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The dominant mode of extreme high temperature events in eastern China during summer shows a dipole pattern with opposite anomalies over southern and northeastern China, which explains 25% of the variance. We document the limited prediction skill of the National Centers for Environmental Prediction Climate Forecast System, version 2 (CFSv2) for the dominant mode of these events. Based on the mechanisms related to the dominant mode, a physical–empirical model was established that improved the prediction of extreme high temperature events in eastern China, which will help in disaster prediction and mitigation. The physical connection between the dominant mode and the summer sea surface temperature (SST) over the western tropical and subtropical Pacific Ocean was predicted well by the CFSv2 hindcasts, and thus the areal mean CFSv2-hindcast SSTs over the western tropical and subtropical Pacific Ocean served as a predictor in the physical–empirical model. In the observations, the soil moisture over southern China in the preceding December (soil_Dec) combined the signal of the air–sea interactions over the tropical and northern extratropical Pacific Ocean, which induced anomalous SSTs in the Indian and western tropical Pacific oceans in the following summer and contributed to the dominant mode. Soil_Dec was therefore closely correlated with the dominant mode and was used as a predictor. The results of the one-year-leave cross-validation and independent hindcast showed that the time series of the dominant mode was better predicted by the physical–empirical model than by the CFSv2 hindcasts, with an improved correlation coefficient from insignificant to about 0.8, a root-mean-square error reduced by about 50% and an increased rate of same signs. The physical–empirical model showed advantages in the prediction of the dominant mode of summer extreme high temperature events over eastern China, which may be used in the prediction of other climate variables.
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INTRODUCTION
Extreme high temperature events (EHEs) are occurring with increasing frequency as a result of the global climate crisis, exerting a greater influence on human health, the social economy and the ecological environment (Chen et al., 2019; Borg et al., 2021; Igun et al., 2022). The number of deaths related to EHEs increased markedly in the decade from 2000 to 2010 compared with the decade from 1991 to 2000, accounting for a large proportion of the increased deaths caused by extreme climate events such as floods and droughts (WMO 2013). Model simulations indicate that EHEs will occur more frequently and with greater intensity in the future (Orlowsky and Seneviratne 2012; Chen and Sun 2018). It is therefore important for disaster prevention and reduction to investigate the variations in EHEs, to understand the associated mechanisms and to improve their prediction.
Eastern China is vulnerable to EHEs, which show a large variability in this region (Sun et al., 2014; Deng et al., 2019). Previous studies have shown that the frequency of EHEs (FEHEs) over China is characterized by variability on different timescales (You et al., 2017; Chen et al., 2018; Zhu et al., 2020b). You et al. (2017) showed that the FEHEs based on relative and absolute definitions has increased over the whole of China, particularly after 1990, reflecting rapid warming after this time. Superimposed on these long-term trends, there are also dominant interdecadal and interannual spatiotemporal variations in FEHEs over eastern China (Zhu et al., 2020b; Hong et al., 2020; Liu et al., 2021; Yang et al., 2021; Zhu et al., 2022). The interannual variability of FEHEs is relatively large over eastern China, which greatly contributes to the overall variability (Chen et al., 2018; Deng et al., 2019).
The prediction skill of current dynamic models for extreme climate events is limited (Pepler et al., 2015; Gao et al., 2018; Luo et al., 2020; Tang et al., 2021a; Tang et al., 2021b) and physical–empirical models have been used to improve predictions (Ji and Fan 2019; Yang et al., 2019; Tian and Fan 2020; Long et al., 2022). The crucial procedure in physical–empirical models is the detection of physically meaningful predictors (Gao et al., 2018; Han et al., 2020; Long et al., 2022). A combination of predictors from dynamic prediction systems and predictors in the observations includes the dynamic processes revealed in the dynamic models and the observations, improving the prediction skill (Zhang et al., 2019a; Zhang et al., 2019b; Chen and Sun 2020).
