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ABSTRACT: A simple method is tested for scaling climate-extreme results from high resolution
regional climate models (RCMs) to time-periods and emission scenarios for which the RCMs have not
been run. The 30 yr mean relationships between indicators of extremes (IoEs) and annual mean daily
maximum temperature (Txa) are investigated. Such relationships from the UK Met Office Hadley
Centre RCM HadRM3P, along with temperatures from the global climate model HadCM3, are used
to scale IoEs to other time periods and scenarios. This is tested for selected indicators of heat-wave
and drought over Europe for the period 1961–2099. Curvature is demonstrated in the relationships
between these quantities and Txa. Such non-linearities are shown to have a large potential effect on
how these climate extremes are likely to evolve during the century, as well as their sensitivity to emissions. A broad picture of possible changes in European heat-wave and drought severity is presented.
For drought over the Mediterranean and western Europe, a very clear positive curvature in the relationship between drought length and annually averaged temperature is found. (This feature is also
common in a brief study of 6 other RCMs.) It suggests a rapid increase in drought length towards the
end of the century, and a strong sensitivity to the emission scenario. Extended summer dry spells are
projected to become a much more regular feature of western European climates. For European heatwaves, we find a slightly earlier onset of increases in heat-wave severity and a reduced sensitivity to
emission scenarios than might be expected from a more straightforward interpretation of the Hadley
Centre model results. This is linked with extreme dryness occurring at high summer in all years
by the end of the century, but was not evident in the 6 other RCMs studied. Based on these results,
suggestions are made for choices of future RCM experiments.
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The most dramatic impacts of global warming will be
through local climate extremes (McCarthy et al. 2001),
such as heat-waves or drought. The EU project MICE
(Modelling the Impact of Climate Extremes, Hanson
et al. in press) studied potential impacts using high-

resolution regional climate model (RCM) simulations.
High spatial resolution is likely to be particularly important for the simulation of climate extremes. Further, uncertainties in future emissions and in model physics are
such that large ensembles of climate model integrations
would ideally be required (Houghton et al. 2001, Gregory et al. 2002, Murphy et al. 2004, Stainforth et al.
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2005). However, high-resolution models of the type used
by the MICE project are computationally expensive, and
are currently run for only limited time periods and scenarios. Large ensemble experiments are not yet feasible.
This type of problem has been addressed for regional projections of annual mean temperature and
precipitation through pattern scaling (e.g. Santer et al.
1990, Houghton et al. 2001, Mitchell 2003). Pattern
scaling uses a few experiments with complex climate
models to estimate (often linear) relationships between
a scalar predictor (e.g. global mean temperature) and
the local quantity of interest (the predictand, e.g.
annual mean temperature). These relationships are
assumed to be robust such that given any value of the
scalar predictor, a value of the predictand may be estimated for each location. Uncertainty in the scalar predictor can be explored using many experiments with
simple models. Then, using the aforementioned relationships, estimates of uncertainty in the predictand
(e.g. local annual mean temperature) may be made for
each location. However, climate extremes are not
expected to be well correlated with global scalars like
global mean temperature (Houghton et al. 2001).
Climate extremes can evolve rather differently from
mean quantities (e.g Houghton et al. 2001, Klein Tank
& Können 2003, Beniston 2004, Kjellström 2004, Schär
et al. 2004, Kjellström et al. in press). However, Beniston & Diaz (2004) found a close linear relationship, for a
single regional model grid cell, between summer mean
daily maximum temperature and a heat-wave index.
This suggests that it may be possible to predict some
climate extremes using local time-averaged temperatures. However, such close linear relationships may not
be found for other climate extremes and other locations. The present work tests an approach motivated
by Beniston & Diaz (2004). Relationships are sought
between climate extreme indices and local annual
temperature. The aim is to be able to predict 30 yr
mean climate extreme index values for time periods
and scenarios for which the RCM has not been run.
The differences from pattern scaling (using a local
annually-averaged quantity rather than a global
scalar, to predict climate extremes rather than annual
mean quantities) reflect the advances in the resolution
of climate models since pattern scaling was proposed.

The main focus is determining whether appropriate
relationships exist, and whether they are non-linear,
for 2 sample indices of heat-waves and drought. The
results are applied in order to make climate extreme
projections for time-periods for which the highresolution RCM had not been run.

2. DATA
2.1. Climate model data
The climate model data used for this work are from
the UK Hadley Centre’s HadRM3P regional model and
HadCM3 global coupled ocean-atmosphere model.
These data are described by Hanson et al. (in press).
The Hadley Centre models are described in detail by
Gordon et al. (2000), Pope et al. (2000), and Jones et
al. (2004a).
A subset of the results from 5 other RCMs run under
the EU PRUDENCE (Prediction of Regional scenarios
and Uncertainties for Defining EuropeaN Climate
change risks and Effects) project (Christensen et al. in
press; see http://prudence.dmi.dk) were also studied
briefly. These RCMs took very similar boundary conditions as HadRM3P. A separate integration of the
regional coupled atmosphere-ocean (RCAO) model,
the Swedish Meteorological and Hydrological Institute
model, was also available, with boundary conditions
from ECHAM4/OPYC3 (Roeckner et al. 1999). The
horizontal grid resolution for each model is either 0.44°
or 0.5°. Acronyms, institutes and citations for these
models are given in Table 1.
The RCM data all correspond to 2 periods: 1961–1990
and 2070–2099. Global model results are available
during the period 1961–2099. Future projections used
either the Special Report on Emission Scenarios
(SRES) A2 or B2 scenarios (Nakicenovic et al. 2000) of
future greenhouse gas concentrations. For both Hadley
Centre models, results from 3 independent experiments
with different initial conditions (testing sensitivity to
internal natural variability) were available for 1961–1990
and for future projections under the A2 scenario. For
projections under the B2 scenario, results from just 1
experiment were available.

