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Abstract: The issuance of multiple-event catastrophe bonds (MECBs) has the potential to increase
in the next few years. This is due to the increasing trend in the frequency of global catastrophes,
which makes single-event catastrophe bonds (SECBs) less relevant. However, there are obstacles to
issuing MECBs since the pricing framework is still little studied. Therefore, this study aims to develop
such a new pricing framework. The model uniquely involves three new variables: the trigger event
correlation, interest, and inflation rates. The trigger event correlation rate was accommodated by
the involvement of the copula while the interest and inflation rates were simultaneously considered
using an integrated autoregressive vector stochastic model. After the model was obtained, the model
was simulated on storm catastrophe data in the United States. Finally, the effect of the three variables
on MECB prices was also analyzed. The analysis results show that the three variables make MECB
prices more fairly than other models. This research is expected to guide special purpose vehicles to
set fairer MECB prices and can also be used as a reference for investors in choosing MECBs based on
the rates of trigger event correlation and the real interest they can expect.

Keywords: multiple-event catastrophe bond; trigger event correlation rate; interest rate; inflation
rate; copula; integrated autoregressive vector

MSC: 91B70; 91B84; 91G15; 91G20; 91G30

1. Introduction

The design of special mechanisms regarding postcatastrophe financing by countries
in the world has been a serious concern in the last 30 years [1,2]. This is intended so that
the catastrophe risk in these countries can be minimized, and catastrophe recovery can
be quickly carried out. One of these efforts is through the insurance-linked securities
(ILS) scheme, where the country’s catastrophe risk is transferred to investors via financial
securities in the capital market [3]. One of the most successful ILS is the catastrophe bond
(cat bond) [4,5]. The cat bond can raise significant funds quickly with moderate financial
risk. The cat bond was first published by Hannover RE in 1994 [6–8]. Then, another cat
bond was issued in 2006 by Mexico, which was devoted to shifting the risk of earthquake
catastrophe [9,10]. The issuance prompted other Caribbean countries to use the cat bond in
financing the catastrophe contingency of earthquakes and hurricanes in 2014 [11,12].
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Along with the increasing tendency of catastrophe frequency, the single-event catastro-
phe bond (SECB) has the potential to be less attractive to investors [13]. This occurs because
the probability that a single claim-triggering event will happen is more significant. So, the
risk that investors will lose their principal is also higher. To address this, the Organization
for Economic Cooperation and Development (OECD) [14] suggested issuing a multiple-
event catastrophe bond (MECB). The same suggestion was also expressed by Woo [15].
MECBs can lower investors’ probability of losing their principal [16]. This is because the
loss of principal of an investor occurs when several separate trigger events have occurred.
Then, the expected profit from MECBs is also higher than SECBs [17]. Unfortunately, there
are obstacles to issuing these securities since the pricing framework is still little studied.
This is because this type of MECB is still very new.

Several studies have examined the pricing framework of the MECB. They are Reshetar [16],
Sun et al. [18], Chao and Zou [19], Ibrahim et al. [20], and Wei et al. [21]. Briefly, an overview
of these studies is presented in Table 1.

Table 1. The previous studies on the design of the MECB pricing framework.

Author(s) The Trigger Event
Indices The Main Methods

Factor Involvement

Trigger Event
Correlation Rate

Stochastic
Interest Rate

Stochastic
Inflation

Rate

Reshetar [16] Loss and fatality
Copula, representative

agent pricing model, geometric Brownian motion,
and Monte Carlo method

Yes Yes No

Sun et al. [18] Long-term and
short-term rainfall Jarrow’s model [22] and Monte Carlo method Yes Yes No

Chao and
Zou [19] Loss and fatality

Copula, homogeneous compound Poisson process,
Cox–Ingersoll–Ross model, and Monte Carlo

method
Yes Yes No

Ibrahim
et al. [20] Loss and fatality

Nonhomogeneous compound Poisson process,
ARIMA model, continuous distribution

approximation method, and Nuel recursive method
No Yes No

Wei
et al. [21]

Magnitude and loss of
earthquakes

Copula, extreme-value approach, homogeneous
compound Poisson process, and Cox–Ingersoll–Ross

model
Yes Yes No

Table 1 shows that the trigger event indices commonly used in designing MECB
pricing frameworks in previous studies are the loss and fatality indices, where three out
of five used them. Only Sun et al. [18] and Wei et al. [21] used long-term and short-term
rainfall indices and magnitude and loss indices, respectively. Then, the primary methods
used vary. Copula, compound Poisson process, and Monte Carlo methods are commonly
used. Then, four of the five models involved the trigger event correlation rate. Only
Ibrahim et al. [20] did not apply it. Finally, all authors preferred a stochasticity of the
interest rate over constancy. This was done so the model was more in line with an actual
situation where the interest rate fluctuates year by year. Finally, all models did not consider
the stochasticity of the inflation rate.

The gaps from previous studies are discussed in this paragraph. Of the five studies
presented in Table 1, there is no study involving the stochasticity of the inflation rate. This
factor is crucial to involve so that investors get the expected real interest rate following
market fluctuations. If the inflation rate is higher than the interest rate, then the real interest
rate earned by investors is lower than expected and vice versa [23,24].

