A weather risk attribution forecast system for Africa and the

world

DAITHI A. STONE * AND CHRIS LENNARD AND MARK TADROSS

CSAG, Environmental and Geographical Science, University of Cape Town, South Africa

MYLES R. ALLEN

Atmospheric, Oceanic and Planetary Physics, University of Oxford, Oxzford, United Kingdom

PETER A. STOTT

Met Office Hadley Centre, Exeter, United Kingdom

PARDEEP PALL

Institute for Atmospheric and Climate Science, ETH Ziirich, Zurich, Switzerland

*Corresponding author address: Daithi Stone, CSAG, Shell Environmental and Geographical Science
Building, South Lane, Upper Campus, University of Cape Town, Private Bag X3, Rondebosch, Western
Cape, 7701, South Africa.

E-mail: stoned@csag.uct.ac.za



ABSTRACT

As Russia baked in a record heatwave and floods covered much of Pakistan, or more re-
cently as severe snowstorms disrupted western Europe and the eastern United States, the
attribution question was prominent in public discourse: “Are our emissions to blame for
this event?” Unfortunately, no objective system exists at the moment for dealing with this
question, so responses amounted to contradictory samples of expert opinion which placed
different weight on various indirect sources of evidence and different interpretations of the
question. The most severe impacts of climate change over the next few decades are likely
to be associated with changing risks of certain forms of extreme weather, even while other
extreme weather events unrelated to climate change will continue to occur. An objective
method of distinguishing between these will be essential for an evidence-based approach to
the imminent distribution of climate change adaptation assistance.

Here we describe the world’s first proactive system for examining how anthropogenic
emissions have contributed to weather risk in our current climate. By comparing real sea-
sonal forecasts against parallel counterfactual seasonal forecasts of “the climate that might
have been” had human activities never emitted greenhouse gases, this “attribution forecast”
provides real-time responses to the question: “Has this event been made more frequent by
our emissions?” Output from two and a quarter years of effective operation using two sepa-
rate model versions suggest that the most sensitive aspect is in the estimation of the ocean
warming attributable to greenhouse gas emissions.

During development and operation of this system it has become evident that while this
attribution service may be produced in a seasonal forecasting framework, it differs in funda-

mental ways from a seasonal forecast product and bears a much closer relation to a climate



change product. Two implementations of one method for a proactive attribution service
are employed here, but other implementations and methods are possible. Given the current
prominence of the attribution question, this should be a priority field for both climate re-
search and climate service programmes. In the meantime, it is hoped that this attribution
forecast service will provide valuable insight into the robustness of the attribution product,
the specifics of the information required, how that information is interpreted, and how that

interpretation is applied.

1. Rationale

Climate information provided to inform decisions for adaptation to climate change usually
concerns the future, either the reasonably distant future a century from now or the nearer
future a few decades hence. In Africa, however, such information is often of little use for a
variety of reasons. Foremost amongst these is the relatively short planning horizon for most
African institutions: financial constraints and historical instability on the continent both
discourage long term planning. Beyond that, the climate issue in many parts of the continent
is at least as much about adapting to current climate by reducing vulnerability and increasing
resilience as it is about adapting to future climate change (Boko et al. 2007). Thus, there are
two main questions to be targeted by producers of climate information: what is the current
climate, with a particular focus on aspects that affect society and biological systems; and who
will pay for reducing vulnerability to climate and climate change? The first question cannot
necessarily be addressed using historical measurements, both because such measurements

are often sparse over Africa and because they provide biased estimates under a changing



climate (Réisdnen and Ruokolainen 2008; Laepple et al. 2008), changing demography, and
changing ecological landscape. As for the last question, African nations have insisted that
financial transfers to fund adaptation to climate change should be additional to traditional
aid which is often used to respond to weather-related disasters or reduce vulnerability to
extreme weather. Meeting this additionality criterion requires an evidence-based method of
distinguishing entirely natural weather events and events that have been affected by local
anthropogenic activities, such as land use change, from events that have been affected by
global anthropogenic emissions.

A fundamental pre-requisite for addressing both questions is a clear definition of climate.
The World Meteorological Organization has traditionally used an interpretation of climate
based on an observational paradigm, thus defining climate in terms of means and variances
over a specific period of time, usually 30 years. This is clearly inadequate at a time when
climate may be changing significantly over 30 years or less (Réisédnen and Ruokolainen 2008;
Laepple et al. 2008). One could adopt a more rigorous definition based on the population
statistics of all possible states of the climate system given conditions external to the climate
system (such as anthropogenic greenhouse gas emissions and solar luminosity). In the con-
text of anthropogenic climate change, however, it seems ridiculous to be concerned about
including the possibility of a glacial maximum, say, given that such a current cryospheric
state was almost certainly not accessible to the climate system given its state at the beginning
of anthropogenic interference a century or so ago. Thus a more practical definition could be
along the lines of the distribution of weather states that would be obtained by a hypothetical
large ensemble of realisations of the Earth System initialised with small perturbations to the

initial weather state a century or so ago, but subsequently evolving with boundary condi-



tions identical to those observed over the intervening years. This would consider millennial
time scale fluctuations in the cryosphere as climate, but it would categorise both synoptic
time scale fluctuations in precipitation and interannual coupled atmosphere-ocean variability
associated with El Nino as weather, not climate, variations, for example.

