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Abstract Persistent wet—cold compound extreme events (PWCEs) exert substantial socioeconomic
impacts over China, but their subseasonal predictability and physical sources remain poorly understood.
Using an event-oriented framework, this study investigates the subseasonal prediction skill of three
PWCE types—South China (SC), Western China (WC), and Central China (CC)—using dynamical and
artificial intelligence (AI)-based subseasonal-to-seasonal (S2S) systems (CMA-CPSv3, ECMWF, NCEP,
and CMA-FENGSHUN). A lead- and member-specific cumulative distribution function (CDF)-based
calibration was applied to reduce systematic climatological and extreme-value biases in temperature and
precipitation forecasts. After calibration, all models capture the aggregated PWCE spatial distributions
and associated wet—cold anomaly patterns, with recognizable signals persisting to 15-20 days. Individual
PWCE:s are generally predictable at ~15-day lead times, with marked type-dependent differences: WC-
type events show higher spatial consistency in continuous-field metrics, whereas SC- and CC-type events
perform better in capturing event spatial extent. The CC type shows the highest overall predictability,
associated with coherent mid- to high-latitude wave trains and suppressed Maritime Continent
convection. PWCEs preceded by robust blocking highs and organized tropical convective anomalies are
more predictable. ECMWF performs best at short lead times, while FENGSHUN performs better at
medium-to-long lead times, especially for CC-type events. Dynamical models effectively translate large-
scale circulation and convective signals into forecast skill, whereas FENGSHUN skill is largely
decoupled from these physical sources. Temperature predictability mainly originates from mid- to high-
latitude circulation regimes, while precipitation predictability relies more on tropical convection. These
findings support improved subseasonal prediction and early warning of compound extremes.

Keywords Persistent wet—cold compound extreme events; Subseasonal predictability; S2S prediction

systems; Al-based model; CDF calibration
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1 Introduction

Persistent Wet—Cold Compound Extreme events (PWCEs) constitute a category of compound
extremes arising from the concurrence of anomalous precipitation and low-temperature conditions.
Characterized by pronounced cooling alongside persistent precipitation, these conditions collectively
promote the development of hazardous weather phenomena, such as snowfall and freezing rain (Peng et
al., 2021). Compared with traditional single extremes of cold temperature or heavy precipitation, PWCEs
generally lead to more severe societal impacts and economic losses. Against the background of global
warming, recent studies have suggested that the frequency of PWCEs may exhibit a decreasing trend,
whereas their extreme intensity and associated destructive risks could further intensify (Zong et al., 2022;
Wang et al., 2026). One of the most representative PWCEs occurred over southern China in 2008,
affecting a vast population and causing substantial socioeconomic losses (Ding et al., 2008; Sun and
Zhao, 2010). Thereafter, PWCEs have continued to occur frequently, including events in January 2018
(Sun et al., 2019), February 2022 (Wang and Li, 2024), December 2023 (Ye et al., 2025), and February
2024 (Zhao et al., 2025a; Ma et al., 2026). It is worth noting that the evolutionary characteristics and
affected regions are different across these PWCEs. Some events propagate from west to east (e.g., 2018-
01), whereas others develop through north—south cold air intrusions (e.g., 2023-12), while some are
primarily concentrated over the eastern Tibetan Plateau. Recently, Wang et al. (2026) classified PWCEs
into three distinct types based on their spatial characteristics: the Southern China type (SC), the Western
China type (WC), and the Central China type (CC). These three types exhibit markedly different large-
scale circulation anomalies over high latitudes, as well as distinct tropical signals and moisture transport
pathways.

Given the significant societal and economic impacts of PWCEs, skillful sub-seasonal-to-seasonal
(S2S) prediction is crucial as it offers a pivotal 2—4-week lead time for disaster prevention and mitigation
efforts (Vitart et al., 2017). Such prediction has substantial practical value, as it bridges the gap between
weather and seasonal forecasts (Brunet et al., 2010). Although the importance of S2S prediction has been
increasingly recognized, it remains more challenging than weather and seasonal prediction (Mariotti et
al., 2020). This difficulty arises because the lead time is long enough for the memory of atmospheric
initial conditions to decay, yet not sufficiently long for slowly varying oceanic anomalies to exert a
dominant influence (Robertson et al., 2020). Recent studies suggest that potential predictability may also
arise from factors such as tropical MJO variability (Xiang et al., 2022), ENSO evolution (Zheng et al.,
2019), land surface processes (Zhu et al., 2019), sea ice (Li et al., 2019), and tropical—extratropical
teleconnections (Stan et al., 2022; Massonnet et al., 2026).

Initiated jointly by the WWRP/WCRP in 2013, the S2S prediction project has generated substantial
hindcast and real-time forecast data from 12 international research and operational centers (Vitart et al.,
2017, 2025). These datasets are widely employed for the early warning of high-impact weather and
climate events, such as heatwaves, droughts, cold surges, and anomalous precipitation patterns
(Domeisen et al., 2022; Domeisen et al., 2023; Sreeparvathy et al., 2025; Zheng et al., 2026). Evaluations
of the direct forecast skill for temperature and precipitation based on S2S models indicate that the
effective forecast lead time is generally limited to about 2—3 weeks, with prediction skill decreasing faster
in extratropical regions than in the tropics (Vitart et al., 2017; Andrade et al., 2019; Vitart et al., 2025).
However, recent verification of subseasonal extreme-event forecasts based on the ECMWF model
indicates that prediction skill for cold surges extends to about 2-3 weeks, whereas skill for heavy

precipitation events is even lower (Domeisen et al., 2022; Rivoire et al., 2023). Compared with single-
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variable extremes, compound extreme events pose greater challenges for prediction systems, as they
involve coordinated anomalies of multiple meteorological variables and their persistence. For instance,
an evaluation of four PWCEs over southern China during the winter of 2008 by Zhang et al. (2020)
showed that model prediction skill decreases markedly beyond about 10 days. Moreover, systematic
research into subseasonal predictive capabilities for PWCEs is still relatively scarce, the accuracy of
forecasts, the factors influencing predictability, and the main sources of error remain poorly understood.
In addition, the frequent occurrence and diversity of PWCEs indicate that it remains a significant risk
under current climate conditions, posing a major challenge for the prediction of such hazardous extreme
events.