We need a better understanding of the mechanisms related to predictands to establish physical–empirical models. Many studies have analyzed the anomalous atmospheric circulation responsible for the occurrence of EHEs over China and the influence from the tropics and mid to high latitudes (Deng et al., 2019; Xu et al., 2019; Zhu et al., 2020a; Long et al., 2022; Zhou et al., 2022). The anomalous intensity or location of the western Pacific subtropical high could induce anomalous vertical motion and transport of water vapor over China, leading to anomalous adiabatic heating and surface heat fluxes, which could contribute to the occurrence of EHEs over China (Li et al., 2020; Ren et al., 2020). Several factors, such as the El Niño–Southern Oscillation (ENSO) and the sea surface temperature (SST) in the Indian Ocean, account for the variations in the western Pacific subtropical high (Zhang et al., 2019c; Sun et al., 2019; Tong et al., 2020) and could be considered as potential predictors for the FEHEs over eastern China. In addition, the mid- and high-latitude wave train propagating eastward to East Asia could also induce anomalous atmospheric circulation and contribute to the variations in the FEHEs over China, which may be associated with air–sea interactions over the North Atlantic, sea ice in the Arctic region and other factors (Li et al., 2018; Zhu et al., 2020a, 2022).
Most studies have focused on the simultaneous atmospheric circulation anomalies and influential factors related to EHEs. We therefore aimed to investigate the following two questions: 1) how are the dominant mode of the interannual variability of summer FEHEs over eastern China, the associated atmospheric circulation and SST anomalies predicted in the dynamic model; and 2) could a physical–empirical model be established to improve the prediction of the dominant mode of FEHEs over eastern China?
The rest of the paper is organized as follows. Section 2 introduces the data and methods. Section 3 investigates the prediction ability of the National Centers for Environmental Prediction (NCEP) Climate Forecast System, version 2 (CFSv2) for the dominant mode of the FEHEs over eastern China during summer. The predictors used in the physical–empirical model are detected and their physical connection to the dominant mode of the FEHEs are analyzed in Section 4. Section 5 presents the establishment and estimation of the physical–empirical model and conclusions are presented in Section 6.
DATA AND METHODS
Data
We calculated the FEHEs using the daily observed maximum temperature during summer (June−July−August) from the CN05.1 dataset, a gridded observational dataset with a resolution of (0.25°×0.25°) based on data from observational stations in China (Wu and Gao 2013). We obtained the monthly mean 850 hPa horizontal wind, 500 hPa vertical velocity with a resolution of (2.5°×2.5°) and surface net shortwave radiation with a resolution of 92×192 grid points from the NCEP (Kalnay et al., 1996). We also used the Extended Reconstructed SST V5 with a resolution of (2°×2°) (Huang et al., 2017) and Climate Prediction Center (CPC) soil moisture with a resolution of 360×720 grid points (Huang et al., 1996) from the National Oceanic and Atmospheric Administration.
The hindcasts of the daily maximum temperature and monthly SSTs in summer were derived from the CFSv2, which is a state-of-the-art prediction system with interactions between the ocean, atmosphere and land on a global scale (Saha et al., 2014). The CFSv2 hindcasts were integrated for 9 months, with initial conditions every 5 days from 11 April to 6 Ma y, and we used the ensemble mean of the forecasts for summer. The CFSv2 data with a resolution of (1°×1°) cover the time period 1982–2018 and we selected the other observational and reanalysis data to be consistent with this time period. Both the observational and reanalysis data are referred to as observations to distinguish them from the prediction data in the CFSv2 hindcasts.
Methods
Taking into consideration the different climate states in different regions of China, we adopted the relative definition of EHEs—that is, we used the 95% percentile value of the daily maximum temperature during summer as the threshold (Zhu et al., 2020a; Long et al., 2022; Zhu et al., 2022). The threshold was different between grids and the number of days with maximum temperatures exceeding the threshold during summer was defined as the FEHEs. Because this study focused on the interannual variability, we applied Fourier analysis to all data before other calculations such as empirical orthogonal function decomposition, correlation analysis and so on, and the 9-year high-pass variability was reserved (Bloomfield 2004).