Here we present a new type of climate product designed to supplement existing resources
for addressing the first question and specifically to help answer the second question, providing
evidence for or against altered weather risks and thus encouraging appropriate activities to
reduce current vulnerabilities. It is the world’s first system to examine in real time how
anthropogenic emissions have contributed to our weather. As such, it is best considered a
demonstration product highlighting both cases and issues for more in-depth investigation,
rather than a definitive analysis. While currently focused on Africa, analysis is in fact also
performed for other areas around the planet. The results from these areas around the globe,
rather than specifically from Africa, are highlighted in this paper in order to address the
broader interest of most readers.

This weather risk “attribution forecast” addresses the question of how the weather might
have differed from what is currently being experienced had we never emitted greenhouse
gases. The approach generally follows the method laid out in Pall et al. (2011) and also
shares some aspects with the method used by Perlwitz et al. (2009), in this case comparing
real seasonal forecasts against what the seasonal forecasts might have been had we never
emitted greenhouse gases, as in Fig. 1. The key difference is that it is a proactive analysis,
producing analyses before (and regardless of whether) an event occurs. It is therefore both
timely and more aggressive in dealing with selection bias. Results are issued monthly at

http://www.csag.uct.ac.za/~daithi/forecast.



In using a seasonal forecasting framework we clearly run into trouble with our definition
of climate above. As will be discussed below, these forecasts are generated with imposed
sea surface states, thus precluding any century-long “spin-up” of the ocean state. This
is an trade-off in experimental design between applicability of the experimental setup and
applicability of the climate model. Performing the simulations with century-long simulations
of a coupled ocean-atmosphere model would force the use of a low resolution model with
questionable capability of simulating the synoptic type of events in which we are interested.
We believe it is more desireable to do as good a job as we can of simulating atmospheric
weather given surface boundary conditions than to worry about the origin of those particular
surface boundary conditions. For many if not most events of interest such a short spin-up
may be sufficient to explore the bulk of the weather attractor. As coupled atmosphere-ocean
models improve and computing resources increase, however, more strict experimental setups
will become plausible, but in the meantime results from the atmospheric seasonal forecasting
setup used here must be interpreted with this qualification in mind.

The attribution forecast project presented here has three primary goals relating to the

nature of the product:

i. to develop a framework for producing information about how anthropogenic emissions

are affecting our current weather;

ii. to elucidate how this sort of product is interpreted by potential users;

iii. to interact with users of the product and further develop its application.

It also has two secondary goals, which relate directly to the information produced:



iv. to determine the sensitivity of estimates to different forecast models and forecast con-

figurations;

v. to provide indicative information required for adaptation, highlighting cases for more

detailed study.

This paper addresses Goal 1 by describing the setup of the system. It also presents some
first observations regarding Goals 4 and 3 from the construction and first year and a half
of operation of the system; more in-depth studies addressing these topics and Goal 2 will
be reported later once the product has been in use for some time. Goal 5 is an operational

output.

2. Method

a. The seasonal forecasting system

The Climate Systems Analysis Group (CSAG) at the University of Cape Town has been
issuing seasonal weather forecasts since 2002 (http://www.gfcsa.net/csag.html). Until June
2010, these forecasts were generated with a version of the U.K. Met Office’s HadAM3 model
(Pope et al. 2000). This version of HadAM3, run at N48 resolution (3.75° longitude by 2.5°)
with 19 vertical levels, includes the mixed phase precipitation scheme as this has been found
to improve the model precipitation over southern Africa (Wilson 2000). Starting in June
2010, the publicly posted forecasts have been generated using the Had AM3P version of the
U.K. Met Office model which is used as the driving global model in the PRECIS regional
modelling project (Jones et al. 2004). HadAM3P shares the same underlying dynamical core
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as HadAMS3, but uses more recently developed physical parametrisation schemes and runs
at N96 resolution (1.875° longitude by 1.25°) with 19 vertical levels.

The generation of the forecasts discussed in this paper is outlined in Fig. 2. For a fore-
cast generated and issued in March, a 10-member initial condition ensemble of simulations
is started from the beginning of January and run through the end of June, providing a
three-month forecast coverage (i.e. April-June in this example). Monthly mean sea sur-
face temperatures (SSTs) for mid-January and mid-February are taken from the National
Oceanic and Atmospheric Administration (NOAA) Optimum Interpolation version 2 (Ol.v2)
observational product (Reynolds et al. 2002). SSTs for later months are estimated by adding
the observed February SST anomaly from the 1960-2000 climatological mean to the clima-
tological means of these later months. Daily SSTs are estimated through linear interpolation
between the middles of the months; thus, in the March forecast January is the only month
to have entirely observationally-based SSTs. A seasonally varying climatology of sea ice
coverage is used, with obvious issues for forecasts in high latitudes. The initial conditions
are taken from the end of the first month in the previous month’s forecast simulation (e.g.
for the March forecast they come from the end of December in the February forecast); thus
concatenation of the first months of subsequent forecast simulations results in continuous
hindcast series, which are also contiguous with the ten climatological hindcast simulations
started in 1960. Strictly speaking, these hindcasts are “AMIP-style” simulations because the
initial conditions are not derived from actual observed states, but the distinction disappears
in the structural framework of this forecasting system.

