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Abstract Previous studies have primarily focused on evaluating the forecast skill of extreme cold events in
central and eastern China as a whole, with limited attention to their different stages. This study identifies a
distinct “predictability barrier” phenomenon in the ensemble forecasts, characterized by rapid growth of
ensemble mean forecast error in 2m-temperature during the intensification stage of the events. In contrast, the
forecast error tends to decrease during the decay stage. Consequently, the decay stage is more accurately
forecasted than the intensification stage at the same lead time. Mechanism analyses indicate that error
amplification is primarily driven by the interaction between the horizontal wind forecast error and the
background horizontal temperature gradient of the event, which is dominantly governed by event
intensification. Error reduction during the decay stage is primarily dominated by the conversion of available
potential energy error into kinetic energy error.

Plain Language Summary Previous research indicates that extreme cold events can generally be
forecast accurately with a lead time of about 7 days. This study finds that the main challenge of forecasting at
longer lead times arises from the rapid growth of forecast errors during the intensification stage of events,
referred to as the “predictability barrier.” Unlike the rapid error growth during the intensification stage, the
forecast error tends to decrease during the decay stage. This means that the forecast skill during the decay stage
is better than during the intensification stage for the same lead time. Mechanism analyses demonstrate that the
physical processes governing event intensification play a crucial role in the occurrence of the “predictability
barrier.” Meanwhile, the conversion between available potential energy error and kinetic energy error inhibits
the occurrence of the “predictability barrier.”

1. Introduction

Despite the ongoing global warming, extreme cold events in winter still occur in China from time to time. For
instance, nine extreme cold events took place over the past decade, with the surface air temperature even breaking
the record in several events. One notable example is the extreme cold event during 20-25 January 2016, often
referred to as the “boss level” cold wave, which attacked many regions of China. During this event, the surface air
temperature in East Asia reached the historical record low (Ma & Zhu, 2019; Song & Wu, 2017). Two years later,
an extreme event hit most of China during 24-28 January 2018 (Dong et al., 2020; Huang et al., 2022; Liu
et al., 2018). Additionally, a nationwide extreme cold event occurred during 25-31 December of the same year
(Dai et al., 2021). During the 2020/2021 winter, three successive extreme cold events affected eastern China, with
many stations reporting record low temperatures (Yao et al., 2022; Zhang et al., 2022; Zheng et al., 2022).
Similarly, during the 2023/2024 winter, three extreme cold events hit China, posing significant challenges to the
Spring Festival travel rush (Chen et al., 2024; Gong et al., 2024; Ye et al., 2025). The extreme cold event is a type
of high-impact weather that is often accompanied by secondary disasters, such as freezing rain and heavy
snowfall, and leads to severe disruptions in transportation, energy supply, agriculture, and livestock husbandry.
Consequently, research on the predictability of extreme cold events is of great importance for disaster prevention
and mitigation strategies.
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Many studies have assessed the forecast skill of extreme cold events in China. For example, studies on the
extreme cold events in January 2008 indicate that the events cannot be accurately predicted beyond 5 days in
advance, based on analysis of the extreme forecast index (EFI) (Xia & Chen, 2012). The EFI, developed by the
European Centre for Medium-Range Weather Forecasts (ECMWF), is an effective index for identifying extreme
weather events (Lalaurette, 2003; Zsoter, 2006). Similar findings have been reported in studies using alternative
metrics, where forecast errors grow substantially at lead times longer than 5 days (Zhang et al., 2021; Zheng
et al., 2020). Based on EFI analyses, extreme cold event in late January 2016, as well as those in January and
December 2018, can be accurately predicted up to 7 days in advance (Dai et al., 2021; Tao et al., 2017).
Furthermore, predictions of three consecutive extreme cold events during the 2020/2021 winter indicate that they
can be skillfully forecast with a lead time of 5-8 days, based on the analysis of the root mean square error (RMSE)
of ensemble mean forecast and the local practical predictability limits (Dai et al., 2022; Li et al., 2023). These
results suggest that extreme cold events can generally be forecasted accurately with a lead time of about 7 days,
after which forecast errors become significantly larger.

Previous studies primarily focus on the average performance of the extreme cold events, but rarely examine the
characteristics of forecast error growth over time and the underlying mechanisms driving this growth. If different
growth rates occur during the intensification stage and decay stage of extreme cold events, distinct forecast post-
processing strategies should be adopted. Although many studies have investigated the formation mechanisms of
extreme cold events in China (e.g., Li et al., 2019; Yu et al., 2022; Zuo et al., 2015), they cannot answer these
questions. This study will analyze the operational forecasts of extreme cold events from 2008 onwards, excluding
a few cases for which data from the International Grand Global Ensemble (TIGGE) are unavailable. The growth
patterns of forecast errors will be investigated and summarized, followed by an explanation of the underlying
physical mechanisms.

