

Fig. 4  Regressed patterns of 200hPa quasi-geostrophic streamfunction 
(shading; unit: 105 m2 s⁻1) and horizontal wave activity flux (vectors; 
unit: m2 s⁻2) onto the PEPTP index for (a, b) April, (c, d) May, and (e, 
f) June. Panels (a), (c), and (e) show the regression results for 1961–
1984, 1970–1990, and 1961–1992, respectively, while (b), (d) and (f) 

correspond to 1985–2024, 1991–2024 and 1993–2024, respectively. 
Stippling indicates areas statistically significant at the 95% confidence 
level. The black outline marks China, and the red outline marks the 
South China domain analyzed in this study
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of dynamical causality. Therefore, the SST anomalies iden-
tified here are described as factors that may modulate, or 
are associated with, the changes in PEPTP through their 
linkage with large-scale circulation and moisture transport 
anomalies.

Table 1  Correlations between PEPTP and the key SST signal before 
and after the turning point
Month Before turning point After turning point
April (TA) 0.08, p = 0.73 0.30, p = 0.06
May (TNP) − 0.09, p = 0.70 0.37, p = 0.03
June (NAZD) 0.13, p = 0.49 0.40, p = 0.02

Fig. 5  Regression patterns of Sea Surface Temperature (SST) anoma-
lies in January–February (unit: °C) onto the PEPTP index. Panels (a), 
(e), and (b) show the regression results for 1961–1984, 1970–1984, 
and 1961–1992, respectively, while (b), (d), and (f) correspond to 
1985–2024, 1991–2024 and 1993–2024, respectively. Stippling indi-

cates areas statistically significant at the 95% confidence level. (g–i) 
11-year sliding-window information flow of (g) TA, (f) TNP, and (g) 
NAZD to the PEPTP (unit: nats year−1). Error line not crossing the 
zero line (blue) indicate statistical significance at the 90% confidence 
level
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These atmospheric adjustments are further modulated by 
these SST indices. In April, warming over the tropical Atlan-
tic modulates the Walker circulation, inducing anomalous 
subsidence over the equatorial central Pacific and suppress-
ing convection. Through a Gill-type response, an anoma-
lous anticyclone develops to the north of the suppressed 
convective region, shifting the northwest Pacific anticy-
clone eastward (Fig. 6a) (Zhang et al. 2023). This configura-
tion favors a southward extension of the East Asian trough, 
facilitating cold-air intrusions into South China. In May, the 
enhanced Pacific zonal SST gradient strengthens the low-
level zonal winds (Fig. 6c). This circulation adjustment also 
promotes moisture transport from the Indian Ocean toward 
South China (Fig. 6d), but meanwhile suppresses the south-
ward intrusion of mid- to high-latitude cold air. Although 
the enhanced moisture transport favors stronger precipita-
tion intensity in May, the suppressed southward intrusion 
of mid- to high-latitude cold air weakens the dynamical 
lifting conditions required for extreme precipitation. There-
fore, precipitation intensity may increase, while the PEPTP 
shows only a weak decrease or remains nearly stable. The 
June SST-related regression patterns are not reproduced in 
Fig. 6 because they have been systematically presented in 

Feng et al. (2025). In brief, the post-1993 increase in June 
PEPTP reflects a stronger multi-basin oceanic influence: the 
NAZD, in conjunction with tropical Indian Ocean warming, 
which together modulate the mid-latitude westerlies and the 
subtropical jet, substantially enhancing southwesterly mois-
ture transport and convergence over South China (Feng et 
al. 2025).

The progressively later turning points from April to June 
likely reflect a transition in the dominant oceanic forcing, 
characterized by shifts in both latitude and coupling com-
plexity. On the one hand, the key SST signals propagate 
from the tropics toward the mid- to high latitudes, and such 
extratropical responses typically involve extended adjust-
ment timescales (e.g., via air–sea interaction and down-
stream wave-train development), contributing to a delayed 
emergence of circulation and precipitation regime shifts. On 
the other hand, the dominant drivers evolve from a single-
basin signal in April–May to a multi-basin coupled influ-
ence in June, when the Indian Ocean and North Atlantic 
act synergistically. This inter-basin coordination requires a 
more integrated atmospheric adjustment, which can further 
delay the occurrence of the detectable interdecadal transi-
tion. Nevertheless, the robustness of the turning points is 