Based on the previous gaps described, this study aims to develop an MECB pricing
framework that involves the stochasticity of the inflation rate. This study also involves
other variables, such as the trigger event correlation rate and the stochasticity of the interest
rate. The trigger event indices used were loss and fatality. Both indices were used because
they are common measures to financially and nonfinancially measure the severity of all
catastrophe types [16,20]. The indices of loss and fatality can describe losses in terms
of property and demographics of a country, respectively. Then, to consider the trigger
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event correlation rate, we used copulas in the joint-risk measurement of two trigger events.
Next, to model the stochasticity of inflation and interest rates efficiently, we carried out an
autoregressive integrated vector model. After the model was designed, a simulation was
conducted on storm catastrophe data in the United States. Finally, the effect of the rates of
trigger event correlation, interest, and inflation on MECB prices was also analyzed. This
research is expected to guide special purpose vehicles to sets fairer MECB prics and can
also be used as a reference for investors in choosing MECBs based on the rates of trigger
event correlation and real interest they can expect.

2. The Literature Review

So far, SECB price modeling has been studied more than MECB price modeling.
Zimbidis et al. [25] proposed the earthquake SECB pricing model designed via the extreme
value approach (EVA). This model was simulated using stochastic iteration and Monte
Carlo on earthquake data in Greece. Then, Nowak and Romaniuk [26] designed an SECB
pricing model with an assumption of independence between dynamic interest rates and
catastrophic risks using the Cox–Ingersoll–Ross (CIR) and Hull–White models. Jarrow [22]
modeled SECB prices in a simple closed form via a robust model. Then, in their research,
Nowak and Romaniuk [27] proposed an SECB pricing model designed using a jump-
diffusion process and a multifactor CIR model. Liu et al. [28] designed an SECB pricing
model by considering credit risk factors via the Jarrow and Turnbull methods. Then, Ma
and Ma [29] designed a no closed-form SECB price model using the compound Poisson
process. The model solution was sought by a new approximation method introduced by
Chaubey et al. [30]. Tang and Yuan [31] introduced integration between distortion and
neutral risk of probability measures in SECB price modeling in their research. Ma et al. [32]
modeled an SECB price whose characteristics of catastrophe are accommodated via the
integration of the Black Derman Toy model and the doubly-stochastic Poisson process.

Until this article was written, five studies focused on MECB price modeling. MECB
price modeling was first carried out by Reshetar [16]. The model considered losses, fatalities,
stochastic interest rates, and trigger event correlation rates and was designed using a
representative agent pricing model and copula. Then, Sun et al. [18] introduced the
drought MECB pricing model by considering the long-term and short-term rainfall and the
stochasticity of interest rates. This model is a development of the Jarrow model with an
addition of more triggers. Then, Chao and Zou [19] developed the Reshetar [16] model by
adding catastrophe intensity through a homogeneous compound Poisson process. Then,
Ibrahim et al. [20] proposed a no closed-form solution model of MECB price through
continuous distribution approximation and Nuel recursive methods. These two methods
are new and computationally efficient in finding model solutions. Finally, Wei et al. [21]
modeled an earthquake MECB price via a homogeneous compound Poisson process,
EVA, and copula. The model is the first MECB earthquake model that includes loss and
magnitude of earthquake as triggers for its claims. From these five studies, no MECB price
modeling involves the stochasticity of the inflation rate, the trigger event correlation rate,
and the stochasticity of the interest rate. It is a novelty and is carried out in this study.

3. A Brief MECB Explanation

An MECB is an insurance-linked bond with two claim trigger events. Although this
appears detrimental to the insured, it is not [14,15]. The reason is the increasing trend
of worldwide catastrophe frequency, which is predicted to occur in the future. In this
situation, investors’ interest in sharing country catastrophe risk via SECBs will decline
because the probability of an SECB’s trigger event occurring is higher than before. If the
trigger event occurs, the investor will lose the partial principal and the total coupon. To
overcome this, MECBs can be a solution because the investor loses partial principal and the
entire coupon when two separate trigger events occur. It can increase investors’ interest in
their involvement with country catastrophe risk-sharing [16,20].
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The simple structure of catastrophe risk securitization via MECB is visually presented
in Figure 1.
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Figure 1 shows three main entities in the structure of catastrophe risk securitization
via MECB: sponsors, special purpose vehicles (SPV), and investors [33]. The sponsor
(government, insurer, or reinsurer) submits a catastrophe risk transfer contract to the SPV.
After that, the sponsor also pays a premium to the SPV in exchange for the transfer. After
the contract is signed and the premium is paid, the SPV issues the MECB. The MECB
proceeds received from investors and the premium are invested in safe short-term financial
securities [29]. The income of the investment is then deposited in a trust account. To
increase the immunity of sponsors and investors from risks of default and interest rates,
the SPV converts the income in the trust account into floating interest rate swap payments
based on the London interbank offered rate (LIBOR) [5,34]. If one of the trigger events
occurs within the MECB term, the coupon payments to investors are terminated. Then, if
two trigger events occur within the MECB term, the principal is not paid to the investor in
total [35]. Finally, if two trigger events do not happen within the MECB term, the coupon
and principal are paid in-full to the investor.

4. Pricing Framework
4.1. Notations in Modeling

The notations used in designing MECB price model in this study are as follows:

(a) T is an integer greater than zero representing the MECB term in years.
(b) PT represents the principal of the MECB which is paid at maturity.
(c) {Ck, k = 1, 2, . . . , T} represents the coupon paid in year k.
(d) {Nt, t ∈ [0, T]} is the catastrophe frequency that occurs until time t in the area stated

in the MECB contract.
(e) {Xi, i = 1, 2, . . . , Nt} represents the i-th catastrophe loss that occurs in the area stated

in the MECB contract.
(f) {Yi, i = 1, 2, . . . , Nt} represents the number of fatalities of the i-th catastrophe that

occurs in the area stated in the MECB contract.
(g) {Lt, t ∈ [0, T]} represents the catastrophe loss aggregate until time t.
(h) {Dt, t ∈ [0, T]} represents the catastrophe fatality aggregate until time t.
(i) τ represents the correlation rate of trigger events.
(j) µL represents the attachment point of the catastrophe loss aggregate.
(k) µD represents the attachment point of the catastrophe fatality aggregate.
(l) τL represents the first time the catastrophe loss aggregate exceeds its

attachment points.
(m) τD represents the first time the catastrophe fatality aggregate exceeds its

attachment points.
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(n) τmin represents the first time one of the catastrophe loss or fatality aggregates exceeds
the attachment point.

