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Figure 1. Monthly mean precipitation from a randomly chosen month for each simulation, with specified sea surface
temperature (SST) at the top left.

Figure 2. (a) Global-mean precipitation, (b) change in mean precipitation between simulations, (c) global-mean
near-surface specific humidity (circles) and saturation specific humidity at each simulation’s specified SST (line),
(d) extreme precipitation (the average rain rate of events over the 99th percentile), and (e) the change in extreme
precipitation between simulations with 2 K SST increments in global RCE CAM5 simulations. (f ) Number of regions N,
(g) distance between events (cluster distance D), (h) event duration T , and (i) convective aggregation index (CAI;
equation (1)). (j) Fraction of total precipitation from events with >99th percentile rain rate. (k) Fraction of rain
contributed by events as a function of event area (see text for description).
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Definition  of  extremes  matters…

substantial (e.g. Rajczak et al. 2013) and may dominate changes in precipitation totals over
much of the subtropics (Polade et al. 2014).

Some previous work has also addressed challenges with yet another percentile index,
namely the fraction of precipitation that falls above the 95th wet-day percentile (commonly
referred to as the R95pTOT index). In particular Zolina et al. (2009) and Leander et al. (2014)
have investigated the statistical properties of this index, and have proposed alternate versions
thereof. In the current paper we will restrict attention to the basic form of the percentile indices.

The outline of the paper is as follows: Section 2 provides an overview of the three
precipitation percentile indices and investigates potential artifacts in a conceptual and theoretical
framework. Section 3 provides examples and an intercomparison of different percentile indices
using output from a number of GCM and RCM experiments. Section 4 concludes the study. For
most of the paper (except for section 3.3), consideration is given to the statistics of daily events,
but the concepts can also be applied to shorter accumulation periods, such as hourly data.

2 Analysis of percentile methodologies

Precipitation percentile indices are generally computed from long series of precipitation data.
To compute the percentiles, the data is sorted in ascending order, and the resulting distribution
can be interpreted as a representation of the frequency-intensity relation of precipitation. In this
section we discuss the three categories of percentile indices using daily precipitation accumu-
lations to define events and indices. The indices are discussed along Fig. 1a–c, respectively,
where precipitation percentiles P [mm/d] are shown as a function of cumulative probability g.
We will use the inverse cumulative distribution function P(g), where g is a probability variable
ranging from 0 to 1. In a statistical sense, daily precipitation is expected to exceed P(g) with an
absolute frequency of F = 1–g, and to fall below P(g) with a probability of g.
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Fig. 1 Schematic illustration of three different percentile indices, with precipitation percentiles shown as a
function of cumulative probability g: (a) All-day percentiles: percentiles are computed with respect to all days.
(b) Wet-day percentiles: percentiles are computed with respect to wet days (>1 mm/d). (c) Percentile thresholds
exceedance: percentiles are used to compute a precipitation threshold Pt, and the index is based on the frequency
F = 1–g of exceedance. The three schematics assume daily precipitation distributions for a current and future
climate (in blue and red, respectively), with the two distributions having a similar incidence of heavy events, but
significantly different precipitation frequencies (> 1 mm/d). For display purposes, comparatively low percentiles
have been selected, i.e. 80 % in (a) and (c), 60 % in (b). For definition of symbols see text. The resulting
precipitation percentiles or frequencies (for a selected probability or precipitation threshold, respectively) are
indicated by blue and red bullets. Panel (a) exhibits a decrease in precipitation percentile when changing from
blue to red distribution, and panel (c) a consistent decrease in threshold exceedance. In panel (b) there is an
artificial increase of the wet-day percentile due to decreases in wet-day fraction
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the longest wet spells (!40 days) while CMCC-CM simulates
very short wet spells (!8 days).

4.3. Metric Analysis of Model Performance
[55] The overall performance of individual models in

simulating the 1981–2000 climatology of the indices is
summarized in a “portrait” diagram (Figure 10) as introduced
in G08 and discussed in section 3.2. The portrait diagram
displays the relative magnitude of spatially averaged RMSE
for each index (rows) and for each model (columns).

