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Abstract Five simple indices of surface temperature are
used to investigate the inﬂuence of anthropogenic and
natural (solar irradiance and volcanic aerosol) forcing
on observed climate change during the twentieth century. These indices are based on spatial ﬁngerprints of
climate change and include the global-mean surface
temperature, the land-ocean temperature contrast, the
magnitude of the annual cycle in surface temperature
over land, the Northern Hemisphere meridional temperature gradient and the hemispheric temperature
contrast. The indices contain information independent
of variations in global-mean temperature for unforced
climate variations and hence, considered collectively,
they are more useful in an attribution study than global
mean surface temperature alone. Observed linear trends
over 1950–1999 in all the indices except the hemispheric
temperature contrast are signiﬁcantly larger than simulated changes due to internal variability or natural
(solar and volcanic aerosol) forcings and are consistent
with simulated changes due to anthropogenic (greenhouse gas and sulfate aerosol) forcing. The combined,
relative inﬂuence of these diﬀerent forcings on observed
trends during the twentieth century is investigated
using linear regression of the observed and simulated
responses of the indices. It is found that anthropogenic
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forcing accounts for almost all of the observed changes
in surface temperature during 1946–1995. We found
that early twentieth century changes (1896–1945) in
global mean temperature can be explained by a combination of anthropogenic and natural forcing, as well
as internal climate variability. Estimates of ‘scaling
factors’ that weight the amplitude of model simulated
signals to corresponding observed changes using a
combined normalized index are similar to those calculated using more complex, optimal ﬁngerprint techniques.

1 Introduction
In Part 1 of this study (Braganza et al. 2003), ﬁve simple
indices of area-average surface temperature were used to
describe global-scale climate variability in observations
and several global climate model (GCM) control simulations. These indices were the global-mean temperature,
mean land-ocean temperature contrast, mean magnitude
of the annual cycle in temperature over land, the
meridional temperature gradient in the Northern
Hemisphere mid-latitudes and the Northern Hemisphere-Southern Hemisphere temperature contrast. On
interannual and decadal time scales, it was shown that
the covariance structure of the indices was generally
similar in long control climate simulations, detrended
observations during the twentieth century and proxy
based climate reconstructions for the period 1700–1900.
In addition, the observed correlation structure between
the indices during the twentieth century on decadal time
scales showed signiﬁcant diﬀerences to the control simulations and detrended observations. These diﬀerences
were found to be similar to anthropogenic forced climate
change simulations.
While it was suggested that changes to the indexcorrelation structure can be used as an indicator of
radiative forced climate change, an evaluation of any
such signal is better served by investigating the time-
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dependent evolution of the indices over the past century.
In a similar manner to Karoly and Braganza (2001), the
purpose of this work is to compare observed temporal
changes in the indices during the twentieth century with
model simulations of forced and unforced climate.
Whereas Karoly and Braganza (2001) examined only the
mean magnitude of linear trends from only two GCMs,
we greatly expand upon this work by including three
more climate models and model experiments including
anthropogenic (greenhouse gas and sulfate aerosol) as
well as natural (solar irradiance and volcanic aerosol)
forcing changes. In addition, we also analyse the recent
time-dependent response in the indices to discriminate
between these two forcings. We follow the approach of
several recent optimal ﬁngerprint detection studies
(Hegerl et al. 1997; Stott et al. 2000a, b, 2001; Tett et al.
1999, 2002) and use linear regression techniques to
compare the amplitude of the forced response in the
indices with observed changes. This technique is applied
to each of the ﬁve surface temperature indices separately
as well as to a single combined index of climate change.

2 Data sets
The data used here are the same as those analysed
in Braganza et al. (2003). In addition to control and
anthropogenic climate change simulations from ﬁve
coupled ocean-atmosphere climate models, we also
make use of experiments using variations of natural
forcing.
2.1 Observations
A 5 global grid of blended surface air temperature
anomalies over land and sea surface temperature
anomalies (Jones et al. 1999) is used. These data are
obtained from quality controlled instrumental observations and have been used in a majority of recent studies
in climate change. As in Braganza et al. (2003), these
data are used for the period 1880–1999, with the period
prior to 1880 excluded due to sparse coverage.
2.2 Climate model data
2.2.1 Global climate models
Near-surface air temperature data from ﬁve coupled
ocean-atmosphere climate models are included in this
analysis. Each of the models was also used in the IPCC
TAR (McAvaney et al. 2001). Very brief descriptions of
the models are given.

the vertical. The atmospheric model is coupled to an 18
level gridpoint (192 · 80) ocean model where two ocean
grid boxes under-lie each atmospheric grid box exactly.
Both models are described by Delworth et al. (2002) and
Dixon et al. (2002).
The CSIRO Mark 2 GCM (CSIRO Mk2) An atmospheric R21 spectral model with an equivalent horizontal resolution 5.6 longitude · 3.2 latitude (64 · 56)
and 9 levels in the vertical. This is coupled to a gridpoint
ocean model of the same horizontal resolution with 21
vertical levels (Gordon and O’Farrell 1997; Hirst et al.
2000).
The Hadley Centre GCMs (HadCM2 and HadCM3) Both GCMs use the same atmospheric horizontal resolution, 3.75 · 2.5 (96 · 72) ﬁnite diﬀerence
model (T42/R30 equivalent) with 19 levels in the atmosphere and 20 levels in the ocean (Johns 1996; Johns
et al. 1997). For HadCM2, the ocean horizontal grid lies
exactly under that of the atmospheric model. The ocean
component of HadCM3 uses much higher resolution
(1.25 · 1.25) with six ocean grid boxes for every
atmospheric grid box. In the context of results shown
here, the main diﬀerence between the two models is that
HadCM3 includes improved representations of physical
processes in the atmosphere and the ocean (described by
Gordon et al. 2000). For example, HadCM3 employs a
radiation scheme that explicitly represents the radiative
eﬀects of minor greenhouse gases as well as CO2, water
vapour and ozone (Edwards and Slingo 1996), as well as
a simple parametrization of background aerosol (Cusack et al. 1998).
The Max Planck Institute fur Meteorologie GCM (ECHAM4/OPYC3) An atmospheric T42 spectral model
equivalent to 2.8 longitude · 2.8 latitude (128 · 64)
with 19 vertical layers (Roeckner et al. 1996a). The ocean
model OPYC3 uses isopycnals as the vertical coordinate
system (Oberhuber 1993). As with HadCM3, ECHAM4
also explicitly represents the eﬀects of a range of greenhouse gases and includes an explicit treatment for the
radiative eﬀects of aerosols. A full description of the
coupled model can be found in Roeckner et al. (1996b).
All the GCMs include sea-ice models and representation of land-surface processes. CSIRO Mk2, GFDL
R30 and HadCM2 all include seasonal adjustments of
heat and fresh water ﬂuxes at the surface to reduce climate drift in the coupled model simulations. ECHAM4
has annual mean heat and water ﬂux adjustments while
HadCM3 has no ﬂux adjustments and maintains a stable
control climate simulation.
2.2.2 Model simulations