The linear signal of one variable (X) is removed from the other variable (Y) based on the following formula (Sun et al., 2019):
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where X and Y are the original time series, [image: image] represents the temporal covariance between X and Y, [image: image] represents the variance of X, and [image: image] represents the time series of Y with the linear signal of X removed.
We used the one-year-leave cross-validation and independent hindcast methods to estimate the prediction of the physical–empirical model. We used one-year-level cross-validation to predict the predictand in the specific year using the remaining years as the training period to build the physical–empirical model. The independent hindcast was similar to the real prediction and we chose the first training period—for example, the data for 1982–1999 were used to establish the first physical–empirical model and give the prediction in 2000 and then the data for 1982–2000 were used to build the second physical–empirical model and make the prediction in 2001, and so on. We used the prediction for 2000–2018 for verification. The prediction skill of the physical–empirical model was mainly reflected through the correlation coefficient, the root-mean-square error (RMSE) and the rate of same signs. The significance test of the correlation coefficient was based on Student’s t-test.
PREDICTION SKILL OF THE CFSV2 HINDCASTS FOR THE DOMINANT MODE OF THE FEHES
To understand the skill of the CFSv2 hindcast data in predicting the FEHEs over eastern China, we analyzed the characteristics of FEHEs in the CFSv2 hindcasts and the observations. Figure 1A shows the standard deviation of FEHEs over eastern China in the observations, with two centers of relatively large values over southern and northeastern China. The center of relatively large standard deviations over northeastern China was captured in the CFSv2 hindcasts (Figure 1B), but the standard deviation was overestimated over northeastern and central China and underestimated over southern China (Figure 1A,B). Figure 1C shows that the RMSE between the FEHEs in the observations and the CFSv2 hindcasts was almost greater than one standard deviation over eastern China, with relatively large values over central China. The time correlation coefficients between the observed FEHEs and the CFSv2 hindcast FEHEs showed scattering positive correlation over northern and southern China (Figure 1D). The spatial discrepancies in the standard deviation (Figure 1A,B), the relatively large RMSE (Figure 1C) and the low time correlation coefficients (Figure 1D) indicate the limited prediction skill of the CFSv2 hindcasts for the FEHEs over eastern China.
[image: Figure 1]FIGURE 1 | Standard deviation of FEHEs over eastern China during summer in (A) the observations and (B) the CFSv2 hindcasts. (C) The RMSE between the standardized time series of summer FEHEs in the observations and the CFSv2 hindcasts. (D) Time correlation coefficients between summer FEHEs in the observations and the CFSv2 hindcasts. The meshes in (D) denote the correlation coefficients significant at the 95% confidence level based on Student’s t-test.
To further investigate the prediction skill of the CFSv2 hindcasts for the temporal and spatial variations of the FEHEs, we calculated the first empirical orthogonal function modes of the FEHEs over eastern China in the CFSv2 hindcasts and the observations, which were separated from the remainder of EOF modes according to the criterion proposed by North et al. (1982). Figure 2A,B show that the dominant mode of the FEHEs over eastern China in the CFSv2 hindcasts was inconsistent with that in the observations, with a low spatial correlation coefficient of 0.23. The dominant mode of the FEHEs in the observations was characterized by a dipole pattern of negative (positive) anomalies over southern (northeastern) China (Figure 2A), with relatively large loadings over southern China. By contrast, the dominant mode of the FEHEs in the CFSv2 hindcasts showed relatively large positive anomalies over northeastern China and no uniform negative anomalies over southern China (Figure 2B). The relatively large anomalies over northeastern China in the dominant mode of the FEHEs in the CFSv2 hindcasts (Figure 2A,B) were related to the overestimation of the standard deviation of the FEHEs over northeastern China in the CFSv2 hindcasts (Figure 1A,B). The CFSv2 hindcasts therefore did not predict the spatial pattern of the dominant mode of the FEHEs over eastern China in the observations. To further investigate the prediction skill of the CFSv2 hindcasts for the time series of the dominant mode (PC1), we projected both the PC1s in the observations (PC1_obs) and the CFSv2 hindcasts (PC1_CFSv2) to the observed dominant mode (Figure 2A). Figure 2C shows that there was a large deviation between PC1_obs and PC1_CFSv2, with a RMSE of 1.28 and a correlation coefficient of 0.18 significant below the 90% confidence level. These results show the overall poor capability of the CFSv2 hindcasts for predicting the dominant mode of the summer FEHEs over eastern China.
