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Abstract The anthropogenic‐induced global warming and local urbanization exert important influences
on temperature extremes in Eastern China. Here we use China station observations and climate models to
investigate their effects on the warm and cold days and nights simultaneously. We quantified the
contribution from these two factors based on an optimal fingerprinting method. We find that both
anthropogenic and urbanization signals can be clearly detected and separated from each other in the
nighttime temperature extremes. The effect of urbanizationmay explain as much as one third of the observed
changes in cold and warm nights while the urbanization signal is weak in the daytime extremes. The
results are robust against sampling uncertainty in the estimate of urbanization signal, but uncertainty due to
collinearity between the urbanization signal and global warming is difficult to assess.

Plain Language Summary Understanding the causes behind changes in temperature extremes is
of significance for reliably projecting future climate change. Previous studies have separately shown that
global warming and the urbanization effects are the two important drivers for the increase of warm extremes
and decrease of cold extremes in Eastern China. In this study, we consider these two factors simultaneously
using an optimal fingerprinting method. We find that climate models can well reproduce the observed
changes in extreme temperature when the urbanization effects are included. Both global warming and
urbanization have contributed to changes in nighttime temperature extremes, with global warming
contributing slightly more. On the other hand, changes in daytime temperature extremes seem to be
predominantly due to global warming.

1. Introduction

Eastern China is the most populous and economically developed region in China and is significantly
impacted by weather and climate extremes. For example, the summer of 2013 was the historically hottest
at the time, and the heat and accompanying drought resulted in 59 billion RMB damage (Hou et al.,
2014). Observations have shown that Eastern China has experienced an increase in extreme high‐
temperature events and a decrease in extreme low‐temperature events since the mid‐twentieth century
(Lu et al., 2016; Wang et al., 2012; Yin et al., 2017; You et al., 2011). In particular, the past 10 years have
witnessed frequent record‐breaking high temperatures along with serious heat waves. It is projected that
what was a rare heat wave in the historical record will become a usual event in the coming decades
even under a median Representative Concentration Pathway (RCP)4.5 emission scenarios (Sun et al.,
2014, 2018).

There are at least two major drivers contributing to the observed mean temperature‐warming trend in
China. One third of the observed mean temperature increase of 1.44 °C during the period 1961–2013, or
about 0.49 °C, can be accounted for by the effect of urbanization that occurred since the middle 1980s
(Sun et al., 2016). External forcing to the climate system, including large‐scale anthropogenic influences, that
is, human emissions of greenhouse gases and aerosols (referred to as anthropogenic forcing hereafter), and
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natural external forcing including solar and volcanic activities can explain most of the remaining warming
(Sun et al., 2016). As temperature extremes are ultimately related to mean temperatures, it follows that these
two drivers must have also influenced extreme temperatures.

Previous studies have investigated the contributions to changes in extreme temperatures by individual dri-
vers separately (Zhang et al., 2006). In a series of studies, Lu et al. (2016, 2018), Yin et al. (2017), Yin and
Sun (2018) and Dong et al. (2018) found that the anthropogenic forcings exert clear detectable influence
on intensity, frequency, and duration of temperature extremes represented by various temperature indices
in China. The effect of urbanization, however, was not considered in these studies. As both anthropogenic
forcing and urbanization cause regional warming in China, the regression approach that scales the regional
temperature response to anthropogenic forcing to best match the observations, without explicitly consider-
ing the urbanization effect, could attribute at least some warming that is due to urbanization as a result of
anthropogenic forcing.