The Geophysical Fluid Dynamics Laboratory GCM
(GFDL R30) A spectral atmospheric model with
rhomboidal truncation at wave number 30 equivalent to
3.75 longitude · 2.2 latitude (96 · 80) with 14 levels in

2.2.2.1 Control From each of the models, we use data
from long control simulations that have been performed
without any change to the external forcing parameters.
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They therefore represent the intrinsic variability of the
modelled coupled ocean-atmosphere system. The
experiments from which we have data available are a
1000 year control simulation from CSIRO Mk2 (Hirst
1999; Hirst et al. 2000), 990 years of data from HadCM2
(Johns et al. 1997; Tett et al. 1997), 1830 years from
HadCM3 (Collins et al. 2001; Johns et al. 2003), 500
years from GFDL-R30 (Delworth et al. 2002) and 240
years from ECHAM4 (Roeckner et al. 1996).
2.2.2.2 Anthropogenic We also make use of a series of
simulations of the climate response to anthropogenic
forcing. The radiative forcing experiments used here
include anthropogenic changes in greenhouse gases and
sulfate aerosols. For the CSIRO Mk2, GFDL and
HadCM2 models, these changes are expressed as an
increase in equivalent CO2 according to IPCC scenario
IS92a along with changes in anthropogenic sulfate
aerosols represented through regional changes to surface
albedo. For the HadCM3 and ECHAM4 models, increases in individual major anthropogenic greenhouse
gases are included, together with explicit treatment of
the direct radiative eﬀect of sulfate aerosols. HadCM3
also includes a parametrization for indirect sulfate
forcing eﬀects via cloud albedo changes as well as a
representation of anthropogenic changes to tropospheric
and stratospheric ozone (Johns et al. 2003). From
HadCM2 and HadCM3, we have four independent
members of an ensemble of simulations with increasing
greenhouse gases and sulfate aerosols (GS), three GS
ensemble members from GFDL R30, two from ECHAM4 and one from CSIRO Mk2.
2.2.2.3 Natural In addition to the control and anthropogenic forcing simulations, data from transient experiments with changing solar irradiance and volcanic
aerosol forcing are also used in the analysis. Variations
in the amount of solar radiation reaching the top-of-theatmosphere form an important external forcing mechanism for climate variability. In the past, changes in the
magnitude of solar irradiance have had a signiﬁcant
forcing eﬀect on global climate (Mitchell et al. 2001;
Stott et al. 2000a, b, 2001; Tett et al. 1999, 2002). Several
reconstructions of past solar variability presently exist,
most notably by Lean et al. (1995) and Hoyt and Schatten (1993). Attempts have been made to incorporate
both these solar irradiance reconstructions into transient
climate change experiments. Here we have available an
ensemble of transient simulations from HadCM2 using
the solar forcing scenario of Lean et al. (1995), also
known as Lean, Beer and Bradley (1995) or LBB (which
we shall adopt herein). These simulations have been
previously employed in attribution studies by Tett et al.
(1999) and Stott et al. (2001). The LBB solar forcing
scenario is reconstructed annually from 1610 to 1995
and includes the eﬀect of the 11-year irradiance cycle as
well as longer-term variability components. Only the
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total solar irradiance was altered, not its spectral distribution, nor was any allowance made for possible
associated changes in ozone (Stott et al. 2001). Initialisation of the LBB simulations was performed as for the
HadCM2 GS runs. Two diﬀerent periods of estimated
solar variations were used in a four-member ensemble
for the LBB simulations, one started in the 1751 and
ﬁnishing in 1860 and three from 1890 to 1997. Since here
we are only considering simulated changes corresponding to instrumental observations over the twentieth
century, the earlier simulation is discarded so that we
eﬀectively use a three-member ensemble of LBB. It is
important to note that considerable uncertainty exists in
the reconstructed solar irradiance time series, particularly before 1979 (Tett et al. 1999), and that this limitation is implicit in results shown here.
As well as solar irradiance, radiative forcing changes
due to volcanic aerosols have also been found to have a
signiﬁcant impact on climate variability, particularly on
interannual and decadal time scales (Free and Robock
1999; Shine and Forster 1999; Crowley 2000; Robock
2000). As with solar variability, several reconstructions
of volcanic forcing now exist (Sato et al. 1993; Robock
and Free 1995; Crowley and Kim 1999; Free and Robock 1999). The reconstructions of Sato et al. (1993) are
based on ground-based observations and have been
incorporated into a four-member ensemble of transient
volcanic forcing simulations using HadCM2. These
simulations have been previously employed in the same
studies already named (Tett et al. 1999; Stott et al. 2001).
The reconstructed volcanic aerosol optical depths of
Sato et al. (1993) were applied to the model as monthly
values in four 45 zonal bands. Aerosol was spread over
model layers between the diagnosed tropopause and
10hPa (Stott et al. 2001). All four of the ensemble
members were initialised in the same manner as the
HadCM2 GS ensemble. The starting date for volcanic
forcing changes is 1850 although only three simulations
run till 1995, hence only three are used here. From
herein the volcanic forcing experiments shall be referred
to as VOL. As with solar irradiance changes, some
uncertainty exists in the reconstruction of volcanic aerosol forcing over the twentieth century.
As well as the separate solar (LBB) and volcanic
(VOL) forced simulations of HadCM2, we also make
use of a four-member ensemble of simulations from
HadCM3 forced with the combined solar and volcanic
reconstructions as described. These simulations have
been analysed by Tett et al. (2002) and Mitchell et al.
(2001). The individual ensemble members were initialised in the same manner as the HadCM3 GS runs, with
initial conditions taken from diﬀerent states of the
control run, separated by 100 years. This means that
both the GS and the combined natural forcing (NAT
from herein) ensemble members share the same initial
conditions. All four ensemble members are used here for
the period 1896–1995. Details of these and other HadCM3 ensembles can be found in Tett et al. (2002).
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3 Data coverage
As discussed by Braganza et al. (2003), spatial coverage
of the gridded instrumental data is not uniform over
time. Large areas of missing data are present in the early
part of the record and over Antarctica and the interior
of the Southern Hemisphere continents during the entire
period. On the global scale however, the suitability of
the observational data to estimate climate variability has
been established (Jones 1995; Parker et al. 1995). In
order to overcome the diﬀerences in spatial coverage
between the observations and models, Braganza et al.
(2003) deﬁne a temporally ﬁxed data mask to exclude
regions where the observations were sparse or nonexistent. This same mask (Fig. 1) is applied here to
calculate the indices from instrumental observations and
model data.

