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ABSTRACT

The utility of a combined modified climate extremes index (mCEI) is presented for monitoring coherent
trends in multiple types of climate extremes across large regions. Its usefulness lies in its ability to distill
complex spatiotemporal fields into a simple, flexible nonparametric index.

Two versions of the mCEI are computed that incorporate changes in several annual- or daily-scale
temperature-related and moisture-related extremes. Applying data from the contiguous United States,
Europe, and Australia detects consistent and statistically significant increases in the spatial prevalence of cli-
mate extremes from 1950 to 2012. All three continental-scale regions show increasingly widespread warm
annual- and daily-scale minimum and maximum temperature extremes, a decreasing spatial extent of cool
annual- and daily-scale minimum and maximum temperature extremes, and increasing areas where the pro-
portion of annual total precipitation falls on heavy-rain days. There were no statistically significant trends
toward more widespread, annual-scale drought or moisture surplus in any region.

The dependence of annual extremes on the frequency of daily-scale extremes is highlighted by the strong
covariations between annual- and daily-scale extremes in all regions. By the nature of construction of the
combined indices, the differences in the trends of the mCEI and daily-scale mCEI (dmCEI) suggest
that extremes in more areas are changing primarily because of a shift of temperature and daily rainfall dis-
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tributions toward warm extremes and heavy-rainfall extremes.

1. Introduction

The attention devoted to the study of climate ex-
tremes and their changes over time stems largely from
their potential to be detrimental to socioeconomic and
biophysical systems. Climate extremes can be broadly
defined as highly anomalous climatic conditions on sub-
daily to annual or longer time scales (Karl et al. 1996;
Frich et al. 2002; Alexander et al. 2006). Examples in-
clude heat waves, droughts, heavy rain, and severe winds,
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but also specific phenomena such as hurricanes, torna-
does, or floods. Regardless of the type of event, past cli-
mate extremes have induced excessive mortality and
increased hospital admissions (Whitman et al. 1997;
Fouillet et al. 2006; Zhang et al. 2013). Extremes also
impose considerable costs stemming from stresses and
damage to infrastructure and direct impacts on com-
modities, such as loss or damage to crops and livestock
(Meehl et al. 2000).

These adverse effects of climate extremes highlight
the need for their effective monitoring. Over time, this
requirement has increased for two reasons. The first is
due to the expansion of human populations and associ-
ated infrastructure into vulnerable areas (Cardona et al.
2012). The second is that the characteristics of some
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types of extremes, such as their frequency and severity,
have changed since the beginning of the twentieth cen-
tury (Alexander et al. 2006; Donat et al. 2013). There is
increasing consensus that several of these changes are
likely due to increases in anthropogenic greenhouse
gases (Min et al. 2011; Hansen et al. 2012).

A summary of the current state of knowledge on
changes in regional and global extremes, and their likely
causes, can be found in a recent special report on climate
extremes by the Intergovernmental Panel on Climate
Change (IPCC) (Field et al. 2012). The report and the
references therein describe increases in the incidence
of hot weather events and decreases in cold weather
events at many global locations (Brown et al. 2008;
Donat et al. 2013). These include respective increases
and decreases in multiday heating and cooling events
(Alexander et al. 2006). The changes in precipitation-
based extremes are mixed and so consistent signals over
continental and larger areas are unclear (Donat et al.
2013). However, there are reports of increases in heavy-
rain days and the proportion of total rainfall stemming
from extreme 1-day events over substantial portions of
the globe (Alexander et al. 2006; Min et al. 2011; Donat
et al. 2013). This includes much of North America
(Gleason et al. 2008; Peterson et al. 2008), western
Europe during the boreal winter (Zolina et al. 2009),
and large portions of Australia (Alexander et al. 2007,
Gallant and Karoly 2010). The historical changes in
drought conditions include large multidecadal variations.
The longer-term trends in drought vary regionally and
there is no consistent change over continental and
larger-scale regions (Sheffield et al. 2012).

There are increasingly likely expectations that an-
thropogenic climate change has altered, and will alter,
the frequency and severity of some types of climate ex-
tremes (Jones et al. 2008; Alexander and Arblaster 2009;
Christidis et al. 2011; Donat et al. 2013; Field et al. 2012).
For some extremes, there is already evidence of consistent
changes over large-scale, continental, and hemispheric-
scale regions (Alexander et al. 2006; Min et al. 2011;
Donat et al. 2013; Hansen et al. 2012; Munasinghe et al.
2012). Therefore, the continued monitoring and attribu-
tion of changes in climate extremes is crucial.

Creating indices to detect and attribute large-scale,
low-frequency changes in climatic extremes is a difficult
task. The definitions of extremes vary (e.g., arbitrary
thresholds, event-based, impact-based); there are changes
in multiple types of extremes (e.g., those based on tem-
perature, precipitation, or winds); and there is some-
times a lack of widespread appropriate data and/or
spatially and temporally noisy signals in data.

Despite these challenges, coherent trends in cli-
mate extremes over large areas have been identified.
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Alexander et al. (2006) and Donat et al. (2013) high-
lighted consistent changes in some extremes indices
identified at the station and gridbox scale by comput-
ing global averages. Hansen et al. (2012) reported co-
herent, large-scale changes in seasonal temperature
extremes by examining the percentage area of the globe
affected. Munasinghe et al. (2012) detected global-scale
changes in extreme temperatures by examining the oc-
currence of record-high or record-low temperatures.