Effects of urbanization on temperature extremes have been estimated by computing the difference in
indices of temperature extremes between urban stations and rural stations (Zhang et al., 2011; Zhou &
Ren, 2011). For this purpose, different methods have been used to estimate regional averages of extreme
temperature indices for urban and rural areas by classifying observing sites into urban and rural stations
(Ren et al., 2008, 2015; Ren & Zhou, 2014; Yang et al., 2011, 2017). Ren and Zhou (2014) used criteria
including the population, station history, and the built‐up size of the area to identify a fixed set of urban
stations and rural stations. In their approach, a station is classified either as an urban station or as a rural
station. The entire historical records for the urban stations are used to estimate averages of urban regions
while those for rural stations are used to estimate rural averages. Because most of observing sites were
established in inhabited regions, economic development of China has gradually urbanized what used to
be rural areas. As a result, there is not a clear division between urban sites and rural sites. A rural site
may have been urbanized to some degree; and thus, the differences between urban and rural sites may
underestimate the urbanization effect. Yang et al. (2017) used the concept of dynamical classification of
Yang et al. (2011) according to nighttime light data. In their approach, a station is considered as an urban
station if the mean nighttime light values exceed a certain threshold and the urban land ratio is greater
than 0.2 within a 7‐km circular buffer area during 1978–2013. Regional averages for urban and rural areas
are estimated based on variable set of stations each year. This approach makes an implicit underlying
assumption that climate change and variability in the region is completely homogeneous in space and
time such that the evolution of rural (or urban) areas does not result in any tangible differences in the
rural and urban time series. As a result, this approach could potentially attribute some aspect of differ-
ences resulting from spatial and temporal variability of temperature extremes as an urbanization effect.
Since the different approaches employed by Ren and Zhou (2014) and Yang et al. (2017) result in different
sets of urban and rural stations, the regional mean series from these two sets of stations could differ. As a
consequence, the effect of urbanization so identified would also differ. It should also be noted that sam-
pling uncertainty in the estimates of urbanization effect, which can be quite large, was not evaluated in
either approaches.

While it is straightforward to compute the difference series between rural and urban stations or between
rural and urban and rural combined stations using the fixed‐stations method of Ren and Zhou (2014) or
variable‐station method of Yang et al. (2011), there is not a simple interpretation for the difference
series and, thus, the effect of urbanization estimated by these methods. This is because it is difficult to char-
acterize the spatial representativeness of stations for urban and rural regions and to quantify the effect of
sampling uncertainty in both space and time. Recognizing the difficulties in estimating the magnitude of
urbanization effect on temperature and the fact that both urbanization and large‐scale anthropogenic forcing
contribute to temperature change, Sun et al. (2016) proposed a different method that estimates the effect of
urbanization and large‐scale anthropogenic forcing in tandem. This approach assumes that the pattern of the
urbanization effect can be accurately estimated using the difference series and that models can simulate
spatial and temporal patterns of anthropogenically forced temperature response correctly. The magnitudes
of the effects of urbanization and anthropogenic forcings are estimated simultaneously from the observations
and simulated responses to external forcings using an optimal fingerprint method. Here we use the Sun et al.
(2016) method to attribute the observed changes in temperature extremes in Eastern China to urbanization
and external forcings.
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2. Data and Methods
2.1. Indices of Temperature Extremes

We consider four indices representing moderately extreme warm and cold temperature events. They are
annual percentage of days when daily minimum temperature is greater than its ninetieth percentile
(TN90p) or less than its tenth percentile (TN10p), as well as annual percentage of days when daily maximum
temperature is greater than its ninetieth percentile (TX90p) or less than its tenth percentile (TX10p). These
four indices have been used widely as they represent extreme events relative to daily temperature climatol-
ogy (Zhang et al., 2011). Additionally, they have higher signal to noise ratio when compared with annual
absolute extreme temperatures because many more daily observations are involved in their calculation.

2.2. Observational Data

We use the homogenized daily maximum and daily minimum temperatures at 2,419 stations in China to
compute the temperature indices. These station data are provided by China National Meteorological
Information Center (Xu et al., 2013). As historical simulations from the climate models end in 2012 (see
below), and as station coverage was poor prior to the late 1950s, we use the time period 1958–2012 in this
study. For more data information, please refer to supporting information.