In this paper, we discuss forecasts generated from December 2008 through to November

2010 using both HadAM3 and HadAM3P. Most of these forecasts were generated after the



fact rather than in real-time. The HadAM3 forecasts described here are not the same as
those issued publicly prior to June 2010, and differ in some specifics and in use of computing
platform from those earlier publicly issued forecasts. These new HadAMS3 forecasts continue
to be generated for research purposes and for the attribution forecast product described in

this paper but are not currently included as part of the publicly issued seasonal forecast.

b. Generation of counterfactual forecasts

For each of these two forecast models, a second 10-member ensemble of forecasts is gen-
erated to estimate what the forecast might have been had human activities never emitted
greenhouse gases. For these “non-GHG” forecasts the prescribed greenhouse gas concentra-
tions in the model are reduced to pre-industrial values and the prescribed SSTs are altered
according to an estimate of the warming attributable to our historical greenhouse gas emis-
sions described below (Fig. 2). These non-GHG forecasts are identical to the real forecasts
in all other respects, including in sea ice coverage. The non-GHG simulations were ini-
tially started from the October 2008 initial conditions of the real forecasts’ hindcasts (i.e.
generated in December 2008), and have been run separately from the real forecasts since
then.

The warming attributable to greenhouse gas emissions is estimated using an optimal
total least squares regression analysis (Allen and Stott 2003; Stott et al. 2003) on data
from the HadSST2 dataset of gridded observational measurements (Rayner et al. 2006) and
output from simulations of the HadCM3 coupled ocean-atmosphere climate model (Stott

et al. 2006). This analysis estimates objective scaling factors by which the amplitudes of



the modelled response patterns to various external forcings should be adjusted to match
the observations. Details are given in the Appendix. The analysis here indicates that the
response of the HadCM3 coupled ocean-atmosphere model to anthropogenic greenhouse gas
forcing should be adjusted by a factor of 1.3. In order for these forecasts to be generated in
real-time, we are unable to follow Pall et al. (2011) in generating large ensembles sampling
the uncertainty in the attributable pattern and scaling factor; thus we use only this single
pattern-scaling estimate.

A further scaling factor is estimated to account for the fact that we are outside the
temporal range of the HadCM3 simulations. This factor is estimated through a linear fit to
the global mean temperature change over the 1949-1998 period in the HadCM3 greenhouse
gas simulations, extended out to the forecast period. For the March 2009 forecast, this
factor has a value of 1.2 over the final decade in the HadCM3 simulations. The time-mean
difference between that final 1989-1998 period in the HadCM3 greenhouse gas simulations
and the respective periods in the related unforced simulations (which share the same initial
conditions) are then multiplied by these two factors to give the attributable SST warming
estimate. This attributable SST warming estimate is subtracted from the SSTs used in the

seasonal forecast as indicated schematically in Fig. 2.

c. Qutput of the forecasts

Currently, we only publicly release the one-month forecasts with lead one month, e.g.
April and April-June for the forecast issued in March. Once they have been simulated,

hindcasts replace the one-month lead forecasts in the publicly issued product (i.e. in June



for the April hindcast and in August for the April-June hindcast). Only temperature and
precipitation are considered at the moment.

The primary outputs are regional averages calculated for the 17 regions shown in Fig. 3a.
These are all existing political and/or economic regions at least 4 million km? in extent
(except for the G3, from which Venezuela withdrew in 2006). HadAM3P output is also
calculated for 10 groupings of nations of the Southern African Development Community
(SADC) which are larger than 390 000 km?, but we will focus on the global regions in this
paper. Regions dominated by small islands, most notably the Pacific and Caribbean areas,
are not included because temperatures (and to some degree precipitation) over these regions
would be largely constrained by the imposed SSTs rather than dynamically generated by

the atmospheric model.

d. FEstimation of forecast quantities

For each real and non-GHG forecast pair we calculate:

i. the means of both the real and non-GHG forecasts;

ii. the probability of an unusually high (hot or wet) event in both the real and non-GHG

forecasts;

iii. the probability of an unusually low (cold or dry) event in both the real non-GHG

forecasts;

iv. the fraction of the risk of an unusually high event attributable to the greenhouse gas

emissions;
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v. the fraction of the risk of an unusually low event attributable to the greenhouse gas

emissions.