In recent years, Al-powered foundation models for weather and climate prediction have advanced
rapidly. Models such as Pangu-Weather and GraphCast have shown that they can now match—or even
surpass—the medium-range global forecasting skill of leading numerical weather prediction systems (Bi
et al., 2023; Lam et al., 2023). More recently, models such as GenCast and FuXi-S2S have expanded
Al’s application to ensemble and subseasonal prediction, demonstrating strong performance in global
forecasting and in representing large-scale climate variability such as the Madden—Julian Oscillation
(Price et al., 2024; Chen et al., 2024). In terms of extreme-event prediction, some studies suggested that
Al models may improve forecasts of extreme weather and tropical cyclone tracks (Price et al., 2024;
Bodnar et al., 2025). However, evaluations of high-impact events also highlight limitations of Al models,
particularly in capturing peak intensities, sharp frontal structures, and regional-scale details (Charlton-
Perez et al., 2024; Kochkov et al., 2024). Moreover, most previous evaluations of Al-based weather and
climate models have focused on individual hazards, such as heatwaves, tropical cyclones, and extreme
precipitation (Camps-Valls et al., 2025), compound extreme-event prediction, which relies on the joint
behavior of multiple variables and processes (Zscheischler et al., 2020), has not been systematically
evaluated yet. This raises an important question: how skillful are Al-based models in predicting
compound extreme events, and how do their relative advantages and limitations compare with those of
traditional dynamical subseasonal-to-seasonal (S2S) models?

This study will systematically evaluate the subseasonal prediction skill for PWCEs over China and
explore the potential predictability sources using four operational dynamical and Al-based S2S prediction
systems. Unlike previous assessments based mainly on individual variables, or case studies, it adopts an
event-oriented framework to characterize variations in prediction skill across event types and to
investigate the associated physical sources of predictability. Model performance is evaluated in terms of
event characteristics, spatial patterns, and physical consistency. In addition, key circulation factors
influencing the predictability of PWCEs are further examined, with particular attention to differences
among the three PWCE types. The remainder of this paper is organized as follows. Section 2 introduces
the data and methods. Section 3 examines the overall predictability and spatial structure of PWCE
forecasts. Section 4 analyzes the associated circulation features and sources of predictability. Section 5

provides the conclusions and discussion.

2 Data and Methods

2.1 Data

This study employs three dynamical S2S prediction systems: the China Meteorological
Administration Climate Prediction System version 3 (CMA-CPSv3), the European Centre for Medium-
Range Weather Forecasts Integrated Forecasting System (ECMWF), and the National Centers for
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Environmental Prediction Climate Forecast System version 2 (NCEP-CFSv2)—alongside the data-
driven machine learning system FENGSHUN to evaluate the subseasonal predictability of PWCEs over
eastern China. The corresponding initialization periods and forecast intervals are summarized in Table 1.

The CNO5.1 daily gridded precipitation and 2-m temperature dataset is used to identify PWCEs and
verify model prediction performance. It is constructed from long-term station observations across China
using multiple interpolation methods (Wu and Gao, 2013), with a horizontal resolution of 0.25° x 0.25°
and high spatial and temporal consistency, enabling reliable representation of regional-scale climate
variability.

Daily mean air temperature, geopotential height (GPH), sea level pressure, and wind fields used for
circulation analysis are obtained from the National Centers for Environmental Prediction—National
Center for Atmospheric Research (NCEP-NCAR) reanalysis, with a horizontal resolution of 2.5° x 2.5°.
The NCEP/NCAR reanalysis is selected primarily because of its long-term temporal consistency and
wide availability, as well as its timely updating, which facilitates potential applications in near-real-time
operational monitoring. To assess the robustness of the results, we cross-validate the main circulation

features using the ERAS reanalysis and find good consistency between the two datasets (figures not

shown).
Table 1 Basic information of the S2S prediction models used in this study
Forecast
Model Institution Resolution Ense.mble Initial Year Lead Time
Size (days)
CMA-CPSv3 CMA 0.45° x 0.45° 4 2006 60
ECMWEF Cy-S5 ECMWF 1.5°x 1.5° 11 2004 46
NCEP-CFSv2 NCEP 1.5°x 1.5° 16 1999 44
FENGSHUN CMA 1.5°x 1.5° 100 2002 60
2.2 Methods

