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The recent decision of the U.S. Supreme Court on the regulation of CO, emissions
from new motor vehicles™ shows the need for arobust methodology to evaluate the
fraction of attributable risk from such emissions. The methodology must enable
decison-makersto reach practically relevant conclusions on the bags of expert
assessmentsthe decison-maker seesasan expression of research in progress,
rather than asknowledge consolidated beyond any reasonable doubt.®3* The
present paper presents such a methodology and demonstratesitsuse for the Alpine
heat wave of 2003.

In a Bayesian setting, different expert assessmentson temperaturetrendsand
volatility can be formalized asprobability distributions, with initial weights (priors)
attached to them. By Bayesian learning, these weights can be adjusted in the light
of data. Thefraction of heat waverisk attributable to anthropogenic climate
changecan then be computed from the poserior distribution.

We show that very different priors consistently lead to the result that
anthropogenic climate changehascontributed more than 90% to the probability of
the Alpine summer heat wavein 2003 The present method can be extended to a
wide range of applications wher e conclusons must be drawn from diver gent

assessmentsunder uncertainty.

KEY WORDS: Fraction of attributable risk, Bayesian learning, climate change climate

damages, heat wave



1.INTRODUCTION

With itsdecision of April 2,2007,0n "Massachusetts et al. v. Environmental Protection
Agency et d.", the U.S. Supreme Court has given new relevance to thetask of assessing
thefraction of climate related risks tha can beattributed to human actions A group
induding state and local govenments as well as private organizationshad chalenged
the EPAG denia to regulate the emissionsof greenhou gases unde the Clean Air Act.
In its opinion, the Supreme Court states tha, "therise in sealevels assodated with
globd warming has already harmed and will continueto harm Massachusetts. Therisk
of catastrophic harm, thoughremote, is neverthdess real. Tha risk would bereduced to
some extent if petitionas received therelief they seek. We therefore hold tha peitionas
have standing to chalengethe EPA's denial of their rulemaking petition."™ *? This
reinforces theclaim tha, "There is an urgent need to develop improved methodsand
tools of climate impact assessment (such as the use of probabilities and Bayesian
andysis)"® P19 A key chdlengefor such amethodology is the need to reach
condusonsonthebass of conflicting expert judgements, and to do so with limited

resources.

2.BAYESIAN ASSESSMENT OF THE FAR

A suitable methodobgy can bedevelopal with the hdp of Bayesian decision theory (see
Min et al.(2004®, Hasselmann(1998}”, Schnur& Hasselmann(2005¥® for the use of
Bayesian techniques in climate research, Jaeger et al.(1998§” for a discussion of
decision theory related to climate change and Krepg(1988§'?, Earman(1992f*" for a
Bayesian approach to decision theory). Different expert claims abouta sequence of risks

are then regarded as hypoteses tha may guide action dealing with those risks. By



assigning mixture weigthsto those hypotheses oneobtainsa convex set of further
hypoteses tha may guide action as well.

Let X,,, besome damaging event thedecision-maker isinterested in. In thecurrent case,
thiswill bean event tha may beinfluenced by climate changein ways that are notfully
undestood. The probability of tha event can be assessed with the hypotheses the
decison-maker iswilling to consder as well as with mixtures of these. On the basis of
available new evidence, the decision maker can update theinitial weights she assignsto
thehypoheses. Using these updded weights, she can then assign revised probabilitiesto

theevent X,,,. Cal B, (X.,

g) theprobability sheassignsto tha event on the basis of
theevidence g available at time t, buttaking into accountonly hypotheses without

anthropogaic climate change Call the probability she assignsto the same event onthe

basis of the same evidence butinduding aso the hypotheses with anthropogenic climate
change P,(X,,;|e) . Asexplained in theappendix, the FAR, the fraction F, of

attributable risk can then be computed as:

)
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To take advantage of Bayesian learning when assessing the FAR of some critical event
with regard to climate change thefollowing stepsare necessary: First, identify a
sequence of daatha can be used to test a set of modds, and defineacritical event the
FAR for which isto be estimated. Second defineaset of modd hypothesesinduding
both hypotheses unde the assumption tha there isand tha there is no anthropogenic
climate change Third, defineinitia weightsfor the different modd hypotheses and
updae these weights onthebasis of the sequence of evidence. And fourth, compute the

probability of thecritical event for thedifferent hypotheses and the FAR.