The approach to estimating these values is indicated schematically in Fig. 1. Calculations for
the regions are performed after spatial averaging. All precipitation calculations are performed
on the logarithm (after spatial averaging in the case of the regions); this facilitates statistical
tests later, because the assumption of a ¢-distribution is then more justified.

The mean forecast is simply the average of the values in the ten simulations of the en-
semble. The threshold for an unusually low/high event (month/season) is defined as the
102 /90" percentile over the reference period covering 1960 to the year before the forecast
(i.e. 1960-2008 for months/seasons in 2009). There are ten hindcast simulations cover-
ing this period for each model, yielding samples of 490 years for months/seasons in 2009.
Probabilities Pea and Pyon.aug of exceedance of this threshold are estimated by adopting a
t-distribution characterised by the mean and standard deviation of the ten forecast ensemble
members. The fraction of attributable risk (FAR) is a measure of how much the likelihood
of such an unusual event differs because of the historical greenhouse gas emissions (Allen

2003; Stone and Allen 2005) and is given by

Pnon—GHG
FAR=1- —2. 1
Preal ( )

Positive values indicate that the emissions have increased the probability, while FAR = 0
implies that the probability is unaffected by the emissions, FAR = 1 implies that the event
could only occur with the emissions, and FAR = —oo implies that the event could only occur

without the emissions.
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For the 17 standard regions, uncertainties in each of these quantities are estimated
through a Monte Carlo procedure of sample size 100. Random ensembles of ten members are
selected from the fitted t-distributions of the forecasts and the calculations repeated on these
simulated samples. An example summary of results for the odds of an unusual November
2010 is shown in Fig. 3b-e. This summary displays what we can say with confidence at the
two-sided 10% significance level based on these Monte Carlo analyses. It appears to be a
robust feature for all months over the past two years that a larger number of regions are
estimated to be experiencing a significantly lower chance of a cold month than the number
for a hot month, as seen here for November 2010. It is also common in Northern Hemisphere
winter months for no confident statement to be assigned to the northern extratropical re-
gions; this appears to be due to the higher variability in these regions at this time of year
increasing the width of the distribution of probabilities, because the most likely estimates
are comparably high to other regions. The maps for the precipitation events are much more
patchy, often with only around two regions per map being assigned confident statements as

might be expected due to Type I error.

3. Semnsitivity of output to implementation

Here we examine some of the output from the first two and a quarter years of effective
operation of this forecast system. This provides us the opportunity to start comparing the
impact of the choice of atmospheric model and the use of forecast versus hindcast output.

First we will examine one region in more detail.
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a. Regional focus: ECOWAS

Figs. 4 and 5 show the single-month attribution forecasts and hindcasts produced so far
over the Economic Community of West African States (ECOWAS). The most obvious feature
is a clear contribution from anthropogenic greenhouse gases to temperature but little if any
contribution to precipitation, as might be expected based on climate change projections.
The chance of a cold month is substantially reduced by the emissions, while the chance of a
hot month is more modestly increased.

Visually, the choice of atmospheric forecast model appears to make little difference to
the results. During the two and a quarter years plotted in Fig. 4, there has been a general
warming trend followed by a recent cooling in both the HadAM3 and HadAM3P temperature
estimates. Notably, variations across lead times for individual months are generally smaller
than this trend. These features are also visible in the forecasts of event probabilities, with
trends consistent across all three plots. The difference between the expected temperatures
forecast under the real and non-GHG scenarios is fairly steady over this period, except
for the recent cooling in the real scenario which is reflected only by a leveling in the non-
GHG scenario. Variations in the spread of the forecasts mean that the forecast FARs do
not necessarily vary as one might at first expect by looking at the most likely realisations.
Precipitation totals show a more complicated variation on time scales of several months over
the period, which are less clearly reflected in the forecasts of wet event probably than of dry
event probability.

In these figures we can see some suggestion that the various forecast quantities might be

robust against choice of forecast lead time, atmospheric model, and forecast setup. We will
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now examine how this robustness holds across multiple regions.

b. Forecast lead time, including hindcast

With both forecast and hindcast (i.e. extrapolated versus observed SST anomalies) data
available, we have the opportunity to evaluate the sensitivity of results to SSTs. Because
SSTs are imposed and non-interactive in this time-slice approach, it is unknown how much
attribution results for the risk of a particular event are conditioned on the exact SST re-
alisation that occurred. The hindcast-forecast difference should provide some indication of
this sensitivity, although of course the importance of coupled atmosphere-ocean mixed layer
interactions are not factored in this analysis.

Figs. 6 and 7 show how the various forecast quantities at different lead times correlate
spatially with the final hindcasts over the 17 global regions in Fig. 3a. The correlation of
these 17 regional values are calculated at each lead time against the ultimate hindcast values
for each model and month. This is not a perfect measure for comparison, because it ignores
variations in continental means and also the absolute amplitudes of the differences between
the regions, but it serves as a simple first-order measure of the robustness of the forecasts
as a function of lead time. A first observation is that there appears to be little systematic
difference across real /non-GHG scenario or atmospheric model. The spatial patterns of all
temperature and precipitation quantities are clearly controlled by the imposed SSTs, because
the “forecasts” at lead time of -1 month, i.e. with a hybrid of observed and extrapolated
SSTs, are almost perfectly correlated with the proper hindcast generated one month later.