[image: Figure 2]FIGURE 2 | First empirical orthogonal function mode (EOF1) of summer FEHEs over eastern China in (A) the observations and (B) the CFSv2 hindcasts. (C) The standardized time series projected to the observed EOF1 of the FEHEs in the observations (black line) and the CFSv2 hindcasts (red line). The percentages in the top-right corner of (A, B) are the explained variance to the total variance.
PREDICTORS USED IN THE PHYSICAL–EMPIRICAL MODEL FOR PREDICTION OF THE DOMINANT MODE
Our previous studies have analyzed the mechanism associated with the dominant mode of the FEHEs over eastern China (Zhu et al., 2020a; Zhu et al., 2022). Based on these previous studies, we identified the predictors with a physical connection to the dominant mode, analyzed the corresponding mechanisms and used them to build the physical–empirical model.
Predictor in the CFSv2 hindcasts
Previous studies have shown that the SSTs in the tropical Pacific Ocean have an important role in the variation of the summer climate over East Asia (Sun and Wang 2019; Zhu et al., 2020a; Hong et al., 2022). Figure 3A shows that there were significant negative correlation coefficients between the SSTs around the maritime continent and PC1_obs. To further explore the physical relationship between them, we investigated the climate anomalies associated with the SSTs around the maritime continent and an SST index (MCSST) was defined as the areal mean SSTs within (15°S−10°N, 110–160°E) (Figure 3A). The anomalous cold SSTs around the maritime continent suppressed convection in the overlying troposphere (Figure 4A), which further led to an anomalous cyclone (anticyclone) and ascending (descending) motion over southern (northeastern) China via a meridional teleconnection similar to the Pacific–Japan/East Asia–Pacific (PJ/EAP) pattern (Nitta 1987; Huang 1992; Qiao et al., 2021). The anomalous atmospheric circulation related to the anomalous cold SSTs around the maritime continent could contribute to strengthened (weakened) convection over southern (northeastern) China (Figure 4A), leading to less (more) downward shortwave radiation (Figure 4B), which could induce less (more) FEHEs over southern (northeastern) China (Figure 4C) and contribute to the dominant mode of FEHEs (Figure 2A).
[image: Figure 3]FIGURE 3 | Correlation coefficients between PC1_obs and the summer SST in (A) the observations and (B) the CFSv2 hindcasts. The meshes denote the correlation coefficients significant at the 95% confidence level based on Student’s t-test.
[image: Figure 4]FIGURE 4 | Anomalies of the summer (A) 500 hPa vertical velocity (shading; units: 10–3 Pa s−1) and 850 hPa horizontal wind (vector; units: m s−1), (B) surface net downward shortwave radiation (units: W m−2) and (C) FEHEs in the observations regressed on the time series of the sign-reversed MCSST. The dots denote the anomalies significant at the 90% confidence level based on Student’s t-test. Only the anomalies of the 850 hPa wind exceeding 0.1 m s−1 are shown.
