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Abstract

There is increasing evidence that the distribution of hydrometeorological variables such as average
or extreme rainfall/runoff is modulated by modes of climate variability in many regions of the
world. This paper presents a general spatio-temporal regional frequency analysis framework that
allows quantifying the effect of climate variability on the distribution of at-site hydrometeorological
variables. Climate effects are described through the parameters of a pre-specified distribution, by
using regression models linking parameter values with time-varying covariates, such as climate
indices. For the regional model copulas are used to incorporate spatial dependency. A Bayesian
framework is used for inference and prediction, which enables quantification of parameter and
predictive uncertainties. A regional approach enables better identification of climate effects which
can be subject to high uncertainty using only at-site (local) analysis. Lastly, model comparison tools
enable considering competing statistical hypotheses on the nature of climate effects and selecting

the most relevant one.

This modelling framework is applied to two case studies assessing the effect of El Nifio Southern
Oscillation (ENSO) on summer rainfall in Southeast Queensland. The first case study focuses on
summer rainfall totals while the second analysis focuses on extremes using summer daily rainfall
maxima. The Southern Oscillation Index (SOI), a measure of ENSO, is considered as a time-
varying covariate. In order to account for different effects during La Nifia and El Nifio episodes, an
asymmetric piecewise-linear regression is used to analyse the rainfall data using both local and
regional models. During La Nifia episodes, SOI has a significant effect on both summer rainfall
totals and maxima. Conversely, during El Nifio episodes, the SOI has little effect on rainfall. It is
found that, during a strong La Nifia, the most likely 1 in 100 year summer maximum daily rainfall

for different sites estimated with the local asymmetric model can be 5% to 33% higher than the
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estimates from a local symmetric linear model and 20% to 50% higher than the estimates from a
stationary model, albeit with significant uncertainty. Results from regional and local models are
also compared: the former shows a great advantage in terms of uncertainty reduction and allows a

better quantification of the ENSO effect on summer rainfall totals and maxima.

Keywords: regional frequency analysis, spatio-temporal extremes, climate-informed
model, ENSO, precipitation, Australia

1 INTRODUCTION

Extreme precipitations and their consequences (floods) are one of the most threatening natural
disasters for human beings. In engineering design, Frequency Analysis (FA) technigues are an
integral part of risk assessment and mitigation. FA uses statistical models to estimate the probability
of extreme hydrometeorological events which provides information for designing hydraulic
structures. However, standard FA methods commonly rely on the assumption of ‘identical
distribution’ (Brockwell and Davis, 2006): the distribution of observations does not vary with time.
As will be reviewed subsequently, there is now a substantial body of evidence that large-scale
modes of climate variability (e.g. EI-Nifio Southern Oscillation (ENSO); North Atlantic oscillation
(NAO); Indian Ocean Dipole (IOD); Pacific Decadal Oscillation (PDO); etc.) exert a significant
influence on rainfall in various regions worldwide (e.g. Gershunov and Cayan (2003); Haylock et
al. (2006); Henley et al. (2011); Kamruzzaman et al. (2013); Schreck and Semazzi (2004); Willems
(2013a); (2013b)). Furthermore, climate change is likely to have an influence on hydrology, thus
further challenging the assumption of stationarity (Milly et al., 2008). Therefore, FA techniques
need to move beyond this assumption. In order to provide a more accurate risk assessment, it is

important to understand and predict the effect of climate variability/change on the severity and
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frequency of hydrometeorological events (especially extremes). This paper provides an important
step towards this goal, by developing a rigorous regional frequency analysis (RFA) framework for

incorporating the effects of climate variability on hydrometeorological events.

Climate variability influences hydrology worldwide. ENSO is one of the prominent modes of
climate variability and has global impact on hydrometeorological variables (Hoerling et al., 1997).
For example, during winter (summer) season in northern (southern) hemisphere, during El Nifio
phase, positive anomalies were found in Southwest U.S (Castello and Shelton, 2004; Cayan et al.,
1999; Gershunov and Barnett, 1998; Meehl et al., 2007), Southern South America (Grimm and
Tedeschi, 2009) and Southern China (Wu et al., 2003); while during La Nifia phase, positive
anomalies were found in Northwest U.S (Castello and Shelton, 2004; Cayan et al., 1999; Gershunov
and Barnett, 1998; Meehl et al., 2007), South Africa (Kruger, 1999; Vanheerden et al., 1988) and

Southeast Queensland, Australia (Cai et al., 2010).

In order to overcome the assumption of identical distribution and enable the inclusion of climate
information, innovative FA methods have been recently developed. At the local scale (i.e. for a
single site), Renard et al. (2006b) built a non-stationary FA model by estimating time-varying
parameters from a pre-specified distribution. Micevski et al. (2006) used the Inter-decadal Pacific
Oscillation (IPO) to characterize the flood hazard. Ouarda and El-Adlouni (2011) discussed non-
stationary FA models within the Bayesian approach. More generally, Khaliq et al. (2006) reviewed
non-stationary local FA methods. While local FA methods enabling the inclusion of climate

information or non-stationarity are becoming common, such at-site models remain limited by two
important drawbacks:

1) Local analysis cannot be applied to ungauged sites.
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2) Uncertainty in parameter estimates (and hence predictive estimates) tends to be very large
due to the limited number of observations at one location. In addition, if climate information is
included and more complex models are proposed, these observations may not be enough to identify

the parameters (Thyer et al., 2006).

This motivates the development of regional frequency analysis (RFA) models that use information
from multiple sites to overcome these shortcomings. Many RFA methodologies have been
developed over the years. Cooley et al. (2007) and Ghosh and Mallick (2011) used Bayesian spatial
models for extreme precipitation, but still under the identical distribution assumption. Cunderlik and
Burn (2003) described a second-order non-stationary approach to pooled flood FA, and Hanel et al.
(2009) introduced a non-stationary index-flood model for extreme precipitation. Recently, several
authors (Aryal et al., 2009; Lima and Lall, 2010; Sang and Gelfand, 2009) started investigating
spatio-temporal models using hierarchical approaches. In the same vein, Gregersen et al. (2013)
also used Poisson regression models to describe the frequency of extreme rainfall in both space and
time. A common difficulty for all these approaches is the treatment of the spatial dependency

existing between data.

The main contribution of this paper is the construction of a rigorous spatio-temporal framework that
enables the quantification of the effect of climate variability on the severity/frequency of
hydrometeorological events. This framework builds on the previous works referenced in this
introduction section: it brings together several components separately developed in previous studies
(in particular spatio-temporal regression models, copula-based modeling of spatial dependence,
Bayesian inference, model comparison tools) to derive a general and flexible modeling platform.

This paper has two main objectives:
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103 1) Model Development, Inference and Comparison: the construction of the model, using
104 regressions with spatial and temporal covariates to describe the spatio-temporal variability of the
105 parameters, is described. Inference accounts for spatial dependence between data and uses :
106 Bayesian framework, thereby enabling a direct quantification of estimation uncertainty and
107 predictive uncertainty. In addition, within this general framework, different climate-informed
108 regression models can be compared (for instance, linear vs. non-linear regression). This helps
109 identifying the most suitable regression to link climate variability and spatio-temporal
110 hydrometeorological variability.

111 2) Model Application: Two case studies illustrate the application of the framework to quantify
112 the ENSO effect on the summer total and extreme rainfall in Southeast Queensland (SEQ),
113 Australia. The flexibility of the framework enables several competing statistical hypotheses to be
114 rigorously compared, e.g. to assess whether the effect of ENSO on summer maximum daily rainfall
115 is symmetric or asymmetric.

