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ABSTRACT
The Yangtze–Huaihe River basin (YHRB) is the core region of sultry heat wave occurrence over China
during peak summer [July and August (JA)]. The extremely hot and muggy weather is locally controlled by a
descending high pressure anomaly connected to the western Pacific subtropical high. During 1961–2015, the
heat wave days (HWDs) in JA over the YHRB exhibit large year-to-year and decadal variations. Prediction
of the total number of HWDs in JA is of great societal and scientific importance. The summer HWDs are
preceded by a zonal dipole SST tendency pattern in the tropical Pacific and a meridional tripole SST anomaly
pattern over the North Atlantic. The former signifies a rapid transition from a decaying central Pacific El Niño
in early spring to a developing eastern Pacific La Niña in summer, which enhances the western Pacific subtropical high and increases pressure over the YHRB by altering the Walker circulation. The North Atlantic
tripole SST anomalies persist from the preceding winter to JA and excite a circumglobal teleconnection
pattern placing a high pressure anomaly over the YHRB. To predict the JA HWDs, a 1-month lead prediction
model is established with the above two predictors. The forward-rolling hindcast achieves a significant correlation skill of 0.66 for 1981–2015, and the independent forecast skill made for 1996–2015 reaches 0.73. These
results indicate the source of predictability of summer HWDs and provide an estimate for the potential
predictability, suggesting about 55% of the total variance may be potentially predictable. This study also
reveals greater possibilities for dynamical models to improve their prediction skills.

1. Introduction
Heat waves (HWs) have gained wide attention
among extreme weather events because they have
widespread impacts on human health, society,
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economy, and ecosystems (e.g., Easterling et al. 2000;
National Academies of Sciences, Engineering, and
Medicine 2016). Several studies have reported that the
HW events in China increased in the recent decades
(e.g., Ding and Ke 2015; You et al. 2016) and will occur
with a higher frequency and longer duration in the
future (IPCC 2013). Thus, there is a growing demand
for improving HW prediction, especially the seasonal
prediction of the total number of HW days (HWDs) in
summer, the time scale of which is important for
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disaster prevention and mitigation and water resources
management.
How skillful is the dynamical model’s forecast of
temperature over China in summer? Previous studies
have found that the current dynamical models had low
skills in predicting both seasonal mean and extremely
high temperature over the Yangtze–Huaihe River basin
(YHRB), which is the core region of sultry HW occurrence in China. For instance, Wang et al. (2009b) assessed the 1-month lead seasonal prediction skill of a
multimodel ensemble (MME) performed by 14 dynamical
models participating in the Climate Prediction and its
Application to Society (CliPAS) for global summer 2-m air
temperature in 1981–2003. They found that the YHRB
exhibits extremely low temporal correlation coefficient
scores of less than 0.1. According to the retrospective
forecast from Met Office seasonal forecasting system and
the ENSEMBLES project presented by Hamilton et al.
(2012) and Pepler et al. (2015), the prediction skill of extremely high temperature days over YHRB in summer is
similar to that of mean temperature. Furthermore, we
evaluated the relevant performance of the dynamical
model reforecast from the European Centre for MediumRange Weather Forecasts (ECMWF), which participates
in the Subseasonal-to-Seasonal (S2S) Prediction Project.
The July–August-averaged correlation skill of the HWDs
over the YHRB during 1995–2014 with observations is
0.28. The limited prediction skill of dynamical models
motivates us to establish a physics-based empirical model
(PEM) for HW forecasts.
Understanding the underlying causes of the interannual variability of HW is crucial for building the
PEM. Plenty of studies have identified the factors contributing to the interannual variation of HWs in China,
including the influence of summer soil moisture (Zhang
and Wu 2011), North Atlantic Oscillation (Sun 2012),
Tibetan Plateau snow cover (Wu et al. 2016), sea surface
temperature (SST) over the Pacific Ocean (Zhou and
Wu 2016), and winter–summer SST over the equatorial
Indian Ocean and Pacific Ocean (Lei et al. 2009).
However, the majority of these studies focused on the
simultaneous connections between the climate variables
and the HW event. For the YHRB, the source of predictability for sultry HWs on a seasonal time scale remains elusive.
Therefore, in this study, we attempt to answer two
questions: 1) What is the source of predictability for
summer HWDs total number over the YHRB? 2) To
what extent could the interannual variability of HWDs
over the YHRB be predicted? The rest of the paper is
structured as follows. Section 2 introduces the datasets
and methods used in the study. The definition of HWDs
and the simultaneous atmospheric circulation associated
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with HWDs are described in section 3. In section 4
we detect two SST predictors for the HWDs over the
YHRB and explain the physical linkage between the
predictors and predictand. In section 5, we establish a
PEM to predict the HWDs and estimate its predictability. Finally, the summary and discussion are
presented in section 6.