Reduced correlation at positive lead times reflects that being able to forecast SSTs is a
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useful component of any seasonal forecast system. These figures differ little if we restrict the
analysis to the five African regions or to the ten nation groupings within SADC (not shown),
although HadAMS3 shows less consistency in forecasting the probability of wet events over
Africa.

Interestingly, the temperature FAR patterns are more stable across lead time than the
other temperature quantities, but the reverse is true for precipitation. The implication of
this is that the FAR estimates for hot and cold events may not be strongly conditioned on
the SST pattern that was realised in any given month, while the FAR estimates for wet and
dry events may be strongly conditioned. Notably, though, there seems to be a lower limit
on the correlation of the FAR patterns for both temperature and precipitation. Thus, it
appears that there may be some minimum FAR signal that is not strongly conditioned on
the realised SSTs but is related to the overall attributable warming pattern, and that this

signal is higher for temperature than precipitation, as might be expected.

c. Choice of atmospheric model

With the use of two atmospheric forecast models, we can take a first look at the depen-
dence of the output on the model selection. HadAM3 and HadAMS3P are two versions of
the same core model, but still differences and similarities should give us a first impression
of how the attribution of the risk of weather events depends on model architecture (Jones
et al. 2008).

We can calculate the spatial correlation of the HadAMS3 forecasts with the HadAM3P

forecasts, similarly to Figs. 6 and 7 (not shown). As with the comparison against the
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hindcast, the correlations across models are higher for the temperature FAR estimates than
for the other temperature quantities, but lower for precipitation. Perhaps surprisingly, the
models agree on the most likely and event probability patterns for precipitation at least as
much as they do for the temperature patterns, but the FAR the agreement is considerably
higher for temperature. Once again, the plots are highly similar if the analysis is restricted

to the five African regions or to the ten nation groupings within SADC.

4. Constraints and concerns

Running a product operationally places strong constraints on how thoroughly all sources
of uncertainty can be examined. The most obvious constraint is on the ensemble sizes,
which do not allow the direct sampling of frequency possible in the targeted study of Pall
et al. (2011). A larger but still modest sample size would provide enough data to use more
plausible statistical estimates of the frequency than described here, in particular apply-
ing extreme value theory. Additionally, the operational product described here does not
sample uncertainty in either the pattern or amplitude of the SST warming attributable to
greenhouse gas emissions. Uncertainty in the atmospheric model is examined, but only
in the limited case of using two versions of the same underlying model. During develop-
ment of this system, some separate attribution forecasts were generated using the setup of
HadAM3 used prior to June 2010 for the seasonal forecasts. This ran on a different com-
puting platform, included a smaller number of simulations, used a different climatological
reference period, split the non-GHG forecasts from the real forecasts at a different date, and

used seasonally-varying scaling factors on the attributable SST warming estimates. There
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were no clear differences (not shown) with the HadAM3 and HadAM3P attribution fore-
casts described in this paper, but this informal comparison was a weak test of the influence
of all of these factors. Ome point to consider is that we might expect the attributable
risk to be seasonally varying. Due to biases in climatology and ability to simulate rele-
vant seasonal teleconnections, the relative precision and accuracy of members of a group
of climate attribution models may easily vary according to season as well as location and
field, just like the case of weather forecast models and, it seems, climate change models.
Model and methodology intercomparisons, as discussed and proposed at a recent workshop
on the topic (Attribution Workshop, 17-18 August 2010, Broomfield, Colorado, U.S.A.,
http://www.esrl.noaa.gov/psd/csi/meetings/attrworkshop_2010/Attribution_Workshop_ExecSummary.pd:
should help to clarify the relevance of these concerns if they are conducted in parallel with
existing seasonal forecast and/or climate change monitoring and attribution programmes.
The two big questions are how much accuracy is required of an operational attribution
system and how this accuracy can be tested. Evaluation is clearly a major issue given the
central role of a fundamentally unobservable system: the climate that would have been ob-
tained had we not raised greenhouse gas concentrations. The fact that results for temperature
appear to be dominated by the attributable change in large-scale sea-surface temperatures
provides some reassurance here, because this aspect of anthropogenic climate change has
been extensively studied and explored in the context of the traditional attribution question
(Stott et al. 2010). The use of more coupled models to estimate patterns of attributable
warming would clearly increase confidence in this aspect of the system. A more challeng-
ing problem is to assess whether the atmospheric model used is accurately simulating the

statistics of weather extremes and their response to changing boundary conditions. It is im-

17



portant to emphasise that simple predictability is irrelevant here: there is nothing to prevent
us from attributing changes in risk of weather events that are completely unpredictable in an
initial-condition seasonal forecast. Seasonal forecast reliability statistics are more informa-
tive, because they provide an indication of whether the atmospheric model used is capable of
simulating extreme weather with realistic frequency. In principle, reliability diagrams could
be used to provide a post-hoc correction on model output statistics to compensate for biases
in the atmospheric model, or, perhaps preferably, we could use them as a test of model
reliability which would provide us with a means of identifying weather events for which our
modelling system cannot yet provide an attribution assessment. This sort of analysis is a
major endeavour over Africa because of the difficulties in interpreting available observational
data and is well beyond the scope of this paper.