3.AN APPLICATION TO CLIMATE CHANGE AND THE SWISS SUMMER
HEAT WAVE

It seems promising to andyze the Alpine summer heat wave with this methodobgy.
From 2002to 2003 Swiss summer temperatures jJumped by 3.6 C from 187 Ct0 223 C
(see Figure 1). The 2003heat wave increased mortality in Switzerland by 7%. The
statistics of the 1000additiond desths shows tha by no meansall can beattributed to
people aready beingin bad health.*? ThroughoutEurope the 2003heat wave caused
about35'000people to die, many in an undignified manne.*¥ The question arises
whether the extreme 2003summer temperatures and thusthese desths can be attributed

to climate change

ure (C)

19 }

Tenperat

1860 ~EBD 1500 192C 1340 1560 580 2000 2020

Figure 1 Swiss mean summer temperature from 1864 through2006,averaged over the
four stationsBasdl-Binningen, Bern-Liebeeld, Gensve-Cointrin and Zurich and over the

three summer monthsJune July and Augus.



Different authors have shown tha the2003summer heat wave exhibited characteristics
resembling those projected to occur more frequently by the end of the 21% century unde
scenaiosof anthropogaenic climate change®4*>6718) Multi-modd multi-scenario
smulationspredict tha in the absence of effective mitigation measures the frequency of
occurrence of extremely warm seasonswill rise remarkably in many parts of theworld
by theend of the 21 Century™®. Investigationsof temperature records and modd
simulationssuggest tha there is an anthropogenic influence not only on recent
warming®#2223) byt also on temperature extremes?. Applyingtime series andysisto
German summer surface air temperature, Schdnwiese et al.® find that the probability of
summer temperature anonalies in the rangeof thase experienced in 2003has increased
by afactor of 20 since 1760dueto a progressive warming trend since about1870.

With regard to the 2003heat wave in Europe Stott et al.*¥ have used climate modd
smulationsto quantify thefraction of risk attributable to human influence. Using a
temperature threshold tha was exceeded in 2003,butin no previousyear since the
beginning of ingrumental record, they offer alower boundof 0.5 as ther assessment of
thefraction of attributable risk tha European summer temperature would exceed tha
threshold in 2003 Asregadsthe Alpineregion, however, ther study misses a key
feature of theempirical record, namely theincreasing variability of summer
temperatures aroundther long-term mean B perhgps because the area selected was too
largeand the data grid too coarse in this respect®. In the case of globd mean
temperature, theanthropogenic signd has clearly been demondrated to lie well above
thenatural variability noise Bindependently of recent controversies over the precise
level of thenatural variability background®?®*). However, onregiond scales, the

anthropoganic influence is more difficult to detect with statistical confidence,



paticularly with respect to extreme events. In view of theunavoidable scientific
uncertainties, any attempt to assess therisks of anthropogenic climate changemug in

this case dgpend on subjective judgenents and is thusamenable to a Bayesian approach.

3.1 Hypotheses on Temper ature Development

"Summer 2003was the hattest in Europesince 1500, very likely duein part to
anthropogenic climate change'®* P83 Our god isto specify the phrases "very likely"
and"in pat" in quantitative terms. For this purpos, we consde thefollowing four
modd hypotheses as well as mixtures of these. Each oneof thefour hypotheses assumes
nomally distributed randomvariables with nointerannud correlation; ther mixtures,
however, indudethepossibility of non-nomal distributionsand autocorrelated values.
Each hypotesis correspondsto oneof four paterns tha may beused in thedescription

of regiond climate change

H1: Thereisno climate change jud short-term randomfluctuaions Themodd conssts
of arandomvariable distributed aroundthe mean of theyears 18642002with a standad
deviation (sd) equd to thesd of the same period.

