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21. ATTRIBUTION OF THE JULY 2016 EXTREME 
PRECIPITATION EVENT OVER CHINA’S WUHAN

Chunlüe Zhou, Kaicun Wang, and Dan Qi

Human-induced warming and El Niño may have substantially increased the probability of the occurrence 
of such events as the July 2016 extreme precipitation over China’s Wuhan.

Introduction. From 30 June to 6 July 2016 Wuhan 
City, which has approximately ten million residents, 
received a record-breaking weekly rainfall of 574 
mm, reaching a maximum of 1087.2 mm in the 
downtown areas. This intense rainfall resulted in a 
disastrous flood that killed 237 people, left 93 people 
missing, and caused at least $22 billion in damage 
(U.S. dollars), making it the second most expensive 
weather-related natural disaster in China’s history. 

The 2016 Wuhan extreme precipitation was a part 
of Mei-yu rain (called Baiu in Japan), which has been 
shown to become particularly heavy in the summer 
following an El Niño event (Huang et al. 2000; Lin 
and Lu 2009; Jin et al. 2016). Two ENSO-related 
processes were proposed to explain this phenomena: 
1) the persistent western North Pacific anticyclonic 
anomaly in the lower troposphere due to the ENSO-
related wind–evaporation–SST feedback (Wang et al. 
2000; Lau and Weng 2001; Lim and Kim 2007; Chou et 
al. 2009; Jin et al. 2016; Zhang et al. 2016), and 2) the 
southward displacement of the Asian jet stream in the 
upper troposphere due to the increasing meridional 
temperature gradient and the thermal wind balance 
that are forced by the ENSO-related warming in the 
tropical troposphere (Seager et al. 2003; Lin and Lu 
2009; Lin 2010). Both processes can transport more 
moisture to the middle–lower valley of the Yangtze 
River and induce more precipitation extremes.

The meridional propagation of the Mei-yu front 
can be quantified by the pattern of R7x (defined as the 
wettest period over seven consecutive summer days; 
Fig. 21.1a). The Mei-yu front is typically located over 
the south coast of China in May, propagates north 

to the Yangtze River basin by June and to northern 
China by July, and retreats in August with the end of 
the East Asian monsoon (Chang et al. 2000). 

Using the R7x from the observed and simulated 
precipitation data, this study tried to answer two 
questions: 1) How extreme is the 2016 Wuhan ex-
treme precipitation in historical context? 2) What 
are the relative impacts of the recent El Niño event 
and human-induced warming on the precipitation  
extreme?

 
Data and methods. The latest daily precipitation from 
1961 to 2016 at ~2400 meteorological stations (Fig. 
ES21.1) were used in this study. To better show the 
spatial variability of precipitation, the hourly pre-
cipitation in 2016 at ~50 000 auto weather stations 
in China were used in Fig. 21.1a. These datasets have 
undergone a series of quality control tests including 
outlier identification, internal consistency checks, 
and spatial and temporal consistency checks (Ren et 
al. 2010; Shen and Xiong 2016).

The Niño-3.4 index derived from HadISST over 
the region (5°S–5°N, 170°–120°W; Rayner et al. 2003) 
was calculated for December–February (DJF). Model 
data were extracted from the CMIP5 archive (Taylor 
et al. 2011). We evaluated their performance in cap-
turing the observed variabilities of precipitation and 
the DJF Niño-3.4 index via a Kolmogrov–Smirnoff 
test (p > 0.05; failure to reject the null hypothesis that 
the modeled precipitation has the same distribution as 
the observed). The simulations with standard devia-
tions greater than 1.47°C (1.5σ) in the Niño-3.4 index 
were excluded, because the overestimated ENSO vari-
ability can result in its spurious relationship with the 
East Asia summer rainfall (Fu et al. 2013).