The PJ/EAP index, defined as the first empirical orthogonal function mode of summer 850-hPa relative vorticity within (0°−60°N, 100–160°E) according to Kosaka and Nakamura (2010), was significantly correlated with PC1_obs and sign-reversed MCSST with correlation coefficients of 0.60 and 0.51 exceeding the 99% confidence level respectively. These results indicate that the PJ/EAP teleconnection was responsible for the linkage between the dominant mode of FEHEs and the SSTs around the maritime continent. The anomalous cyclonic surface wind over the western subtropical Pacific could induce the divergence of upper water and the upwelling of cold water (figures not shown; Price et al., 1987; Seager et al., 2001), and downward shortwave radiation was reduced (Figure 4B), which could lead to negative SSTs in the western subtropical Pacific (Figure 3A). As shown in Figure 3, the physical connection between PC1_obs and the anomalous cold SSTs in the western tropical and subtropical Pacific (Figure 3A) was well revealed in the CFSv2 hindcasts (Figure 3B). The areal mean CFSv2 hindcast SSTs within (10S°−28°N, 110–160°E; Figure 3B) was abbreviated as sst_CFSv2, which was physically connected to PC1_obs with a correlation coefficient of –0.58 significant at the 99% confidence level and could be used as a predictor in the physical–empirical model to predict the dominant mode of the FEHEs over eastern China.
Predictor in the observations
Soil moisture varies slowly and has a memory of climate anomalies. It has therefore been considered as a potential predictor of extreme climate events (Wu and Zhang 2015; Yang et al., 2019). We therefore examined the connection between the preceding soil moisture and PC1_obs. Figure 5 shows that there were significant negative correlation coefficients between the soil moisture over southern China in the preceding December and PC1_obs, which lasted from the preceding December to May. However, this negative relationship (Figure 5A−F) became positive in summer (Figure 5G−I), indicating that the persistence of soil moisture could not explain the relationship between the soil moisture over southern China in the preceding December and PC1_obs. To further study the physical connection between them, we defined a soil moisture index (soil_Dec) as the preceding December soil moisture averaged within (22–30°N, 110–120°E).
[image: Figure 5]FIGURE 5 | Correlation coefficients between PC1_obs and soil moisture in the preceding (A) December, (B) January, (C) February, (D) March, (E) April and (F) May and the simultaneous (G) June, (H) July and (I) August. The meshes denote the correlation coefficients significant at the 95% confidence level based on Student’s t-test.
Figure 6B shows that the deficit of soil moisture over southern China in December was associated with La Nina-like SST anomalies over the tropical Pacific. These negative SST anomalies over the eastern tropical Pacific Ocean can induce an anomalous cyclone over the western subtropical Pacific (Figure 6A) via the Pacific–East Asia teleconnection (Wang et al., 2000). The anomalous northerly wind to the west of the anomalous cyclone can suppress the transport of water vapor to southern China, inducing greater evaporation of the underlying sea surface and negative SST anomalies along the coast of southern China (Figure 6A,B). This can suppress convection and lead to the soil moisture deficit over southern China. From the preceding December to the following summer, the SST anomalies over the tropical Pacific Ocean were characterized by the decay of La Nina conditions (Figure 6B,D,F,H), with significant negative SST anomalies over the eastern tropical Pacific Ocean in December (Figure 6B) turning into positive anomalies in the following summer accompanied by negative anomalies over the western tropical Pacific Ocean (Figure 6H). The anomalous cold SSTs over the western tropical Pacific Ocean can induce anomalous descending motion over the maritime continent, which could lead to an anomalous cyclone (anticyclone) and ascending (descending) motion over southern (northeastern) China via the PJ/EAP teleconnection, contributing to the dominant mode of the FEHEs over eastern China (Figure 6G,H).