116

117  Similar studies on the summer total and maximum rainfall over SEQ were described by Cai et al.
118 (2010) and King et al. (2013). In particular, these authors highlighted the existence of an
119 asymmetric relationship between ENSO and precipitation in Eastern Australia. With reference to
120 Cai et al. (2010) a simplified physical interpretation for this asymmetric relationship, is as follows:
121 During La Nina events the warm pool of Pacific Ocean sea surface temperature anomaly’s (SSTA)
122 moves westward, closer to the Eastern Australia coast, producing higher rainfall in SEQ. The
123 stronger the La Nina event, the further the warm pool moves west and the higher the rainfall in
124 SEQ. During El Nino events, the warm pool of Pacific SSTA’'s moves east, producing reduced
125 rainfall in SEQ. Once this warm pool moves sufficiently east away from the coast of Australia, the
126 intensity of the El Nino event is irrelevant. Thus while an EIl Nino event produces reduced rainfall,

127 the intensity of the El Nino event does not impact on rainfall in SEQ.
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In this paper, we do not attempt to discuss or discover new physical understanding for the reasons
behind this relationship. Instead, we focus on developing a framework that can provide local multi-
site predictions of this effect of ENSO on rainfall and rainfall extremes, which is of prime
importance for engineering design and operations. More precisely, we aim at addressing the
following shortcomings of previous studies:

1) The aforementioned studies are based on precipitation totals or maxima spatially averaged
over a large region (South-East Queensland or Eastern Australia). From an engineering perspective
this type of analysis is inadequate. Practical applications require estimates of the ENSO effects on
rainfall at individual sites, rather than spatially averaged regions. This framework aims to provide
predictions of multi-site local scale climate effects.

2) The use of simple statistical approaches such as least-square linear regression may suffice to
estimate an overall ENSO effect over a given region, but is not sufficient for engineering
applications. Indeed, such applications require predicting the full distribution of the target
precipitation variable conditionally on the ENSO state, which in turn allows estimation of extreme

rainfall conditioned on ENSO.

As such, this paper aims to complement and build on previous studies that have demonstrate ENSO
effects using spatially averaged data, by providing multi-site local predictions of hydro-over spatial

regions suitable for practical engineering applications.

The paper is organized as follows. Section 2 describes the framework for building general climate-
informed models at both local and regional levels. Section 3 and Section 4 present the case study
with ENSO effect on summer rainfall in Southeast Queensland. Different regression models are
compared in this section as well. Further improvements are discussed in Section 5, while the

conclusion in Section 6 summarizes the main findings of this study.
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2 GENERAL SPATIO-TEMPORAL REGIONAL FREQUENCY ANALYSIS

FRAMEWORK

The general frequency analysis framework aims to take advantage of spatial and temporal
information (e.g. climate information in ENSO) to enhance the predictions of the
hydrometeorological variable of interest. In this framework, data are assumed to follow a
distribution, whose parameters are linked to temporal or/and spatial covariates using regression
models. In the first part, an at-site (local) model that uses temporal covariates is described. In the
second part, the framework is generalized to a regional scale. Since data at different sites are used,
both spatial and temporal covariates are involved. The spatial dependency of the data is considered
with elliptical copulas. The last part of this section describes criteria for model selection. The
RFortran software library (Thyer et al., 2011), was used as part of this framework to enable fast and

efficient debugging, diagnosis and analysis of results.
2.1  At-site (local) model with temporal covariates

2.1.1 Parent distribution

The basis of the at-site (local) model is to assume that data follows a time-varying distribution,

conditioned on temporally varying covariates, such as climate information. More precisely, let
Y(t) be the observation at tinmteandyY = (Y(tl), Y(L),....,Y(} )) be the collection of observations of
a site an time steps. A local model is defined as:

Y (1) ~ D(B(1)) 1)
whereD is the assumed distribution ¥fand B(t) =(,(t), B.(t) ..., B, (t)) is the collection of

all m distribution parameters at tinte(m=2 for a Gaussian distributiorm=3 for a generalized

extreme value distributiorGEV), etc.)
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175 2.1.2 Regression models with temporal covariates

176 The parameterg directly characterize the distribution, such as its location, scale and shape. These
177 parameters may depend on different covariates, like time, pressure and some climate indices. Thus a

178 regression function is defined for each distribution parameter as follows:

179 BE)=h(x(@®;e,) i={2,..m} 2)
180 whereh is the regression function ¢& (t), x(t) is the collection of temporal covariates ahds
181 the collection of all parameters used in the regression furigtion

182  To avoid confusion with th®-parametergs(t), we calld= (@,,...,0,), the parameters we are

183 going to estimate, the regression parameters. Figure 1 illustrates the construction of the local model.

184 2.1.3 Parameter estimation

185 With a pre-specified distributioD and the regression functioins regression parametetsare

186 estimated in a Bayesian framework. The posterior probability distribution function (pdf) of the
187 regression parameters is computed as follows:

188 f@|ly)ofe |6)f @) (3)

189 wheref(@) is the prior pdf of regression parametansif(Y|) is the likelihood function:

190 FY18)=[].f (YOIAWD.LW)...5, )

101 =7, F (YOI (x.8) h(x 6,).-.. & B,) (4)

192 In equation (4), a time independence assumption is apglieet,, Y(t) is independent of

193  Y(t,) conditionally ong(t,), B(t,).

194 The posterior pdf in Eq(3) is estimated using a Markov chain Monte Carlo (MCMC) sampler

195 described in Renard et al. (2006a).
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196 2.2 Regional model with spatio-temporal covariates

197 2.2.1 Parent distribution
198 Let Y(s ) be the observation at siseand timet andY :(Y(q, 1), i={12...9.k={ 12 2}1)

199 Dbe the collection of the observed data apalbservation sites fam time steps. Similar to the local
200 model, a common distributidd is assumed for all sites, but with parameters varying in both space

201 andtime:
202 Y(s )~ DB(s?) )

203 where ,B(s,t):(,Bi(s D, i:{ 12.., n}i) is the collection of all distribution parameters.is the

204  number of distribution parametersof 5 (s, t) is thei™ distribution parameter at tinteand sites.

205 2.2.2 Regression models with spatio-temporal covariates

206 Similar to the local model, regressions are used to describe spatio-temporal variations in the
207 parameterss (s, t). However, three different kinds of covariates are considered in the regional
208 model:

209 Temporal covariateg(t) : e.g. time, SOI (Southern Oscillation Index), NAO (North
210 Atlantic oscillation)...

211 - Spatial covariateg(s) : e.g. altitude, coordinates...

212 . Spatio-temporal covariategs,t) : e.g. temperature...

213 Temporal covariates only change over time (but are common to all sites), and spatial covariates
214 only change over sites (but do not change in time). Spatio-temporal covariates change over both

215 these dimensions.
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The regional regression is then established in two steps: specification and spatialization. The first
step establishes site-specific regressions with temporal and spatio-temporal covariates. The second
step establishes a spatial model with the spatial covariates (see Figure 2):
1) Specification step specify the time model using at-site regressions for a distribution
parametef (s, t) :
For a given site:

B (s, )= h(x(t),z(s,1);6(s)) (6)
whereh is the regression functiow,andz are temporal and spatio-temporal covariates, &(s)

are the regression parameters.

