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Abstract. Hazards such as storms can create multiple perils, such as windstorms and floods, that have correlated annual losses.
To better understand the drivers of such correlations, this study explores three collective risk frameworks with varying com-

plexity.

Mathematical expressions are derived explaining how this correlation depends on parameters such as event dispersion (clus-
tering), and the joint distribution of the two hazard variables. Hazard variables are first assumed independent, inducing a posi-
tive correlation due to the shared positive dependence on the total number of events. The next framework allows for correlation
between the hazard variables, which can then capture negative correlation between accumulated losses. The final framework

builds on this by allowing for between-year correlation caused by interannual modulation of the hazard variables.

These frameworks are illustrated using European windstorm gust speeds and precipitation reanalyses from 1980-2000. They
are used to diagnose why the correlation between annual wind and precipitation severity indices decreases as thresholds are
increased. Only the framework with interannual modulation of the hazard variables quantitatively captures the negative corre-
lations over Europe at high thresholdthresholds. We propose that one plausible driver for the modulation is the transit time that

storms spend near locations.

1 Introduction

Environmental hazards can often lead to co-occurring perils. For example, extratropical cyclones can lead to losses from co-
occurring extreme wind gusts and floods (Raveh-Rubin and Wernli, 2015; Martius et al., 2016; Owen et al., 2021) as well
as from storm surges (Kendon and McCarthy, 2015). Such events are also referred to as multivariate events since the losses
result from extremes in multiple hazard variables (Zscheischler et al., 2020). Other examples include high temperatures and
low precipitation leading to wildfire in south Australia (Richardson et al., 2022); storm surge and high precipitation leading
to flooding after hurricanes (Judrez et al., 2022) and the combined effect of a co-occurring heatwave and drought in Africa

and Asia (Wang et al., 2023). The impact from these multi-peril events is often greater than from the sum of impacts from the
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hazards separately (Hillier and Dixon, 2020).

Multivariate compound weather hazards are receiving increasing attention in studies using a variety of statistical methods.
Examples include copulas (Manning et al., 2024); comparing co-occurrence relative to a bootstrapped event set (Hillier et al.,
2025), or use of extremal dependency measures (Zscheischler et al., 2021; Owen et al., 2021). These methods generally aim
to quantify the dependence between hazard variables of individual events rather than diagnose the drivers of such dependence
(Hillier et al., 2020; Bevacqua et al., 2021).

In addition to the individual risk of loss due to single events, it is important for risk managers to also understand the collective
risk due to a set of events over the time period that is insured. The annual aggregation over the calendar year from January to
December is particularly relevant to the insurance industry as it aligns with typical reinsurance contract timelines (Cizek et al.,
2005). Collective risk not only depends on the individual risk for each event but also on properties such as temporal clustering
of the events (Mailier et al., 2006; Vitolo et al., 2009; Hunter et al., 2015). Despite increasing numbers of studies on clustering,
much less research has been published on the collective risk of multivariate hazards. It is common practice in insurance to
model perils separately and then assume that annual losses from different perils are independent. For example, yearly losses

from wind and flood in Europe are modelled separately and then assumed to be uncorrelated (Hadzilacos et al., 2021).

To better understand the correlation between accumulated losses from different perils, this study explores and tests various
collective risk modelling frameworks for diagnosing the drivers of such correlation. The methods are demonstrated by apply-
ing them to annually aggregated wind and precipitation severities caused by extratropical cyclones over the North Atlantic and
Europe from 1980-2020. In particular, we use the frameworks to diagnose the negative correlation noted between annual wind

and precipitation severities that was recently presented in (Jones et al., 2024).

Damage from both extreme wind and precipitation can occur within the same season (Kendon and McCarthy, 2015). As
such the annual cost of extratropical cyclone damage in Europe often reaches billions of Euros (Cusack, 2023). Consequently,
protection against wind damage constitutes over 15% of global reinsurance purchases (Mitchell-Wallace et al., 2017), while
the UK needed a not-for-profit flood re-insurance scheme to keep consumer premiums affordable (Browning, 2020). As large
loss events are more likely to cluster (Vitolo et al., 2009; Priestley et al., 2018; Renggli and Zimerli, 2016), understanding
the relationship between annual wind and precipitation hazards from extratropical cyclones is crucial for re-insurers to best

diversify their risk across hazards (Grossi and Kunreuther, 2005; Klugman et al., 2019).

