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During the winter of 2017/18, Beijing endured the 
longest consecutive dry day spell (CDD) (145 
days; 23 October 2017–16 March 2018) since 

recordings began in 1951 (see Fig. 1b). There was no 
effective precipitation during this period, and there 
was no snow in the winter (November–February) for 
Beijing for the first time. As a result, the total precipita-
tion was 86.3% below the observed average over North 
China Plain during 1960–2017 (see Fig. 1a), causing 
a severe drought and increasing the risk of wildfires.

Starting in November 2017, El Niño–Southern 
Oscillation (ENSO) entered the La Niña phase and 
lasted until late April 2018. Coupled with a negative 
Arctic Oscillation (AO), the Siberian high pressure 
area and the East Asian trough were both intensified 
and propagated cold surges toward North China. The 
stronger cold surges, associated with a subtropical 
high pressure system in the western Pacific, hindered 
the wet and warm air from the low-latitude sea mov-
ing northward to meet the cold air from Siberia. 
Such atmospheric circulation conditions cause less 
precipitation in the Beijing area, which is consistent 
with existing studies demonstrating the effects of 
ENSO and AO on the winter climate over East Asia 

(Chen et al. 2013; Gong et al. 2001; Wang et al. 2000; 
Yuan et al. 2014).

However, few studies have focused on the impact 
of ENSO and AO on winter precipitation in Beijing 
or the North China plain, likely due to the large ob-
servational uncertainty in precipitation totals. Here, 
we select CDD as our target to reduce the impact of 
observation errors in the amount of precipitation. 
Furthermore, this study identifies that the likeli-
hood changes of such an extreme CDD event can be 
attributed to natural variability (ENSO and AO) and 
anthropogenic forcings (global warming) in different 
model simulation experiments.

DATASET AND METHOD. We used the latest 
observation of daily precipitation data for the period 
of 1960–2018, which were collected from more than 
2400 meteorological stations over China, and 19 
stations were located in Beijing (see Fig. ES1a in the 
online supplemental material). The reanalysis dataset 
from JRA-55 was used to examine large-scale atmo-
spheric circulation and water vapor fluxes to better 
capture the variability of precipitation in East Asia 
(Chen et al. 2014). We set 1 mm day–1 as the minimum 
threshold for effective precipitation to calculate the 
CDD (Jiang et al. 2015).

The HadGEM3-A-based attribution system 
(hereafter simply called HadGEM3A) is often used 
for the probabilistic attribution of extreme climate 
events (Lott et al. 2013; Qian et al. 2018; Zhou et al. 
2018). Compared to CMIP5 models, HadGEM3A is an 
atmosphere-only model with the observed sea surface 
temperature and sea ice data as model input and pro-
vides more realistic boundary conditions for model 
simulation (Ciavarella et al. 2018). This attribution 
system has a higher horizontal resolution (~60-km 
midlatitudes) and adopts a nonhydrostatic dynami-
cal core, which may offer an advantage relative to 
CMIP5 models at the regional scale (Christidis et al. 

The record long dry period over Beijing during winter 2017/18 was made more likely  

by a combination of La Niña, a weak Arctic polar vortex, and long-term anthropogenic warming.
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2013). Two sets of 15 stochastic physics experiments 
spanned from 1960 to 2013 with the all-forcings 
(ALL) and natural-forcings only (NAT) conditions in 
HadGEM3A (Hewitt et al. 2011), and all simulations 

under ALL conditions have a similar distribution as 
that observed for CDD (see Fig. ES1d).