We use the ETCCDI software (available from RClimDex/FClimdex software package at http://etccdi.pacific-
climate.org/software.shtml) to compute these indices to avoid data inhomogeneity caused by the use of a
base period (Zhang et al., 2005). Regional averages of the observation series are obtained based on the station
data. This involves three steps: 1) estimate station anomalies by removing the 1961–1990 mean from indivi-
dual station series and 2) average station anomalies within 5° × 5° grid boxes to obtain gridded anomalies. In
total, there are 22 grid boxes used in the study. 3) Compute regional averages from the gridded values.

2.3. Indices From Climate Model Simulations

The same indices are also computed from daily outputs of simulations by the climate models participating in
the Couple Model Intercomparison Project Phase 5 (CMIP5, Taylor et al., 2012). Indices computed by
Sillmann, Kharin, Zhang, et al. (2013) and Sillmann, Kharin, Zwiers, et al. (2013) for historical and RCP
experiments are used. These include one run for each climate model. Indices for other members of ALL for-
cing runs, for NAT forcing runs, or for control simulations were not used in Sillmann, Kharin, Zhang, et al.
(2013) and Sillmann, Kharin, Zwiers, et al. (2013), they are computed separately using the code that gener-
ated the indices by Sillmann, Kharin, Zhang, et al. (2013). Historical ALL forcing simulations that end in
2005 were extended to 2012 using corresponding RCP4.5 runs. The model data used in the study are the same
as those used in Lu et al. (2016). They include simulations driven by 1) historical anthropogenic and natural
forcings (ALL) and the RCP4.5 forcing scenario, 2) the natural forcing only (NAT), and 3) the preindustrial
experiments (CTL). The ALL experiments include 96 simulations from 21 models. The time period for these
indices is 1958–2012. CTL simulations by 28 models are used to estimate internal climate variability. Model
simulations are on different grids and are interpolated onto 5° × 5° grid boxes that are consistent with
the observations.

2.4. Estimate of Urbanization Signal Pattern

To determine the urban signal pattern (URB), we estimate regional averages for the urban and rural stations
separately using the method described in section 2.2. Among all 1,641 stations in Eastern China (Supporting
Information Figure S1), 86 stations are determined to be rural according to Ren and Zhou (2014). The
remaining stations are regarded as urban stations in this paper. The URB signal is estimated by fitting a logis-
tic sigmoid function to the difference between urban and rural series because the urbanization signal is
expected to be a positive and monotonic increasing function. This signal pattern TURB is finally used as
the signal in the optimal fingerprinting approach described below.

2.5. Detection Method

To simultaneously detect the effects of anthropogenic forcing and urbanization on these temperature
extreme indices in Eastern China, we use the optimal fingerprinting method based on a total least square
method (Allen & Stott, 2003; Ribes et al., 2013; Sun et al., 2016). We regress the observational data onto
the patterns of model simulated ALL response as well as the URB signal pattern such that
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TOBS ¼ βALL TALL−νALLð Þ þ βURB TURB−νURBð Þ þ ϵ:

where TOBS is a vector of observed temperature anomalies, TALL and TURB are signal patterns for ALL and
URB, νALL and νURB are noise in the ALL and URB signal patterns, and βALL and βURB are scaling factors
(the regression coefficients). The νALL is assumed to have the same form of model‐simulated variability, with
its variance inversely proportional to the number of model simulations used in the estimation of variability.
It is not straightforward to estimate νURB. To ease the estimation of the scaling factors, we assume that there
is effectively no uncertainty in the URB signal in the regression. This is done by assuming the variance to be
equivalent to that of the average series from 1,000 model simulations. We, subsequently, separately consider
the effect of sampling uncertainty in URB signal by conducting the detection and attribution analysis using
each of the 1,000 bootstrap variations of the URB signal. As is generally considered in detection and attribu-
tion analyses (Allen & Stott, 2003; Ribes et al., 2013), a signal pattern is detected if its corresponding scaling
factor is significantly greater than 0 at the 5% significance level. If in addition, this 90% confidence interval
(CI) of the scaling factor also includes 1, it may be possible to attribute the observed changes to the signals
if other plausible causes of the observed changes can be ruled out. The best estimates of the scaling factors
adjust the ALL and URB signals to best match the observations, thereby enabling the estimation of the mag-
nitude of ALL and URB signals in the observations simultaneously.