[image: Figure 6]FIGURE 6 | Anomalies of (A,C,E,G) the 500 hPa vertical velocity (shading; units: 10–3 Pa s−1) and 850 hPa horizontal wind (vector; units: m s−1) and (B,D,F,H) the SST (units: K) in the simultaneous (A,B) December, the following (C,D) January−February mean, (E,F) March−April−May mean and (G,H) summer regressed on the time series of the sign-reversed soil_Dec. The dots denote the anomalies significant at the 90% confidence level based on Student’s t-test. Only the anomalies of 850 hPa wind exceeding 0.1 m s−1 are shown.
In addition, there were negative SST anomalies in the northern Indian Ocean in December, persisting to the following summer with the decay of La Nina conditions (Figure 6B,D,F,H). This is referred to as the Indian Ocean capacitor effect and extends the influence of the ENSO into the following summer (Xie et al., 2009). The anomalous cold SSTs over the Indian Ocean during the summer can suppress convection in the overlying troposphere (Figure 6G,H), which may contribute to an anomalous cyclone over the subtropical Pacific Ocean via a Kelvin wave-induced Ekman divergence mechanism, intensifying anomalous ascending motion over southern China and the western subtropical Pacific Ocean (Figure 6G; Sun et al., 2019). Moreover, the El Nino condition in December could contribute to positive soil moisture anomalies in southern China (figure not shown), which also decayed in the following seasons. This analysis shows that the connection between the soil moisture over southern China in December and the dominant mode of the summer FEHEs can be partly attributed to their responses to the ENSO. However, the correlation coefficient between PC1_obs and Nino3.4 in December (−0.39, significant at the 90% confidence level) was lower than that between PC1_obs and soil_Dec (−0.78), indicating that other physical processes were responsible for the relationship between PC1_obs and soil_Dec.
The SST anomalies associated with soil_Dec (Figure 6B,D,F,H) and Nino3.4 in December (Figure 7) showed similarity over the tropical Pacific Ocean. By contrast, there were discrepancies over the northern extratropical Pacific Ocean, with positive anomalies over the northeastern (northern central) Pacific Ocean related to soil_Dec (Nino3.4) (Figures 6, 7), indicating the influence of air–sea interactions over the northern extratropical Pacific Ocean on soil_Dec. After removing the linear signal of Nino3.4 in December from soil_Dec, the SST anomalies associated with soil_Dec showed positive (negative) anomalies over the northeastern (northern central) Pacific Ocean (Figure 8B), enhancing (weakening) convection in the overlying troposphere (Figure 8A). An anomalous cyclone was formed over the northeastern Pacific as a Rossby wave response to the enhanced convection (Figure 8A). The anomalous cyclone induced anomalous westerly wind over the tropical and subtropical Pacific Ocean, contributing to a weakened Walker circulation, anomalous cold SSTs over the South China Sea and descending anomalies over southern China (Figures 8A,B), which favored the deficit in soil moisture over southern China.
[image: Figure 7]FIGURE 7 | Anomalies of the SST (units: K) in the simultaneous (A) December, the following (B) January−February mean, (C) March−April−May mean and (D) summer regressed on the time series of the sign-reversed Nino3.4 in December. The dots denote the anomalies significant at the 90% confidence level based on Student’s t-test.
[image: Figure 8]FIGURE 8 | Anomalies of (A,C,E,G) the 500 hPa vertical velocity (shading; units: 10–3 Pa s−1) and 850 hPa horizontal wind (vector; units: m s−1) and (B,D,F,H) the SST (units: K) in the simultaneous (A,B) December, the following (C,D) January−February mean, (E,F) March−April−May mean and (G,H) summer regressed on the time series of the sign-reversed soil_Dec with the linear signal of Nino3.4 in December removed. The dots denote the anomalies significant at the 90% confidence level based on Student’s t-test. Only the anomalies of the 850 hPa wind exceeding 0.1 m s−1 are shown.