[56] The colors characterize the magnitudes of the
RMSEs, with warmer colors indicating models that perform
worse than others, on average, and colder colors indicating
models that perform better than others, on average. The
model performance is assessed with respect to the four
reanalyses, ERA40 (left triangle), ERA-Interim (upper triangle),
NCEP1 (right triangle), and NCEP2 (lower triangle) of each
cell of the diagram. HadEX2 is not used as a reference data
set due to its limited spatial coverage for some indices.
[57] In addition to individual models, the performance of

the so-called mean and median models is also displayed in

(a)

1950 1960 1970 1980 1990 2000 2010
500

600

700

800

900

1000

Year

m
m

500

600

700

800

900

1000
Total Wet−day Precipitation (PRCPTOT)

CMIP3_mean
CMIP3_median
CMIP5_mean
CMIP5_median

ERAinterim
ERA40
NCEP1
NCEP2

1950 1960 1970 1980 1990 2000 2010

−100

−50

0

50

100

Year

m
m

−100

−50

0

50

100

Total Wet−day Precipitation (PRCPTOT)

CMIP3_mean
CMIP3_median
CMIP5_mean
CMIP5_median

ERAinterim
ERA40
NCEP1
NCEP2

(c)

1950 1960 1970 1980 1990 2000 2010
4

5

6

7

8

Year

m
m

4

5

6

7

8

Simple Daily Intensity (SDII)

CMIP3_mean
CMIP3_median
CMIP5_mean
CMIP5_median

ERAinterim
ERA40
NCEP1
NCEP2

1950 1960 1970 1980 1990 2000 2010

−

−

Year

m
m

−

−

Simple Daily Intensity (SDII)

CMIP3_mean
CMIP3_median
CMIP5_mean
CMIP5_median

ERAinterim
ERA40
NCEP1
NCEP2

(e)

(b)

(d)

(f)

1950 1960 1970 1980 1990 2000 2010
40

50

60

70

80

90

100

110

Year

m
m

40

50

60

70

80

90

100

110
CMIP3_mean
CMIP3_median
CMIP5_mean
CMIP5_median

ERAinterim
ERA40
NCEP1
NCEP2

1950 1960 1970 1980 1990 2000 2010

−10

−5

0

5

10

Year

m
m

−10

−5

0

5

10
CMIP3_mean
CMIP3_median
CMIP5_mean
CMIP5_median

ERAinterim
ERA40
NCEP1
NCEP2

Max. 5−day Precipitation (RX5day) Max. 5−day Precipitation (RX5day)

.

.

.

.

.

.

.

.

.

.

Figure 8. Same as Figure 4, but for precipitation indices.
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Changes in temperature and precipitation extremes in the CMIP5 ensemble 13
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Fig. S5 Zonally averaged 20-year return values of 1986–2005 annual extremes of daily precip-

itation rates (P20, top panel) and non-overlapping 5-day mean precipitation rates (P
5
20, middle

panel) as simulated by CMIP5 models plotted on a log scale. Units are mm day−1. Some mod-
els are represented by several ensemble members, one curve for each ensemble member. The
ensemble size is indicated in brackets after the model labels. Precipitation extremes estimated
from the reanalyses are displayed in black together with 95% bootstrap confidence intervals
in grey. The CMAP and GPCP pentad precipitation extremes are displayed by brown curves.
Bottom panel: Box-and-whisker plots of simulated regionally averaged 1986–2005 P20 and

P
5
20. Symbols to the right of the box-and-whisker plots indicate the corresponding statistics

estimated from the reanalyses and CMAP pentad dataset.

Figure S7 displays the magnitude of inter-model differences in and the typical248

amplitude of P20 sampling errors of estimated from 20-year samples using the249

method of L-moments. The inter-model standard deviation of P20 displayed in250

the left panel is normalized by the multi-model ensemble median P20. There is251

better agreement between models in mid-latitudes where inter-model standard252

deviations are about 20% of the ensemble median amplitude. Differences amongst253

the simulated precipitation extremes are much larger in the tropics and subtropical254

regions where they become comparable to the ensemble median in some regions.255

The 1986–2005 sampling standard errors obtained for individual models for which256
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both merged satellite-gauge gridded products, so their
comparison likely provides only a lower bound on ob-
servational uncertainty rather than a full accounting of
it. A more thorough assessment of observational un-
certainty associated with a wide range of precipitation
datasets can be found in Gehne et al. (2016) and Herold
et al. (2016). However, neither study examined the
metrics shown here: Gehne et al. (2016) focused pri-
marily on monthly mean precipitation over North
America, with a brief examination of the distribution of
rain in that region, while Herold et al. (2016) assessed
aggregated (total) intensity of precipitation over land.