2.2.1 Identification of PWCE

The identification of PWCEs follows our previous study (Wang et al., 2026), in which both relative
and absolute thresholds for temperature and precipitation are used to define PWCEs. The relative
thresholds are calculated using a 15-day moving window, with the temperature threshold set as the 25
percentile of daily mean temperature and the precipitation threshold defined as the 50" percentile of non-
zero precipitation days (daily precipitation > 0 mm), allowing each calendar day at each grid point to
have a unique relative threshold. The absolute thresholds are set as below 4 °C for temperature and above
1 mm/day for precipitation. These four thresholds are specified independently at each grid point and for
each calendar day to identify grid-scale events. Spatiotemporally contiguous events are then extracted
using the three-dimensional connected-component (CC3D) method proposed by Luo et al. (2022). This
method accounts for connectivity in both the temporal (daily) and spatial (grid-based) dimensions. A
WCE daily candidate is first identified when the number of contiguous grid points exceeds 200 on a
given day. A PWCE event is defined when these daily candidates persist for at least three consecutive
days with spatial overlap. A total of 252 PWCE events have been identified during 1961-2023 (see Wang
et al., 2026 for further details). Following Zhang et al. (2011), a wet—cold intensity index (PT) is defined
to quantify the overall intensity of PWCEs by summing the daily contributions of all grid points within

each event, as described below.
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P::i—P:: Tii—=Ti:
PT;; = M_M, (1)
Ps Ts

In this formulation, Py and T;; are the daily precipitation and daily mean temperature at grid
point j on day i, while P_U and T_,] denote the corresponding climatological daily means. Pg and T
are the climatological standard deviations of precipitation and temperature. Larger PT values indicate
stronger wet—cold signals, characterized by higher precipitation and lower temperature.

We classify the observed PWCEs using the K-means clustering algorithm based on their initiation
locations and trajectory centroid positions, which together capture both event onset and evolution
pathways. Based primarily on the Calinski—Harabasz index (Calinski and Harabasz, 1974) and the SSE
elbow criterion (Ketchen and Shook, 1996), and considering the robustness and physical interpretability
of the results, the number of clusters is set to k = 3. PWCEs are then divided into three categories:
Southern China (SC) type, Western China (WC) type and Central China (CC) type. Their respective

spatial distributions and trajectories are shown in Online Resource 1 (Fig. S1).
2.2.2 Model bias calibration

To reduce the influence of systematic model biases on event identification and prediction skill
evaluation, this study applies a cumulative distribution function (CDF)—based statistical bias calibration
to the forecasts of temperature and precipitation from both dynamical and data-driven S2S prediction
systems. The CDF-based bias calibration maps the empirical distribution of model forecasts onto the
observed distribution, effectively correcting systematic biases in the mean, variance, and distributional
shape, which has been widely adopted in S2S prediction studies (Gudmundsson et al., 2012; Wu et al.,
2026). For temperature, we apply standard quantile mapping (QM) at each grid point and for different
forecast leads with a 15-day running window by directly mapping the empirical CDF of model forecasts
onto the observed CDF. Because daily precipitation exhibits strong intermittency and a high frequency
of zero values, direct application of standard quantile mapping may produce undesired changes in wet-
and dry-day frequencies (Gudmundsson et al., 2012; Maraun et al., 2017). Accordingly, we employ a
two-step CDF-based calibration for precipitation. First, we constrain precipitation occurrence frequency
using the observed cumulative probability of zero precipitation. Model precipitation with cumulative
probabilities below this threshold is set to zero, ensuring consistency of wet-day and dry-day frequencies
with observations. Second, quantile mapping is applied to wet-day samples only, mapping modeled wet-
day precipitation onto the observed distribution to correct intensity biases while avoiding shifts in
precipitation occurrence frequency (Maraun, 2013; Cannon et al., 2015; Ivanov and Kotlarski, 2017).
Then the same PWCE identification criteria are applied to model forecast data since their mean and

variance have been corrected.

2.2.3 Model verification methods

Model prediction skill can be evaluated using various metrics targeted for continuous and
categorical variables, respectively. Here, we assess the prediction skill for PWCEs using the anomaly
correlation coefficient (ACC; Li and Robertson, 2015) and the normalized root mean square error
(NRMSE; Lee and Wang, 2014; Zhu et al., 2014). Before evaluation, model forecasts and observations
are aligned in time and space and mapped onto the observation grid. Skill metrics are computed only at
grid points with valid values in both datasets.

Two forms of ACC are used in this study. The non-centered ACC (ACCu) retains information on
both spatial consistency and anomaly amplitude, while the centered ACC focuses on the similarity of

spatial anomaly patterns after removing the spatial mean. The specific form of ACC used in each analysis
6
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is indicated in the corresponding figure caption. The centered and non-centered ACC are respectively
defined as:
i, (Fi=F)(0;=0)

ACC =
\}Z?Ll(l’i—ﬁ)z\/ﬁ\lzl(oi—é)z

2)

N
Yi=1FiOi

ACC, = 3)

SiL i, 0F
In this formulation, F; and O; are the forecast and observed values at grid point i, respectively. F
and O denote their spatial means over all valid grid points. The summation is taken over all valid grid
points in the verification domain.
The NRMSE is used to quantify model forecast errors relative to the spatial variability of observed
anomalies and is defined as the ratio of the root mean square error (RMSE) to the spatial standard

deviation of the observed anomaly field (Lee and Wang, 2014), as given by:

1¢N
N2i=1(Fi—0i)2

— 4)
/ﬁzﬁl(oi—mz

Here, O denotes the spatial mean of the observed field over the same set of valid grid points. Event-

NRMSE =

scale ACC and NRMSE are obtained by temporally averaging the daily values over each event.

To assess the ability of S2S models to discriminate PWCE occurrence, we employ binary
verification metrics following Wilks (2019). Observations and forecasts are converted into daily binary
fields at each grid point, with occurrence coded as 1 and non-occurrence as 0. At each grid point, a hit
(H) occurs when both forecasts and observations indicate an event, a miss (M) when an event is observed
but not forecast, a false alarm (F) when an event is forecast but not observed, and a correct negative (C)
when neither indicates an event. The threat score (TS), which measures the overall accuracy of event

forecasts, is defined as:

TS = —2

T H+M+F ®)
The TS ranges from 0 to 1, with higher values indicating better forecast performance. The
probability of detection (POD), which measures the fraction of observed events that are correctly forecast,

is defined as:

H
POD = - (5)

The POD ranges from 0 to 1, with higher values indicating better event detection.