In addition, there are 11 CMIP5 models providing 
39 simulations for daily precipitation under the ALL 

Fig. 1. (a) The anomalies of total precipitation ATP = −( ) P P Pi  are calculated by the total precipitation (Pi) dur-
ing November 2017–February 2018 (NDJF; defined as winter) and multiyear mean total precipitation P( )  in 
winters during 1960–2017 over China. (b) The annual variability curve of the CDD of Beijing based on station 
observations shown in Fig. ES1a. (c) The Niña-3.4 index during and the annual longest CDD in Beijing was sig-
nificantly correlated at the 95% confidence level (R = −0.29). (d) The AO index and the annual longest CDD in 
Beijing were significantly correlated at the 95% confidence level (R = −0.31). (e) The anomalies of total water 
vapor fluxes AWR = −( ) W W Wi  calculated by the total water vapor fluxes (Wi) in winters during four strongest 
El Niño years and multiyear mean total water vapor fluxes W( )  in winters during 1960–2017 over China. (f) As 
in (e), but Wi denotes the total water vapor fluxes during four strongest La Niña years. The contour lines in (e) 
and (f) are the average geopotential height for 500 hPa in the winters during 1979–2016 and in the winter of 
2017/18, respectively. The red pentagrams represent the corresponding point of 2018 and red lines represent 
the contour of 5,200-m geopotential height for 500 hPa, which indicates the shape of the polar vortex.
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and NAT conditions (Taylor et al. 2012). According 
to their performance in replicating the variability of 
CDD, 19 simulations from 9 models were selected 
to determine the effects of anthropogenic climate 
change and atmospheric circulation anomalies on the 
CDD in Beijing (see Fig. ES1c). All simulation outputs 
from the models were interpolated onto a 1° × 1° grid 
by bilinear interpolation. Jiang et al. (2015) found that 
the simulated precipitation in most CMIP5 models 
significantly underestimated the CDD over China 
due to increased drizzle but decreased heavy rain. 
Therefore, we used a quantile-matching algorithm 
to adjust the daily precipitation series in CMIP5 
models before the attribution process. The detailed 
description of the adjusting procedure was given by 
Wang et al. (2010).

The Niño-3.4 index, an indicator of the ENSO, uses 
a 5-month running mean of the average equatorial sea 
surface temperature (SST) anomaly across the Pacific 
(5°N–5°S, 170°–120°W), and El Niño (La Niña) events 
are defined when the Niño-3.4 index exceeds 0.4°C 
(below −0.4°C) for a period of 6 months or more. The 
AO index is calculated by projecting the AO loading 
pattern to the daily anomaly 850-hPa geopotential 
height field over 20°–90°N. The observed SST and 
geopotential height field are provided by the ERSSTv5 
and JRA-55 reanalysis datasets, respectively. Both 
the SST and geopotential height for the models are 
obtained from simulations except for the SST for 
HadGEM3A, which is given by the HadISST1 dataset 
(Rayner et al. 2003).

In this study, the main statistical techniques used 
to assess the likelihood and attribution of the extreme 
CDD in Beijing are as follows:

1) We used the Kolmogorov–Smirnov test to select 
the model simulations whose distribution of CDD 
is consistent with the observed distribution (King 
et al. 2015). Then, a generalized extreme value 
(GEV) distribution was used to fit the distribu-
tion of the CCD in observation and the selected 
simulations (Coles et al. 2001). The return periods 
for the record-breaking CDD were calculated as 
follows:

 
 RP =

−
1

1 f x( )  , (1)

where RP denotes the return period when CDD 
equals x and f(x) is the cumulative probability density 
function of the GEV distribution.

2) Based on the Niño-3.4 index and the AO index, 
the simulated time series of CDD are divided into 
years characterized by El Niño, La Niña, positive 
AO, and negative AO. Through GEV fitting, we 
can calculate the return periods and occurrence 
probability of the extreme CDD in 2017/18 with 
different scenarios.

3) To quantify the anthropogenic inf luence on 
the risk of extreme CDD events, the fraction of 
attributable risk (FAR) and the corresponding 
probability ratios (PR) were used to estimate the 
effect of anthropogenic influence and ENSO and 
AO (Allen 2003; Fischer and Knutti 2015):

 FAR = 1 – P0/P1 and PR = P1/P0. (2)

To quantify the anthropogenic influence on the 
odds of extreme CDD events, P0 denotes the probability 
of exceeding the 2018 CDD in the natural-forcing sce-
narios and P1 denotes the equivalent for the all-forcings 
scenarios. To estimate the contribution of ENSO (AO) 
anomalies on the extreme CDD events, we calculated 
the FAR and PR with P1 from the La Niña/El Niño 
(positive/negative AO) all-forcings simulations and P0 
from the ENSO-neutral (multiyear mean) all-forcings 
simulations. A Monte Carlo bootstrap procedure was 
performed 1,000 times to estimate the uncertainty of 
FAR and PR by resampling (Johnson 2001).