4 Simple global indices
Five simple global indices of climate change and variability, described by Braganza et al. (2003), are analysed
here. They are the global-mean temperature (GM),
mean land-ocean temperature contrast (LO), mean
magnitude of the annual cycle in temperature over land
(AC), the meridional temperature gradient in the
Northern Hemisphere mid-latitudes (MTG) and the
Northern Hemisphere-Southern Hemisphere temperature contrast (NS). These indices have been based on
some of the spatial patterns of climate change that have

Fig. 1 Data mask used in the
calculation of the indices from
both observed and modelled
data. White areas indicate
regions included in the analysis.
Shaded areas indicate regions of
sparse coverage (less than 40
years of data since 1900) that
were excluded from the analysis

been used most commonly. While they are not deﬁned to
have the same level of uniqueness as spatial ﬁngerprints,
the indices do represent the main features of the modelled surface temperature response to increasing greenhouse gases. In addition, deﬁning indices based on large
area-averages signiﬁcantly enhances the signal-to-noise
ratio, increasing the probability of climate change
detection (Wigley and Barnett 1990; Stott and Tett
1998). Braganza et al. (2003) also show that interannual
and decadal variations in four of the indices (GM, LO,
AC, MTG) are reasonably independent for unforced
climate whilst showing a coherent response for greenhouse climate change. Considered collectively, these
indices therefore provide information in addition to the
global mean alone and provide a useful signal of
greenhouse climate change.
The surface temperature data used to calculate the
indices are anomalies relative to a 30-year reference
period from the control simulations for model data and
relative to the period 1961–1990 in the observations
(Jones et al. 1999). Annual means were constructed as in
Braganza et al. (2003) using seasonal averages from
December of the previous year to November. Time
series of the indices from all data sources have been
rescaled relative to 1881–1910. In order to estimate
variability on decadal time scales, the interannual time
series are ﬁltered with a low-pass, 21-point binomial
ﬁlter (half power at periods near 10 years) as used in
Braganza et al. (2003) and IPCC TAR (Folland et al.
2001). A full deﬁnition of the indices, including their
association with aspects of the large-scale atmospheric
circulation, is given by Braganza et al. (2003).
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Global-mean surface temperature (GM): studies of
climate change detection commonly use some measure
of global-mean surface temperature. Here we simply
take the area-weighted global average of surface temperature.
The contrast between land and ocean surface temperature
(LO): LO is deﬁned as the diﬀerence between mean
surface air temperature (SAT) over land and mean sea
surface temperature (SST). This index has been chosen
to capture the pattern of greater and more rapid
warming over land than ocean (SAT - SST) that has been
identiﬁed in previous studies (Jain et al. 1999; Meehl et al.
1993).
The inter-hemispheric diﬀerence in surface temperature
(NS): NS is deﬁned as mean Northern Hemisphere
(NH) temperature minus the mean Southern Hemisphere (SH) temperature. This index has been chosen to
represent the inﬂuence of anthropogenic sulfate aerosols
in the NH, which contribute to relative cooling in the
NH (Kaufmann and Stern 1997; Meehl et al. 1993;
Santer et al. 1996; Wigley et al. 1998).
The mean magnitude of the annual cycle in temperature
over land (AC): The magnitude of the annual cycle
was calculated for each hemisphere by subtracting
mean winter from mean summer surface temperature over land. These quantities were then area-weighted
by the fraction of global land surface area in
the respective hemisphere and combined into a single
index.
AC ¼ WNH hJJA  DJFi þ WSH hDJF  JJAi
Note that AC is eﬀectively the seasonal range between
winter and summer temperatures and will be somewhat
less than the magnitude of the annual cycle estimated by
ﬁtting a sinusoid to the monthly temperatures. The
variations of AC computed here are highly correlated
with those calculated from ﬁtting a sinusoid to monthly
data. AC has been chosen to represent the range of the
annual cycle of temperature, which has been shown to be
decreasing overall in the observations mainly as a result
of increased warming over land during winter (Thomson
1995; Mann and Park 1996).
The mean meridional temperature gradient in the NH
mid-latitudes (MTG): MTG is deﬁned by taking the
diﬀerence in area averaged surface temperature from
mid to high latitude and sub-tropical zonal bands in the
NH hemisphere.
MTG ¼ h52:5 N  67:5 Ni  h22:5 N  37:5 Ni
This index has been chosen to represent the expected
high latitude ampliﬁcation of the warming due to
increasing greenhouse gases (Manabe and Stouﬀer
1980; Wigley and Barnett 1990) and the recent
observed pattern of greater warming in high latitudes
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compared to the tropics (Gitelman et al. 1997, 1999;
Jain et al. 1999). A positive trend in MTG corresponds
to a reduction in the equator-to-pole temperature
gradient.

