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Abstract The detection of anthropogenic influences on climate extremes at regional scale is important for
the development of national climate change policy. Global climate simulations from phase 5 of the
Coupled Model Intercomparison Project under the Representative Concentration Pathway 8.5 scenario are
used to examine the time at which an anthropogenic influence becomes detectable in extreme precipitation
over China and the change in probability of extreme precipitation with certain magnitudes when the
changes are detectable. Anthropogenic influence is not significantly detected over China in the observational
record or simulations from 1961 to 2012 based on the test of field significance. Simulations indicate that
such change would become detectable in the future by around 2035. Large changes would already manifest
by the time of signal detection; for example, extreme precipitation events that occur on average once
every 20, 50, and 100 years in current (1986–2005) climate would reduce to about 15, 34, and 63 years on
average by the time of detection around 2035.

Plain Language Summary Understanding causes of changes in extreme precipitation can enhance
our confidence in future projections of extreme precipitation. The attribution of cause in changes of extreme
precipitation is not straightforward at regional scale, due to the presence of strong natural variability in
Earth’s climate and the lack of long-term and reliable observational records. This work seeks the
anthropogenic signal in extreme precipitation events within the current observational record. It also uses
climate models to explore the time at which such a signal would emerge in the future and to assess the
associated risks of extreme precipitation events over China. The findings help us to understand the future
evolution of Earth’s climate and provide useful information for the design and implementation of climate
adaptation measures.

1. Introduction

The risk of flooding caused by extreme precipitation events is a major threat to human societies across the
world. There is a need to investigate potential future changes in extreme precipitation events resulting from
global warming due to anthropogenic emissions of greenhouse gases. Determination of the cause of
changes in extreme precipitation events or their association with other changes in the climate system can
provide us some confidence in future projections of climate change. Many reports have shown upward
trends in extreme precipitation events at the global or continental scale based on observations (Alexander
et al., 2006; Westra et al., 2012), and it has been suggested that such trends may be attributable to anthropo-
genic global warming (Min et al., 2011; Zhang et al., 2013). Projections under future scenarios have indicated
that the incidence of extreme precipitation events will continue to increase with further global warming
(Kharin et al., 2013; Sillmann et al., 2013).

The high level of natural variability in relation to expected warming-induced changes along with a lack of
long-term, reliable observational data limit the detection of anthropogenic influence on extreme precipita-
tion at regional scale (Stott et al., 2010). However, it is crucial for policymakers developing regional prevention
schemes for natural disasters to address these issues. Sufficiently reliable future projections of changes in
extreme precipitation are very helpful in developing adequate mitigation schemes for extreme changes in
climate. Many studies showed clearly that GCMs have certain capability to reproduce the observed
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extreme precipitation at region scale, including spatial patterns and regional averages (Jiang et al., 2015; W.
Li, Jiang, et al., 2017), although the observed trend of extreme precipitation is hardly well simulated (Ou et al.,
2013). A natural question regarding changes of extreme precipitation is the emergence of a regional-scale
anthropogenic signal. Addressing this question may provide useful information for policymakers. Much work
has been published in recent years on estimating the timing of the emergence of an anthropogenic signal at
regional scale, and those studies have consistently reported that an anthropogenic signal of changes in
extreme precipitation events would emerge in the few decades (Fowler et al., 2010; King et al., 2015;
Maraun, 2013; Martel et al., 2018).

Some studies have found increases in the intensity and probability of extreme precipitation over China in the
future with global warming (Feng et al., 2011; W. Li et al., 2016; W. Li, Jiang, et al., 2017; Zhou et al., 2014).
However, few studies have focused on the timing of the emergence of climate change signal from natural
variability. Here we applied a statistical approach to show that significant anthropogenic influence in extreme
precipitation over China is not yet significantly detectable from the available observational data and that
such change would emerge in about 20 years in GCMs simulations. We will also show that the changes in
the probability of extreme precipitation are substantial when the signal emerges.