The climate extremes index (CEI; Karl et al. 1996)
and its variants (Gruza et al. 1999; Gleason et al. 2008;
Gallant and Karoly 2010) are metrics that combine
multiple types of extremes in order to assess large-scale,
climatic changes in extremeness (Seneviratne et al. 2012).
The term ‘“extremeness’ defines the degree to which
climatic conditions are extreme. The CEI integrates
several components that assess changes in temperature
and moisture-related extremes and returns a percentage
value representing the fractional area of a region af-
fected. Although the CEI indices include more than
one type of extreme from more than one variable, they
remain imperfect. For example, the indices do not in-
clude multiday extremes, or many event-based extremes
(e.g., floods or tornadoes) that are arguably more rel-
evant for socioeconomic impacts (Seneviratne et al.
2012). However, the usefulness of the CEI lies in its
ability to examine extremes from widely and readily
available data that can be compared worldwide, which
is crucial for examining large-scale and coherent changes
across the globe.

Gleason et al.’s (2008) revised CEI is calculated op-
erationally for the United States by the National Ocean
and Atmospheric Administration (NOAA). The revised
CEI comprises five components measuring the fraction
of area of the contiguous United States experiencing
extremes outside the 90th percentile and the 10th per-
centile of the following: annual maximum and minimum
temperatures, annual Palmer drought severity index
(PDST; Palmer 1965), proportion of annual precipitation
from heavy-precipitation days, and annual number of
days with or without precipitation (Table 1). A sixth
component representing landfalling-hurricane wind ve-
locities has since been included in the operational version
of the index (http://www.ncdc.noaa.gov/extremes/cei/).

The CEI was intended as a metric for monitoring low-
frequency (i.e., multidecadal scale) changes in climate
extremes. In a nonstationary climate, changes to the
extremes of a climatic distribution can occur from a
shift in the distribution, a change in variance of a dis-
tribution, a change in skewness of the distribution, or
a combination of all three possibilities (Field et al. 2012;
Seneviratne et al. 2012). The revised CEI from Gleason
et al. (2008) adds the extremes from both tails of a
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TABLE 1. The definitions of the components comprising the modified climate extremes index (mCEI), the daily modified climate
extremes index (dmCEI), and the revised climate extremes index (CEI) of Gleason et al. (2008). The indices are calculated as the linear
average of their components, where component 4 is doubled and shifted to have a mean of zero over the climatological base period (1950
2012). Each component is generated as some combination of the following extremes: P90,, the percentage area where the average of
variable x is above the 90th percentile, and P10,, the percentage area where the average of variable x is below the 10th percentile, where
x is defined in the table. A rain/wet day (dry day) is defined as a day with rainfall greater (less) than 1.0 mm. A heavy-rain day is defined as
aday where the rainfall total exceeds the 90th percentile computed from all rain days. Cold days (nights) are defined as days (nights) where
the daily maximum (minimum) temperature falls below the 10th percentile. Hot days (nights) are defined as days (nights) when the daily
maximum (minimum) temperature exceeds the 90th percentile.

Component CEI mCEI dmCEI
1 x = annual maximum temperature x = annual maximum temperature x = proportion of hot days in a year
P10, + P90, P90, — P10, y = proportion of cold days in a year
P90, — P90,
2 x = annual minimum temperature x = annual minimum temperature x = proportion of hot nights in a year
P10, + P90, P90, — P10, y = proportion of cold nights in a year
P90, — P90,
3 x = annual PDSI x = annual PDSI As in mCEI
P10, + P90, P90, — P10,
4 x = proportion of heavy-rain days As in mCEI As in mCEI
in a year
P90,
5 x = number of wet days in a year x = number of wet days in a year As in mCEI

y = number of dry days in a year
P90, + P90,

y = number of dry days in a year

P90, — P90,

climatic distribution. Thus, the trends in the index are
intended to highlight the prominence of changing cli-
matic variance across a region. However, this index will
also vary with shifts in a distribution. Gallant and Karoly
(2010) modified this approach and instead subtracted
the extremes from one tail in a distribution from those
from the opposite tail. Thus, any trends in this modified
CEI (mCEI) will tend to highlight shifts in the climatic
distribution, or skewing toward a particular tail of the
distribution.

Table 1 describes the differences in the computation
of the CEI, the mCEI, and a third index, the dmCEI
The dmCEI includes daily-scale, rather than monthly-
scale, temperature extremes. Whether the CEI or mCEI
is computed is an arbitrary choice and depends on the
desired application of the index. The mCEI will better
describe the sign of any changes in extremes (e.g., from
cold to hot, dry to wet, etc.), which is additional and
useful information compared with the CEI Thus, this
study mostly presents results from the mCEI. However,
the CEI and mCEI are compared in section 6.