3 Overall predictability and spatial structure

3.1 The reproduction of multi-events averaged characteristics

The frequency distributions of identified PWCEs from four S2S models after CDF-calibration for
different lead times are presented in Fig.l. Note that for models with interval initialization (e.g.,
ECMWF), the lead time is extended by 1-3 days to locate the nearest initialization date, ensuring the
continuity of the verification sample. In observations, PWCEs are mainly located from the Yellow River
to south China, with pronounced maxima over the Yangtze River Basin and its southern regions. All four
S2S models capture the main spatial features of the observed PWCE distribution, suggesting that the
bias-corrected forecasts reliably represent PWCE-prone regions. With increasing forecast lead time, the

intensity and spatial extent of the high-frequency centers show a slight weakening, especially for CMA

7



238 and ECMWF models. However, the geographical locations remain broadly consistent with the
239 observations even for the lead time of 26 days, with the ACC still remaining around 0.9. In addition, the
240 CDF-calibrated forecasts show a clear improvement in representing the event occurrence frequency
241 compared with the original forecasts. In contrast, the uncorrected forecasts exhibit much lower ACC
242 values, which decrease rapidly with increasing lead time. The spatial distribution also exhibits
243 pronounced biases, with high-frequency centers predominantly located in western regions, particularly
244 over the southern Qinghai—Tibet Plateau, which contradicts the observed PWCE distribution (Fig. S2).
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Fig. 1 Spatial distribution of the frequency of single-day, grid-point events occurring during PWCE
periods, as identified from four S2S models (CMA-CPSv3, ECMWF, NCEP, and FENGSHUN) after
CDF-based bias calibration. The first row shows the observations (OBS), and the remaining rows present
the corresponding model results at different lead times (LD1, LD6, LD11, LD16, LD21, and LD26).
Shading denotes the event occurrence frequency, with colors from light to dark indicating increasing

frequency. The ACC and NRMSE for each panel are shown in the lower-left corner.

The effectiveness of the CDF-based bias calibration in reproducing the spatial distribution of
PWCE:s is further evaluated using the ACC-NRMSE relationship between observations and the outputs
of all four S2S models (Fig. 2). After calibration, all models shift clearly toward higher ACC and lower
NRMSE values, indicating improved spatial consistency with observations and reduced magnitude errors.
In contrast, the uncorrected results predominantly occupy the low-ACC and high-NRMSE region, with
degradation worsening at longer lead times. As lead time increases, both corrected and uncorrected
forecasts show declining ACC and rising NRMSE, reflecting the inherent decay of S2S prediction skill.
Across all lead times, the CDF-corrected results consistently outperform their uncorrected counterparts.
Specifically, after CDF calibration, the mean ACC across six lead times increases from 0.314 to 0.935,
and the mean NRMSE decreases from 2.960 to 0.406, corresponding to an absolute ACC gain of 0.621
and an 86.3% reduction in NRMSE. These results demonstrate that CDF calibration substantially

enhances the representation of PWCEs.
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Fig. 2 ACC-NRMSE relationship for PWCE event-day frequency distributions from observations
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and four S2S models before and after CDF calibration. Squares and circles denote uncorrected and
corrected results, respectively, at leads of 1, 6, 11, 16, 21, and 26 days. Lines connect their midpoints to

illustrate the overall impact of CDF calibration. Transparency decreases with lead time increasing.

From the multi-events averaged perspective, we evaluate how well the S2S models reproduce the
observed wet-cold intensity structures of different PWCE types. Figs. 3—5 show the spatial distributions
of predicted PT fields for the three PWCE types at different forecast lead times based on observation-
identified PWCEs. In general, at short lead times (LD1 and LD6), across all the PWCE types, the four
models generally reproduce the broad locations of the observed PT centers with the ACCu remaining
around 0.9 and NRMSE below 1.0, although the amplitudes are slightly weaker. After LD11, the
NRMSE approaches or exceeds 1.0 across all models and event types and increases progressively
thereafter, indicating growing forecast errors. A more pronounced degradation in prediction skill
emerges after LD16, as the ACCu and NRMSE show diverse characteristics across different models
and PWCE types.

Specifically, for SC-type events, although the NRMSE increases substantially after LD11, the
observed spatial pattern remains reasonably well captured by most models until LD16, with the ACCu
remaining above 0.9. However, by LD21, CMA-CPSv3 and ECMWF exhibit spurious negative PT
values over the northern and southern parts of the event domain, respectively, resulting in a dramatic
drop in ACCu to negative values. In contrast, NCEP and FENGSHUN still retain the wet-cold spatial

pattern, albeit with reduced amplitude.
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Fig. 3 Spatial distributions of PT values during SC-type PWCESs from four S2S models at different

lead times. The first row shows the corresponding observations, and the remaining rows show model

results. Shading indicates PT values, the red rectangle marks the main impact region, and the black

contour outlines the primary occurrence region. ACCu and NRMSE calculated from the composite PT

fields are shown in the lower-left corner of each panel.

For WC-type events, except for CMA-CPSv3, the ECMWE, NCEP, and FENGSHUN models
effectively maintain the western PT structure even at longer lead times (LD16 and LD21), with the ACCu

remaining above 0.85. In particular, FENGSHUN exhibits the strongest performance, maintaining an
ACCu above 0.9 and an NRMSE below 1.0 through LD11, which demonstrates its robust capability to

capture the wet-cold anomaly pattern over the eastern Tibetan Plateau.