2. Data and Analysis Methodology
2.1. Observational Data

We used daily precipitation data collected by the China Meteorological Administration from 726 meteorolo-
gical stations in the period 1961 to 2012 (available online at http://data.cma.cn/data/cdcdetail/dataCode/
A.0029.0001.html). The National Meteorological Information Center passed the data set under rigorous qual-
ity control procedures (Qian & Lin, 2005). Stations were retained when there was no missing value in the
records of any year during this period, giving a total of 603 stations in this study. We used the annual global
mean surface temperature (GMST) anomalies relative to 1951–1980 from the National Aeronautics and Space
Administration Goddard Institute for Space Studies (http://data.giss.nasa.gov/gistemp/) to characterize the
global warming trends (GISTEMP; Hansen et al., 2010; Team, 2016).

2.2. Output of Model Simulations

Output data from historical and future simulations under the +8.5 W/m2 Representative Concentration
Pathway 8.5 (RCP8.5) were retrieved from the Earth System Grid data portal for 20 CMIP5 (phase 5 of the
Coupled Model Intercomparison Project) models. We only used RCP8.5 data in this research because these
data represent a business-as-usual scenario in which greenhouse gas emissions continue to increase
throughout the 21st century (Moss et al., 2010). To maintain consistency among models, only one ensemble
member of each model was used (r1i1p1). Models were selected based on the availability of both historical
and RCP8.5 simulations for the period 1961–2100. Model outputs were analyzed in their original meshes to
preserve the extreme precipitation events produced in GCMs. We only took account of grid boxes covering
mainland China and having observation sites (see Table S1 in the supporting information). The monthly
GMSTs were used to calculate the annual GMST relative to 1951–1980 from the original resolution for indivi-
dual model to represent the simulated amount of global warming.

2.3. Analysis of Extreme Values With the R-Largest Method

The generalized extreme value (GEV) distribution is a widely used probability function to model and charac-
terize extreme values (e.g., Kharin et al., 2013; W. Li, Jiang, et al., 2017). There are two main approaches for the
estimation of GEV parameters (Coles et al., 2001). The first method relies on block maxima series over a per-
iod, such as annual maximum daily precipitation for which one maximum value is taken from each year (a
block) in the period. The second method relies on extracting the values over a certain (suitably large) thresh-
old from a continuous record such as all values of daily precipitation amount that is above a threshold over a
period. It is generally recognized that the peak over threshold method may be able to use the data more effi-
ciently when compared with the block maximum; however, it is difficult to determine the threshold when
extreme values are nonstationary. As an extension of the block maxima method, the R-largest method uses
the R number of largest values rather than a single value in the block. It represents a compromise between
the block maxima and peak values over threshold. It is a widely used method and shows good performance
(Lehmann et al., 2016; Wang & Zhang, 2008; Zhang et al., 2010, 2004).
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The GEV distribution can be extended to nonstationary processes, enabling the inclusion of time and other
more physically meaningful covariates in its three parameters (location μ, scale σ and shape ξ) (Cheng
et al., 2014; Villafuerte & Matsumoto, 2015). Here we consider two types of GEV:

For model GEV0, all the parameters are constant, which implies that no covariate is introduced.

μ tð Þ ¼ μ; σ tð Þ ¼ σ; ξ tð Þ ¼ ξ

For model GEV1, location and scale parameters are formulated as a function of covariate.

μ tð Þ ¼ μ0 þ μ1 var tð Þ; lnσ tð Þ ¼ lnσ0 þ σ1 var tð Þ

In model GEV1, var(t) indicates the time series of covariate. We take time as covariate to determine if there is a
trend. If GMST is taken as covariate, we can determine if GMST may have influence on extreme values.
Extreme precipitation exhibits significant trend when model GEV1 with time being a covariate is selected
as the best fitting model determined by the likelihood ratio test. Similarly, extreme precipitation receives a
significant influence from global warming if model GEV1 with GMST being a covariate improves the fit.
More detailed information can be found in supporting information Text S1.

