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Abstract In this study, an iterative factorial multimodel Bayesian copula (IFMBC) framework was
developed for revealing uncertainties in risk inferences of compound extremes under the consideration of
diverse model structures and parameter sets. Particularly, an iterative factorial analysis (IFA) method would

be advanced in IFMBC to track the dominant contributors to the imprecise predictions of multi-hazard risks.
The developed IFMBC framework was applied for the risk assessment of compound floods at two estuarine
systems (i.e., Washington and Philadelphia) in US. The results indicate that the most likely compound events,
under predefined return periods, exhibit noticeable uncertainties. Those uncertainties also present multiple
hotspots which may be attributed to different impacts from different factors. By applying the IFA method, the
results suggest the copula structure would likely be ranked as one of the top 2 impact factors for predictions

of failure probabilities (FPs) in the scenarios of AND, and Kendall, with its contributions higher than 30%

for FP in Kendall (more than 40% at Washington) and more than 25% for FP in Kendall (larger than 40% at
Philadelphia). In comparison, the copula structure may not pose a visible effect on the predictive uncertainty
for FP in OR, with its contribution possibly less than 5% under long-term service time periods. However, the
marginal distributions would have higher effects on FP in OR than the effects on the other two FPs. Particularly,
the marginal distribution for the extreme variable with high skewness and kurtosis values tends to be ranked as
one of the most significant impact factors for FP in OR. Also, the overall impacts from parametric uncertainties
in both marginal and dependence models cannot be neglected for the predictions of all three FPs with their
contributions probably larger than 20% under a short service time period. Compared with the traditional
multilevel factorial analysis, the IFA method can provide more reliable characterization for uncertainty
contributors in multi-hazard risk analyses, since the traditional method seems to significantly overestimate the
contributions from parameter uncertainties.

Plain Language Summary The risk analysis for compound extremes, consisting of concurrent or
consecutive hazard drivers, is of great importance for disaster resilience and infrastructure designs, in which
extensive uncertainties are inevitable issues embedded in various components such as model structure and
parameters. Overlook of these uncertainties may cause undesired resilience strategies for compound extremes
and further lead to unpredictable damages or fatalities. This study developed an innovative framework to
generate the critical thresholds for compound floods as well as their predictive regions under consideration
of uncertainties in model structures and parameters. Moreover, the dominant contributors to the predictive
uncertainties in multi-hazard risk inferences were revealed through a reliable analysis technique in the
developed framework. Such a framework can help generate desired design thresholds with their predictive
confidence for compound extreme events, and also direct the most efficient pathway to enhance/improve the
risk inferences. Moreover, the developed framework can be extended to high-dimensional compound extremes
and have a wide application potential.

1. Introduction

The compound extremes in the hydroclimatic system, resulting from combinations of two or more (not necessar-
ily) extreme events, may trigger significant consequences much larger than the sum of impacts from individual
extremes alone (Leonard et al., 2014; Mehran et al., 2017; Seneviratne et al., 2021; Wahl et al., 2015). The com-
pound extremes can be classified as (a) preconditioned events, (b) multivariate events, (c) temporally compound-
ing events, and (d) spatially compounding events (Zscheischler et al., 2020). The impacts of concurrent extremes
on land area have increased with a high confidence (Seneviratne et al., 2021). Without consideration of multiple
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hazards, the risk reduction efforts targeting one type of hazard may increase exposure and vulnerability to other
hazards in the present and future (IPCC, 2012). This necessitates the development of effective modeling tools for
reliable and accurate characterization for multi-hazard risk analyses of compound hazards.

There have been a number of studies to address the frequency and severity of compound events. De Michele and
Salvadori (2003) first adopted the copula method for addressing dependence between storm duration and rainfall
intensity. This kind of approaches has been extensively developed to explore the interdependence among differ-
ent hydroclimatic extremes. Some typical studies include compound floods consisting of sea level rise and river
discharge (Moftakhari et al., 2017; Sadegh et al., 2018), storm surge and river discharge (Bevacqua et al., 2017,
Muiioz et al., 2020; Wahl et al., 2015), dry-hot extremes (Alizadeh et al., 2020; Sun et al., 2019, 2021), multivariate
standardized drought index characterized by precipitation and soil moisture (Hao & AghaKouchak, 2013, 2014),
and flood peak and volume (Fan et al., 2018; Xu et al., 2017). The copula approaches have been widely used for
multi-hazard risk analyses of compound extremes due to their attractive capabilities of (a) effectively character-
izing complex dependence among correlated random variables, (b) flexibly choosing different marginal and de-
pendence models, and (c) separately estimating parameters in marginal and dependence functions (AghaKouchak
et al., 2012; Fan, Huang, Huang, & Li, 2020; Huang et al., 2017; Salvadori et al., 2007).

Uncertainty analysis has been one critical challenge for risk inferences of both individual and compound extremes,
which has received great attention in different branches of hydrology and climate science (Dung et al., 2015; Fan
et al., 2018; Sadegh et al., 2017, 2018; Shi et al., 2008; Zhang et al., 2020). For instance, Sadegh et al. (2017)
developed a multivariate copula analysis toolbox to describe dependence and underlying uncertainty through
a Bayesian framework. Dung et al. (2015) have handled uncertainty in bivariate quantile estimation for flood
hazard analysis in the Mekong Delta through bootstrap-based algorithms. In addition, some studies have been
reported to reveal contributions of uncertain parameters to the resulting risk inferences of multi-hazards. For
example, a Bayesian information-theoretical approach has been developed by Guo et al. (2020) to explore un-
certainty propagation from model parameters to design flood estimations. The effects of parameter uncertainties
on multivariate risk analyses have also been addressed by Fan, Huang, Huang, and Li (2020) and Fan, Huang,
Huang, Li, and Wang (2020). However, most previous studies merely focused on parameter uncertainties whilst
uncertainties in model structures are somewhat overlooked possibly due to some technical difficulties. For in-
stance, the model parameters can be considered as continuous variables while the model structures would only be
denoted as discrete variables with limited choices/samples, thus some sampling-based methods (e.g., the mutual
information partitioning method in Guo et al., 2020, Sobol's global sensitivity analysis in Huang & Fan, 2021)
may not be applicable to deal with uncertainties in model structures. For the multi-hazard risk analysis of com-
pound extremes, uncertainties may exist in different components such as model parameters and structures of mar-
ginal and dependence functions. The interactions among those uncertainties may also challenge the robustness
of multi-hazard risk analyses for compound extremes. Consequently, it is desirable to effectively reflect those
uncertainties in the process of multi-hazard risk analyses and further reveal their effects on the resulting risk
predictions for specific extreme events.