2. Data and methodology
a. Data
The newly released daily temperature dataset over
China (CN05.1) from the National Climate Center in
China with a high spatial resolution (0.258) for the period 1961–2015 was used to depict the HWDs, including
daily maximum temperature Tmax and relative humidity
(Xu et al. 2009; Wu and Gao 2013). The monthly mean
atmospheric circulation, 2-m air temperature, radiative
flux, and total cloud cover were derived from the National Centers for Environmental Prediction (NCEP)–
National Center for Atmospheric Research (NCAR)
reanalysis datasets with a 2.58 spatial resolution and 17
pressure levels in the vertical for the same period
(Kalnay et al. 1996; NOAA/OAR/ESRL PSD 1996). In
addition, the monthly SST with a 28 spatial resolution
was provided by the National Oceanic and Atmospheric
Administration (NOAA) Extended Reconstructed SST
(Huang et al. 2015).
The hindcasts of the model from ECMWF participating in the S2S Prediction Project during the period
1995–2014 were used to evaluate the performance of
dynamical model (Vitart et al. 2015, 2017). The reforecasts of July and August were initiated from 15 June
and 16 July, respectively, which yielded 15-day lead
forecasts. The HWDs were made by averaging the results derived from 10 perturbed forecasts. Since
the relative humidity is not available, the HWDs refer to
the domain-averaged accumulated days with Tmax exceeding 358C (Huang et al. 2010), which is different from
the definition in section 3.
We focused on HWDs in July–August (JA) for two
reasons. First, JA is the peak season of HWs characterized by high humidity over central-eastern China
(Fig. 1a, also Ding and Ke 2015; Gao et al. 2018). Second, the northward migration of the western Pacific
subtropical high (WPSH) in JA provides a robust largescale circulation background for HW occurrence over
YHRB (Wang et al. 2009a).

b. Methodology
Compared to a pure statistical model, a PEM is
a new approach based on the understanding of physical linkages between the predictors and predictand.

15 MARCH 2018

GAO ET AL.

2187

Three validation methods were chosen to estimate the
predictability of the PEM. First, leave-three-out cross
validation (Michaelsen 1987) was performed by building
the regression function with three years removed
from the training samples at each time step in 1961–2015
and the prediction was made for the central missing
year. Second, a forward-rolling hindcast model was built
with predictors obtained from a 20-yr training data period before the prediction year, and forecasts were made
for the ensuing 10 years. For example, we built the first
prediction model with the data during the training period of 1961–80 to predict HWDs from 1981 to 1990, and
then built the second PEM with the data during the
training period of 1971–90 to predict the HWDs in 1991–
2000, and so on. Note the prediction function for each
period is different because the training data are different.
Third, an independent forecast was applied, in which the
predictors were selected and the prediction model was
established using the data from the training period from
1961 to 1995, and the JA HWDs during 1996–2015 were
predicted. The prediction equation contains no ‘‘future’’
information in the independent forecast model (Wang
et al. 2015). Note that the prediction skills of the PEM
denote the correlation coefficients between the HWDs in
the observation and hindcast.