2.4. Field Significance Test

The extreme value analysis described above is applied for each station or grid box in case of numerical mod-
els individually. It is, however, not necessarily very helpful if we consider mitigation policies and climate adap-
tation plans for a country or region as a whole. In statistics, when a test of significance is conducted at the 5%
level, 5% sites are expected to still show statistical significance even if there was no significant trend or GMST
has no significant influence on precipitation. Additionally, as there are only a limited number of sites tested
and there are potentially correlations among the sites, the percentage of sites showing statistical significance
could be larger than this 5% nominal level if there was no significant trend (or influence) over the region
(Livezey & Chen, 1983). To determine if a change in extreme precipitation in China, as temporal trend or as
response to GMST emerges, we use a field significance test. That is, we consider a change in extreme preci-
pitation detectable if the percentage of sites (stations for observations or grid boxes for model data) showing
significant changes is larger than what can be expected from pure chance. It is possible for some sites to have
positive trends while other sites negative trends, which results in no net trend. In this case, the statistical test
(percentage sites showing significant change) would still indicate field significance and catch the signals. This
concept of field significance has been widely used in different regions of the world (Alexander et al., 2006;
Kiktev et al., 2003; Westra et al., 2013) but has never been applied to the whole territory of China.

As generally practiced within the framework of field significance, the bootstrap resampling technique is also
used here to perform the statistical test. We use 500 samples (or 200 in the case of model simulations) to con-
duct the probability distribution for our statistical variable (in this case, the percentage of stations showing
trend or association with global warming). For each resampling, time series was randomly generated (with
replacement), but the resampling time sequences are consistent among stations, ensuring the loss of the
temporal sequence, but the preservation of dependencies across space (Westra et al., 2013). If the statistical
variable from the initial data lay outside 95% probability distribution obtained by resampling, then the statis-
tical variable is qualified as field significant. More details of the filed significance test are given in supporting
information Text S2.

3. Results

Figure 1a shows the spatial distribution of the trend of extreme precipitation in China from 1961 to 2012. The
trend is determined by the parameter μ1 in GEV1. Monitoring stations marked by open blue (red) circles indi-
cate increasing (decreasing) trends. Stations where GEV1 is identified as the best model are represented by
solid red (blue) circles indicating significant increasing (decreasing) trends. Figure 1a shows that 60.4% of the
stations show an increasing trend and 39.6% show a decreasing trend. The increase is mainly located in South
China, whereas the decrease in North China. This structure is consistent with the change in mean precipita-
tion observed in China during this period, which is known as the flooding in the south and drought in the north
pattern, and is in visual agreement with the study reported by H. X. Li, Chen, et al. (2017). However, the
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number of stations with significant trends is relatively small: 4% show a significant increasing trend of
extreme precipitation and only 0.66% show a significant decreasing trend, with both trends randomly
distributed across the region.

To test whether the significant trend was statistically different from the null hypothesis of random change,
the distribution of the percentage of stations showing significant increasing and decreasing trends under
the null hypothesis was generated based on the resampling methodology described in section 2.4.
Figures 1b and 1c show the number of samples corresponding to the percentage of stations with a significant
increasing trend and a significant decreasing trend, respectively. The percentages of stations showing signif-
icant increasing and decreasing trends in the original nonpermuted data set are also shown as blue and red
dots. The observed percentages are both within the 95% probability evaluated from 500 bootstrap realiza-
tions (marked by dashed lines). It is clear that the observed trends in extreme precipitation in China are
not significant, implying that an overall trend of extreme precipitation cannot be detected with the current
observational record. It is noted that our results are not sensitive to the choice of R in R-largest
method (Figure S1).

We also examined the anthropogenic influence on changes in extreme precipitation by using the GMST as a
proxy for anthropogenic change. The relationship between the change in extreme precipitation and the
GMST is shown in Figure 2a, which displays the parameter μ1 deduced from GEV1 with GMST as covariate.
Stations showing positive (negative) association of the parameter μ1 with GMST are mainly located in south-
ern (northern) China. The percentage of stations showing a significant association with the GMST is also small:
5.8% for significant positive associations and 0.66% for significant negative associations. Figures 2b and 2c
were obtained in a similar manner as Figures 1b and 1c, but the histogram is now based on the percentage
of stations showing a significant association between the location parameter of the GEV and the GMST. It is
clear that the observed percentages of stations showing significant positive and negative associations with
GMST are well inside the 95% probability distribution in the histogram obtained by resampling, which implies
that a significant anthropogenic signal in terms of extreme precipitation change is unlikely to be detectable.