(o) τmax represents the first time the catastrophe loss and fatality aggregates exceed the
attachment point.

(p) {Rk, k = 1, 2, . . . , T} represents the annual real interest rate in year k.
(q) {Ik, k = 1, 2, . . . , T} represents the annual nominal interest rate in year k.
(r) {Hk, k = 1, 2, . . . , T} represents the annual inflation rate in year k.
(s) {Vk, k = 1, 2, . . . , T} represents the zero-coupon MECB price with a term of k year.
(t)

{
V′k , k = 1, 2, . . . , T

}
represents the coupon-paying MECB price with a term of k year.

4.2. The Compound Poisson Process in Modeling Loss and Fatality Aggregates

The catastrophe loss and fatality aggregates in this study were used as measures of
catastrophe severity. Loss and fatality aggregates represented by a compound Poisson
process are respectively expressed as follows:

Lt =
Nt

∑
i=1

Xi (1)

and

Dt =
Nt

∑
i=1

Yi, (2)

where Nt represents a homogeneous Poisson process with intensity λt, λ > 0. In ad-
dition, {Xi, i = 1, 2, . . . , Nt} and {Yi, i = 1, 2, . . . , Nt} are assumed to be independent of
{Nt, t ∈ [0, T]}. The cumulative distribution functions (CDFs) of the loss and fatality aggre-
gates are respectively expressed as follows [36,37]:

FLt(x) = Pr{Lt ≤ x} =
∞

∑
n=0

e−λt (λt)n

n!
Pr

{
n

∑
i=1

Xi ≤ x

}
(3)

and

FDt(y) = Pr{Dt ≤ y} =
∞

∑
n=0

e−λt (λt)n

n!
Pr

{
n

∑
i=1

Yi ≤ y

}
. (4)

Then, the survival distribution functions (SDFs) of the loss and fatality aggregates are
respectively expressed as follows [36,37]:

SLt(x) = 1− FLt(x) (5)

and
SDt(y) = 1− FDt(y). (6)

The joint CDF and SDF of the loss and fatality aggregates are respectively expressed
as follows [38]:

FLt1 ,Dt2
(x, y) = Pr{Lt1 ≤ x, Dt2 ≤ y} (7)

and
SLt1 ,Dt2

(x, y) = Pr{Lt1 > x, Dt2 > y},
= 1− Pr{Lt1 ≤ x} − Pr{Dt2 ≤ y}+ Pr{Lt1 ≤ x, Dt2 ≤ y},

= 1− FLt1
(x)− FDt2

(y) + FLt1 ,Dt2
(x, y).

(8)
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4.3. Trigger Events

In this study, the two trigger events of an MECB were defined as the first time the loss
and fatality aggregates exceed their attachment points. The first time the loss aggregate
exceeds its attachment point is mathematically expressed as follows:

τL = in f {t : Lt > µL}. (9)

Note that τL ≤ t ≡ Lt > µL, and τL > t ≡ Lt ≤ µL [39]. Meanwhile, the first time the
fatality aggregate exceeds its attachment point is mathematically expressed as follows:

τD = in f {t : Dt > µD}. (10)

Note that τD ≤ t ≡ Dt > µD, and τD > t ≡ Dt ≤ µD [39].
The joint CDF of two trigger events is modeled as follows [16,38]:

FτL ,τD (t1, t2) = Pr{τL ≤ t1, τD ≤ t2} = Pr{Lt1 > µL, Dt2 > µD} = SLt1 ,Dt2
(µL, µD). (11)

Then, the joint SDF of trigger events is modeled as follows [16,38]:

SτL ,τD (t1, t2) = Pr{τL > t1, τD > t2} = Pr{Lt1 ≤ µL, Dt2 ≤ µD} = FLt1 ,Dt2
(µL, µD). (12)

4.4. The Copula in Modeling the Joint Distribution of Trigger Events

The joint CDF and SDF of trigger events in Equations (11) and (12) can each be
transformed into copula form by substituting FLt1 ,Dt2

(µL, µD) into the copula function

C
(

FLt1
(µL), FDt2

(µD)
)

as follows [38]:

FτL ,τD (t1, t2) = SLt1 ,Dt2
(µL, µD) = 1− FLt1

(µL)− FDt2
(µD) + C

(
FLt1

(µL), FDt2
(µD)

)
(13)

and
SτL ,τD (t1, t2) = FLt1 ,Dt2

(µL, µD) = C
(

FLt1
(µL), FDt2

(µD)
)

. (14)

It must be noted that the copula function C(·, ·) is unique only in its domain.
Several copula families can be used to represent the copula function

C
(

FLt1
(µL), FDt2

(µD)
)

. The extreme values of catastrophe loss and fatality aggregates
generally have a heavy right-tail probability distribution [29]. This is because these events
are rare. Therefore, the copula used must precisely measure two extreme events’ probability
simultaneously. These copulas are those of the Archimedean family [16,19,40,41]. Some of
the copulas of the Archimedean family that we considered were Clayton, Gumbel, Frank,
and Joe. C

(
FLt1

(µL), FDt2
(µD)