2) Spatialization step regression parametersf(s) are split into two groups:

8(s) ={8%; A(9} . 82 is the collection of purely local parameters, whose value remains specific to

loc?

each sites. A(s) represents all the parameters waiting to be spatialized. For each of its
componend(s), we apply a spatial regression function. This spatial regression is time-invariant:
neither spatial regression parameters nor covariates change over time. Hence, at this step, only
regional parameters and spatial covariates are used. Thus a spatial regression fumstion

introduced:
A(s) = 9(as); 0,;) )
wherea(s) is a vector of spatial covariates aflg is a vector of regional parameters (identical
for all sites).
This two-step mechanism is very general and corresponds to standard regionalization reasoning. As

an illustration, consider the following “trend analysis” situation: the mean of some

hydrometeorological variable is assumed to be a linear function of time (step 1, specification).
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Then, the slope of this linear trend line may be allowed to vary across sites according to elevation

(step 2, spatialization).

2.2.3 Spatial dependence

In a region, the observations from different stations are in general not completely independent. The
dependence is expected to increase with decreasing distance.

There exist several ways to model this dependence. In this paper, we opt for the use of copulas.
Max-stable processes are an interesting alternative, especially in the context of extremes (Davison
et al., 2012; Padoan et al., 2010). An illustration in hydroclimatic context was described by Westra
and Sisson (2011). However, they are not considered in the proposed framework for the following
reasons:

1) Max-stable processes are only suitable for extreme data, but the framework we propose is
not restricted to extreme value distributions and leaves the choice of the marginal distribution open
(see Eq (5)): in this respect, using max-stable processes would result in an important loss of
generality.

2) Estimation of max-stable processes is challenging due to the difficulty of computing the
whole likelihood. Pragmatic solutions based on the use of “composite likelihoods” have been
proposed within a maximum-likelihood estimation context (see (Padoan et al., 2010) for further
discussion), including a quantification of estimation uncertainties. However, we chose to use a
Bayesian inference framework, within which max-stable processes estimation remains a work in

progress (see e.g. Reich and Shaby (2012)).

Copulas are used to build a joint distribution from a set of marginal distributions (Sklar, 1959). For

a p-dimensional multivariate random variabM =(Y,,Y,,..., ) with marginal cumulative

distribution functions (cdff1,F»,...,R, a copula is a functio@ :
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C:[0,1° - [0,1]

, ®)
(R0, Fol Yoo Py (5 ) F (X0 Yy

whereF is the joint cdf of the random variabfe

Sklar (1959) showed the existence of such a function and pointed out that if the marginal
distributions are continuous, then the cop@ais unique. Applications of copulas in an
hydrometeorological context have been described by e.g. Favre et al. (2004), Bardossy and Li
(2008), Bardossy and Pegram (2009) , Renard and Lang (2007), AghaKouchak et al. (2010) and
Haslauer et al. (2010). Due to their convenience in highly dimensional setups (typically the case
with spatial datasets) (Renard, 2011), elliptical copulas are favored in this paper. The elliptical
copulas are linked to elliptical distributions (Genest et al., 2007). The two most commonly used are
the Gaussian copula and the Student copula. Renard and Lang (2007) showed that some
multivariate datasets could be correctly described by a Gaussian copula, which allows to account
for spatially dependent data. It helps improving the estimation of parameter uncertainties, which are
always under-estimated when incorrectly assuming spatially independent data. In practice, these
two copulas are very convenient since the modeling of spatial dependence is related to the
properties of multivariate Gaussian and Student distributions (respectively asymptotically
independent and dependent), which are already well known (Fang et al., 2002; Genest et al., 2007).
In particular, both copulas are parameterized by a symmetric matrepresenting pairwise
dependence between sites. The appendix section provides all needed formula for these two

particular copulas.

In this study, the dependence mafiss a function of the inter-site distance: for gny s,

2(s.g)=¢ls. s llm) (9)
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where ||.|| is the distance function ant the correlation function whose variables are the distance

and the dependence parameigers

2.2.4 Parameter estimation

Similar to equation(3), the posterior pdf of the regression parameters is given as follows:
F(Boc: Oog 1Y) O T (Y 8o Beg M1)f Boc s Oegs7) (10)
wheref(ioc ,0reg 1) IS the prior joint pdf. If the priors are assumed to independent (as in both case
studies below) this simplifies #6ioc ,0req 1)= T(Gioc )T(0re)f(s7). The posterior pdf oo, Oreg 7 IS
estimated by a MCMC sampler (Renard et al., 2006b). More detailed formulas for the likelihood

function f(Y |8,..6,,.7) are given in the Appendix.

oc’

2.3  Model comparison tools

The general framework allows analyzing the effect of different covariates on hydrometeorological
data by using the regression models. Thus, a comparison tool is introduced to judge the

performance of these models.

The Akaike Information Criterion (AIC) (Akaike, 1974), its modified version AICc (Burnham and

Anderson, 2002) and Bayesian Information Criterion (BIC) (Schwarz, 1978) are three criteria based
on parameter point-estimates (e.g. maximum likelihood). However, these criteria ignore parameter
uncertainties. In the context of short records of extreme rainfall, parameter uncertainty is

significant.

Bayesian Model Selection (BMS) techniques (Kass and Raftery, 1995) and Deviance Information
Criterion (DIC) (Spiegelhalter et al., 2002) are two approaches based on posterior distribution of

parameters, which include the parameter uncertainties. Further discussion and interpretation of the
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BMS tools were described by Frost (2004). However, the use of BMS tools often requires using
informative priors which are not always available in the context of climate-informed rainfall
modeling. Therefore, the DIC criterion is used as a general criterion, because it accounts for the
effect of prior information when available but remains usable with non-informative or improper

priors (provided the posterior is well-posed).

For one given parameter vecyrthe deviance is defined as follow:
D(6) =-2log(f (y 10)) (11)
The DIC criterion is then computed by:
DIC=D+p, (12)

where D = E”[ D(6?)] is the expectation of the deviance (with respect to the posterior distribution)

and p, =D- D(@) is the model complexity penalty. Models with small DIC values are preferred.

3 CASE STUDY 1: QUANTIFYING THE EFFECT OF ENSO ON SUMMER

RAINFALL TOTALS USING LOCAL MODELS

Two case studies are considered in this paper. In both cases, we focus on the summer rainfall over
Southeast Queensland (SEQ), Australia (Figure 3). This area was chosen because Cai et al. (2010)
found that there is an asymmetric impact of ENSO on the summer rainfall in SEQ: La Niia
episodes correspond to marked positive rainfall anomalies in SEQ, and the anomalies are direct
function of the strength of the La Nifia, while El Nifio episodes do not appear to have any noticeable
effects on rainfall. Cai et al. (2010) focused on spatially averaged rainfall over a large region, while
in this paper, we will investigate if this effect is evident in the individual rainfall sites. This first
case study uses a local model to verify and quantify such asymmetric effect on summer rainfall

totals over SEQ.
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3.1 Data and covariates

Rainfall data are provided by the Australian Bureau of Meteorology (BOM). High quality summer
(Dec, Jan, Feb) totals (Lavery et al., 1997) are available over 16 observation sites until 2011, with
the record starting year among these sites ranging from 1870 to 1913 with most having a record
longer than one hundred years. An assessment of autocorrelation was performed by computing the
autocorrelation functions of at-site data: 9 of the 10 sites had lag-one autocorrelation that was not
statistically significant. Overall, the autocorrelation in the data is quite low. Thus data can be

considered to be temporally independent. Figure 3 shows the location of the rain gauges.

The Southern Oscillation Index (SOI) is an index computed from the Mean Sea Level Pressure
difference between Tahiti and Darwin. SOI is considered as a measure of ENSO. A positive (resp.
negative) value of SOI corresponds to the La Nifia (resp. El Nifio) episode. The SOI data (1877-

2011) were obtained from BOM (http://www.bom.gov.au/climate/current/soi2 shime summer

average SOl is used in this case study.