In late winter, the anomalous cyclone over the northeastern Pacific Ocean intensified and the anomalous westerly wind moved equatorward (Figure 8C), which provided favorable conditions for the developing El Niño, with negative (weak positive) SST anomalies over the western (eastern) tropical Pacific (Figure 8D). In spring, the air–sea interactions over the northeastern Pacific Ocean weakened and the anomalous cyclone disappeared (Figure 8E), but the anomalous westerly wind over the tropical Pacific Ocean lasted until summer and El Niño continued to develop via Bjerknes positive feedback (Bjerknes 1969). In summer, the anomalous cold SST over the western tropical Pacific Ocean induced anomalous descending motion over the maritime continent (Figure 8G,H), which further led to an anomalous cyclone and ascending motion over southern China and the western subtropical Pacific Ocean and exerted an influence on the dominant mode of the FEHEs over eastern China.
These results show that soil_Dec contained the signal of air–sea interactions over the tropical and northern extratropical Pacific Ocean in the preceding December, which can influence the atmospheric circulation and the dominant mode of the FEHEs over eastern China in the following summer by inducing anomalous SSTs in the Indian and tropical Pacific oceans (Figures 6-8). As a result of the combination of the signal of the air–sea interactions over the tropical and northern extratropical Pacific Ocean in the preceding December, the soil_Dec was closely correlated with PC1_obs with a correlation coefficient of −0.78 and served as a predictor in the physical–empirical model.
ESTABLISHMENT AND ESTIMATION OF THE PHYSICAL–EMPIRICAL MODEL
The physical–empirical model was established based on a multiple linear regression method using the sst_CFSv2 and soil_Dec predictors. Table 1 summarized the definitions of the predictors and their correlation coefficients with PC1_obs. Considering that the two predictors were not linear independent, the sst_CFSv2 with the linear signal of soil_Dec removed, was used in the physical–empirical model, which was still significantly correlated with PC1_obs at the 90% confidence level. The physical–empirical model is described as follows:
[image: image]
where a and b are the partial regression coefficients for the predictors sst_CFSv2 and soil_Dec, respectively, and c is the intercept of PC1_obs. The values of a, b and c will be different in the different training periods.
TABLE 1 | Definitions of the predictors and the correlation coefficients between PC1_obs and the predictors.
[image: Table 1]The prediction of the physical–empirical model for PC1_obs was evaluated by the methods of one-year-leave cross-validation for 1982–2018 and independent hindcast for 2000–2018. The results of the one-year-leave cross-validation showed that the physical–empirical model-predicted PC1 (PC1_PE) was highly consistent with PC1_obs (Figure 9A). Compared with the prediction of CFSv2 (Figure 2C), the correlation coefficient between the PC1_PE and PC1_obs increased to 0.79, significant at the 99% confidence level, and the RMSE was reduced by 52% (Table 2). Specifically, in some extreme years (e.g., 1998 and 2003), the anomalies of PC1_obs larger than one standardized deviation were captured better by the physical–empirical mode1 than by the CFSv2 prediction (Figure 9A). Accordingly, the rate of same signs was improved from 19/37 in the CFSv2 to 30/37 in the physical–empirical model and all the signs of PC1_obs in the extreme years (the absolute value of PC1_obs larger than one standard deviation) were correctly captured in the physical–empirical model (Table 2).
[image: Figure 9]FIGURE 9 | The physical–empirical model-predicted PC1 (PC1_PE, red dashed line) and PC1_obs (blue solid line) in (A) the one-year-leave cross-validation for 1982–2018 and (B) the independent hindcast for 2000–2018. The value in the top-left (top-right) corner of (A−B) is the correlation coefficient (RMSE) between PC1_PE and PC1_obs. ** denotes the correlation coefficients significant at the 99% confidence level based on Student’s t-test.