1,=17.15+", " ~1#(0,0.945

H2: Thereis amodest condant warming trend tha may be explained by naural causes,
interannud randomfluctuaionsasin H1 are supaimposed. Themodel conssts of a
randomvariable distributed arounda linear trend leading to a temperature increase of
about0.3 C over thepast 150years. This correspondsto the assessment tha "solar

forcing may have contributed abouthdf of the observed 0.55 C surface warming since



1860'®Y. Asboth changesin solar forcing and changes in mean summer temperatures
have been relatively small, linearization appears justified to describether relationship.
Astheinitial valuefor thetrend we use the average of thefirst 30 years, corrected for
themodd dope (Let u bethe averagetemperature of thefirst 30 yearsand a thedope
according to thehypahesis unde consderation. Then theinitial valueissetto u! 15a.
We will use the same procedure for theinitial values of H3 and H4 aswell asfor the
initial valuefor thestandard deviation in therandam variable of H3.)

7,=16.952+0.002+¢, &~ N(0,0.924

H3: Anthropogenic climate changeleadsto a significantly stronge warming trend that
steadily increases Alpine summer temperatures; interannud randomfluctuaions
increase linearly with time. Themodd conssts again of arandomvariable distributed
aroundalinear trend, starting with the average temperature of thefirst 30 years, butnow
we let thetrend end with the average temperature of thelast 30 years. This corresponds
to an average annud temperature increase of 0.007 degrees, roughly congstent with the
IPCC third assessment: "Thebest estimate of global surface temperature changeisa0.6
C increase since thelate 19th century”®? P19 Theoretical andyses predict alogaithmic
increase of globd mean temperatures with inareasing greenhou® gas conaentrations®?
Asthegreenhou gas content of theatmogpheae is obsrved to increase
exponatially®, alinear globd temperature response would accordingly be expected.
Hypothesis H3 assumes tha regiond changes over Switzerland directly reflect this
globd trend. In accordance with the widespread view tha anthropogenic climate change

is accompanied with increasing climate variability®?, we let thesd increase linearly



fromthesd of theresidudsin thefirst 30 years to the sd of theresidudsin thelast 30

years.
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Figure 2 Expected temperature trendsfrom 1864through2006according to hypaheses

H1 to H4 alongwith Swiss mean summer temperature data.

H4: Anthropogenic climate changeis raising Alpine summer temperatures at an
accelerating pace; thevariance of interannud randomfluctuationsremainscongant. In
this case a least-squae exponential trend isfitted to the deviationsfrom the mean
temperature of thefirst 30 years, startingwith arandomfluctuaion of 0.01 C. With this
trend, thesd of theresiduds from theexponential fit does notincrease (it decreases
dightly by -3*10*C p.a.). We set it equd to thesd of theresiduds. Themodéd behind
this hypothesis may beinterpreted as follows: A deterministic linear ingability isdriving

theregiond mean summer temperatures away from ther pre-indudria levels, resulting



10

in an exponential growth. Supaimposd onefindsflucuaionswith time indgpendent
variance, which indicates that the mean trend and the fluctuationsare likely driven by
indgoendent mechanisms.’

7, =16.965+ 0.01x exp(0.0378) + ¢, € ~IN(0,0.868

For arepresentation of thefour hypoteses, see Figure 2.

3.2 Bayesian Updating of HypothesesOWeights

Bayesian learning starts with a set of priors, and different decison-makers Das well as
different scientists Busudly hold different priors with regard to a given problem. We
therefore compare two sets of initial priors representing two very different points of
view on climate change Thefirst pant of view, called Gon-anthropogaic oriented
priorsQassignsweight 0.4 to H1, 0.3 to H2, 0.2 to H3, and 0.1 to H4. The second point
of view uses thereverse order, we therefore call those priors @nthropogeic climate
changeoriented priorsO Both priors can now be adjusted according to a process of
Bayesian updding (see Methodg. Theresulting shift in the approximated weightsis
represented in Figures 3 and 4.

