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Abstract Fingerprint techniques for the detection of
anthropogenic climate change aim to distinguish the
climate response to anthropogenic forcing from
responses to other external influences and from internal
climate variability. All these responses and the charac-
teristics of internal variability are typically estimated
from climate model data. We evaluate the sensitivity of
detection and attribution results to the use of response
and variability estimates from two different coupled
ocean atmosphere general circulation models (HadCM2,
developed at the Hadley Centre, and ECHAMS3/LSG
from the MPI fiir Meteorologie and Deutsches Kli-
marechenzentrum). The models differ in their response
to greenhouse gas and direct sulfate aerosol forcing and
also in the structure of their internal variability. This
leads to differences in the estimated amplitude and the
significance level of anthropogenic signals in observed
50-year summer (June, July, August) surface tempera-
ture trends. While the detection of anthropogenic
influence on climate is robust to intermodel differences,
our ability to discriminate between the greenhouse gas
and the sulfate aerosol signals is not. An analysis of the
recent warming, and the warming that occurred in the
first half of the twentieth century, suggests that simula-
tions forced with combined changes in natural (solar and
volcanic) and anthropogenic (greenhouse gas and sulfate
aerosol) forcings agree best with the observations.
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1 Introduction

Model simulations predict changes in climate in re-
sponse to anthropogenically induced changes in the
composition of the atmosphere. In order to have more
confidence in model simulations of future climate, it is
useful to detect and quantify the model simulated an-
thropogenic climate change in observations. As pointed
out by Santer et al. (1996a) and Hasselmann (1997),
detection and attribution of anthropogenic climate
change requires that the observations are:

1. Inconsistent with internal climate variability only. In
the following, we refer to variability due to the in-
ternal dynamics of the atmosphere-ocean system as
“climate noise”, to distinguish it from ‘“natural cli-
mate variability”, which encompasses climate noise
and additionally the climate response to naturally
occurring climate forcings, for example volcanism;

2. Consistent with an assumed combination of external
forcing mechanisms which includes anthropogenic
forcing, (for example to the increase in greenhouse
gases and sulfate aerosols) and;

3. Inconsistent with other conceivable explanations of
externally forced climate change (for example, com-
binations of natural climate forcing alone).

In this context, “inconsistent” implies that a disagree-
ment between model and observed data is larger than
the uncertainties in the observations and in model-based
estimates of the climate noise and expected climate
response.

Many studies have shown that the most recent
observations of changes in surface and free-atmosphere
temperatures cannot be explained by (model-estimated)
natural climate variability alone. The observations agree
best with model simulations that account for changes
in greenhouse gases and sulfate aerosols, and possibly
also stratospheric ozone (for example, Santer et al. 1995,
1996a, b; Mitchell et al. 1995a, b; Tett et al. 1996; Hegerl
et al. 1996, 1997; North and Stevens 1998; Wigley et al.
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1998; Tett et al. 1999; Stott et al. 2000). All these ap-
proaches rely on data from climate models to estimate
both the space-time pattern of the climate response to
external forcings (“‘climate change signals™) and the
magnitude and patterns of internal climate variability.
Only some authors check for the validity of the estimate
for climate variability. However, a more rigorous
detection and attribution of climate change would have
to take model errors, errors in the forcing and errors in
the observations into account.

We investigate the impact of uncertainties in model-
based estimates of anthropogenic climate-change signals
and internal climate variability on optimal detection
results. We do this by applying data from two different
models in an optimal detection method. We identify the
major model differences in these estimates, and examine
their effect on detection and attribution results.

Optimal detection methods are powerful tools for
detecting climate change and attributing it to a combi-
nation of external forcings (Hasselmann 1979, 1993,
1997; Bell 1986; North et al. 1995; Allen and Tett 1999).
However, optimal detection methods are also especially
sensitive to model error. The reason is that not only the
climate change pattern, but also the covariance of
climate noise (required for computing optimal finger-
prints) is derived from climate model data. The climate
change signal together with the noise covariance yields
an optimal fingerprint which helps to focus mostly on
those features of the climate change signal which are
most distinct from noise. Therefore, optimal finger-
prints produced from different signal patterns and
different noise will yield at least quantitatively different
results.

We use two sets of optimal fingerprints derived from
two different global coupled ocean-atmosphere general
circulation models (OAGCMs): The “Had” fingerprints,
where the signal patterns, and the estimate of the noise-
covariance were derived from simulations with the
Hadley Centre’s HadCM2, and the “MPI” fingerprints,
where the signal patterns and noise covariance were
derived from simulations with the ECHAMS3/LSG
coupled model. We use both sets of fingerprints to first
estimate the observed amplitude of the combined effect
of greenhouse gas and sulfate aerosol forcing, and then
apply a two-signal analysis using a greenhouse gas only
and a sulfate only signal pattern. Independent data from
the ECHAM3/LSG and HadCM2 control simulations
are used in both cases to assess signal amplitudes
occurring due to climate noise only.

The individual results from both models have been
used previously for optimal detection studies. Results
from various versions of the MPI coupled models have
been used to detect climate change in surface tempera-
ture, demonstrating that recent observed 30-year trends
are significantly stronger than trends occurring due to
internal climate variability (Hegerl et al. 1996; Hegerl
et al. 1997). This conclusion did not depend on whether
the model simulations involved changes in greenhouse
gas alone or also changes in sulfate aerosols. It was also
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independent of which of three coupled models was used
to estimate the covariance structure of climate noise. The
stability of this result is mainly due to two factors: the
strength of the observed global mean warming trend over
the recent decades, which dominates smaller scale pattern
information, and the use of statistics that preserve the
spatial means of the fields being compared (Santer et al.
1995; Hegerl et al. 1996; Stott and Tett 1998).

Further work with MPI model simulations has shown
that the recent observed 50-year temperature trends
in summer are in closest agreement with simulations
incorporating combined greenhouse gas and sulfate
aerosol forcing. The observations are inconsistent with
climate noise and the simulated response to greenhouse
gas forcing only. Additionally, the observations are
marginally inconsistent with climate change due to solar
forcing alone (Hegerl et al. 1997; henceforth H97).

Tett et al. (1999, in the following, T99) and Stott
et al. (2000; in the following, S00) have used the Had-
CM2 simulations to estimate the amplitude of the
model’s time-space climate-change pattern in observed
near-surface temperature records. They demonstrated
that the observations contain a significant greenhouse
gas-plus-sulfate aerosol signal, and also found some
evidence for a solar forced component in the first half of
the century. There are a number of technical differences
between the approach used in T99 and SO0 and that
employed here and in H97.

The main difference is that while T99 and S00 use the
full time-space evolution of decadal mean data over
50-year periods in their optimization strategy, the pre-
sent work and H97 rely on patterns of 50-year sum-
mertime temperature trends (JJA). In the latter case, the
optimization is in space only and does not explicitly use
information on the temporal evolution of the predicted
climate-change signal. This has disadvantages in distin-
guishing spatially correlated signal patterns with differ-
ent time history (e.g., signals for sulfate and greenhouse
gas, or solar and greenhouse gas forcing). However, for
intercomparisons, this has the advantage that model
differences in temporal behavior need not be considered
in attempting to understand model differences in
optimal fingerprints.

The comparison between the results obtained with
the Hadley Centre (Had) and MPI fingerprints (MPI)
gives an indication of the sensitivity of earlier detec-
tion and attribution results to model signal uncer-
tainties. It also helps to highlight current uncertainties
in model estimates of the response to anthropogenic
forcing.

The work is organized as follows: the optimal detec-
tion and attribution method is briefly outlined in Sect. 2.
Section 3 discusses the observations, the climate change
simulations and the estimates of climate noise. Differ-
ences in climate change patterns and climate noise are
assessed in Sect. 4, while Sect. 5 discusses the results
of applying the detection and attribution method using
fingerprints from different models. Conclusions are
given in Sect. 6.
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2 Optimal detection and attribution method

The theory of detection and attribution using optimal fingerprints
is well established (we use notation as in Hasselmann 1979, 1993,
1997; Allen and Tett 1999). Here, only those aspects of the method
are briefly outlined which are required to understand this work.
The method is based on estimating the amplitudes of one or more
patterns, g,,v=1,2,...,p, of response to external forcing(s) in the
observed pattern of climate change from the observed climate state
V= (%)

i=l..n*

P
Y => ag,+ 7P . (1)
v=1

a, denotes the amplitude of each signal guess pattern g, in the
observations. If all forcings are taken into account, ¥, is a noise
residual. The best (least noise influenced) estimate of the ampli-
tudes a, can be obtained by a multivariate regression using the
inverse noise covariance in the scalar product (Hasselmann 1979,
1997, H97; Allen and Tett 1999; see also North et al. 1995). We
focus on the case that climate change signals are orthogonal to each
other (relative to the same scalar product),

2)

where P, is a realization of climate noise and “< -, > denotes the
expectation.

Then the amplitudes a, of signals are computed by
a, = ng’1 Y. 3)

Sf-u=C"lg, is referred to as “optimal fingerprint”. The use of
greenhouse gas and orthogonalized sulfate fingerprints represents a
stepwise regression. This is appropriate when the second signal
represents a perturbation of the first. Allen and Tett (1999) and T99
use a multiregression procedure which treats all signals identically.
Tests for consistency between simulations and observations are
identical in the two approaches (Hegerl and Allen, in prep.).