Therefore, an iterative factorial multimodel Bayesian copula (IFMBC) framework was developed in this study.
The developed IFMBC framework is able to (a) generate ensemble inferences for the multi-hazard risks of com-
pound extremes under consideration of multiple uncertainties, and (b) characterize the main effects of different
uncertain factors and their interactions on the predictive variabilities in multi-hazard risk predictions. The pro-
posed IFMBC framework consists of different modules including (a) the copula models with diverse marginal
and dependence structures, (b) Bayesian estimation approach and (c) iterative factorial analysis (IFA). In IFMBC,
the interdependence of compound extremes was characterized through copula models made of various marginal
and dependence functions. The parameter uncertainties in each copula model were quantified by using a Bayesian
(e.g., MCMC) method. An IFA method was finally advanced for characterizing the main effects and interactions
of uncertain factors on the predictive uncertainties in multi-hazard risk inferences. The developed IFMBC frame-
work was then applied for compound flood risk analyses at two coastal sites in US.
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2. Methodology
2.1. Multi-Hazard Risk Analysis for Compound Extremes

The basic theorem of copula was first introduced by Sklar (1959), which defined the multivariate distribution
function on I¢ = [0, 1]¢ with uniform marginals (Salvadori et al., 2011). Copulas can be employed to establish the
joint distributions for multiple random variables with diverse correlation and dependence structures, regardless
of their margins (Laux et al., 2011; Liu et al., 2015). Let F be the d-dimensional joint probability distribution for
a random vector X = [X,, X,,, ..., X ]”. There would exist a copula function such that:

P{X| <x1,... Xa x4} = F(x1,..., xq) = C(uy, ..., uq|60) (@))]

where C is the copula function with @ being its parameters. u; = Fi(x;|y;) (i = 1, 2, ..., d) and F| is the marginal
distribution for X, with y; being its parameters. The copula C is unique if F, (i = 1, 2, ..., d) are continuous.

Based on the joint probability function expressed through the copula method, risk analyses for compound ex-
tremes can be conducted. There are several indices for multi-hazards risk analysis such as multivariate return
period (RP), multivariate failure probability (FP), and the most-likely compound events (Joe, 2014; Read &
Vogel, 2015; Salvadori et al., 2013, 2016). Moreover, there are three scenarios to characterize hydroclimatic risks
within a multivariate context, which are denoted as “AND”, “OR”, and “Kendall” cases. In detail, a general form
for the multivariate RP can be expressed as:

. U
= Pr(x € RY) @

where the * indicate the three scenarios (i.e., “AND”, “OR”, and “Kendall”’) for multivariate RP, and R? denote
the hazardous regions under these three scenarios. Similarly, the multivariate FP can be expressed in a general
form as:

Py =1-(1=Pr(x € R))" 3)

where p% indicates the FP in “AND”, “OR” or “Kendall”, and M denotes the given time period in years. The most
likely compound extreme describes the event with the highest joint probability density among all the feasible
combinations with equal RPs (Guo et al., 2020; Sadegh et al., 2018). Consequently, such a most likely compound
extreme can be derived as:

x? = argmax hc(ui,uz,...,uq0)
(1 x20Xg)ELY)

C)

where A(.) denotes the joint probability density function derived based on the copula function. The critical layer
LY is defined as:

Ly ={x=(x1,%2,...xa) : Pr(x € R)) = q} Q)

The detailed formulations for the multivariate RPs, multivariate FPs, and the most-likely compound events under
“AND,” “OR,” and “Kendall” scenarios are presented in Section S1 in Supporting Information S1.

2.2. Uncertainties in the Multi-Hazard Risk Analysis of Compound Extremes
2.2.1. Model Structural Uncertainty

The copula-based multi-hazard risk analysis would be affected by the structures in both marginal distributions
(i.e., Fi(x;|y:) in Equation 1) and the dependence model (i.e., C(.) in Equation 1). For the individual attributes
of compound extremes, there are many distributions available to quantify their probabilistic features, including
both parametric and non-parametric distributions. Typical parametric distributions mainly include normal family
(e.g., two- and three-parameter lognormal distribution), GEV family (e.g., Gumbel, GEV, Weibull distribution),
Pearson Type III family (e.g., Pearson Type Il and log-Pearson Type III distribution), generalized logistic family
(e.g., generalized logistic and log-logistic distribution), and so on (Ahmed et al., 1988; Li et al., 2018; Lin &
Dong, 2019; Longfield et al., 2019; Singh, 1998; Stedinger et al., 1993). Some non-parametric methods have
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also been adopted for modeling the distributions of individual extreme variables such as maximum entropy prob-
ability distribution (e.g., Kong et al., 2015), kernel distribution (e.g., Karmakar & Simonovic, 2008, 2009) and
Gaussian mixture model (e.g., Sun et al., 2019). In general, the probabilistic distribution for individual extreme
variables is chosen mainly through three methods including official recommendation, experience knowledge, and
statistical test (Qi et al., 2016). However, there may be many candidate distributions for one variable that pass
statistical tests, leading to uncertainty resulting from probability distribution selection (Qi et al., 2016). In this
study, three candidate distributions, including Pearson Type III (P3), 3-parameter lognormal (LN3), 3-parameter
log-logistic (LLOGIS3) distributions, would be adopted for individual extreme variables, with their formulae
presented in Table S1 in Supporting Information S1.