The CEI, mCEI, and dmCEI share common charac-
teristics that make them effective tools for monitoring
and communicating changes in aspects of climate ex-
tremeness, and potentially for attributing causes in these
changes. The indices include multiple types of extremes
that are relevant for socioeconomic and physical impacts
and for which there are widely available data. These
features make the indices relevant, calculable, and com-
parable for multiple regions of any size (e.g., state or

country scale to global scale). Simple indices most effec-
tively communicate climate changes. The CEI metrics
distill a suite of complex information into a simple index
that informs the user whether an area is becoming more
or less extreme and, if desired, the sign of these changes
(e.g., colder and drier or warmer and wetter). The com-
bined index is likely to be affected less by natural climate
variability than the individual components and there-
fore may be better suited for identifying longer-term
trends. The mCEIl is flexible in its construction, so the
components comprising the index could be combined
in a way that illustrated hot-to-cold or wet-to-dry ex-
tremes also. The simple nature of the index is useful for
attribution studies as it conveys large-scale information
about changes in climate extremes. Furthermore, the
CEI can be more easily compared with output from a
climate model compared to other extremes indices as
the CEI is nonparametric.

This study uses the mCEI to demonstrate that there
have been consistent, long-term changes in climate ex-
tremes for three near-continental-scale regions, namely
the United States, Europe, and Australia, since the mid-
twentieth century. These regions were selected as they
contained sufficient spatially dense networks of high-
quality data. Data show near-continental-scale trends
in the prevalence of warm extremes, and some wet ex-
tremes, from 1950 to 2012 (section 4). The mCEI and
revised CEI are compared and assessed in further detail
in section 5 and a sensitivity analysis is performed in
section 6.
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FIG. 1. The shading represents those areas that are included as part of (a) Australia, (b) Europe, and (c) the
contiguous United States for computation of the mCEI and dmCEI, described in Table 1.

2. Data

The computation of the mCEI and dmCEI requires
daily and/or monthly temperature and precipitation
data, and monthly Palmer drought severity index
data. Datasets of suitable quality and spatial coverage
for climate change and extremes analysis were avail-
able for Australia, Europe, and the continental United
States from 1950 to 2012. Figure 1 shows the coverage
of these data, which contain some missing areas due to
lack of data, reduced data quality, and/or short data
records.

a. Temperature and precipitation data

Regularly gridded daily and monthly minimum and
maximum temperature and precipitation data are avail-
able from the Australian Bureau of Meteorology (Jones
et al. 2009). These products interpolate data from ap-
proximately 60 to over 700 temperature stations, and
from approximately 3000 to over 7000 precipitation sta-
tions onto a grid with 0.05° X 0.05° resolution, with the
number of available stations generally increasing with
time. Station data were first separated into a monthly
climatological average and an anomaly component and
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each were interpolated onto a regular grid using three-
dimensional smoothing splines and the Barnes successive-
correction method, respectively. Data at every fifth grid
point only were used in order to make the Australian
grid comparable with the European region, effectively
making its resolution 0.25° X 0.25°. Gallant and Karoly
(2010) showed that computing the mCEI and dmCEI
metrics at this resolution produces comparable results
to those computed from high-quality station data.

Regularly gridded daily maximum and minimum tem-
perature and precipitation data for Europe were avail-
able from the Ensemble-Based Predictions of Climate
Changes and their Impacts (ENSEMBLES) observa-
tions (E-OBS) gridded dataset (Haylock et al. 2008).
The grids have 0.25° X 0.25° resolution and were gen-
erated from up to 2316 stations, although this number
varied with time. Quality-control tests included testing
for statistical outliers and flagging suspect prolonged-
precipitation events. Stations were correlated against
the 40-yr European Centre for Medium-Range Weather
Forecasts (ECMWF) Re-Analysis (ERA-40) dataset and
were adjusted at leads and lags of up to 1 day to account
for differences in measuring times between stations. As
at the Australian stations, data were separated into
a monthly-mean and a daily-anomaly component prior
to gridding. The monthly means were interpolated us-
ing thin-plate splines and following that kriging was
applied to the daily anomalies. Full details of their
method can be found in Haylock et al. (2008).

The components for the mCEI only were provided by
the National Climatic Data Center. These were com-
puted from a gridded dataset described in detail in
Gleason et al. (2008). 1100 monthly temperature stations
from the U.S. Historical Climatology Network (HCN)
(Karl et al. 1990), and 900 daily precipitation stations
(both HCN and non-HCN), were linearly averaged into
1° X 1° grid cells across the contiguous United States.

b. Palmer drought severity index data

Developed in the United States, the Palmer drought
severity index estimates relative magnitudes of anom-
alous wet and dry conditions, primarily to examine
drought or moisture surplus. The index incorporates the
effects of precipitation, evaporation, runoff, recharge,
and loss (Palmer 1965) and effectively describes water
balance in the soil using a simple two-layer bucket model.
All processes are derived from three inputs only: mean
monthly temperature, precipitation accumulation, and
the subsoil available water capacity of the soil. The upper
soil layer is assumed to have a capacity of 25 mm.