F12 Figure 12 shows the spatially averaged distributions of
annual-mean rain amount and rain frequency over
TRMM’s coverage area 508N–508S for both TRMM and
GPCP. TRMM’s rain amount distribution is centered at
heavier rain rates thanGPCP’s (Fig. 12a), and it is wider.
Our metrics quantify this: the rain amount peak is
28mmday21 for TRMM and only 21mmday21 for
GPCP, and the width of the rain amount distribution in
TRMM is 2.5 compared to 2.1 in GPCP. In addition, the
shape of the rain frequency distribution differs between
the two datasets. TRMM has more light rain days than
GPCP and accordingly has fewer dry days (47% com-
pared to 56%). TRMM also exhibits slightly larger rain
frequencies at the highest rain rates (.30mmday21)
than GPCP.

F13 Figure 13 shows maps of annual-mean rain amount
peak, rain frequency peak, and rain amount width from
TRMM. Note that the color bar span is doubled for the
TRMM’s rain amount peak compared to GPCP’s
(reaching 100 rather than 50mmday21), to accommo-
date its larger values while preserving the spatial pat-
tern. While the magnitude of the rain amount peak
differs between the two datasets, the spatial patterns are
consistent in showing maximum values of the rain
amount peak at the margins of the regions of greatest
total precipitation (Fig. 13a). One important difference
between the two datasets is that in TRMM the highest
rain amount peak values occur over ocean, while inGPCP
they occur over both ocean and land. The rain frequency
peak has generally similar magnitudes in TRMM and
GPCP, and the geographical correspondence with total
precipitation remains (Fig. 13b). However, in regions of
moderate total precipitation in the subtropics, rain fre-
quency peak is generally ,2.5mmday21 in TRMM
compared to 2.5–15mmday21 inGPCP. As inGPCP, the
rain amount width in TRMM varies inversely with total
precipitation (Fig. 13c). Values of rain amount width are
larger for TRMM than for GPCP, consistent with spatial
annual-mean distribution (Fig. 12).
In summary, GPCP and TRMM datasets agree on the

general spatial pattern of the rain amount peak, many

aspects of the spatial pattern of rain frequency peak, and
the inverse relationship between rain amount and total
precipitation. On the other hand, the magnitude of rain
amount peak and rain amount width is much larger in
TRMM than in GPCP.

6. Rain frequency: Some concerns and comparison
with CESM1

In the previous section, we saw that GPCP and
TRMM agree more closely on the spatial annual-mean
rain amount distribution than on the rain frequency

FIG. 12. As in Fig. 2, but for data from TRMM 3B42 (solid
curves) and GPCP 1DD (dashed curves), averaged between 508N
and 508S.
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Figure 3. (a) The CMIP5 multimodel mean change in extreme precipitation regressed against global-mean surface
temperature change in the RCP8.5 scenario and (b) the ratio of the absolute value of the multimodel mean extreme
precipitation change to its standard deviation across models, as a measure of signal to noise. (c and d) As in Figures 3a
and 3b for mean precipitation. Shown to the right of each map is its zonal mean. Note the differing color scales and
units among the panels.

(Figure 3d), though for extreme precipitation change the ratio is larger in most of the tropics and smaller in
the extratropics.

Many impacts of extreme precipitation, for example, flooding, only occur over land. For applications that
examine the impacts of extreme precipitation, such as pattern scaling [Tebaldi and Arblaster, 2014], the change
in extreme precipitation over land is more important than the change over ocean. Since most of the heaviest
precipitation events on the globe occur over the ocean in the tropics, we might expect our results to differ
between the tropics and extratropics and over land and ocean.