Moreover, to model the interdependence among extreme variables, a number of copula functions have been
proposed, which are grouped into diverse families such as Archimedean and elliptical families (Brechmann &
Schepsmeier, 2013). Each family also has several copulas with different expressions. For instance, the elliptical
family has Gaussian and Student ¢ copulas, while the Archimedean family would have copulas such as Gumbel,
Frank, and Joe. Different copulas have been employed to quantify the risks of compound extremes (Corbella &
Stretch, 2012; Li et al., 2018; Montes-Iturrizaga & Heredia-Zavoni, 2015), and the selection of the copula func-
tion may significantly influence the resulting risks or environmental contours (Montes-Iturrizaga & Heredia-Za-
voni, 2016). In this study, the Frank, Joe, and Gumbel copulas, as presented in Table S2 in Supporting Informa-
tion S1, were considered as the candidate models for quantifying the interdependence of compound extremes.

2.2.2. Parametric Uncertainty

Once the copula model has been formulated with pre-specified marginal and dependence structures, the parame-
ter uncertainties (i.e., y, and & in Equation 1) would also produce noticeable impacts on the predictive variabilities
for the resulting risk analyses of compound extremes (e.g., Fan et al., 2018; Guo et al., 2020; Sarhadi et al., 2016).
There are several methods for quantifying parameter uncertainties in copula models, such as Monte Carlo sim-
ulation (e.g., Montes-Iturrizaga & Heredia-Zavoni, 2017), bootstrapping methods (e.g., Dung et al., 2015; Fan,
Huang, Huang, Li, & Wang, 2020) and Bayesian inferences (e.g., Fan et al., 2018; Guo et al., 2020; Sadegh
etal., 2017).

In this study, a Bayesian inference approach will be employed for uncertainty quantification of parameters in
the multi-hazard risk models with prescribed marginal and dependence structures. Bayesian analysis has been
successfully applied in different fields for model inference and uncertainty quantification purposes, including
multivariate hydrologic risk analyses (e.g., Fan, Huang, Huang, & Li, 2020; Fan et al., 2018; Sadegh et al., 2017).
The Bayes' theorem updates the prior probability of a certain hypothesis when new information is available, and
then derives the posterior distributions of model parameters as follows:

L©6|Y)70(9)

0Y) = ———————
=61 [ LOIY)mo(6)do

Q]

where () andz(8|Y) respectively represents the prior and posterior distributions of model parameters, L(8]Y)
denotes the likelihood function, J L(0]Y)m0(0)d0 is the normalization constant, and Y = {1, 2, ..., J } are the
observations. In practical applications, Equation 6 can hardly be solved analytically and numerical methods such
as Markov Chain Monte Carlo (MCMC) algorithms are employed to approximately estimate the posterior distri-
bution of 7(8|Y). The major purpose of this study is to reveal the major contributors to predictive uncertainties
in multi-hazard risk analysis for compound extremes and thus the adaptive Metropolis (AM; Haario et al., 2001)
algorithm, which is one of the most common MCMC methods, was adopted. Detailed descriptions for AM-based
MCMC method can be referred to relevant studies (e.g., Haario et al., 2001).

2.3. Iterative Factorial Analysis

As described in Sections 2.2, the multi-hazard risk inferences for compound extremes would be influenced by
various uncertain factors such as model structures and the associated parameter uncertainties. Consequently, it
is of great importance to characterize both the main effects and their interactions of those uncertain factors on
predictive variabilities in multi-hazard risk analyses. An IFA method was developed in this study to address this
challenge.
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The proposed IFA approach improves upon traditional factorial analysis (FA) method, in which a subsampling
procedure would be adopted to generate a series of two-level experimental designs. The main effects from the
chosen factors and their interactions are obtained by averaging the results from all the two-level experimental
designs. Such a process would be illustrated through a generic bivariate example with two marginals and one
copula. Consider a bivariate risk model with two correlated extremes, the multi-hazard risk inferences, subject to
two marginal distributions and one copula function, can be generically formulated as:

RI= F(A, B,C,¢) @)

Here A, B, and C are the choices for two marginal distributions (A and B) and the copula function (i.e., C). ¢ is the
random error in the process of multi-hazard risk inferences. RI is the risk indices of interest such as multivariate
RPs (Equation 2) and FPs (Equation 3).

One critical process in IFA is to conduct a subsampling procedure for the uncertain factors to decompose the
multiple levels for one factor into a number of two-level pairs. If each factor (i.e., A, B, and C) has T levels, these

T
T levels for each factor can be decomposed into a total number of two-level pairs, expressed as a 2 X
2 2

matrix as follows:

. Ay Ay .. A A, Ay ... Aro Ar, Ar.
ga(ha, ja) = (8a)
Ay Ay ... Ar A3 Ay .. Aro Ar Ar

. B B ... B B, B, .. Br, Bro Br_
g (hs, jB) = (8b)
B, By .. Br By By .. Br.i Br Br

) ¢ C .. C G G .. Crp Crp Cro
gc (he, je) = (8c)
C; G ... Cr C3 C4 .. Croi Cr Cr

T T T

Such a subsampling procedure denoted by Equations 8a—8c would lead to ) X ) x ) iterations in IFA

with each iteration consisting of a two-level factorial design. Based on these iterations, both the individ-
ual and interactive effects of the uncertain factors on the resulting risk can be obtained (See Section S2 in
Supporting Information S1).

2.4. Development of the IFMBC Framework

The developed IFMBC framework in this study consists of three main modules including (a) the copula model
for multi-hazard risk analysis, the AM-based MCMC method for parameter estimation, and the IFA method for
impact quantification of studied factors. Such a framework can provide ensemble inferences for multi-hazard
risks under consideration of various uncertain factors and also reveal the dominant contributors to predictive
uncertainties in those risk analyses. As presented in Figure 1, the procedures for the IFMBC framework are
described below:

Step 1: For one set of historical records for compound extremes, select potential candidate marginals and depend-
ence structures (i.e., copula functions).

Step 2: Subsample the candidate marginals and copulas to formulate the possible pair combinations. For instance,
P3, LN3, and LLOGIS3 (i.e., 3 levels in total) would be considered as the candidate marginals in this study, and
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. . P3 P3 LN3 .. ..
thus all possible 2-level pairs can be formulated as: . A similar decomposition

LN3 LLOGIS3 LLOGIS3
matrix can be obtained for the candidate copulas.