To separate the influences of the El Niño and La 
Niña events, we further evaluated and selected the 
all-forcing (ALL) simulations with a significantly 
positive relationship (p < 0.1) between the detrended 
precipitation and DJF Niño-3.4 time series. The years 
with the DJF Niño-3.4 index above (below) 0.98°C 
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(1σ) in the observation and model simulations were 
regarded to be El Niño (La Niña) years (Black and 
Karoly 2016; King et al. 2016; Lehner et al. 2016). As a 
result, 13% (11%) of the years from the twelve models 
were selected (Table ES21.1).

These CMIP5 models provide 35 simulations with 
all-forcings (ALL) and natural forcings only (NAT). 
The ALL runs were extended through 2016 with 
the Representative Concentration Pathways (RCP) 
8.5, because the projected greenhouse gas forcing of 
RCP8.5 is more consistent with present values than 
other RCPs (Peters et al. 2013). Values of R7x were 
estimated with fewer simulations, as three of the mod-
els did not provide the necessary daily rainfall data.

We further used model data from a pair of mul-
tidecadal ensemble experiments using the latest Met 
Office HadGEM3-A-based attribution system (N216 
L85, 0.83° × 0.56° resolution; Christidis et al. 2013). 
This attribution system adopts the latest operational 
dynamical core (Wood and Stainforth 2010) and land 
surface model (JULES; Best et al. 2011), as well as an 
updated set of forcings consistent with the CMIP5 
generation (Jones et al. 2011). Additionally, this at-
tribution system comprises two sets of 15 stochastic 
physics experiments spanning the period 1960–2015, 
one set with all-forcings and the other with natural 
forcings only. The observed sea surface temperature 
and sea ice data from HadISST provided a better  

Fig. 21.1. (a) Spatial pattern in precipitation accumulation (R7x, in station dots) and 10-m wind field (in black 
arrows) during 2016 Wuhan extreme precipitation (30 Jun to 6 Jul 2016). Cyan pentagram shows Wuhan City, 
China. Blue lines indicate first-class rivers in China. Black rectangle denotes study region (29°–32°N, 112°–118°E). 
(b) Time series of R7x for black boxed region. 2016 is marked in pink square. (c) R7x for black box region during 
1961–2016 is illustrated with DJF Niño-3.4 index. Right axis denotes normalized value (1961–2016 average of R7x). 
Correlation coefficient is 0.36 (p < 0.01), which is almost same as that from detrended series (0.37, p < 0.01). 
(d) GEV fit (in red line) of R7x with 95% confidence intervals (dashed lines). (e) Scaled GEV fit of R7x in which 
location parameter (thick red line) and scale parameter (difference between red lines) depend exponentially 
on global mean air temperature anomaly with ratio of two parameters being constant.
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estimation of the boundary conditions for the two 
sets of runs (Christidis et al. 2013).

For consistency with our observational analysis, 
the model data are area-averaged over the study re-
gion (29°–32°N, 112°–118°E; Fig. 21.1a). In addition 
to R7x, we also did the analysis for monthly (July) 
precipitation. We applied several statistical techniques 
to assess the 2016 Wuhan extreme precipitation:

1) A Kolmogorov–Smirnoff test (K–S) was con-
ducted to determine how well the distributions of the 
simulated precipitation and Niño-3.4 index matched 
the observed distribution.

2) Both the generalized extreme value (GEV; 
Schaller et al. 2016) and scaled GEV (van der Wiel et 
al. 2017) were performed to fit the observed precipi-
tation. In the scaled GEV fit, the location and scale 
parameters depend exponentially on the global mean 
air temperature anomaly with the ratio of the two 
parameters being constant (van der Wiel et al. 2017; 
more details in the online supplement). The scaled 
GEV can reflect the influence of global warming on 
the odds of precipitation extremes. Only the GEV 
was conducted to fit the modeled precipitation here. 
Their uncertainties (5%–95%) were estimated with a 
1000-member bootstrap.