The level of accuracy required would seem to depend in large part on the purpose. If the
attribution product is intended to directly inform legal cases or the international financing
of major adaptation activities, then we would require a very rigorous system. Yet for such
purposes, one would suppose that more targeted studies would be required anyway which
focus on the event from a damage viewpoint rather than a climatological viewpoint (Pall et al.
2011). Thus, the most obvious use for an operational system would be in highlighting cases
worthy of more rigorous targeted study. Another purpose would be for addressing questions
from the public at large, usually via the media, on the cause of a particular event as the event
is occurring. Tied into existing communication and education methods, this could prove a
powerful tool to enhance understanding of climate change and climate research. For that,
any resource must surely be better than the lack (beyond subjective expert judgement) that

has existed until now.
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Two major parallel challenges in the generation of this product, which operates every
month covering the globe, has been to reduce the amount of output to a manageable size
whilst still providing information in a readable format. While gridded maps would seem a
friendly format for presentation, we have found them difficult for the presentation of uncer-
tainty. In particular, gridded maps tend to be read at the spatial resolution shown, which is
dangerous if it is the same as the model grid resolution. The restriction of output to regional
averages has thus been deliberate. Further presentation measures include not publishing
output for all forecast lead times or all possible season lengths. Furthermore, we have only
focused on the contribution of anthropogenic greenhouse gas emissions, rather than of all
anthropogenic forcing. This selection was made for consistency with international financial
facilities currently being developed for funding adaptation activities (United Nations 2007),
but for many purposes the total anthropogenic contribution may be more relevant. Should
both the greenhouse gas and the total anthropogenic contributions both be presented in an
operational product, and if so then how can we minimise the confusion that may result,
especially when the contributions are opposite?

An overriding issue with any study on the attribution of weather risk is the selection
effect (Chase et al. 2006), i.e. of focusing on events expected to have an increased probabil-
ity attributable to historical emissions whilst ignoring the multitude of events with no such
expected link or an expected decreased probability. The production of an operational system
is a step toward reducing that risk, in that it produces information in a proactive and sys-
tematic way without tailoring definitions to fit a specific event that occurred. Nevertheless,
with the 17 regions, 2 models, and 4 types of events considered here, one might expect 14

region-model-event combinations to have an apparently significantly increased probability
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at the 10% significance level purely by random chance for any given forecast. Some extra
analysis needs to be applied in order to characterise whether a forecast seems to have a real
signal or not. The current plan for this attribution forecast is to invoke a field significance
test using a Monte Carlo analysis of simulations from the climateprediction.net experiment
(Pall et al. 2011). There are many permutations on how such a field test can be performed,
however. Should it be on all events, or separately for temperature and precipitation events?
Should it be applied globally for each month, or locally over a year? These questions are so
numerous and complex that they must be left for another paper.

One of the most evident issues noticed by the authors during the development of this
attribution forecast system is that it differs in several major respects from a standard sea-
sonal forecast system and thus must be treated differently too. In particular, unlike a true
forecast product, the output of an attribution forecast system cannot be evaluated directly
against observational records. In that sense, while it is generated in a manner akin to a
seasonal forecast, this attribution forecast should be interpreted more appropriately as a
climate change product. The system presented here is one realisation of a weather risk at-
tribution system (albeit running two separate model versions). Other possible realisations
exist, sampling not only different atmospheric models, attributable warming estimates, and
statistical estimation strategies, but also different approaches than the time-slice method
used here (e.g. Christidis et al. 2011). The sensitivity of results to each of these factors
can only be revealed by sampling through the various possibilities in each, akin to what is
done in the projection of climate change and, on a larger scale, in weather forecasting. Such
an effort must be international, and the creators of this product encourage groups around

the world to develop their own research and operational attribution programmes in order to
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satisfy the growing request for this resource.
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APPENDIX

Estimation of sea surface temperatures in the non-GHG
forecast

The warming attributable to greenhouse gas emissions is estimated using an optimal total
least squares regression analysis (Allen and Stott 2003; Stott et al. 2003) on data from the
HadSST2 dataset of gridded observational measurements (Rayner et al. 2006) and output
from simulations of the HadCM3 coupled ocean-atmosphere climate model (Stott et al. 2006).
If Tops(x) is the observed spatio-temporal SST data, Tgrg(z) is the corresponding data
from historical simulations of HadCM3 including increases in greenhouse gas concentrations,
Ty ar(z) from simulations including changes in external natural forcings (volcanic aerosols
and solar luminosity), and T4z (z) from simulations including both changes in greenhouse
gas and natural forcing plus changes in the concentrations of sulphate aerosols, then the

regression takes the form

Tops(r) = B1 (Tarr(r) — varr(w))+02 (Tena(r) — vana(x))+63 (Inar(x) — vnar(x))+vops ().
(A1)