The remainder of this paper is organized as follows: Section 2 describes the data and methods. Section 3 in-
vestigates the “predictability barrier” phenomenon and analyzes the underlying mechanisms. Section 4 presents a
summary and discussion.

2. Data and Methods Description

The 3-hourly, instantaneous, pressure-level assimilated meteorological fields, temperature (t), zonal wind (u),
meridional wind (v), and vertical pressure velocity (@), along with the hourly surface air temperature at 2m (T5,,,)
are from the Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA-2) data
(Gelaro et al., 2017; Molod et al., 2015). The daily mean is defined as the average of the data at 00:00, 6:00, 12:00,
and 18:00 UTC. The horizontal spatial resolution is 0.5° X 0.625°, and is interpolated to 1.0° X 1.0°. The time
period used ranges from 1999 to 2024. The daily climatology is defined as the average over the period from 1999
to 2020, and the anomaly is calculated by subtracting the climatology. Hourly T,,, from the fifth generation
European Center for Medium Range Forecasting Reanalysis (ERAY) is also used (Hersbach et al., 2023).

The operational forecast products are obtained from the TIGGE data set (Bougeault et al., 2010; Swinbank
et al., 2016), accessible through the ECMWF public data sets (https://apps.ecmwf.int/datasets/data/tigge). This
study utilizes four products from ECMWF, the China Meteorological Administration (CMA), the Japan Mete-
orological Agency (JMA) and the National Centers for Environmental Prediction (NCEP). These products
contain one control forecast and 30 to 50 perturbed forecasts. The ensemble mean forecast is defined as the
average of the control forecast and all perturbed forecasts. The daily mean is derived from the average of the data
at 00:00, 6:00, 12:00, and 18:00 UTC. Due to the absence of re-forecast, the MERRA-2 climatology is used to
calculate the forecast anomalies.

ort -
5 =_Vr.VT/2+PB+PE+Pc+PQ+Presidua1 (1)

The temperature error budget is described by the above equation: The first term on the right-hand side (rhs) of

Equation 1 represents the horizontal transport of temperature error associated with the background flow. ;, in-
dicates the horizontal wind in the observation (MERRA-2) and 7" indicates the temperature forecast error. The
second term on the rhs, denoted as Py, represents the interaction between the horizontal wind forecast error and
the temperature gradient of event itself. The third term, P, represents the gain in the temperature error due to the
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Figure 1. Evolution of the averaged T,,, anomaly (blue line, right ordinate with blue color; unit: °C), the averaged root mean
square error of T, ensemble mean forecast (red line, right ordinate with red color; unit: °C), and error growth rate (gray bar,
left ordinate; unit: °C/day) over central and eastern China (23°N—40°N, 105°E-123°E). The three indices are the
compositions of 15 extreme cold events. (a—e) Indicate the initial times which are 8—12 days prior to the peak day of events.
The composition of these indices is centered on the peak day of each extreme cold event. The x-axis indicates the forecast
time in days. The forecast data is from ECMWF. The gray shading denotes the intensification stage.

interaction between the horizontal wind error and the gradient of temperature error. The fourth term, P, corre-
sponds to the conversion from available potential energy (APE) error to kinetic energy error. The fifth term, P,
represents the error generation resulting from the adiabatic heating error. The final term, P, g, represents
residual errors caused by spatial and temporal discretization. The derivation follows that of the APE equation in
Zhuge and Tan (2021), with further details provided in Appendix A.

3. Results
3.1. Extreme Cold Events

The extreme cold events across central and eastern China are first identified. An extreme cold event is defined as
follows: if the daily mean of the T,,, anomaly over central and eastern China (23°N—40°N, 105°E-123°E) is lower
than —1.0 standard deviations for three consecutive days, and the lowest value is less than —2.0 standard de-
viations, the event is classified as an extreme cold event. The events during December and January, which are the
coldest period of the year, are selected. Based on this criterion, a total of 18 events are identified; however, due to
the unavailability of forecast data in some instances, only 15 events are ultimately analyzed (see Table S1 in
Supporting Information S1). These selected events have been reported in previous research. The peak day of the
extreme cold event is defined as the day with the lowest anomaly value, and the peak day of each event is
presented in Table S1 of Supporting Information S1. Typically, the T,,, anomaly begins to decrease 3 days prior
to the peak day, as illustrated by blue lines in Figure 1. Consequently, the 3 days prior to the peak day are defined
as the intensification stage. Similarly, the 3 days following the peak day are defined as the decay stage.