Table 1. Regional climate models (RCMs) from which data was used (main focus is Hadley Centre model HadRM3P)
Model

Institute

Source

HIRHAM
CHRM
CLM
HadRM3P
REMO
RCAO

Danish Meteorological Institute (DMI)
Swiss Federal Institute of Technology (ETH)
Forschungszentrum Geesthacht GmbH (GKSS)
Hadley Centre, United Kingdom Meteorological Office (HC)
Max Planck Institute for Meteorology (MPI)
Swedish Meteorological and Hydrological Institute (SMHI)

Christensen & Christensen (2003)
Vidale et al. (2003)
Steppeler et al. (2003)
Jones et al. (2004a)
Jacob (2001)
Jones et al. (2004b), Räisänen et al. (2004)
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2.2. Climate indices

3. RELATIONSHIPS WITHIN THE RCM

Three indices are used: annual mean of daily
maximum temperature (the predictor, denoted Txa)
and 2 indicators of climate extremes (IoEs, the predictands). Each index is calculated once per grid cell
per year.
HT5 is a measure of high temperatures sustained
over a 5 d period (units: °C). HT5 is calculated from
time-series of daily maximum temperature, Tmax. For a
given year, HT5 is the highest temperature that was
exceeded over 5 consecutive days during that year. If
HT5 takes a value of 37.3°C for a given year, then during the ‘heat-wave’ period for that year Tmax was at
or above 37.3°C for 5 (or more) consecutive days (but
there was no consecutive 5 d period with temperatures
at or above 37.4°C). HT5 is calculated by dividing the
time-series into 5 d overlapping windows. For each 5 d
window, the minimum value of Tmax is found. HT5 is
the highest such value in the year. Sustained high
temperatures can have larger impacts than elevated
temperatures on a single day. This index was chosen
instead of a 5 d running mean temperature because a
5 d period with continuous high temperatures might
have greater impact than a 5 d period with 2 or 3 very
hot days separated by a cooler period. However, the
specific choice of index probably does not strongly
affect the results presented below.
MaxD is defined as the length (in days) of the longest
dry spell in a given year (used by Frich et al. 2002).
A dry spell is specified as a period of consecutive
days with precipitation < 0.5 mm d–1. The choice of the
threshold 0.5 mm d–1 for the HadRM3P model is based
on results of Bärring et al. (2006).
The high spatial resolution of HadRM3P is important
for calculating IoEs, because the associated weather
events (heat-waves/drought periods) may be rather
small-scale. However, the spatial fields of 30 yr mean
IoEs (the quantity of interest) tend to vary more
smoothly in space. That is, the high resolution grid is
very important for calculating IoEs, but less so for
visualising them. For simplicity, all subsequent analysis takes place on the HadCM3 grid. For a given
HadCM3 land cell, all HadRM3P land cells within the
HadCM3 cell were located. The IoE values for these
HadRM3P cells were averaged to give a single value
corresponding to the HadCM3 grid cell. Results over
sea are not considered. There are approximately 25
HadRM3P grid cells per HadCM3 cell. The following
method could equally be applied using IoE on the high
resolution grid, but this would be harder to justify in
general, given the assumptions of the method (of tight,
robust relationships between predictor and predictand) and also the large uncertainties in climate model
results.