Pre-computed PDSI data as in Karl (1986), and ap-
plied to the CEI as in Gleason et al. (2008), were used to
generate component 3 for the United States (Table 1).
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The PDSI in Australia and Europe was calculated using
an algorithm developed at the University of Nebraska
(http://greenleaf.unl.edu). Note that the PDSI, not the
self-calibrating PDSI, was calculated so that the drought—
moisture surplus metric remained consistent across all
regions. The temperature and precipitation inputs for
these PDSI calculations were those data previously de-
scribed in section 2a. The subsoil available water capac-
ities for the Australian and European regions, measured
in millimeters, were extracted from the Global Gridded
Surfaces of Selected Soil Characteristics dataset, part
of the International Geosphere-Biosphere Programme
Data Information Systems (IGBP-DIS; Global Soil Data
Task Group 2000).

3. Methods

The mCEI and dmCEI components were computed
using the same techniques as in Gallant and Karoly
(2010). These components were described in section 1
and are shown in Table 1. The mCEI and dmCEI com-
ponents were combined to show variations between cold
and dry environments and warm and wet environments,
which were represented as negative and positive values,
respectively. This choice of combination was chosen to
highlight the strongest trends in all regions. However,
there is flexibility in the combination of the components
in Table 1. This flexibility is particularly useful for sea-
sonal and/or more regional examinations where, for ex-
ample, dry extremes may be more prominent.

All components and combined indices were calcu-
lated for the January-December year. The extremes
were calculated as a highly abnormal value of each
component, namely above the 90th or below the 10th
percentile, compared with the climatological average
period of 1950-2012. An mCEI or a dmCEI of zero
indicates that extremes in a region are not abnormally
prominent compared with climatology.

Positive values for temperature-based components
indicate a larger-than-normal fractional area with hot
extremes compared to cool extremes, and a negative
value indicates a larger-than-normal fractional area of
cool extremes compared to hot extremes. Positive values
in the PDSI-based component 3 indicate larger-than-
normal areas of moisture surplus and the negative values
indicate larger areas of moisture deficit (i.e., drought).
Component 4 is always positive and represents the ex-
treme upper tail only of the daily rainfall distribution. As
all other components represent extremes in both tails,
component 4 is doubled when it is included in the
mCEI and dmCEIL The doubling avoids underweighting
component 4 in the combined index compared to other
types of extremes (Karl et al. 1996). When included in
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the mCEI/dmCEI calculation, component 4 is shifted to
have a mean of zero relative to the climatological base
period so that the combined index is not biased toward
positive values. Last, component 5 is positive or negative
when a larger proportion of a region is affected by an
extreme number of wet days or dry days, respectively.

Changing the percentile thresholds for each compo-
nent of the mCEI and dmCEI tested whether the sta-
tistical significance of the trends were sensitive to the
choice of threshold for extreme. The thresholds were
increased or decreased for each component to the 95th
and 97th, and 5th and 3rd percentiles, respectively, and
the mCEI and dmCEI were recomputed. The largest
and smallest thresholds (97th and 3rd percentiles) were
selected in order to ensure that at least one of the
63 years of data from 1950 to 2012 was counted as ex-
treme. A comparison between the mCEI and the CEI
was performed for all regions and so the revised CEI of
Gleason et al. (2008) was also computed (Table 1). The
differences in the trends between the mCEI and the
CEI can highlight how changes to the distribution of
climate variables are changing extremes.

The Australian data grids are complete and contain
no missing data. However, several areas in central and
western Australia were removed from analysis as in
Gallant and Karoly (2010) because of temporally vary-
ing station networks that introduce spurious climatic
trends (Jones et al. 2009; King et al. 2013a). Less than
1% of the European grids contain more than 5% missing
data; these grids are still included in the analysis and the
missing data do not affect the results. For the United
States, station records for each variable were used only
if they were 90% complete within the analysis period
and for the period of record. Thus, the 1° X 1° grid box
covered approximately 70% of the contiguous United
States for temperature and approximately 80% for
precipitation. All of the United States is represented by
the PDSI, which was computed for larger climate di-
visions rather than at the station/grid box level (Karl
et al. 1996). A complete discussion of the data used to
generate the U.S. indices can be found in Gleason et al.
(2008).

Uncertainties in the time series of the mCEI, dmCEI,
and its components, and the resulting uncertainties in
the trends of these time series, were estimated using
a block—jackknife technique. Ten years of data, com-
prising two independent 5-yr blocks, were systematically
removed from the climatological base period (1950-2012)
and the percentiles and times series were recomputed.
Given the reduced sample size used for recalculation
of the indices, this methodological design computes a
more conservative estimate of uncertainty compared to a
block-bootstrap. Simultaneously, the method incorporates
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an estimation of the uncertainty associated with the
choice of climatological base period for standardiza-
tion. The technique resulted in 55 unique replicates of
each time series from which two-tailed 90% confidence
intervals were generated for the annual value of each
time series and for the trends.

The magnitudes of the long-term (1950-2012) trends
were computed using linear regression and are described
in the units of percentage per decade. The significance
of these trends was determined using a modified non-
parametric Mann—-Kendall test that accounted for per-
sistence in the time series (Hamed and Rao 1998). Any
autocorrelation in the data inflates the variance of the
null distribution and so can lead to an increase in type I
errors (i.e., false positives) (Hamed and Rao 1998;
Hamed 2008). Statistical significance is defined at the
two-tailed 5% level unless otherwise stated.