The process of detection and attribution of anthropogenic
climate change consists of comparing the estimated vector of
amplitude estimates of the climate change signals from the obser-
vations @, = (a,,hx)vzl,,p with that from model simulations run
with different forcing histories @i, ..., ay,. Both the estimated
amplitudes of climate change patterns in observed and model data
deviate from the ‘true’ underlying amplitudes a,ps and ayy, . . ., @y,
due to the following uncertainties:

1. Ol: climate noise influence on observed pattern amplitude es-
timates a,p. Even if optimal detection methods are applied,
noise cannot be completely separated from the signal.

2. 02: observational sampling error, which affects @,,. Sampling
error occurs since an observed gridbox value is the average of a
limited number of stations, and since trend values at a gridbox
are computed even if individual months and single seasons are
missing (see Hegerl et al. 2000).

3. O3: instrumental error affecting a5, €.g., measurement errors
and uncertainties in corrections applied for inhomogeneities.

4. MI1: sampling noise in the model estimated climate change
signal, which depends on the number of simulations which have
been averaged and the statistics of the model’s noise. Ml
influences the model amplitude ay, and, through noise in the
fingerprint also @ ps.

5. M2: systematic errors in the model signal pattern and its am-
plitude due to model errors affect both ay and, through the
fingerprint, also apy.

6. M3: uncertainties and errors in the forcing of a model simula-
tion also affect both a,, and ap,.

Climate change is “detected” if the null hypothesis @, = 0 is re-
jected given a s and all uncertainties that affect a,;,. Note that for
that detection test, M1 to M3 yield an underestimate of signals and
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hence conservative results (see Hegerl and North 1997; Allen and
Tett 1999). The attribution test ideally assesses if the differences
between the observed amplitude estimates a,p, and that in each of
the model simulations aj, can be explained by all combined un-
certainties O1-O3 and M1-M3 (Hasselmann 1997). For that pur-
pose, it is assessed if the difference a,p; — @, is consistent with the
uncertainty in the amplitude estimates from the model simulation
and the observations. The null hypothesis is tested that both am-
plitudes are identical, and the difference is due to the above listed
uncertainties only. If this hypothesis is rejected at a given signifi-
cance level for a model simulation’s amplitude estimate, the model
simulation, and along with it, the associated forcing mechanism is
rejected as a plausible cause for the observed climate change signal
at the specified risk (significance) level. Otherwise, no significant
disagreement has been found between the observations and the
model simulation and the forcing mechanism is considered a
plausible cause for climate change.

H97, T99 and SO0 incorporate O1 in the attribution exercise.
Jones et al. (1997) have estimated observational sampling error in
02, which Hegerl et al. (2000) have applied in an optimal detection
study. Results indicate that the effect of sampling uncertainty is
small if areas not covered by observations are excluded from the
detection and attribution exercise (Hegerl et al. 2000). For con-
servativeness, we incorporated the effect of instrumental sampling
error in the present study. North and Stevens, (1998) avoid part of
the sampling error by reducing their analysis to a number of con-
tinuously reporting gridboxes. Instrumental error O3 cannot be
fully addressed at present, but is estimated as small, particularly for
recent trends (Jones et al. 1999 see also Hegerl et al. 2000).

H97, T99 and SO0 also incorporated the effect of M1 on a,,.
For M2 and M3 only some sensitivity studies have been performed:
Santer et al. (1996b) used signals from different models in pattern
correlation studies. Barnett et al. (1998) have studied model un-
certainty in atmospheric GCMs by comparing the differences be-
tween observations and simulations with several atmospheric
GCMs forced with observed sea-surface temperature. They found
temporal and spatial coherence in the differences, which however,
did not project strongly onto anthropogenic signals on multi-
decadal time scales (note that errors which differ from the signal
shape could potentially also have a severe effect on distinguishing
between several, similar signals). Barnett et al. (1998) could not
separate true model error from atmospheric model noise, and hence
determine the covariance structure of the model error. Tett et al.
(1996) and Santer et al. (1996b) included sensitivity tests regarding
the effect of stratospheric ozone forcing. A systematic treatment of
pattern errors due to M2 and M3 is not possible at present.

This study systematically investigates the effect of the uncer-
tainties in the model response to anthropogenic forcing (M2). This
is done by constructing different sets of optimal fingerprints using
simulations from two different models run with similar anthropo-
genic forcing. Amplitude estimates from these simulations are
compared to the observations using both sets of optimal finger-
prints. Both signal and noise uncertainties influence the optimal
detection results (Eq. 3), as can be demonstrated if we assume that
the signal g, = (gu1, - - -, gun) and the observations ¥ = (y,...,¥,)
have been transformed into the space of the eigenvectors
of the noise covariance matrix C (Eq. 2), making it a diagonal
matrix (“EOF-coordinates”). The amplitude estimate for each
signal (assuming again that signals are orthogonal) can then be
written as

G " Vi
-yt @

with /; denoting the eigenvalues of C. Using non-orthogonal fin-
gerprints will yield more complicated algebra, but a similar de-
pendence. The division by the eigenvalues of climate noise ensures
that signal components associated with little noise (small 4;) are
emphasized relative to those with large noise contribution. Equa-
tion 4 shows that both the signal vector and the climate noise
covariance influence the detection variable and therefore the
estimated amplitude of the signal in the observations.
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3 Data

3.1 Observations

We use an improved dataset of near-surface temperature
observations (Parker et al. 1994; Jones 1994a, b). This is an update
of the dataset used previously in H97 (Jones and Briffa 1992).
The data are compiled as sea surface temperature and near-surface
temperature anomalies with respect to 1961-1990 on a 5° longitude
by 5° latitude grid. Differences between the earlier and later version
are generally small and are related to improved gridding techniques
and to changes in quality control techniques and the selected
reference period. This leads to small coverage differences. In order
to keep results comparable to the previous results, data coverage of
the previous analysis has been only modified by excluding
gridpoints which are no longer covered in the updated dataset.
Results proved to be relatively insensitive to slight changes in
coverage.

3.2 Climate model simulations

Output from three different global coupled OAGCMs have been
used. Both modeling centers now have improved models (Collins
et al. 2000; Gordon et al. 2000; Roeckner et al. 1999), but at the
time of writing, these had not been used to produce the long control
simulations and ensembles of anomaly simulations which facilitate
the accurate estimates of the model’s noise and response charac-
teristics that are needed for optimal detection techniques.

All model data have been bi-linearly interpolated to the same
grid as the observations prior to all analyses shown here.

1. ECHAM3/LSG (“HAMS3L”; Voss et al. 1998): this model has
an updated atmospheric component (ECHAM3) and is other-
wise similar to the ECHAM1/LSG model (Cubasch et al. 1992),
which features a spectral resolution of T21 (approximately 5.6°
by 5.6° degrees). We use data from climate change simulations
and a long control simulation (more than 1500 years). Some
uncertainty is introduced by a drift in the HAM3L control
simulation. The drift appears to originate in the ice edge area of
the Southern Hemisphere and causes a global mean warming of
0.5 °C in the first 300 years and a slight drift afterwards. Since
the drift is strongest in the first 160 years, these have been
excluded from the analysis to avoid that the drift influences the
noise estimate from HAMS3L. For the purpose of comparison
with previous results (H97) we also refer to the older
ECHAMI/LSG control simulation (“HAMIL”, von Storch
et al. 1997).

2. HadCM2 is the second cycle of the Hadley Centre climate
model (Mitchell et al. 1995a; Johns et al. 1997; Tett et al. 1996).
The HadCM2 model has a finer resolution of 2.5° lati-
tude x 3.75° longitude than the Hamburg models. The control
simulation is over 1700 years long (Tett et al. 1997). Four-
member ensembles of four climate change simulations have
been used in the present study.

The following anthropogenic climate change simulations have been
performed with one or both models:

Climate change due to greenhouse gases

One simulation with HAM3L and an ensemble of four with Had-
CM2 have been forced with observed “‘equivalent”” CO, increases
from the previous century to the present, and slightly different
scenarios of greenhouse gas forcing thereafter (for HAM3L the
IPCC 1990 scenario A, which is approximately a 1.3% increase, see
Cubasch et al. 1996, and for HadCM2 a 1% increase, Mitchell and
Johns 1997). In the following, the ensemble means for these inte-
grations are denoted by “G”. The HadCM2 results are averaged
over four realizations, while the HAM3L result is based on a single
integration.
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Climate change due to greenhouse gases
and anthropogenic sulfate aerosols

The ensemble means of two simulations with HAM3L and four
with HadCM2 are referred to as “GS” (Mitchell and Johns 1997,
Cubasch et al. 1996). The greenhouse gas forcing is the same as in
G, and the direct effect of sulfate aerosols has been taken into
account through a change in annual mean surface albedo in both
models. The aerosol forcing data have been provided by Langner
and Rodhe (1991). While ECHAMS3/LSG uses decadal mean
forcing fields, with a spatially varying pattern (Cubasch et al.
1996), HadCM2 uses the 1990 forcing pattern scaled to the total
annual forcing (Mitchell and Johns 1997), however, the differences
are small. Note that there is a large uncertainty in the sulfate
aerosol forcing on climate (Penner et al. 1995; Haywood et al.
1997). The direct sulfate aerosol forcing in both models is ap-
proximately —0.6 to —0.7 W/m? for the present. This is larger than
the TPCC best estimate of —0.4 W/m? but within the given
uncertainty range (IPCC 1996). Note that detection of a sulfate
pattern in observations should be insensitive to the pattern am-
plitude in the model and therefore should not be sensitive to this
uncertainty. In optimal detection, the magnitude of the sulfate
pattern is estimated from observations, and the orthogonal sulfate
pattern is independent from the relative magnitude of sulfate to
greenhouse gas forcing in the model (disregarding nonlinear effects,
which are found to be small, Haywood et al. 1997). Both models
neglect the indirect effect of sulfate aerosols on cloud formation,
which is highly uncertain in pattern and amplitude (Boucher and
Lohmann 1995; Jones et al. 1994; IPCC 1996). This effect has been
incorporated in some recent simulations (Roeckner et al. 1999;
Tett et al. in preparation).