The method for estimating relationships within the
RCM is most easily discussed in the context of an example. Fig. 1a plots HT5 against Txa for a single grid cell
covering the northern Balkans. Each small cross corresponds to one year of data. There are 180 crosses, corresponding to the 3 experiments for 1961–1990 and the
3 experiments for 2070–2099 under the A2 scenario
(the B2 results are reserved for testing). The 2 clusters
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Fig. 1. Relation of IoEs (indicators of climate extremes) to annual mean of daily maximum temperature (Txa) for a grid cell
over northern Balkans (see white cross in Fig. 4). (a) HT5
(length [d] of longest dry spell in a given year, °C) versus Txa
(°C); (b) MaxD (measure of high temperatures sustained over
5 d period, days) versus Txa. +: 1 yr of data from 1 HadRM3P
experiment; : 30 yr mean HadRM3P results under B2 scenario. Vertical and horizontal dimensions of large crosses are
estimated error bars. Curves are quadratic fits, described in
Section 3. Dashed parts of curves indicate that fits are not intended to be used for extrapolation below 1961–1990 mean or
above 2070–2099 (A2) mean
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of points correspond to the 2 time periods. There is a lot
of scatter (associated with natural inter-annual variability), but HT5 generally increases with Txa.
Our target was to find a relationship between the
30 yr mean of Txa and the 30 yr mean of HT5. That is,
given any value of the 30 yr mean Txa, we wanted to be
able to predict the 30 yr mean of HT5. The thick curved
line represents such an estimated relationship. It was
calculated by fitting a quadratic curve, as follows. First,
the relationship between the 30 yr mean of Txa and
the 30 yr mean of HT5 is known quite precisely for
2 time periods under the A2 scenario (1961–1990 and
2070–2099). Therefore, 2 points for our estimated relationship curve were well defined. The 1961–1990 point
was defined by averaging each of Txa and HT5 over all
30 yr of data and all 3 experiments. The point for
2070–2099 (A2 scenario) was defined similarly. Together, these 2 points defined a linear fit (not shown).
For a quadratic curve fit, constrained to pass through
these 2 points, only the curvature of the fit remained
to be calculated. This was estimated by least-squares
regression, using all 180 yr of data. In effect, the coupled inter-annual variability of Txa and HT5 was used to
estimate the curvature in the 30 yr mean relationship.
We assumed that the coupled inter-annual variability
gives information about the coupled variability over
longer timescales. This constrained fit was made,
instead of fitting intercept, gradient and curvature in
a 3-parameter least-squares regression, because our
target is a 30 yr mean relationship between Txa and
HT5, and this should pass through the 30 yr means of
Txa and HT5 for 1961–1990 and 2070–2099. The magnitude of the curvature estimated by this method is systematically lower than that from a simple 3-parameter
least squares regression. The curve fit is dashed at
large and small Txa, indicating that it should not be
used for extrapolation due to large potential errors.
Fig. 1b shows equivalent results for the drought
indicator MaxD.
A major aim of this work was to discover whether
curvature is significant in any relationships between
Txa and IoEs. Hence, quadratic fits were tested. The
model data was very clearly insufficient to justify a
higher order fit, or to prefer a different second-order fit
over the quadratic. Also, the inter-annual variability
was such that it was impossible to test the curvature in
the relationship against observations (the real climate
has not changed enough yet for any curvature to be
detectable). Instead, the curvature was tested using
results from the B2 scenario. The large cross in each
panel (Fig. 1) corresponds to the 30 yr means of the IoE
(HT5 or MaxD) and Txa for the B2 scenario, 2070–2099.
The vertical and horizontal dimensions of the large
cross indicate uncertainties in the 30 yr means. If the
assumptions and curve fit are valid, the curve fit should