Alternative indices that quantify the variability of ENSO were considered as covariates. In
preliminary analyses for the period 1950-2011 (not shown here), two indices were compared as
potential covariates: SOI (1877-2011) and Nifio 3.4 (1950-2011). Similar results were found on
each site for both indices. The SOI index was therefore preferred as a covariate in this study due to

the availability of a longer series.

3.2 Local model for the summer rainfall totals

The previous study by Cai et al. (2010) suggested separating the effect of La Nifia (positive SOI)

and El Nifio (negative SOI) episodes on the summer rainfall in SEQ. Thus the specific
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355 implementation of Eq (1) and (2) for this is to use a lognormal model for the summer total rainfall,
356 as follows:

357 Y(t) ~ log N(u(t),0 (1)) (13)

358 where the mean(t) is asymmetric with respect to the positive and negative phases of the SOlI,

359 while the standard deviation is assumed to be constant:

360 ) = {uow;* SO d; SO( x <0 (14)
Ho* 14 * SOK9; SO ¥ >0
361 o(t) =0, (15)

362 where (4, 14 , 14 andg, are the regression parameters.

363

364 The asymmetric regression model applieg (D in Eq (14) could also be appliedd4() in Eq (15).

365 However, preliminary analyses (not shown) suggested no noticeable effect of the SOI on this
366 parameter.

367

368 In this study, independent flat priors are used for the regression parameters.

369 3.3 Results

370 The goodness-of-fit of the at-site marginal distribution of the model to the observed data from

371 individual sites is evaluated graphically by using a probability-probability plot (pp-plot). The idea

372  behind the pp-plot is that {f)_ are random variables with cff)_ , then(F(Y))_ are

373 identically distributed according to a uniform distribution Unif[0,1]. Therefore the sorted values of

374  F(y), F(Y.,),....F, (y,) are plotted against empirical frequencﬁensir—lj . If the fit is good, this

i=1n
375 plot should be close to the diagonal. More explanations and usage of pp-plot in a non-identically-

376 distributed context can be found in Coles (2001) and Renard et al. (2013). In this study, the pp-plot



Author-produced version of the article published in Journal of Hydrology, vol. 512, p. 53-68
The original publication is available at http://www.sciencedirect.com/ doi : 10.1016/j.jhydrol.2014.02.025

18

377 of each site is close to the diagonal (not shown), which indicates that the lognormal distribution is
378 compatible with the observations.
379

380 The effect of El Nifio (negative SOI) and La Nifia (positive SOI) on the summer rainfall is
381 characterized by and £ respectively. If such effect is significant, the posterior pdfof;

382 should be significantly different from zero. Figure 4 indicates that most sites are significantly
383 influenced by La Niia, whereas El Nifio influence is not detected.
384

385 To further illustrate the effect of La Nifia and El Nifio, the p-value of O is calculated for the

386 regression parametegg and . This p-value is equal Brob[u<0]|Y], which refers to the

387 probability of the posterior distribution gf, orz; being smaller than 0. Figure 5 illustrates the p-

388 value of all 16 sites on a map. During El Nifio episodes, the majority of sites show little effect.
389 However, during the La Nifla episodes, the significance is quite clear.

390

391 Considering the effect of ENSO on summer rainfall, we concentrate on the slope of rainfall
392 quantiles with respect to the SOI value. Figure 6 indicates that during the La Nifia episodes, each
393 unit of SOI value increases the summer rainfall by almost 5mm for the 0.5-quantile and by 10mm
394 for the 0.99-quantile (1 in 100 year rainfall). However, during the El Nifio episodes, no clear trend

395 s found.

396 3.4 Summary

397 The analysis of summer totals shows a clear effect of La Nifia but no strong effect of El Nifio,
398 thereby confirming the results of Cai et al. (2010). This effect can be detected even using a local
399 model. In the remainder of this case study, we assess whether a similar relationship can be detected

400 for extreme summer daily rainfall.
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4 CASE STUDY 2: QUANTIFYING THE EFFECT OF ENSO ON SUMMER

MAXIMUM DAILY RAINFALLS USING LOCAL AND REGIONAL MODELS

The second case study focuses on the summer maximum daily rainfall over SEQ. King et al. (2013)
used a linear regression analysis between spatially averaged annual maxima (of 5-day totals) and
SOI, and found that the asymmetry in ENSO-rainfall teleconnection over SEQ also exists in the
extreme rainfall, or at least in spatially-averaged extremes, which are quite different from local
extremes recorded at rain gauges. In this study, we focus on investigating if the asymmetric effect
of ENSO (that was evident in the summer total rainfalls) is also found in the observed summer
maximum daily rainfalls, as well as the intensity of the effect. For this case study, the analysis is
extended to include both local and regional models. In the case of extreme rainfall, there is
considerably more uncertainty in the parameter estimates (cf. summer rainfall totals) — this
uncertainty may mask the effect of ENSO. The use of regional model to reduce parameter
uncertainty and better identify the effect of ENSO is highlighted. Furthermore, comparison of
different models is undertaken to answer questions, such as: “Is the effect of ENSO on summer

maximum daily rainfall symmetric or asymmetric?”

4.1 Data and covariates

Among the 16 high quality sites (Figure 3), daily rainfall data is available in 10 sites. The record
starting years among these sites are ranging from 1880 to 1906. Summer maximum daily rainfall is
extracted from the daily data of these 10 rain gauges. The same covariate (SOI) as in Section 3.1 is

used in this section.
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421 4.2 Models for summer rainfall maximum

422 4.2.1 Local model with temporal covariates

423 Annual/seasonal maxima are often modelled with a generalized extreme valuedi&Ebution.

424  The relevant theory was introduced by Fisher and Tippett (1928). In this study, the specific
425 implementation of Eq (1) is a GEV model for the summer maximum daily rainfall (Coles et al.,
426 2003; Katz et al., 2002):

427 Y ()~ GEV(u(9,0(9,4(9) (16)

428 To consider the ENSO effect on the locatipft)) and scaled(t)) of the GEV distribution, these

429 parameters are assumed to be dependent on SOI, while the shape parameter is assumed to b
430 constant. This is because the shape paraiédedifficult to estimate at a local scale (Coles, 2001,

431 pl06) even in the stationary context.

432

433 To determine whether the asymmetric effect of ENSO found in the summer rainfall totals is also
434  observed in the summer maximum daily rainfall, two different regression models are considered.
435 The first one is a symmetric linear model and the other one is an asymmetric piecewise-linear
436 model. To distinguish these two models, the asymmetric model uses the same symbols as in
437 equations (14) and (15), and the symmetric model parameters are denoted with a tilde.

438 Model 1 (Symmetric linear model)

439 At) = [y + [, * SO Y (17)
440 a(t) =&, +d,* SO (18)
441 &ty =4, (19)

442 Model 2 (Asymmetric piecewise-linear model)

443

) = {uowg* SOK 9; SO( } <0 (20)

fo + 45 * SOK §; SO( } >0



444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

46

N

463

Author-produced version of the article published in Journal of Hydrology, vol. 512, p. 53-68
The original publication is available at http://www.sciencedirect.com/ doi : 10.1016/j.jhydrol.2014.02.025

21

J(t):{aoJfUl_*SO'( ); SO( ) <0 (21)
0, +0; *SOKY; SO( } >0

s =4 (22)

where 6, ={k, [, G, G, & O, ={ o 14, 1, 04 03, 03, &} are the regression parameters of

Model 1 and Model 2. Independent flat priors are used in this study as well.