Tarr(x), Taga(z), and Ty ar(x) are each the ensemble mean of a four-member initial condi-

tion ensemble of simulations, resulting in residual noise varr (), vaua(x), and vy ar(x) from

the limited sampling. Similarly, vops(z) is a noise term accounting for the limited sampling

of Tops(x). The (s are the regression coefficients on the transient scenarios. Because the

scenarios are not entirely independent (both NAT and GHG forcings are included in the
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ALL scenario), the scaling factor on the simulated response to greenhouse gas forcing is

Banc = P+ Pa. (A2)

Thus a scaling factor of Sgge = 1 would imply that observational constraints agree with
the HadCM3 estimate of the amplitude of the spatio-temporal response to greenhouse gas
forcing.

Before the regression analysis, some pre-processing is performed to ensure that the anal-
ysis focuses on larger scale features. Monthly mean HadCM3 surface air temperature data is
assumed equivalent to SST data and masked according to the model’s land-sea mask and the
availability of HadSST2 data. All data sets are then averaged into five-year segments cov-
ering the 1899-1998 period and onto a 45° x 45° longitude-latitude grid, with this new data
weighted according to coverage, with a minimum of 25% internal coverage required for each
grid cell. The extremely coarse spatial resolution means that only large-scale features are
used in the comparison. Similar processing is performed on overlapping 100-year segments of
a Hb0-year simulation with constant external forcing. The leading nine principal components
(PCs) of this data are taken and all other data sets are projected onto these PCs before the
regression analysis. In practice, other PC truncations result in almost identical estimates of
the scaling amplitude, provided it is sufficiently large to represent the main features of the
variability but not too large to include poorly sampled features. The regression is performed
on these PCs in a procedure that optimises the signal in relation to the noise; this involves
weighting in favour of lower-order PCs, thus if very low order PCs were retained these poorly
sampled features would be very strongly weighted (Allen and Tett 1999).

Annual mean data are used in the estimation of the amplitude adjustment for the
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HadAM3P and HadAM3 forecasts, with no seasonal variation (Pall et al. 2011). Thus we
find Bgre = 1.3, broadly consistent with estimates using both land and ocean temperatures
and different pre-processing approaches (Stott et al. 2006). The likelihood function of this
scaling factor is estimated using the covariance in 100-year segments of a separate 500-year
simulation with constant external forcing; the Sgpe scaling factor is consistent with 1, as

measured by the 90% confidence interval of 0.4-2.5, but inconsistent with zero.
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List of Figures

Outline of the comparison made in the attribution forecast product. An esti-
mate of the distribution of possible temperatures is made under the current
real climate (red curve) and another estimate is made under a scenario in
which human activities had never emitted greenhouse gases (blue curve). For
both scenarios the probability of exceeding some threshold is taken, in this
case a threshold for historically unusual hot events (shaded). The two prob-
abilities are compared using the fraction attributable risk (FAR) measure
described in the text. In this example, 85% of the chance of an unusually hot
event is attributable to the anthropogenic greenhouse gas emissions.

Schematic of the procedure for producing the seasonal forecasts used in this
attribution forecast system. Observed greenhouse gas concentrations are im-
posed for the real forecasts, while pre-industrial concentrations are imposed
for the non-GHG forecasts. Sea surface temperatures for the non-GHG fore-
casts are modified by subtracting an estimate of the geographical warming

attributable to historical greenhouse gas emissions.
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a) Map of the 17 regions for which area-averaged results are given. EEA-
Europe consists of the European Econonic Area minus French territories out-
side of Furope. Venezuela withdrew from the G3 in 2006 but we include it
here. There are a few cases of overlap between regions, denoted by the hashed
shading. b-e) An example summary of the estimate of how historical green-
house gas emissions have altered the chance of a November 2010 that is b)
unusually hot, ¢) unusually cold, d) unusually wet, and e) unusually dry, as
calculated from the HadAM3P model. This summary displays what we can
say with confidence about such an event over each of the regions, rather than
the estimate of the most likely contribution.

The attribution forecasts for one-month temperature over ECOWAS over the
first two and a quarter years of operation. For each forecast type, the thick
line marks the mean of the simulation ensemble, while the small dots denote
the estimated 5-95th percentile range using a Monte Carlo procedure on the
estimated t-distribution. For each month the plotted quantities progress from
the three-month lead forecast (left) to the hindcast two months afterward
(right), when available. Dark lines denote real forecasts from either model
while light lines denote non-GHG forecasts; the dark lines are used to denote
the merged quantity in the FAR (fraction attributable risk) panels. The cli-
matological reference period is 1960-2008, 1960-2009, and 1960-2010 for all
months in 2009, 2010, and 2011 respectively. The climatological cold and hot
probability is defined to be 10%. Some values in the FAR panels are below

the plotted range.
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As in Fig. 4 but for regional mean precipitation.