pass through the large cross. This is approximately
true for this grid cell for both HT5 and MaxD. In particular, the curvature of the fits causes them to pass closer
to the B2 points than would linear fits. This suggests
that at least the sign and approximate magnitude of
the curvature in the estimated relationships are reasonable. This grid cell was chosen as an example because
the relationships show curvature for both HT5 and
MaxD. This is not generally true; the broader European picture is examined later, with further statistical
tests.
The reliability of such curve fits is dependent in part
on the size of the horizontal gap between the
1961–1990 and 2070–2099 clusters (the gap is small in
Fig. 1, with the clusters almost touching). Specifically,
if the difference in Txa between these 2 time periods
is large compared to inter-annual variability, the estimated curvature will tend to be less reliable (Issue 1).
Another issue is changes in inter-annual variability.
In Fig. 1b, the inter-annual variability is larger for
2070–2099 than for 1961–1990. This will tend to bias
the estimated curvature. However, the assumption of
a quadratic form, or even the basic assumption of a
robust relationship between Txa and IoEs, may well
constitute larger errors. Again, the model data is insufficient to test detailed aspects of the curve fit, so
we simply note the potential biases. A related issue
(Issue 2) is that the curve fit for MaxD is not a good fit
to the set of points for 1961–1990 (left-hand cluster in
Fig. 1b). That is, the coupled inter-annual variability of
Txa and MaxD for 1961–1990 does not lie along our
estimated curve fit (MaxD increases more rapidly with
Txa over inter-annual timescales for this period). This is
partly because the variability is larger for 2070–2099
than 1961–1990, biasing the estimated curvature. This
is not necessarily a problem, because the curve fit is
intended to capture the relationship between the 30 yr
means of Txa and MaxD. It does suggest that the magnitude of the estimated curvature may be less reliable,
and caution is advised. Nonetheless, the agreement
with the B2 scenario results (Fig. 1, large crosses) is
encouraging (if anything, the B2 results suggest that
the curvature magnitude might be underestimated).
Issues 1 and 2 are quantified below for the whole of
Europe. As an alternative predictor, the Europe-wide
mean of Txa was also tested briefly. However, the scatter in the coupled inter-annual variability of IoE and
European mean Txa is much larger, giving no useful
information about curvature in the 30 yr mean relationship.
The negative curvature in the relationship between
HT5 and Txa may be explained by extreme soil dryness in HadRM3P for 2070–2099. It is known that
heat-wave temperatures are amplified by enhanced
soil dryness (e.g. Lenderink et al. 2003, van den Hurk
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3
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continuously at or above HT5 (see de1
finition of HT5, Section 2.2). For some
years, Tmax may be above HT5 for > 5
0
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consecutive days — in this case, the first
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5 d of the heat-wave period are used.
The daily evaporation rate is then aver4
aged over this 5 d period (denoted the
b
3
‘heat-wave evaporation rate’). Fig. 2
plots heat-wave evaporation rate against
2
Txa (Fig. 2a), and against HT5 (Fig. 2b).
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Heat-wave evaporation rates are approximately linear with HT5, confirming
0
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50
that heat-wave temperatures are strongly
HT5
linked to evaporation rates. For 1961–
1990, warmer years (larger Txa) have Fig. 2. Link between heat-wave evaporation rates (mm d–1) and heat-wave
dryer soil by high summer, and hence temperatures (°C) for northern Balkans. Each point represents 1 yr of data
more intense heat-waves (larger HT5). from HadRM3P. (a) Heat-wave evaporation rate against Txa; (b) heat-wave
However, by the end of the century, evaporation rate against HT5. : 1961–1990. +: 2070–2099 (A2 scenario). Solid
lines: least-squares fits of quadratic curves. See Fig. 1 for abbreviations
when Txa is large, heat-wave evaporation rates are close to 0 for almost every
year. This means that the amplification of heat-wave
the June to August mean of Tmax was briefly tested, but
temperatures by soil dryness cannot increase, even
the differences between HadRM3P and HadCM3 for
in the hottest years.
this quantity were found to be excessive (‘Appendix
For summer drought, the situation is more complex.
A1’). Fig. 3a shows 2 projected time-series of the 30 yr
However, a more vigorous hydrological cycle, remean of HT5 for the northern Balkans grid cell. Both
ductions in water supply (through reduced evaporation
use bias-corrected values of Txa from HadCM3. These
and westerly transport) and increased cyclonicity
are converted to estimates of the 30 yr mean of HT5,
have all been identified as important mechanisms
using relationships between Txa and HT5 taken from
(e.g. Houghton et al. 2001), and it is not surprising that
the RCM results for 2070–2099 (A2 scenario). The solid
line uses the quadratic relationship between Txa and
the balance between these and other mechanisms
HT5 shown in Fig. 1a (thick solid curve). The dashed
could lead to non-linear relationships with Txa. The
HadRM3P shows similar patterns of surface pressure
line corresponds to a linear relationship between Txa
anomalies (indicating reduced westerly transport for
and HT5 (as in Section 3, but with curvature set to 0).
the Mediterranean and western Europe, and increased
The difference between the curves illustrates the
cyclonicity for northwest Europe) to those found by
importance (or otherwise) of the curvature in the relaRäisänen et al. (2004) (for the RCAO model).
tionship between Txa and HT5 (Fig. 1a). By definition,
the curves cross at 1975 and 2085 (corresponding to
the 1961–1990 and 2070–2099 means). However, the
4. PREDICTING CLIMATE EXTREMES USING TXA
curves differ in the rate of change of HT5 early and
FROM HADCM3
late in the century.
For impacts and adaptation, the rate of change of
If the RCM results show significant relationships
IoEs over 30 yr timescales could be much more imporbetween Txa and IoEs, then it should be possible to pretant than the change over a century. HT5 increases
dict IoEs for other scenarios and time periods using
more rapidly in the early part of the century if the quathese relationships along with Txa from the global
dratic fit is used (mid-century, the curve from the
quadratic fit leads that from the linear fit by about 9 yr).
model (HadCM3). We first apply a bias correction to
For MaxD (Fig. 3b), the curvature in the relationship
Txa from HadCM3, described in ‘Appendix A1’. This is
because the sea-surface temperatures used to force
with Txa has a rather more dramatic result. When the
HadRM3P experiments are bias-corrected using prequadratic fit is used, by mid-century the MaxD timesent-day observations (whereas HadCM3 is a coupled
series lags that from the linear fit by about 30 yr, but
ocean-atmosphere model). As an alternative predictor,
towards the end of the century MaxD increases very
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Fig. 3. Effect of estimated fit curvature on predicted evolution of each IoE over northern Balkans, from 1975 (centre of 1961–1990)
to 2085 (centre of 2070–2099). (a) HT5; (b) MaxD. Time-series estimated using curve fits and Txa from HadCM3. Dashed lines:
linear fits; solid lines: quadratic fits. See Fig. 1 for abbreviations

rapidly indeed. Such behaviour could strongly affect
impacts and adaptation in socio-economic and natural
environment contexts. A slow initial evolution, while
allowing more time for adaptation, may lead to a
degree of complacency in the socio-economic sector.
The subsequent very rapid increase in drought length
could cause much greater impacts than would a steady
increase throughout the century. This would be especially true for the natural environment, where adaptation is not pre-planned. The likely sensitivity to different forcing scenarios is also strongly
affected. The various emission scenarios only differ strongly towards the end
of the century, at which point Txa is
high. At high Txa, MaxD is very much
more sensitive to changes in Txa than is
HT5 (assuming the curvature of each fit
in Fig. 1 is roughly correct). That is, for
this grid cell, drought length is predicted to be much more sensitive than
heat-wave intensity to future emissions. Next, the European-wide picture
is examined.

variability (Issue 1, Section 3). This was seen visually
for the northern Balkans grid cell in Fig. 1 as the horizontal gap between the 2 clusters of points (small in
that case). We summarise this property for the whole
of Europe in Fig. 4 by a quantity called ‘coverage’
(defined in ‘Appendix A2’). For reference, the northern
Balkan cell (Fig. 4: white cross) has a coverage of about
0.8. The method might be expected to be less reliable
for points away from the red zone in Fig. 4 (i.e. for
North Africa and eastern Europe).