Our results show that a change in extreme precipitation events associated with anthropogenic warming is
not detectable within the purely observational framework, although we expect that such an influence will

Figure 1. (a) Trend of extreme precipitation during the period 1961–2012 in China. Open blue (red) dots indicate increasing (decreasing) trend. Solid blue (red) dots
indicate significant increasing (decreasing) trend at the 5% (two-sided) significance level. (b) Percentage of stations showing a significant increasing trend. The
histogram is based on 500 bootstrap samples. The blue solid circle represents results from the original nonpermuted data set. The dashed line marks the 95%
probability distribution. (c) The same as (b) but for percentage of stations showing significant decreasing trend; the red solid circle represents results from the original
nonpermuted data set.

Figure 2. Same as in Figure 1 but for the establishment of relationship between changes in extreme precipitation and the global mean surface temperature (GMST),
instead of extreme precipitation trend.
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be detected in the next decades. The main question we address is on the
emergence timing of the signal. To do so, we used historical simulations
from 1961 to 2005 in the CMIP5 ensemble models and those from 2006
to 2100 under the RCP8.5 scenario. Our calculations, exactly the same as
performed previously with the observational data, were applied to each
model for different 5-year periods (1961–2010, 1961–2015, and so on, until
1961–2100). Each calculation gave two values in the form of a percentage
of model grids over the total number of model grids inside the geographi-
cal domain of China for eachmodel. The first value, S (signal), is the percen-
tage of model grids showing a significant relationship with global
warming. The second percentage, C (critical value), is a reference value
allowing us to reject or not the null hypothesis of occurrence by pure
chance, corresponding to the 95% probability in the distribution con-
structed with the bootstrap resampling technique. If S is larger than C,
we reject the null hypothesis and adopt the alternative one that anthropo-
genic signal in extreme precipitation changes could be detected.

A rigorous evaluation of CMIP5 models capability in reproducing rainfall
extremes is somehow out of the scope of our current work and has been
reported in the literature (e.g., Jiang et al., 2015; Ou et al., 2013). We need,
however, to point out that such an evaluation suffers a serious lack of suf-
ficiently dense observation. It is a challenging task to produce high-quality
precipitation data to compare with simulations at the spatial scale of mod-
els. It is also to be noted that models are self-consistent physically and that
different models seem to provide similar results (including the observed
spatial pattern and regional average of extreme precipitation, see

Figures S2 and S3), which gives us some confidence on models.

Figure 3 shows the results in the form of intermodel spread for the two emblematic percentages S and C. The
leftmost part of the graph shows results from the period 1961–2010, roughly comparable with the observa-
tion period 1961–2012. The S is largely overlapping with C; that is, anthropogenic signal cannot be detected
in CMIP5 simulations. This is consistent with observation. The observed S (5.8%) and C (6.6%) are both basi-
cally in the range of CMIP5 models, from 5.9% to 17.2% for S and 5.9% to 11.2% for C.