11



299
300

301
302
303
304
305
306
307

CMA-CPSv3 FENGSHUN

38N

OBS

28N

18N

38N

28N

LD1

LD6

28N

18N

38N

§ ){( [}/' i
v Accuzo.?ér

NRMSE=1.27

LD11

28N

ACC,=0.8 - 7 ||ACCy=0.9
NRMSE=1.60 ‘ NRMSE=0.85

s
; Bt

) .S -
]

it .
G = L v
ACCU=U§;‘ T q

NRMSE=1.22 o ‘

18N | NRMSE=1.09

38N % )
fd |8 3 g
28N 1 éﬁ} > vl

S .5 =
N 20 o] % 2\;&‘ N
ACCfOf:\;\‘Sﬁ‘g’”/ a ACC=086" " "=

18N { NRMSE=2.25 NRMSE=1.69

38N ¢
5 j%*_// ﬁ
| s
-
| | £ D 1 A
28N 1 o = } v ==

LD16

& ||
3 jen é\’ vy
4;7 B2 ,ar ; =N . 'OI
ACCU=U<68XHi‘E7>f--// " | acc,m088T ; = % | acc,=09 w
18N | NRMSE=1.92 | NRMSEST31 . | NRMSEST60 | NRMSE=1.61 /

90E 105E 120E 90E 105E 120E 90E 105E 120E 90E 105E 120E

we._t <l TR

-02 00 02 04 06 08 10 12 14

Fig. 4 Same as Fig. 3, but for WC-type PWCEs.

For CC-type events, the broad positive PT center weakens after LD11, with degradation becoming
more pronounced after LD16, particularly in CMA-CPSv3 and NCEP. Meanwhile, ECMWF and
FENGSHUN retain moderate to high spatial consistency, with an ACCu remaining above 0.7 and positive
PT values broadly distributed across the event domain. Overall, PT forecasts exhibit larger amplitude
errors after LD11, as indicated by the increasing NRMSE, while the loss of spatial skill beyond LD16
varies across all models. Among them, FENGSHUN exhibits the slowest skill decay, most realistically

capturing the wet-cold anomalies at longer lead times.
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Fig. 5 Same as Fig. 3, but for CC-type PWCEs.

To diagnose the evolution of raw model biases in the two PT components, Figure 6 illustrates the
joint distributions of the standardized precipitation (P) and negative temperature (-T) anomalies during
PWCE periods across the S2S models. P and -T are generally positively correlated. As lead time increases,
the model means in all four models shift away from the observed mean toward weaker PT amplitudes,
but the bias evolution differs among models. ECMWF and NCEP remain relatively close to the observed
mean at short lead times and then exhibit a gradual weakening of both components. CMA-CPSv3 shows
a modest precipitation bias at short lead times, followed by a joint reduction in the precipitation and cold-
temperature components. FENGSHUN shows the largest precipitation underestimation even at short lead

times, while its cold-temperature component weakens progressively with increasing lead time.
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Fig. 6 Comparison of the precipitation (P, x-axis) and temperature (T, y-axis) components of daily
PT values during PWCE periods from four S2S models (CMA-CPSv3, ECMWEF, NCEP, and
FENGSHUN) at different forecast lead times before CDF calibration. Circles denote the mean values

from the model results, while stars indicate the observed mean values.

3.2 The predictability of individual PWCE

Figure 7 shows the variation of prediction skill for PWCE PT fields with forecast lead time for the
four S2S models after CDF calibration. For all events (Fig. 7a), ACCu values are relatively high at short
lead times but decrease substantially after about two weeks. Using 0.5 as a threshold, the average useful
prediction limit reaches approximately 11 days for the ECMWF model and 8 days for the other models.
However, based on the 95% statistical significance thresholds calculated using the effective degrees of
freedom—which range from approximately 0.2 to 0.3 and vary across PWCE types—the average skillful
prediction limit extends to 20 days for FENGSHUN and 15-17 days for the other dynamical models.

Differences in prediction skill are evident among PWCE types. WC-type events retain positive
ACCu values for a longer period and show the slowest decay, with the useful prediction limit of
FENGSHUN extending to 15 days, suggesting relatively higher predictability in the continuous PT-field
metric (Noted that the event number is less for WC-tpye). By contrast, SC- and CC-type events exhibit
a more rapid reduction in ACCu after the medium lead range, although the ECMWF model maintains a
useful prediction limit of about 12 days for these types. The four models also show distinct lead-time-
dependent behaviors. ECMWF generally performs better at short lead times, especially within the first
0-10 days, whereas FENGSHUN shows a slower skill decay and retains relatively higher ACCu values
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at medium-to-long lead times. These results indicate that PWCE prediction skill is both event-type

dependent and model dependent.
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Fig. 7 Lead-time dependence of PWCE prediction skill for the four S2S models (CMA-CPSv3,
ECMWF, NCEP, and FENGSHUN) after CDF calibration. Shown are event-based ACCus of PT fields
as a function of forecast lead time, defined relative to the observed event onset, for all events and for the
three PWCE types. The ACCus are calculated within type-dependent spatial masks: 90°—122°E, 23°—
40°N for all events; 102°-122°E, 23°-37°N for SC; 91°-106°E, 27°-38°N for WC; and 102°-122°E,
25°-40°N for CC.