We would also like to determine whether the response to
natural forcings projects on anthropogenic climate change signals
and therefore might, if not taken into account, lead to errors in
estimates of anthropogenic signals. The following simulations have
been used:

Solar forced climate change

We analyzed the ensemble mean of two simulations of HAM3L
(Cubasch et al. 1997) and four of HadCM2 which were forced with
estimated change in solar radiation according to Hoyt and Schatten
(1993) and are referred to as “Sol”. The HAM3L simulations end
in the last year of the Hoyt and Schatten forcing data (1992), while
the HadCM2 simulations have been continued using data from
Willson (1997) until 1995. Note that also for this forcing there is a
very large uncertainty in the correct magnitude and time evolution
of solar radiation changes before the satellite period (see Lean et al.
1995).

Climate change forced by explosive volcanism

Four simulations of HadCM2 are based on the stratospheric
aerosol forcing as estimated by Sato et al. (1993), whose average is
referred to as “Vol”. Again, the exact magnitude of the forcing is
uncertain, although the timing of the eruptions and the explosivity
is approximately known. Some uncertainty is introduced by a drift
in Vol which is probably caused by the net negative forcing, while
the model is tuned to be drift free in its control climate, which has
no background stratospheric aerosol levels.

The detection and attribution results based on these simulations
are subject to several caveats, which need to be kept in mind: first,
with the exception of well-mixed greenhouse gases, there are rela-
tively large uncertainties in radiative forcing. Second, the assess-
ment of consistency between simulations and observations depends
on estimates of the climate’s internal variability. The realism of the
model noise on the required 50-year time scale cannot yet be
assessed with confidence; differences between noise estimates from
different models (see Figs. 4, 6, Hegerl and North 1997; Stouffer
et al. 2000) show that the reliability of model noise estimates
is uncertain at present. Paleodata might provide some additional



Hegerl et al.: Optimal detection and attribution of climate change: sensitivity of results to climate model differences

information (e.g. Jones et al. 1998, Mann et al. 1998) however, they
reflect both externally forced and internal climate variability. Also,
uncertainties in paleo records suggest some caution in their inter-
pretation (see Barnett et al. 1996, Jones et al. 1998).

4 Model differences
4.1 Climate change patterns

We have derived spatial patterns that represent expected
climate change from the G and the GS simulations. In
the present approach (as in H97) we performed an EOF
analysis on summertime temperature data from the an-
thropogenic climate change simulations in order to se-
parate the underlying climate change signal from climate
noise. It was found that the time evolution of the first
EOF describes the most important space-time features
of the signal and effectively filters out much of the noise
for the GS signal in a similar manner as for the G signal
(Cubasch et al. 1992; Santer et al. 1994, H97), reducing
the effect of error M1 on the signal and hence on a ;.
The disadvantage is that the first EOF also tends to be
dominated by the 21st century response, when forcing
and signal are largest, causing errors in present climate
change signals if there are time-space-varying compo-
nents of the forcing and climate response (see Santer
et al. 1996¢). More discussion of using the first EOF as a
signal pattern can be found in the Appendix. T99 and
S00, in contrast, use present day climate signals from an
ensemble of simulations in the same manner as from the
observations. This should yield a more realistic repre-
sentation of the present climate change signal. However,
a large ensemble size is required to effectively remove
superimposed climate variability. T99 note that residual
noise in the signal pattern (which are derived from an
average of four realizations) can lead to a low bias in the
estimated amplitudes of the climate change signals (Al-
len and Tett 1999), which can be addressed by a total
least square approach (Allen and Stott 2000, Allen et al.
2000). Using contemporary signal patterns is less feasi-
ble for HAM3L data, since the ensemble sizes are even
smaller (two and one respectively). This approach has
therefore not been applied here.

For greenhouse gas forcing only, the HAM3L signal
pattern shows the most pronounced warming over the
northern midlatitude continents and shows a rather
large region of little warming in the North Atlantic
(Fig. 1). The HadCM2 signal pattern shows cooling in
a more localized area of the North Atlantic, and also
enhanced warming over the continents, however, with
less emphasis on the northern midlatitudes (Fig. 1). In
HadCM2, the tropical oceans warm more strongly than
in HAM3L, while the Southern Hemisphere oceans
warm less. Also, the North Pacific warms less, which
may be caused by a relatively strong negative cloud-
feedback in that model (Senior 1999). The greenhouse
gas and sulfate aerosol signal pattern in HadCM2
(Fig. 2) shows reduced warming in the NH midlatitudes
as compared to the greenhouse gas only simulation for
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Greenhouse Gas forcing
a HAM3L

36N 60N 90N

90S 60S 30S 0

30N 60N 90N

908 60S 30S 0

o

-0.7 -0.6 -0.5 -0.4-0.3-0.2-0.1 0.10.2 0.3 0.4 0.50.6

Fig. 1a, b Signal pattern of greenhouse gas only climate change (G) in
a ECHAM3/LSG (“HAM3L”) and b HadCM2. Only gridpoints are
shown (and were used in the analysis) which are sufficiently covered
by observations in the recent 50 years. Both patterns are based on
an EOF analysis of each model’s greenhouse gas simulation and
normalized to the same total variance over the areas covered with
observations. Note the pattern differences in the Southern Hemi-
spheric ocean, the tropics, the midlatitude Pacific and Atlantic and the
Northern Hemisphere midlatitude landmasses

both models. However, the differences between the G
and GS spatial patterns are much larger in HAM3L
than in HadCM2 as also indicated by their pattern
correlation (correlation without spatial mean r* = 0.3
compared to »* = 0.7, Table 1). HadCM2’s GS and G
patterns are more similar to each other than to the re-
spective HAM3L signal with the same forcing (+* ~ 0.5).
The HadCM2 signal patterns used here are very similar
to those discussed in Mitchell and Johns (1997). Réiséa-
nen (1997, 1999) discusses physical differences between
both models” anthropogenic climate change simulations
and speculates that in the large warming in NH midl-
atitudes in the greenhouse gas only simulation with
HAMZ3L is related to a drying of soil moisture in sum-
mer, which is absent under combined greenhouse gas
and sulfate forcing and in the HadCM2 simulations.
We have not used fingerprints for the natural climate
forcings (solar and volcanic forcing). As mentioned, we
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Greenhouse Gas-plus Sulphate Aerosol forcing
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Fig. 2a— Same as Fig. 1, but for the greenhouse gas-plus-sulfate
aerosol pattern (GS). The bottom panel c shows the GS pattern from
the HAM3L simulation, after it was orthogonalized (Eq. 2) relative
to the HadCM2 pattern. This pattern focuses on the difference
between the HAM3L pattern and the HadCM?2 pattern (i.e., on the
parts of the HAM3L pattern not represented by the HadCM?2
pattern). The most prominent features are enhanced warming in the
HAM3L signal pattern in the Southern Hemisphere Oceans and the
North Pacific, compared to reduced warming in the tropics and large
parts of the Northern Hemisphere midlatitudes

want to study the naturally forced climate signals only in
terms of their influence on estimates of the anthropo-
genic signals. Additionally, the natural climate forcing is
smaller than the anthropogenic forcing on long time
scales, leading to a stronger influence of climate noise on
the signal patterns and problems in deriving them. Cu-
basch et al. (1997) found no substantial differences in
the spatial pattern of surface air temperature in response
to solar and greenhouse gas forcing. We suspect that the
derivation of a volcanic signal would be similarly diffi-
cult.
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4.2 Internal climate variability

In all fingerprint detection and attribution approaches,
the differences in the signal patterns affect estimated
signal amplitudes while between-model differences in
climate noise affect the estimated significance level of a
detected climate change. In optimal detection methods,
noise uncertainties additionally affect the estimate of
signal amplitudes through the estimate of the noise co-
variance (see Eq. 4). Differences between annual mean
surface temperature variability in two of the long control
simulations applied here have been investigated in
Stouffer et al. (2000). The authors found that the most
general features of variability, for example, the enhanced
variability over NH continents, were quite similar be-
tween the coupled climate models (note that differences
between the models increased for longer time scales). To
the extent that model-simulated variability reflects
variability in the real climate system, using the models
inverse covariance for the regression norm should
therefore give more stable and efficient estimates than
using an Euclidean norm (Eq. 3), where noisy features
are associated with the same weight as stable features.
However, the authors also found differences: HadCM?2
shows a generally higher level of variability than
HAM3L, which in turn was found to be more active
than HAMI1L (H97) and somewhat less active than the
observations. Also, a common EOF analysis of 5-year
averaged data showed that the variance associated with
dominant patterns of variability varies between the
models (Stouffer et al. 2000; see references for common
EOFs therein). Such a difference would introduce dif-
ferent eigenvalues 4;, and therefore differences in the
amplitude estimates (Eq. 4). Here, a common EOF
analysis of 50-year JJA trend patterns from the Had-
CM2, HAM3L and HAMIL control simulations has
been performed. Prior to the analysis, all data have been
transformed to the observational grid; areas not covered by
observations have been excluded. Then, 650 running trend
patterns (separated by 5 years) from each model have been
concatenated and an EOF analysis has been performed on
the concatenated and area weighted data. Within the EOF
analysis, data from each model have been scaled to the
same amount of total spatial variance; the scaling has been
removed again prior to computation of the variance as-
sociated with each EOF pattern. This scaling avoids the
most active model dominating the spatial EOF patterns,
but does not affect results in a fundamental way.