3. Results
3.1. Observed Changes in Warm and Cold Nights, the Urbanization Effects

The station map (Supporting Information Figure S1) in Eastern China shows a clear decrease of extreme
cold days and nights (TX10p and TN10p) and an increase of extreme warm days and nights (TX90p and
TN90p) in most stations, with smaller changes in daytime extremes (TX10p and TX90p) than in nighttime
extremes (TN10p and TN90p). The upper portion of panels in Figure 1 shows the time series of eastern
China averages for urban (black) and rural (yellow) stations, along with their difference (red) for the per-
iod 1958–2012. Changes in these series are consistent with median trends of individual station series. For
the daytime extremes, the linear trends for the urban and rural stations are −0.54% per decade and
−0.45% per decade for TX10p, 0.96% per decade and 0.95% per decade for TX90p, respectively. The linear
trends in the difference series (red lines) of TX10p and TX90p are small, with a linear trend of −0.09% per
decade for TX10p and 0.01% per decade for TX90p, respectively. For the nighttime extremes, the linear
trends in the urban and rural series are −1.62% per decade and −1.1%/ per decade for TN10p and
2.06% per decade and 1.24% per decade for TN90p, respectively. The linear trends in the urban and rural
difference series are quite large, at −0.52% per decade for TN10p and 0.82% per decade for TN90p, respec-
tively. The urbanization effects can be clearly seen in the trends of the nighttime extremes. If the effect of
urbanization is defined according to previous studies (e.g., Ren & Zhou, 2014) as the ratio between the
difference in the trends of the urban and rural series and trends in the urban series, urbanization can
explain the observed changes in nighttime extremes by 30% to 40%. These are larger than the estimates
of urbanization effect on the same extremes for the whole country, which are between 18% and 28%
according to Ren and Zhou (2014). The higher values in our estimates for Eastern China are reasonable,
reflecting the fact that Eastern China has urbanized more strongly than the rest of the country because of
more rapid and wider‐spread development.

The lower portion of each panel in Figure 1 shows the sigmoid fit to the difference series. The sigmoid func-
tion fits the evolution of the urbanization effect well. The trends computed from the fitted curves and from
the original series are of very similar values. Note that the urbanization signal in the daytime extremes is very
small and flat, without any clear trends, in both the fitted curves and the original series. To estimate sampling
uncertainty in the urban‐rural difference series and corresponding sigmoid fits, we used a bootstrap proce-
dure outlined in Sun et al. (2016). Here we divided Eastern China into 22 5° × 5° grid boxes and computed
difference series between urban and rural stations within each grid box for the four indices separately. We
then sampled, with replacement, these grid box values to form 22 boxes to compute regional mean values.
These regional means were then fitted to logistic curves. This procedure was repeated 1,000 times. The gray
shading in the lower portion of Figure 1 shows the 5th to the 95th percentiles of the fit. It appears that the
sampling error in the estimate of urbanization effect can be large.
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3.2. Comparison Between Observations and Simulations

Figure 2 displays the nonoverlapping 3‐year mean series of the indices from the observations and simula-
tions. The simulations under the ALL forcing generally reproduce the observed decrease in cold extremes
and increase in warm extremes. For the daytime extremes, the simulations match the observations well with
observations almost always at the center of the simulations. The URB signal is weak. For the nighttime
extremes, the observed series are within the range of simulations but at the outer edge of simulations, indi-
cating that while simulations are broadly consistent with observations, models tend to underestimate the
observed decrease in cold nights and observed increase in warm nights. If the urbanization effect is removed
from the observation, the match between the observations and simulations improves substantially.