)
in Equations (13) and (14), which are expressed in copulas

of Clayton, Gumbel, Frank, and Joe, are respectively stated as follows:

C
(

FLt1
(µL), FDt2

(µD)
)
=
[

FLt1
(µL)

−θ + FDt2
(µD)

−θ − 1
]− 1

θ ; θ ≥ 0, (15)

C
(

FLt1
(µL), FDt2

(µD)
)
= e
−{[−log(FLt1 (µL))]

θ+[−log(FDt2
(µD))]θ}

1
θ

; θ ≥ 1, (16)

C
(

FLt1
(µL), FDt2

(µD)
)
= −1

θ
log

1 +

(
e−θFLt1 (µL) − 1

)(
e
−θFDt2

(µD) − 1
)

e−θ − 1

; θ ∈ R, (17)

and
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C
(

FLt1
(µL), FDt2

(µD)
)
= 1−

{
SLt1

(µL)
θ + SDt2

(µD)
θ −

[
SLt1

(µL)SDt2
(µD)

]θ
} 1

θ

; θ ≥ 1. (18)

To estimate the copula parameter (θ), the Kendall tau (τ) inversion method was used.
This method is practical because the parameter is evaluated through its relationship to the
Kendall tau [16]. The Kendall tau is the correlation rate of trigger events. Based on (13) and
(14), the correlation rate of trigger events is equivalent to the correlation rates of the loss
and fatality aggregates [16,19]. The relationship between θ and τ of the copulas of Clayton,
Gumbel, and Frank are, respectively, stated as follows [41]:

τ =
θ

θ + 2
; 0 ≤ τ < 1, (19)

τ = 1− 1
θ

; 0 ≤ τ < 1, (20)

and

τ = 1− 4
θ

(
1− 1

θ

∫ θ

0

t
et − 1

dt
)

;−1 < τ < 1. (21)

No closed form can express the relationship between θ and τ in Joe’s copula. As an
alternative, numerical methods were used to determine the parameter.

4.5. The Annual Real Interest Rate Dynamics

The annual real interest rate is the interest rate obtained after considering the inflation
rate. This study used it to determine the present value of the principal and coupon
payments of the MECB. Mathematically, the present value of one unit of currency in the
next k years is expressed as follows [42]:

B(0, k) = e−(R1+R2+···+Rk), (22)

where
Rj = Ij − Hj, (23)

j = 1, 2, . . . , k [43]. In this study, {Rk, k = 1, 2, . . . , T} is depicted through
{Ik, k = 1, 2, . . . , T} and {Hk, k = 1, 2, . . . , T} simultaneous modeling with an integrated
autoregressive vector model. Mathematically, the integrated autoregressive vector model
of {Ik, k = 1, 2, . . . , T} and {Hk, k = 1, 2, . . . , T} is expressed as follows [44,45]:

x(l)k = Φ1x(l)k−1 + Φ2x(l)k−2 + · · ·+ Φmx(l)k−m + εk, (24)

where x(l)k represents a two-dimensional vector containing Ik and Hk that has been differ-
entiated l times, m represents the order of the integrated autoregressive vector model, Φq

with q = 1, 2, . . . , m, represents the coefficient matrix of x(l)k−q, and εk represents the residual

random vectors. This model assumes that x(l)k is a stationary random vector sequence, and
εk is independent and normally bivariate distributed with a zero vector mean and constant
covariance matrix as the variance [46].

4.6. The Formulation of Zero-Coupon MECB Price Model

The principal payment structure of a zero-coupon MECB was designed in advance.
The principal of a zero-coupon MECB is proportionally paid the first time the loss and
fatality aggregates exceed their attachment point within the zero-coupon MECB term.
Mathematically, the first time the loss and fatality aggregates exceed their attachment point
is stated as follows:

τmax = max{τL, τD}. (25)
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Then, if the loss and fatality aggregates do not exceed their attachment point within
the zero-coupon MECB term, the principal paid to investors on the maturity date is in-
tact. Mathematically, the principal payment structure to investors on the maturity date is
expressed as follows:

PT =

{
P ; τmax > T

ζP ; τmax ≤ T
, (26)

where P expresses the principal of the zero-coupon MECB, and ζ is a real number in the real
interval [0, 1) expressing the proportion of principal payments. The zero-coupon MECB
price is modeled as the present value of the MECB principal’s expectation at maturity.
Mathematically, the zero-coupon MECB price model is expressed in the following equation:

VT = E(PT)B(0, T) = P
{

ζ +
[
FLT (µL) + FDT (µD)− C

(
FLT (µL), FDT (µD)

)]
(1− ζ)

}
B(0, T). (27)

Proof. See Appendix A. �

4.7. The Formulation of Coupon-Paying MECB Price Model

The annual coupon payment structure of an MECB was designed in advance. Coupons
of coupon-paying MECB are terminated the first time one of the losses or fatalities aggre-
gates exceeds their attachment point within the coupon-paying MECB term. The first time
one of the losses or fatalities aggregates exceeds the attachment point is stated as follows:

τmin = min{τL, τD}. (28)

Then, if the loss and fatality aggregates do not exceed their attachment point within the
coupon-paying MECB term, the coupon is paid in full to investors every year. Mathemati-
cally, the structure of annual coupon payments to investors is expressed in the following
equation:

Ck =

{
C ; τmin > k
0 ; τmin ≤ k

, (29)

where C represents the annual coupon payment. Meanwhile, the principal payment
structure from the MECB to investors at maturity (PT) is the same as Equation (26). The
coupon-paying MECB price is modeled as the total of the present value of the expected
annual coupon payments and the expected principal at maturity. Mathematically, the
coupon-paying MECB price is expressed in the following equation:

V′T =
T

∑
k=1

E(Ck)B(0, k) + E(PT)B(0, T) = C
T

∑
k=1

C
(

FLk (µL), FDk (µD)
)

B(0, k) + VT . (30)

Proof. See Appendix B. �

5. Simulation
5.1. Overview of Data

The simulation data used were as follows:

(a) Data on adjusted nonzero single storm catastrophe losses in the United States from
2012 to 2021.