The spatial correlation over the 17 regions in Fig. 3a of various forecast quan-
tities against the final hindcast, as a function of lead time. The average values
across all months are shown at each lead time for clarity; the crosses denote the
approximate quartiles across the monthly samples. Only the direct estimates
are shown here, because the Monte Carlo sampling used for uncertainty esti-
mates for individual months and regions do not account for spatio-temporal
covariance. All months from January 2009 to December 2010 are included,
but values are not available for all lead times for the first few months. FAR
values are first transformed to log(1 — FAR), in order to moderate the effect
of negative outliers.

As in Fig. 6 but for precipitation over the 17 regions.
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Fi1G. 1. Outline of the comparison made in the attribution forecast product. An estimate
of the distribution of possible temperatures is made under the current real climate (red
curve) and another estimate is made under a scenario in which human activities had never
emitted greenhouse gases (blue curve). For both scenarios the probability of exceeding some
threshold is taken, in this case a threshold for historically unusual hot events (shaded). The
two probabilities are compared using the fraction attributable risk (FAR) measure described
in the text. In this example, 85% of the chance of an unusually hot event is attributable to
the anthropogenic greenhouse gas emissions.
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Procedure for forecast issued in March

Different GHG concentrations:
initial real world => present values,
weather non-GHG world => "pre-industrial" values
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Fi1G. 2. Schematic of the procedure for producing the seasonal forecasts used in this attri-
bution forecast system. Observed greenhouse gas concentrations are imposed for the real
forecasts, while pre-industrial concentrations are imposed for the non-GHG forecasts. Sea
surface temperatures for the non-GHG forecasts are modified by subtracting an estimate of
the geographical warming attributable to historical greenhouse gas emissions.
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== Not included

== Andean Community

== ASEAN

== Australia
Canada

== China == \ercosur 4
ECCAS = Russia
ECO = G3 == SAARC

== FCOWAS IGAD == SADC

== EEA-Europe == | eague of Arab States == United States of America

No detectable difference

No detectable difference

3 = Qdds are at least smaller & - = QOdds are at least smaller
= Odds are at least doubled = Odds are at least halved = Odds are at least doubled = Odds are at least halved
= Odds are at least larger = Odds less than halved or doubled = Odds are at least larger = Odds less than halved or doubled

d)

No detectable difference

No detectable difference

- = Odds are at least smaller £ - = QOdds are at least smaller
= Odds are at least doubled = Odds are at least halved = Odds are at least doubled = Odds are at least halved
= Odds are at least larger = Odds less than halved or doubled = Odds are at least larger = Odds less than halved or doubled

F1G. 3. a) Map of the 17 regions for which area-averaged results are given. EEA-Europe con-
sists of the European Econonic Area minus French territories outside of Europe. Venezuela
withdrew from the G3 in 2006 but we include it here. There are a few cases of overlap
between regions, denoted by the hashed shading. b-e) An example summary of the estimate
of how historical greenhouse gas emissions have altered the chance of a November 2010 that
is b) unusually hot, ¢) unusually cold, d) unusually wet, and e) unusually dry, as calcu-
lated from the HadAM3P model. This summary displays what we can say with confidence
about such an event over each of the regions, rather than the estimate of the most likely
contribution.
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F1G. 4. The attribution forecasts for one-month temperature over ECOWAS over the first
two and a quarter years of operation. For each forecast type, the thick line marks the mean
of the simulation ensemble, while the small dots denote the estimated 5-95th percentile range
using a Monte Carlo procedure on the estimated t-distribution. For each month the plotted
quantities progress from the three-month lead forecast (left) to the hindcast two months
afterward (right), when available. Dark lines denote real forecasts from either model while
light lines denote non-GHG forecasts; the dark lines are used to denote the merged quantity
in the FAR (fraction attributable risk) panels. The climatological reference period is 1960-
2008, 1960-2009, and 1960-2010 for all months in 2009, 2010, and 2011 respectively. The
climatological cold and hot probability is defined to be 10%. Some values in the FAR panels
are below the plotted range.
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Most likely precipitation total
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Fic. 5. Asin Fig. 4 but for regional mean precipitation.
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Correlation
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Fic. 6. The spatial correlation over the 17 regions in Fig. 3a of various forecast quantities
against the final hindcast, as a function of lead time. The average values across all months
are shown at each lead time for clarity; the crosses denote the approximate quartiles across
the monthly samples. Only the direct estimates are shown here, because the Monte Carlo
sampling used for uncertainty estimates for individual months and regions do not account for
spatio-temporal covariance. All months from January 2009 to December 2010 are included,
but values are not available for all lead times for the first few months. FAR values are first
transformed to log(1 — FAR), in order to moderate the effect of negative outliers.
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Fic. 7. Asin Fig. 6 but for precipitation over the 17 regions.
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