5 Observed and simulated trends in the indices during
the twentieth century
We ﬁrst compare observed trends in the indices with
those in forced model simulations. Time series of decadal scale variations in each of the observed indices are
plotted against the ensemble mean trends from GS
simulations from all of the models (Fig. 2). Error bars
indicate the uncertainty at the 5–95% conﬁdence level
associated with ensemble sampling for an individual
realisation. For the latter part of the twentieth century,
large changes are found for GM, LO and AC in the
context of the previous 100 years. Large changes are also
found in MTG, although the signal is less clear due to
larger interdecadal variability. GS forced simulations
from all models produce similar trends to those observed
in surface warming (GM), increased warming over land
(LO) and increased warming at higher latitudes (MTG)
but underestimate both the decadal variability and the
negative trend in the magnitude of the annual cycle
(AC). This is attributable to less warming and decadal
variability in surface temperature over land during
winter in the forced simulations compared to observed
changes during the last 50 years.
Figure 3 shows the magnitude of 50 and 100-year
linear trends in observations and GS experiments over
three time periods from the low-pass ﬁltered time series. Fifty-year trends from the ﬁrst half (1900–1949)
and last half (1950–1999) of the century are shown
along with the 100-year trend from 1900–1999. For the
GS experiments, uncertainties in the magnitude of the
mean trends are the 5%–95% conﬁdence interval for
the distribution of 50 and 100-year linear trends
(sampled at 10 year intervals) from the long control
simulations. Linear regression analysis presented in the
following section shows that estimating the uncertainty
in the forced trends from the control is reasonable since
the magnitude of the ensemble sampling error can be
attributed to the intrinsic variability in each of the
models. No uncertainty estimates are shown for ECHAM4 since the length of the control integration used
here is relatively short. Inspection of the mean 50 and
100-year trends in the indices from control climate
simulations shows that the distribution of trends for
each index is similar in all the models. For all the
indices, unforced 50 and 100-year linear trends are
normally distributed about zero. By contrast, the
magnitude of observed changes over the last 50 years
are signiﬁcantly diﬀerent to the range of trends expected due to modelled internal variability for all
indices except NS (hemispheric temperature contrast).
Since the models simulate reasonably realistic internal
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Fig. 2a–e Decadal smoothed ensemble mean timeseries of indices from observations and model GS runs for the period 1900–1999. Error
bars represent the 5–95% conﬁdence interval associated with ensemble sampling uncertainty, except for CSIRO Mk2, where uncertainty is
estimated from the decadal scale variability in the control

variability in the indices (Braganza et al. 2003), here we
will use uncertainty estimated from HadCM3 to represent uncertainty in the observations. HadCM3 has
the largest variability across all of the indices and the
longest control simulation. Uncertainty in the observed

linear trends is indicated in Fig. 3 as an error bar about
zero for each index. A linear trend is deﬁned as signiﬁcant when uncertainty in the simulated trend does
not overlap with the 5–95% conﬁdence interval for the
distribution of trends from internal variability.
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Fig. 3a–c Estimated linear
trends in the indices from
observation and GS simulations
over three periods, 1900–1949,
1950–1999, 1900–1999. Error
bars represent the 5–95%
conﬁdence interval estimated
from the distribution of trends
in the control for each model
except ECHAM4 for which
there is only 240 years of
control data. Uncertainty due
to intrinsic climate variability is
estimated from the 5–95%
conﬁdence interval from
HadCM3 control integration
and represented as an error bar
about zero for the observations

While the mean observed 100-year trends for 1900–
1999 are signiﬁcant in GM (0.62 C) and AC (–0.43 C)
and relatively large for MTG (0.27 C), the temporal
response in the indices is markedly diﬀerent between the
ﬁrst and second half of the century. During the ﬁrst 50
years, observed and modelled trends in each of the
indices were not signiﬁcantly diﬀerent to estimates of
natural variability, except for GM which warmed by
0.5 C in the observations. For LO, AC and MTG, the
signal of climate change is largest over the last 50 years.
For this period, there is statistical consistency (considering estimated uncertainty due to intrinsic climate
variability and estimated ensemble sampling error) between GS simulations and observations in the majority
of models and for all of the indices except NS. Changes
in the annual cycle are too small in the models over the
last 50 years while GFDL-R30 shows no trend in MTG
over the same period. For NS, recent observed trends
are small and of opposite sign to those in the GS forced
experiments. In general however, the consistency between the observed trends and the magnitude of the GS

response in LO, AC and MTG indices, as well as GM,
provides additional evidence for anthropogenic inﬂuence
on climate over the last 50 years. It should also be noted
that none of the GS simulations, except perhaps GFDL
R30, can explain the observed GM increase during the
ﬁrst half of the twentieth century.
Figure 4 shows 50, 45 and 100-year trends for three
diﬀerent periods, 1900–1949, 1950–1994 and 1895–1994
for GS, LBB and VOL simulations from HadCM2 and
for GS and NAT simulations from HadCM3. These
periods do not correspond exactly to the GS analysis
described already, where trends were compared for the
period 1900–1999, since the naturally forced simulations
are available until 1994 only. As with GS forced simulations, estimated 50-year trends in the indices due to natural forcing are not signiﬁcantly diﬀerent to zero during
the early century. For changes in the latter half of the
century, HadCM3 NAT and HadCM2 LBB also produce
no signiﬁcant trends in the indices. Volcanic aerosol
forced trends in global mean temperature in HadCM2 are
signiﬁcant for the same period, although of the opposite
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Fig. 4a–c Estimated linear
trends in the indices from
observation and GS and
naturally forced simulations
from HadCM2 and HadCM3
over three periods, 1900–1949,
1950–1999, 1900–1999. Error
bars represent the 5–95%
conﬁdence interval estimated
from the distribution of trends
in the control. Uncertainty due
to intrinsic climate variability is
estimated from the 5–95%
conﬁdence interval from
HadCM3 control integration
and represented as an error bar
about zero for the observations

sign to the observations, and similar to HadCM2 GS for
MTG. For century scale linear trends, only the GS runs
produce changes in GM similar in magnitude to the observed. The steady increase in solar forced GM in HadCM2 over the whole of the twentieth century is reﬂected
in the magnitude of the 100-year trend, which is signiﬁcantly larger than zero (0.2 C), but not consistent with
the magnitude of the observed warming. Volcanic forcing
in HadCM2 produces a signiﬁcant trend in MTG that is
comparable with both observations and GS forcing. The
suggestion in these results is that, while changes due to
natural forcing are not generally larger in magnitude than
those expected due to intrinsic climate variability, they
may have in part contributed to observed changes in
global mean temperature and meridional temperature
gradient over the whole of the twentieth century.