Figure 4a shows the change in extreme precipitation over land per degree global-mean surface temper-
ature increase. We normalize by global-mean surface temperature change for consistency with Figure 2b,
though the change in surface temperature over land would be slightly larger and noisier than the change in
global-mean surface temperature. There are two models with much larger increases in extreme precipitation
than the others in RCP8.5, but changes across scenarios are not significantly different according to the Signs
test (which aggregates across all models).

Figure 4. (a) The change in maximum annual daily rainfall over all land regressed against global-mean surface
temperature change for the four RCP scenarios. Symbols as in Figure 2. (b) As in Figure 4a for the change in maximum
annual daily rainfall over extratropical land regressed against global-mean surface temperature change.
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Figure 1 | Changes in extremes by the mid-twenty-first century. Projected changes in intensity of hot extremes (TXx, first row) and cold extremes (TNn,
second row), heavy precipitation intensity (RX5day, third row) and dry spell length (CDD, last row) in 2041–2060 with respect to 1986–2005 for the
RCP8.5 scenario. The left panels show the multimodel mean average changes across 25 CMIP5 models and the right panels the multimember average
across 21 CESM-IC members.

on the assumption that CESM reliably represents the internal
variability in extreme indices. The assumption that the estimate
is reasonable is supported by the fact that the uncertainties across
CESM-IC are consistent with a ten-member initial condition
ensemble for the Commonwealth Scientific and Industrial Research
Organisation model (CSIRO-Mk3-6-0; Supplementary Fig. 5),
the largest ensemble available in the CMIP5 archive, and the
fact that the simulated interannual variability, the dominant
contribution to internal variability, in the extremes indices is in
reasonable agreement with the ERA Interim and NCEP-DOE-2
reanalyses as well as the gridded observational HadEX2 and
GHCNDEX data sets. Except for the interannual variability in
heavy precipitation intensity over the tropics, which is biased

low, the variability in the reanalyses for the period 1986–2005
falls within the range of variability realizations of the CESM-IC
members (see Supplementary Figs 6 and 7 and evaluation section
in Supplementary Information).

The role of uncertainty induced by internal variability has
been shown to be dominant for decadal and seasonal mean
changes in the next decades21,22. We here argue that for changes
in extremes it is the dominant uncertainty source even for
several decades. The role of internal variability generally decreases
if mean temperatures or extreme indices are averaged across
regions23 or the globe. For instance, all the CESM-IC members
show very similar global temperature increases by the end of
the twenty-first century (Supplementary Fig. 2). However, large
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Figure 1 | Changes in extremes by the mid-twenty-first century. Projected changes in intensity of hot extremes (TXx, first row) and cold extremes (TNn,
second row), heavy precipitation intensity (RX5day, third row) and dry spell length (CDD, last row) in 2041–2060 with respect to 1986–2005 for the
RCP8.5 scenario. The left panels show the multimodel mean average changes across 25 CMIP5 models and the right panels the multimember average
across 21 CESM-IC members.

on the assumption that CESM reliably represents the internal
variability in extreme indices. The assumption that the estimate
is reasonable is supported by the fact that the uncertainties across
CESM-IC are consistent with a ten-member initial condition
ensemble for the Commonwealth Scientific and Industrial Research
Organisation model (CSIRO-Mk3-6-0; Supplementary Fig. 5),
the largest ensemble available in the CMIP5 archive, and the
fact that the simulated interannual variability, the dominant
contribution to internal variability, in the extremes indices is in
reasonable agreement with the ERA Interim and NCEP-DOE-2
reanalyses as well as the gridded observational HadEX2 and
GHCNDEX data sets. Except for the interannual variability in
heavy precipitation intensity over the tropics, which is biased

low, the variability in the reanalyses for the period 1986–2005
falls within the range of variability realizations of the CESM-IC
members (see Supplementary Figs 6 and 7 and evaluation section
in Supplementary Information).

The role of uncertainty induced by internal variability has
been shown to be dominant for decadal and seasonal mean
changes in the next decades21,22. We here argue that for changes
in extremes it is the dominant uncertainty source even for
several decades. The role of internal variability generally decreases
if mean temperatures or extreme indices are averaged across
regions23 or the globe. For instance, all the CESM-IC members
show very similar global temperature increases by the end of
the twenty-first century (Supplementary Fig. 2). However, large
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Figure 4 | Spatial distribution of changes in dry spell length and heavy precipitation intensity. a–d, Same as Fig. 3 but for heavy precipitation intensity,
RX5day (a,c) and dry spell length, CDD (b,d). Legend in a applies to all panels. In contrast to Fig. 3 changes at each grid point are expressed as percentages
with respect to the climatological mean 1986–2005.