Figure 3 shows the spatial pattern of the first two com-
mon EOFs. The first common EOF shows a spatial
warming pattern focusing on the Northern Hemispheric
midlatitudes and the North Atlantic, with cooling centered
over the Aleutian Islands. The second EOF shows enhanced
warming in the Pacific Ocean and the tropical continents,
with slight cooling in North Pacific midlatitudes. Its pattern
resembles observed ENSO-like decadal variability (Zhang
et al. 1997). EOFs 3 and 4 focus on variability in NH
midlatitudes, particularly over the continents (not shown).
Note that the second EOF projects onto the G and GS
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Table 1 Pattern correlations (upper diagonal: r spatial mean in-
cluded, lower diagonal: r* spatial mean subtracted; both area
weighted) between greenhouse gas only G, greenhouse gas-plus
sulfate aerosol, GS and orthogonal sulfate Sul climate change
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signals and EOFs 1 and 2 of the common EOF analysis. Correla-
tions with EOFs 3 and 4 are small (<0.25) and not shown.
Correlations larger than +£0.5 are shown bold. ,,MPI” refers to
patterns from HAM3L, ,,Had” to HadCM2 patterns

G Had G MPI GS Had GS MPI Sul Had Sul MPI EOF 1 EOF 2

G Had 1 0.93 0.93 0.91 -0.06 0.08 0.29 0.69
G MPI 0.53 1 0.80 0.90 -0.27 0.01 0.48 0.56
GS Had 0.70 -0.03 1 0.89 0.25 0.23 0.00 0.73
GS MPI 0.36 0.31 0.51 1 -0.01 0.31 0.15 0.65
Sul Had 0.18 -0.37 0.72 0.35 1 0.20 -0.78 0.14
Sul MPI -0.11 -0.28 0.24 0.51 0.23 1 -0.17 0.18
EOF 1 0.02 0.53 -0.54 -0.34 -0.78 -0.22 1 0

EOF 2 0.26 -0.17 0.42 0.13 0.31 0.13 -0.28 1
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Fig. 3 Common EOFs I and 2 from a concatenation of 50-year NH
summer trends from the HAM3L, HadCM2 and ECHAMI1/LSG
control simulations. EOF 2 is associated with much stronger variance
in the HadCM2 control simulation than in HAM3L or ECHAM1/
LSG, while EOF 1 has only slightly more variance in HadCM2 than
HAM3L (see Table 2)

simulations, but that correlations deteriorate if the spatial
mean is not included in a correlation. The first EOF cor-
relates also with the MPI G simulation and the HadCM2 G
and GS simulations. The first, and to some extent the sec-
ond common EOF, has counterparts in the first few EOFs
from the individual models which have been used for
truncation (see Appendix).

Table 2 Variance associated with common EOF patterns 1 to 4
compared between the control simulation of the three different
coupled climate models [(K/10yrs)?]

EOF 1 EOF 2 EOF 3 EOF 4
HadCM2  0.99 0.98 0.37 0.23
HAM3L 0.86 0.17 0.24 0.20
HAMIL 0.18 0.29 0.45 0.49

Table 2 shows a comparison of the variance of the
time evolution of the EOF patterns in each model’s
control run for the first few common EOFs. The
strongest differences occurs for the first two EOFs. EOF
1 has strongest variability in HadCM2 and HAM3L,
while EOF2 is entirely dominated by HadCM2. The first
two EOF patterns resemble the common EOFs 2 and 1
of the analysis in Stouffer et al. (1999), where 5-year
mean data of HadCM2, HAM3L and the GFDL model
were studied in an otherwise similar analysis. It was
found that HadCM2 has stronger tropical variability
than most other models, and also seems to have stronger
variability than the observations, while HAM3L showed
too little tropical variability compared to the observa-
tions (note that a comparison with observations was not
feasible on the 50-year time scale considered here). EOFs
3 and 4 show strongest variability in HAMI1L. The re-
sults suggest that all three models show quite different
partitioning of variance on 50-year time scales and that
HadCM2 has more variance than both other models. In
both HAM3L and HAMIL the variance is strongest in
the NH landmasses (EOFS 1, 3, 4), while HadCM?2
shows also quite strong variability in the Tropics (EOF
2). Since the covariance norm focuses on less variable
areas (i.e., patterns associated with small 4;) we expect
the MPI fingerprint to yield a stronger focus on the
tropics than the HAD fingerprint. This difference in
focus is discussed in more detail in the Appendix.

5 Results

We have performed the optimal regression of the
observations onto model signals using Had and MPI
optimal fingerprints:
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The MPI optimal fingerprint (see Eq. 3) is based on
the HAM3L signal patterns, while the covariance matrix
has been estimated from running 50-year summer trends
from the first 900 years of the HAM3L control simula-
tion (referred to in the following as “HAM-ctll”; 851
trend patterns starting each year are used for the esti-
mate). The results proved quite similar to the earlier
detection and attribution results using 1000 years with
HAMIL for estimating the covariance (H97).

The Had optimal fingerprint has been computed
using HadCM2 signal patterns and 50-year summer
trends from the first 900 years of the control simulation
(Had-ctll) to estimate the covariance matrix.

Amplitude estimates of anthropogenic greenhouse
gas and sulfate signals can now be computed using both
model’s optimal fingerprints (Eq. 3). Overlapping
50-year summer trends from the control simulation
that were not used for optimizing, i.e., from 810
remaining summers from the HadCM2 control simula-
tion (Had-ctl2, year 901 to 1710) and 616 remaining
summers from HAM3L (HAM-ctl2, years 901-1516)
were then used for assessing the inherent variability in
the signal amplitude estimates from observations and
models due to internal climate variability (O1 and M1).

Note that the full 5° x 5° spatial pattern is of too
high a dimension to reliably estimate its covariance of
50-year trends from even a control simulation of many
centuries. Therefore it is necessary to truncate all data
to a lower-dimensional base space, which allows for
a reasonable representation of the signal patterns and of
the most important climate noise features of each
model’s simulations. We have combined the approach
described in Allen and Tett (1999) with some simple
checks to determine the truncation level (10) for both
models, this and other technical details are discussed in
the Appendix.

5.1 Estimating a combined greenhouse gas
and sulfate aerosol signal

Figure 4 shows the best estimate of the amplitude of a
greenhouse gas and sulfate signal in observed and model
simulated JJA trends over the same time period 1948-97.
The uncertainty range for the observed GS signals orig-
inates from internal climate variability, whose variance is
estimated by model internal variability (we show results
from HadCM2, since it shows more variance than
HAMZ3L in the GS amplitude and hence will yield con-
servative results, see also Fig. 6), and from observational
sampling error (see Hegerl et al. 2000, for details). Both
distributions are assumed to be Gaussian, their variances
are added to the variance of total uncertainty in Eobsﬁ. A
Student-f test assesses if the observed signal estimate a
is significantly different from zero, given the combined
noise and sampling error uncertainty. The number of
degrees of freedom (DOFs) in the noise samples from
Had-ct]2 and HAM-ctl2 was estimated by the number of
independent 50-year segments multiplied by 1.5 (21 for

Hegerl et al.: Optimal detection and attribution of climate change: sensitivity of results to climate model differences

JJA trends 1948-97

7_

-__o.__

GS amplitude [std dev]

Obs MGS HGS MG HG

using MPI fingerprint , with 90% confidence interval
using Had fingerprint, with 90% confidence interval

Fig. 4 Comparison of the amplitude of a single anthropogenic GS
signal in observations and model data in the JJA surface temperature
trend pattern 1948-97 (for comparison, the amplitudes are renormal-
ized to standard deviations of HadCM?2 internal variability). The
amplitude estimates based on the MPI GS fingerprint (based on the
signal shown in Fig. 2a) and that of the Had GS fingerprint (Fig. 2b)
are both shown. Obs denotes the observed trend pattern, MGS that of
the HAM3L GS simulation, HGS that of the HadCM2 GS
simulation, and MG and HG the respective greenhouse gas only
simulations. Simulations which are inconsistent with observations are
marked by a cross on the horizontal axis. A significant GS signal is
detected in observations with either fingerprint

Had-ctl2, 16 for HAM-ctl2). The factor 1.5 is appropri-
ate for estimates based on overlapping segments, pro-
vided the autocorrelation time scale is shorter than the
segment length (Allen and Smith 1996) and has been also
applied in T99 and S00. Earlier Monte-Carlo simulations
(Hegerl et al. 1996) simulating correlated samples with
an AR-1 model suggested that this is a rather conserva-
tive approach. Results were insensitive to reasonable
variations in estimated DOFs. The confidence bars
shown in Fig. 4 indicate the 90% uncertainty range
based on the Student-# critical values. The uncertainty
range does not include the case of no signal (zero), in-
dependent of which model’s GS fingerprint is used.
Therefore we conclude that the recent 50-year trend
patterns contain a climate change signal with significance
level of 5% (1-sided test).