6 Time dependent changes in the indices
While comparison of the magnitude of trends provides
some information about the mean response or sensitivity

to GS and natural forcing, it is perhaps not the best
method of investigating time dependent changes in the
forced response. Since the assessment of human inﬂuence
on climate would be greatly aided by the attribution of
recent observed changes to one or more forcing mechanisms, as well as an assessment of the inﬂuence of intrinsic
variability or noise, we need some method of assessing the
relative contributions that multiple forcing factors make
to observed climate change. In this section, we compare
the mean temporal evolution of the indices between
observations and forced simulations and determine
whether the residual decadal time scale variability is
consistent with estimates of internal variability or attributable to some other, additional forcing mechanism.
As outlined earlier, a common approach to attribution (following from Hasselmann 1993) is to test for
consistency in the signal amplitude of observations and
GCM transient forced simulations. This approach is
based on the assumption that observed changes S may
be represented as a linear sum of the response to l different forcing signals and internal climate variability or
noise N.
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S¼

l
X

bi Fi þ N

ð1Þ

i¼1

with bi representing the amplitude or amount by which
we have to scale the ith response signal F in order to
match observations. Equation 1 can be rewritten to
explicitly include the anthropogenic and natural simulations used here;
S ¼ b1 GS þ b2 LBB þ b3 VOL þ N

ð2Þ

or
S ¼ b1 GS þ b2 NAT þ N

ð3Þ

While many diﬀerent variations of this approach have
been taken it has been shown (Allen and Tett 1999) that
such methods are basically variations of linear or multiple-linear regression techniques. It has also been shown
(Allen et al. 2000; Tett et al. 2002) that regression
analysis reduces the impact of uncertainties in the climate response to forcing, such as the climate sensitivity,
by providing estimates of the relative linear contributions of external forcing mechanisms and internal variability to the climate change signal. Several recent
studies (Stott et al. 2000a,b, 2001; Tett et al. 1999, 2002;
Hegerl et al. 1997) have used multiple linear regression
techniques to assess the relative inﬂuence of multiple
radiative forcings in observed changes. Chapter 12 of the
IPCC TAR (Mitchell et al. 2001) contains estimates of
scaling factors for the amplitude of anthropogenic and
naturally forced model simulated signals for a range of
GCMs. Whereas the majority of previous studies have
applied these techniques to estimate the amplitudes of
space-time varying signals in an optimal ﬁngerprint
framework, our test statistic is simply the climate change
indices, considered individually and collectively as a
normalised single index. This approach simpliﬁes the
analysis of results while still providing additional
information for attribution through the spatial information contained in the indices themselves. Previous
ﬁngerprint pattern correlation studies (Santer et al.
1993) have noted that failure to detect greenhouse signal
patterns in observations may be due to the signal being
obscured by noise associated with internal climate variability. In this regard, determination of the signal-tonoise ratio of the global indices is somewhat simpler and
easier to interpret than spatially normalised optimal
ﬁngerprints.
We use a simple form of linear regression (ordinary
least squares) to investigate the amplitude consistency
between observed and simulated changes in the indices.
In an attribution context, linear regression analysis allows us to describe a relationship between the means of
the observed signal (dependent data) and the simulated
forced response (independent data) so that we may
formulate a linear relationship as in Eq. 1 that provides
a realised value of S predicted by the sum of the forcings. Here we apply single linear regression to describe
the relationship between observations and the GS forced
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response as well as multiple linear regression to investigate the relationship between observations and the
combined response due to anthropogenic and natural
forcing. For multiple regression, the independent data
are treated as a matrix of independent time series (simulated forced responses) whose linear combination is
ﬁtted to the observed timeseries. The resultant timeseries
is referred to as the realised response (best ﬁt) from the
linear combination of forced signals. The resultant scalar linear regression coeﬃcients (bi in Eq. 1) represent
the scaling required for the amplitude of the forced response in order to be consistent with observed changes.
In an attribution context, estimating uncertainty in
the amplitude scaling of model simulated signals is
useful in determining the amplitude consistency between
observed changes and the simulated forced response. In
order to determine a conﬁdence region for the amplitude
scaling for the indices, we must estimate the variance of
the linear regression coeﬃcient. Since the regression
coeﬃcient is a linear function of the observations, which
we assume to be normally distributed, we may then assume that bi is also normal. The variance of bi may then
be estimated from the variance in the residuals (regression model error) divided by the sum of squared
departures from the mean of the independent data
(Myers 1986). Here this is represented as
r2b ¼ r2N =sseF

ð4Þ

where r2N is the variance of the intrinsic noise term N in
the regression Eq. 1 and sseF is the sum of squared
departures from the mean of the simulated forced time
series. Previous studies, (Allen et al. 2000; Stott et al.
2001; Tett et al. 2002) have derived uncertainty estimates
in observed and model responses from numerical simulations. Following from these studies the intrinsic climate noise is perhaps best estimated from the control
integration. While it has also been noted that deriving
uncertainty limits from simulations may be considered a
signiﬁcant source of uncertainty in itself (Tett et al.
2002), Braganza et al. (2003) show that this is a reasonable approach in the context of the climate change
indices used here. We deﬁne a measure of noise which we
call the noise variance (r2N), calculated as the sum of the
mean 100-year internal variance from the control (r2i)
and the ensemble variance (r2e) divided by the number
of ensemble members Ne,
r2N ¼ r2i þ r2e =Ne

ð5Þ

The mean internal variance r2i is calculated from 100 year
samples taken at 50 year intervals from the low-pass ﬁltered control run as in Braganza et al. (2003). Since the
regression results were found to be sensitive to decadal
variability, the low-pass ﬁltered data was further
smoothed by taking the decadal mean, spaced evenly at
10-year intervals, so that the variability and regression
analysis are both performed using 10 decadal-mean values over the 100 year time series or samples. The relative
shortness of this record forms a limitation in this work.
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The noise variance allows us to take into account
the internal noise estimate for the observations (from
the control) and the uncertainty in the forced response
(from the ensemble mean or sampling noise) when
calculating uncertainty in the amplitude scaling. For
each model, r2i and r2e are found to be very similar
indicating that variability between ensemble members is
associated with the intrinsic climate variability of the
model. Here we use the HadCM3 control run to calculate r2i since it gives the largest estimates of internal
variance across all the indices. Conﬁdence intervals for
the noise variance are calculated using the resampled
variance (var) of r2i from HadCM3 control as in
Braganza et al. (2003). The variance of r2N is therefore
estimated as
varðr2N Þ ¼ varðr2i Þð1 þ 1=Ne Þ :