4. Regional trends in mCEI components

The trends in the annual mCEI components are now
presented for the United States, Europe, and Australia
from 1950 to 2012. An analysis of the annual dmCEI is
also included for the two latter regions for which daily
temperature data were available. This is the first time
the mCEI and dmCEI have been calculated for Europe
and the United States, while the Australian indices rep-
resent an update from 2008. Moreover, this study repre-
sents the first multiregion comparison of the mCEI and
dmCEL

a. United States

The temperature-based components (1 and 2) of
the United States mCEI over 1950-2012 are shown in
Figs. 2 and 3. The positive trends in these components
showed a statistically significant change from more
spatially prevalent cool extremes toward more preva-
lent warm extremes. These trends are consistent with
the increases in warm extremes and decreases in cool
extremes reported in other studies (DeGaetano and
Allen 2002; Donat et al. 2013; Hansen et al. 2012).
Using the mCEI, we found a statistically significant
increase in component 1 of 5.1% decade ! and in com-
ponent 2 of 8.0% decade ' from 1950 to 2012. Thus, the
trends in minimum-temperature extremes were stronger
than for maximum-temperature extremes.

Components 3, 4, and 5 describe variations in the
spatial prominence of moisture-related extremes and
are shown in Figs. 4 and 5. All extreme-daily-rainfall
trends (components 4 and 5) showed that the area of
the contiguous United States experiencing very wet ex-
tremes increased from 1950 to 2012 (Groisman et al.
2005). Component 4 (heavy-rain days) showed an
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FIG. 2. This component represents variations in the areal extent of the extremes of annual and daily maximum temperatures. See Table 1

for a precise definition. It shows component 1 of the (left) mCEI and (right) dmCEI, computed for (a) Australia, (b) Europe, and (c) the
contiguous United States. The interannual (bars) and 5-yr averaged (line) variations are shown from 1950 to 2012. The linear trends for
each time series are inset on each plot and statistical significance (two-tailed 5% level) is denoted by an asterisk. The 90% confidence
interval of the trend based on block—jackknife replicates is provided in parentheses. The adjacent percentage is the proportion of these

replicates that are statistically significant.

increase of 1.1% decade ™! that was statistically signifi-
cant (Fig. 5). The trend in component 5 (wet or dry days)
of 2.1% decade ! was statistically significant at the two-
tailed 6% level (p = 0.03) (Fig. 4). Large interdecadal
variations are evident in component 3 and so trends
were insignificant. There was no net change in the spa-
tial extent of drought or moisture surplus across the
contiguous United States from 1950 to 2012.

b. Europe

There was an increase in the spatial prevalence of
warm extreme-minimum and -maximum temperatures
in Europe from 1950 to 2012, and a concurrent decrease
in the spatial extent of cool extremes (Moberg and
Jones 2005; Moberg et al. 2006). Minimum-temperature
extremes (component 1) showed larger trends than
maximum-temperature extremes (component 2). The

positive trends in components 1 and 2 were over 5%
and 6% decade !, respectively. All trends were statisti-
cally significant and remained so when uncertainty in the
trend was included.

The moisture-related components of the European
mCEI and dmCEI had weaker trends and larger varia-
tions compared to the temperature-based components
(Figs. 4 and 5). There was no significant trend in com-
ponent 3 (drought or moisture surplus) from 1950 to
2012 and interdecadal variation in the time series was
large compared to the other components. The trends in
the daily-scale moisture-related extremes were positive,
indicating an increasing spatial prevalence of daily-scale
wet extremes, compared to dry extremes. Component 4
(heavy-rain days) had a statistically significant trend of
0.9% decade ™' from 1950 to 2012. Component 5 (ex-
treme proportion of wet-dry days) had positive trend
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FIG. 3. As in Fig. 2, but for component 2. This component represents variations in the areal extent of the extremes of annual and daily
minimum temperatures. See Table 1 for a precise definition.

of 2.1% decade ™! that was also statistically significant.
These results highlight statistically significant changes in
daily-scale extreme-rainfall events (Moberg and Jones
2005), but not in annual-scale moisture-based extremes
in Europe.

c. Australia

In Australia, changes to the spatial prevalence of
maximum-temperature extremes (component 1) were
of similar magnitude to the changes in minimum-
temperature extremes (component 2). Like other re-
gions, these components showed statistically significant
positive trends over the period 19502012 (Figs. 2 and 3).
The statistically significant trends in component 1 illus-
trate that an increasing area of Australia experienced
a combined increase in warm extremes, and a decrease
in cool, annual, and daily maximum-temperature ex-
tremes from 1950 to 2012. These changes occurred
at a rate of 5.2% and 4.7% decade ', respectively.
Minimum-temperature extremes (component 2) were

also statistically significant and showed rates of change
of 5.5% and 4.5% decade ' for annual and daily data,
respectively.

As for the other regions, the interdecadal variations
in the moisture-related components were more prom-
inent than in the temperature-related components in
Australia. The particularly large variations in compo-
nents 3 and 5 meant that their trends were not statisti-
cally significant (Fig. 4). However, an increasing trend
in heavy-rain days (component 4) of 0.9% decade '
was statistically significant.

5. Regional comparison

The contiguous United States, Europe, and Australia
showed consistent changes in the direction and signifi-
cance of all mCEI and dmCEI components (Table 1).