Figure 8 illustrates the variation of spatial binary matching skill, as measured by TS, with forecast
lead time for the four S2S models based on observation-identified PWCE events. TS quantifies the spatial
overlap of grid points between the model-identified and observed event extents. A similar improvement
is evident in POD (Fig. S3), with calibration increasing the fraction of observed PWCE grid points
correctly detected by the models. For all events (Fig. 8a), TS generally decreases with forecast lead time
across all models, indicating that the ability to accurately capture the spatial extent of observed PWCEs
weakens as lead time increases. The CDF-corrected results exhibit higher TS at nearly all lead times,
demonstrating that bias calibration effectively improves the identification of event spatial extent. Overall,
the FENGSHUN model generally exhibits the highest TS, except at very short lead times (0—2 days).
Using 0.3 as a threshold, FENGSHUN maintains skillful predictions up to a lead time of about 15 days,
with particularly strong performance for CC- and SC-type events. Except that, ECMWF performs better
than the other dynamical models, maintaining an average skillful range of about 5-10 days. Notably, the
initial forecast skills are relatively low for all models (below 0.5), indicating that it remains challenging
to directly identify PWCE events even at very short lead times. Together with the ACCu results in Fig.
7, these results suggest that WC-type events show relatively better continuous-field spatial consistency,

whereas CC-type events have clearer advantages in event-area matching.
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Fig. 8 Lead-time dependence of TS for PWCEs from four S2S models before and after CDF
calibration, shown for all events and the three PWCE types. Solid and dashed lines indicate corrected

and uncorrected results, respectively.

4 Circulation and physical sources of predictability

We further assess the models’ capability to reproduce mid- to high-latitude circulation anomalies
associated with diverse PWCEs. Taking FENGSHUN and ECMWF as representatives (Fig. 9; see Fig.
S4 for CMA-CPSv3 and NCEP), both models effectively capture the dominant circulation signatures at
short-to-medium lead times (0—10 days)—specifically, the meridional “north-positive south-negative”
500-hPa GPH dipole and the enhanced Siberian High at the surface—with ACCu skills exceeding 0.4.
Beyond 15 days, simulation fidelity degrades, and skill exhibits notable model- and event-type
dependencies. Specifically, FENGSHUN excels in capturing the northwest-southeast wave train of CC-
type events (ACCu > 0.5 at 15-day lead time), consistent with its superior PWCE prediction skill (Figs.
7d, 8d). Meanwhile, ECMWF better maintains the meridional dipole structure over western China for
WC-type events up to 20 days, supporting its higher prediction skill for this subtype (Fig. 7¢). For SC-
type, the circulation simulation performance of FENGSHUN is slightly higher than that of ECMWF

models, but the anomalous magnitudes are underestimated in both models.
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Fig. 9 Composite high-latitude circulation anomalies on PWCE types from the FENGSHUN and
ECMWF models at different forecast lead times. Contours show 500-hPa GPH (Z500), and shading
indicates sea level pressure (MSL) anomalies. Stippling denotes regions where MSL anomalies pass the
significance test. The ACCu of each model result relative to the corresponding observations in the first

row is shown in the upper-right corner of each panel.

Tropical convective anomalies and the corresponding low-level circulation are crucial for PWCE
moisture transport and serve as primary predictability sources. Fig. 10 evaluates the capability of the
ECMWEF dynamical model and the FENGSHUN Al-based model to capture these features (see Fig. S5
for CMA-CPSv3 and NCEP). Observations show that SC-type events feature enhanced convection over
the Maritime Continent (MC) and South China Sea (SCS), driving moisture-laden southwesterlies toward
southern China. Conversely, WC- and CC-type events exhibit widespread positive OLR anomalies over
the MC and western Pacific (WP). For CC-type events, this suppressed convection stimulates an
anticyclonic anomaly to its northwest, reinforcing the WNPAC and driving southwesterlies toward
central China. Both models capture these anomalous tropical patterns at lead times up to 10 days. Beyond
this window, predictability diverges among PWCE types. CC-type events retain predictability at medium
lead times (15-20 days), particularly for FENGSHUN (ACCu > 0.5), which successfully reproduces the
distinct convective-suppression northwest of the MC, reflecting the more coherent convection—
circulation coupling inherent to CC-type events. In contrast, the tropical signals for SC- and WC-type
events (enhanced convection over the SCS and suppressed convection over the eastern MC) weaken after
10 days. Furthermore, an inter-model contrast emerges: FENGSHUN better maintains the spatial
structures of OLR and circulation anomalies for WC- and CC-type events, whereas ECMWF performs
relatively better for SC-type events, consistent with their respective skills in predicting PWCE PT
distributions (Fig. 7).

17



406

407
408
409
410
411

412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435

SC ECMWF SC FENGSHUN WC ECMWF WC FENGSHUN CC ECMWF CC FENGSHUN_
S Ton | e’ R R [ ) S S e S ==

30 E 70°E 110° E 150 E 30° E 70°E 110°E 150 E 30°E 70°E 110°E 150°E 30°E 70 E 110° E 150°E 30°E 70°E 110°E 150°E 30°E 70°E 110°E 150°E

-24 -18 -12 -6 0 6 12 18 24

Fig. 10 Composite low-latitude circulation anomalies on the first day of the three PWCE types from
the FENGSHUN and ECMWF models at different forecast lead times. Shading indicates outgoing
longwave radiation (OLR) anomalies, and stippling denotes regions where OLR anomalies pass the
significance test. Vectors show low-level winds, with only wind speeds exceeding 1 m s ! displayed.

ACCu relative to observations is shown in the upper-right corner.

To assess the model’s performance in capturing key circulation evolution features and identify
potential predictability windows across PWCE types, we classify events into high- and low-skill groups
based on the PT-index ACCu at a 20-day lead time (LD20) from FENGSHUN, the best-performing model.
For its twice-weekly initializations, the nearest available initial field to LD20 is used to ensure sample
completeness. Given the sample sizes (SC: 28, WC: 8, CC: 24), the 50th percentile serves as the threshold,
yielding 14/14, 4/4, and 12/12 high-/low-skill events, respectively. Composites of observations and LD20
forecasts are then constructed to diagnose the evolution of mid-latitude circulation anomalies (Figs. 11,
Fig. S1).