The 90% uncertainty bars for the amplitude estimates
from the model simulations are also computed from
critical values of a Student-z test. The noise variance in
that case is based on the variance of the model control
simulation divided by the size of the ensemble which has
been averaged (2 and 1 simulations for HAM3L, 4 for
the Had simulations). All model signals are significantly
positive. Estimating one model’s signal amplitude using
another model’s fingerprint can be interpreted as a
model-model study of the potential impact of model
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error on the estimation of signals, results indicate that
the effect of model difference is visible, but limited. To
determine if the difference between observed and simu-
lated amplitude estimates Aops — Ay (using the same
fingerprint) is significant, the difference is compared with
the sum of the variances of noise in observations O1 and
model data M1, and sampling error O2. A Student-z test
yields that only the trend patterns from the greenhouse
gas only simulations give unrealistic GS amplitudes.

5.2 Separating a greenhouse gas
and a sulfate aerosol signal

Using several fingerprints can help to distinguish
between climate response to different forcing and hence
to attribute anthropogenic climate change to causes
(Hasselmann 1997, H97; T99). We therefore attempt to
estimate a greenhouse gas only type signal (G) and an
orthogonal sulfate signal (Sul). Sul is computed by ort-
honormalizing the GS signal pattern relative to G
(Eq. 2). Note that the Sul pattern is not the temperature
response to sulfate aerosol forcing only, which produces
global mean cooling in addition to the Sul pattern and is
anticorrelated with a greenhouse gas pattern. This
“global cooling” component of the sulfate signal will
reduce the estimated G amplitude in our analysis,
whereas the Sul signal reflects purely the pattern com-
ponent which is unique for sulfate aerosol forcing.
Figure 5 shows Sul patterns from both models. Both
patterns show strong NH midlatitude cooling as the
most important pattern difference to G. However, the
MPI Sul pattern shows substantially more warming in
the SH outer tropics and lower mid-latitudes.

Figure 6 shows the results of the attribution analysis
using both Had and MPI fingerprints. The results show
that the latest observed pattern of linear trends between
1948-1997 contains both a positive greenhouse gas
signal (value along the horizontal axis) and a positive
sulfate signal (value along the vertical axis). The mag-
nitude of both signals varies depending on whether the
Had or MPI fingerprints were used. The combination of
greenhouse gas (G) and sulfate signal (Sul) which com-
poses the GS signal pattern in each model is shown by
the slanted labelled line (see H97 for details). Note that
one-signal GS detection results shown in Fig. 4 can be
obtained by projecting all data onto that GS axis. The
much smaller angle between the GS and the G only axis
using the Had fingerprints rather than that using the
MPI fingerprints relates to the greater pattern similarity
between both signal patterns for HadCM?2, which has
been discussed in the previous section.

As for the single-signal detection, we have computed
amplitude variations from the HAM-ctl2 and Had-ctl2
control simulations to estimate variations in both signal
amplitudes due to climate noise. The ellipse around the
observations gives the 90% uncertainty range of internal
model noise and sampling error. As in the single signal
case, the variance of noise and sampling error have been
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Fig. 5 Orthogonal sulfate aerosol pattern in both model simulations.
This pattern is derived by orthogonalizing the GS pattern to the G
pattern for each model (see Figs. 1 and 2) and shows the pattern
influence of sulfate aerosol forcing which is dissimilar to that of
greenhouse gas forcing for each model. Note that the Had orthogonal
sulfate pattern resembles common EOF 1 more than the MPI
orthogonal pattern (see Figure 3, Table 1), and is therefore more
difficult to separate from climate variability

added and a Hotelling-7? test has been performed to
determine critical values for the null hypothesis that the
true observed signal amplitudes are both zero (see von
Storch and Zwiers 1999). The uncertainty ellipses for the
model simulations are based on the variance of each
model’s noise divided by the number of ensemble sim-
ulations (using Hotelling-7"2 critical values). Note that
the reliability of the assumption of Gaussian noise is
discussed in H97, the data appeared to be quite consis-
tent with this assumption. In H97, a test assuming well-
sampled Gaussian noise was performed, taking sampling
uncertainty into account in the present work by applying
critical values for a Hotelling-T * test increased the
ellipses only slightly.

Applying the MPI fingerprints, amplitudes of zero for
both the G and the Sul pattern in the observations are
rejected in a two-dimensional and in one-dimensional
tests for each signal (at a less than 5% risk level,
Table 3). On the other hand, while a G signal can be
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Fig. 6 Comparison between estimates of the greenhouse gas and
orthogonal sulfate signal in present observed 50-year summer trends
1948-1997 (black star) and model simulations for G and GS climate
change. Horizontal axis: amplitude of a G climate change signal;
vertical axis: amplitude of the orthogonal sulfate signal and skewed
axis: amplitude of a GS signal (normalized according to Eq. 2). The
results shown in the top panel are based on MPI optimal fingerprints,
those in the bottom panel on Had optimal fingerprints. The ellipses
shown in black are a 90% uncertainty ellipse for the observed signal
due to internal climate variability (estimated from HadCM?2, solid,
and HAM3L, dashed) and sampling error. The signal amplitudes from
JJA trend patterns 1948-97 in model simulations are shown by crosses
for HadCM2 and by circles for HAM3L. Each model value is subject
to uncertainty due to superimposed model noise, for which 90%
uncertainty ellipses are shown in grey. The size of the ellipse depends
on the size of the ensemble (G, HAM3L: 1, GS, HAM3L: 2, G
and GS HadCM2: 4). A one-dimensional test indicates that the
observations contain a significant G climate change signal; if MPI
fingerprints are used, they also a significant orthogonal sulfate signal.
Significance levels for the difference between each model simulation
and the observations are given in Table 3. Each model’s greenhouse
gas only simulations show highly significant disagreement from the
observations. Using the MPI fingerprints the present trend in both
model’s GS simulations is not inconsistent with the observations.
Using the Had fingerprints, the Had GS simulation disagrees from the
observations at a 10% significance level

detected with Had fingerprints, the joint detection of G
and Sul includes the possibility that both are zero. Note
that rejecting the null-hypothesis that both signals are
zero in a two-dimensional test is a more demanding
objective (requiring a greater absolute discrepancy for
rejection) than testing whether either is equal to zero (for
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a discussion see Hasselmann 1997). The amplitude of the
Sul signal in observations is estimated as substantially
smaller relative to climate noise if the Had optimal
fingerprints are applied and is not significant. This
difference to the results based on MPI fingerprints can
be better understood if the spatial patterns of the or-
thogonal sulfate aerosol pattern (Fig. 5) are analyzed.
Climate variability projects stronger on the Had Sul
pattern than on the MPI Sul pattern (as indicated by a
pattern correlation of about —0.8 between Had Sul and
EOF 1 contrasting with —0.2 between MPI Sul and EOF
1, Table 1). Therefore, the sulfate aerosol influence is
less separable from climate noise using Had fingerprints.
We conclude that the sulfate influence on observed trend
patterns cannot be reliably estimated from temperature
trend patterns using the orthogonal sulfate fingerprint,
since the estimate is found to be model dependent. Note
that T99 and S00 found both a significant G and Sul
signal in their time-space analysis, suggesting that the
time-component helps to distinguish a sulfate signal.

To determine if the difference between observed and
simulated amplitude estimates is significant, the Hotell-
ing-T? test is performed with the null-hypothesis that the
“true” difference is zero (analogous to the one-dimen-
sional Student-7 test). The results show that both mod-
el’s G only simulations are highly and significantly
different from the observations, due to a too strong
amplitude of the greenhouse gas signal in the simula-
tions (indicating too strong global mean warming), note
that the discrepancy is now more obvious than from the
single signal analysis (Fig. 4).

A significant disagreement at the 10% level is also
found between the Had GS simulation and observations
if Had optimal fingerprints are applied (Table 3). The
disagreement is due to both a too high amplitude of the
greenhouse gas signal pattern and a too small amplitude
of the simulation’s sulfate pattern. Regardless of whether
Had or MPI optimal fingerprints are used, no significant
disagreement between the MPI GS simulation and the
observations is found. A comparison of trend patterns
for 1948—-1997 between the observations (Fig. 7, bottom)
and both model’s GS simulations (Fig. 8) shows that the
HadCM2 simulation shows more warming in the NH
midlatitudes than either the observations or the HAM3L
simulation. No significant disagreement is diagnosed for
HadCM2 trend patterns ending in 1995 (see Fig. 11,
bottom). A recent analysis of an updated observed da-
taset also showed no disagreement for trend patterns
ending in 1998. (Results for 1998 yield a significant joint
detection of G and Sul, but otherwise very similar results,
Hegerl et al. 2000). Therefore it is uncertain if this small
disagreement relates to an unrealistic aspect of both
model’s forcings or in the HadCM?2 response, or if this
disagreement is due to a 10% rare noise event in the
HadCM2 simulated trends ending in 1997.