5. METHOD PERFORMANCE
ACROSS EUROPE
The method is expected to perform
best when the mean change in Txa over
the century (under the A2 scenario) is
not large compared to the inter-annual
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Fig. 4. European coverage (dimensionless units, defined in Appendix A2). White
cross: northern Balkans
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A second indicator (Issue 2, Section 3) of potential
problems with a fit is where the coupled inter-annual
variability of Txa and IoE for either 1961–1990 or
2070–2099 does not lie along the curve fit. ‘Appendix
A3’ describes a significance test for this issue based on
the Mann-Kendall rank correlation test. We apply this
test to both quadratic and linear fits, for each time
period separately. Results are shown in Fig. 5. Blue or
orange colours indicate that Issue 2 is significant,
pointing to potential problems with a fit. For the linear
fits, this is true for most of Europe (74% of grid cells).
This indicates that a linear fit in general is probably
not appropriate. In this respect, HadRM3P differs from
other PRUDENCE models, for which linear fits are
largely sufficient (not shown; see e.g. Beniston & Diaz
2004). For the quadratic fits, a much smaller problem
area is highlighted (37% over Europe; 55% over the
whole domain). This includes grid cells that are both
near to the coast and close to the same latitude as the
south of England. For this region, curve fits may be less

reliable. This suggests caution, but does not mean the
quadratic fits will necessarily be less accurate than a
linear fit in this region. For both time periods, the test
statistic is positive. This indicates that the relationship
between HT5 and Txa arising from inter-annual variability is slightly steeper than the curve fit in both time
periods. Therefore, it is not possible to satisfactorily fit
a quadratic to both data clusters. This could be because the HT5-Txa relationship is slightly different for
inter-annual as opposed to climatological timescales.
Alternatively, a higher-order curve fit might be required (not possible to investigate using the available
data). For southern Europe, this test indicates no
significant problem.
If the assumptions and execution of the method
are valid, then it should be possible, for each grid cell
to use Txa from HadCM3 along with the Txa-HT5 relationship from HadRM3P to predict the 30 yr mean of
HT5 for 2070–2099 under the B2 scenario. Since
HadRM3P results for 2070–2099 under the B2 scenario

Linear fits, 1961–1990

Linear fits, 2070–2099

Quadratic fits, 1961–1990

Quadratic fits, 2070–2099

–3.0

– 2.6

– 2.0

–1.6

1.6

2.0

2.6

3.0

Fig. 5. Mann-Kendall test results for HT5 (see Appendix A3). Linear and quadratic fits for 1961–1999, and 2070–2099 (A2 scenario)
Colour indicates the Mann-Kendall test statistic. Blue or orange: caution advised in use of curve fits. Test statistic magnitudes of 1.6,
2 and 2.6 indicate 10, 5 and 1% significance, respectively. Positive values for a particular time period indicate that over inter-annual
timescales, HT5 increases faster with Txa than does the curve fit. See Fig. 1 for abbreviations
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are available, the method may be tested. The B2 scenario results were not used to construct the relationships between Txa and HT5, so this constitutes an independent test. The ‘prediction error’ is defined as the
difference between the 30 yr mean of HT5 predicted
using our method and the equivalent value from
HadRM3P. A test of statistical significance of prediction errors is described in ‘Appendix A4’. Fig. 6a shows
the significance of prediction errors when linear relationships between HT5 and Txa are used. Fig. 6b is as
Fig. 6a, but for quadratic relationships between HT5
and Txa. For cells coloured blue, the ‘prediction error’ is
not statistically significant even at the 10% level. This
means that for these cells, our method has been used to
make an acceptable prediction of what the RCM would
calculate for HT5 under a completely different emission scenario. This is true for most of central and southern Europe for quadratic fits, and over a smaller region
for linear fits. Some regions show strongly significant
errors. However, these regions mostly correspond to
those highlighted as having potentially unreliable
curve fits, due either to low coverage (Issue 1), or prob-

lems indicated by the Mann-Kendall tests (Issue 2). It
is plausible, therefore, that the errors arose simply
because the 30 yr mean relationships between Txa and
HT5 were not estimated accurately.
However, with the available data, we cannot rule out
the possibility that it is just not sensible to define a single 30 yr mean relationship between HT5 and Txa for
these regions and these anthropogenic emissions scenarios. Fig. 6c shows the difference between the magnitudes of ‘prediction errors’ for linear and quadratic
fits. With the exception of regions with low coverage,
the ‘prediction errors’ using linear fits are either similar to or larger than those using quadratic fits. For most
of central and southern Europe, errors from linear fits
are > 50% larger than those for quadratic fits. The
negative curvature (seen over all regions with nonsignificant ‘prediction errors’) is very probably associated with extreme soil dryness by the end of the
century (discussed in Section 3). Overall, quadratic fits
appear to perform better than linear fits.
For the drought measure MaxD, the Mann-Kendall
test of Issue 2 gives significant results across sub-
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Quadratic fits
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Fig. 6. Independent tests
using B2 scenario. (a,b): Statistical significance (percentage) of ‘prediction errors’ using (a) linear fits and (b)
quadratic fits, combined with
Txa from HadCM3, to predict
what HadRM3P would calculate for HT5 under the B2
scenario. (c) Percentage difference between magnitudes
of ‘prediction errors’ from
linear and quadratic fits
(positive values indicate that
quadratic fits perform better,
with smaller errors). See
Fig. 1 for abbreviations
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stantial parts of central and southern Europe, for
both linear and quadratic curve fits (Fig. 7). This
does not mean that the curve fits are unrepresentative of the 30 yr mean relationship between MaxD
and Txa, but caution is advised. It is to be expected
that a measure of drought would show fewer clear
relationships with Txa than would a measure of heatwave severity. In contrast, the ‘prediction errors’ for
the B2 scenario using quadratic fits are not significant for virtually the whole domain (Fig. 8). Prediction errors are generally less significant for MaxD
than for HT5 because inter-annual variability in
MaxD is larger relative to the climate change signal.
However, the linear fits do show significant errors for
MaxD (Fig. 8b) across the length of the European
Mediterranean coast. ‘Prediction errors’ using linear
fits are either similar to or larger than those using
quadratic fits across almost all grid cells for which
coverage is greater than 0.7 (Fig. 4). This is true
except for a region covering Germany and Switzerland, and parts of more northerly Europe (for which
mean MaxD changes over the century are anyway
rather small).