3. Interannual variation of HWDs over the YHRB
a. Definition of HWDs

FIG. 1. (a) The 55 summer mean accumulated HWDs (days yr21)
for each grid over China in JA during the period 1961–2015.
(b) Time series of the accumulated HWDs averaged over the
YHRB for 1961–2015. (c) The correlation map between the accumulated HWDs averaged over theYHRB and accumulated HWDs
(days yr21) on each grid over China. The black rectangles in (a),
(c) denote the YHRB. Black dots indicate where the results are
significant at the 95% confidence level.

Correlation maps between a predictand and lower
boundary variables are used to identify predictors that
are physically connected to and significantly correlated
with the predictand for the PEM in the training period
(Wang et al. 2015). Since the monthly lower boundary
variables have a significant trend in the past 55 years
(figures not shown), which might be governed by different mechanisms from interannual variability such as
anthropogenic forcing, the predictand and these lower
boundary variables in each month have been detrended
through removing the least squares linear trend of
the time series to focus on the interannual variation
of HWDs.

Several reasonable indices have been proposed to
identify HWs through setting a local threshold temperature in a certain region (e.g., Anderson and Bell 2011;
Smith et al. 2013; Teng et al. 2013; Wu et al. 2016). Since
HWs over YHRB in JA are characterized by not only
extremely high temperature but also high humidity that
differs from the ‘‘dry’’ HW events in northwestern
China (Ding and Ke 2015), the criteria we used to
identify HWDs in China contains both Tmax and relative
humidity thresholds. An HWD refers to a day with Tmax
exceeding 358C (Huang et al. 2010) and relative humidity exceeding 60% (Ding and Ke 2015).
According to the 55 summer mean accumulated
HWDs based on the aforementioned HWD definition
for each grid, YHRB (258–358N, 1108–1228E) is the
center of HW occurrence over China (Fig. 1a). Instead
of predicting HWDs on each grid, the accumulated
HWDs averaged over the core region in each peak
summer (JA) were defined as the predictand in this
study, and the time series is shown in Fig. 1b. The HWDs
over the YHRB has no significant trend [0.11 days
(decade)21] but exhibits large year-to-year and decadal
variations. This large-scale predictand reduces noise at
each grid and facilitates better understanding of the
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FIG. 2. Simultaneous (JA) atmospheric circulation and temperature anomalies regressed to
HWDs averaged over the YHRB. Shown are the regressed (a) 850-hPa wind (vectors; m s21) and
2-m air temperature (shading; 8C); (b) 850-hPa geopotential height (contours; gpm) and 500-hPa
vertical velocity [shading; 1023 Pa s21, positive (negative) values denote descending (ascending)
motion]; (c) total cloud cover (%); and (d) downward solar radiation (W m22) anomalies. The
black rectangles represent the YHRB. In (a), only the winds significant at the 95% confidence
level are shown. Dots indicate where the results are significant at the 95% confidence level [in (b),
white and black dots for vertical velocity and geopotential height, respectively].

major physical mechanisms controlling HW occurrence.
This integrated predictand is also highly representative
of the HWDs at each grid over YHRB as shown by the
correlation coefficient map (Fig. 1c).

b. Simultaneous atmospheric circulation associated
with the YHRB HWDs
To understand what controls the interannual variability
of the total number of HWDs, we first investigated the

HWD-associated atmospheric circulation and temperature anomalies in JA (Figs. 2 and 3). When a lowlevel anticyclonic (high pressure) anomaly occurs
over the YHRB, local surface temperature increases
via adiabatic heating resulting from the anomalous
descending motion and increased solar radiation
caused by the reduced cloud cover (Fig. 2).
The formation of this anticyclonic anomaly over
YHRB could be further attributed to the equatorial SST
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FIG. 3. Simultaneous (JA) atmospheric circulation and temperature anomalies regressed to
HWDs averaged over the YHRB. Shown are the regressed (a) 850-hPa wind (vectors; m s21),
SST (shading; 8C), 2-m air temperature over land (shading; 8C), and 850-hPa geopotential
height (contours, red is positive and blue is negative; gpm) and (b) 200-hPa wind (vectors: m s21)
and 200-hPa geopotential height (shading: gpm) anomalies. The green rectangles represent
the YHRB. Only the winds and temperature anomalies significant at the 95% confidence
level are shown. Dots indicate the geopotential height anomalies significant at the 95%
confidence level.