For SC-type events, high-skill composites at LD20 feature a prominent Ural blocking high. This
anomaly extends eastward, reinforcing the Siberian High and steering cold air intrusions southward into
eastern China. FENGSHUN captures this evolution reasonably well, albeit with a westward-shifted
positive GPH anomaly and underestimated circulation intensity. Conversely, low-skill events lack a
coherent Ural blocking; instead, they exhibit weak, alternating GPH anomalies over the North Atlantic.
In forecasts, these weak anomalies decay rapidly, failing to form the typical SC-type dipole structure.
This divergence is quantitatively reflected in the Z500 ACCu, which remains >0.5 at LD20 for high-skill
events but drops to -0.38 for low-skill events.

Similar predictability dichotomies characterize WC- and CC-type events. For WC-type, high-skill
observations show a North Atlantic dipole-like GPH anomaly that triggers the downstream positive
anomaly inducing the PWCE. For CC-type, high-skill events originate with a positive GPH anomaly
over Northern Europe that propagates eastward along a great-circle path as a planetary-scale wave train,
accompanied by a significant western Pacific subtropical high. FENGSHUN generally reproduces these
upstream precursors and downstream wave train evolutions, despite inevitable intensity underestimation.
In contrast, low-skill events exhibit chaotic and displaced upstream precursors in observations,

preventing realistic simulation. For example, in low-skill CC-type forecasts beyond LD10, the GPH
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anomaly weakens and fails to propagate equatorward; consequently, the wave train is deflected poleward,
failing to establish the coherent meridional dipole pattern over the continents.

Overall, high-skill events (Fig. 11) are consistently preceded by robust and well-organized blocking
highs. The associated positive GPH anomalies exhibit coherent eastward and southward development,
effectively guiding the cold air intrusions. FENGSHUN largely captures these observed spatiotemporal
evolutions; although the simulated intensities are somewhat underestimated, the model successfully
reproduces the key circulation modes up to 20 days in advance. Based on the Z500 spatial patterns and
ACCu metrics, CC-type events demonstrate the highest overall circulation predictability among the three
categories, closely linked to their highly systematic wave train structures.

In contrast, low-skill events are generally associated with weaker, less coherent, and spatially
displaced upstream circulation anomalies (Fig. S6). These signals decay rapidly in the FENGSHUN
forecasts, with increasing amplitude and phase errors beyond LD10, preventing the development of the

observed downstream circulation patterns.
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Fig. 11 Lead-lag composites of mid- to high-latitude circulation anomalies for high-skill PWCEs
from the FENGSHUN model. For each event type, the left and right panels show the observed and
corresponding FENGSHUN forecast composites for the same events, respectively. Shading, vectors, and
contours indicate sea level pressure anomalies, 850-hPa wind anomalies, and 500-hPa geopotential

height anomalies. The upper-right value in each forecast panel indicates the Z500 ACCu.

The evolution characteristics of tropical convective and low-level circulation anomalies associated
with high-skill and low-skill PWCE events are further presented in Figures 12 and Fig. S7 respectively
to identify the tropical sources of predictability. High-skill events are consistently characterized by
structured, large-scale, eastward-propagating convective anomalies. Specifically, for high-skill WC-type
events, the primary observed precursor is strong convective suppression over the eastern Indian Ocean
and Maritime Continent (MC), which slowly propagates eastward from Day —20 to event onset. For high-
skill CC-type events, vigorous convection over the South China Sea and MC, as well as suppressed
convection over the Indian Ocean, serve as crucial precursors. These early-stage anomalies propagate
eastward, dynamically forcing the establishment of the western North Pacific anticyclone (WNPAC).
FENGSHUN successfully captures these preceding convective signals and their subsequent large-scale
evolution in high-skill events (particularly for WC- and CC-types), maintaining an ACCu of 0.47 at Day
0.

Conversely, low-skill events exhibit much weaker and spatially dispersed convective precursors.
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For example, the initial suppression signals over the MC for WC-type and the Indian Ocean for CC-type
are significantly diminished. Consequently, FENGSHUN struggles to simulate the subsequent realistic
convection and circulation patterns, as reflected by substantially lower ACCu values. It is worth noting
that although the high-/low-skill classifications are defined based on FENGSHUN, these distinct

convective characteristics are generally consistent across the other dynamical models (figures omitted).
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Fig. 12 Lead-lag composites of low-latitude circulation anomalies for high-skill PWCEs from the
FENGSHUN model. For each event type, the left and right panels show the observed and corresponding
FENGSHUN forecast composites for the same set of high-skill events, respectively. Shading denotes
outgoing longwave radiation anomalies, and vectors denote 850-hPa wind anomalies. The upper-right

value in each forecast panel indicates the OLR ACCu.