Step 3: For each column in the decomposition matrices for candidate marginals and copulas, formulate the 20+
(here n is the number of extremes under consideration) factorial design matrix. In this study, the fluvial discharges
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and seal levels were considered (i.e., n = 2). Thus one sample 2"+ factorial design matrix can be formulated as
Table S3 in Supporting Information S1, in which each row in the matrix specifies the marginal and dependence
structures for multi-hazard risk analysis.

Step 4: For each multi-hazard risk analysis model consisting of prescribed marginal and dependence structures,
quantify the posterior distributions for its parameters through the AM-based MCMC method.

Step 5: For one prescribed critical event x* (i.e., x* = {x*i‘, Xyes X }), randomly sample parameter sets for the
multi-hazard risk analysis model from the obtained posteriors in Step 4, and then derive the risk inferences (e.g.,
multivariate PRs or FPs) for this event.

Step 6: Reiterate Step 4 and Step 5 for all combinations of the candidate marginal and dependence structures in
the 20D factorial design matrix.

Step 7: Generate the total variability (i.e., SS;) for the risk index of interest and its decomposition components
expressed in Equations S17-S19 in Supporting Information S1.

Step 8: Based on Equation S20 in Supporting Information S1, obtain the single and interactive effects of the
uncertain factors (i.e., marginals, copula function, and parameters) on the results of multi-hazard risk analysis
within the 20D factorial design.

Step 9: Repeat Steps 3-8 for all the combinations of the columns in the decomposition matrices, and generate the
associated individual and interactive effects for the uncertain factors based on the 27"+ factorial designs.

Step 10: Generate the overall single and interactive contributions for the studied factors (i.e., marginals, copula
function, and parameters in this study) to the predictive variabilities in multi-hazard risk inferences through aver-
aging the corresponding results from all the 2"+ factorial designs.

In the developed IFMBC framework, the marginal distribution and copula functions can be selected independent-
ly, which are considered as the factors in I[FA. However, the parameters are associated with the pre-specification
for marginal and copula functions. Different marginals and copulas would have different parameters. Consequent-
ly, a multi-hazard risk model is unable to set the parameters to be factors independent from choices of marginal
and dependence structures. In the proposed IFMBC framework, the contribution of parameter uncertainties to
multi-hazard risk analysis would be characterized as the component of random error as expressed by Equations
S20d and S21d in Supporting Information S1. Specifically, a number of parameter sets are sampled from their
posteriors derived by the AM algorithm. The inferences for different risk indices are then obtained based on these
parameter sets as described in Step 5. The parameters' contribution to multi-hazard risk analysis in a single 20"+D
factorial design is derived by Equation S20d in Supporting Information S1 and the overall contribution is finally
generated by Equation S21d in Supporting Information S1.

3. Case Study

There are a number of compound events in the hydroclimatic system resulting from multiple hazards or drivers
(Ridder et al., 2020; Zscheischler et al., 2018). The compound flooding events, as the combinations of high river
discharges and high sea levels, have attracted great attention especially for the coastal regions and deltas (e.g.,
Ganguli & Merz, 2019; Hendry et al., 2019; Sadegh et al., 2018; Ward et al., 2018). Consequently, the proposed
IFMBC framework was applied for compound floods to demonstrate its capability of tracing dominant contrib-
utors to the uncertainties in multi-hazard risk inferences. In detail, the compound flood events at two estuarine
systems (i.e., Philadelphia, PA and Washington, DC) along the eastern coasts of United States were selected
as the demonstrative cases since the river discharges and coastal water levels are statistical dependent there
(Moftakhari et al., 2017).

Table 1 presents the data information for the river discharges and coastal water levels at the chosen estuarine systems.
The river discharges are obtained from the United States Geological Survey (USGS) while the observations of coast-
al water levels are obtained from the National Oceanic and Atmospheric Administration (NOAA). The compound
floods, consisting of high river discharges and high coastal water levels, can be identified through different ways
(Ward et al., 2018). In this study, the compound extremes are referred to as the coastal water levels conditional on high
discharges, in which the annual maximum discharge would be first identified each year, and then the highest sea level
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Table 1 would be selected within +1 day of the fluvial flood event. The future predic-
Data Sources and Information for the Studied Cases tions under climate change will not be considered even though the sea levels are
Location predicted to rise by IPCC since this study mainly focused on the impacts of struc-
tural and parametric uncertainties on multi-hazard risk analyses. Table S4 in Sup-
Variable Washington, DC  Philadelphia, PA o Tnformation S1 presents the performances of different univariate distri-
River flow River name Potomac Delaware butions, including P3, LLOGIS3, LN3, and GEV, on modeling the probabilistic
USGS ID 1646500 1463500 features of discharges and sea levels at Philadelphia and Washington. The results
Duration 193122018 1913-2018 indicate that all t.hose four qlstrlbutlons v§/0u.1d h.ave acceptable performance.s at
the two coastal sites. In detail, the GEV distribution would perform best for river
Mean (m?/s) 3,480 2,500 . . . .
discharges but worst for sea levels at Philadelphia. In comparison, the LLOGIS3
Skewness 2.05 1.66 performed best for both river discharges and sea levels at Washington. These re-
Kurtosis 778 6.98 sults are slightly different from the conclusions in Moftakhari et al. (2017) since
Range (m%/s) [824, 12,063] [875, 7,900] different distributions were compared (e.g., Birnbaum-Saunders, Exponential,
Water level Tide station Washington Philadelphia Gamma, GEV, Generalized Pareto, Inverse Gaussian, Loglogistic, Lognormal,
NOAA ID 8594900 8545530 and Weibull were cl.los.en 1T1 Moftakhari et al., 2017). In .thIS st.ud?/, th‘e P3, PL-
Durat oL e OGIS3, and LN3 distributions are selected as the marginal distributions since
uration B - they would have acceptable performances as presented in Table S4 in Support-
Mean (m) 271 3.5 ing Information S1 and also these distributions have been widely used in relevant
Skewness 1.96 0.40 studies (e.g., Li et al., 2018; Lin & Dong, 2019; Longfield et al., 2019).
Kurtosis 7.45 2.65
Range (m) [2.12,4.76] [2.84, 4.32] 4. Results Analysis
Vertical datum Station datum Station datum