Europe, the US, China and Australia in less than 30 years, and heavy
precipitation intensity is projected to increase in those regions over
50 years (Supplementary Figs 11 and 12), thus making the results
relevant for decision-makers that are concerned with impacts, cost
and adaptation on a national level.

Methods
Model experiment. The simulations are carried out with the CESM version 1.0.4
including the Community Atmosphere Model version 4 (CAM4) and fully coupled
ocean, sea ice and land surface components30. All simulations are driven with
historical forcing until 2005 and RCP8.5 until 2100. On 1 January 1950, a small
random perturbation of the order of 10�13 is imposed on the atmospheric initial
condition field of the reference run to produce a 21-member initial condition
ensemble (here referred to as CESM-IC) covering the period 1950–2100. All
simulations share the same model version, emission scenario and initial conditions
except for the atmosphere. The set-up is very similar to the one described in
refs 18,22. After the initial perturbation to the atmospheric initial conditions the
model is run freely as a fully coupled Earth system model with no perturbation
imposed on any run at any point during the simulation until the end of the run in
2100. Owing to the same ocean initial state the different realizations have similar
annual mean temperatures in the first year. However, because of the chaotic nature
of the climate system manifesting itself in the internal variability, after a few years
the members are in an entirely different state of variability in the ocean, sea ice and
atmosphere and thus show a completely different evolution even of global mean
temperatures (Supplementary Fig. 2).

Extreme indices. The following standard definition of extreme indices17 adapted
from the Expert Team on Climate Change Detection and Indices for calendar years
are used consistent with recent comprehensive analysis of the CMIP5 experiments12.
All indices are calculated on an annual basis (calendar year):

Intensity of hot extremes (TXx): let TX be the daily maximum temperature,
then TXx is the annual maximum value of TX.

Intensity of cold extremes (TNn): let TN be the daily minimum temperature,
then TNn is the annual minimum value of TN.

Dry spell length or consecutive dry days (CDD): PR
ij

is the daily precipitation
amount in mm on day i in period j. Count the largest number of consecutive days
per time period (here calendar year) where PR

ij

<1mm.
Heavy precipitation intensity or maximum accumulated five-day precipitation

(RX5day): let PR
k

be the precipitation amount in mm for the five-day interval
ending on day k. Then RX5day is the annualmaximum value of PR

k

.

Spatial PDFs. To produce the spatial PDFs in Figs 3 and 4, we calculated changes
of 20-year averages of extreme indices at each land grid point (66� N–66� S)
between the future and reference period (1986–2005). For temperature extremes
(Fig. 3) the local changes are normalized by the standard deviation (in the same
model and member, respectively) across the 20 values for the same index in
the period 1986–2005. For precipitation extremes the changes are expressed as
percentage changes with respect to the local mean of the same model or member
in the period 1986–2005. The grid points falling in each bin of the PDF have been
weighted according their latitude-dependent area. The PDFs are derived from
a rectangular kernel density estimate in statistical package R with only a very
weak smoothing applied to retain the information one would see in a histogram.
For each member and model the PDFs illustrate the land fraction exhibiting a
certain change. The red and blue bands are calculated as 5th to 95th percentile
interval for each bin.
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Figure 3 | Spatial distribution of changes in hot and cold extremes. a–d, PDF of the land fraction (66� S–66� N) experiencing a certain 20-year mean
change in hot (a,c) and cold (b,d) extremes. 20-year mean changes are shown for the period 2016–2035 (a,b) and 2041–2060 (c,d) with respect to the
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respective range across different members. The changes expected owing to internal variability are shown as grey shading with the solid black line marking
the mean. Twenty-year mean changes at each grid point are normalized by the interannual standard deviation of the respective annual extreme index
values for 1986–2005. See Supplementary Fig. 10 for the corresponding figure with absolute temperature changes.