4.2.2 Regional models

In order to better identify the parameters quantifying the effect of ENSO, regional models are
applied in this case study. Following the two-step construction introduced in Section 2.2, in the first
step, the time-varying structure at each site is prescribed using the same regression functions as in
the equations (17)-(19) and (20)-(22). In the second step, two sets of parameters are spatialized. The
first set comprises the ENSO effect parameters (e.g. for the asymmetric paogel,o; andg;).

Indeed, climate indices, like ENSO, are expected to have similar effects on all the observation sites

within a region. We also assume a regional shape parafpelius we assume these parameters

are the same over the region. Conversely, all other parameters are assumed purely local. The

regionalized equations for the asymmetric model thus become:

5= Hiy *+ Hreg * SOKY; SO( )} <0 23)
M) + g * SOKY; SO( ¥ >0

=]+ SO0 SO <0 N
PV 50 v on +sO(Y: SO()1 >0 &9
fs0=¢., (25)

where
SEYISN S (s) /() p) (s) ( ) p)
eloc (luloc’ ) ((/UI(?QJ M I(Z) ree ’)ulog ) bl(sitg I(?g e alo ) are local regreSS|on parameters

Breg = (Hreq s Hreq 1T 1eq 1T regr€ reg) Are the regional regression parameters.
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For all the models considered therein, a Gaussian copula is used to describe the spatial dependence

The distance-dependence relationship is characterized by the following function:
2(s.§)=m*exp(=,*ls.g II) (26)

wheren; andy, are the dependence parameters.

4.3 Assessing statistical hypotheses of ENSO effect on summer maximum daily rainfalls

In this case study, we consider three competing statistical hypotheses in terms of the relationship
between ENSO and summer maximum rainfall which lead to different regression models used in
the framework, as follows:

1) There is no ENSO influence on the maximum rainfall, leading to a time-invariant model.
This hypothesis will be used as baseline, to compare the predictions of summer maximum rainfall
from the other two hypotheses which include an ENSO effect.

2) The ENSO influence on rainfall is symmetric linear with respect to the SOI values. The
physical interpretation of this hypothesis is that the strength of the El Nino event and the strength of
the La Nina event (as measured by the SOI) have a “symmetric” impact on maximum rainfall.
Assuming a symmetric linear relationship between rainfall and ENSO indices is a common
approach used in several previous studies (e.g. Chiew et al. (1998); Nicholls and Kariko (1993);
Pui et al. (2012); Risbey et al. (2009)). Thus a symmetric linear regression model is trialed (Eq. (17)
and (18)).

3) The third statistical hypothesis is that ENSO has an asymmetric effect during two different
phases (El Nifio and La Nifia). The physical interpretations of this hypothesis are that the impact of
the strength of the La Nina is different from the impact of the strength of an El Nino event.
This was motivated by the results of Cai et al. (2010) (who provide evidence of the physical

mechanisms, outlined in the introduction) and King et al. (2013), and the results from the analysis
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of the multi-site summer rainfall totals. Therefore an asymmetric linear regression model is trialed

(Eq. (23) and (24)).

Furthermore, an important research question we are interested in is whether the multi-site
information from regional analysis provides improved identification of the effect of ENSO. Hence,

we are interested in comparing local and regional versions of the same models.

Table 1 gives an overview of the different local and regional models. To simplify the notation, we
use “L” for local and “R” for regional. The name of the models is denoted by their regression
functions on the location and scale parameter (<location regression function>_<scale regression
function>). Statis for the identical (stationary) functioBymis for the symmetric functiomAsylis

for the asymmetric function as in equations (23) and (®4y2is another asymmetric function in
which the slope during negative SOI episode is fixed at O since the El Nifio effect is not significant

for summer total rainfall as shown in Section 3.4.

4.4 Results

4.4.1 Goodness-of -fit

Similar to the first case study, the goodness of fit of the at-site marginal distribution of the model to
the observed data from individual sites is evaluated using a probability-probability plot described in
Section 3.3. Figure 7 shows the results for the local (LA®ydy] and regional (RAsyRAsy)
asymmetric models for all ten sites. The lines are all close to the diagonal, which indicates that both
GEV local and regional asymmetric models have good fit with the observation data. The spatial

dependence is also acceptably captured with the dependence-distance relationship assumed in eq
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(26) (Figure 8). However, this relationship is certainly perfectible: there is a non-negligible scatter

around the red curve, suggesting that inter-site distance only explains a part of spatial dependence.

4.4.2 ldentifying the effect of ENSO on summer maximum daily rainfall: None, Symmetric

or Asymmetric? Local analysis

The symmetric model (LSymSyn) does not separate El Nifio and La Nifia episodes. The p-value
shown in the Figure 9 (a) and (b) indicates that 6 out of 10 sites detect a significant ENSO effect on
location or scale parameter or both. The asymmetric model (LIBAg$] separates the effect of

El Nifio and La Nifia episodes. Similar to the result of the summer total rainfall, the El Nifio effect
is found neither on the location nor on the scale parameter (not shown) for almost all sites.
However, the La Nifia effect is detected on either location or scale parameter or both (Figure 9 (c)
(d)). The significance on the scale parameter indicates that La Nifia also increases the variability of
the summer maximum rainfall over the majority of sites. With both models, summer maximum

rainfall is found to be affected by ENSO, at least during the La Nifia episode.

Compared with the asymmetric model, the symmetric model has two main differences. One is the
value of the slope (with respect to SOI) and the other is the significance of the effect. An overview
of all ten sites (Figure 10) indicates that 8 out of 10 sites have significant positive slope for the 1 in
100 year rainfall for the asymmetric model during the La Nifia episode, and values of the slope are
ranging from 4 to 10 mm/unit SOI. In comparison for the symmetric linear model, only half of the

sites show a significant effect, and values of the slope are much lower ranging from 1 to 5 mm/unit
SOI. From the asymmetric model, a significant effect is found during the La Nifia episodes, but not
during El Nifio episodes, which explains why the analysis based on the symmetric model leads to

less significant results.
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This result is consistent with the physical mechanism postulated by Cai et al. (2010), whereby the
strength of the La Nina event has an effect on summer maximum rainfall, while the strength of a El

Nino event does not.

4.4.3 ENSO-conditional predictions for summer maximum extreme rainfall: Local analysis

Figure 11 illustrates the relationship between the 1 in 100 year rainfall (0.99-quantile) and the SOI
index for site 16. The large slope of the asymmetric model (red) indicates that, for the positive SOlI,
each incremental unit increase in the SOI value will increase the 1 in 100 year rainfall by nearly
5mm, whereas the negative SOI does not have a statistically significant effect. Figure 11 also
illustrates that these estimations are affected by very large uncertainties. During a strong La Nifia,
the asymmetric model estimates the posterior median of the 1 in 100 year rainfall is almost 25%
higher than the symmetric model and 45% higher than a stationary model (Figure 11). Over all sites

(not shown here), these two values can be up to 33 % and 50% respectively.

Although the asymmetric model detects a significant ENSO effect during La Nifia, the ENSO-
conditional predictions are affected by large uncertainties. This is due to the difficulty of precisely
identifying the parameters with a local analysis. The regional analysis aims to reduce parameter

uncertainties, hence better quantify the effect of El Nifio and La Nifia.

