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Examples of scientific sensitivities
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The results presented at the recent expert meeting were produced with models of varying
degrees of complexity. Some of the more sophisticated models already match some of the
requirements for a reference case attribution tool (column 3 of the Table). Consequently,
we will present examples of some of the sensitivities outlined. This should not be seen as
a comprehensive list, nor should the choice of example be taken to represent a hierarchy
of the importance of different uncertainties, it simply represents the availability of results.
We have supplemented the results using information from the IPCC Third Assessment
Report. Furthermore, because many of the sensitivities have not yet been examined, or
have only been examined over a limited range, the presentation of these results does not
negate the need for the comprehensive validation exercise suggested above.

The example sensitivities considered here in more detail are: -

(1) The effect of different carbon cycle models and model parameters on the atmospheric
concentration of carbon dioxide.

(2) The effect of varying CH4 and N2O lifetimes.

(3) The effect of different climate model parameters on the simulated temperature rises.

(4) The effect of including the feedback between the climate system and the carbon
cycle.

(5) The effect of model parameters on predictions of sea-level rise.

(6) The effect of the model formulation on the attribution results.

(7) Choice of indicator variable.

In order to rank these uncertainties we would need to express them in the same variable,
to allow comparison. For instance, to rank the carbon cycle uncertainty and the climate
model uncertainty (expressed as a temperature range) one would need to use a reference
case climate model to convert the carbon cycle uncertainty into temperature. We have not
done this here.

It would also be useful to combine the uncertainties from different parameters into a total
uncertainty. For those parameters which can be treated as linear and independent a linear
response a simple Monte Carlo sampling method could be used. However, where there
are dependencies between parameters at different stages of the calculation a more
elaborate scheme will be needed.
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Example 1. The effect of different carbon cycle models and model parameters on the
atmospheric concentration of carbon dioxide.

The carbon cycle models used in the recent expert analysis range from simple linear pulse
response functions to reproductions of the more sophisticated Bern and ISAM models.
Figure 1 shows the simulated atmospheric carbon dioxide concentrations from the
different carbon cycle models used during Phase 1 for the same set of emissions. At year
2000, concentrations range from around 350ppm to 380ppm, compared with an observed
value of approximately 368ppm. By 2100, the range of values is greater (670ppm to
970ppm) and the ratio of the range to the mean increase (relative to 1890) has risen from
around 0.35 at year 2000 to 0.55 at 2100.

Figure 1. Predicted atmospheric CO2 concentrations from phase 1 results, which
highlight that the concentrations are sensitive to model formulation.
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Some of the contributors to the exercise also demonstrated how varying the carbon cycle
model parameters in a given carbon cycle formulation leads to different carbon dioxide
concentrations. Figure 2 shows estimates of carbon dioxide concentration for a pulse
response function model tuned to the Bern carbon cycle model for the IPCC second
assessment report (SAR) standard, high and low cases. By 2000, the CO2 concentration
varies by 26 ppm across the 3 cases. By 2100, assuming emissions follow the SRES A2
marker scenario, the spread has increased to 138 ppm. Clearly, this uncertainty range
does not account for any bias between the linear impulse model and the more complex
carbon cycle models.

Figure 2. Simulated atmospheric CO2 concentrations for the 3 SAR parameter cases.

300

400

500

600

700

800

900

Standard Bern Low Bern High

C
O

2 
co

nc
en

tr
at

io
n 

(p
pm

)

2000
2100



4

0

100

200

300

400

500

600

1900 1950 2000 2050 2100

Y ear

C
on

ce
nt

ra
tio

n 
(p

pb
)

Long life
S hort life

Example 2. The effect of varying CH4 and N2O lifetimes.

In the phase 1 exercise contributors were asked to use single fixed lifetimes in the
calculations of CH4 and N2O atmospheric abundance; however this is a simplification
because the lifetimes are affected by the concentration of other atmospheric species
(notably OH). In order to highlight the effect of not treating these lifetimes correctly we
have estimated the atmospheric concentrations of CH4 and N2O for a range of different
fixed lifetimes, taken from Tables 4.3 and 4.5 of the IPCC Third Assessment Report for a
range of complex chemistry models. Figures 3 and 4 show the concentration profiles for
the upper and lower extremes of lifetime for each species. For CH4, the lifetime range
leads to a range of predicted concentrations of 1583 to 2095 ppb by year 2000, and 3176
to 4641 ppb by year 2100. For N2O the range is smaller, at 323 to 327 ppb by year 2000,
and 457 to 485 ppb by year 2100. The sensitivity of the atmospheric abundance to the
lifetimes of the gas species, for given emissions histories, supports the expert
recommendation that a more elaborate treatment of lifetime is needed for phase 3 than
was used in the recent (phase 1 and 2) exercises.