3)  T h e  f r a c t i o n  o f  a t t r i b u t a b l e  r i s k  
(FAR = 1 − PNAT/PALL) method (Stone and Allen 2005) 
was used to ascertain the influence of anthropogenic 
climate change. Bootstrapping (with replacement) 
was performed 1000 times to estimate the FAR un-
certainty.

4) The scaling factors of the simulated extreme 
precipitation to best match the observations by two-
signal analyses of the optimal fingerprinting (OF) 
method were estimated to evaluate the impact of 
anthropogenic climate change (Hegerl et al. 1997; 
Allen and Stott 2003; Ribes et al. 2013). The observed 
precipitation was regressed onto the multimodel 
mean precipitation response to NAT and anthropo-
genic forcings (ANT = ALL − NAT) simultaneously 
(Wan et al. 2015). A total of 114 chunks, each 55 years 
long, were obtained from 12 preindustrial control 
simulations to estimate internal variability (Table 
ES21.1). Uncertainty ranges (5%–95%) for the scaling 
factors were evaluated via Monte Carlo simulations. 
The signal of human-induced warming is considered 
detected if the scaling factor is significantly greater 
than zero (Min et al. 2011).

Results. Figure 21.1a illustrates the rainbelt of R7x 
related to the northward propagation of the Mei-yu 
front, originating from the South China Sea. Fol-

lowing the 2015/16 strong El Niño event, the study 
region received a record-breaking average R7x of 
456.28 mm. The R7x exhibits a significantly positive 
correlation with the DJF Niño-3.4 index (r = 0.36, 
p = 0.01; Fig. 21.1c).

The R7x over this region shows a significant 
increasing trend of 8.88 mm decade−1 (Fig. 21.1b). 
Therefore, we considered the covariance of R7x and 
global warming and found the location parameter of 
the scaled GEV for the observed R7x exhibits an up-
ward trend (Fig. 21.1e). A GEV fit of the observed R7x 
denotes that the 2016 Wuhan extreme precipitation 
was close to a 1-in-106-year event (Fig. 21.1d). Under 
the global mean air temperature of 1961, the precipita-
tion extreme like the 2016 Wuhan extreme precipita-
tion (normalized value of 149.69%) is a 1-in-272-year 
event (Fig. 21.2a). However, it becomes a 1-in-28-year 
event when the observations are shifted up with global 
mean air temperature of 2016 (Fig. 21.2a).

To assess the influence of human-induced warm-
ing, we compared the changes in the likelihood of the 
R7x anomaly from the ALL and NAT runs (Fig. 21.2a). 
Given the El Niño events, 64% [95% confidence inter-
vals (CI): 45%–71%; 26% (95% CI: 20%–39%) for the 
HadGEM3-A-based system] of the attributable risk of 
such an event as the 2016 Wuhan extreme precipita-
tion is attributed to human-induced warming (Figs. 
21.2a and ES21.3a). Given the La Niña events, such 
events do not occur in NAT scenarios (as indicated 
by all the green squares below the observed 2016), 
whose intense precipitation tail agrees well with that 
scaled with the global mean air temperature of 1961 
(Fig. 21.2a). However, such events do exist in La Niña 
years in the ALL simulations (Fig. 21.2a).

Compared with the likelihood of the R7x anomaly 
between El Niño and La Niña events in the ALL simu-
lations, we found a 144% [(95% CI: 119%–182%); 216% 
(95% CI: 192%–253%) for the HadGEM3-A-based 
system] increase in the likelihood of such an extreme 
event in El Niño years (Figs. 21.2a and ES21.3a).