4.1. Risk Inferences Under Structural and Parametric Uncertainties

Table 2

In IFMBC framework, a number of copula-based multi-hazard risk analysis
models, with diverse marginal and dependence structures, are involved and the
associated model parameters are quantified through the AM-based MCMC ap-
proach. Consequently, reliable risk inferences and their variabilities can be ob-
tained through ensembling all modeling results considering both structural (marginal and dependence) and parametric
uncertainties. For the same design standard, different risk indices would lead to different thresholds for the variables
of interest. Table 2 presents the ensemble means for the most likely compound events of river discharge and sea level
under a multivariate RP of 100 yr. It can be observed that the thresholds of water level and discharge would be sig-
nificantly varied if different risk indices are adopted. In detail, the multivariate RP in OR (7°R = 100 corresponds to
Pr(x € R(d)R) = 0.01in Equation 5) would lead to the highest thresholds of the compound flood event, followed by the
multivariate RP in Kendall and multivariate PR in AND. For instance, at Washington, the most likely compound flood
would have a discharge rate of 10,160 m?/s and a water level of 4.19 m under 7°% = 100. In comparison, a discharge
rate of 6,716 m*/s and a water level of 3.41 m would be likely observed under 7¥e"%!! = 100, and the discharge rate and
water level may likely reduce to 6,202 m*/s and 3.29 m respectively when T2NP is employed. Similar features are also
observed at Philadelphia. These differences are mainly due to the different implications for the multivariate RPs in
AND, OR, and Kendall. The OR case indicates that either the discharge rate or water level exceeds their correspond-
ing thresholds, the AND case implies that both the discharge rate and water level should exceed their corresponding
thresholds, and the Kendall case suggests that the joint probability of the two
variables would exceed the threshold associated with the predefined RP.

In the proposed IFMBC framework, there are total 27 models for each risk in-

The Ensemble Means for the Most Likely Compound Event for High River dex consisting of three copulas and three marginals respectively for discharges

Discharges and High Sea-Levels Under a Joint Return Period of 100 yr

and water levels, and the model parameters are estimated through the AM-based

Return period

Variables

Washington  Philadelphia MCMC algorithm. Consequently, it is straightforward that uncertainties would

TAND iticzerel (@) 399 4.02 present in the inferences for the most likely compound floods. Figure 2 exhibits
Discharge (m?s) T S5 the uncerta.jntie.s embedded in ‘the .forecasts for the most likely c01.npound floods

Jor Water Tovel () i lo ito at two studied sites under multivariate RPs (7ANP, TOR, TXendally heing 100 yr. The

: ’ gray points show the most likely compound events generated under structural and

Discharge (m?/s) 10160.69 9077.59 parametric uncertainties, the orange and green contours respectively present the

Fperal Water level (m) 3.41 4.09 corresponding 90% and 50% predictive regions, and the red stars indicate the cor-
Discharge (m?/s) 6715.92 5806.40 responding ensemble means. It is apparent that extensive uncertainties may exist
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Figure 2. Predictive quantiles for the most likely compound extremes under a 100 yr multivariate RP. The green and yellow contours respectively exhibit the 50% and
90% predictive quantiles, and the red stars indicate the ensemble means.

for the inferences of the most likely compound events based on all three multivariate RPs. Also, for different risk indi-
ces, those predictions present different uncertainty degrees, but the estimates for the most likely compound floods un-
der T°R tend to have larger uncertainties than the inferences under the other two multivariate RPs. More specifically, it
is noticeable that multiple clusters are observed for the compound flood predictions from all the three multivariate RPs,
especially for the 50% predictive regions. Such a phenomenon may be due to the fact that the predictive uncertainties
in the inferences of compound floods are resulted from different sources such as model structures and parameters, and
different sources would pose distinguishable impacts on the estimates of compound floods under diverse risk indices.

Figure 3 presents the inference uncertainties for the compound floods under the 72NP being 100 yr at
Washington, in which the dashed contours indicate the ensemble means of TANP for different combinations
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Figure 3. Uncertainties in the estimates for the most likely events of compound floods with a 100 yr multivariate RP in AND at Washington.

of discharges and water levels. In each subfigure, the colored contours exhibit the 50% predictive regions
for the most likely compound floods obtained from the risk model with specified marginals (denoted as
the title of the subfigure) and copulas (specified as the legend). In other words, the uncertain predictions
enclosed in the colored contours would mainly be resulted from parameter uncertainties of the risk model.
In comparison, the discrepancies among the colored contours in each subfigure would be resulted from the
differences in copula structures, while the contours with the same color but in different subfigures exhibit
the impacts from the changes of marginals. As presented in Figure 3, the parameters would lead to different
predictive uncertainties in the predictions of compound floods from the risk models with different marginal
and dependence structures. For instance, even though the 50% predictive regions from the Frank copula
(i.e., red contours) are relatively small for most cases, we can still observe noticeable uncertainties in the
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compound flood inferences from other copula functions. This is mainly due to the inconsistent parameter
quantifications resulting from (a) discrepancies of parameter posteriors in different runs of MCMC and (b)
correlations among parameters in both marginal and dependence structures. Moreover, it is apparent that,
in each subfigure, the compound flood predictions from different copulas are distinguishable among each
other, implying significant impacts of the dependence structure on the risk inference under 7ANP, However,
the inferences of compound floods from the model with the same copula but different marginals seem to
have chaotic features. The red contours (i.e., the Frank copula is adopted) would not show visible differences
in different subfigures while the green contours from Joe copula and the blue contours from Gumbel copulas
present explicit differences in different subfigures. Consequently, the impacts of marginal distributions need
to be further addressed.