(b) Data on the number of nonzero single storm catastrophe fatalities in the United States
from 2012 to 2021.

(c) Data on storm catastrophe frequency in the United States from 1980 to 2021.
(d) Data on adjusted annual losses and fatalities from storm catastrophes in the United

States from 1980 to 2021.
(e) Data on the annual federal reserve and inflation rates in the United States from 1979

to 2021.
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Data (a) to (d) can be accessed on the International Disaster Database (https://www.
emdat.be accessed on 14 February 2022). Meanwhile, data (e) can be accessed at the World
Bank (https://data.worldbank.org/ accessed on 30 July 2022). Data (a) to (b) are also used
in Ibrahim et al. [20], and the obtained conclusions are as follows:

(a) The random variable Xi, which is the i-th catastrophe loss, follows the Weibull distri-
bution with shape parameter α = 0.7253 and scale parameter β = 1.8058.

(b) The random variable Yi, which is the number of fatalities of the i-th catastrophe,
follows the Geometric distribution with parameter p = 0.0618.

(c) The Skewness of Xi is 3.2973.

Then, from data (c), we obtained that the storm catastrophe intensity in the United
States is λ = 13.6429 per year. Finally, from data (a), (c), and (d), we obtained the kurtosis
of the loss aggregate Lt for t = 1, 2, 3 are 1.0885, 0.5443, and 0.3628, respectively.

5.2. Modeling the Copula of the Trigger Events

The first step was estimating the copula parameter. We used the Kendall tau (τ)
inversion method to estimate it. To simplify the estimation, we used the help of the R
software through the “VineCopula” package [47]. Briefly, the parameter estimation results
are presented in Table 2.

Table 2. The parameter estimators and KS statistical test value of copulas.

Copula Parameter Estimator KS Statistical Test Value

Clayton 0.9749 0.1002
Gumbel 1.4875 0.1463
Frank 3.2404 0.1334

Joe 1.8818 0.1839

After the copula parameter estimators were obtained, next was selecting the fittest
copula to measure the joint risk of trigger events. This study used the Kolmogorov–Smirnov
(KS) statistical test with a significance level of 0.05. The selected copula was the copula
that had the smallest KS statistical test value [16,19]. To determine each value of the KS
statistical test of the copula, we used the help of the R software via the “VineCopula”
package [47]. The KS statistical test value of each copula is also presented in Table 2. Table 2
shows that all KS statistical values of each copula are less than the critical value of 0.2052.
In other words, the four copulas fit the empirical copula. The most fit is the Clayton copula
because the KS statistical test value is smaller than the others. Thus, the Clayton copula
was chosen as the fittest copula to describe the joint risk of trigger events. Visually, from
Figure 2, the probability–probability plot (PP plot) of the Clayton copula also appears to
coincide with a straight line than the other copula PP plots.

https://www.emdat.be
https://www.emdat.be
https://data.worldbank.org/
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5.3. Modeling Real Interest Rate with Integrated Autoregressive Vector Model

To simplify the modeling of Ik and Hk with the integrated autoregressive vector model,
we used the help of the R software through the “tseries” and “MTS” packages [48,49]. The first
step was checking the stationarity of Ik and Hk in the mean and variance. The stationarity
tests in the mean and variance were carried out using the Augmented Dicky–Fuller (ADF)
test with a significance level of 0.01 and the Box–Cox parameter test, respectively. In short,
I(1)k and H(1)

k have the same p-values for the ADF test, 0.009. The two p-values are less than

0.01, so each time series was stationary in the mean. Then, I(1)k and H(1)
k also have the same

value for the Box–Cox parameter, 1.9999. The two Box–Cox parameter values are greater
than 1, so each time series was stationary in variance.

After checking stationarity, next was selecting the autoregressive order. The selection
was conducted via a cross-correlation diagram. The chosen order was the lag that was
cut off in the diagram. The maximum order considered in this study was 10. The cross-
correlation diagram of each lag is presented in Figure 3.
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Figure 3 shows that the cross-correlation diagram was cut off at lag two. In other
words, the fittest autoregressive order was two. In addition to the cross-correlation diagram,
selecting the autoregressive order was also conducted via the Akaike information criterion
(AIC), Bayesian information criterion (BIC), and Hannan–Quinn information criterion
(HQIC). The order with the smallest AIC, BIC, and HQIC values was selected [50]. Briefly,
from Table 3, the smallest AIC, BIC, and HQIC values are on order two. This order is the
same as obtained via the cross-correlation diagram. Based on this, the order integrated
autoregressive vector model used was two.

Table 3. The AIC BIC, and HQIC values of the integrated autoregressive model with order one to ten.