By 1980, thedifferences between thetwo sets of priors have largdy faded out In 2002
for thenonanthropoganic oriented priors the (rourded) weights for thefour hypaheses
are5*10%, 7¥107, 1*10° and 0.991. For the anthropogenic climate changeoriented

priorstheweights are 3*10°, 1*10°°, 4*10™* and 0.998.
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initial weights of 0.4 (H1), 0.3 (H2), 0.2 (H3) and 0.1 (H4) in 1863.Upd&aingis carried

out according to BayesORule (see Methodg usng Swiss summer temperature deta as

displayed in Figure 1.
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Figure 4 Results from updding with anthropogenic climate changeoriented priors,

starting frominitial weights of 0.1 (H1), 0.2 (H2), 0.3 (H3) and 0.4 (H4) in 1863
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3.3 TheCritical Event and itsFAR

In order to compute the probability of thecritical event unde each hypothesis, we need
to dfinetha event in statistically meaningful terms. The summer temperature of 2003
exceeded the mean of the preceding 100years by nearly 5 standad deviationsof those
100years. We definethecritical event as a summer temperature in 2003exceeding the
mean of the preceding 100years by at least 4 standad deviations i.e., atemperature of
at least 21.26 C. Unde thedifferent hypotheses, the probabilities for such an event are
7*10°, 6*10°, 5*10°, 3*10°. Using theweights from Bayesian learning, the overall
probability for thecritical eventisthe same (rounced to four digits) for both
perspectives, namely 0.0029.Unde theassumption tha there is no anthropogeanic
climate change theresulting probability is 6*10° for both perspectives. Thisleadsto a
FAR of 99.8% for bath thenonanthropogaic and the anthropogenic climate change

oriented priors.

4. CONCLUSIONS

Three main condusonscan bedrawn. First, the present andysis suppots the clam by
Stott et al.*¥ that the FAR of the 2003heat wave is larger than 0.5 Dand it suppots the
much stronge claim of a FAR of 0.9 and more. Second, theandysis shows tha this
finding represents a consensustha can bereached from widdy diverging starting points.
Third, the method of Bayesian learning can be used to track the evolution of probability
assessments based on the accumulation of additional evidence and to compute a
resulting FAR for possible climate damages.

TheFAR isapaameter of consderable practical importance. Insurance contracts, e.g.,

may specify payment of a fraction of damages depending on FAR estimates. Moreover,
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it isstandad practice in liability trials to grounddecisionson compensation payments on
some assessment of wha propottion of damage can be attributed to a specific cause.
Thisleadsto oneimportant advantage of the proposed Bayesian learning method
compared with simple modd fitting. The latter can identify abest modd, and thefit can
beimproved once additiond data becomes available. But smple modd fitting cannot
assessthe FAR, and it is not applicable to small daa sets because it cannotuse priors.

Of course, Bayesian learning can only be as goodas the hypotheses available to start
with. In the present case, Figures 3 and 4 display arapid shift in theweights of H3. In
thehistory of climate research, there has been arelated shift from a debae aboutthe
danges of globd cooling dueto natural cycles®® or even dueto humen influence®” to
the current debae aboutglobd warming. In climate science, this shift was based ona
new modd of climate changetha combined alongterm warming trend related to
greenhou® gases with atemporary cooling caused by aerosols, discarding the possibility
of arapid end of the currentinterglacial ®®. Thisyieldsa pattern tha cannotbe produced
by a mixture of the hypotheses that were formulated before 197Q We restrict ourselves
to those hypoteses. However, induding the more complex patern posulated by
Mitchdl(1972§*® would strengthen, not weaken our assessment of the FAR for the 2003
Alpineheat wave.