RESULTS. The CDD in 2017/18 (145 days) was the 
longest since records began in 1951 and was 31 days 
longer than the previous record (114 days in 1971) and 
2.6 times longer than the average (55.7 days) during 
1971–2000 (Fig. 1b). The return period of CDD in 
2017/18 was approximately 60 years (see Fig. ES1b). In 
the long term, the CDD of Beijing had a slight increas-
ing trend by 3.2 days decade–1 during 1960–2018 but 
was not significant (p > 0.1). In addition, four of the 
five years during which the CDD was longer than 100 
days occurred in the past 10 years (see Fig. 1b). Existing 
studies have also observed more dry days in the winter 
over the North China Plain with global warming (Liu 
et al. 2005; Sun and Ao 2013; Zhou and Wang 2017).

As shown in Fig. 1c, the ENSO index in winter has 
a significant negative correlation (−0.29, p < 0.05) 
with the CDD in Beijing (see Fig. 1c). Therefore, the 
La Niña event, which began in August 2017 and lasted 
until April 2018, may play an important role in the 
occurrence of the extreme CDD in 2017/18. In the 
winter, the water fluxes in La Niña years are remark-
ably low over the North China Plain (see Figs. 1e,f). 
La Niña events often have a significant effect on East 
Asia as the western Pacific subtropical high acts to 
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prevent moisture transport to North China resulting 
in dry conditions in winter over Beijing (Wang et al. 
2000; Wang and Chen 2010).

In winter 2017/18, the AO was in an extremely 
negative phase and had a negative relationship with 
the CDD of Beijing (R = −0.31, p < 0.05). As shown 
in Fig. 1f, the polar vortex broke into two vortices in 
winter 2017/18 and is not shown as a single vortex as 
usual (see Fig. 1e). A negative AO is often concur-
rent with a weak Arctic polar vortex and a strong 
Siberian high and East Asian trough, which brings 
anomalously northerly winds and more cold and dry 
air from the polar regions to China (Gong et al. 2001; 
Thompson and Wallace 1998).

We compared the likelihood of occurrence of the 
record-breaking CDD in 2017/18 in HadGEM3A 
attribution system. Comparing the risk of CDD 

between the all-forcings and natural-forcings only 
simulations, we found that anthropogenic influences 
increased the likelihood by 1.29 times and explained 
22.3% ± 10.8% (±95% confidence interval) attribut-
able risk for the record-breaking CDD events like 
those experienced during winter 2017/18 in Beijing 
(see Figs. 2a,d). Comparing the all-forcings simula-
tions in La Niña years with ENSO-neutral years, for 
this record-breaking CDD, the influence of La Niña 
increased the likelihood by 1.43 times and explained 
30.0% ± 61.4% attributable risk (see Figs. 2b,d). The 
extreme CDD values, such as those experienced dur-
ing winter 2017/18 in Beijing, negative AO increased 
the likelihood by 2.51 times and explained 60.1% ± 
11.3% attributable risk (see Figs. 2c,d).

According to the different CMIP5 experiments, 
anthropogenic influences increased the likelihood 