ð6Þ

Amplitude consistency tests were performed using single
linear regression analysis over the period 1896–1995 for
the observed and GS response from each of the ﬁve
Fig. 5 a Single linear regression
coeﬃcients (b) representing the
scaling amplitude of the GS
model response for each index
compared to the observed
(unity). b Multiple (linearly
combined) regression
coeﬃcients representing GS,
SOL, LBB and NAT amplitude
scaling. Error bars represent
uncertainty in scaling at the
5–95% conﬁdence interval

models and using multiple linear regression analysis over
the same period for the GS and naturally forced responses from HadCM2 and HadCM3. Figure 5a shows
the amplitude scaling factor (linear regression coeﬃcient
b1) for the GS response in each of the models and for
each of the indices as well as the associated 5–95%
conﬁdence interval. As well as the ﬁve indices, also
shown is the scaling for the single or combined normalized index (CNI), composed of the indices GM, LO,
AC and MTG. In order to apply linear regression across
all of the variables, the timeseries must have zero mean
and uniform variance. Hence, the CNI was constructed
by concatenating the zero-mean, normalized time series
of each of the indices into a single 400-year (40 point)
decadal time series. The control 100-year mean standard
deviation was used to normalise the data. As a check of
the internal variance estimate, rN was calculated for the
normalised
index and was found to be very close to
p
ð1 þ 1=Ne Þfor each model. The NS index has been
omitted from the CNI since it has been shown here to
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display no signiﬁcant response to anthropogenic forcing.
In addition, Karoly and Braganza (2001) and Braganza
et al. (2003) showed that NS is highly correlated with LO
for internal variations.
Following Tett et al. (2002) we test that the amplitude
of the simulated forced response is consistent with that
of the observed signal. If the two-tailed uncertainty includes unity then we infer consistency in the signal
amplitude at the 90% conﬁdence level. Similarly, if the
uncertainty includes zero, then we conclude that there is
no signiﬁcant signal of forcing present in the observations. Amplitude consistency plots for GS forcing are
shown in ﬁgure 5a. A signiﬁcant anthropogenic climate
signal can be detected separately in the observed LO and
AC indices in all models except CSIRO, as well as in
GM. For NS, the amplitude scaling for all the models is
not signiﬁcantly diﬀerent to zero, indicating that an
anthropogenic climate signal cannot be detected in the
interhemispheric temperature contrast. For GM there
exists remarkable amplitude consistency in all but the
single GS realisation of CSIRO Mk2 which falls just
outside the conﬁdence region. Similarly for LO of
CSIRO Mk2 and ECHAM4 where the response is too
small, as evidenced by the magnitude of the linear
trends. For CNI, consistency is found in HadCM2,
HadCM3 and GFDL-R30 but not in ECHAM4 (2
member ensemble) and CSIRO Mk2 (single run) at the
90% conﬁdence interval.
Along with the amplitude consistency, further information may be extracted from the linear regression
analysis by making use of the noise estimates we deﬁne
in the preceding section. As in Braganza et al. (2003),
where the variance of the detrended residuals from the
observations and transient experiments were compared
to the unforced variability of control simulations, the
error between the realised response and the actual observed timeseries may be compared to the noise variance
r2N deﬁned above. Diﬀerences between the realised response and observations may be expected to contain
more information than residuals calculated by removing
a polynomial trend (as in Braganza et al. 2003) since the
Fig. 6 Mean sum of squared
errors (MSE) from the linear
response (best ﬁt) in a GM and
b CNI versus the noise variance
(r2N). Error bars represent the
5–95% conﬁdence interval for
r2N. Values are degrees Celsius
· 100
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realised response eﬀectively represents the estimated
contribution of the forced response to the observed
signal. If these residual errors are consistent with the
noise variance estimate then we may infer that the observed signal is composed of the scaled forced response
plus intrinsic climate noise as in Eq. 1. As discussed
previously, given that the variability of the indices in the
control integrations of all the models is realistic, a large
mean residual error compared to internal noise suggests
that the observed signal contains responses to unidentiﬁed forcings or processes (e.g. land-surface changes),
or errors in the simulated variance and observations.
Figure 6 shows the mean sum of squared errors
(MSE) taken from the diﬀerence between the observed
trend and ﬁtted response for GS forcing alone, plotted
against internal variance for GM and CNI. Both values
shown are degrees Celsius scaled by a factor of ·100. If
the two-tailed uncertainty in the estimated internal
variance encompasses the MSE than we infer some
consistency between climate noise and residual errors.
For changes to global mean surface temperature (GM),
only the GFDL-R30 simulation has residual errors that
are consistent with unforced climate variability. For
HadCM3 GM, the magnitude of residual variability is
large when compared to intrinsic climate noise and
suggests either errors in the simulated forced response or
that other forcing factors may contribute to the observed signal. This result highlights the problems in
attributing climate change using global mean alone. For
the combined index (CNI), no signiﬁcant diﬀerences are
found between the internal variance and MSE in any of
the models.
This leads us to consideration of the relative contributions of GS and naturally forced responses to the
observed signal. Figure 5b shows the multiple regression
coeﬃcients or linearly combined amplitude scaling for
each index and forcing, as well as the combined normalized index, along with uncertainties at the 5–95%
conﬁdence interval. Looking ﬁrst at HadCM2, the
anthropogenic forced response makes a statistically
signiﬁcant contribution to GM, LO and AC but not to
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MTG and NS. GS amplitude scaling is consistent with
observations only for LO, with the relative contributions
from the solar and volcanic aerosol LO responses consistent with zero. For the realised GM response, the
amplitude of the GS response is too large compared to
the observed (i.e. the required amplitude scaling is less
than 1). The LBB forced global-mean temperature was
found to be both highly correlated with (0.91) and
consistent in amplitude with observations. While the
magnitude of the LBB GM response is much smaller
than the response to GS forcing, amplitude consistency
is inferred due to larger uncertainties in the scaling of the
LBB signal. For AC, both LBB and VOL forcing make
possible zero contributions while the GS contribution
needs to be scaled upward as may be expected from
inspection of the linear trends. Interestingly, both
anthropogenic and volcanic forced MTG responses in
HadCM2 are equally scaled and are both highly correlated (0.65 and 0.70 respectively) with the observed
changes. However considering uncertainties, both forcings make potential zero contribution to the realised
response. The observed changes in NS show reasonable
correlation with VOL forced changes (0.60) as well as
amplitude consistency. For the combined normalised
index (CNI), anthropogenic forcing is consistent with
the observed while solar and volcanic aerosol forced
signals make possible zero contributions to the multiforced realised response with large uncertainties.
For HadCM3, a more uniform result is seen across
the indices with consistency in the amplitude of the GS
signal for GM, LO, AC and MTG individually, indicating that the GS signal is detectable separately in each
of these indices even when a naturally forced signal is
also considered. However, NAT forcing is found to have
a signiﬁcant inﬂuence on GM (but not the other indices)
after uncertainties are included. We may infer from
comparison with LBB and VOL GM signals that this
result is dominated by the solar forcing response. For
the combined index (CNI), only the GS forced response
makes a signiﬁcant contribution to the observed index.
While the amplitude scaling of the NAT forced CNI
signal is of equal magnitude to observations, consistency
can not be inferred due to large uncertainty.
It must be noted that for weak forced signals, a potential source of uncertainty comes from the sensitivity
of the scaling amplitudes to the use of ordinary least
squares regression. Recent work (Allen and Stott 2002)
has shown that ordinary least squares regression
underestimates the amplitude scaling for weak signals
and small ensembles. There is therefore the potential
that the amplitude of naturally forced signals is underestimated here. Sensitivity to ordinary least squares is
not likely to aﬀect the amplitude estimate for GS forcing, as this is a stronger signal in the second half of the
century.
Amplitude scaling factors for CNI may be compared
with optimal ﬁngerprint scaling factors from HadCM2,
HadCM3 and ECHAM3/LSG from Mitchell et al.
(2001), who consider the simultaneous contribution of