Order 1 2 3 4 5 6 7 8 9 10

AIC Value −4.3011 −4.5918 −4.5053 −4.4036 −4.3437 −4.3413 −4.3253 −4.2952 −4.4076 −4.3345
BIC Value −4.1684 −4.3264 −4.1072 −3.8728 −3.6802 −3.5450 −3.3964 −3.2336 −3.2132 −3.4040

HQIC Value −4.2487 −4.4870 −4.3480 −4.1938 −4.0815 −4.0266 −3.9583 −3.8757 −3.9357 −4.0245

Next was estimating the parameter of the model. The estimation was carried out using
the least squares (LS) method. In short, the parameter estimator results are

Φ1 =

[
0.4345 −0.0558
0.4561 −0.3818

]
and Φ2 =

[
−0.4810 0.0898
−0.4058 −0.1443

]
. After estimating the param-

eters, the next step was checking the assumption that εk is normally bivariate distributed
with a zero vector mean and constant covariance matrix as the variance. The bivariate
normality test used was the Henze–Zirkler (HZ) test with a significance level of 0.01. In
short, the p-value of this test is 0.0112. It is greater than 0.01. In other words, εk is normally
bivariate distributed with a zero vector mean and constant covariance matrix as the vari-
ance. Then, to check the independence of εk, we used the Ljung–Box test with a significance
level of 0.01. In short, the p-value of this test is 0.9300. It is greater than 0.01. In other words,
εk is independent. Finally, the practical forecasting of Ik and Hk for the next three years
was carried out. After the model was transformed into the original data, the forecast results
from Ik and Hk are presented in Table 4. The forecast results are used in the MECB pricing
in Section 5.5.

Table 4. The forecast results from Ik and Hk for the next three years.

Year 1 2 3

Ik 0.2985 0.6008 0.6111
Hk 1.6427 1.7441 1.7674

Table 4 shows that the predicted nominal interest rate for the next three years is lower
than the inflation rate. In other words, the real interest rate is also negative for the next
three years. This is not strange and not the first time this has happened, as seen in Figure 4.
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Negative real interest rates indicate that the purchasing power of the public is experiencing
a decline [51].

Mathematics 2022, 10, x FOR PEER REVIEW 12 of 19 
 

 

4. Negative real interest rates indicate that the purchasing power of the public is experi-
encing a decline [51]. 

 
Figure 4. Real interest rates and forecasts. 

5.4. Numerical Methods for Simulation 
The MECB price model in Equations (27) and (30) is difficult to solve analytically. 

This is because the CDF values of 𝐿௧ and 𝐷௧ are challenging to calculate. Therefore, the 
CDF values of 𝐿௧ and 𝐷௧ were calculated using the gamma inverse-Gaussian (GIG) ap-
proximation method proposed by Chaubey et al. [30] and the Nuel recursive method pro-
posed by Nuel [52], respectively. The two methods are based on the measures of the com-
pound Poisson process of the loss and fatality aggregates, such as mean, variance, skew-
ness, and kurtosis. In detail, as long as the data used is the same, the values of all measures 
are the same. It demonstrates that no matter how many times the simulation is repeated, 
the result will be the same (will not vary). 

The GIG approximation method calculates the CDF value of 𝐿௧ by assuming 𝐿௧ as 
a GIG random variable. This method can be used when the kurtosis of 𝐿௧ is in the interval ሾ0, 1.5ሿ, and the skewness of 𝑋௜ is in the interval ሾ0,5ሿ. As described in Section 5.1, the 
kurtosis of 𝐿௧ for 𝑡 ൌ 1,2,3 is in the interval ሾ0,1.5ሿ, and the skewness of 𝑋௜ is in the in-
terval ሾ0, 5ሿ. Assuming the maturity of the bonds is less than or equal to three years, this 
method is suitable. The CDF of 𝐿௧ approximated by the GIG approximation method is 
expressed as follows [30]: 𝐹௅೟ሺ𝑥ሻ ൎ ሺ1 െ 𝜔ሻ𝐹ூீሺ𝑥ሻ ൅ 𝜔𝐹 ሺ𝑥ሻ, (30)

where 𝐹ூீሺ𝑥ሻ  is the CDF of 𝑋~ Iinverse-Gaussian ሺ𝑚, 𝑏, 𝑥଴ሻ,  𝐹 ሺ𝑥ሻ  is the CDF of 𝑋~Gammaሺ𝛼, 𝛽ሻ, and 𝜔 is the proportion of gamma’s CDF. In more detail, the parame-
ters of the Gamma and inverse-Gaussian random variables are determined as follows: 𝑚 ൌ 3𝑐ଶ௅೟ଶ𝑐ଷ௅೟ , 𝑏 ൌ 𝑐ଷ௅೟3𝑐ଶ௅೟ , 𝑥଴ ൌ 𝑐ଵ௅೟ െ 𝑚, 𝛼 ൌ 4𝛾௅೟ଶ , 𝛽 ൌ 𝛼 ൅ 𝑥 െ 𝑐ଵ௅೟𝜎௅೟ √𝛼, and 𝜔 ൌ 𝜅௅೟ െ 𝜅ூீ𝜅ீ െ 𝜅ூீ , (31)

where 𝑐௦௅೟ represents the 𝑠-th moment of the 𝐿௧, 𝛾௅೟ represents the skewness of the 𝐿௧, 𝜎௅೟ represents the standard deviation of the 𝐿௧, 𝜅௅೟ represents the kurtosis of the 𝐿௧, 𝜅ூீ 
represents the kurtosis of the inverse-Gaussian random variable, and 𝜅ீ represents the 
kurtosis of the gamma random variable. 

Figure 4. Real interest rates and forecasts.

5.4. Numerical Methods for Simulation

The MECB price model in Equations (27) and (30) is difficult to solve analytically.
This is because the CDF values of Lt and Dt are challenging to calculate. Therefore,
the CDF values of Lt and Dt were calculated using the gamma inverse-Gaussian (GIG)
approximation method proposed by Chaubey et al. [30] and the Nuel recursive method
proposed by Nuel [52], respectively. The two methods are based on the measures of the
compound Poisson process of the loss and fatality aggregates, such as mean, variance,
skewness, and kurtosis. In detail, as long as the data used is the same, the values of all
measures are the same. It demonstrates that no matter how many times the simulation is
repeated, the result will be the same (will not vary).