Figures 4 and 5 present the uncertainties in the estimates of the most likely compound floods with a 100 yr mul-
tivariate RP for 7°R and T¥r%ll at Washington. Similar to the predictions under 7ANP, noticeable uncertainties
can be observed in the colored regions, suggesting significant effects of parametric uncertainties on the estimates
of compound floods under 7°R and 7%l Nevertheless, the 50% predictive regions of compound floods, gen-
erate from the risk model with specified marginal and dependence structures, would present different uncertain
degrees under different multivariate RPs. For instance, we can observe significant predictive uncertainty (in
Figure 3) for the compound floods under TANP from the model with the marginals of LLOGIS3 and LN3 and
the dependence structure of Gumbel copula, while the predictive uncertainty under 7°% is much smaller (e.g.,
around [4, 5] for water level) from the same model structure as shown in Figure 4. This is mainly due to the
different expressions for 7ANP and TR, but also suggests that one specific factor (e.g., parameter uncertainties)
would have diverse impacts on predictions of compound floods under different risk indices. Similar features can
also be observed for the impact of the dependence structure (i.e., copula function). Compared with Figure 3, the
colored contours in each subfigure of Figure 4 seem to present some overlaps among each other for most cases,
which indicates that the dependence structure may have a less impact for the compound flood inferences under
TOR, However, Figure 5 shows analogous features of the predictive uncertainties with those exhibited in Figure 3,
implying a similar impact pattern for those uncertain factors on the compound flood predictions under 7¥endall
with the predictions under TANP.

Figures S1-S3 in Supporting Information S1 exhibit the estimates for the most likely compound flood with a 100
yr RP for TAND, TOR and TXendall gt Philadelphia. It can be observed that the predictive uncertainties under differ-
ent risk indices respectively present similar features with the uncertain inferences for Washington. The uncertain
degrees resulting from model parameters are different for diverse risk models with different candidate marginals
and copulas. Moreover, the compound floods generated through risk models with diverse copulas under 74NP
and T¥erdll seem to be more distinguishable than the results under 7°R, indicating more possible impacts for the
dependence structure on the risk indices of 7ANP and 7*endall,

4.2. Characterization of Dominant Contributors to Uncertainties in Multi-Hazard Risk Analyses

As stated in Section 4.1, remarkable uncertainties would be present in the risk analyses for compound floods,
which may be resulted from various sources such as structural (e.g., marginal and copula) and parametric uncer-
tainties. More specifically, the effects, stemmed from different uncertainties, on one risk index (e.g., TANP, T¥endall
or T°%) would be distinguishable, whilst one uncertain factor may also pose different impacts on different risk
indices. Nevertheless, Figures 3—5 merely provided qualitative descriptions for the impacts of different uncertain
sources on different risk indices. Consequently, the IFA method was developed to track the dominant contributors
to predictive uncertainties in the multi-hazard risk inferences of compound floods.

In this study, three uncertain factors were considered in IFA, including two marginal distributions and one copula
function. Also, each factor has three levels consisting of different marginal (i.e., P3, LLOGIS3, LN3) or depend-
ence (i.e., Gumbel, Frank, and Joe copula) structures. Consequently, each factor was decomposed into three

(.e., 3 ) two-level pairs as stated in Step 2 in Section 2.4, and finally formed a total number of 27 two-level
2

experimental designs in the IFA process. Moreover, for each two-level experimental design, 10 parameter sets, as
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Figure 4. Uncertainties in the estimates of the most likely compound floods with a 100 yr multivariate RP in OR at Washington.

recommended in Fan et al. (2021), would be randomly sampled from their posteriors to derive the contribution
from parametric uncertainties. In this section, the FPs in “AND”, “OR”, and “Kendall” (expressed as pA™P, pOX,
andp?e“da” respectively) are considered as the responses (i.e., risk inferences) in IFA since these indices also re-
flect the impact of infrastructure service time.

The effects of various uncertain factors on p?ND are presented in Figure 6, in which A, B, and C respectively
represent the marginal for sea level, the marginal for river discharge and the dependence structure (i.e., Copula).
It shows that diverse factors would pose distinguishable effects on p?ND inference. However, it can be concluded
that the copula structure would have a highest contribution to the predictive uncertainties in pANP, with the contri-

T
bution approaching 30% for p?ND with a 70 yr service time at Washington. In addition, the parameter uncertainties
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Figure 5. Uncertainties in the estimates of the most likely compound floods with a 100 yr multivariate RP in Kendall at Washington.

also pose noticeable impacts on the prediction of pANP, with their contributions being around 20% at both sites.
Nevertheless, the contributions from model parameters would decrease as the service time increases, which is
opposite to the contribution trend of the copula function. In this study, the model parameters are considered as
the component of random error in IFA, which implies the overall contribution from all parameters in marginals
and copula function. For the contributions from different parameters, the parametric uncertainties in marginals
(especially for the shape parameter in a distribution) would tend to have much higher contributions than the un-
certainty in copula parameter (Fan, Huang, Huang, Li, & Wang, 2020). For the marginal distributions for individ-
ual variables, they are also likely to have visible effects on the predictions of pANP for a specific design threshold.
But the marginal for river discharge is expected to have a greater effect (e.g., more than 20% at Philadelphia) than

the marginal for sea level (e.g., about 4% at Philadelphia). This may be due to the probabilistic features for the
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Figure 6. The main effects of uncertain factors and their interactions on the predictive uncertainties for FP in AND.

historical extreme records. In current study, the annual maximum discharge of river flow was first identified, and
then the maximum sea level within +1 day of the annual max discharge was selected. Therefore, the compound
extreme in this study were considered as the discharge dominated events. Also, from Table 1, the sea level records
at Philadelphia have much smaller skewness (i.e., 0.40) and kurtosis (i.e., 2.65) than those from river discharges
(i.e., 1.66 for skewness and 6.98 for kurtosis). These may lead to a less impact for the marginal distribution of
sea level. The interactions among marginal and dependence structures do not have significant effects on pAND and
some of them seem to be negligible especially at Philadelphia. The obtained results suggest that an appropriate
dependence structure may be prioritized to get reliable risk inferences for pAND followed by robust quantification
for model parameters and proper selection for the marginals especially for the variable for river discharges.