anomalies over the Pacific and an upper-tropospheric
wave train in the mid-to-high latitudes (Fig. 3). On one
hand, associated with HWDs, the negative SST anomaly
over the equatorial eastern Pacific (EP) and the easterly
winds along the equatorial Pacific feature a developing
EP La Niña pattern, which could enhance the WPSH
and influence the YHRB (Wang et al. 2013) (Fig. 3a).
On the other hand, the most prominent characteristic of
HWD-related upper-level circulation is a Rossby wave
train with a barotropic structure consisting of successive
pressure troughs and ridges from Eurasia to North
America and the North Atlantic, which is similar to the
circumglobal teleconnection (CGT) found by Ding and
Wang (2005) (Fig. 3b). The positive centers of this wave
train are located over European Russia, East Asia, the
North Pacific, North America, and the North Atlantic,
contributing to the formation of a low-level anticyclonic
anomaly over the YHRB. The features of simultaneous

atmospheric circulation associated with HWDs provide
enlightening information for searching for predictors.

4. Predictors for the HWDs over the YHRB
To identify physically meaningful predictors for
HWDs over the YHRB, correlation maps between the
predictand and the lower-boundary variables (SST, 2-m
air temperature over land, and SLP) were examined. We
focused on three types of precursors from December to
May: seasonal mean (e.g., DJF), short-term tendency
(e.g., April–May mean minus February–March mean),
and long-term tendency (e.g., April–May mean minus
December–January mean). The reasons for selecting
these types of predictors have been discussed in previous
studies (Yim et al. 2014; Wang et al. 2015).
According to the correlation maps, the two best SST
precursory signals during the training period, which are
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FIG. 4. The correlation maps between integrated HWDs averaged over the YHRB and
(a) SST tendency (April–May minus February–March) and (b) SST in DJF. The polygons
show the locations used for the EP–SST predictor in (a) and the NA–SST predictor in (b) for
HWDs. Dots indicate where the results are significant at the 95% confidence level.

physically connected to and significantly correlated with
HWDs over the YHRB, were selected. The first signal is
the short-term SST tendency averaged over the western
Pacific K-shaped area minus that averaged over the EP
triangle at 408S–308N, 1308E–648W. Note that the SST
tendency was calculated by subtracting the February–
March mean SST from the April–May mean SST. The
second signal is the SST averaged over 458–758N,
608W–08 plus the SST averaged over 08–308N, 758–58W
minus the SST averaged over 208–508N, 1008–658W in
DJF (Fig. 4 and Table 1). Note that only the grids in
the defined region that have a correlation coefficient

with the HWDs significant at the 95% confidence level
were used.

a. Developing EP La Niña predictor
The first predictor is derived from a short-term tendency of east–west contrasted SST over the Pacific
characterized by K-shaped SST warming over the
western Pacific and the triangle SST cooling over the EP
between February–March and April–May (called the
‘‘EP–SST’’ for brevity) (Fig. 4a). The correlation coefficient of the EP–SST predictor and the HWDs over
YHRB is 0.53 (significant at the 99% confidence level).