Furthermore, the best estimate of scaling factor 
of the R7x for anthropogenic forcings is 0.92 (CI: 
0.08–1.91; 0.86 with CI 0.18–1.63 in the HadGEM3-
A-based system), as derived via two-signal analyses 
(Figs. 21.2b and ES21.2), suggesting the robustness of 
detectable human influence on the increasing likeli-
hood for such an event as the 2016 Wuhan extreme 
precipitation. However, the signal of the natural 
forcings cannot be detected using the OF method 
(Fig. 21.2b), likely due to its mixture of the El Niño 
and La Niña years.
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We found that the scaling factors of the R7x for 
anthropogenic forcings are comparable for the CMIP5 
models and the HadGEM3-A-based system via the 
use of OF method. However, the different attributable 
risks of such an event as the 2016 Wuhan extreme 
precipitation to anthropogenic climate change are 
derived by the FAR method, which may be due to 
various sensitivities of extreme precipitation to El 
Niño events between the CMIP5 models and the 
HadGEM3-A-based system.

Conclusions and discussion. Our analysis based on R7x 
indicates that the record-breaking extreme precipita-
tion event of 2016 in China’s Wuhan is a 1-in-28-year 
event in the climate of 2016. It is a 1-in-272-year event 
in the climate of 1961. CMIP5-based FAR analyses 
suggest that approximately 60% of the risk of such an 
event can be attributed to human-induced warming. 
El Niño has substantially increased the likelihood of 
such an event as the 2016 Wuhan extreme precipita-
tion by 144%. This study helps to advance our un-
derstanding of the role of human-induced warming 
and El Niño in intense precipitation over East Asia.

If monthly (July) precipitation was used as the 
index of such an event (normalized value of 260.07% 
in 2016), 75% [(95% CI: 54%–86%); 21% (95% CI: 17%–
29%) for the HadGEM3-A-based system] of the risk 
can be attributed to human-induced warming using 
the CMIP5 models (Figs. ES21.3b and ES21.4a), which 
is consistent with the results based on R7x (Figs. 21.2a 
and ES21.3a). However, such events do not occur dur-
ing La Niña years, and anthropogenic forcings make 
monthly precipitation extremes occur infrequently 
(Figs. ES21.3b and ES21.4a). Additionally, the signal 
of human-induced warming in monthly precipitation 
was significantly detected by the optimal fingerprint-
ing method in the CMIP5 models (Fig. ES21.3c), but 
not in the HadGEM3-A-based system (Fig. ES21.4b).

We found that the FAR of such events due to 
human-induced warming in the CMIP5 models is 
higher than those in the HadGEM3-A-based system, 
but the increases in the likelihoods of such events in 
El Niño years compared to those in the La Niña years 
are smaller in the CMIP5 models than those in the 
HadGEM3-A-based system. Both the CMIP5 and 
HadGEM3-A-based system adopt consistent anthro-
pogenic forcings. However, the CMIP5 coupled mod-
els have large uncertainties in the modeling of internal 
variability, and CMIP5 models might be more sensi-
tive to anthropogenic forcings than the HadGEM3-A-
based system. The HadGEM3-A-based system tends 
to better capture the influence of ENSO due to the use 
of the observed sea ice and sea surface temperature, 
the latest operational dynamical core (Wood and 
Stainforth 2010) and its land surface model (Best et al. 
2011). Despite all this, the HadGEM3-A-based system 
does not adopt a fully coupled atmosphere–ocean 
system, which may introduce some uncertainty when 
deriving the scaling factor.
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and models participating in CMIP5 under different 
conditions, including ALL and NAT simulations. 
Pink (green) crosses/squares are in El Niño/La Niña 
years from ALL (NAT) simulations. Observed R7x 
is fitted with scaled GEV in which location and scale 
parameters depend exponentially on global mean air 
temperature. Red line indicates fit of R7x scaled with 
global mean air temperature of 2016; dark green line 
indicates same but for global mean air temperature 
of 1961. Dashed lines indicate 95% CI. Observations 
are also plotted twice: one shifted up with trend to 
2016 and other shifted down to 1961. GEV is fitted to 
modeled precipitation. Horizontal black line denotes 
observed value in 2016. (b) Best estimates of scaling 
factors of R7x using two-signal analysis of optimal 
fingerprint method. The 5%–95% uncertainties are 
estimated by Monte Carlo simulations. 
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