Figure 3. Simulated atmospheric CH4 concentrations

Figure 4. Simulated atmospheric N2O concentrations
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Example 3. The effect of different climate model parameters on the simulated
temperature rises.

Being able to simulate the historical temperature record is important from a validation
viewpoint. Furthermore, because feedbacks from the climate to other parts of the system
(such as the carbon cycle) usually depend on either temperature or on quantities that scale
with temperature it is necessary to accurately simulate the temperature if we want to
accurately simulate the effect of these feedbacks.

The recent intercomparison exercise used a range of climate models with different
responses. The simplest of the models were impulse response function models; the most
complex were multi-level upwelling diffusion models. Figure 5 shows the range of
temperatures simulated by the different models during phase 1. The spread is
approximately 0.7oC and 2.1oC at years 2000 and 2100, respectively. Some of the year
2000 values compare well with the an observed average warming of approximately 0.6oC
for the late 1990s (relative to the end of the previous century), although there are clearly
several outliers and the trajectory during the 20th century does not show the significant
increase observed during the 1930s.

Figure 5. Temperature intercomparison plot from phase 1.
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Clearly, Figure 5 can not be used directly to estimate how the different climate model
parametrizations influence the temperature prediction because the spread is a result of
both the differences in the climate model parameters and of differences earlier in the
cause-effect change (such as the carbon cycle), which are propagated through to
temperature. However, it is clear that because the upper and lower extreme predictions of
CO2 concentration (Figure 1) do not lead to the upper and lower extremes of temperature,
the climate model formulation is significantly affecting the result.

Another way to examine the effect of different climate model parameters on predictions
of temperature rise involves looking at how the parameters alter the temperature
predictions for a particular change in carbon dioxide concentration. In this approach
uncertainties earlier in the cause effect change no longer have an effect on temperature.
Figure 6 shows the response of a number of GCMs to a doubling of atmospheric CO2
concentrations. The differences in response are thought to arise mainly from different
climate sensitivities and different ocean heat uptakes. A much smaller contribution may
originate from differences in the radiative forcing calculations. Because simple models
are tuned to reproduce GCMs, this intercomparison is relevant to simple model behavior
too. However, using the range from GCMs to assess the sensitivity of the result to climate
model parameters relies on the real climate response being within the range of GCM
simulations.

Figure 6: - Climate model responses to a doubling of CO2 from the IPCC Third
Assessment Report. The temperature is reported for year 70 of the experiment.
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It is possible to go one stage further and examine the effect of different climate model
responses on the simulation of the historical temperature record. Here, one of the simple
climate models that took part in the recent exercise (JCM) was fitted to the GFDL_15,
HadCM3, CSIRO mk 2, ECHAM4/OPYC and DEO PCM GCMs. For each case the same
set of greenhouse gas concentrations were supplied (calculated from the same set of
emissions with the same carbon cycle model). The results (Figure 7) highlight that the
choice of model parameter can have a sizeable impact on transient temperature
predictions (0.57 to 0.87oC at year 2000). The choice of model parameters has its largest
effect further into the future and for high emissions scenarios, such as A2 or A1FI.

Figure 7: - Simulation of historic temperature changes and future A2 temperatures using
the JCM  fitted to 5 GCMs. Temperature changes are expressed relative to 1890
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Example 4. The effect of including feedback between the climate system and the
carbon cycle.

Combining current knowledge of plant and soil bacteria physiology with predictions of
the future physical response of the climate suggest that, in future, anthropogenic climate
change might alter the carbon cycle by altering the storage capacity of carbon sinks.
Results from the Hadley Centre (Figure 8) and for the Institut Pierre Simon Laplace
(IPSL) suggest that including these climate carbon cycle feedbacks can alter atmospheric
carbon dioxide concentrations and, in turn, the amount of climate change.

Figure 8: - Effect of including climate carbon-cycle feedback on the temperature rise
over land predicted by the Hadley Centre climate model. Future emissions follow an
IS92a scenario.

The strength of the feedback is greater in the Hadley Centre model than in the ISPL
model, and is still very uncertain. In the recent exercise no request was made for
inclusion of these feedbacks, however, some groups included a weak feedback as a
sensitivity test. None of the groups included an interactive vegetation model or a detailed
simulation of the effect of non-linear changes in ocean circulation and mixing.
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Example 5. The effect of model parameters on predictions of sea-level rise.