The S zone increases quickly over time. However, the C zone is almost constant. It is noted that the
spread among models for C may depend on the resolution of models (and thus number of grid boxes
in the studied area) and the spatial correlation of data. Anthropogenic signal in extreme changes in pre-
cipitation is expected to emerge by around 2035 under RCP8.5 scenario, with a clear separation between
the S and C zones—that is, it is no longer possible to attribute the signal to a random change. This result
is consistent with previous studies for East Asia. King et al. (2015) used 23 runs from seven CMIP5 models
to study signal of the maximum 1-day precipitation in June-July-August. They concluded that a response
to anthropogenic forcing emerges for all models by 2040. However, H. X. Li, Chen, et al. (2017) found an
increase in extreme precipitation events over China in recent decades and detected an anthropogenic
influence in these events. The discrepancy between these results and our findings may be due to a num-
ber of factors, but the use of different data sets may be the main cause. H. X. Li, Chen, et al. (2017) used
gridded daily precipitation data at a resolution of 0.25° × 0.25°. The region showing a strong increasing
trend was northwestern China, where station observations are scarce. There is an issue with the reliability
of gridding daily precipitation over this vast region based on sparse observations. Increasing trends from
the few observational stations may have been given too large weighting, which may have contributed to
the detection of an anthropogenic influence in their study. Our study determined the detectability of an
anthropogenic signal based on the percentage of stations at which there is a significant association
between precipitation and the global mean temperature. As a consequence, the contribution from a
region to the whole country may not be proportional to the size of the region. We recognize that this
issue may have effect of reducing the detectability over the whole country if extreme precipitation events
truly increase in frequency in unobserved locations. Our approach has a practical implication, however,
because it allows us to judge detectability with the current observational network.

Figure 3. Fraction of grid boxes showing a significant association with the
global mean near-surface temperature anomalies (signal, blue) and 95%
probability in the distribution constructed with 200 bootstrap resamples
(critical value, gray) among models from phase 5 of the Coupled Model
Intercomparison Project under Representative Concentration Pathway 8.5
scenario. The leftmost part of the graph shows results for 1961–2010; the
calculation was then performed with an accumulative increase of 5 years
forward until 1961–2080 at the rightmost end of the graph. The shading
indicates the intermodel spread. The red vertical dashed line indicates the
time when anthropogenic influence on extreme precipitation is detected for
all models.
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Based on results from model GEV1 (taking t as the covariate for the loca-
tion and scale parameters), we use now the concept of probability ratio
(PR) to measure the risk change for a given extreme event (as threshold).
It is defined as the ratio of the probability in the changing climate to that
of the reference period, 1986–2006 (centered year is 1995). With GEV1
parameters known, we can calculate the PR for whatever the time is (pro-
vided that it is in a reasonable range). In term of extreme events, we select
events corresponding to return period of 20, 50, and 100 years in the refer-
ence climate. These return periods are estimated for individual grids and
models separately. Figure 4 shows results with a temporal evolution (from
1961 to 2040) of the PR averaged over China for the three return periods.
As expected, PR is equal to 1.0 in 1995 (the reference year). It becomes lar-
ger (less) than 1.0 after (before) 1995. The risk of extreme precipitation
increases with time, especially for rarer events (longer return periods).
The most intense and rarest extreme events have the largest increase in
risk. By 2035, the probability of 20-, 50-, and 100-year events in the refer-
ence climate increases by a factor of 1.4, 1.5, and 1.6, respectively. This
implies that regional events expected to occur once every 20, 50, and
100 years in the current climate (1995) are expected to occur every 15,

34, and 63 years when the anthropogenic signal clearly emerges in climate models by 2035. Model uncertain-
ties increase with time, with a greater uncertainty for rarer events.

4. Conclusions

We used statistical methods based on field significance to estimate the time horizon when the anthropogenic
signal of extreme precipitation would emerge over China. The historical and future RCP8.5 scenario simula-
tions from CMIP5 models were used, together with data from the Chinese meteorological network. We con-
ducted the present study with the aim of providing useful information for the design and implementation of
adaptation measures. Our conclusions are as follows:

1. Changes in extreme precipitation events represented by the annual maximum 1-day precipitation may
still be too small to be detectable against natural variability over China within the observational record.
The limited sample size may add uncertainty in the field significance test, but we tend to conclude that
a significant anthropogenic influence on extreme precipitation events in China may not yet have
emerged.

2. Within the framework of the CMIP5 ensemble models, the anthropogenic signal of changes in extreme
precipitation would become significantly detectable by around 2035, in the sense that the signal is well
separated from the background noise. As it is difficult to compare extreme precipitation in the simulations
and in the observations due to mismatch in spatial scale, the time of emergence of climate change signal
in the real world may still differ.