Fig. 6  Regression coefficients of (a) 850 hPa geopotential height (shad-
ing, unit: m) and wind fields (vector, unit: m s⁻1) (b) mean vertically 
integrated water vapor flux from surface to 300hPa (vector, kg m⁻1 s⁻1) 
and its divergence (shading, 10⁻6 kg m⁻2 s⁻1) in April onto the stan-
dardized TA index during 1985–2024, Regression coefficients of (c) 
850 hPa geopotential height (shading, unit: m) and wind fields (vector, 
unit: m s⁻1) (d) mean vertically integrated water vapor flux from sur-

face to 300hPa (vector, kg m⁻1 s⁻1) and its divergence (shading, 10⁻6 kg 
m⁻2 s⁻1) in May onto the standardized TNP index during 1985–2024. 
“A” (“C”) represents the anomalous anticyclone (cyclone). Stippling 
indicates areas statistically significant at the 95% confidence level. The 
black outline marks China, and the red outline marks the South China 
domain analyzed in this study
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not uniform across months. Additional sensitivity tests 
show that the April and June transitions are relatively stable, 
whereas the May turning point is weaker and more sensitive 
to the detection method. Therefore, May is interpreted as a 
transitional month, and the 1990 turning point is retained 
only as a reference year for interdecadal comparison. The 
overall feature of a progressively delayed transition from 
April to June is mainly supported by the robust changes in 
April and June.

4  Conclusions and discussion

This study documents a robust intraseasonal reorganiza-
tion of the pre-flood season precipitation (April–June) over 
South China during 1961–2024. The key findings reveal 
that changes in extreme precipitation are highly consis-
tent with those in total precipitation and explain the sub-
stantial fraction of the interdecadal differences, indicating 
that extreme precipitation plays a leading role in shaping 
the interdecadal variability of pre-flood season precipita-
tion. The dominance of extreme precipitation exhibits clear 
month-dependent interdecadal transitions: it weakens in 
April (31.2 to 28.2%), remains nearly unchanged in May 
(31.0 to 30.4%), and strengthens in June (31.1 to 33.9%). 
These differences arise from distinct combinations of event 
frequency and intensity changes across months. The corre-
sponding circulation evolution shows a stepwise transition 
in the moisture–cold-air configuration: April is dominated 
by the weak moisture–strong cold-air regime, May features 
strong moisture but weakened cold-air intrusion, favoring 
high event intensity but reduced frequency, and June is char-
acterized by a strong moisture–strong forcing environment 
associated with a mature monsoon circulation and enhanced 
convergence. The turning points occur progressively later 
from April to June, consistent with a seasonal shift from rel-
atively direct tropical forcing toward stronger mid-latitude 
involvement and more complex multi-basin coupling.

The intraseasonal evolution of PEPTP is governed by 
the combined modulation of moisture supply and dynami-
cal triggering: moisture primarily determines the intensity 
of extremes, whereas cold-air intrusion and ascent influ-
ence the occurrence and organization of events. These inter-
decadal shifts are further linked to seasonally evolving SST 
forcing, with forcing related to tropical Atlantic being more 
relevant in April, the tropical North Pacific zonal dipole 
in May, and the combined North Atlantic–Indian Ocean 
influence becoming more significant in June. These results 
suggest that monitoring key SST patterns may improve 
month-specific predictability of pre-flood season extremes 
over South China.

Several issues warrant further investigation. First, the 
causal analysis relies on statistical information flow and 
thus cannot fully replace dynamical attribution. Numeri-
cal model sensitivity experiments are required to isolate 
basin-specific roles and interactions. Second, the changes 
in synoptic/mesoscale systems should be quantified to bet-
ter explain the April decrease and the strong June enhance-
ment. In addition, given that the most extreme precipitation 
continues to intensify, the associated disaster risk is also 
increasing (Fig. 1); however, the response mechanisms of 
such extremes to global warming—and how these mecha-
nisms differ from those governing general extreme precipi-
tation—remain to be clarified. Finally, exploring how these 
operate under future warming will be essential for improv-
ing flood-risk outlooks over South China.
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