For the risk inference of p(T’R, it is also obvious that the marginals, dependence structure, and model parameters
would have different effects on its predictive uncertainties, as exhibited in Figure 7. There are both similarities
AND and pQR from the studied uncertain factors. First, visible effects

, which is similar to their effects

and dissimilarities between the effects on p2
from marginals and parameter uncertainties are observed on the inferences of pO*
on paNP. Nevertheless, the impact from parameter uncertainties seems to dominate the predictive variability of
p(T’R with the highest contribution more than 30%, even though such an impact would decrease as the increase
of service time. Moreover, the marginal distributions tend to have higher contributions top2® predictions than
the contributions to the inference of pA"P. For instance, at the site of Washington, the marginals respectively
for sea level and river discharge would approximately have a contribution of 13.7% and 12.0% to the predictive
uncertainty of pANP with a service time of 30 yr, while such contributions to the inference of pO® would increase
to 14.6% and 28.6%. For certain long-term service time scenario, the marginal distribution from one variable
may have the highest impact. In comparison, the copula structure has shown a much smaller contribution to the
prediction of p2® than its contribution to pA™P, which is possibly less than 5% for a service time larger than 30 yr
at both sites. These results imply that appropriate marginal distributions and well parameter quantification would
be the key factors to get reliable inferences for pQ®
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Figure 7. The main effects of uncertain factors and their interactions on the predictive uncertainties for FP in OR.

Figure 8 exhibits the individual and interactive contributions to the predictions of p?e"da” resulted from both
structural (i.e., both marginals and copula) and parametric uncertainties. These contributions present similar
features with the impacts on the inference of pAND in which uncertainties in both dependence structure (i.e.,
copula) and model parameters uncertainties have greater effects than the other factors. Nevertheless, the paramet-
ric uncertainty seems to pose a higher contribution to the predictive uncertainty in p"e“da” than its contribution
tOpAND inference. For instance, under a 30 yr service time, the parametric uncertainty would respectively have a
contribution of 21.2% and 20.0% to the predictive variability of pAND at the two stations, while its contribution
topkendall would respectively be 24.4% and 40.0%. The copula structure tends to pose a higher effect on pXendal
than its effect on pAN® at Washington, but this factor would have a less impact on p&eda!! than its impact on pp™P
at Philadelphia. However, the impacts of copula structure on the inference of p;e"d“” at both sites are noticeable

with the contributions higher than 30%.

In comparison, there are slight increases for the impacts of the marginal for sea level between predictions of p?ND
Kendall 4t the two sites, whilst explicit decreases occur for the impacts from the marginal of discharge. More-
R, the two marginals present much smaller contributions to

and py
over, compared to the impacts of the marginals onp?
the p¥er®!! prediction with the highest value less than 15%. In general, for the prediction of pke!!, the parameter
uncertainties and copula structure are the two prioritized factors to be well considered, followed by the marginal
distributions.

Table 3 summarizes the first two significant contributors to the uncertainties in FP inferences with a 30 yr service
time. It can be concluded that the parameter uncertainties significantly influence the inferences of all the three
FPs except the FP in AND at Philadelphia. In comparison, the copula structure tends to be prioritized for the
FP in AND and Kendall whilst the marginal distributions would have more effects than the dependence struc-
ture on the FP prediction in OR. Those results can also be descriptively implied by Figures 3-5 and S1-S3 in
Supporting Information S1.
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Figure 8. The main effects of uncertain factors and their interactions on the predictive uncertainties for FP in Kendall.

Table 3

The First Two Contributors for the Predictive Uncertainties in the Multi-
Hazard Risk Inferences for Different Failure Probabilities With a 30 yr

Service Time

5. Discussion
5.1. Comparison With Traditional Multilevel Factorial Analysis

One of the major innovations for the proposed IFMBC framework is the development of the IFA method, in

which a subsampling procedure has been adopted to mitigate the biased variance estimators in traditional FA

methods. A factorial multimodel Bayesian copula (FMBC) method was recently developed to characterize the

impacts of various uncertain factors on the predictive uncertainties in multivariate flood risk analyses, in which
a traditional multilevel FA approach is adopted to characterize the dominant
factors (Fan et al., 2021; Montgomery, 2013). Such an FMBC approach can
also be employed to track the dominant contributors to the multi-hazard risk
inferences for compound floods consisting of extreme river discharges and
sea levels.

Figure 9 presents the individual and interactive effects for the uncertainties in
marginals, dependence, and model parameters on the inferences of FPs with
different service times at Washington. Even though we can see visible effects
from the copula structure on the FPs in AND and Kendall as well as the effect

Stations Washington Philadelphia
FP in AND Ist  Copula Copula

2nd  Parameter Marginal for discharge
FP in OR Ist ~ Parameter Parameter

2nd  Marginal for sea level Marginal for discharge
FP in Kendall Ist  Copula Parameter

2nd  Parameter Copula

from the marginal of sea level on the FP in OR, the effects from parameter
uncertainties on all the three FPs seem to be significantly overestimated. This
also leads to underestimations for the effects from marginals and the copula
structure. For instance, the effect of the dependence structure on the p?ND,
obtained by the IFA method, would be more than 27% at Washington as
presented in Figure 6a, whilst such an effect is around 7% obtained by the
traditional multilevel FA method (Figure 9a). Figure S4 in Supporting Infor-

mation S1 exhibits the effects of the uncertain factors on the prediction of FPs
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Figure 9. The main effects of uncertain factors and their interactions on the predictive uncertainties for FPs obtained by the FMBC method at Washington.

at the station of Philadelphia, which also presents overestimations for the contributions from model parameters
but underestimations for the effects from other factors. Such results may be due to the biased variance estimators
in the traditional multilevel FA method as stated in some studies (e.g., Bosshard et al., 2013). Thus, we argue that
the developed IFA method in the IFMBC framework can provide more reliable characterizations for the dominant
contributors to predictive uncertainties in the multi-hazard risk inference of compound extremes.

5.2. Comparison With More Options for Marginals and Copulas

In the developed IFMBC framework, three options were adopted for both marginal and copula functions which
led to a total number of 27 two-level factorial designs in the IFA process. To further demonstrate the robustness
of the results from IFMBC, more options were adopted for both marginal and copula functions at the site of
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Washington. As recommended in Moftakhari et al. (2017), the GEV distribution was introduced to model the
distributions of river discharges and sea levels and the survival Clayton copula was employed to quantify the de-
pendence for these two extremes. Therefore, both marginal and dependence models would have four levels (i.e.,
P3, LN3, LLOGIS3, and GEV for marginals; Gumbel, Frank, Joe, and survival Clayton copula for dependence

structure), which would lead to 6 two-level pairs (i.e., 4 ) for each factor, and further produce 216 two-level
2
experimental designs (i.e., 6*6*6) in IFA.