For the cells covering France and much of Mediterranean Europe, the quadratic fits perform substantially
better than the linear fits. This region is the focus of the
remaining investigation. The robustness of this result
for Mediterranean Europe is tested using results from
the other PRUDENCE RCMs. Fig. 9 plots the estimated
curvature in the relationship between MaxD and Txa
for each of the 6 HadCM3 grid cells extending from
southwest France to west Bulgaria, for 7 different
RCMs. For the RCAO model, results from integrations
forced by 2 different driver global models are presented (HadAM3H and ECHAM4). The dashed line
marks 0 curvature (i.e. a linear relationship between
MaxD and Txa). This figure shows that positive curvature in the relationship between MaxD and Txa seems
to be a relatively common result in the current generation of RCMs. It is also found in the RCAO model
forced by ECHAM4, indicating that it is not just an
artefact of the HadAM3 boundary conditions. Further,
the strong curvature found above for the HadRM3P
model is not at all an extreme case. Rather, it is roughly
equal to the average of curvatures found for the other
models for this region.
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Fig. 7. As for Fig. 5, but for MaxD. See Fig. 1 for abbreviations
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Fig. 8. As for Fig. 6, but for
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Fig. 9. Curvature (d °C–2) in
relationship between MaxD
and Txa, for grid boxes from
southwest France to west
Bulgaria, for 6 different
RCMs and 7 different integrations (SMHI model
forced by both HadAM3P
and ECHAM4). Abscissa:
mean warming in Txa for
2070–2099 (A2), with respect to 1961–1990 mean.
Dashed line: 0 curvature.
See Fig. 1, Table 1 for abbreviations
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6. APPLICATION: IoE PROJECTIONS THROUGHOUT THE CENTURY
Now we apply the method to make projections of
HT5 and MaxD throughout the century. The quadratic
curve fits are used since they generally performed better in testing. The results for HT5 are given in Fig. 10.
The A2 and B2 scenarios give very similar values
before 2070, so those B2 results are not shown. The
results for 2070–2099 for the A2 scenario are by definition equal to the actual HadRM3P calculation. The
HadRM3P results for the B2 scenario (2070–2099) are
also shown. Under the A2 scenario, some dramatic
increases, > 7°C by the end of the century, are predicted for large parts of Europe. This increase in heatwave severity is relatively linear with time for most of
Europe, in contrast with the slightly delayed increase
in annual mean temperatures (as Fig. 3a). These
results are just an example application, not to be
interpreted too quantitatively, showing a scenario of
how European heat-wave temperatures could evolve.
Fig. 11 shows the projected evolution of MaxD. As

with HT5, some dramatic increases are found, of > 50%
in drought length under the A2 scenario. Strikingly,
for cells over France and much of Mediterranean
Europe, much of this increase occurs during the final
30 yr under the A2 scenario (the change from
2040–2069 to 2070–2099 is much larger than from
2010–2039 to 2040–2069). Such rapid increases in
drought towards the end of the century could have
large socio-economic impacts. Rapid changes over
30 yr may be much harder to adapt to than steady
change over the century, especially for the natural
environment. Similarly, the difference between the
A2 and B2 scenarios is large, showing that changes
in drought length could be strongly dependent on
emission scenario. Again, these results are purely
illustrative and large errors should be expected. However, they do show that curvature in the relationship between annual mean temperatures and drought
length could have a large impact both on drought evolution during the century and sensitivity of drought
length to emission scenarios, and should be investigated further.
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Fig. 10. Predicted evolution of HT5 (°C), using curve fits and Txa from HadCM3 for A2 and B2 scenarios. Results illustrate a
scenario of how HT5 would evolve if estimated curve fits and HadRM3P were accurate. See Fig. 1 for abbreviations
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Fig. 11. As for Fig. 10, but for MaxD. Anomalies expressed as percentages of 1961–1990 mean for each grid cell. Results only
plotted where the Kolmogorov-Smirnoff test (Lehmann 1975) indicates that distributions of MaxD for 1961–1990 and 2070–2099
(A2) are different at the 5% confidence level. Where the Kolmogorov-Smirnoff test failed, MaxD anomalies are <10%. See Fig. 1
for abbreviations