The comparable magnitudes of the linear trends of
component 1 (maximum temperature) across all three
regions mask some differences in their evolution over
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FIG. 4. Asin Fig. 2, but for components (left) 3 and (right) 5. Component 3 represents variations in the areal extent
of drought and moisture surplus. Component 5 represents the areal extent of the region experiencing an extreme
number of wet days or an extreme number of dry days. See Table 1 for a precise definition.

time. There was a relatively constant rate of change from
1950 to 2012 in the United States and Europe. However,
in Australia there was a weak trend through most of the
time series, followed by a relatively abrupt increase at
the turn of the twenty-first century (Fig. 2). The positive
trends in heavy-rain days (component 4) were consistent
in magnitude across all three regions and all were statis-
tically significant. The uncertainties in the magnitudes of
the trends in components 1, 2, and 4 were on the order of
around 0.5% or less, and statistical significance was ro-
bust to this uncertainty. The insignificance of the trends
in components 3 (drought or moisture surplus) and
5 (wet or dry days) in the United States and Australia,
and component 3 only in Europe, was a result of the large
interdecadal variations in these time series (Fig. 4).

In all regions, there were strong covariations between
the components based on annual and daily data. In
Australia, the correlation between component 1 com-
puted using annual maximum temperatures and com-
ponent 1 computed using daily maximum temperatures
was 0.94. For minimum temperature extremes (compo-
nent 2), this correlation was 0.97. In Europe, the corre-
lations between the temperature components based on
annual and daily data were above 0.87. Daily data were
not available for the United States and so such a com-
parison could not be performed here.

Strong covariations were also observed between some
annual and daily moisture-related components (Fig. 4).
The spatial extent of extreme drought or moisture sur-
plus (component 3) varied in a similar manner to the
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inition. Note that when combined in the mCEI or dmCEI, this
component is converted to an anomaly relative to the period 1950—
2012, and then doubled (see section 1).

extremes in the number of wet or dry days (component 5).
This relationship was stronger in the United States and
Australia, where correlations were above 0.74, and
weaker in Europe, where the correlation was 0.54.

Annual data are a construct of the frequency and in-
tensity of daily data. The strong relationship between an-
nual and daily temperature and some moisture-related
components suggests that annual extremes are strongly
linked to the frequency of daily extremes, rather than to
the intensity. For the moisture-related components, this
result is further supported by weaker correlations be-
tween heavy-rain days (component 4), which represent
a measure of daily rainfall intensity, and drought or
moisture surplus (component 3). These components
had correlations of 0.42, 0.22, and —0.05 in Australia,
Europe, and the United States, respectively.
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As a result of the similarities in the trends of the
components across all regions, when combined, the
mCEI and dmCEI showed changes from 1950 to 2012
that were consistent in sign and magnitude for the con-
tiguous United States, Europe, and Australia (Fig. 6).
These trends provide evidence of increasingly wide-
spread areas of warmer and wetter extremes, and a re-
duction in areas affected by cooler extremes. There was
little change to dry extremes in any region (Sheffield
et al. 2012). These results were insensitive to the dif-
ferences in grid resolution between the United States
(1.00°) and Europe and Australia (0.25°), which was
examined by smoothing the finer-resolution grid to a
1.00° X 1.00° surface and comparing the resulting com-
ponent time series with the original. The two time series
were almost indistinguishable.

The trends in the mCEI (which uses annual tem-
perature data) occurred at rates of 2.9%, 3.4%, and
3.9% decade ! for Australia, Europe, and the United
States, respectively, and all trends were statistically
significant. The dmCEI was computed for Europe and
Australia only (see section 3) and the trends were con-
sistent in sign and magnitude to the mCEI There were
statistically significant trends of 2.6% and 3.3% decade '
for Australia and Europe, respectively. The similarities
between trends based on annual and daily extremes were
again highlighted in the combined indices, with the cor-
relations between the mCEI and the dmCEI exceeding
0.92 for Australia and Europe.

The consistency between the magnitudes and statis-
tical significance of the 63-yr trends in the mCEI and
dmCEI in all regions suggests there is potentially a
common cause of the trends on this time scale. For
comparison, we now test whether this is also the case
for their year-to-year variations. Linearly detrending
the mCEI and dmCEI time series to retain the high-
frequency variations only (e.g., interannual to multi-
year) and correlating the regional indices illustrate any
difference between climatic variations in extremes in
these regions on different time scales (Table 2). The
correlations between the regional mCEI indices ranged
between 0.06 and 0.18, and there was a correlation of
0.01 between the Australian and European dmCEI. The
detrended correlations between the components com-
prising the mCEI and dmCEI were also insignificantly
correlated between regions except in two cases (Table 2).
The lack of statistically significant correlations on the
interannual time scale suggests that either the processes
causing widespread extremes on each landmass are dif-
ferent on the interannual time scale, or that the effects
of some common cause (e.g., some large-scale climate
mechanism with teleconnections to all regions) are dif-
ferent and nonlinear for each landmass.
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FIG. 6. The combined extremes indices, (left) mCEI and (right) dmCEJI, for the three regions. These are the linear combinations (simple
average) of those presented in Figs. 2-5, except that component 4 (Fig. 5) has been doubled and shifted to have a mean of zero over the
period 1950-2012. See Table 1 for precise definitions of the mCEI and dmCEI.