The GIG approximation method calculates the CDF value of Lt by assuming Lt as a
GIG random variable. This method can be used when the kurtosis of Lt is in the interval
[0, 1.5], and the skewness of Xi is in the interval [0, 5]. As described in Section 5.1, the
kurtosis of Lt for t = 1, 2, 3 is in the interval [0, 1.5], and the skewness of Xi is in the interval
[0, 5]. Assuming the maturity of the bonds is less than or equal to three years, this method
is suitable. The CDF of Lt approximated by the GIG approximation method is expressed as
follows [30]:

FLt(x) ≈ (1−ω)FIG(x) + ωFG(x), (31)

where FIG(x) is the CDF of X ∼Iinverse-Gaussian (m, b, x0), FG(x) is the CDF of
X ∼Gamma(α, β), and ω is the proportion of gamma’s CDF. In more detail, the parameters
of the Gamma and inverse-Gaussian random variables are determined as follows:

m =
3c2

2Lt

c3Lt

, b =
c3Lt

3c2Lt

, x0 = c1Lt −m, α =
4

γ2
Lt

, β = α +
x− c1Lt

σLt

√
α, and ω =

κLt − κIG

κG − κIG
, (32)

where csLt represents the s-th moment of the Lt, γLt represents the skewness of the Lt,
σLt represents the standard deviation of the Lt, κLt represents the kurtosis of the Lt, κIG
represents the kurtosis of the inverse-Gaussian random variable, and κG represents the
kurtosis of the gamma random variable.

Furthermore, the Nuel recursive method is a numerical method to calculate the CDF
value of Dt with Yi ∼ Geometric(p). In this study, because Yi ∼ Geometric(0.0618), this
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method was suitable to be used. The algorithm for determining the value of FDt(y) via this
method is as follows [52]:

(a) Initialize that Q0 = −λt, Q1 = −λt + ln(pλt), A1 = −λt, and S1 = 1 + pλt.
(b) Loop for d = 2, . . . , y as follows: Compute

Qd = Qd−1 + ln
(

2(d−1)(1−p)+pλt
d +

( 2
n − 1

)
(1− p)2eQd−2−Qd−1

)
. Then, determine the

value of S = Sd−1 + eQd−Ad−1 . If S ≥ 0, then Ad = Ad−1 and Sd = S. However, if
S < 0, then Ad = Ad−1 + ln(Sd−1) and Sd = 1 + eQd−Ad .

(c) Compute FDt(y) as follows: FDt(y) = SyeAy .

5.5. MECB Price Estimation

The values of the variables used are as follows:

(a) The MECB term is T = 3 years.
(b) The MECB principal is P = 1 USD.
(c) The MECB coupon is C = 0.025 USD.
(d) The attachment points of loss and fatality aggregates are µL = 97.3298 billion USD

and µD = 712 people, respectively. These values are three times the average annual
loss and fatality aggregates.

(e) The principal payment proportion when both attachment points are exceeded for the
first time is ζ = 0.5.

(f) The Kendall tau correlation rate of events is τ = 0.3277.
(g) The interest rate used is presented in Table 4.
(h) The inflation rate used is presented in Table 4.
(i) The annual storm catastrophe intensity is λ = 13.6429 catastrophes per year.

The values of variables (a) to (e) are the same as used by Ibrahim et al. [20], and the
others are different.

Zero-coupon and coupon-paying MECB pricing using the models in Equations (27)
and (30) was calculated using the GIG approximation method and the Nuel recursive
method. In short, zero-coupon and coupon-paying MECB prices earned are 0.9417 USD
and 1.0034 USD, respectively.

6. Discussion
6.1. The Effect of the Correlation Rate of Events on MECB Prices

This study involves the correlation rate of events in MECB pricing. To determine its
effect on MECBs, we visually analyze it in this subsection. To present the visualization, we
first determined the Kendall tau (τ) correlation rate interval of the Clayton copula, namely
[0, 1). After that, we determined the parameter of the Clayton copula for each τ using the
Kendall tau inversion method, as presented in equation (19). In short, by using the variable
values at points (a), (b), (c), (d), (f), (g), (h), and (i) in Section 5.5, the results of the MECB
price visualization for each τ ∈ [0, 1) are presented in Figure 5.

Figure 5 shows that the Kendall tau correlation rates of trigger events are inversely
proportional to zero-coupon and coupon-paying MECB prices. Rationally, it makes sense
because if the value of the Kendall tau correlation rate of events is high, then the probability
that the attachment points of the loss and fatality aggregates are exceeded is also high. This
high probability causes investor interest in their involvement in MECBs to decline. This
decline in investor interest occurs because they do not want to risk too significant a loss.
So, the price also declines.

Next, we analyze the difference between the MECB price that involves and does not
involve the correlation rate of events. By using the variable values at points (a), (b), (c), (d),
(f), (g), (h), and (i) in Section 5.5, the difference between the MECB price that involves and
does not involve the correlation rate of events for each tau is visually presented in Figure 6.
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Figure 6 shows that the difference between the zero-coupon MECB prices that involve
and do not involve the correlation rate of events has a value in the interval [0, 0.1145] USD.
This interval is equivalent to the interval [0, 11.45]% of the principal P. This is detrimental
to investors because the price they pay for buying MECBs is higher even though it should
be cheaper. The same thing also happened to the difference between coupon-paying MECB
prices that involve and do not involve the trigger event correlation rate where the difference
is in the interval [0, 0.1083] USD or [0, 10.83]% of principal P. The results of this analysis
indicate that the correlation rate of events is essential to involve in MECB pricing.