3. Changes in extreme precipitation events become important when they are detectable at the time horizon
of the emergence of an anthropogenic signal. Regional events expected once every 20, 50, and 100 years
in the current climate will occur every 15, 34, and 63 years when the anthropogenic signal clearly emerges.

It should be noted that uncertainties due to different emission scenarios are relatively low over China before
2040s (Chen & Sun, 2015). Similar results are therefore obtained when using the future RCP4.5 scenario
instead of RCP8.5 (Figure S4).

Finally, we want to point out that our study also raises new challenges. As anthropogenic influence cannot be
detected with a different treatment of observational data and as human influence is not detected in parts of
CMIP5 models, the robustness of detecting anthropogenic influence in historical observation and modeling
requires further studies.

References
Alexander, L. V., Zhang, X., Peterson, T. C., Caesar, J., Gleason, B., Tank, A. M., et al. (2006). Global observed changes in daily climate extremes

of temperature and precipitation. Journal of Geophysical Research, 111, D05109. https://doi.org/10.1029/2005JD006290

Figure 4. Temporal evolution of the probability ratio (PR) for extreme events
with return period of 20, 50, and 100 years in the historical period (1995,
centered year for 1986–2005). Solid lines indicate the multimodel ensemble
average, and the two corresponding dotted lines (same colors) represent the
intermodel spread.

10.1029/2018GL079133Geophysical Research Letters

LI ET AL. 9184

Acknowledgments
We acknowledge the World Climate
Research Programme’s Working Group
on Coupled Modeling and themodeling
groups listed in Table S1 for making
their simulations available for analysis
and the Program for Climate Model
Diagnosis and Interpretation for
collecting and archiving the CMIP5
model output (http://esgf.llnl.gov.). This
work is supported by the National Key
Research and Development Program of
China (Grant 2017YFA0603804),
National Natural Science Foundation of
China (41675081) and the China
Scholarship Council (CSC) under the
State Scholarship Fund. L. Li was partly
supported by the French ANR (Project
China-Trend-Stream).

https://doi.org/10.1029/2005JD006290


Chen, H., & Sun, J. (2015). Changes in climate extreme events in China associated with warming. International Journal of Climatology, 35(10),
2735–2751. https://doi.org/10.1002/joc.4168

Cheng, L., AghaKouchak, A., Gilleland, E., & Katz, R. W. (2014). Non-stationary extreme value analysis in a changing climate. Climatic Change,
127(2), 353–369. https://doi.org/10.1007/s10584-014-1254-5

Coles, S., Bawa, J., Trenner, L., & Dorazio, P. (2001). An introduction to statistical modeling of extreme values, (Vol. 208). London: Springer.
https://doi.org/10.1007/978-1-4471-3675-0

Feng, L., Zhou, T., Wu, B., Li, T., & Luo, J. J. (2011). Projection of future precipitation change over China with a high-resolution global atmo-
spheric model. Advances in Atmospheric Sciences, 28(2), 464–476. https://doi.org/10.1007/s00376-010-0016-1

Fowler, H. J., Cooley, D., Sain, S. R., & Thurston, M. (2010). Detecting change in UK extreme precipitation using results from the climatepre-
diction.net BCC climate change experiment. Extremes, 13(2), 241–267. https://doi.org/10.1007/s10687-010-0101-y

GISTEMP Team (2016). GISS Surface Temperature Analysis (GISTEMP), NASA Goddard Institute for Space Studies. Retrieved from
http://data.giss.nasa.gov/gistemp/. (Last access: 8 August 2017).