We conclude from the one- and two signal analysis
that anthropogenic combined greenhouse gas and sul-
fate forcing is a possible reason for the observed climate
change. In both models the additional sulfate aerosol
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Table 3 Results of testing the - -
null hypothesis that the ob- Optimal fingerprints MPI MPI Had Had
servations agree with climate Observed noise estimate HAM3L HadCM HadCM HAM3L
noise (obs = 0) and various
Iy . culati Obs = 0 (2-D 1% 5% - 1%

climate change simulations Obz G :(0 ) 1%‘: 10/2 59, 50/2

Obs Sul = 0 5% 5% - 5%

Obs = G (MPI simulation) 5% 5% 1% 1%

Obs = G (Had simulation) 1% 1% 1% 1%

Obs = GS (MPI simulation) - - - -

Obs = GS (Had simulation) - - 10% 10%

Obs = Nat (Had simulation 1946-95) 5% 10% 10% 10%

Obs = GS+ Nat (Had simulation 1946-95) - - — —

If the null-hypothesis is rejected, significance levels are given, non-rejection is indicated by a “—"". The

first two columns give results based on the MPI fingerprints (using HAM3L or HadCM2 to estimate
observed climate noise); the second two show results based on Had fingerprints. Hotelling-72 Tests
have been applied for 10%, 5% and 1% significance levels, details see text. Obs G = 0 and Obs Sul =
0 refers to a r-test of the null hypothesis that the observations contain no G or no Sul signal. For
naturally forced simulations, which end in 1995 (HadCM2 Sol and Vol, Sol + Vol is indicated as
Nat), the trend patterns 1946-1995 are compared with contemporaneous observations. Note that the
results based on MPI fingerprints are very similar to those in H97, where HAMIL was used for

optimization

forcing causes an overall reduction in warming trends
which yields a better agreement of these simulations with
observations. The results were found to be robust to
truncation decisions (i.e., the dimension of the space
chosen for representing model and observational data),
using the HAMIL rather than HAM3L control simu-
lation for computing MPI optimal fingerprints as in H97
(not shown), and to swapping the data used for esti-
mating the covariance with those used to estimate the
internal variability (using Had-ctl2 and HAM-ctl2 to
compute optimal fingerprints, and Had-ctll and HAM-
ctll to estimate variations in amplitude estimates due to
internal climate variability only).

The difference between 1948-97 trends from the
two model’s simulations in Fig. 6 was found to be
statistically significant at the 10% level based on a Ho-
telling-7'2 test, for both the G and GS simulations. The
future evolution of the amplitude estimate from the
climate change simulations was found to be increasingly
different: while the HAM3L GS and G only simulations
separate strongly in the Sul direction, (indicating very
large positive hemispheric asymmetry for GS if MPI
fingerprints were used), no such separation was found
for the HadCM2 simulations (not shown). The physical
mechanisms responsible for such a difference are beyond
the scope of this work, we refer the reader to the studies
of Rdisdnen (1997, 1999).

Recently, model simulations based on several other,
newer simulations, some of them with different sulfate
forcing, have been added in an attribution test similar to
that shown in Figs. 4 and 6 (Barnett et al. 1999). Not all
model’s GS simulations were found to agree with obser-
vations, further supporting the importance of model and
forcing error in detection and attribution approaches.

5.3 Optimal model-model comparison

The smaller estimates of both climate change signals
using the Had fingerprints, and the better separation of

the climate change signal from noise using the MPI
fingerprints suggest that the MPI fingerprints filter the
signal more effectively from the noise than the Had
fingerprints. To further investigate this issue, we have
synchronously regressed the observations on both
models’ GS patterns (using again the inverse covariance
inner product; Eq. 1). Such an exercise investigates
whether the observations show more agreement with one
model’s signal pattern than with the other. To be fair to
each model, the computation of the covariance has been
done using both MPI and Had data. We show results
using the Had-ctl1 estimate of the covariance, the results
using MPI data were quite similar.

As in the case of the G and orthogonal Sul finger-
prints in Fig. 6, we projected the observations onto the
Had GS signal pattern and that component of the MPI
GS pattern which is orthogonal to it relative to the in-
verse covariance as inner product. The orthogonal signal
pattern (Fig. 2c) shows that the most important differ-
ences are relatively less warming in the tropics in the
HAM3L pattern, more warming in the SH, and more
warming over parts of the midlatitude oceans and
Southern North America.

Figure 9 shows the results. The horizontal axis gives
the amplitude of the Had GS pattern, while the skewed
axis shows the amplitude of the MPI GS pattern. The
relatively large angle between both is caused by the
relatively large difference between both signal patterns,
as has been discussed previously. The recent observed
trend pattern is rather close to the MPI GS pattern
(indicated by the skewed line), also, the amplitude of the
orthogonal MPI pattern in the observations is signifi-
cantly different from zero (significance level <5%). This
indicates that the observations contain a pattern which
more closely resembles the HAM3L signal pattern than
the HadCM2 signal pattern. Zero amplitude of both GS
signals is excluded at a very high significance level
(<1% for both 1-dimensional and 2-dimensional test
results), showing that the information from both mod-
els’ GS fingerprints combined leads to a particularly
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Fig. 7 Comparison of observed trend patterns of Northern Hemi-
sphere summer (JJA) between 1903-1952 (peak of the early century
warming) and 1948-1997. The pattern 1946-1995 (not shown) is
similar to the lower panel

clear detection of climate change. Figure 9 also shows
that using both model fingerprints in parallel is a very
promising method to isolate model differences. In this
case, no significant difference of the observed trend
pattern 1948-97 with either model’s trend pattern could
be isolated, since the observations are located diplo-
matically between trend patterns from both models.

5.4 The potential influence of natural climate forcings

To assess how estimates of anthropogenic signals
depend on the time period which was analyzed, Fig. 10
shows the time evolution of the greenhouse gas signal
and the orthogonal sulfate signal from running observed
trend patterns. For a better comparison of results based
on MPI and Had fingerprints, all amplitude estimates
have been re-normalized to standard deviations of
the second chunk Had-ctl2 of the HadCM2 control
simulation (which has not been used to compute the
optimal fingerprint; note that it shows larger noise than
HAM3L). Overall, the qualitative impression of the time
evolution of the anthropogenic climate change signal
agrees between using different fingerprints. Similar to
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Fig. 8 Same as Fig. 7, but for simulated trend patterns. Top panel:
HAM3L GS simulation, middle panel: HadCM2 simulation and
bottom panel: linear combination of HadCM?2 simulations forced with
greenhouse gases, sulfate aerosols, solar and volcanic forcing (trends
ending in 1995). Note that the trend patterns differ from the GS signal
pattern (Fig. 2) due to superimposed climate noise and, possibly, due
to time-varying aspects of the model response

the most recent trends, the observed sulfate signal is
estimated as consistently smaller when the Had Sul
fingerprint is used than when the MPI fingerprint is
used. The estimated Sul signal amplitudes increase with
time independent which model is used.

A rather striking feature of Fig. 10 is that the
estimate of the anthropogenic greenhouse gas only
fingerprint is larger during the early century warming
(between ca 5.2 to 5.7 standard deviations, SD) than at
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Fig. 9 Comparison between the recent observed summer trends 1948—
1997 and those from GS simulations, applying both model’s GS signal
patterns simultaneously. This approach focuses on the model related
differences in that signal pattern. Horizontal: amplitude of the Had GS
pattern; slanted line: amplitude of the MPI pattern, vertical: pattern
difference (see Fig. 2¢). The 90% confidence intervals for the observed
and model trend patterns are shown, see Fig. 6 caption. The results
suggest that both models show marginally unrealistic features, and
that the observations agree better with the GS signal pattern from
HAMB3L. Note that a highly significant climate change is detected

the present time (2.15 to 2.5 SD). The largest estimate of
the greenhouse gas signal amplitude during the early
century warming originates from the Had fingerprints,
while the amplitude of the present warming is estimated
larger from the MPI fingerprints. This difference should
be due to the difference in both model’s optimal finger-
prints, which emphasize different components of the
observations in that period: the summertime trend pat-
tern between 1903-52 shows an overall strong warming
in almost all areas covered by observations, peaking in
the Atlantic Ocean and the adjacent continental regions,
while the most recent warming is quite large in the
tropics and the SH oceans (Fig. 7). We speculate that
the early century warming in the Northern Hemisphere
will be partly suppressed by MPI fingerprints, since this
model has strong variability in that region (common
EOF 1, 3, 4; Eq. 4). Conversely, HadCM?2 will suppress
more of the recent tropical warming (EOF 2). This is
discussed more in the Appendix. Note that the high
amplitude estimates of an anthropogenic signal in the
first half of the twentieth century disappears entirely if
spatial mean warming is disregarded in optimal finger-
print results, while the recent amplitudes are not sensi-
tive to disregarding global mean warming (Hegerl et al.
2000). This agrees with the observations showing a
rather dissimilar pattern to the G signal pattern in the
first half of the twentieth century (Fig. 7), suggesting
that the high G amplitude originates at least partly from
sources other than greenhouse gas forcing.