4.4.4 Does regional analysis improve the identification of the effect of ENSO on summer
maximum daily rainfall?

Figure 12 gives the distributions of the La Nifia effect parameters daEkdocation parameter in

local (LAsylLAsy) and regional (RAsyRAsy) models. There is a significant reduction of the

distribution width for the regional model. Figure 13 illustrates that, for the asymmetric model

RAsy1RAsyl ,u:egl and a;gl (associated to La Nifia) are found significantly larger than 0, whereas
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M, @nd 0, (associated to El Nifio) are not. This regional analysis gives a more robust conclusion

that the strength of the La Nifla event has a significant influence on the summer maximum daily

rainfall, whereas EIl Niflo has not. Furthermore, the reduction of uncertainty on the La Nifa effect

+

parameters ., ,

0'r+eg1) and the shape parametef,.( ) provides an important improvement to

decrease the uncertainty on high quantiles. In Figure 14, the 1 in 100 year rainfall of the local and
regional asymmetric models are compared. During a strong El Nifio, the uncertainty of the regional
model (measured by the interval width) is reduced by 50% compared with the local model, and
during strong La Nifia, this reduction is up to 60%. This clearly shows the benefit of regional

analysis in better identifying the asymmetric effect of ENSO on extreme rainfall.

4.4.5 Model comparison for summer rainfall maxima

In this section, we use the DIC criterion to compare the following three pairs of models. A better
model is denoted by a smaller DIC.

i) Local vs. regional modelling

Figure 15 illustrates the DIC values for the models in Table 1. The DIC values of at-site models
(L_Stat_Stat, Lsym_Lsym, LAsyl LAsgfe much larger than the regional models (R_Stat_Stat,
RSym_RSym, RAsyl RAsyl, RAsy2 RAsy2, RAsyl Stat, RAsy2oi8fzred with the regional
models, the local models have many more parameters, which lead to a large penalty on the model
complexity. Thus regional models are preferred (according to the DIC criterion) to at-site models.

i) Stationary model vs. climate-informed model

According to i), we assess this point with regional models. Among the six regional models
(R_Stat_Stat, RSym_RSym, RAsyl RAsyl, RAsy2 RAsy2, RAsyl Stat, RABW BGitvalue

of the stationary modeR(_Stat_Statis the largest (Figure 15). Thus, this result shows once again
that ENSO influences the summer maximum rainfall over SEQ and justifies the use of a climate-

informed model.
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iii) Symmetric vs. asymmetric effect of ENSO

The comparison between the symmetric and asymmetric models is established with the regional
models listed in Table 1. Table 2 summarizes the DIC difference between the regional models in the
list and the preferred model (RAsiRAsy2 with the smallest DIC. This preferred model has
asymmetric regressions on both location and scale parameters. The difference between
RAsy2 RAsy2and the remaining regional models suggests that the models with asymmetric ENSO
effect are preferred. In particular, model Stat_Statno ENSO effect) is strongly discredited
according to the DIC. Lastly, these results also suggest that modelling a trend on the scale
parameter is preferable, since modeksyl StabndRAsy2_ Stahave a lesser performance than

the reference mod&Asyl RAsyandRAsy2 RAsy2

4.4.6 Summary

We use both at-site and regional models to analyze ENSO effects on the summer rainfall maximum
over SEQ. The link between ENSO and summer maximum daily rainfall is strong during La Nifia
phase and weak during El Nifio phase, confirming the results of Cai et al. (2010) and King et al.
(2013). We demonstrate that using regional model helps to reduce the uncertainty and provides
more robust results. With the DIC criterion, competing models are compared. It is found that the
asymmetric regression on both location and scale parameters is the preferred representation of

ENSO effect on summer maximum daily rainfall.

5 DISCUSSION

This section discusses key assumptions and current limitations of the modeling framework, and

their consequences on the SEQ case study. It also proposes avenues for future improvements.
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5.1  Assumption of homogeneous regions

An assumption of the regional model is that all data should be subject to similar climate effects.
This raises the question of defining such climatically homogenous regions. Ouarda et al. (2001)
described some approaches to determine homogeneous hydrologic regions. Some Southeast
Australian basins have also been classified into homogeneous regions by Bates et al. (1998). The
SEQ is a relatively small area, thus SEQ is assumed to be inside a same climatic homogenous
region. However, when studying larger areas, the classification of different homogeneous regions

will play an important role.

5.2 Spatial dependence modelling

The reason for using simple copulas, like Gaussian and Student copulas, is that they are applicable
to any marginal distribution, which is convenient in the context of the general framework proposed
in this paper. Moreover the parameterization by a dependence matrix enables using geostatistical-
like models (pairwise dependence is a function of distance). Results in Figure 8 suggest that such a
simple relationship, while perfectible, adequately captures spatial correlations. However, different
copulas have different asymptotic behaviour: asymptotically dependent (e.g. Student copula) and
asymptotically independent (e.g. Gaussian copula). The extrapolation of copula is risky because the
asymptotic dependence properties exert a strong leverage on joint probability of exceedance, but the
limited sample size is not enough to identify such asymptotic properties. Therefore, to make an
informed decision between asymptotic dependent and independent copulas, more physical
knowledge on the spatial extent of rainfall or meteorological events is required. Moreover, future
work could also investigate alternatives to copula, in particular max-stables processes that may be

more relevant for extreme data.
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5.3  Spatial regression modelling

Inside a homogenous region, the distribution of the rainfall may depend on the spatial information
at each site. For example the ENSO effect could vary with elevation or distance to sea. However, in
the case study, we simply assume the same ENSO effect and shape parameter for all sites. Note
however that this does not imply that the rainfall distribution is the same at all sites: since location
and scale parameters remain site-specific, the distribution will differ from site to site, which allows
accounting for e.g. orographic effects.

Spatial effects could be investigated in the case study in several aspects. First, some parameters are
purely local, which prevents transferring quantile estimates to ungauged sites. This could be
improved by spatializing these parameters using a spatial regression. Moreover, a more flexible
model could be considered by allowing spatial variations in purely regional parameters (ENSO
effects and shape parameter). This was not attempted in this case study because identifying such
spatial effects is difficult with only ten sites: we therefore favoured the identification of ENSO
effects. However, future case studies based on a spatially denser dataset will investigate in more

depth the construction of such spatial models.

5.4  Practical Implications: Utilising predictions of extreme rainfall distributions from the

climate-informed framework

One of the advantages of using a fully probabilistic model for extremes (as opposed to a simple
linear regression between SOI and spatially averaged rainfall, as undertaken in Cai et al. (2010) and
King et al. (2013)) is that it enables the prediction of the occurrence probability of extreme rainfall
conditioned on climate variability indices. Figure 10, Figure 11 and Figure 14 all provide prediction
of the 1 in 100 year rainfall conditional on values of SOI. For the preferred regional model

(RAsyl RAsyl during strong La Nifla phases (with high SOI), the 1 in 100 summer maximum
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daily rainfall is about 33% higher than the corresponding estimate obtained with the stationary

model for this particular site (e.g. Figure 14).

From an operational perspective, the knowledge that the 1 in 100 year quantile is 33% higher during
a strong La Nifa could provide useful information for planners, engineers, water resource
managers, emergency response organizations, in order to design operational/response strategies ftc
mitigate the potential impact due to the increased risk of extreme rainfall. Consider the recent
example of the summer of 2010-2011, when there was a strong La Nifia (SOI = 27.1, in December)
and a series of floods hit Queensland, which impacted on more than 70 towns and 200,000 people.
The damage bill was over 5 billion $AUD (page 4, Operation Queenslander: the State Community,
Economic and Environmental Recovery and Reconstruction Plan, 2011-2013). One of the major
impact was a major flood in the city of Brisbane (a major Australian city with a population of 2.15
million), caused by the release of water from the major Wivenhoe dam upstream of Brisbane (see
Chapter 16, Queensland Floods Commission of Inquiry). Armed with this knowledge of the effect
of ENSO on extreme rainfall, planners/engineers/water resource managers, would be able to
undertake better planning of emergency response, and potentially improve reservoir operating rules
to better control floods, and reduce the impact of extreme rainfall during strong La Nifia’s. On the
other hand of the hydrologic spectrum, climate-informed frameworks have the same importance for

predicting extreme droughts (Henley et al., 2011).