Hansen, J., Ruedy, R., Sato, M., & Lo, K. (2010). Global surface temperature change. Reviews of Geophysics, 48, RG4004. https://doi.org/10.1029/
2010RG000345

Jiang, Z., Li, W., Xu, J., & Li, L. (2015). Extreme precipitation indices over China in CMIP5models. Part I: model evaluation. Journal of Climate, 28,
8603–8619. https://doi.org/10.1175/JCLI-D-15-0099.1

Kharin, V. V., Zwiers, F. W., Zhang, X., & Hegerl, G. C. (2013). Changes in temperature and precipitation extremes in the IPCC ensemble of
global coupled model simulations. Climatic Change, 119(2), 345–357. https://doi.org/10.1007/s10584-013-0705-8

Kiktev, D., Sexton, D. M., Alexander, L., & Folland, C. K. (2003). Comparison of modeled and observed trends in indices of daily climate
extremes. Journal of Climate, 16(22), 3560–3571. https://doi.org/10.1175/1520-0442(2003)016<3560:COMAOT>2.0.CO;2

King, A. D., Donat, M. G., Fischer, E. M., Hawkins, E., Alexander, L. V., Karoly, D. J., et al. (2015). The timing of anthropogenic emergence in
simulated climate extremes. Environmental Research Letters, 10(9), 094015. https://doi.org/10.1088/1748-9326/10/9/094015

Lehmann, E. A., Phatak, A., Stephenson, A., & Lau, R. (2016). Spatial modelling framework for the characterisation of rainfall extremes at
different durations and under climate change. Environmetrics, 27(4), 239–251. https://doi.org/10.1002/env.2389

Li, H. X., Chen, H. P., & Wang, H. J. (2017). Effects of anthropogenic activity emerging as intensified extreme precipitation over China. Journal
of Geophysical Research Atmospheres. 122, 6899–6914. https://doi.org/10.1002/2016JD026251

Li, W., Jiang, Z., Xu, J., & Li, L. (2016). Extreme precipitation indices over China in CMIP5 models. Part II: Probabilistic projection. Journal of
Climate, 29(24), 8989–9004. https://doi.org/10.1175/JCLI-D-16-0377.1

Li, W., Jiang, Z., Zhang, X., Li, L., & Sun, Y. (2017). Additional risk in extreme precipitation in China from 1.5° C to 2.0° C global warming levels.
Science Bulletin.

Livezey, R. E., & Chen, W. Y. (1983). Statistical field significance and its determination by Monte Carlo techniques. Monthly Weather Review,
111.1, 46–59.

Maraun, D. (2013). When will trends in European mean and heavy daily precipitation emerge? Environmental Research Letters, 8(1), 014004.
https://doi.org/10.1088/1748-9326/8/1/014004

Martel, J. L., Mailhot, A., Brissette, F., & Caya, D. (2018). Role of natural climate variability in the detection of anthropogenic climate change
signal for mean and extreme precipitation at local and regional scales. Journal of Climate, 31(11), 4241–4263. https://doi.org/10.1175/JCLI-
D-17-0282.1

Min, S. K., Zhang, X., Zwiers, F. W., & Hegerl, G. C. (2011). Human contribution to more-intense precipitation extremes. Nature, 470(7334),
378–381.

Moss, R. H., Edmonds, J. A., Hibbard, K. A., Manning, M. R., Rose, S. K., Van Vuuren, D. P., et al. (2010). The next generation of scenarios for
climate change research and assessment. Nature, 463(7282), 747–756. https://doi.org/10.1038/nature08823

Ou, T., Chen, D., Linderholm, H. W., & Jeong, J. H. (2013). Evaluation of global climate models in simulating extreme precipitation in China.
Tellus A: Dynamic Meteorology and Oceanography, 65(1), 19,799. https://doi.org/10.3402/tellusa.v65i0.19799

Qian, W. H., & Lin, X. (2005). Regional trends in recent precipitation indices in China. Meteorology and Atmospheric Physics, 90(3–4), 193–207.
https://doi.org/10.1007/s00703-004-0101-z

Sillmann, J., Kharin, V. V., Zwiers, F. W., Zhang, X., & Bronaugh, D. (2013). Climate extremes indices in the cmip5 multimodel ensemble: part 2.
future climate projections. Journal of Geophysical Research: Atmospheres, 118, 2473–2493. https://doi.org/10.1002/jgrd.50188

Stott, P. A., Gillett, N. P., Hegerl, G. C., Karoly, D. J., Stone, D. A., Zhang, X., et al. (2010). Detection and attribution of climate change: A regional
perspective. Wiley Interdisciplinary Reviews: Climate Change, 1(2), 192–211.