TABLE 1. The definitions of predictors. Only the grids in the defined region in which correlation coefficients with HWDs are significant at
the 95% confidence were used.
Predictor

Month

Definition

EP–SST

April–May minus February–March

NA–SST

DJF

SST averaged over the western Pacific K-shaped area at 408S–308N,
1308E–648W minus the eastern Pacific triangle at 408S–308N, 1758E–648W.
SST averaged over 458–758N, 608W–08 plus SST averaged over
08–308N, 758–58W minus SST averaged over 208–508N, 1008–658W.
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How can the EP–SST predictor change summer HW
occurrence? To address this question, the low-level atmospheric circulation and temperature anomalies regressed to the EP–SST are illustrated in Fig. 5. The
results indicate that this zonal dipole SST anomaly implies that the SST pattern will evolve from a decaying
central Pacific (CP) El Niño in early spring into a developing EP La Niña in late summer (Figs. 5a,b). In late
summer, the significant sea surface cooling over the
equatorial CP–EP shifts the Walker circulation westward, which reduces convection along the equatorial
CP and enhances convection over the Maritime Continent (Fig. 5c). The suppressed convection over the
equatorial CP strengthens the WPSH by the emanation
of descending Rossby waves, which has been proposed
by Wang et al. (2013). Meanwhile, the enhanced convection over the Maritime Continent produces a high pressure anomaly over southern China through inducing a
Pacific–Japan (P-J)/East Asia–Pacific (EAP) teleconnection (Nitta 1987; Huang and Li 1989).

b. North Atlantic Ocean SST predictor
The second predictor is related to a meridional
tripole SST pattern over the North Atlantic Ocean in
the preceding winter (DJF) with sea surface warming in the low and high latitudes and cooling along the
east coast of North America to the Gulf of Mexico (called
the‘‘NA–SST’’ predictor for brevity) (Fig. 4b). The correlation coefficient between the NA–SST predictor and
the predictand is 0.54 (significant at the 99% confidence
level).
How does this winter tripole SST pattern foreshadow
the HWDs over the YHRB in the following summer?
First, this tripole SST pattern maintains itself from
winter to the following summer over the North Atlantic
(Fig. 6a). Previous studies have pointed out that the
generation of such a tripole SST pattern over North
Atlantic resulted from the North Atlantic Oscillation
(NAO)-like atmospheric circulation anomalies with
barotropic structure (Watanabe et al. 1999; Pan 2005). A
negative NAO phase leads to the equatorward shift of
the North Atlantic storm track, accompanied by a dipole
cyclonic and anticyclonic anomaly, respectively, located
to the north and south of 308N over the North Atlantic
(Fig. 7a). Correspondingly, the high (low) surface wind
speed induces negative (positive) SST anomalies, leading to the local tripole SST mode. In turn, this tripole
SST pattern could enhance this atmospheric dipole via
synoptic eddy forcing (Pan 2005, 2007). Thus, the tripole
SST pattern is sustained through this positive air–sea
feedback. In addition, to estimate the contribution of
ocean memory, which has been reported to play an important role in the maintenance of the tripole SST mode

FIG. 5. Atmospheric circulation and temperature anomalies
regressed to EP–SST predictor. Shown are the regressed (a),(b) 850-hPa
wind (vectors; m s21), SST (shading; 8C), and 2-m air temperature over
land (shading; 8C) and (c) 850-hPa geopotential height (contours: gpm)
and 500-hPa vertical velocity (shading: 1023 Pa s21) anomalies for
February–March in (a) and July–August in (b),(c). The green rectangles
represent the YHRB. In (a),(b), only the wind anomalies significant at
the 95% confidence level are shown. Dots and the black contours indicate the geopotential height and temperature anomalies significant at
the 95% confidence level, respectively.

over the North Atlantic in spring (Wu et al. 2009), we
investigated the persistent component of SST from
winter to summer according to Pan (2005) (Fig. 6b). The
formula could be written as SSTp 5 SST(t)Cov[SST(t 1 1),
SST(t)]/Var[SST(t)], where t 1 1 and t denote the summer
(JA) and the preceding winter [December–February
(DJF)], respectively; and Cov and Var represent the
covariance and variance functions, respectively. Compared to summer SST anomalies, the SST persistent
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FIG. 6. (a) SST anomalies (shading; 8C) and (b) SST persistent component regressed to NA–
SST predictor in JA. Dots indicate where the results are significant at the 95% confidence level.