individual forcing signals from greenhouse gas, sulfate
aerosol, solar, volcanic aerosol and combined solar and
volcanic aerosol simulations (see Fig. 12.12 from
Mitchell et al. 2001). Since greenhouse gas and sulfate
aerosol forcing are considered separately, we compare
GS forcing used here with greenhouse gas only forcing
from Mitchell et al. (2001) and ﬁnd that scaling amplitudes for CNI are consistent with those for optimal
ﬁngerprints for HadCM2 and HadCM3. Similarly,
scaling of the VOL CNI response is also consistent with
that for volcanic aerosol optimal ﬁngerprints in these
two models. While estimations of NAT and LBB scaling
diﬀer, the relative contribution of the natural forcing
responses (ie possibly zero with large uncertainties) is
consistent.

7 Contribution to global warming
Estimates of the contribution to observed changes from
anthropogenic and natural forcing factors may be derived by combining the estimates of amplitude scaling
from the models with the magnitude of the simulated
forced response. As shown by Mitchell et al. (2001),
optimal ﬁngerprint scaling factors may be applied to the
global-mean temperature to estimate the contribution
from forcing changes to observed global mean warming
over the twentieth century (see Fig. 12.12, Mitchell et al.
2001). In a similar manner, here we apply the CNI
amplitude scaling to the model predicted change in GM.
We calculate estimated contributions from each of the
forcing simulations considered here to global warming
over three periods, the whole of the twentieth century
(1896–1995), the latter part of the twentieth century
(1946–1995) and the early part of the twentieth century
(1896–1945). Figure 7 summarises these estimates for
GS forcing in all the models, and for the linear combination of GS and natural forcing in HadCM2 and
HadCM3. Results for the period 1946–1995 are not
shown since they are similar to those for the whole
century. In order to calculate uncertainties in the contribution to global warming from radiative forcing
changes we take into account uncertainty in the scaling
amplitude and uncertainty in the simulated forced response. Uncertainty is estimated by taking the product
of the variance for two independent, normally distributed variables. In this case our variables are the CNI
amplitude scaling X,
X  N ðb; r2b Þ
and the forced change in GM from the model simulations Y,
Y  N ðT ; r2T Þ :
We can estimate the variance in the contribution to
global warming XY as,
varðXY Þ ¼ r2b r2c þ r2b T 2 þ r2T b2i :

ð7Þ
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Fig. 7 a Estimated contribution
to global warming over the
twentieth century (1896–1995)
b Estimated contribution to
global warming during the early
twentieth century (1896–1945).
Calculated as changes in GM
from anthropogenic forcing (all
models GS) and relative
changes in GM from combined
anthropogenic and natural
forcing (HadCM2 and
HadCM3) from the multidecadal smoothed time series
and scaled with CNI amplitude
scaling. Error bars represent the
5–95% conﬁdence interval
estimated from uncertainty in
CNI amplitude scaling applied
to the estimated changes in
GM. The observed change is
calculated from the multidecadal smoothed time series
with the uncertainty taken from
the 5–95% conﬁdence interval
from the distribution of trends
from HadCM3 control
integration

The mean change T in GM is calculated as the ensemble
mean linear trend from the multi-decadal smoothed time
series. The variance of T is estimated from the range of
trends found in the control integration.
Figure 7 shows estimated contributions to global
warming from anthropogenic and natural forcing with
uncertainties at the 5–95% conﬁdence interval. Uncertainties in the magnitude of observed changes are estimated using the range of multi-decadal trends from the
HadCM3 long control integration. Considering the
period 1896–1995, GS forcing alone (Fig. 7a, panel 2)
produces scaled changes in GM that are consistent with
observed changes and internal variability. For multiple
forcing (Fig. 7a, panels 3 and 4), GS forcing contributes
most to the observed warming with smaller and statistically insigniﬁcant contributions from natural forcing.
These results are consistent with those shown in Fig.
12.10b from IPCC TAR.
Figure 7b shows the estimated contribution to global
warming during the early twentieth century. GS forcing
alone (Fig. 7b, panel 2) makes a non-zero contribution