From a design perspective, the unconditional marginal distribution of extreme rainfall would be
needed (e.g. for designing a dam or other hydraulic structures). Evaluating the marginal
probabilities involves integrating out the SOI. This requires determining the distribution of SOI.
Historical information could be used to inform this distribution, or alternatively predictions of the

future variation in SOI from climate changes models could also be used. This climate-informed
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framework which provides a quantitative link between climate variability and rainfall provides far
more useful information than that derived from a stationary model. The comparison of the extreme
rainfall risk from a stationary model to the ones obtained by integrating out SOI in a climate-

informed model is an important question that will be investigated in future work.

5.5  Stationarity or non-Stationarity?

The distinction between the conditional and unconditional distributions introduced in section 5.4 is
important with respect to the concept of stationarity. Indeed, a SOI-conditional model yields a
distribution that varies in time simply because SOI values vary in time. Yet this does not necessarily
imply non-stationarity: indeed, the unconditional distribution (after integrating out SOI) might not
depend on time if the SOI values are themselves realizations from a stationary distribution.
Conversely, if a temporal trend affects SOI, this trend will propagate to the unconditional

distribution of rainfall, yielding a non-stationary unconditional distribution.

Historically, there has been changes in the frequency of ENSO events, and under climate change,
the changes to the frequency of ENSO events is unknown (Giese and Ray, 2011; Ray and Giese,
2012). It is therefore difficult to decide whether the models used in this paper are stationary or not.
This is why we favoured the expressions “climate-informed models” or “conditional models” over

the expression “non-stationary models”.

5.6  Perspective on hierarchical models

In the regional model, we proposed two kinds of parameters: local and regional parameters. Local
parameters are different for each site, which offers a good flexibility. Regional parameters are
common for all sites, yielding reduced uncertainties (Figure 12 and 13). However, this distinction

may be too “rigid”. Some parameters may be different at each site, but still have some spatial
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consistency. A possible improvement is to use hierarchical models to enable constrained variations
of parameters in space. Wikle et al. (1998) described a general hierarchical Bayesian framework in
a non-stationary context. Lima and Lall (2009) (2010) used hierarchical models to describe the
daily rainfall occurrence and extreme runoff. Renard (2011) and Renard et al. (2013) proposed a
general hierarchical approach to regional frequency analysis. The next step of this work could

therefore be to generalize the model proposed in this paper to a hierarchical setup.

6 CONCLUSIONS

In this paper, we describe a general spatio-temporal regional frequency analysis framework, geared
towards detecting and quantifying the effect of climate variability on hydrometeorological
variables. This is undertaken by using temporal regression models where the parameters of the
probability distribution of hydrometeorological events are a function of climate drivers (e.g.
ENSO). A flexible framework is adopted, which allows testing different temporal regression
functions to describe the effect of climate variability. This flexibility provides a convenient way to
compare these models and to select the most relevant relationship between climate indices and
hydrometeorological data. For the regional analysis, spatial dependency is incorporated using
copulas and a Bayesian approach is used for inference to enable uncertainties to be easily
guantified. The use of a Bayesian regional framework provides the opportunity to assess the value
of regional information in better identifying the effect of climate variability on hydrometeorological

extremes.

The first case study with the dataset of summer rainfall totals in Southeast Queensland shows that
La Nifa exerts a significant influence in the region for summer rainfall totals, while the effect of El

Nifio is not significant.
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In the second case study of summer daily rainfall maxima, the flexible framework enables
comparing numerous models to incorporate the effect of ENSO on extreme rainfall over SEQ.
Stationary, symmetric and asymmetric models in both local and regional setups are compared using
a model selection criterion (in this case, the DIC). Overall, the use of regional models yielded better
identification of the effect of ENSO on extreme rainfall over SEQ compared with using only local
models, for which there was too much uncertainty to enable a clear identification. A variety of
regional models, with different representations of the effect of ENSO (linear symmetric versus
asymmetric) were also compared. Asymmetric models are found to be the best among them. More
precisely, it is found that an asymmetric model, distinguishing between ENSO effect on location
and scale parameters during the positive and negative phases of the SOI, is the most suitable in this
case. These results corroborate the findings of other recent studies (Cai et al. (2010) and (King et

al., 2013)).

From a practical perspective, it was found that during a strong La Nifia the mostly likely 1 in 100
year rainfall for different sites can be 20% to 50% higher than estimates using a stationary model
which ignores the influence of ENSO, albeit with significant uncertainty. This information has the

potential to be used by engineers/planners to provide better informed flood response strategies.

The framework developed in this paper is general, and in the future can be extended in several
ways. Firstly, spatial effects can be included using spatial regression models with spatial covariates
(e.g. elevation), while hierarchical approaches will also be developed to provide more flexibility for

modeling the effect of spatio-temporal covariates on hydrometeorological variables.
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8 APPENDIX

For a fixed timé, , the joint pdf of(Y(q, 1;)) Is given by the Gaussian copula formula (see e.g.

i=Lp

Renard (2011)). This yields:

F(VS 0 M8 D X5 D (B (500, F L2, F L2, 901)

ﬁfﬂﬂﬁ&ﬂﬂﬂ§4xhﬂ2WJm»

= q)Z(ul,k’uZ,k""'up,k |’7)

|j<o(u,-,k)
rl f(y(s.1)16% 8,)

|j<a(uj,k)

Dy (U, Upger ol i 17) 27)

where

f,(y(s, ) 1B (s,1),i={2,....m}) is the marginal pdf for sitg time ty;

u, =y (F(ns. D))

@(u) is the standard Gaussian pdf or Student pdf witlegree of freedom (the latter being made

implicit in the notation);
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DUy, Uy Uy ) is the multivariate Gaussian pdf (with mean=0, correlation maljixor

multivariate Student pdf (with mean=0, correlation mafiand degree of freedom the latter

being made implicit in the notation)

The derivation of the full likelihood uses a time independence assumplsont # t,, Y(s,i) is
independent of Y(s,k) conditionally on B(s,t),8(st) . Therefore, the likelihood

functionf (Y |4

oc'!?

8, .11)for all time and all sites is the product of equation(27) applied attiaile

steps.
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Figure 1: Schematic of the Local Model

Figure 2: Schematic of the Regional Model

Figure 3: Locations of the rain gauges. Summer rainfall totals are available in all 16 gauges. The
blue dots are the gauges in which daily rainfall data are available, which are used to compute the

summer daily maxima.

Figure 4 Boxplot of the posterior distribution of f&) (El Nifio) and (b)£;" (La Nifia) for each site
for the summer rainfall totals

Figure 5: P-value of zero of (g, (El Nifio) and (b)z; (La Nifia) for each site for the summer

rainfall totals. A p-value smaller than 10% (blue dots) indicates that the parameter is significantly
larger than 0.

Figure 6: Quantiles of summer total rainfall with respect to SOI value for site 16. The blue, red and
green lines are respectively the 0.05, 0.5 and 0.99 quantiles with 90% credibility intervals (grey
shaded areas). Black dots are the observations with respect to the SOI value of each year.