Volatile paternsof Bayesian learning can show decision-makers that the set of
proposd hypotheses may neglect some important unknown mechanism. But developing
additiond hypohesesis abusness for experts, and decisonsmay well need to betaken
before experts have developed a satisfactory set of hypotheses. For practical
applicationsof the proposd method,then, it isimportant to distinguish situaionswhere

theavailable hypotheses yield arobug assessment and those where thisis notthe case.
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Robug here means stable throughtime and across different priors. Aslongasthisis
not the case, risk-averse decision makers may bewell advised to focusontheworst
scenaio, following the course of action that minimizes maximum conceivable damage
When arobug assessment is possible, standard risk management practices tha baance
risks and oppotunities are more appropriate.

In the case of the 2003Alpine heat wave, attributing a FAR of at least 90% to
anthropoganic climate changeis arobug assessment. An interesting case tha may or
may notlead to a similar assessment is the oneof hurricane damages like thos caused
by hurricane Katrina Investigating such cases with the present methodis a promising

avenuefor further research.

APPENDIX ON METHODS

Bayesian Updating of Prior Probabilities

Themethod of updding subjective probabilities by meansof available evidence is
goveaned by Bayes celebrated formula, based onthe symmetrical relation

P(h|e)! P(e) = P(e h) = P(e|h)! P(h) (2)
for conditiond probabilities. Here, evidence (e) and hypothesis (%) are both treated as
possible propostionstha may or may notturn outto betrue Equdion (2) specifiesthe
probability P(e,h) tha theevidence and hypotesis are both true It implies tha, given

the probability P(e|h) tha theevidence e istrue(i.e. tha a prediction s verified) unde

the condition tha the hypothesis h istrue onecan infer thereciprocal a pogeriori

probability P(h|e) tha thehypohesis h istruefor the case tha theevidence e istrue

To updde theapriori probability P(h) (the"prior"), however, oneneadsto knowin
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addition thetotal probability P(e) tha theevidenceistrue indgpendent of thetruth of

thehypotesis h.

Unfortunaely, thisinformationis not aways available. In our application to the Swiss
summer heat wave, for example, agiven hypothesis h congsts of a paticular modd of
the evolution of Swiss summer temperatures, and the hypothesistest e isa predicted
temperature measurement. Assuming that themodel is correct, onecan deerminethe
probability P(e|h) of verifying the prediction. However, the overal probability of
verifying the prediction P(e), independent of the particular modd hypohesis, is not
known, as the correct modd, amongtheinfinite set of al conceivable summer
temperature modds, is not known.

Theusud application of BayesCtheorem is therefore not to updae the absolute
probability of asingle hypothesis, butrather to update therelative probabilities of two
(or more) competing hypotheses.® These relative probabilities can belooked at as
mixing weights, approximating the correct modd by a combination of thegiven ones.
Applying Equéion (2) to theratio of the (relative) probébilities of two hypoheses h,h,,

oneobtans

P(hle) _ Peh), Phy)
P(h,Je) P(eh,) P(h)

3)

Thus thepogerior ratio of the probabilities of thetwo hypotheses is modified relative to
the prior probability ratio by the Bayes factor B = P(e|h,) / P(e|h, ) .**
To andyze the 2003Alpine heat wave, we genegalize Equaion (3) to aset of n

hypoheses h which we sub-divideinto k hypoheses h_,_, of climate variations

liln?

withoutanthropogenic influence, and n! k alternative hypotheses h,,_, indudingsuch

influence. We congder furthermore a sequence of updded a pogeriori relative
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probébilities P(h |q) based on a sequence of evidences g that become available at

times r =1,...,T . Therelative probabilities, by definition, sumto unity, | in:lP(h |q) =1.

Findly, as evidence we require tha the modd-predicted temperatures agree with the
observed temperatures within agiven infinitesmal incement ! ” . Thisimpliestha the
probability tha theevidence istrueisinfinitesmal, butas Equéion (3) involves only the
ratio of probabilities, theformalism can beapplied both to normal probabilities P and
probability dengtiesp.