This second possibility was briefly examined by cor-
relating the Nino-3.4 index (Trenberth 1997) with each
of the components. In Australia, these correlations
were statistically significant at the two-tailed 2% level
for all components except those based on minimum
temperatures (component 2). The sign of these corre-
lations indicated that Australia experiences more wide-
spread warm maximum-temperature extremes, more
widespread drought, less widespread heavy-precipitation
extremes, and more widespread extreme number of
dry days during El Nino events and vice versa for
La Nina (Min et al. 2013). These results are consistent
with an increased likelihood of warm and dry average
conditions during El Nino and cool and wet conditions
during La Nina across much of Australia (Power et al.
1998) and suggests that there are similar relationships
for the temperature- and moisture-based extremes
(Arblaster and Alexander 2012; King et al. 2013b; Min
et al. 2013).

The European temperature-related components had
statistically significant inverse correlations at the two-
tailed 5% level with the Nino-3.4 index, indicating more
widespread cool extremes and less widespread warm
extremes during El Nino events. However, the statis-
tical significance of these relationships was borderline,
and other studies report few statistically significant
relationships between ENSO and temperature extremes
in Europe (Kenyon and Hegerl 2008). Only component
5 (extreme wet or dry days) showed a statistically signif-
icant relationship with the Nino-3.4 index in the United
States. The sign of this relationship suggested in increase
in extreme wet days across more of the region during
El Nino events.

The results presented above suggest that any con-
sistencies between the regional mCEI and dmCEI
time series are reflections of similarities in the long-
term trends in extremes, rather than their year-to-year
variations.



1390

TABLE 2. The detrended correlations between interannual
mCEI and dmCEl indices and their components (Table 1). All data
were detrended using linear regression. Boldface values indicate
a statistically significant correlation at the two-tailed 5% level. The
significance testing incorporates adjustments for autocorrelated
data as in Bretherton et al. (1999). N/A indicates no daily data
availability in the United States for the dmCEI and its daily tem-
perature components.

Component ¥(US.Europe) F(US.Australia) ¥(Europe.Australia)
1 (mCEI) 0.08 0.03 0.12
1 (dmCEJ) N/A N/A 0.17
2 (mCEI 0.03 0.27 0.10
2 (dmCEI) N/A N/A 0.04
3 0.35 0.01 -0.11
4 0.09 0.02 —0.02
5 —0.03 0.01 0.10
mCEI 0.06 0.18 0.11
dmCEI N/A N/A 0.01

6. CEI variants and sensitivity to the definition
of “extreme”

Throughout this study, we have assessed changes in
extremes from cool and dry to warm and wet (or vice
versa), which depended on the construction of the
mCEI and dmCEI. Although these definitions are arbi-
trary choices, they were selected as the most significant
changes to extremes were illustrated by combining the
components in this way.

A possible issue with this choice of combination is
that it dampens any signal of changes to cool or dry
extremes that might be occurring concurrently. There
were some differences in the variations of the time
series that might support dry extremes being included
as a positive value in the index. For example, the in-
creases in the CEI in the early 1990s and early 2000s
in Australia and during the mid-1950s in Europe and
the United States were all associated with reductions
in the mCEIl. In turn, these were associated with in-
creases in drier extremes in at least one of the three
moisture-based components (Figs. 4 and 5).

The sensitivity of the mCEI construction to dry ex-
tremes was tested. Component 3 is an indicator of
widespread drought (negative values) or widespread mois-
ture surplus (positive values). The sign of the component
was reversed so that positive values represented drought
conditions and the mCEI was recomputed. The changes
in trends of the resulting mCEI in Australia and Europe
were of order 0.01%, and of order 0.1% in the United
States, and all trends in the mCEI and dmCEI remained
statistically significant. Thus, low-frequency changes in
extremes were insensitive to the definition of this com-
ponent in all regions, probably because the trends
in component 3 were insignificant. Recent work has
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demonstrated that caution must also be exercised in
the use of the PDSI for detecting changes in drought
and moisture surplus. For example, Sheffield et al. (2012)
demonstrated that the PDSI overinflates trends in
warming environments because of its strong depen-
dence on temperature as a proxy for evaporation. Thus,
other metrics for drought or moisture surplus should be
considered for application to component 3 in future
work.

As discussed in section 1, differences in the trends
of the CEI and the mCEI can highlight the types
of changes in climatic distributions that are leading to
changes in extremes (e.g., a shift of the distribution or
change in variance). So, the CEI was computed for all
regions and compared to the mCEI Figure 7 shows that
the strong trend in the mCEI time series is not mirrored
in the CEI. This was also true for the components of the
combined index. Recall that the CEI adds the extremes
of both tails, while the mCEI subtracts the lower tail
from the upper tail. Thus, the stronger trends in the mCEI
compared to the CEI suggest that changes in extremes
over increasingly larger areas of Europe, the United
States, and Australia are more closely associated with
shifts in climatic distributions compared to changes in
their variance (Alexander et al. 2007), although both
may play a role (Hansen et al. 2012). The differences in
the mCEI and CEI indices imply that combining the
components should be not be done indiscriminately and
that the resulting choices for combination are purpose-
dependent.