component captures the feature of the tripole mode
with decreased amplitudes (Fig. 6), which confirms the
contribution of ocean memory. Therefore, both the
positive air–sea feedback and ocean memory effect can

account for the persistence of this winter predictor to
the following summer.
In late summer, this tripole SST pattern excites
a CGT-like wave train with a barotropic structure

FIG. 7. The 200-hPa wind (vectors; m s21) and geopotential height (shading; gpm) anomalies regressed to NA–SST predictor in (a) DJF and (b) JA. The blue rectangles represent the
YHRB. Dots indicate where the results are significant at the 95% confidence level. Only the
wind anomalies significant at the 95% confidence level are shown.
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rainfall (Ding et al. 2011), which was found to be related
to the tripole SST pattern over the North Atlantic
(figure not shown). In addition, the internal dynamics
of basic flow contributes to the formation and maintenance of the CGT (Ding et al. 2011).
As a result, the high pressure centers along this wave
train appear over European Russia, East Asia, the
western North Pacific, North America, and the North
Atlantic Ocean. The positive center located over East
Asia influences the YHRB and contributes to the increase of HWDs.

5. Estimation of the HWDs’ predictability over the
YHRB

FIG. 8. Prediction skills of the PEM for accumulated HWDs
averaged over the YHRB. Time series of normalized observed
HWDs without removing the long-term trend (red) and (a) simulated
HWDs in 1961–2015 (black), (b) cross-validated HWDs in 1961–2015
(black), (c) forward-rolling hindcast of HWDs in 1981–2015 (black),
and (d) independent forecast of HWDs in 1996–2015 (black).

(Fig. 7b). According to the observation and numerical
experiment by Wu et al. (2009), the tripole SST mode
could influence East Asia by inducing the downstream
development of subpolar teleconnections across northern Eurasia in summer. Meanwhile, the CGT could also
be stimulated by the enhanced Indian summer monsoon

How predictable are HWDs over the YHRB by using
the two predictors we selected? To address this question, we established a PEM with a regression method
with the HWDs being the predictand. The simulation
equation derived from the training period of 1961–2015
is HWDs 5 0.377 3 EP–SST 1 0.388 3 NA–SST. The
prediction skill of this PEM for 55 years could reach 0.64
(significant at the 99% confidence level) (Fig. 8a).
We applied three types of validation skills to estimate
if the prediction model can well predict the HWDs
(section 2). As shown in Figs. 8b–d, the PEM produces a
cross-validated forecast skill of 0.60 for 1961–2015, a
forward-rolling hindcast skill of 0.66 for 1981–2015, and
an independent forecast skill of 0.73 for 1996–2015
(Table 2). According to the forward-rolling hindcast,
about 55% of the total variance of the HWDs over the
YHRB are potentially predictable.
The abovementioned two physical predictors can also
be used to forecast the accumulated days of HW events
(HWEDs) which refers to the processes with equal or
more than three consecutive HW days. The regression
equation for the HWEDs over the YHRB established
with EP–SST and NA–SST predictors for 1961–2015 is
HWEDs 5 0.386 3 EP–SST 1 0.377 3 NA–SST. The
simulation, cross-validated forecast, forward-rolling
hindcast, and independent forecast skill are 0.64, 0.60,
0.65, and 0.74, respectively (Table 2).

6. Summary and discussion
This study identifies the core region of sultry HWDs in
China and obtains the time series of total number of
HWDs averaged over the YHRB. Two physical precursors for HW occurrence were selected based on the
correlation maps between HWDs over the YHRB and
the lower-boundary variables from December to May,
which indicate the source of predictability of HWDs.
The first one is a zonal dipole SST tendency in the
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TABLE 2. The prediction skills (correlation coefficients) of the PEM for HWDs and HWEDs over the YHRB. All values are statistically
significant at the 99% confidence level.