Forming theratio of the pogerior relative probability of the hypothesis h to the
pogerior sum of relative probabilities onethen obtainsthe algorithm for updaing these

probabilities:

h)! P(hle)
h)! P(he)

p(g.,

n n

P(h |Q+1) =
1= P&

(4)

This algonthm alows updaing theweight of each hypotesis on the basis of new
evidence. As an example, thisis how it can be applied for updaing theweight of H1
according to thefirst available summer temperature measurement of 1864:

We start at 1963 i.e., t =0, definea set of hypoteses (H1 to H4, as described above),
and assigninitial weights to them, in this example the non-anthropogenic oriented priors
givenin section 3.2:

P(h, |e,)=0.4; P(h,le)=0.3; P(h,|e,)=0.2; P(h,|g)=0.1

We then condder thefirst data point, Swiss summer temperature of theyear 1864

6,, =€ =16.2417{C. Now, the probability of thistemperature event within each of the
four hypotheses has to be calculated, i.e., the probability dengty for thevalue g hasto

be computed for each hypothesis. Asthe present hypoheses take theform of trends



17

with nomally distributed deviations probébility dengty for an event g, within a

l$Q+1#:u|I2
. L R AT W | .
hypohesis h isgivenas p(e,, |h)= N e , Where 1., ! . are specified
by hypothesis h . AsHlis/ =17.15+", " ~#(0,0.945), u, =17.15and

o, = 0.945. (Infact, asfor A, ndthe thetrend value nor deviationsfrom thetrend

changeover time, these values remain condant for all updaing steps)

L 1162417717158
kg 2 > 0.945

1
Thu h)=—— n =0.2660 . Andogousy, in correspondence
S p(ell 1) 0.945\/? g Y esp

with thedefinitionsof H2, H3, and H4, fort =1

_ 1(162417—16.954

1 ]
h)z=——_*eg2 0% ) _0320¢
P& Ih;) 0.924/27

. 1#162417" 168838

1 o
ple |hs) = W* e 24 orsee 1 = 0.361¢, and

. 1#162417" 16975¢’

_ 1 v o 2% oses  ( _

Thus theupdaing procedure yieldsas a pogerior weightfor H1 after thefirst updaing

.2660*0.4
step: P(h |g) = 0.2660%0 =0.3464.
0.2660%0.4 +0.3208*0.3 +0.3619*0.2-0.3216*0.1

The same procedureis carried outfor al three hypotheses at each updding step. For

more details, see the supplementary materia provided.

Calculating the Fraction of Attributable Risk
Having updded the probabilities of the hypotheses based on the sequence of evidences,

onecan then compute the probabilities of observing a particular damaging event X, .,
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unde the assumption of either no anthropogeic influence (R, ) or induding such

influence aswell (P, ):

n kin

~P(X.,|h)!P
Prn (X | ) =zt M) PURR)

_,P(hle)

(5)

On the basis of these definitions it is then natural to definethe FAR, thefraction F, of
attributable risk asin Equation (1). If climate changedoesindeed increase P(X,.,), a

number between 0 and 1 results tha can beused for purposes of damageattribution. If

climate changeactudly decreases P(X,,,), nodamageattribution problem arises and a

negaive number withoutlower boundresults. If in this case onewants to attribute a

fraction of the bendfit resultingfromalower P(X,,,), it issufficient to consder the

complementary event X,,, tha X, doesnotoccur, and compute F. for theresulting

probabilities.
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FOOTNOTES

! Hypothesis H4 was motivated by preliminary analyses which aimed at finding a transformation of the
temperature data into a new time series of the transformed variable that would be approximately
independent, identically distributed (iid). For such time series, DeFinetti's theorem provides arigorous
framework for the present Bayesian learning procedure.®® We found that an autoregressive moving
average process, fitted to the time series of the logarithms of annual temperature growth rates, Log[(T;,; -
T,) / T}], provided such a transformation with high accuracy. We will report on details of this study in a
forthcoming publication. Moreover, a more detailed analysis of the interactions between an accelerating

warming trend and the levels of interannual variability observed in the last few decades seems warranted.