Building on the identified roles of mid- to high-latitude circulation and tropical convection as
predictability sources, Figure 13 quantifies their linkages to forecast skill. The results reveal a robust
linear relationship between high-latitude Z500 and near-surface air temperature, particularly for CC- and
SC-type events, explaining their relatively high predictability. Conversely, the connection between low-
latitude convective activity (OLR) and precipitation is relatively weaker, reflecting the multiscale and
nonlinear nature of precipitation processes. Among the models, ECMWF exhibits the highest correlation
levels, followed by CMA-CPSv3 and NCEP, implying that ECMWF more effectively translates large-
scale circulation and convective signals into skillful forecasts of key PWCE variables. Notably,
FENGSHUN?’s forecast skill shows weak correlation with these physical predictability sources. This
decoupling likely reflects its fundamental nature as a data-driven Al model, which operates

independently of the physical cause-effect chains governing traditional dynamical models.
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Fig. 13 Scatterplots of ACCu between model and observed fields for Z500-T2m (left column) and
OLR-PREC (right column) over the primary occurrence regions of the three PWCE types (SC, WC, and
CC) before bias calibration. Each row corresponds to one event type, from top to bottom: SC, WC, and
CC. Dots represent all available samples during the extended winter season, namely November—March
(NDJFM), for lead times of 0-21 days (Lead <21), with different colors indicating different S2S models.
Solid lines denote linear regression fits for each model, and ellipses illustrate the two-dimensional sample
distributions. The value shown in each panel is the correlation coefficient (R) between the two ACCu

series for the corresponding model, quantifying the coherence between the two prediction skills.

5 Conclusions and Discussions

Based on the three types of persistent wet—cold compound events (PWCEs; SC, WC, and CC) over
eastern China identified by Wang et al. (2026), this study systematically has evaluated the subseasonal
predictability of PWCEs and explored the possible predictability sources using four dynamical and Al-
based S2S prediction systems: CMA-CPSv3, ECMWEF, NCEP, and FENGSHUN. By adopting an event-
oriented evaluation framework, this study has examined prediction skills in terms of both the event-
aggregate physical fields and the spatial matching of individual event occurrences, thereby providing a

comprehensive assessment of PWCE predictability and its potential physical origins.
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Results indicate that CDF-based calibration substantially enhances the fidelity of S2S forecasts in
representing PWCE occurrence frequency, spatial distributions, and wet—cold anomaly (PT) structures.
Post-calibration, both dynamical and Al-based models effectively capture the aggregated spatial patterns
of PWCE frequency and PT values, with recognizable signals persisting up to 15-20 lead days. Notably,
the FENGSHUN model exhibits the slowest skill decay and the most robust representation of wet—cold
anomaly structures at extended lead times.

Regarding the predictability of individual PWCE events, skillful forecasts are generally achievable
at lead times of 10—15 days, though with pronounced dependencies on event type and model. Specifically,
models exhibit higher prediction skill for the continuous wet—cold intensity (PT) fields of WC-type
events, whereas they demonstrate stronger capability in capturing the event-area matching metric of SC-
and CC-type events. Furthermore, model performance exhibits distinct lead-time-dependent
complementarities: the ECMWF model shows superior skill during the short range (within 5 days), while
the FENGSHUN model maintains a clear advantage at intermediate to extended lead times (520 days).

S2S models effectively capture the key mid- to high-latitude circulation and tropical convection
anomalies associated with PWCEs at lead times up to 10—15 days. Among the three categories, the
coherent mid- to high-latitude wave train and the suppressed convection over the Maritime Continent
characterizing CC-type events are most reliably simulated, consistent with their highest overall
predictability. High-skill events are consistently preceded by robust and well-organized precursors,
specifically Ural blocking for SC-type, North Atlantic dipole-like anomalies triggering downstream
development for WC-type, and a systematic planetary-scale wave train coupled with organized
convective anomalies over the Maritime Continent for CC-type. These findings underscore that persistent
and spatially coherent circulation and convective precursors constitute primary sources of PWCE
predictability. Notably, the linkage between large-scale physical signals and forecast skill is robust for
dynamical models, whereas FENGSHUN’s skill is largely decoupled from these physical predictability
sources, reflecting its data-driven nature. Ultimately, temperature predictability primarily originates from
mid- to high-latitude circulation regimes, while precipitation predictability relies more heavily on tropical
convection patterns.

Although this study systematically evaluates the subseasonal predictability of PWCEs and their
associated circulation—convection features, several issues merit further study. First, the CDF-based
calibration effectively corrects the marginal distributions of temperature and precipitation; however, it
does not explicitly constrain the inter-variable covariance critical for compound extremes. Because
PWCE predictability fundamentally depends on the coupled behavior of wet and cold anomalies, future
bias correction strategies should prioritize preserving this physical dependency as well as multi-model
ensemble forecast information. Furthermore, the calibrated skill may be somewhat inflated by the lack
of strict out-of-sample verification. Second, the inherent differences in hindcast periods, ensemble sizes,
and initialization configurations among the S2S models preclude a strict ranking of model performance.
Instead, the observed complementary strengths—ECMWF’s advantage at short lead times driven by
superior initialization, versus FENGSHUN’s sustained skill at medium-to-long ranges due to its data-
driven architecture—highlight that different models may capture distinct aspects of PWCE predictability.
Third, our composite analysis reveals that high-skill events are consistently preceded by robust
precursors, whereas low-skill events suffer from inherently disorganized circulation backgrounds. This
strong flow-regime dependence suggests that future efforts should shift from composite diagnostics to
process-oriented evaluations, specifically examining how models simulate the dynamical coupling

between mid- to high-latitude wave trains and tropical convection. Notably, the decoupling of
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FENGSHUN’s forecast skill from these physical predictors poses a critical challenge: unraveling the
“black-box” mechanisms by which Al models implicitly represent these teleconnections is essential for
building trustworthy Al-based forecasting systems. Finally, given the inherently low TS values even at
short lead times, deterministic event-area matching remains highly challenging; thus, future evaluations
must transition toward probabilistic frameworks to better quantify event risk. Ultimately, developing
hybrid dynamical-AI approaches—Ileveraging the physical consistency of dynamical models to constrain
data-driven architectures—may provide a transformative pathway for advancing subseasonal PWCE

prediction.
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