Villafuerte, M. Q., & Matsumoto, J. (2015). Significant Influences of Global Mean Temperature and ENSO on Extreme Rainfall in Southeast Asia.
Journal of Climate, 28(5), 1905–1919. https://doi.org/10.1175/JCLI-D-14-00531.1

Wang, J., & Zhang, X. (2008). Downscaling and projection of winter extreme daily precipitation over North America. Journal of Climate, 21(5),
923–937. https://doi.org/10.1175/2007JCLI1671.1

Westra, S., Alexander, L. V., & Zwiers, F. W. (2013). Global increasing trends in annual maximum daily precipitation. Journal of Climate, 26(11),
3904–3918. https://doi.org/10.1175/JCLI-D-12-00502.1

Zhang, X., Wan, H., Zwiers, F. W., Hegerl, G. C., & Min, S. K. (2013). Attributing intensification of precipitation extremes to human influence.
Geophysical Research Letters, 40, 5252–5257. https://doi.org/10.1002/grl.51010

Zhang, X., Wang, J., Zwiers, F. W., & Groisman, P. Y. (2010). The influence of large-scale climate variability on winter maximum daily preci-
pitation over North America. Journal of Climate, 23(11), 2902–2915. https://doi.org/10.1175/2010JCLI3249.1

Zhang, X., Zwiers, F. W., & Li, G. (2004). Monte Carlo experiments on the detection of trends in extreme values. Journal of Climate, 17(10),
1945–1952. https://doi.org/10.1175/1520-0442(2004)017<1945:MCEOTD>2.0.CO;2

Zhou, B., Wen, Q. H., Xu, Y., Song, L., & Zhang, X. (2014). Projected changes in temperature and precipitation extremes in China by the CMIP5
Multimodel ensembles. Journal of Climate, 27(17), 6591–6611. https://doi.org/10.1175/JCLI-D-13-00761.1

10.1029/2018GL079133Geophysical Research Letters

LI ET AL. 9185

https://doi.org/10.1002/joc.4168
https://doi.org/10.1007/s10584-014-1254-5
https://doi.org/10.1007/978-1-4471-3675-0
https://doi.org/10.1007/s00376-010-0016-1
https://doi.org/10.1007/s10687-010-0101-y
http://data.giss.nasa.gov/gistemp/
https://doi.org/10.1029/2010RG000345
https://doi.org/10.1029/2010RG000345
https://doi.org/10.1175/JCLI-D-15-0099.1
https://doi.org/10.1007/s10584-013-0705-8
https://doi.org/10.1175/1520-0442(2003)016%3C3560:COMAOT%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2003)016%3C3560:COMAOT%3E2.0.CO;2
https://doi.org/10.1088/1748-9326/10/9/094015
https://doi.org/10.1002/env.2389
https://doi.org/10.1002/2016JD026251
https://doi.org/10.1175/JCLI-D-16-0377.1
https://doi.org/10.1088/1748-9326/8/1/014004
https://doi.org/10.1175/JCLI-D-17-0282.1
https://doi.org/10.1175/JCLI-D-17-0282.1
https://doi.org/10.1038/nature08823
https://doi.org/10.3402/tellusa.v65i0.19799
https://doi.org/10.1007/s00703-004-0101-z
https://doi.org/10.1002/jgrd.50188
https://doi.org/10.1175/JCLI-D-14-00531.1
https://doi.org/10.1175/2007JCLI1671.1
https://doi.org/10.1175/JCLI-D-12-00502.1
https://doi.org/10.1002/grl.51010
https://doi.org/10.1175/2010JCLI3249.1
https://doi.org/10.1175/1520-0442(2004)017%3C1945:MCEOTD%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017%3C1945:MCEOTD%3E2.0.CO;2
https://doi.org/10.1175/JCLI-D-13-00761.1


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (ECI-RGB.icc)
  /CalCMYKProfile (Photoshop 5 Default CMYK)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /Courier-Oblique
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Symbol
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /Times-Roman
    /ZapfDingbats
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