3.3. Results From Detection and Attribution Analyses

Results from the two‐signal detection and attribution analyses, by regressing observations onto the ALL and
URB signals, are presented in Figure 3. For the daytime extremes, ALL is clearly detected with the fifth per-
cent lower bound of the scaling factors above 0 while the URB signal is not detected. This means that external
forcing has clearly affected these daytime extremes. The lack of detection of URB signal in daytime extremes
can mean either a) effect of urbanization on daytime extremes is weak or b) the signal pattern constructed
from the urban and rural differences is too weak to constrain the regression. As shown in Figure 2, simula-
tions under ALL forcing track the observations well. It thus can be argued that the urbanization effect on
daytime extremes may indeed be small, which would need to be verified by other studies that consider urba-
nization effect at a process level. For the nighttime extremes, both the ALL and URB signals are detected and
they can also be separated from each other. This means that the effect of external forcing on these extremes
can be identified with the consideration of the urbanization effect and vice versa. The best estimates of the
scaling factors for ALL and URB signals are 0.83 (90% CI: 0.40–1.26) and 1.09 (90% CI: 0.26–1.92) for
TN10p. They are 0.63 (90% CI: 0.16–1.12) and 1.23 (90% CI: 0.07–2.40) for TN90p, respectively. The fact

Figure 1. Upper portion of each panel: Time series of regional mean extreme temperature indices in Eastern China. Black
and yellow lines are for urban and rural stations, respectively, while red line shows the difference between them.
Lower portion of each panel: Difference between regional mean extreme temperature series of urban and rural stations.
Red lines show sigmoid fits that are used as URB signal pattern in the detection and attribution analyses. The gray shading
areas represent the 5th and 95th percentile ranges (gray areas) of the URB signal, estimated from the 1,000 bootstrap
samples.
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that the scaling factors for ALL are smaller than 1 from the two‐signal analysis indicates that the models may
still overestimate the observed changes in nighttime extremes even after the urbanization effect has been
taken into account. Christidis et al. (2011) and Zwiers et al. (2011) found CMIP3 models tend to
overestimate the most observed warming of nighttime extremes though this effect was less obvious in

Figure 2. Regional mean 3‐year nonoverlapping series for four extreme temperature indices from the observations (OBS), model simulated responses to all forcings
(ALL), and the signal pattern for urbanization effect (URB). The URB is based on the sigmoid fits in Figure 1. Blue shading shows spread of the model‐simulated
responses to ALL forcings.

Figure 3. (a–d) Best estimates of scaling factors and their 5–95% confidence intervals for ALL and URB in two‐signal analyses for the four temperature indices.
(e–h) Observed trends for the extreme temperature indices and attributable changes, along with their 5–95% confidence intervals.
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CMIP5 models (Sillmann, Kharin, Zhang, et al., 2013). Morak et al. (2013) found similar results with
HadGEM1 simulations. Both cloud and land processes in the models may have played a role but the exact
cause of this is unclear.

We compute the attributable warming as the product between the linear trends in the noise‐reduced model‐
simulated signals and the corresponding scaling factors. For the nighttime extremes, the observed trends, the
estimated contributions from ALL, and URB for TN10p are −1.63% per decade (90% CI: −1.18% to −2.08%),
−0.95% per decade (90% CI: −0.46% to −1.45%), and −0.53% per decade (90% CI: −0.13% to −0.94%), respec-
tively. The corresponding values for TN90p are 2.17% per decade (90% CI: 1.53% to 2.81%), 1.18% per decade
(90% CI: 0.29% to 2.08%), and 0.97% per decade (90% CI: 0.06% to 1.88%), respectively. This indicates that the
urbanization effect explains about 33% and 45% of observed changes in TN10p and TN90p, respectively,
assuming that other factors that might have affected trends are negligible. These are slightly higher than
the estimates directly obtained from the difference series between urban (or urban and rural stations
combined) and rural stations. Note however that these best estimates and confidence intervals are still
subject to additional sampling uncertainty in the estimation of the URB signal, as we will see in the
following subsection.

