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A wide range of probabilistic approaches have been used for aséessing climatic risks and
associated uncertainties. multiple linear regressnon (Martis et al, 2002), logistic regression
(N|chols 1984; Lo et al, 2007), nonparametric approaches based on empirical cumulative
_‘dlstnbutnon funct:ons (Maia & Meinke, 1998; Maia et al, 2004), among others.

~In this’ paper we quantify risks by using probability of exeedance curves (PECs) and
pfopose the use of the proportional hazards model (also referred to as Cox model - Cox, 1972;"

. CPH rh:_jdel)l ’toxirlpvestig.ate the influence of continuous (e.g. oceanic/atmospheric indexes) or
categorical predictors (e.g. classes derived from E| Nifio/Southern Oscillation) on these risks.

CPH model is widely used in medical analyses of survival data that examine the effect of

explanatory Van‘a'blés on survival times. This allows the ranking of risk factors and quantitative

assessments of theit impacts. These methods are well established in medical research and

- used routinely for risk asse'ssmentjn medical studies (e.g. Finkelstein et al, 1993; De Lorgeril,
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1999; Smith et al, 2001; Gibbons, 2002) where data are rarely normally distributed and often
mcomplete To our knowledge this study is the first using the CPH framework to analyse the
linkage amgng oceani¢/atmospheric indexes and climate, risks. This constitutes a major step
towards better quantification of climate related uncertainties in climate variability and climate
change studies. S

‘Some of the advantages of using the CRH model include:

a) the method was developed to accommodate censored data (incomplete information)
wnthout the need to balance the data set thereby discarding potentially valuable informatior;b)
in contrast to ordinary least squares multiple linear regression or logistic regression, CPH
model does not require assumptions regatding the type of underlying probability distributions;
proportionality of hazards is. the only assumption necessary for CPH model, and even this
can be relaxed via an appropriate generalization;c) it overcomes the problem of having to
. estimate probabilities of exceedance for each ‘threshold in order to compose a PEC, a
limitation of the logistic regression approach as used in Lo et al (2007);d) when compared with
* the nonparametric approach used by Maia'et al (2007) CPH frameworkis supenor because it
allows mvestlgatmg simultaneously influences of many predictors onrisks; the contnbutlon of
each candldate can objectively be ‘evaluated via likelihood tests;e) methods for assessing
uncertainties of PEC (and therefore uncertainties of risk estlmates) are readily available.
These methods have well established theoretical basis (Kalbfletsch and Prentice, 1980)

) We demonstrate the adequacy and usefulness of the proposed approach by analysing the
mﬂuence of two oceanlc/atmosphenc indexes on the onset of monsoonal wet season at
Darwin, Ausfrelta, as suggested by Lo et al (2007). the Southem Oscillation Index (mean of the

July and August monthly SOt-values) and the first rotated principal componeht (8ST1) of large
scale Sea Surface Temperatures anomalies (Drosdowsky and Chambers, 2001).

When applied to grided data, the CPH approach allows objective spatlal assessment of
either individual or joint tnﬂuences of such predlctors on risks. Mapping the coefficients of the
"Cox mode} (whtch express the magmtude of the predlctor's mﬂuence) and p-values resulting

' from likelihood tests provndes a complete descriptive and inferential assessment of predictor
mﬁuence on the risks under mvestlgatlon Once the strongest predictors are selected at a

| ’ Ioeetlon probabthttes of exceedmg any partlcutar threshold (preferably within the range of

' observed data) can be estimated for any combination of predlctor values. The resultlng risk
estlmates and their respective unicertainties prowde valuable information for decision makmg :
N in cllmate sensmve mdustnes ‘
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