Hillier and Dixon (2020) found a positive relationship between seasonally aggregated extreme wind gusts and precipitation,

the wind hazard increases during the wettest years for most of Europe. Almost triple the magnitude of aggregate extreme wind
severity (cubed exceedances above 20ms 1) was occurs between the wettest and driest third of seasons. Similarly, positive
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correlation was found to exist between wind and precipitation aggregated across the UK from daily to seasonal timescales
(Bloom eld et al., 2023).Hewever; This usedSpearman'gank correlation,which is lesssensitiveto extremegutlier values.

This study aims to answer the following questions:

— What assumptions are required for a collective risk model to be able to capture the correlation between aggregate losses
at all spatial locations?

— Can such a collective risk model quantitatively account for how the correlation changes for more extreme events?
— What are the key drivers of the changes in correlation with threshold?

Section 2 presents three collective risk models of increasing complexity and shows how the correlation of aggregate losses
depends on parameters such as overdispersion (clustering), skewness of the hazard variables, and correlation between tt
individual hazard variables. Section 3 then applies and tests the frameworks on the storm data used in Jones et al. (2024)
Conclusions and ideas for future work are presented in Section 4.

2 Collective risk modelling
2.1 Severity Indices

The damage or loss at a given location is often approximated to be a function of the hazard varigifle) ivehereX is the
hazard variable (e.g. wind gust speed). Idealised forms of these functions are known as Severity Indlees{@ipaple this

NumerousSl

Ux Xi>Ux

X
g(x)= (2)
0 Xi Ux:
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2.2 Aggregate Severity Indices

Accumulated losses over a given time period (e.g. a year) are then approximated by the random sum of SeveriggXnjlices

over the set of eventis=1;2;:::;N that occurred in the perio&hereforethe-AggregateSeveritytrdex{(ASH-Aggregated

(Equationl, the ASl is de ned as
8

_ 29(X1)+ g(Xp)+ i+ g(Xn) N>0

Sx = @)
20 N =0:
wheref X 1;:::; X g are the hazard variables for each of theavents. The distribution d8x determines the collective risk

of accumulated losses over the chosen time period.

In this study, we shall consider events that have perils caused by two hazard vaxXiablesY with thresholdsux and
Uy , respectively, resulting in annual ASk andSy . The total number of eventhl, only includes events that increaSg or

simplicity of notation, we shall refer t8 °= g(X ) andY °= g(Y) simply asX andY, respectively.

2.3 ASI modelling frameworks

ial science (Ambagaspitiya, 1999; Ren, 2012; Tang, 2001). Its distributional properties depend on the distribuitidimeof
distribution of theX variables, and the joint distribution betwelinand theX . For example, the expectation[& ]) and

4



These results assume that thevariables are independentf, but this assumption can be relaxed (Cohen, 2019).
120
Far less attention has been given to correlations between random sums. Mirzai (1999) used a simpli ed approach relying on
counts of extremes, although counts were restricted to follow a Poisson distribution (something uncharacteristic of European
windstorms, Malilier et al. (2006)). Kolev and Paiva (2008) de ned a more exible framework, but this incBydesdSy as
explanatory variables. Neither study applied their respective frameworks to real-world hazards. Only Jones (2022) has applied
125 a similar correlation framework to model hazard data, but this focused on frequency and aggregate wind hazard.

Figure 1. Dependence assumptions for the three frameworks. Arrows show which variables can causally in uence others.

130 eventg(e.g.stormcountsandgustspeedgor ayearhavezerocorrelation).



140 yearis consideredMosthazargpairshavezerocovarianceas j =1 if i = j andis 0 otherwise. The standard deviations

for hazardsX andY are x and y.These are common assumptions often used by actuaries (Kaas et al., 2008).

— Framework B: Correlated hazard variables.

145 CeorrelationPearson'sorrelation = Con(X;;Y;) 2 [ 1;1]is the correlation between the hazard variables for each event

— Framework C: Correlated hazard variables modulated byZ .
Assumes CofXi;Yj)=  x v j + CouX;Y), CouX;;Xj)= £ j + Var(X) and Co\Y;;Yj)= 7 i + Var(Y)
150 foralli;j 2f1;2:::;NgwhereX = E(XjZ) andY = E(Y]jZ). VariableZ is a latent variable that is considered to

§-Ind.

The dependency structure of each framework is summarised in Figure 1. Framework B is a special case of framework C having

=0-Var(Z) =0 (i.e. no interannual modulation), and framework A is a special case of framework B hawifgi.e.