to global warming in only two models, CSIRO Mk2
(0.06 C) and GFDL-R30 (0.15 C). Such changes cannot fully account for the magnitude of observed change
(0.35 ± 0.11 C) to global mean temperature for 1896–
1945. Previous studies (Stott et al. 2001; Tett et al. 2002)
have suggested that large changes to observed global
mean surface temperature during this period are more
likely to be explained by a combination of forcing factors rather than dominated by greenhouse gas changes.
This is supported here in analysis using HadCM3
(Fig. 7b, panel 2), which shows that anthropogenic
forced changes (0.10 ± 0.13 C) and naturally forced
changes (0.12 ± 0.11 C), as well as maximal changes
due to intrinsic variability (± 0.11 C) may explain
observed global mean surface warming for the early
twentieth century.
Since all of the forced signals are weak and the
uncertainties larger during the early part of the twentieth
century, a number of considerations need to be taken
into account when assessing the relative contributions to
the observed response. It has been noted previously
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(Johns et al. 2001; Stott et al. 2001; Allen and Stott 2002)
that the ability to detect naturally forced signals is sensitive to the various choices made in the methodologies.
While the scaled warming in HadCM2 shows possible
zero contributions from natural forcing, estimated
changes for this period were found to be highly sensitive
to the sampling period of the multi-decadal time series,
particularly for the VOL forced response. By changing
the sampling period, it is possible to detect a non-zero
contribution to global warming due to changes in volcanic aerosol forcing. The sensitivity of VOL detection
to sampling is consistent with that of Stott et al. (2001)
for decadal averages on 50 year time scales. The estimate
of natural contributions to the observed warming may
also be sensitive to the use of ordinary least squares
regression.

8 Summary
Over the last 50 years, observed linear trends in the
global-mean temperature (GM), the land-ocean temperature contrast (LO), the magnitude of the annual
cycle in temperature over land (AC) and the Northern
Hemisphere meridional temperature gradient (MTG)
are found to be signiﬁcantly larger than changes expected due to internal variability and changes in solar
and volcanic aerosol forcing. Good agreement is found
between the observed trends and greenhouse gas plus
sulfate aerosol (GS) forced response in all of the indices
except the hemispheric temperature contrast (NS), which
displays no climate change signal, and the magnitude of
AC, which shows a large negative trend in the observations that is consistently too small in each of the
models analysed here. Consistency between the observed
and GS trends in four diﬀerent indices suggests that
anthropogenic forcing has had a large inﬂuence on observed changes during the later part of the twentieth
century.
Single and multiple linear regression of the observed
and modelled response of the indices to diﬀerent radiative forcing factors provides useful information for the
attribution of recent observed climate change. Signal
amplitude consistency tests were performed to compare
anthropogenic forced changes to observed changes in
each of the ﬁve climate models considered here. The
magnitude of GS simulated and observed responses of
each of the surface temperature indices as well as a
combined normalised index (CNI) were tested for consistency. In addition, amplitude scaling was calculated
for simultaneous (linearly combined) anthropogenic and
naturally forced responses from HadCM2 and HadCM3. Results from this analysis reveal the relative
importance of anthropogenic, solar and volcanic aerosol
forcing, as well as intrinsic climate noise, in the observed
changes in the indices. For the four climate change
indices, GM, LO, AC and MTG, there is good agreement in the amplitude of the observed and GS signals in
almost all of the models. In addition, the GS-forced

model simulations show reasonably high correlation
with observed changes, although results vary between
the models. For global mean temperature, results indicate that GS forcing has a signiﬁcant inﬂuence on
changes during the twentieth century and dominates the
climate change signal over the last 50 years. For the
early part of the century, changes to GM may be explained by a combination of natural and GS forcing, as
well as internal climate variability. This result is consistent with the IPCC Third Assessment Report
(Mitchell et al. 2001) and several recent studies (Stott
et al. 2000a, 2000b, 2001; Tett et al. 1999, 2002). The GS
forced response is also found to dominate the observed
LO signal.
For changes to AC, we may infer from multiple
regression analysis that diﬀerences between the large
observed trend and the more modest GS forced response
are unlikely to be explained by contributions from solar
or volcanic forcing. Similarly, comparison of residual
errors between the observed and realised response due to
multiple forcing with estimates of unforced climate
variability suggest that these diﬀerences are also unlikely
to be explained by uncertainty due to climate noise. It is
therefore likely that the GCM simulation of AC is
inadequate or that the observations are responding to
some as yet unknown forcing. Of all the models considered here, changes to AC are largest in HadCM3.
This model includes more realistic representation of
clouds, including some representation of the indirect
eﬀect of increasing aerosols on clouds, and no ﬂux
adjustments. Two ensemble members from HadCM3 GS
simulations produce relatively large trends (–0.38 C
and –0.35 C) for the period 1950–1999 that may be
considered consistent with observations (–0.49 C) after
taking into account sampling uncertainty.
While results also indicate that GS forcing can explain much of the observed signal in MTG, results from
HadCM2 indicate that volcanic aerosol forcing may also
produce changes in MTG that are consistent with
observations. This result supports suggestions from
previous studies (Graf et al. 1998; Mao and Robock
1998; Kirchner et al. 1999) that changes in circulation
and warming in the Northern Hemisphere high latitudes
may be associated with volcanic eruptions.
Detection results for MTG again underline the limitations of using a single indicator of climate change in an
attribution context. Considered alone and over short
periods (less than 100 years), MTG and to a lesser extent
global mean temperature provide ambiguous evidence
for the attribution of climate change as they do not
clearly diﬀerentiate between the eﬀects of anthropogenic
and natural forcing. In this respect, the combined normalised index provides an improved signal of climate
change in much the same manner as spatial ﬁngerprints,
while being easier to analyse and interpret. For the CNI,
only the GS response was found to have both consistent
amplitude and temporal correlation with the observed
index in all of the models except CSIRO Mk2 and
ECHAM4 (both of which have relatively small GS
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ensembles, with 1 and 2 member ensembles respectively).
In addition, residual errors from regression of the GS
forced responses of CNI are found to be consistent with
climate noise. Considering multiple forcings simultaneously, the contribution of natural forcing factors to
changes in CNI over the twentieth century are not signiﬁcantly greater than changes due to internal climate
variability. Amplitude scaling factors from CNI applied
to global warming estimations are also found to be
consistent with more-complex optimal ﬁngerprint results
and reinforce evidence that GS forcing makes a signiﬁcant and dominant contribution to observed climate
change during the last 100 years.
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