Recent historic sea-level rise is believed to result mainly from thermal expansion and the
melting of land ice (small glaciers and large ice sheets). Locally, vertical land movements
will also be important but these can be removed from the historic record. In the recent
exercise some groups estimated the thermal expansion component of sea-level rise
(Figure 9); they were not asked to estimate land ice changes. Many of the submissions
used a simple parameterization based on the Hadley Centre model, in which thermal
expansion is parameterized as a linear response to forcing. In the upwelling diffusion type
models it was calculated directly from the model layer temperature increases. Like the
temperature predictions, the large spread in the results is a combination of uncertainty in
the sea level scheme and the propagation of uncertainties from earlier in the cause-effect
chain.

The simulated increase from the recent exercise over the 20th century can not be
compared with tide gauge estimates, which also include other sea-level rise components,
but can be compared with observational estimates of the thermal expansion component of
sea-level rise that are derived from observed ocean temperatures. Using the dataset of
Levitus the thermal expansion during 20th Century is estimated to have been 3 to 7cm.
Clearly, most of the models are inside of this range but the majority is in the lower half.

Figure 9: - Sea level comparison from phase 1.
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As with temperature, a better measure of the effect of sea-level rise parametrization on
model formulation for a given forcing can be found by comparing the responses for a
given carbon dioxide increase. Figure 10 shows the range of predicted responses for a
CO2 doubling experiment. After 3000 years the range of predictions is approximately 0.5
to 2m. The results also serve to illustrate the very long response times associated with
thermal expansion.

Figure 10: - Thermal expansion for a CO2 doubling experiment estimated by a range of
climate models. Reproduced from the IPCC TAR.

If the results are to be validated against tide gauge estimates it will be necessary to
including an ice melt calculation too. Simple estimates of the contribution of land ice
melt to sea-level rise can be made using the parameterizations and uncertainties presented
in the IPCC TAR; these functions use surface temperature rise as their argument.
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Example 6. The effect of the model formulation on the attribution results.

Thus far we have concentrated on highlighting the sensitivity of the global mean indicator
variables (gas concentrations, temperature and sea-level rise); here we examine how the
spread in model parameters leads to a spread in the attribution results. Figure 11 shows
the attribution results, for year 2000, for the range of models in this exercise.

Figure 11: Comparison of attribution results for 4 country groups from a range of
submissions and attribution methods.
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While some of the differences between submissions are undoubtedly due to the choice of
attribution methodology (proportional vs. scaled marginal), there is also some variation
amongst submissions that use a common attribution methodology. It is tempting to think
that, apart from two outliers in each plot, the attribution results are fairly consistent across
the submissions. However, the magnitude of the uncertainty range (approximately 5% of
the total indicator) is similar for all four regions regardless of their size and represents a
sizeable fraction of the smallest group�s total. If the magnitude of the uncertainty in the
attribution does not decrease, as region size is reduced, at a faster rate than the regional
share of the attribution calculation then this will become an increasing problem when
applying the methodology to smaller regions.

It is useful to investigate whether the spread in attribution results can be explained by the
quality of the phase 1 results (defined as the closeness to a more complex set of models).
The correlation between the deviation of the attribution results from the median and the
deviation of the global mean temperature predictions from the validation data (when the
two outliers are removed) is shown in Figure 12, and suggests that the differences in the
quality of phase 1 simulations are not sufficient to explain a significant fraction of the
variation in the attribution results.

Figure 12: - The effect of Phase 1 prediction ability on the attribution results.
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The sensitivity of attribution results to differences in global mean prediction is further
demonstrated using an example from the Hadley Centre submission. Two model versions
were submitted, one of which poorly estimated the CO2 concentration and over predicted
temperature, while the other model more reliably reproduced the complex model
predictions of both the atmospheric CO2 concentration and temperatures. The attribution
results for both cases are shown in Figure 13.

Figure 13: - Fractional attribution results for simple version of the model and the more
complex extended version.
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Example 7. Choice of indicator variable.

In the section of this report describing the methodology group discussions results were
presented showing the effect of different choices of indicator variable on the attribution
fractions. However, because the choice of indicator variable was also discussed briefly in
the science group for completeness we present results from the RIVM submission for the
year 2000 (Figure 14).

Figure 14: - Effect of different indicator variables on the attribution result for a single
model formulation.
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