We further characterize the projected drought conditions using a ‘drought recurrence index’. The drought
indicator MaxD identifies the length of the longest dry
spell each year. As well as the length, the timing of
these dry periods is important for their socio-economic
impact. Details of this timing could be strongly dependent on the particular measure of drought used. However, a broad characterisation is made using 2 quantities. First, the date of the centre of the longest dry spell.
Second, a quantity indicating whether the dry spell is a
recurrent feature of a given time of year:
Drought recurrence index =

MaxD
σDC

covering a relatively predictable part of the year.
Fig. 12 plots the drought recurrence index. For
1961–1990 there is no well-defined recurrent dry
period over much of Europe, except for the eastern
Mediterranean. However, by the end of the century
under the A2 scenario, much of Mediterranean and
western Europe has a relatively well-defined dry
period. These dry periods occur during summer, centred on July or August. Together with the projected
increases in MaxD, this indicates a rather dramatic
change in summer water availability over large parts
of Europe.

(1)

———
—
where MaxD is the 30 yr mean of MaxD, and σDC is the
30 yr standard deviation of the date of the centre-point
of the dry spell. If this quantity is greater than about
unity, it indicates that the dry spell mean length is
similar to or longer than inter-annual fluctuations in
the timing of the spell, suggesting a recurrent feature

7. DISCUSSION
We have demonstrated the potential for a relatively
simple method for scaling climate extreme results from
high resolution RCM runs to other time periods and
other forcing scenarios. The method uses RCM results
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Fig. 12. Drought recurrence index (Eq. 1)

to estimate 30 yr mean relationships between IoEs and
Txa. Values of Txa from a lower-resolution model are
used to scale IoEs to conditions for which the RCM has
not been run. Tests highlighting potential problem
areas were suggested. The proposed method was
shown to be acceptable in reproducing RCM calculations of drought and heat-wave indices over large
parts of Europe for an anthropogenic emission scenario
not run by the RCM. For some regions, this scaling produced large errors for the heat-wave index. This was
mostly in the highlighted problem areas, but further
model data would be needed for more rigorous testing
of the basic assumptions of the method. Clear curvature in the estimated relationships appeared across
substantial parts of Europe, even though the errors in
the magnitude of the estimated curvature may be
large. However, for drought in particular, such nonlinearities could have a large impact on both drought
evolution during the century and sensitivity of regional
climate extremes to greenhouse forcing.
For heat-waves over much of Europe, the gradient
of the 30 yr mean relationship between heat-wave
temperature and Txa in the Hadley Centre HadRM3P
RCM decreases with increasing Txa. That is, for a given
rise in annual mean temperature, a bigger heat-wave
response is expected at the start of the century than
at its end. This suggests that increases in heat-wave
temperatures might be felt earlier in the century than
would be expected from a linear scaling. However,
the sensitivity of heat-wave severity to different
anthropogenic emission scenarios is relatively low in
HadRM3P. The curvature in the relationship between
heat-wave severity and Txa is easily explainable in
terms of soil dryness, and might be expected to be a
general result for sufficiently large warming. Such
curvature was not evident in a brief study of results
from 6 other RCMs, or in the result of Beniston & Diaz

(2004). This may be linked to the fact that these other
models mostly show rather less warming than HadRM3P. Also, in all but 1 case, only 60 yr of results were
available (as opposed to 180 yr for HadRM3P), making
the determination of curvature rather imprecise for
these models.
For the chosen measure of summer drought length,
the relationship with Txa was found to have strong positive curvature over southern and western Europe.
That is, the gradient of the relationship between
drought length and Txa increases with increasing Txa.
Large errors are expected in the magnitude of the
estimated curvature. However, over Mediterranean
Europe, non-linear relationships were required to
scale, acceptably, HadRM3P drought results to the
B2 scenario. Further, positive curvature in the relationship between drought length and Txa was found to be a
reasonably systematic feature over Mediterranean
Europe in several different RCMs forced by 2 different
global models. These results suggest that, for parts of
Europe, rather sudden increases in drought length
could occur towards the end of the century, while the
magnitude of this increase is strongly dependent on
the anthropogenic emission scenario. Under the A2
scenario, much of Mediterranean and western Europe
is predicted to have a substantially more robust, persistent summer dry spell by the end of the century.
These results support the view (e.g. Houghton et al.
2001) that linear pattern-scaling techniques should be
applied with caution to climate extremes. A quadratic
form relating IoEs and Txa was used for simplicity. To
suggest that the quadratic form should be abandoned
in favour of a different family of curves, more data, and
possibly a detailed investigation into the physical processes, would be required. A second point is that the
curvature of these fits could be biased because leastsquares regression assumes a uniform variance about
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the curve. For the drought indicator (MaxD), and for
some grid cells, the variance is clearly larger at the end
of the century. Hence, substantial errors should be
expected from these curve fits, and further model
experiments are required to constrain the results. However, the results still give useful information on the
behaviour of climate extremes.
Conclusions based on climate model projections
are necessarily limited by uncertainties, particularly in
model physics. However, these results are at least
‘features to look out for’. The method could potentially
be extended to the high-resolution RCM grid, avoiding
the upscaling step, but this would add further uncertainty. More reliable curve-fitting methods would also
be possible. However, more climate model data is
probably required first, to test and constrain the results
further.
The method demonstrated here could be applied to
other pairs of high- and low-resolution models. Alternatively, results produced using statistical downscaling methods could be substituted for high resolution
model calculations. For the Hadley Centre models,
the Txa was found to be a useful parameter to link the
global and regional models. For other models, different
link parameters may work better. As global models are
improved in the future, it should be possible to use less
highly-averaged parameters, such as summer mean
Txa. This will improve the reliability of the method.
These results might also suggest a different strategy
for future RCM experiments. Much more accurate estimation and assessment of the curvature in these relationships, and hence of the evolution and sensitivity
to emissions of climate extremes, would be possible
if mid-century RCM results were available. For this
particular application, results from 2 experiments for 3
different time periods (e.g. 1961–1990, 2030–2060 and
2070–2099) would be much more useful than 3 experiments for 2 time periods. Further investigation using
existing model results to explore mechanisms of change
and other extreme indices should indicate whether
such a change in resource allocation is important.
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Appendix 1. Bias correction for Txa from HadCM3