TABLE 2 | Correlation coefficient (CC), RMSE, the rate of same signs in all years (SS) and in extreme years (SS-extreme) between PC1_obs and PC1_CFSv2 during 1982–2018 (CC1, RMSE1, SS1 and SS1-extreme) and during 2000–2018 (CC2, RMSE2, SS2 and SS2-extreme). The correlation coefficient (CC), RMSE, the rate of same signs in all years (SS) and in extreme years (SS-extreme) between PC1_obs and PC1_PE in the one-year-leave cross validation (CC1, RMSE1, SS1 and SS1-extreme) and in the independent hindcast (CC2, RMSE2, SS2 and SS2-extreme). The bold value denotes that the correlation coefficients were significant at the 99% confidence level based on Student’s t-test.
[image: Table 2]As for the independent hindcast results (Figure 9B), the physical–empirical model also showed an improved prediction of PC1_obs compared with the prediction of the CFSv2 hindcasts (Figure 2C). The interannual variability of PC1_obs was captured well by the physical–empirical model (Figure 9B), with a correlation coefficient of 0.81 and a reduced RMSE between PC1_obs and PC1_PE (Table 2). The signs of PC1_obs were better predicted in the physical–empirical model than in the CFSv2 hindcast (Table 2). The relationship between PC1_obs and predictors was robust (figures not shown), contributing to the stability of the prediction model. The prediction skill of the physical–empirical model based on sst_CFSv2 and soil_Dec, was better than that only based on soil_Dec (figure not shown). Therefore, the physical–empirical model has the ability to improve the prediction of the dominant mode of summer FEHEs over eastern China.
CONCLUSION
We have shown a limited prediction capability of CFSv2 hindcasts for summer FEHEs over eastern China. The CFSv2 hindcasts did not capture the dipole pattern of the dominant mode in the observations, which was characterized by negative (positive) anomalies over southern (northeastern) China and relatively large loadings over southern China. The time series in the CFSv2 hindcasts and in the observations projected to the observed dominant mode were also inconsistent, with a low time correlation coefficient of 0.18, significant below the 90% confidence level.
To improve the prediction of the dominant mode of the FEHEs, a physical–empirical model was established based on two predictors (sst_CFSv2 and soil_Dec). The SST anomalies in the western tropical Pacific Ocean influenced convection in the overlying troposphere, affecting the atmospheric circulation over eastern China via the PJ/EAP teleconnection and contributing to the dominant mode of the FEHEs. The physical connection between the dominant mode of FEHEs and the western tropical and subtropical Pacific Ocean was well revealed in the CFSv2 hindcasts and thus the CFSv2-predicted SSTs in the western tropical and subtropical Pacific Ocean was used as the predictor sst_CFSv2. The predictor in the observations was the soil moisture over southern China in the preceding December (soil_Dec), which combined the signal of the air–sea interactions over the tropical and northern extratropical Pacific Ocean. The decaying La Nina was characterized by negative SST anomalies over the eastern tropical Pacific Ocean in December and negative SST anomalies over the western tropical Pacific and northern Indian oceans in the following summer, which contributed to the connection between the deficit in soil moisture over southern China in December and the dominant mode of the summer FEHEs over eastern China. The air–sea interactions over the northern extratropical Pacific Ocean associated with the deficit in soil moisture favored the developing El Niño and led to anomalous cold SSTs over the western tropical Pacific Ocean in the following summer, which contributed to the dominant mode of FEHEs over eastern China. The soil_Dec was physically connected to the dominant mode of FEHEs, with a significant correlation coefficient (−0.78, significant at the 99% confidence level) with PC1_obs.
The results of the one-year-leave cross-validation and independent hindcast showed that the interannual variability of PC1_obs was better captured by the physical–empirical model than by the CFSv2 hindcasts, with an improved correlation coefficient from insignificant to around 0.8 significant at the 99% confidence level, a reduction in the RMSE by about 50% and an increased rate of same signs. In extreme years (when the absolute value of PC1_obs was greater than one standard deviation), all the signs of PC1_obs were captured in the physical–empirical model. These results show that the physical–empirical model established on these two predictors significantly improved the prediction of the dominant mode of summer FEHEs over eastern China.
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