3.2. The Phenomenon of “Predictability Barrier”

Figure 1 illustrates the temporal evolution of three metrics over central and eastern China (23°N—40°N, 105°E—
123°E), derived from a composite analysis of 15 extreme cold events. The blue lines represent the averaged T,,,
anomaly (MERRA-2), which describes the temporal evolution of the strength of cold events in central and eastern
China and is used to identify extreme cold events in Section 3.1. The red lines represent the averaged RMSE of the
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T,,, ensemble mean forecast when the initial times are 7-14 days prior to the peak day of events. The gray bars
indicate the error growth rate, representing the daily variation in the forecast error. For example, the gray bar on
the far left of Figure la indicates the difference in forecast error between the 2nd day and the 1st day. Only
forecasts with the initial time longer than 7 days prior to the peak of the events are presented, as T,,,, forecasts are
generally accurate at lead times shorter than 7 days, as noted in the introduction.

There are two common characteristics of forecast error growth. First, forecast error exhibits rapid growth during
the intensification stage, which is marked by the gray shading in Figure 1, with the growth rate reaching its
maximum (gray bars in Figure 1). The magnitude of error growth during this stage varies with different lead times
(Figures 1a—1e). This stage accounts for approximately 68%—75% of the error growth from day 1 to the peak day
of events, and about 80%—130% of the error growth from day 1 to the third day after the peak. Analogous to the
“spring predictability barrier” observed in El Nifio-Southern Oscillation (ENSO), which describes the rapid error
growth during the spring (e.g., Mu et al., 2007; Webster & Yang, 1992), we identify the phenomenon of the rapid
error growth in this study as “predictability barrier” of extreme cold events. Second, forecast error decreases
during the decay stage, with the growth rate approaching zero or even becoming negative. The “predictability
barrier” becomes more pronounced with increasing lead times (Figures 1a—1e), indicating that the decay stage is
forecasted more accurately than the intensification stage with identical lead time. For example, the RMSE on the
11th day in Figure le (intensification stage) is 5.16°C, significantly higher than those in Figure la (3.38°C),
Figure 1b (3.36°C) and Figure 1c (4.53°C) (decay stage). Although RMSE has been analyzed, it remains unclear
whether forecast products overestimate or underestimate these events. Therefore, we compare observed and
forecasted anomalies. Results indicate a consistent temperature underestimation across all models (Figure S1 in
Supporting Information S1), with the underestimate increasing more rapidly during the intensification stage and
decreasing during the decay stage, which is similar to the evolution of RMSE.

Individual analyses are conducted for each event to ensure that the composite analysis reflects the common
characteristics of all events, rather than being influenced by a few outliers. The results indicate that error growth
during the intensification stage (—3d to 0d) is larger than decay stage (0d to 3d) and the period before intensi-
fication stage (—6d to —3d), and Od indicates the peak day. These findings suggest that nearly all cases exhibit
characteristics similar to the composite, implying that the “predictability barrier” is a common feature in ECMWF
forecasts. Figure 2 only shows the result when the initial time leads the peak day by 7 days. Similar results are
obtained when the initial time leads the peak day by more than 7 days (not shown), except that the number of cases
with the “predictability barrier” increases. The above analyses are based on the forecast from ECMWEF. A
pertinent question arises: whether the “predictability barrier” also exists in other operational models? To answer
this, the forecasts from CMA, JMA and NCEP are examined, and the selected cases are listed in Table S2 of
Supporting Information S1. The results show that the evolution of forecast errors in CMA, JMA and NCEP
models display similar characteristics to those in ECMWF (Figure 3). Forecast errors grow rapidly during the
intensification stage (warm colors shading during the period from —3 days to 0 day), and decrease during the
decay stage (cool colors shading during the period from 0 day to 3 days), and Od indicates the peak day. The main
differences among four models are the magnitudes of error growth rate. To ensure result robustness, forecast
errors were further evaluated against ERAS observational data. The results are in agreement with those obtained
using MERRA? as the validation (Figure S2 in Supporting Information S1).

The “predictability barrier” manifests as a common characteristic in operational forecasts when the initial time
prior to the peak day exceeds 7 days. Although the initial condition errors and model errors are the sources of the
forecast errors (Lorenz, 1969), the consistent occurrence of this phenomenon across various events and models
implies that the inherent physical processes governing event intensification may significantly amplify these er-
rors. As a result, the mechanisms responsible for error amplification are investigated in the following subsection.