Fig. 2. (a) Return periods for the annual longest CDD during 1950–2005 from HadGEM3A simulations under 
ALL and NAT forcings, and the black dashed line denotes the observed CDD in 2017/18. (b) As in (a), but during 
El Niño or La Niña years (see text for definitions). (c) As in (b), but during the AO positive phase (P) or nega-
tive phase (N). (d) The fraction of attributable risk (FAR) and corresponding probability ratios (PR) calculated 
using different scenario combinations for P0 and P1 as shown in Eq. (2). The estimation of probability ratios 
was calculated using a bootstrapping approach (resampling the distributions 1,000 times with replacement); 
the bars show the interquartile range (5th–95th percentiles); the asterisks indicate the best estimates for the 
fraction of attribution risk.
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by 2.09 times for the record-breaking CDD in Bei-
jing, explaining approximately 52.1% ± 43.7% of 
the attributable risk (see Figs. ES2a,d). La Niña and 
negative AO increased the likelihood of extreme CDD 
by 4.59 and 6.45 times and explained 78.2% ± 95.1% 
and 84.5% ± 14.1% attributable risk, respectively (see 
Figs. ES2b–d). Therefore, based on both HadGEM3-A 
and CMIP5 models, atmosphere circulation anoma-
lies played a more important role in occurrence of 
this extreme CDD event in winter 2017/18 in Beijing, 
while the impact of anthropogenic effects was rela-
tively small.

In addition, the combined effects of ENSO and AO 
on the winter climate in East Asia exhibited nonlinear 
characteristics. As shown in Table 1, the mean CDD 
when La Niña and negative AO are combined is much 
larger than that in other cases, which agrees well with 
the finding that La Niña coupled with negative AO is 
more favorable than other combinations for a weak 
Arctic polar vortex and an intensified cold surge 
over East Asia (Chen et al. 2013). However, identify-
ing the combined effects among different factors on 
CDD in Beijing is difficult due to the limited model 
sample size.

CONCLUSIONS. Both the observation and 
the results of attribution analyses indicated that a 
specific atmospheric circulation pattern (La Niña 
event coupled with negative AO) led to the extreme 
CDD during the winter of 2017/18 in Beijing, and 
anthropogenic inf luences significantly increased 
the likelihood of such an event. The simulation 
experiments in HadGEM3A (CMIP5) showed an-
thropogenic effects increased the likelihood for this 
extreme CDD by 1.29 (2.09) times and explained 
22.3% (52.1%) attributable risk; the La Niña event and 
negative AO increased the likelihood of this extreme 
CDD by 1.43 (4.59) times and 2.51 (6.45) times and 

explained 30.0% (78.2%) and 60.1% (84.5%) attribut-
able risk, respectively, based on the simulations of 
HadGEM3A (CMIP5).

With more realistic boundary conditions (using 
observed SST and sea ice), HadGEM3A has a similar 
probability distribution to the observations while 
CMIP5 exhibits a stronger attribution result. But 
this is not enough to support the attribution result 
from HadGEM3A being more credible than that 
from CMIP5 (Fischer et al. 2018). However, both 
attribution results from HadGEM3A and CMIP5 
indicate that the contribution of atmospheric cir-
culation anomalies to the extreme drought event in 
Beijing was higher than anthropogenic influences, 
which is consistent with the observation (see Table 1). 
Additionally, there are also contributions from local 
climate factors, such as the urban dry island effect 
in Beijing (Wang and Gong 2010), which need to be 
further analyzed based on mesoscale weather/climate 
models and high-resolution observation data.
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ENSO AO CDD (days) UTC (°C) BMT (°C) SN

El Niño
Positive 51.5 ± 12.9 0.39 ± 0.20 -0.13 ± 1.15 12

Negative 55.6 ± 14.6 0.24 ± 0.45 -0.71 ± 0.96 5

La Niña
Positive 65.1 ± 24.8 0.16 ± 0.31 -0.09 ± 0.79 11

Negative 94.1 ± 34.7 0.26 ± 0.33 -0.92 ± 1.03 7

Neutral
Positive 37.0 ± 11.8 0.11 ± 0.26 -0.01 ± 0.98 13

Negative 54.3 ± 22.0 0.15 ± 0.25 -0.15 ± 0.97 11

Table 1. Statistics (mean and standard deviation) of CDD in Beijing in the winter from 1960 to 2018, which 
are classified by different phases of ENSO and AO. Each winter is one sample, and the sample number (SN) 
for each type is also listed. The global mean temperatures (UTC) and Beijing mean temperature (BMT) in 
the winter in this table refer to anomalies relative to the periods of 1961–90.
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