The mCEI and dmCEI definitions are sensitive to the
percentile thresholds used to define what is “extreme”
(Table 1). For all components, extremes were defined as
those events in the top or bottom 10% of the distribu-
tion. Using the Australian region as a case study, we
tested the sensitivity of the significance of the trends in
the mCEI and dmCEI to this definition, shown in Fig. 8.
Applying a stricter percentile threshold to define an
extreme reduced the magnitude of the variability in the
recomputed mCEI and dmCEI time series and also re-
duced the magnitude of the trend. These differences
were expected as the definition of an extreme moved to
increasingly rare events with decreasing and increasing
percentiles. However, the significance of the trend re-
mained insensitive to the definition.

The magnitudes and significance of the trends in
the mCEI, dmCEI, and their comprising components
were also insensitive to sampling, which were tested
using block—jackknife replicates (section 3). As each
replicate was constructed from a subset of approxi-
mately 80% of the complete dataset, it effectively
highlights the insensitivity to the choice of climato-
logical base period from which the percentiles were
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generated, which has been a past criticism of the CEI. 7. Discussion
In all cases, the jackknifed trends remained statistically

significant for at least 90% of the replicates indicating The similarity in the magnitudes and significance of
insensitivity in the trends to the climatological base the trends in the mCEI, dmCEI, and their comprising
period. components in all regions warrants further investigation

The above results have highlighted that the trends to determine if there is a common cause. The interannual
in the mCEI and dmCEI, and their comprising compo-  variations in the indices showed no significant similarities
nents, are robust and unusual when compared to a sta- between the regions, likely because the physical processes

tionary climate. causing climatic variations are different for each.
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Although individual extremes are caused by weather
events, various environmental states of the atmosphere
and oceans have been linked with probabilistic changes
to the types of weather systems that occur and, sub-
sequently, to the extreme events from which they stem
(Kenyon and Hegerl 2008; Min et al. 2013). For exam-
ple, modes of climate variability, such as ENSO and the
northern annular mode, have been linked to variations
in maximum- and minimum-temperature extremes within
all three regions examined here (Kenyon and Hegerl
2008; Arblaster and Alexander 2012; Min et al. 2013).

The Nino-3.4 index, an indicator of ENSO, showed
statistically significant relationships with some compo-
nents, particularly in Australia. ENSO has a relation-
ship with interannual to interdecadal variations in
some Australian temperature and precipitation extremes
(Arblaster and Alexander 2012; King et al. 2013b). How-
ever, there is little evidence of long-term changes in
ENSO that could be associated with the long-term
trends reported here (Nicholls 2008). Furthermore, any
relationships that existed between the Nino-3.4 index
extremes were opposing between regions. In short, there
are no known natural mechanisms that include a long-
term trend that could be responsible for such similar
and significant trends in these three continental-scale
regions.

Projections from coupled general circulation models
suggest that extremes should change in a similar manner
to those observed trends described here for large parts
of Europe, Australia, and the United States associated
with increases in anthropogenic greenhouse gases. More-
over, observed increases in regional warm extremes
(Alexander and Arblaster 2009; Morak et al. 2011; Stott
et al. 2011) and heavy-precipitation events (Min et al.
2011; Pall et al. 2011) have been linked to anthropogenic
climate change in some of the regions examined here.
This study was designed to identify large-scale coherent
changes in extremeness only and did not involve attri-
bution. However, given the similarities in the regional
trends and what is expected from anthropogenic cli-
mate change, future research should examine whether
any anthropogenic contribution can be identified from
these indices. Regardless of their cause, ongoing moni-
toring is important to determine any continuation of
the trends toward increasing areas of continental-scale
regions being affected by extremes.

8. Conclusions

The mCEI and dmCEI were computed for the three
near-continental-size landmasses of the contiguous United
States, Europe, and Australia. The mCEI and dmCEI
were demonstrated as useful for monitoring trends in
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extremeness because of their ability to distill complex
spatiotemporal information on extremes into a sim-
ple, nonparametric index. Although temperature- and
moisture-based variables only were examined, the
mCEI and dmCEI could be developed to include other
types of extremes when widespread, reliable data be-
come available.

Coherent and robust changes in temperature and
daily rainfall extremes have occurred across three
continental-scale regions located in the Northern and
Southern Hemispheres. The mCEI and dmCEI in all
regions increased by at least 2.6% decade'. These
changes stemmed from increasing areas of warm ex-
tremes, and decreasing areas of cool, maximum, and
minimum annual and daily temperature extremes, and
increasing areas where the proportion of annual total
precipitation falls on heavy-rain days. There were no
statistically significant trends toward more widespread,
annual-scale drought or moisture surplus in any region.
The differences between the mCEI and revised CEI
suggest that increasing proportions of Europe, the United
States, and Australia are being affected by climate ex-
tremes primarily because of shifts in climatic distribu-
tions, rather than changes in variance.

There is strong potential for the types of extreme
events comprising the mCEI and dmCEI to be associ-
ated with negative socioeconomic and biophysical ef-
fects. Thus, the changes in extremes in these regions
must continue to be monitored and attribution studies
undertaken to determine the possible causes of these
trends.
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