3.3. Mechanisms of “Predictability Barrier”

To understand the occurrence of the “predictability barrier,” we analyzed the contributions of different physical
processes to error amplification. The forecast error of temperature at 850 hPa (Tys,) is analyzed instead of T,
since T,,, is a diagnostic variable rather than a prognostic one, while Tgs, is a prognostic variable in the physical
equations of the atmospheric model. Moreover, Ty errors also exhibit a pronounced “predictability barrier”
during the intensification stage, and decrease during the decay stage (Figure S3 in Supporting Information S1).
The derivation of the temperature error budget equation is given in the Appendix A. The derivation refers to that
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Figure 2. Error growth rate (unit: °C/day) during different stages in 15 cases when the initial time leads the peak day of each
event 7 days. The time of the peak day of each event is shown on the top of each panel. (-3d to —6d): the stage before the
intensification stage, (0d to —3d): the intensification stage, (+3d—0d): the decay stage. Od denotes the peak day of events.

of the APE budget equation in Tanaka et al. (2016) and Zhuge and Tan (2021). In fact, the APE is proportional to
the square of temperature. Because the diabatic heating can be only calculated indirectly through thermodynamic
equation and is influenced by data resolution, it is not analyzed separately in this study. It should be noted that
only four events are investigated. This limitation arises from the fact that the vertical velocity for these events can
only be obtained from the National Meteorological Center of CMA and is not available from TIGGE. The spatial
coverage of these data is 0°N—70°N and 40°E—160°E, and the available forecast period is 10 days.

Figures 4a and 4b illustrate the area-averaged Tys, error tendency and the conversion terms over central and
eastern China (23°N—40°N, 105°E-123°E), derived from a composite of four events. During the intensification
stage, the primary source of error growth is the interaction between the horizontal wind forecast error and the
horizontal temperature gradient of the event in the observation (Pg). This interaction represents the baroclinic
energy conversion from the background flow within the framework of APE theory. The RMSE of horizontal wind
at 850 hPa over the study region is analyzed. The results show that the peak in the horizontal wind forecast error
precedes the peak of the T,,, forecast error by 1 day (Figure S4 in Supporting Information S1), thereby
contributing to temperature error growth according to Equation A7. In fact, the horizontal wind forecast error in
the Py term is related to the atmospheric circulations that control the extreme cold events, such as the blocking
high extending from Ural to East Asia, the East Asian trough and the Siberian High (e.g., Han et al., 2011; Han &
Li, 2020; Li, 2004; Luo et al., 2016; Peng et al., 2021). The terms representing the horizontal transport of errors
due to background flow of the event (—T;, - V T'?), the interaction from errors themselves (Pg), and the conversion
between the kinetic energy and APE error (P) all have negative impacts on the error tendency. Among these, the
contribution of the P term is the largest. The sums of all the conversion terms are generally consistent with the
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error tendency (brown bars vs. red bars), while the differences between them are from the roles of the diabatic
heating error, as well as the horizontal, vertical and time resolution. During the decay stage, the P term becomes
negative and decreases sharply relative to that in the intensification stage, while the Py term varies a little.
Consequently, the error decrease (i.e., the negative value of the error tendency) is primarily dominated by the P
term, which is associated with the negative vertical velocity and positive temperature error. Moreover, the dif-
ference in the P term controls the variation of error tendency between the intensification and decay stages.

To further examine whether the inherent physical processes governing event evolution play the dominant role in
the amplification of forecast error, the temperature of the background state (7, in the Py term), and ¢ in the P
term are substituted by the climatological mean temperature. The contributions from these substitutions are
labeled as Pg-clim and P-clim, respectively. The combined contribution of Py-clim and P-clim to error growth
is negative during the intensification stage of events (Figure 4c). Therefore, the inherent physical processes
governing event intensification play a dominant role in the amplification of forecast error through interactions
with the initial and model errors. The combined contribution of Pz-clim and P-clim to error reduction is positive
during the decay stage, accounting for approximately half of the error reduction caused by combined Py and P
(Figure 4d). This reveals that error reduction during the decay stage is controlled by the interactions among the
inherent physical processes governing event evolution, climatology, and initial and model errors.

4. Conclusions and Discussions

Forecast analyses of 15 extreme cold events in central and eastern China reveal that the forecast errors of
ensemble mean T,,, exhibit rapid intensification during the intensification stage of these events, reaching the
largest error growth rate throughout the entire forecast period. Analogous to the “spring predictability barrier”
observed in ENSO forecasting, the rapid growth of T, forecast error during the intensification stage is defined as
the “predictability barrier” of extreme cold events. The “predictability barrier” becomes more pronounced with
longer lead times. In contrast, the forecast errors show a slight decrease during the decay stage of these events.
These results suggest that the decay stage is more accurately forecasted than the intensification stage when the
lead time is same. As a result, different post-processing strategies should be adopted for these stages. Further
analyses indicate that all models underestimate the extreme cold events.