changes increase by the mid-twenty-first century, members still
agree on what fraction of the land experiences changes larger
than a given threshold. Also the CMIP5 models (red range) show
reasonably consistent changes in the spatial PDFs of temperature
extremes (Fig. 3). The differences between CMIP5 models largely
arise from their different transient global temperature response.
If corrected for, they also show a remarkably robust spatial PDF,
for example, for a 2 �C warming (Supplementary Fig. 9). Figure 3
does not show the absolute temperature changes, but even these
are reasonably consistent (Supplementary Fig. 10). Note that many
CMIP5 models have substantially heavier upper tails than CESM
members and the uncertainties across CMIP5 are particularly large
in the tail, which implies that model uncertainties are dominant for
the maximum warming.

Even for heavy precipitation intensity there is high agreement
across CESM-ICmembers and reasonable agreement across CMIP5
models on the land fractions experiencing certain changes (Fig. 4).
Already by 2016–2035 all CESM-IC members consistently project
more than 10% increase in heavy precipitation intensity at a land
fraction of 20–30%. Likewise, all CMIP5 models except INM-CM4
simulate substantial changes in the near future. For dry spell length
mostmodels showonly aweak signal and donot agreewhethermost
of the land fraction experiences longer or shorter dry spells. How-
ever, in many models the PDF widens, implying that a larger area
than expected by internal variability experiences longer dry spells by
the mid-century (Fig. 4). For all indices CESM-IC members show
good agreement, which suggests a potential to narrow down the un-
certainty in this spatial perspective with furthermodel development
as the spatial PDFs are hardly sensitive to internal variability.

To provide an analogy, it is impossible to predict the time and
location of the next traffic accident in a city. But there will be

one somewhere, so it makes sense to have an ambulance ready.
Higher speed limits will result in more accidents and will require
more ambulances, even if it remains impossible to predict the
locations of future accidents. Thereby some aggregated aspects are
predictable even if the single events are not. Our findings show that
with a global spatial probability perspective robust projections for
extremes are possible even for the near future. The perspective is
more informative than a global mean and when taking into account
local vulnerabilities it may be promising in many fields, such as the
reinsurance business with globally distributed portfolios, the global
commoditymarket or strategies for global food security.

The models used here do not resolve small-scale heavy pre-
cipitation events and have deficiencies in representing dynamical
features such as the blocking frequency and persistence driving
temperature extremes in mid-latitudes27. Moreover, the estimates
for interannual variability in precipitation extremes and therefore
the associated uncertainty are found to be rather low. Thus, we see
value in further refining and developingmodels even though uncer-
tainties in regional projection of extremeswill remain substantial.

Our findings imply that the traditional evaluation of the
projection agreement at the grid-point level has weaknesses.Models
disagree on the exact location of changes in precipitation owing
to differences in their present-day climatology28,29 and internal
variability23–25. But the perception that models allow no robust
statements about changes in the magnitude of extremes in the near
future ismisleading.We demonstrate that from a spatial probability
perspective, they provide remarkably robust evidence for more
intense hot and less intense cold extremes, and heavier precipitation
already on timescales of two or three decades. These are robust
even for single continents or large countries. For example, hot
extremes are projected to increase strongly in a large fraction of
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Key  points
• Defining  extremes  is  important

- For  many  questions,  the  answer  depends  on  the  
definition

- Dedicated  metrics  for  evaluating  extremes  are  essential    

• Observing  extremes  is  challenging
- And  often  there  is  a  scale  mismatch  from  models  

• Climate  models  don’t  capture  extremes  defined  by  
absolute   thresholds  well  
- We  have  more  confidence  in  relative  behavior  than  
absolute

• Providing  answers  on  impact-­relevant  scales  is  a  
challenge
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Fig. S2. Extreme precipitation response (% K−1) to CO2 doubling in each CMIP5 model
(black) and its shift-plus-increase (magenta).
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Fig. S3. Extra-tropical extreme precipitation response (% K−1) to CO2 doubling in each
CMIP5 model (black) and its shift-plus-increase (magenta).
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Fig. S2. Extreme precipitation response (% K−1) to CO2 doubling in each CMIP5 model
(black) and its shift-plus-increase (magenta).
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