749

o
T

o

ghg amplitude [std]
[

S

|
)
[N 2 s B T

1930 1940 1950 1960 1970 1990

1920 1980 2000
a Time [yr]
4 T T T T T
2+ , R
—_ PR At e ;:" -
%0 R S e SN
- ARIPE ——
f= -
0_2, ~7 4
1920 1930 1940 1950 1960 1970 1980 1990 2000
b Time [yr]

Fig. 10a, b Evolution of the amplitude of a a greenhouse gas-only
and b the orthogonal sulfate signal from running observed trend
patterns, starting with the trend 1880-1929 (plotted at 1929) and
ending with the recent trend (solid line: estimate based on the Had
fingerprints, dashed line: MPI fingerprints, thin dashed line: MPI
fingerprints optimized with HAMI1L). All amplitude estimates have
been rescaled to units of standard deviations of the HadCM2 Control
simulation, the year denotes the last year of the observed 50-year trend
period used to estimate the signal amplitudes. The greenhouse gas
only signal amplitude is strongest in the period associated with the
early twentieth century warming (possible reasons see Fig. 11)

One conceivable explanation for the higher green-
house signal amplitude during the early twentieth cen-
tury is that it represents climate noise only. If this were
the case, it would imply that it was either a very unusual
event, or that both models seriously underestimate
climate variability, compromizing detection results. To
investigate whether the early twentieth century warming
is a typical fluctuation associated with natural climate
variability, 50-year trends have been computed from NH
summer temperature reconstruction since 1000 AD
(Jones et al. 1998). The trend ending in 1952 is the
largest trend in the entire proxy time series (not shown),
showing that the early century warming was a truly
unusual event (once in a 1000 year proxy-time series,
and never in the model’s control simulations). While this
does not prove that model variability is correct, it is
reassuring that paleo data support the impression that
the early twentieth century warming is not a typical
expression of internal climate variability.

To investigate whether external climate forcing might
have influenced this exceptional warming the optimal
detection and attribution analysis has been repeated for
the trends 1903-1952, excluding all gridpoints from
the analysis which were not covered by observations
then (see Fig. 7). We study anthropogenic and naturally
forced climate simulations. Since simulations forced
with both anthropogenic and natural forcings are not
available, we have linearly added simulations forced
with anthropogenic, solar and volcanic forcing. Note
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that a linear superposition of model simulations disre-
gards nonlinear interactions between different forcings
and also increases the uncertainty level, since the vari-
ance of noise in each simulation is additive. Also, our
limited knowledge of natural forcing on climate by
volcanism and solar radiation changes makes these
results very uncertain.

Since a meaningful statistical test cannot be
performed on a particularly unusual, but unexplained
feature in the observations (which may be, after all,
a hand-picked extreme event), the observation is
surrounded by amplitude fluctuations associated with
climate noise from the control simulations indicating
where the true signal might lie given superimposed
climate noise. Both model’s GS simulations are found to
show far smaller signals in 1903-52 than the observa-
tions. The difference is larger than can be explained
by adding the most extreme event in either control
simulation. Note that this may be model-dependent,
Delworth and Knutson (2000) recently found that one of
five GS realizations with the GFDL model shows very
similar warming in the first half of the twentieth century
as observed. The HAM3L and HadCM2 greenhouse-
gas-only simulations (not shown) yield hardly more
warming than the GS simulations. Solar forcing alone
(as simulated in HadCM2 and HAM3L’s Sol simula-
tions) performs similarly poorly in explaining the early
century warming. A linear superposition of solar and
volcanic simulations (Nat) together with an extreme
noise event might agree with the observations. If Nat
is superimposed on the anthropogenic (HadCM2) GS
simulation, the results appear quite consistent with the
early twentieth century warming.

This result suggests that natural forcings project onto
estimates of anthropogenic greenhouse gas and sulfate
signals. This complicates interpretation of the attribution
test results in Fig. 6, which considered anthropogenic
forcing only. We therefore have repeated the attribution
test for the observed trends 19461995 (when the Sol and
Vol simulations end) taking natural climate forcings into
account. The results are summarized in Fig. 11 and
Table 3. Naturally forced climate change alone (Nat) is
found to be inconsistent with the observations at present,
since it would yield a slightly negative greenhouse gas
amplitude. A solar forced simulation with the MPI
model is only rejected if the old HAMIL fingerprints are
used (at the 10% significance level, see also H97), while
that with HadCM2 is not rejected. However, the same
HadCM2 solar forcing simulations were found to be
inconsistent with the observations in T99 and also S00
(where optimal time-space detection was performed).
The superposition of solar, volcanic and anthropogenic
greenhouse gas-plus-sulfate forcing is found to agree best
with the observations, which is confirmed by visual
inspection of the trend pattern (Fig. 8).

This result is consistent with the findings in T99, who
found a significant greenhouse gas and sulfate signal,
particularly in the most recent 50-year time period. S99
detect a solar signal in the early twentieth century,
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Fig. 11 Top: comparison between the observed summer trends 1903—
52 (star) and the respective simulated trends for greenhouse
gas + sulfate aerosol climate change, solar forcing (So/), a superpo-
sition of solar and volcanic forcing (Nat), and the superposition of
anthropogenic and natural forcings, in an attribution diagram similar
to Fig. 6. Results are shown based on the Had fingerprints. Typical
90% confidence ellipses for HadCM2 (through) and HAM3L
simulations (dashed) are shown. The observations are surrounded by
all samples of internal climate variability of both model’s control
simulations (“+” for HadCM2, “0” for HAM3L, both in grey),
indicating the possible spread of the true underlying signal minus even
extreme noise events. The results show that unless natural climate
forcings are considered, only extremely rare events of internal climate
variability could explain the early twentieth century warming given the
HadCM2 and HAM3L GS simulations. Bottom: attribution diagram
for the summer trends 1946-95 for natural and anthropogenic
forcings. The results indicate that natural and anthropogenic forcings
combined agree between HadCM2 model simulations and observa-
tions also for the present, while natural forcings alone disagree
significantly

however, only if based on one of two solar forcing re-
constructions (the same used in the present work). Both
T99 and S99 rule out solar forcing alone as a cause of
the present warming. The detection of a volcanic signal
in S99 was dependent on which decades were analyzed
and remains uncertain.

We conclude that a combination of natural and
anthropogenic forcings agrees quite well with the
observations during the early twentieth century and also
at present (the time evolution of the signal amplitudes
suggests an agreement over most of the twentieth cen-
tury, not shown). A combination of natural (solar and
volcanic) forcings alone appears an unlikely explanation
of observed climate change and has been rejected in the
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present attribution test and in T99 and S00. However,
these results are subject to uncertainty in our limited
knowledge of the effect of natural forcing on climate.

6 Conclusion

The optimal detection and attribution approach of Has-
selmann (1997) has been applied to observed summer
(JJA) trends over 50 years, using optimal fingerprints
based on data from two different OAGCMs. This allows
for a qualitative estimate of the impact of climate model
uncertainty on detection and attribution results.

Significant differences between each model’s response
to the greenhouse gas and sulfate aerosol forcing have
been found, although the global mean surface temper-
ature response is similar (Kattenberg et al. 1996).
In particular, the differences between the signal patterns
due to greenhouse gas only and greenhouse gas-plus-
sulfate aerosol forcing are larger in HAM3L than in
HadCM2. One reason is that the Hadley Centre green-
house gas only simulation contains pattern components
which resemble the HAMS3L aerosol signal, for example
a reduced warming over the NH midlatitude oceans
due to a relatively strong cloud feedback and less
pronounced warming in the NH midlatitudes. Also,
HadCM2 simulations show strong warming in the
tropics for both greenhouse gas only and greenhouse
gas-plus-sulfate aerosol forcing.

Additionally, an analysis of internal climate vari-
ability on 50-year time scales reveals differences between
the HadCM?2 model and two MPI models (ECHAM3/
LSG and ECHAMI1/LSG). HadCM2 shows large trop-
ical variability, whereas in both MPI models, the largest
variability occurs over the Northern Hemispheric
landmasses. These differences influence detection and
attribution results. In particular:

1. A sulfate aerosol-induced pattern alone can be
detected in the observations using the MPI fingerprints,
while the sulfate response using Had fingerprints is not
separable from a reduction of the greenhouse gas ampli-
tude. This appears to be partly due to a stronger hemi-
spherically asymmetric warming in the MPI GS signal
pattern than the Had GS signal. The simultaneous de-
tection of greenhouse gas and sulfate aerosol patterns in
observations is only possible with MPI fingerprints (note,
however, that this is a very stringent test and not neces-
sary for attribution of climate change to human activity).

2. A recent significant climate change is filtered more
effectively from the data using the MPI fingerprints than
the Had fingerprints. This is due to the fact that
the observations more closely resemble the HAM3L
greenhouse gas-plus-aerosol pattern than the respective
HadCM2 pattern. This result, however, does not nec-
essarily mean that the HAM3L model is more realistic.
An alternative explanation would be that errors in the
forcing history of both models or missing forcings are
partly cancelled by errors in HAM3L’s response.

These results show that model uncertainty has an
important bearing on attempts to quantify anthropo-
genic and natural climate change signals in the obser-
vations. The following conclusions appear robust to
model uncertainty:

1. We have high confidence that the recent temper-
ature evolution is inconsistent with estimates of internal
climate variability alone. This result was particularly
stable in earlier work based on 30-year annual mean
trends, and can also be clearly demonstrated for the
most recent 50-year summer temperature trends. Similar
results are obtained using the HadCM2 data if time-
space optimal detection is applied (Tett et al. 1999; Stott
et al. 2000). Note that model uncertainty is not as
important for detection of climate change as for attri-
bution of that change to causes, since errors in model
signals will lead to an underestimate of a signal. The
largest caveat here lies in the estimates of climate
variability.