The “predictability barrier” is seen in different events and across various operational models, suggesting that this
phenomenon may be related to the inherent physical processes governing event evolution. In other words, initial
and model errors are amplified by these inherent physical processes during the intensification stage. To elucidate
the mechanisms driving error growth, an analysis is conducted using the temperature error budget equation. The
results indicate that error growth is predominantly driven by the interaction between the horizontal wind error and
the background temperature gradient (Py term). Because the error amplification during the intensification stage
corresponds to the increased underestimation, the mechanisms explaining error amplification can also elucidate
the increase of underestimation. Conversely, error reduction is controlled by the energy conversion from APE
error to kinetic energy error. Further analysis reveals that the inherent physical processes governing event evo-
lution play a crucial role in driving error amplification during the intensification stage. From this perspective,
some summer heatwaves also have a rapid intensification process (Liu et al., 2025), and therefore their
enhancement mechanisms may contribute to error amplification and lead to a phenomenon of “predictability
barrier”, which is an interesting question to investigate. The roles of the horizontal wind and the gradient of
temperature in the extreme cold events are actually related to the atmospheric circulations that trigger such events,
such as the blocking high, the Siberian High and the East Asian trough. Whether a “predictability barrier” exists in
such atmospheric circulation predictions warrants future investigation.

From the perspective of error sources in numerical forecast, there are two types of error sources, the initial error
and the model error. In this study, each operational model contains both the initial error and the model error, and
their effects cannot be effectively separated by statistical methods. In the future, their relative contribution to the
“predictability barrier” and the underestimation needs to be investigated through numerical model experiments.

Appendix A: Derivation of Temperature Error Equations

The temperature error budget equation is derived here, and then used to analyze the evolution of temperature error
tendency. The following is the thermodynamic equation in pressure coordinate:
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where u, v, @, and T are the zonal, meridional, vertical pressure velocities, and air temperature at pressure-level,
c = pRg - aT' is the static stability parameter, Q is the total diabatic heating rate (including the convective,
P
sensible heatlng rate, longwave and shortwave radiative heating rate). Both the reanalysis data and the forecast
data satisfy the temperature equation. Substitution reanalysis data (u,.,v,,®,,T,, Q,) into (Equation A1) yields
oT, oT, T, 0,
—ow, = =" A2
6t+ur6x+vr6y ow, c, (A2)
Substituting forecast data (us, vy, wy, Ty, Q 1) into (Equation A1) yields
oT oT oT 0
f f f f
==L A3
o T Ty TS, (A3)
The forecast can be separated into the reanalysis (MERRA-2) and the error (primes):
ur=u, +u' vy =v,+vior=w,+o' T =T, +T' (A4)
Substitution of (Equation A4) into (Equation A3) yields
aT,+6T’ + aT,+ oT’ + ,aT,+ , 0T’ + 6T,+ oT’ + ,aT,+ oT’
—+u—+u—+u'—+v'—+v,—+v,—+V—4+ VvV —— o0, — o0’
ot ot "ox " ox ox ox "oy oy oy ay r
% + g—p + residual (A5)
Subtracting (Equation A2) from (Equation AS5) leads to:
or’ .~ or’ T, 0T’  oT' T, 0T’ )’
— Ut U — v, —+ Vv L+ —ow' = g + residual (A6)
dat T ox ox ox " ay dy 6y c,
Multiplying (Equation A6) with T’ yields the temperature error budget equation:
or’t - ,2
praia il VT’ + Pg + Pg + Pc + Py + Presiqua (A7)
where
_RT’ ( )
B RT’( an>
R
P, c = —(l)/T’
po
R Q'T
pes C,
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If the square of temperature error is multiplied by ,% it represents the error of APE (see Kosaka & Naka-

mura, 2006; Zhuge & Tan, 2021). The Py term represents the interaction between the horizontal wind forecast
error and the horizontal temperature gradient of the event in the observation. The Pg term represents the inter-
action between the horizontal wind error and the gradient of temperature error. The P term represents the error
generation related to conversion from the APE error to kinetic error. The P, term represents the error generation
caused by adiabatic heating error. Equation A7 instead of Equation A6 is used to maintain consistency with
RMSE analysis. Additionally, positive and negative 7/ may coexist, and spatial averaging will lead to cancel-
lation and cause an underestimation of error magnitude. To avoid such issue, Equation A7 is employed.
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