Figure 7: Probability-Probability plot of summer maximum daily rainfall with (a) local model

LAsyl LAsyand (b) regional mod&Asyl RAsyIEach colour presents one site.
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Figure 9: summer maximum daily rainfall. P-value of zero of,[@) and (b)g,

+(s)

symmetric modeLSym_LSymand p-value of zero of (qggﬁ and (d) gy,

of each site (during La

Nifia episode) for the asymmetric modelsyl LAsylA p-value smaller than 10% (blue dots)

indicates that the parameter is significantly larger than O.
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Figure 10: P-value of zero for the slope of 1 in 100 year summer maximum daily rainfall with (a)
the symmetric moddlSym_LSynand (b) the asymmetric modefAsyl LAsyMuring the La Nifia
episode.

Figure 11: 1 in 100 summer maximum daily rainfall at site 16. The blue line is based on the
stationary model (L_Stat StafThe green and red lines are respectively based on the symmetric
(LSym_LSymand asymmetric (LAsyl LAg9yhodels. The solid lines are median and areas inside
the dashed line are 90% credibility intervals of each model. Black dots are the observations with

respect to the SOI value of each year.

Figure 12: Boxplot of the posterior distribution of location paramﬂt@r(,ulgq in local model

LAsyl LAsyDfeach site an(},lfeg1 in regional modeRAsyl RAsyl

Figure 13: Boxplot of the posterior distribution of the regional parameters of iRédgll RAsyl

for the summer maximum daily rainfall

Figure 14: 1 in 100 year summer maximum daily rainfall with local (L_Stat Stat & LAsyl )LAsyl
and regional (RAsyl RAgymodels at site 16. The blue line is based on the stationary model
(L_Stat_Stgt The red and green lines are respectively based on the local (LAsyl) bAdyl
regional (RAsyl RAsyIodels. The solid lines are median and areas inside the dashed line are
90% credibility intervals of each model. Black dots are the observations with respect to the SOI
value of each year.

Figure 15: DIC value for the models in Table 1 for the summer maximum daily rainfall.
L_Stat Stg LSym_LSymand LAsyl LAsyl are local models.R_Stat Stat RSym_RSym

RAsyl RAsyRAsy2 RAsyRAsyl StaandRAsy2_Staare regional models.
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959 Table 1: Candidate models
Regression
functions
Models Regression functions fou(s, t) Regression functions far(s,t)  for £(s,t)
Local models
L_Stat_Stat ae g &9
LSym_LSym Foo, * Hiod * SOK) Tioe, + 01 * SO dioe
s S) % U(S) +0, (S)*SO : SO <0
LAsyl LAsyl Ho * g ” " SOLY SOUY <0 { I<s) qu(s) N &
VYR i w9+ soKy; SO(1>0 (e s " " SOKR SOY >0 S
Regional models
R_Stat_Stat ae g Ereg
RSym_RSym A5+ oo * SOK Y G +0,,* SO Y b g
HS + Hreg * SOKY; SO(1<0  [ay +0,,* SOKY; SO( } <0 :
RAsyl RAsyl © 4 . © 4 reg
/'I|OCO :uregl SOK D' SO( ) >O O-Ioco regd SOKD SO( ) >O
43 SOI(H <0 g2,50|(t)<o
RAsy2_RAsy2 © o s . o . Sreq
luloc0 :uregl SOKD’ SO(I>O 0-Ioc0 reg1 SOI(D SO( ): >0
Hod, * Hieg * SOLY; SO} <0 o
RAsyl_Stat © L ey . Oce, $reg
luloc0 +:uregl SOK D’ SO( ): >0
,u,(jc’0 ;SOI() <0 © :
RAsy2 Stat (s) N . O-Iocg reg
) + 07, * SOKY; SO( ) >0

960

961
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962 Table 2: DIC difference between the regional models listed on the tabRAmy2 RAsy2model

R_Stat. RSym_ RAsyl  RAsy2_  RAsyl_  RAsy2_

Stat RSym RAsyl RAsy2 Stat Stat

11.2 4.4 3.2 0 7.9 6.1

963
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964 Figure 1: Schematic of the Local Model
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965 Figure 2: Schematic of the Regional Model
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966 Figure 3: Locations of the rain gauges. Summer rainfall totals are available in all 16 gauges.
967 The blue dots are the gauges in which daily rainfall data are available, which are used to

968 compute the summer daily maxima.
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Figure 4 Boxplot of the posterior distribution of (a)z; (EI Nifio) and (b) 44 (La Nifia) for

each site for the summer rainfall totals
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971 Figure 5: P-value of zero of (a)y (El Nifio) and (b) 4 (La Nifia) for each site for the
972 summer rainfall totals. A p-value smaller than 10% (blue dots) indicates that the parameter

973 s significantly larger than O.
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974 Figure 6: Quantiles of summer total rainfall with respect to SOI value for site 16. The blue,
975 red and green lines are respectively the 0.05, 0.5 and 0.99 quantiles with 90% credibility
976 intervals (grey shaded areas). Black dots are the observations with respect to the SOI value of

977 each year.
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978 Figure 7: Probability-Probability plot of summer maximum daily rainfall with (a) local model

979 LAsyl LAsyl and (b) regional modelRAsyl RAsyl. Each colour presents one site.
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Figure 8: Dependence-distance relationship of the transformed data. In the time-varying
context, datay are transformed into Gaussian quantilesu according to Eq (27). Red lines are
the estimated Dependence-distance with 90% credibility interval. Black circles are empirical
correlation between transformed data, and their 90% credibility interval due to the marginal

transformation is presented in green.
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987 (during La Nifla episode) for the asymmetric modelLAsyl LAsyl. A p-value smaller than

988 10% (blue dots) indicates that the parameter is significantly larger than 0.
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989 Figure 10: P-value of zero for the slope of 1 in 100 year summer maximum daily rainfall with

990 (a) the symmetric modelLSym_LSym and (b) the asymmetric modeLAsyl LAsyl during the

991 La Nifa episode.
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Figure 11: 1 in 100 summer maximum daily rainfall at site 16. The blue line is based on the
stationary model (_Stat Stat). The green and red lines are respectively based on the
symmetric (LSym_LSym) and asymmetric LAsyl LAsyl) models. The solid lines are median

and areas inside the dashed line are 90% credibility intervals of each model. Black dots are

the observations with respect to the SOI value of each year.
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Distribution of location parameter ($0I=0, La Nifia) (Local vs Regional)
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997 Figure 12: Boxplot of the posterior distribution of location parameter y/’ (ngin local model

998 LAsyl LAsyl of each site and,u;egl in regional modelRAsyl RAsyl).
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999 Figure 13: Boxplot of the posterior distribution of the regional parameters of model

1000 RAsyl RAsyl for the summer maximum daily rainfall
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Figure 14: 1 in 100 year summer maximum daily rainfall with local [_Stat Stat &

LAsyl LAsyl) and regional RAsyl RAsyl) models at site 16. The blue line is based on the
stationary model (L_Stat_Stat). The red and green lines are respectively based on the local
(LAsyl LAsyl) and regional RAsyl RAsyl) models. The solid lines are median and areas
inside the dashed line are 90% credibility intervals of each model. Black dots are the

observations with respect to the SOI value of each year.
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1007 Figure 15: DIC value for the models in Table 1 for the summer maximum daily rainfall.

DIC

1008 L_Stat Stat, LSym LSym and LAsyl LAsyl are local models.R_Stat Stat, RSym_RSym,

1009 RAsyl RAsyl, RAsy2 RAsy2, RAsyl Stat and RAsy2 Stat are regional models.