3.4. Robustness of Detection Results to Sampling Uncertainty

Figure 1 shows that the estimate of urbanization effect during the later decades may be subject to relatively
large sampling uncertainty for the nighttime extremes. To examine the influence of this sampling uncer-
tainty on detection and attribution analyses, we used each of the 1,000 bootstrapped estimates of the URB
pattern in the two‐signal detection and attribution analyses. For TN10p, the ALL and URB signals are
detected 992 and 953 times. Both ALL and URB are simultaneously detected 948 times. For TN90p, the
ALL and URB signals are detected 903 and 644 times with both signals simultaneously detected 547 times.
Therefore, detection of the urbanization and global warming effects and their separation are both robust
for nighttime temperature extremes, albeit more so for cold nights than warm nights.

Figure 4 displays scatter plots of the best estimate of ALL and URB scaling factors from the 1,000 boot-
strap samples, along with their 90% and 50% confidence regions, as well as their marginal densities, for
TN10p and TN90p (It should be pointed out that those are best estimates from each bootstrap sample,
and they have their own confidence regions; the overall uncertainty shall be wider than illustrated by
these confidence regions), respectively. Most of the best estimates of scaling factors fall in a well‐defined
region. The uncertainty range for ALL scaling factor is quite small, indicating relatively small influence
due to sampling error in the URB signal estimate. The median values of the ALL and URB scaling fac-
tors for TN10p are 0.83 and 1.05, respectively, and those for TN90p are 0.73 and 0.95. As the median
URB scaling is close to 1, it is reasonable to scale the estimated ALL signal down. Sampling uncertainty
in the URB signal estimate likely contributed to the relatively small value of ALL scaling factor at 0.63

Figure 4. Scatter plots of ALL and URB scaling factors for TN10p (left) and TN90p (right) based on the 1,000 bootstrap
samples of the URB signal. The joint 90% and 50% confidence regions are encircled by red and yellow curves, respec-
tively. The gray lines represent 90%marginal confidence intervals. The marginal densities of the scaling factors are plotted
on the top of (for ALL) or to the right of (for URB) the scatter plots.
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that was reported in section 3.3; nevertheless, ALL does still need to be scaled down to match the obser-
vations. Given these considerations, we conclude that urbanization effect on nighttime extreme tempera-
ture indices is substantial and may explain as much as one third of the observed warming in these
indices. The strongest urbanization in China took place at the time of strongest warming in the global
mean temperature, resulting in a strong collinearity between URB and ALL signals. This collinearity
must have introduced additional uncertainty in our estimation. Nevertheless, given the considerations
discussed above, uncertainty due to collinearity between the two signals should not qualitatively alter our
above conclusion.

4. Conclusions

Previous studies have identified the anthropogenic forcing and urbanization as important factors contribut-
ing to the observed changes in moderate temperature extremes in Eastern China. These studies only consider
one factor at a time, without taking the effect of the other factor into account. As the effects of urbanization
and external forcing including the greenhouse gases and aerosols on temperature extremes are highly colli-
near, it can be difficult to know to what extent these estimates are affected by not considering the other
factor. Here, we consider both effects in tandem by regressing the observations onto these two factors simul-
taneously. We find that the influence of anthropogenic forcing is clearly detected in the daytime extremes but
changes in the size of the urbanization effect seem to be small. We also found that both external forcing and
urbanization have played an important role in the observed changes in nighttime extremes. Simulations fit
better with observations when the urbanization effect is considered, although the models tend to overesti-
mate changes in these extremes even after accounting for urbanization. The urbanization effect on nighttime
extremes is large, explaining perhaps as much as one third of the observed warming in these extremes. The
results seem to be robust against sampling uncertainty in the estimate of urbanization effect. As the increase
in nighttime extreme temperatures can exert serious impacts on human health, the added warming due to
the continued urbanization in regions that are less urbanized today should be considered.
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