2. Greenhouse gas forcing alone yields a significant
difference between the observations and both model
simulations. A combination of anthropogenic green-
house gas and sulfate aerosol forcing (GS) is a more
probable explanation, the aerosol influence in both
models causes a delay in the warming which yields better
agreement of combined greenhouse gas plus sulfate
aerosol simulations with present temperature trends
than simulations forced with greenhouse gases alone.
The HadCM2 simulation shows marginally significant
differences to one of three of the recent observed trend
patterns, indicating that HadCM?2 may show slightly too
strong warming.

3. There is suggestive evidence that a combination of
natural and anthropogenic forcings has influenced the
twentieth century climate evolution. The early century
warming was a very unusual event in a 1000 year proxy
record. Results indicate that it was either caused by a
superposition of anthropogenic climate change and a
very extreme event of internal climate variability, or is
influenced by additional natural external forcing. The
agreement between observed and (HadCM2) simulated
temperature trends improves for both the early twentieth
century and the present period if volcanic and solar
forcing are taken into account. On the other hand,
natural climate forcings alone are found to be insuffi-
cient to explain the twentieth century temperature evo-
lution. These results agree qualitatively with Tett et al.
(1999) and are particularly sensitive to uncertainties in
external climate forcing (note in particular that, with the
exception of greenhouse gases, the forcings are highly
uncertain) and in the climate model’s response to them.

The results highlight a need to understand the phys-
ical mechanisms causing the differences in climate
model’s response to external forcing and the reasons for
differences in their internal variability in order to yield
more reliable estimates of the magnitude of the various
external climate forcing responses in the observations.
Also, a reduction in the forcing uncertainties is required.
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Appendix: sensitivity of results to technical details

Construction of the signal pattern

The GS and G signal patterns here have been isolated by an EOF
analysis of the average of each model’s ensemble simulations, using
only the first EOF in each case. In the following details of the
construction and the use of higher EOFs are briefly discussed. Since
the ensemble size is larger for HadCM2, we have used a shorter
base period (1935-2034) for the EOF analysis, compared to 1880 to
2049 for HAM3L, in the hope of providing a more exact repre-
sentation of the present climate change pattern while reducing noise
similarly as for the HAM3L simulations. However, earlier results
with HAM3L indicated that the result of an EOF analysis was not
particularly sensitive to the exact choice of analysis period.

In order to assess whether higher EOFs contain information
about the present climate change signal, trends over 50 years have
been computed from the first five EOF’s time evolution between
1935 and 2034 in both models. Only the first EOFs in the G and GS
simulations in both models showed trends which were convincingly
different from climate noise. Since there was some indication that
the second EOF in the GS simulations, particularly in HadCM2,
might also contain a signal, sensitivity tests have been performed
composing the signal pattern according to the magnitude of the
trends in their principal components at the “present” time. The
results were found to be in general similar to the results using only
the first EOF. If the first two EOFs were used to compose the Had
signal pattern, the similarity between the GS and the G signal was
even larger than if only the first EOFs were used, making the
detection of a Sul signal more difficult and the Had GS fingerprint
more dissimilar to the observations in the model comparison
(Fig. 7).

Choice of truncation level and effect of optimization

The estimate of the covariance of climate noise is vital for optimal
detection and attribution (Egs. 2, 3). Since the covariance of
climate noise at the 50-year time scale is not known and cannot be
estimated from the instrumental record, long model control simu-
lations are used. However, estimates of the covariance matrix of
multi-decadal trends in the gridpoint space will be degenerate even
if estimated from 900 years of data. Therefore, all data used in the
detection and attribution approach need to be truncated to some
low-dimensional space (see Bell 1986; Hasselmann 1993) which
allows for a good representation of the signal patterns and climate
noise. We truncate to the EOFs of each model’s concatenated GS
simulations (the simulations have been concatenated rather than
averaged to resolve signal and noise, H97). Sensitivity tests yielded
similar results if the EOFs of the G simulations were used.

Care needs to be taken in determining the truncation level since
a too high truncation level will yield erroneous results (Hegerl et al.
1996; Allen and Tett 1999; Leroy 1998) by too strong a focus on
poorly sampled components of the covariance which will have
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underestimated eigenvalues, or on unrealistic features of model
variability (e.g., associated with small spatial scales). Too low
truncation, on the other hand, will not allow us to use the full
power of the optimal detection method. To determine the trunca-
tion level n we have applied a 3> test as proposed in Allen and Tett
(1999). The null hypothesis is tested that the observed noise in the
residual V" (Eq. 1) is smaller than or equal to that in the climate
model in the same n — p dimensional subspace (with p denoting the
number of signals considered, Eq. 1). Therefore this test will not
only determine if the optimal detection focuses on aspects of model
variability which are unrealistic due to sampling problems (in which
case the observed residual will become larger than the subsampled
model control component, Eq. 4), but also if unreliably low noise
influences some components of the optimal fingerprints. Note that
if the overall noise level of a model is high, the null hypothesis will
not be rejected even if an increase in truncation level n starts
focusing on unrealistic or undersampled features. Therefore the
evolution of the %> values with n was considered in addition, with a
sudden trend in y? values indicating that results start to deteriorate
n = 10 was found to be appropriate and safe for both models.

The MPI optimal fingerprint has been computed after trunca-
tion of all data to the first 9 EOFs of the GS simulation, augmented
by the G signal pattern. This space allowed for a quite good rep-
resentation of the signal patterns (on the order of r = 0.99 corre-
lation between the original and the truncated patterns). The »? test
yielded non-rejection of the Null-hypothesis for all truncation
levels considered (for technical reasons, only a truncation level up
to 20 was possible). However, a truncation level beyond 15 was
found to yield increasing disagreement between the noise levels of
the HAM-ctll (which was used to estimate the noise covariance)
and HAM-ctl2, suggesting focus on subsampled variability. In H97,
a truncation level of 6 was applied, using the earlier HAMIL
control simulation for estimating the covariance. The results were
quite similar to the present results (not shown).

The first 10 EOFs of the GS simulations have been used to span
the phase space in which the Had optimal fingerprint has been
computed. This truncation allowed a similarly good representation
of both signal guess patterns (on the order of 98%), therefore,
augmenting the G only signal pattern into the truncation, as has
been done for the MPI truncation space, is not necessary and also
not possible, since the > results indicated unrealistically small
model variability if this was attempted (probably due to small-scale
noise being the only component of the G simulation not repre-
sented by the first 9 EOFs of GS). The y* values started to rise at a
truncation level of 20, but were still insignificant. Relatively large
differences between the noise properties of Had-ctll and Had-ctl2
again suggested an over-emphasis of noise which was merely poorly
sampled in the first part of the simulation, and therefore subopti-
mal results at a truncation level of 12 to 15 (sensitivity tests, again,
suggested that the results would have been similar).

To apply optimal GS fingerprints from both model simulations
synchronously (Fig. 9), 9 EOFs from HadCM2’s GS augmented by
the GS signal pattern from HAMS3L have been applied. The aug-
mentation with HAM3L GS was necessary to yield a comparable
representation of the patterns, and was not rejected by the z> test.

To compare the suppression of noisy signal components be-
tween the models, we first analyze how the base space in each
model (namely the GS simulation’s EOFs) project onto common
EOFs (Fig. 3). The first common EOF correlates very highly with
HadCM?2’s second GS EOF (r = r¥ = —-0.81) and HAM3L’s
second GS EOF (r = r* = —0.86). Therefore, the first common
EOF appears to have a counterpart in both model’s internal vari-
ability. The second common EOF correlates to some extent with
the first EOF from the HadCM2 GS simulation (r = 0.75,
r* = 0.50, this EOF is, however, strongly influenced by the
forcing) and mainly through mean warming with the MPI first
EOF (r = 0.64, r* = 0.14). Higher EOFs cannot be traced in the
base space, which is not surprising given that the orthogonality
constraint will overwhelm similarities after few EOFs.

We have also compared the weight of each model’s EOFs be-
tween a simple truncation of the GS signal to that in the optimal
fingerprint. We find that each model’s first GS EOF (which relates
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to the second common EOF) is more suppressed relative to the raw
truncation in the Had G fingerprint, while it remains nearly unal-
tered in the MPI fingerprints. This suggests suppression of tropical
signals by the Had fingerprint, which is supported by visual in-
spection of the optimal fingerprint pattern transformed back to
gridbox space (not shown), which shows negative weights over
parts of the tropical Pacific. Differently, nearly the entire oceans
show positive weights in the HAM3L optimal G fingerprint. The
signal components in the second EOF (common EOF 1, which
shows the strongest noise in both models) are weighted down by
both model’s optimal fingerprints, indicating that both model’s
optimal fingerprints suppress variability in the NH midlatitides.
The MPI orthogonal sulfate signal Sul has nearly no weight in
EOF 2, while that in HadCM2 has quite strong weight of EOF 2.
This corresponds to the stronger similarity of the Had Sul pattern
with common EOF 2 than the MPI Sul pattern which could not be
fully suppressed by using optimal weights and hinders a detection
of the Sul pattern based on the Had fingerprint.
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