Appendix 2. Definition of ‘coverage’

Bias-corrected values of Txa were derived from HadCM3
as follows. For a given year Y1 in HadCM3 results, the
anomaly in Txa with respect to the 1961–1990 mean was
ascertained. This anomaly was added to the 1961–1990
mean from HadRM3P, giving a bias-corrected estimate of
Txa for the year Y1. These HadCM3-derived Txa values
were compared with HadRM3P results for the A2 scenario, 2070–2099. For grid cells over Europe, the anomalies with respect to 1961–1990 differ by up to 20%, with
a root mean square difference of 10% and a mean close to
0. For most grid cells, the difference between the models
in the A2 scenario is less than the uncertainty (from natural variability) in a 30 yr mean of Txa. Therefore, it seems
reasonable to use HadCM3 results with a bias correction
to estimate Txa, and hence the IoEs, for periods and scenarios where HadRM3P has not been run. However, there
is a clear large-scale geographical pattern (an approximate meridional feature, with HadCM3 generally warmer
over southern Europe and cooler over northern Europe) to
the model differences. This pattern may represent a systematic discrepancy, and a further correction was applied
as follows. The ratio between HadRM3P and HadCM3 Txa
anomalies for 2070–2099 (A2 scenario) was calculated at
each gridpoint. Then, HadCM3 Txa anomalies for other
years and other scenarios were all scaled using these
ratios. Since only 30 yr of B2 scenario results were available to test this correction, no significant advantage or
disadvantage of such a correction could be found.
Whether appropriate or not, this correction does not
change the conclusions regarding the significance of ‘prediction errors’ and has little effect on the projected evolution of IoEs. As an alternative predictor, the June to
August mean of Tmax was briefly tested. However, the
differences between HadRM3P and HadCM3 anomalies
in this quantity reached 50% over parts of Europe, so it
was clearly not useful for our purposes.

The method is expected to work best when the mean difference in Txa between the 2 data periods (1961–1990 and
2070–2099, A2 scenario in this case) is not large compared
to the inter-annual variability. This is quantified as:

coverage = 100

2σf + 2σr
Txaf − Txar

(A1)

where Txaf and σf are, respectively, mean and SD of Txa for
2070–2099, and Txar and σr are mean and SD for 1961–1990

Appendix 3. Mann-Kendall test of Issue 2
Signs of Issue 2 (Section 3) were tested as follows. First, for
each year of data, the curve fit was subtracted from the
value of IoE for that year, giving a set of 180 residuals (for
180 yr of data). This is like a de-trending procedure, with
Txa (instead of time) as the independent variable. If the
curve fit is good, then the residuals should scatter evenly
about 0 and show no correlation with Txa.
Taking the residuals for 1961–1990 only, the statistical
significance of any correlation between the residuals and
Txa was tested using the non-parametric Mann-Kendall
rank correlation test (Mann 1945, Kendall 1975). The same
procedure was repeated for the residuals of 2070–2099. If
either of the 2 anomaly clusters shows significant correlations with Txa, this means that the coupled inter-annual
variability for that cluster does not lie along the curve fit.
This does not necessarily mean the curve fit is unrepresentative of the 30 yr mean relationship of IoE with Txa, but
caution is advised.
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Appendix 4. Significance of ‘prediction errors’
Statistical significance of ‘prediction errors’ (defined in Section 5) was estimated as follows. Confidence intervals (CIs)
for this ‘prediction error’ were estimated for each grid cell
using bootstrap re-sampling with replacement (with 1000
repetitions) and a t-test (bootstrap methods described by
e.g. Hesterberg et al. 2003). At the start of each sampling
step, the 90 yr of data from 1961–1990 were re-sampled randomly, as in the standard bootstrap method. The same was
done independently for both the 90 yr of data from
2070–2099 (A2 scenario) and for the 30 yr under the B2 scenario. Both the curve fits and the 30 yr mean of the
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HadRM3P B2 results, and hence the ‘prediction error’, were
all recalculated based on this resampled data. Standard
application of the bootstrap method then allowed estimation
of CIs. The sizes of the estimated CIs were dominated here
by the uncertainty in mean of the HadRM3P B2 scenario
results, because only 30 yr of B2 results were available,
compared to 180 yr for the curve fits. Of course, this assumes
that a quadratic least-squares fit is correct: the real curve fit
uncertainty is much larger. The significant p value for a
given ‘prediction error’ may be derived directly from these
CIs.
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