6.2. The Effect of the Stochasticity of Inflation and Interest Rates on MECB Prices

This study considers the stochasticity of inflation and the interest rates in pricing
MECB. In this subsection, we analyze its effect on MECB price. The analysis compares
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MECB prices that use constant and stochastic inflation and interest rates. The MECB prices
that use a stochasticity of inflation and interest rates are the same in Section 5.5. In contrast,
the MECB prices that use a constancy of inflation and interest rates were calculated using
the inflation and interest rates in the United States in 2021. The comparison of MECB prices
with constant and stochastic inflation and interest rates is presented in Table 5.

Table 5. The comparison of MECB prices with constant and stochastic inflation and interest rates.

Zero-Coupon
MECB Price (USD)

Coupon-Paying
MECB Price (USD)

Constant inflation and interest rates 0.9563 1.0152
Stochastic inflation and interest rates 0.9417 1.0034

Difference (USD) 0.0146 0.0118

Table 5 shows that, in this case, MECB prices with a constancy of inflation and interest
rates are higher than MECB prices with a stochasticity of inflation and interest rates. This
can be detrimental to investors because the price they pay could have been lower. Thus,
the involvement of stochastic assumptions on inflation and interest rates must be carried
out in MECB pricing.

7. Conclusions

This study developed an MECB pricing model that involves trigger event correlation,
inflation, and interest rates. The urgency of the involvement of the correlation rate of
trigger events was so that the join-risk measurement of events can be carried out more
fairly. Then, the inflation and interest rates were considered stochastically. The involvement
of the stochasticity of inflation and interest rates was carried out so that the amount
of return obtained by investors could be determined in real terms according to market
fluctuations. The correlation rate of trigger events was accommodated using a copula, and
the stochasticity of inflation and interest rates were simultaneously considered using an
integrated autoregressive vector model.

The model simulation shows that the trigger events correlation rate has an inverse
relationship with the MECB price. The higher the correlation rate of trigger events, the
lower the MECB price and vice versa. This is rationally acceptable because the higher the
correlation rate of trigger events, the higher the probability that these events will occur. It
certainly causes investors’ interest in MECB to decline because the risk that they bear is
too big. As a result, MECB prices are low. Then, if the correlation rate of trigger events
is not considered in MECB pricing, the MECB price will be higher. This is detrimental to
investors because they should be able to get a lower price. Finally, the simulation results
show that the stochasticity of inflation and interest rates should be considered. This is
obtained based on a significant MECB price difference where the MECB price that considers
the stochasticity of the inflation and interest rates, is lower than the MECB price that does
not consider it.

This research is expected to contribute to the development of an MECB pricing frame-
work in postcatastrophe funding for countries around the world. This framework can
produce a more reasonable estimate of MECB prices than the others because the factors
involved in the calculation align with actual situations. Then, the effect of the correlation
rate of trigger events and the stochasticity of the real interest rate on MECB prices can be
used as a reference for investors in choosing MECBs. MECBs should have a low correlation
and high real interest rates. Finally, for future research suggestions, the catastrophe risk
status of a country might influence MECB prices. It can be assumed to be constant or
nonconstant, but the nonconstant assumption is more described in real terms. Therefore,
this can be a new research opportunity in the future.
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Appendix A

VT = E(PT)B(0, T),
= (PPr{τmax > T}+ ζPPr{τmax ≤ T})B(0, T),
= [P(1− Pr{τmax ≤ T}) + ζPPr{τmax ≤ T}]B(0, T),
= P[1− Pr{τmax ≤ T}(1− ζ)]B(0, T).

Substitute τmax with Equation (25).

VT = P[1− Pr{max{τL, τD} ≤ T}(1− ζ)]B(0, T).

{max{τL, τD} ≤ T} is equivalent to {τL ≤ T} ∩ {τD ≤ T}. Therefore, substitute
{max{τL, τD} ≤ T} with {τL ≤ T} ∩ {τD ≤ T}.

VT = P[1− Pr{τL ≤ T, τD ≤ T}(1− ζ)]B(0, T).
= P[1− FτL ,τD (T, T)(1− ζ)]B(0, T).

By using Equation (13), FτL ,τD (T, T) can substitute as follows:

VT = P
{

1−
[
1− FLT (µL)− FDT (µD) + C

(
FLT (µL), FDT (µD)

)]
(1− ζ)

}
B(0, T),

= P
{

ζ +
[
FLT (µL) + FDT (µD)− C

(
FLT (µL), FDT (µD)

)]
(1− ζ)

}
B(0, T).

Appendix B

V′T =
T
∑

k=1
E(Ck)B(0, k) + E(PT)B(0, T),

=
T
∑

k=1
CPr{τmin > k}B(0, k) + VT ,

= C
T
∑

k=1
Pr{τmin > k}B(0, k) + VT .

Substitute τmin with Equation (28).

V′T = C
T

∑
k=1

Pr{min{τL, τD} > k}B(0, k) + VT .

{min{τL, τD} > k} is equivalent to {τL > k} ∩ {τD > k}. Therefore, substitute
{min{τL, τD} > k} with {τL > k} ∩ {τD > k}.



Mathematics 2022, 10, 4685 17 of 18

V′T = C
T
∑

k=1
Pr{τL > k, τD > k}B(0, k) + VT .

= C
T
∑

k=1
SτL ,τD (k, k)B(0, k) + VT ,

By using Equation (14), SτL ,τD (k, k) can substitute as follows:

V′T = C
T

∑
k=1

C
(

FLk (µL), FDk (µD)
)

B(0, k) + VT .
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