Figure 10 shows contribution partition for the studied uncertain factors on FP inferences with different service
times from a 4-level IFA case at Washington. Compared with the results presented in Figures 6a—8a, the quantifi-
cation for factor contributions to different FPs shows a similar pattern especially for those dominant contributors.
For instance, the first two impact factors (i.e., copula structure and model parameters) would present a contribu-
tion of 27.0% and 20.2% respectively, as presented in Figure 10a, to the predictive uncertainty in p’T‘ND with a 30
yr service time, compared with the corresponding contribution of 27.3% and 21.1% from the 3-level IFA case
presented in Figure 6a. For the FP in OR, some discrepancies are observed for the detailed contributions between
the 3-level IFA (e.g., 30.4% for parameter uncertainties and 28.6% for marginal of sea level) and 4-level IFA (e.g.,
37.9% and 18.6% for parameter uncertainties and marginal of sea level respectively) cases. However, the same
major contributors (e.g., parameter uncertainties and two marginals are the first three factors) are identified in
both 3-level and 4-level IFA cases. Similarly, the 4-level IFA case would also identify the same dominant con-
tributors to the FP in Kendall with those found in the 3-level IFA case. These results indicate that in the proposed
IFMBC framework, three levels would be sufficient to trace the significant contributors to the predictive uncer-
tainties in multi-hazard risk analyses of compound extremes.

6. Conclusions

The multi-hazard risk analysis for compound extremes is of great importance since it can give more insightful
characterization for the interdependence among different extremes and thus provide support for developing effec-
tive resilience strategies. However, the risk inferences for compound events are challenged by uncertainties exist-
ing in model structures and parameters, in which the contributions from those uncertain factors to multi-hazard
risk inferences have not been sufficiently addressed. Consequently, the IFMBC framework has been developed
to help track the dominant contributors to uncertainties in the inferences of multi-hazard risk analyses. In IFB-
MC, an IFA method, coupled with the AM-based MCMC algorithm, was integrated into copula-based models
consisting of multiple marginals and dependence structures. The AM method was adopted to estimate parameter
uncertainties, whilst the IFA method was then used to reveal the main effects of the uncertain factors and their
interactions on different risk indices.

The applicability of IFMBC framework has been demonstrated through the risk inference problems for com-
pound floods consisting of extreme river discharges and sea levels at Washington and Philadelphia. The most
likely compound floods under a 100 yr RP were generated to reveal uncertainties in multivariate risk analyses.
The FPs in the scenarios of AND, OR, and Kendall were adopted to reveal the dominant uncertainty contributors.
Based on the obtained results from the two cases, some conclusions can be summarized.

1. For a pre-defined RP, the most likely compound floods would generally have the highest magnitudes under the
multivariate RP in OR, followed by the most likely compound events under the multivariate RPs in Kendall
and AND. This is mainly due to the different implications for those three multivariate RPs under considera-
tion. Nevertheless, extensive uncertainties exist in the predictions for the most likely compound floods. More
specifically, the 90% predictive regions present multiple clusters or hotspots, which may be attributed to dif-
ferent impacts from different uncertain factors.

2. The contribution characterization from IFA indicates that the copula structure tends to pose the highest im-
pact on the FP inferences in AND, which would be higher than 25% and increase as the increase of service
time. Moreover, the copula structure would also have noticeable effects on the inferences of FP in Kendall,
ranked as the highest one or the second impact factor just after model parameters. Parameter uncertainties
seem to make significant contributions to the predictive uncertainties in inferences for all the three FPs, which
is always ranked as one of the top 2 contributors. In comparison, the marginal distributions would possibly
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Figure 10. The main effects of uncertain factors and their interactions on the predictive uncertainties for FPs obtained by the 4-level IFMBC case at Washington.

have more effects on FP predictions in OR than their effects on the other two FP inferences, whilst the copula
structure would pose a much smaller impact on FP in OR with its contribution only around 5%.

The developed IFA method in this study would generate more robust characterization for the contributions of
uncertain factors than traditional multilevel FA method. The traditional factorial method would also recognize
visible effects from dependence structure on FP predictions in AND and Kendall, and explicit effects of the
marginal distributions on the PF inferences in OR. Nevertheless, this traditional method would significantly
overestimate the contribution of parameter uncertainties and thus underestimate the contributions from other
factors. Thus, the IFA method involved in IFBMC framework tends to give more reliable tracking for the dom-
inant contributors to the uncertainty in multi-hazard risk inferences only based on limited factor levels (e.g., 3
levels), which can help direct effective pathways to improve risk inference practices.
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Even though the applicability of IFMBC has been illustrated through the multi-hazard risk inference for com-
pound floods with extreme discharges and sea levels, such a framework can also be applied for other hydrocli-
matic extremes. Also, the developed IFMBC framework can be extended to high-dimensional extremes rather
than bivariate cases. In addition, uncertainties in model structures and parameters were addressed in the proposed
study where the impact from data observations, which has been recognized as another uncertain source (e.g.,
Ajami et al., 2007; Qi et al., 2016), was not considered. However, a further study is ongoing now to characterize
the impacts of uncertainties in data, model structures, and parameters on the multi-hazard risk inferences of com-
pound extremes. Based on the developed IFMBC framework, long-term extreme observations (ideally larger than
90 yr) will randomly be divided into three groups. Coupled with three marginals and copula functions, a 3-level
IFMBC model consisting of four independent factors (i.e., data, two marginals, and copula) will be established to
reveal the major impact factors on multivariate risk inferences of compound extremes.

Data Availability Statement

The daily river discharges are obtained from the United States Geological Survey website (USGS), in which the
river discharge for Washington is accessed by https://waterdata.usgs.gov/nwis/dv/?site_no=01646500, and the
discharge at Philadelphia can be collected at https://waterdata.usgs.gov/nwis/dv/?site_no=01463500. The hourly
water level data are collected from the National Oceanic and Atmospheric Association (NOAA). The water level
data at Washington can be accessed at https://tidesandcurrents.noaa.gov/stationhome.html?id=8594900, and the
water level at Philadelphia can be obtained at https://tidesandcurrents.noaa.gov/stationhome.html?id=8545530.
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