Correlation coef
HWDs
HWEDs

Simulation (1961–2015)

Cross-validated forecast
(1961–2015)

Forward-rolling hindcast
(1981–2015)

Independent forecast
(1996–2015)

0.64
0.64

0.60
0.60

0.66
0.65

0.73
0.74

Pacific, which reflects a rapid transition from a decaying
CP El Niño in early spring to a developing EP La Niña in
late summer. The EP La Niña-induced sea surface
cooling over the CP modifies the Walker circulation,
which enhances the WPSH through exciting descending
Rossby wave and P-J/EAP teleconnection, resulting in
increased HWDs over the YHRB. Another predictor
is a persistent meridional tripole SST pattern over the
North Atlantic in winter, which persists till the following
summer through positive air–sea feedback and ocean
memory and excites a barotropic CGT-like wave train
with a high pressure center over the YHRB.
According to the two SST predictors mentioned
above, a 1-month lead PEM for HWDs over the YHRB
was established. The simulation skill reaches 0.64 for the
entire 55-yr period. This PEM prediction can produce a
cross-validated forecast skill of 0.60 for 1961–2015, a
forward-rolling hindcast skill of 0.66 for 1981–2015, and
an independent forecast skill of 0.73 for 1996–2015. The
results indicate that about 55% of the total variance of
HWDs are potentially predictable, which provides an
estimate for the lower bound of HWDs’ predictability
and implies there exists great potential for the improvement of dynamical prediction.
The causative processes of the low-level anticyclone
over the YHRB favoring the predictors and predictand
we proposed have been supported by the results of
some numerical experiments in previous studies, including the strengthening of the WPSH by La Niña–
associated SST via emanating descending Rossby wave
and P-J/EAP teleconnection (e.g., Huang and Li 1989;
Wang et al. 2013) and the contribution of the air–sea
interaction to the maintenance of the NA–SST predictor over the North Atlantic from winter to the following summer (Pan 2007). However, although the
linkage between the summer tripole SST mode over the
North Atlantic and downstream teleconnections across
northern Eurasia has been reproduced by a numerical model (Wu et al. 2009) and the processes of CGT
generation have been discussed in detail by Ding et al.
(2011), how the tripole SST mode induces CGT needs
further investigation via well-designed numerical
experiments.
It is also worth noting that the two predictors used in this
study exhibit decadal variability. First, the relationship

between HWDs and the EP–SST predictor had abruptly
changed around the late 1970s [i.e., their correlation coefficient increased from 0.36 (not significant) into 0.66
(significant at the 99% confidence level) after 1979 (figure
not shown)]. Correspondingly, the prediction skill for the
HWDs (0.70) after the late 1970s is higher than before
(0.55). This decadal change might be ascribed to the abrupt
change of SST over Pacific Ocean around the late 1970s
that has been widely reported (e.g., Wang and An 2001;
Meehl et al. 2009; Jia et al. 2014). Second, the relationship
between HWDs and NA–SST predictor after the late
1990s becomes better (the correlation coefficient after
1998 between them is 0.55) than before 1998 (0.50). The
combined effect of two predictors leads to a higher independent forecast skill (0.73) than only simulation (0.64).
Therefore, the prediction skill of the PEM may change
with a different training period. The results also indicate
that a PEM built with multipredictors linked to a predictand through different physical processes will have a
more stable prediction skill.
Using different HW definitions, we found another
interesting result is that the ratio of sultry HWDs to the
total HWDs (defined as accumulated days with Tmax
exceeding 358C) over the YHRB decreases after the
early 2000s, while the ratio of dry HWDs (defined as
accumulated days with Tmax exceeding 358C and relative
humidity below 60%) increases (Fig. 9). According to
the Lepage test (Lepage 1971), the percentage of wet
HWDs significantly decreases from 97.4% in 1961–2002
to 88.4% after 2002, which indicates that HWs over

FIG. 9. Time series of the accumulated sultry HWDs (blue), dry
HWDs (red), and total HWDs (gray bars) averaged over the
YHRB for 1961–2015.
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YHRB become drier after the early 2000s. Since sultry
HWs have a great impact on human health, the reason
for the decadal change is worth investigating.
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