155 no hazard correlation).

for each of the three frameworks (see Appendix). For framework A, one obtains
J x vy

A—-F

@+ 3@+ 39

160
ables. The correlation of framework A is always non-negative and increases from 0 to 1 as the dispgsésrrom 0 to
1, and hence large amounts of clustering 1 induce high correlation between the aggregated severities of the two perils.
Framework B gives
+ JxJ
165 = p XY : 4)
1+ J32)a+ 32
where = Cor(X;;Y;) is the correlation between hazard variables for individual events. Unlike framework A, framework B
can produce negative correlations providedJ x Jv . It should be notedthat  when < Oand so can never be more
negative than. Framework C gives
_ + Jxy + Kxy
c=p > > > > (5)
I+ I+ K+ Je+ KQ)
J xvy K xy
170 = — + — + —
Pa d d
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where = E[N],d= P 1+ JZ+ K2)1+ J2Z+ K 2)and, = HOMXIZYIZN _ gng

E; Var(XjzZ)var(Yjz) =

Ez E[XjZIE[Y]|Z] . Ez E[XJZIE[Y]Z] Kew = & Cov E[X|Z];E[Y]Z] ., Cov E[X|Z];E[Y]Z]
“ “ Xy — 9 “
Ez var(XjzZ)varnYjZ) Ez Var(XjzZ)Var(YjZ) Ez var(XjzZ)vanYjZ) Ez Var(XjzZ)Var(YjZ)

JIxy =

_ Ez E[Xjz]? Ez EXjZJ?
E; vanXjz) Ez Var(Xjz)

_ Ez E[YjZ)? Ez E[YjZ]?
E; varnYjz) Ez Var(YjZ)

K2 = var E[XjZ]  Var E[XjZ] K2 = var E[YjZ]  Var E[Y|Z]
2= =

Ez var(XjzZ) Ez Var(Xjz) YUE, var(YjzZ) Ez Var(YjzZ) -

Physicalexplanatiorof thesethreecomponentgs providedin Section3.3. The variableZ is a latent variable that is considered

to vary with the years and so thefdgZ] are the annual means Xf, and CovE[X jZ];E[YjZ] is the covariance between the
annual means of andY . This framework has the advantage that the interannual modulation can aiobe more negative
than .

3 Data example: correlation of wind and precipitation storm severity indices

3.1 Storm data 1980-2020

Fhis-The frameworks in this study are applied to the same data and cyclone extraction procedures as detailed in Jones et al.

(2024). The cyclones and hazard variables are extracted from 1-hourly ERAS reangtiiginative 0.25 spatialresolution

from 1980-2020 (Hersbach et al., 2020%i

Cyclones are rst identi ed and tracked at 850hPa using the TRACK algorithm (Hodges, 1994). This is a widely adopted
method for cyclone tracking (Hawcroft et al., 2012; Manning et al., 2023; Priestley and Catto, 2022; Maddison et al., 2020; Yu
et al., 2023; Hay et al., 2023) and performs similarly to other tracking algorithms (Bourdin et al., 2022). A cénstaitis
is applied around the tracks to determine the in uence of the cyclone, which is comparable to what has been used in previous
studies (Hawcroft et al., 2015; Kodama et al., 2019).

December) using Eqgn. 2.
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3.2 Framework skill at modelling correlation

same xed_thresholdsto

across almost all othe domain when thresholds are zero (Fig. 2a). Correlations then reduce for higher thresholds, with re-

gions of negative correlation appearing mostly over land (Fig. 2b). At the highest thresholds, negative correlation becomes

thresh0Igpveg:segarethereforelessi:n :':[:he extremaail of the distribution'ghanthoseoverIand.

It is of interest to see how well the frameworks capture these correlations at different thresholds. Correlations calculated
using these frameworks are shown in the panels below: Fig. 2d)-f) (framework A), Fig. 2g)-i) (framework B), and Fig. 2j)-I)
(framework C). All the frameworks perform similarly well at capturing the positive correlation when the thresholds are zero
(Figs. 2d, 2g, and 2j). Framework A shows a decrease in correlation at higher thresholds (Figs. 2e and 2f), but is unable to
produce any of the negative correlations seen in the sample correlations (Figs. 2b and 2c). Framework B shows greater decreas
at higher threshold (Figs. 2h and 2i) with some small negative correlations appearing but still not as negative as in the sample
correlations. Framework C shows a stronger decrease (Figs. 2k and 2I) with much more extensive negative correlations ovelr

able to capture the correlations at each of the thresholds.

3.3 Analysis of components in Framework C

The correlation in Equation (5) is the sum of 3 components each having the same denothifib®terms can be interpreted

as follows:






