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Abstract: The investor interest in multi-regional earthquake bonds may drop because high-risk loca-
tions are less appealing to investors than low-risk ones. Furthermore, a single parameter (earthquake
magnitude) cannot accurately express the severity due to an earthquake. Therefore, the aim of this
research is to propose valuing a framework for single earthquake bonds (SEB) using a double param-
eter trigger type, namely magnitude and depth of earthquakes, based on zone division according to
seismic information. The zone division stage is divided into two stages. The first stage is to divide the
covered area based on regional administrative boundaries and clustering based on the earthquake
disaster risk index (EDRI), and the second stage involves clustering based on magnitude and depth of
earthquakes and distance between earthquake events using the K-Means and K-Medoids algorithms.
The distribution of double parameter triggers is modeled using the Archimedean copula. The result
obtained is that the price of SEB based on the clustering result of EDRI categories and K-Means
is higher than the price obtained by clustering EDRI categories and K-Medoids with maturities of
less than 5 years. The result of this research is expected to assist the Special Purpose Vehicle in
determining the price of SEB.
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1. Introduction

The use of catastrophe bonds for transferring risk to the capital market is increasing
daily. Based on www.artemis.bm (accessed on 20 October 2022), the average number of
catastrophe bonds issued from 1996 to October 2022 is 32. The number of Catastrophe
Bonds issued annually from 1996 to October 2022 is presented in Figure 1.

Figure 1 shows that CAT bonds decreased significantly in 2008, by 54.84%. This value
is the highest decrease in the period 1996 to October 2022. In 2021, the largest number of
bonds issued compared to other years was 97. The increase in the number of bonds indicates
that the risk transfer from insurance companies to the capital market is necessary to keep
up with the increasing risk of losses due to natural disasters [1], especially earthquakes,
which caused the highest economic losses and fatalities in the period 1989–2019 [2].
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Figure 1. Number of CAT BONDs issued annually from 1996 to October 2022, source: www.arte-
mis.bm accessed, on October 20, 2022, data processed using Rstudio 

Figure 1 shows that CAT bonds decreased significantly in 2008, by 54.84%. This value 
is the highest decrease in the period 1996 to October 2022. In 2021, the largest number of 
bonds issued compared to other years was 97. The increase in the number of bonds indi-
cates that the risk transfer from insurance companies to the capital market is necessary to 
keep up with the increasing risk of losses due to natural disasters [1], especially earth-
quakes, which caused the highest economic losses and fatalities in the period 1989–2019 
[2]. 

The CAT Bond is structured as a bond whose coupon payment and face amount de-
pend on triggering events during the coverage period [3]. The investor will either lose all 
or a portion of the face amount and coupon if the triggering event takes place before ma-
turity. Conversely, if no triggering event occurs, the face amount and coupon will be given 
to the investor. The determination of the price, the conducting of risk analyses, and the 
specifying of triggering events are the top three challenges in bond issuance [3–5]. The 
problems faced by bondholders are challenging, namely variations in the distribution of 
losses, which usually use the median loss and a high maximum loss. In actuality, losses 
are correlated with both financial risk (fluctuating interest rates) and the geographic char-
acteristics of the covered area [1,3,5–8]. 

The model for determining the price of earthquake bonds based on the seismic con-
ditions of an area has been carried out by previous researchers. Hoffer et al. [3] divide the 
resilience area into several zones according to the level of risk using peak ground acceler-
ation (PGA). Next, determine the price of the earthquake bond with and without a coupon 
according to the zone obtained. Mistry et al. [5] proposed a price model for earthquake 
bonds based on the seismic conditions of an area (earthquake source models, earthquake 
recurrence relationships, and ground motion models). The results from earthquake 
sources are combined using tree logic with the same weight. They adopted a homogene-
ous Poisson process to describe the temporal occurrence of earthquakes within each 
source zone. Next, the calculation of the PGA from the earthquake source, which is used 
as the intensity of the earthquake parameter for predicting earthquake events as well as 
the calculation of losses based on the vulnerability model (fragility function and loss func-
tion). Goda et al. [9] created a tsunami bond trigger mechanism that uses an intensity in-
dex based on earthquake characteristics (i.e., magnitude and location) and tsunami height 
modeled using a regression equation. The results obtained show that the trigger mecha-
nism can capture the uncertain conditions of the tsunami event. 

Additionally, interest rates and coupons affect the price of earthquake bonds. For this 
reason, it is necessary to predict interest rates and coupons with a minimum amount of 
error. The prediction of interest rates and coupons in earthquake bond research using Va-
sicek ([7]) has the disadvantage that the prediction results can be negative. [10,11] The 
Cox–Ingersoll–Ross (CIR) ([3,5,12–16]) has the weakness of predicting interest rates or 
Coupons, which is unrealistic for pricing bonds due to the assumption of constant vola-
tility, and cannot describe the jump due to monetary policy. [17]; the autoregressive 
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The CAT Bond is structured as a bond whose coupon payment and face amount
depend on triggering events during the coverage period [3]. The investor will either lose
all or a portion of the face amount and coupon if the triggering event takes place before
maturity. Conversely, if no triggering event occurs, the face amount and coupon will be
given to the investor. The determination of the price, the conducting of risk analyses, and
the specifying of triggering events are the top three challenges in bond issuance [3–5].
The problems faced by bondholders are challenging, namely variations in the distribution
of losses, which usually use the median loss and a high maximum loss. In actuality,
losses are correlated with both financial risk (fluctuating interest rates) and the geographic
characteristics of the covered area [1,3,5–8].

The model for determining the price of earthquake bonds based on the seismic condi-
tions of an area has been carried out by previous researchers. Hoffer et al. [3] divide the
resilience area into several zones according to the level of risk using peak ground accelera-
tion (PGA). Next, determine the price of the earthquake bond with and without a coupon
according to the zone obtained. Mistry et al. [5] proposed a price model for earthquake
bonds based on the seismic conditions of an area (earthquake source models, earthquake
recurrence relationships, and ground motion models). The results from earthquake sources
are combined using tree logic with the same weight. They adopted a homogeneous Poisson
process to describe the temporal occurrence of earthquakes within each source zone. Next,
the calculation of the PGA from the earthquake source, which is used as the intensity
of the earthquake parameter for predicting earthquake events as well as the calculation
of losses based on the vulnerability model (fragility function and loss function). Goda
et al. [9] created a tsunami bond trigger mechanism that uses an intensity index based
on earthquake characteristics (i.e., magnitude and location) and tsunami height modeled
using a regression equation. The results obtained show that the trigger mechanism can
capture the uncertain conditions of the tsunami event.

Additionally, interest rates and coupons affect the price of earthquake bonds. For
this reason, it is necessary to predict interest rates and coupons with a minimum amount
of error. The prediction of interest rates and coupons in earthquake bond research using
Vasicek [7] has the disadvantage that the prediction results can be negative [10,11]. The Cox–
Ingersoll–Ross (CIR) [3,5,12–16] has the weakness of predicting interest rates or Coupons,
which is unrealistic for pricing bonds due to the assumption of constant volatility, and
cannot describe the jump due to monetary policy [17]; the autoregressive integrated moving
average (ARIMA) [4,15] has the weakness that the prediction results can be negative.

Another factor that affects catastrophe bond prices is the trigger variable in the payout
function. The type of trigger used can be a single trigger using the variable economic
losses due to earthquakes [18–23], double triggers using the variable number of deaths and
losses due to disaster [4,12,13], a single parametric trigger variable using an earthquake
magnitude variable [7,14], a hybrid trigger using loss and earthquake magnitude [24], and
a double variable trigger using the magnitude and depth of earthquakes [15]. In numerical
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simulations, it is necessary to select the data used. In addition, extreme events related to
historical data can be observed using extreme value theory (EVT), in which methods used
are the block maxima method (BMM) [7,14,15], and peaks over threshold [7,23,24].

Previous research gaps are discussed in this paragraph. The weakness of the model
developed by Hofer et al. [3] is that earthquake bonds in high-risk zones are less attractive
to investors than those in low-risk zones. For this reason, it is necessary to have a single
bond price from several zones that has been decomposed based on the level of risk. Mistry
et al. [5] produced a good overview of losses due to the earthquake catastrophe. However,
when compared to the parametric type, a loss-based catastrophic bond with a loss trigger
is vulnerable to a low level of transparency and a long loss calculation time [25]. As a
result, the parametric trigger type can be used in modeling, despite the fact that it carries a
basis risk that can be minimized by computing earthquake losses based on past data that
corresponds to the threshold of magnitude and depth of earthquakes. The mechanism
developed by Goda et al. [9] has well captured the uncertainties of the tsunami event.
However, the parameters used do not consider the severity of the tsunami. The improved
prediction of interest rates and coupons can be achieved using the fuzzy time series (FTS).
This method was chosen because it is capable of overcoming negative prediction if the data
are positive [26] and the requirement test does not fail [27]. A parametric single trigger
using earthquake magnitude variables cannot describe losses due to earthquakes [28,29],
therefore another variable is needed, namely earthquake depth [26,30], and A double
parametric trigger using earthquake magnitude and earthquake depth has been used by
Shao et al. [15], but they do not use a joint distribution clearly, hybrid triggers use variable
losses, and earthquake strength is well developed by Wei et al. [24]. However, the trigger
payout is contingent on one of the triggers exceeding the threshold exactly the first time
it occurs. If the loss trigger occurs the first time it exceeds the threshold, it will take a
long time for payment regulation. Another weakness of the method used in determining
catastrophe bond prices is that the selection of historical data using BMM can eliminate
extreme events in a period [13].

The framework of SEB consists of eight stages. The first stage is coverage area dividing,
which is determined by seismic conditions. The stages carried out in the division of the
coverage area consist of two stages. The first stage is to divide the coverage area according to
the boundaries of the administrative area (province, district, or city) and cluster them using
earthquake disaster risk index (EDRI) categories because it can represent the characteristics
of natural disaster risk, namely hazards, vulnerability, and capacity [31,32]. The second
stage is to determine the optimal cluster using the elbow method to avoid minimum
local values in the calculation [33]; sub-regional clustering within each EDRI category
clusters based on random variable average magnitude and depth of earthquakes, and
average distance between earthquake events using the K-Means algorithm because it is
efficient and simple [34]. However, the K-Means algorithm is not effectively used in global
data clustering [35] with extreme values in the dataset [36]. The K-medoids algorithm
is applied in the subregion in the EDRI categories cluster to reduce the sensitivity of the
resulting partition.

The second stage of the earthquake bond valuing framework is to define the trigger
mechanism for the face amount and coupon amount payoff functions. The third stage is to
collect earthquake magnitude data from each grouped zone using the POT method, while
the earthquake depth data adjusts the selected earthquake magnitude data. The fourth
stage is modeling the distribution of earthquake magnitude data and earthquake depth. At
this stage, there are two distribution models, namely GPD, which is used to calculate the
expected coupon amount, and Archimedean copula (AC), which is used to calculate the
expected face amount that will be obtained by investors.

The fifth stage is predicting the value of interest rates and coupon rates using the FTS.
The sixth stage is to formulate the expected coupon amount and the expected interest rate
model using the total probability concept and the Poisson process. The seventh stage is
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to formulate the expected face amount model using the total probability concept, and the
final stage is to model the SEB price with coupons.

Based on the description above, there is no study discussed about a framework for
valuing single earthquake bond prices based on multiregional seismic information that
decomposes areas based on EDRI categories, earthquake parameters (magnitude and depth
of earthquakes), and distance between events; parametric trigger types with parameters of
magnitude and depth of earthquakes; and predicting interest and coupons using FTS.

The valuing framework for SEB is expected to assist the special purpose vehicle (SPV)
in setting the price for these bonds. The proposed framework can be adopted for other
catastrophe bonds (floods, droughts, tornadoes, and others). The numerical simulation
provides a reference for the Indonesian government in issuing catastrophe bonds to seek
new sources of funds for earthquake disaster management. On the investor side, it can
be used as a material consideration for calculating coupon expectations and the face
value obtained.

The structure of this paper is as follows: Section 2 contains a literature review related
to the catastrophe bond pricing model that has been carried out by previous researchers.
Section 3 contains a proposed valuing framework for SEB, including the methods and
notations used in modeling. In addition, numerical simulations are used in Section 4 to
show how the SEB pricing framework is applied. Section 5 contains a discussion regarding
the pricing framework for earthquake catastrophe bonds based on numerical simulation
results. Section 6 contains conclusions. Following that, we’ll add a Nomenclature to
describe the symbols.

2. The Literature Review

Hurricane Andrew caused eleven insurance companies to go bankrupt due to a lack
of reserves to meet claims. Under these conditions, a catastrophe bond was developed
in the mid-1990s [37]. Improvements to the catastrophe bond pricing model are carried
out continuously. The research related to the catastrophe bond pricing model will be
explained in this section. Burnecki and Kukla [18] calculated the price of non-arbitrated
bonds without and with coupons using a doubly stochastic Poisson compound and perform
simulations using 10 years of disaster loss data sourced from the property claim service
(PCS). Ma and Ma [19] introduced catastrophe bond pricing using stochastic interest rates
and a compound nonhomogeneous Poisson process to model losses. They use loss data
from 1985 to 2010 to simulate the developed model. Futher, Ma and Ma [20] calculated
the price of non-arbitrage catastrophic bonds without coupons using the doubly stochastic
Poisson point process to model the total losses due to disasters, extreme value theory (EVT)
to model the losses due to catastrophes, and hull white to model stochastic interest rates.

Vakili et al. [38] developed a bond price model under conditions of uncertainty us-
ing a linear membership function, a lognormal distribution to model claims, and linear
programming to obtain the optimal CAT bond price, which can facilitate the benefits of
sponsors and investors. The simulation uses insurance data from Sweden for the period
1958–1969. Riza et al. [4] developed a multiperiod catastrophe bond pricing model using
multiple triggers, a nonhomogeneous Poisson process to model losses and fatalities, and
ARIMA to predict interest rates and coupons. The simulation data used is disaster loss
data for the United States (US) for the period 2012–2021. Marvi and Linders [39] developed
a catastrophe bond price model by decomposing disaster hazard risk, namely disaster
intensity calculated based on flood depth. The simulation uses the Monte Carlo method by
generating 1000 years of disaster loss data. The model developed is the price of a single
earthquake disaster bond based on the results of regional decomposition based on the risk
caused by a flood disaster. Chao [12] menggunakan CIR untuk memodelkan tingkat bunga
dan kopula untuk memodelkan distribusi ketergantungan pada intensitas bencana dan
kematian untuk menentukan harga obligasi bencana. The simulation data used are Chinese
data on severity and mortality from 2000 to 2016.
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Deng et al. [21] calculate the price of drought catastrophe bonds using the generalized
extreme value (GEV) to model disaster losses and the Poisson process to calculate total
losses, and the loss data used is disaster loss data in Vietnam, Zimbabwe, Bolivia, China,
Thailand, India, Brazil, the Philippines, Italy, Mexico, Ethiopia, Spain, Russia, Mauritania,
Peru, Canada, Namibia, Argentina, South Africa, the US, and Australia in the period 1968
to 2018. Chao and Zhou [13] calculated catastrophe bond prices using stochastic interest
rates modeled using CIR, the POT method to obtain extreme data on losses and deaths,
the Archimedean copula to model the dependent distribution of losses and deaths, and
data on losses and deaths due to flooding since 1985 obtained from Darmouth College. Liu
et al. [22] determined the price of catastrophe bonds using a credit risk model to model
interest rates, and GEV modeled disaster losses, using data on disaster losses in the US in
the period 1985–2011. Shao et al. [40] proposed a catastrophe bond pricing formulation
based on stochastic interest rates modeled using CIR and total losses derived from the
Poisson process and semi-Markov processes, using catastrophic loss data from 1985 to
2013. Zhao and Yu [41] use multiple regression analysis based on the cat bond spread
and the reinsurance index to forecast the losses that catastrophic bond holders will incur.
Hoffer et al. [42] developed disaster bond prices based on uncertainty parameters using a
lognormal distribution to model losses and a Poisson process to model the daily intensity
of disasters, using data on disaster losses in the US in the period 1990–1999.

Additionally, research focused on catastrophic bonds is by Zimbidis et al. [14], which
models single and multi-period earthquake catastrophe bond prices in Greece. The meth-
ods used are the log-normal distribution to model interest rates; Cox–Ingersoll–Ross (CIR)
to model coupons based on annual EURIBOR; generalized extreme value (GEV) to model
the annual maximum magnitude of earthquakes based on historical seismic data in Greece;
maximum likelihood estimation (MLE); and the FORTRAN MLEGEV subroutine to es-
timate the parameters of the GEV distribution. Tang and Yuan [7] developed a coupon
pricing model for multi-period earthquake catastrophe bonds based on a pricing measure
combined with a distorted probability function. The method used in developing the model
is the Poisson process to determine the number of disaster events at time t; GEV and
Generalized Pareto Distribution (GPD) are used to model the maximum annual loss caused
by earthquakes; MLE and R functions to estimate parameters on GEV and GPD; Vasicek to
model risk-free interest and coupons; and Wang’s transformation to model the pricing of
premium catastrophe bonds. The trigger type used is “modeled loss,” which is modeled
using a multiple Poisson process based on frequency and severity. However, the probability
measure is distorted based on severity alone.

Shao et al. [15] developed a Cox & Pederson [43] catastrophe bond pricing model
and linked it to single and multi-period earthquake disasters. The model used in the
payment function is the piecewise linear function; the method used in modeling interest
rates and inflation is the ARIMA; the CIR is used for modeling coupons; the BMM is used
to determine the maximum annual earthquake magnitude; the GEV is used to model the
magnitude distribution of annual earthquake magnitudes; and the Gamma distribution is
used to model the depth of an earthquake. The type of trigger used is of the parametric type,
namely the magnitude and depth of the earthquake, and the data use the earthquake event
in California. Gunardi and Setiawan [16] developed single- and multi-period earthquake
bond models for Indonesia. The model used in the payment function is a piecewise
linear function. The methods used are CIR to model coupons, the BMM to determine the
maximum annual earthquake magnitude, and GEV to model the magnitude distribution of
annual earthquake magnitudes.

Hoffer et al. [3] proposed the design of earthquake catastrophe bonds based on the
spatial distribution of the portfolio by considering the combined asset portfolio consisting
of residences in Italy. He simplified the analysis by considering the PGA value for each
particular municipality. Furthermore, economic loss was calculated based on a single
replacement cost value for all assets. CIR was used to model interest rates and the Poisson
process to model the distribution of losses. Mistry et al. [5] proposed the design of earth-
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quake bonds based on the earthquake hazard model by considering the regional source
model and the PGA. The modeling of statistical interest rates uses CIR, while modeling
total losses due to earthquakes uses the compound Poisson process. Goda et al. [9] created
a tsunami disaster bond trigger mechanism that uses an intensity index based on earth-
quake characteristics (i.e., magnitude and location) and tsunami height modeled using a
regression equation. The results obtained show that the trigger mechanism can capture the
uncertain conditions of a tsunami event.

3. Framework for Single Earthquake Bond Pricing

Single earthquake bond (SEB) pricing for multiple periods is intended to protect
against loss exposure based on seismic conditions and the level of disaster risk. Magnitude
and depth of earthquakes are chosen as trigger indicators for the face value payment
function. The principle of face amount is paid at maturity T, coupon Ct is paid annually at
time t = 1, 2, . . . , T, and the amount is according to the triggering event. The coupon rate
is denoted by Ct. For example, (Ω,F ,
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The assumptions in Equation (2) state the dependence between events that only
depend on the financial risk variable and the disaster risk variable.

3.1. Division of Coverage Area Based on Regional Seismic Information

Assume the area of coverage W consists of a subregion (e.g., province, district/city)
Wi, i = 1, 2, . . . , I where the Wi will be clustering based on EDRI categories, earthquake
magnitude, and the distance between earthquake occurence. The stages of clustering are
as follows:

(1) Clustering subregions that have the same EDRI categories (1 = low, 2 = medium, and
3 = high). The notation for clustering results is WEi, E = 1, 2, 3, i = 1, 2, 3 . . . I.

(2) Clustering subregions for each member of the WE using the K-Means and K-Medoid al-
gorithms. The random variables used in clustering are the average magnitude and depth
of earthquakes, and the average distance between earthquake occurrences within each

subregion on WE. The results of clustering are specific areas with assumptions:
Z⋂

z=1
z =

∅,
Z⋃

z=1
z = W, P(z) > 0, z = {WiEz|i = 1, 2, . . . , I, E = 1, 2, 3, z = 1, 2, . . . , Z}.

The end result of dividing the coverage area is denoted by z, where z = 1, 2, . . . Z,
and they will be arranged from the zones from the lowest risk to the highest risk..The
following will describe STDM distances, the Elbow method, the K-Means algorithm, and
the K-Medoids algorithm.
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3.1.1. The Distance between Earthquake Occurrences

The distance between earthquake occurrences is determined using the shortest distance
principle, namely space, time, depth, and magnitude (STDM), which is denoted by

(
ηij

)
and is formulated in Equation (3) as follows:

ηij =

cτijrk
ij

1
εi

10
− b(mi−m0)

2 τij ≥ 0
∞ τij < 0

(3)

The value of ηij will be small if the occurrence of the j-th earthquake is greater
than the i-th earthquake, while it will be greater if the i-th and j-th earthquakes have a
weak relationship.

The notation used in Equation (3): c is a constant; τij is the time difference between
two earthquake events

(
τij = tj − ti

)
; rij is the haversine distance between two earthquake

events (full detail see [44]), b is Gutenberg Richer parameter (full detail see [45,46]), k is
fractal (k = 3b

c , c ≈ 1.5 [47], εi and mi are the depth and magnitude of the i-th earthquake,
while m0 is the threshold value of the observed earthquake magnitude. By providing(

log10
)

on both sides of Equation (3), the result is formulated in Equation (4).

log10ηij = −
b(mi −m0)

2
+ log10c + log10τij + klog10rij − log10εi (4)

If it is assumed that the value of c is 1, then the rescale results of the time, distance,
and depth components are denoted in Equation (5) as follows:

Tij = τij10−
b(mi−m0)

2 , Rij = rk
ij10−

b(mi−m0)
2 , Ei = εi10−

b(mi−m0)
2 (5)

So that Equation (4) becomes Equation (6) as follows:

log10 ηij =

{
log10 Tij + log10 Rij − log10 Ei τij ≥ 0

∞ τij < 0
(6)

Equations (4)–(6) define the empirical relationship from the shortest distance η, to the
joint distribution of T, R, and E [30].

3.1.2. Elbow Method

The validity of the number of clusters in this study uses the Elbow method. The
calculation principle in this method is to use the square of the distance between the data in
each cluster center to find an optimal number of clusters, and the performance indicator
uses the Sum of Squared Error (SSE) [33]. The calculation of the optimal number of WE
using RStudio, and the pseudo code of algorithm to count SSE are presented in Algorithm 1:

Algorithm 1. Pseudo code of SSE

Input: data_seismic = datasets.load_data(), X = data_seismic
Output: S(p), p

(1) S(p) = [ ]
(2) for p = 1, p in a range P do

(3) S(p) = ∑P
p=1 ∑ dist

(
xij, vp

)2;

(4) Return S(p), p;

Where p is the number of clusters, vp is the cluster center on cluster p, p = 1, 2, . . . , P,

and SSE is denoted S(p), dist
(
x, vp

)2 is the distance of xij(i = 1, 2, . . . , I, j = 1, 2, . . . , J) to the
center of cluster p

(
vp
)
. The data set used in this study is the average earthquake magnitude,

earthquake depth, and STDM distance in the z. The value of p can be determined by plotting
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the K-SSE curve and finding the points that make up the angle. An illustration is given in
Figure 2.
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Figure 2 shows that the optimal number of clusters is two. Since there are actually that
many groups in the data, the first clusters are supposed to add a lot of information (explain
a lot of variation), making them necessary. However, once the number of clusters exceeds
the number of groups in the data, the added information will sharply reduce because it is
just subdividing the actual groups. In the event that this occurs, the curve of variation vs.
clusters will show an elbow shape: increasing quickly up to p (under-fitting region), and
then increasing slowly after p (over-fitting region) [33].

3.1.3. K-Means Algorithm

Clustering is the process of classifying several datasets into clusters with similar char-
acteristics [48]. One efficient and simple clustering technique is the K-Means algorithm [49],
which searches for cluster centers iteratively based on the distance of each data point
to the cluster center [50]. The calculations on the K-Means method in this study were
conducted with the help of RStudio. The pseudo code in the K-means method is presented
in Algorithm 2.

Algorithm 2. Pseudo code of K-Means Algorithm

Input: data_seismic = datasets.load_data(), X = data_seismic, P* = optimal number of clusters
Output: vp, xijp

(1) Initialization center cluster vp, p = P*,
(2) for p = P*

for i = 1, i in a range (1, 3)
for j = 1, j in a range (1, 2, . . . , J)

dij =

√
3
∑

i=1

(
xij − vp

)2

(3) for j = 1, j in a range (1, 2, . . . , J) do

xijp =
argmin

xij

(
dij
)

(4) for p = 1, p in a range (1, P)

for i = 1, i in a range (1, 3) do
vp = 1

np

(
∑

np

j=1 xijp

)
(5) Repeat step 2 to 4, until no more members from the cluster center move

The notation in Algorithm 2 is that the optimal number of clusters is denoted P*;
the number of random variables is denoted I, J is the number of data; the distance xij to
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the center of cluster vp is denoted by dij; the data xij that is a member of the p-cluster is
denoted xijp; the p-cluster center for the i-variable is denoted vip, and the number of xij in
the p-group is denoted np.

3.1.4. K-Medoids Algorithm

The calculation process in the K-medoids algorithm is almost similar to K-Means.
However using medoids as a center point [36]. The pseudo code of the K-Medoids algo-
rithm is presented in Algorithm 3.

Algorithm 3. Pseudo code K-medoids algorithm

Input: data_seismic = datasets.load_data(), X = data_seismic, P* = optimal number of clusters
Output: mp, xijp

(1) Initialization medoids mp, p = P*,
(2) for p = P*

for i = 1, i in a range (1, 3)
for j = 1, j in a range (1, 2, . . . , J)

dij =
√

∑3
i=1
(
xij −mp

)2

(3) forj = 1, j in a range (1, 2, . . . , J) do

xijp =
argmin

xij

(
dij
)

(4) for p = P

for i = 1, i in a range (1, 3)
for j = 1, j in a range (1, 2, . . . , J)

cp = ∑P
p=1

(√
3
∑

i=1

J
∑

j=1

(
xijp −mp

)2
)

(5) Repeat step 1 and 2 alternatively
(6) Select the medoids with the lowest cp

Algorithm 3 uses the same notation as Algorithm 2 for i, j, P*, xij, xijp, and dij; the
medoids of cluster p are the denoted mp, and the cost of cluster p is denoted cp.

In the hereafter, the division of coverage areas using the EDRI and K-Means algorithms
is referred to as “cluster type I”, while the division of coverage areas using EDRI and K-
Medoids is referred to as “cluster type II”.

3.2. The Earthquake Bond Trigger Mechanism

The payoff function of SEB face amount can be defined as the operator S(F), which is
defined in Equation (7).

S(FV) =



FV M < 5 and D > 0
f1FV M ∈ [5, 6) and D ≥ 300
f2FV
f3FV
f4FV
f5FV
f6FV
f7FV
f8FV
f9FV

0

M ∈ [5, 6) and D ∈ [70, 300)
M ∈ [5, 6) and D ∈ (0, 70)
M ∈ [6, 7) and D ≥ 300

M ∈ [6, 7) and D ∈ [70, 300)
M ∈ [6, 7) and D ∈ (0, 70)

M ∈ [7, 8) and D ≥ 300
M ∈ [7, 8) and D ∈ [70, 300)
M ∈ [7, 8) and D ∈ (0, 70)

M ≥ 8 and D > 0

(7)
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The magnitude and depth of an earthquake event in the zone are denoted by M and D,
respectively, and the face amount of SEB is denoted by FV. The proportion of FV denoted
fi, i = 1, 2, 3, . . . , 9 in Equation (7) is defined in Equation (8).

f9 < f8 < f7 < f6 < f5 < f4 < f3 < f2 < f1 (8)

where the magnitude of fi, i = 1, 2, 3 . . . , 9 satisfies fi ≤ 1. The description of Equation (7) is
as follows:

(1) The maturity time of the SEB is T.
(2) M = max(Mz), z = 1, 2, . . . , Z, where M represents the largest earthquake that has oc-

curred within each zone at time t, while D is the earthquake depth, which corresponds
to M.

(3) If M < 5 and D ∈ [0, ∞) in [0, T], then the bondholders will receive all the face amount
of SEB (FV) at maturity.

(4) If M ∈ [5, 6) and D ≥ 300, then the bondholder will receive f1FV at maturity.
(5) If M ∈ [5, 6) and D ∈ [70, 300), then the bondholder will receive f2FV at maturity.
(6) If M ∈ [5, 6) and D ∈ (0, 70), then the bondholder will receive f3FV at maturity.
(7) If M ∈ [6, 7) and D ≥ 300, then the bondholder will receive f4FV at maturity.
(8) If M ∈ [6, 7) and D ∈ [70, 300), then the bondholder will receive f5FV at maturity.
(9) If M ∈ [6, 7) and D ∈ (0, 70), then the bondholder will receive f6FV at maturity.
(10) If M ∈ [7, 8) and D ≥ 300, then the bondholder will receive f7FV at maturity.
(11) If M ∈ [7, 8) and D ∈ [70, 300), then the bondholder will receive f8FV at maturity.
(12) If M ∈ [7, 8) and D ∈ (0, 70), then the bondholder will receive f9FV at maturity.
(13) If M ≥ 8 and D > 0, the bondholder loses all the face amount of the cat bond at

maturity.
(14) The value of FV is constant.

The determination of face amount payoff in Equation (7) is based on the Ritcher Scale
of earthquakes, which is presented in Table 1, while depth is based on shallow earthquake
categories (less than 70 km), medium earthquakes (70–300 km), and deep earthquakes
(more than 300 km).

Table 1. Ritcher scale of earthquake magnitude.

Magnitude Level
(SR) Category Effect

1.0–2.9 Micro Generally not felt by people, though recorded on local
instrument

3.0–3.9 Minor Felt by many people; no damage
4.0–4.9 Light Felt by all; minor breakage of objects
5.0–5.9 Moderate Some damage to weak structures
6.0–6.9 Strong Moderate damage in populated areas
7.0–7.9 Major Serious damage over large areas; loss of life
>8 great Severe destruction and loss of life over large areas

Source: https://www.britannica.com/science/Richter-scale, accesed on 1 November 2022.

The payoff function of coupon amount is defined in Equation (9) as follows:

Y(C, FV)t =

{
Ct × FV M < mTq

0 M ≥ mTq

(9)

In Equation (9), the coupon amount is paid at time t, which is denoted Y(C, FV)t,
which depends on the magnitude of the earthquake that occurs at time t (t = 1, 2, . . . , T).
Where m has the same notation as the payoff function, “face amount”. Ct is the coupon
amount determined by the SPV at year t, and FV is the cash value. The threshold calculation
uses the return level of earthquake events in the past 1000 years from the earthquake mag-
nitude distribution of each zone. The mTq is the earthquake magnitude threshold, which

https://www.britannica.com/science/Richter-scale
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is the maximum of mTqz
at period Tq

(
mTq = max

(
mTqz

)
where mTqz

is the maximum
earthquake exceed in the observation at period Tq in z.

3.3. Selection of Earthquake Magnitude and Earthquake Data

The “peaks over threshold” (POT) method is used to select an earthquake’s magnitude
and depth. For example, {M 1z, M2z, . . . , MNz} are the set of independent and identically
random variables representing the earthquake magnitude in zone z. All of the extreme
earthquake magnitudes included in this investigation have a magnitude higher than the
threshold. This method of selection is known as the POT method.

The selection of the earthquake data corresponds to the selected magnitude data.
Suppose M*

1z, M*
2z, . . . , M*

Nz are magnitude data that exceeds the threshold, then the depth
of an earthquake is denoted D*

1z, D*
2z, . . . , D*

NZ. The pair of random variables (earthquake
magnitude and earthquake magnitude) that are used as observations are denoted (M*

z, D*
z),

The cumulative distribution function of Mnz, n = 1, 2, . . . , N, z = 1, 2, . . . , Z is denoted
F(M*

z), and the dependences cumulative distribution function of (M*
z, D*

z) is denoted
F(M*

z, D*
z).

3.4. Earthquake Distribution Model for Magnitude and Depth

The distribution models that were used were GPD and Copula Archimedean (AC).

3.4.1. Generalized Pareto Distribution

The data obtained using the POT method can be approximated using the generalized
Pareto distribution (GPD) [24,51]. The distribution of the cumulative function (CDF) is
defined in Equation (10), as follows:

F
(

M*
z

∣∣∣κz, ξz,σz

)
=

1−
(

1 + κz

(
m*

z−ξz
σz

))− 1
κ

κ 6= 0

1− e−
m*z−ξz
σz κ = 0

(10)

where ξz is the location parameter in zone z, σz is the scale parameter in zone z, κz is
the shape parameter in zone z, for κz > 0

(
m*

z ≥ ξz
)
, κz < 0

(
ξz ≤ m*

z < ξz − σz
κz

)
[52].

The parameter estimation of GPD distribution using EasyFit software. For special cases,
κz > 0, ξz = σz

κz
,αz = 1

κz
, the GPD is equivalent to the Pareto distribution (for the CDF,

see [53]).
The return level

(
mTq z

)
is the maximum earthquake magnitude exceeded at t periods

t in z, which is obtained from solving the following Equation (11) [54].

Pr
(

M > mTqz

)
=

1
Tqz

(11)

The solution of Equation (1) for κz 6= 0 is defined in Equation (12).

mTqz
=
σ̂z

κ̂z

( 1
Tqz

)−κ̂z

− 1

+ ξ̂z, κz 6= 0 (12)

3.4.2. Copula

The joint distribution of M*
z and D*

z is modeled using the copula concept, and the
cumulative marginal distribution is denoted by FM and FD. Based on Sklar’s theorem
(1959) [55], the joint distribution of F(M*

z) and F(D*
z) is denoted in Equation (13) as follows:

F(M*
z, D*

z) = C(Mz* ,D*
z)
(F(M*

z), F(D*
z)) (13)

where C(Mz* ,D*
z)

: [0, 1] ∗ [0, 1]→ [0, 1] and meet the following properties:
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(1) ∀m*
z, d*

z ∈ [0, 1], C
(
m*

z, 0
)
= 0, C

(
m*

z, 1
)
= m*

z, C
(

0, d*
z

)
= 0 dan C

(
1, d*

z

)
= d*

z

(2) ∀m*
1z, m*

2z, d*
1z, d*

2z ∈ [0, 1] with m*
1z ≤ m*

2z and d*
1z ≤ d*

2z, C
(

m*
2z, d*

2z

)
− C

(
m*

2z, d*
1z

)
− C

(
m*

1z, d*
2z

)
+

C
(

m*
1z, d*

1z

)
≥ 0

In this study, the copula family used was the Archimedean copula, namely Clayton,
Frank, and Gumbel. Each generator function of the copula class is presented in Table 2.

Table 2. Archimedean Copula class.

Copula Class Generator γ(tz) C(m*
z,d*

z) τz Description

Clayton 1
θz

(
tz
−θz − 1

) (
m*

z
−θz + d*

z
−θz − 1

)− 1
θz θz

θz + 2 θz ≥ 0

Frank ln
(

e−θz−1
e−θztz−1

)
− 1
θz

ln

(
1 +

( (
e−θzm*z−1

)(
e−θzd*z−1

)
e−θz−1

))
1− 4

θz
[1−D1(θz)] θz 6= 0

Gumbel (−ln (tz))
θz

e−((−ln m*
z)

θz+(−ln d*
z)

θz
)

1
θz θz−1

θz
θz ≥ 1

Where D1(θz) is the Debye function [56,57], the parameter of AC is denoted θz, kendal
correlation is denoted τz. The selection of the suitable copula class is based on the smallest
AIC value [51], which is calculated using the following Equation (14):

AIC = −2ln
(

l
(
θz

∣∣∣(m*
z, d*

z

)
+ 2 (14)

where l(θz|(mz, dz), z = 1, 2, . . . , Z is the likelihood function of a copula in zone z, and θz
is the AC parameter in zone z.

3.5. Predict Interest Rates and Coupon Rates

Predict the interest rate and coupon rate at t = 1, 2, . . . , T using Singh’s fuzzy time
series (FTSS). The steps in FTSS [58] are as follows:

(1) Defines the universe set (U) based on the observed time series data intervals, with the
rule U = [Bmin − B1, Bmax − B2], B1 and B2 are two positive numbers.

(2) Partition the universe set U into intervals u1, u2, . . . , um. Meanwhile, the number of
intervals will be equal to the number of linguistic variables (A1, A2, . . . , Am).

(3) Construct the fuzzy set Ai associated with the intervals in Step 2 and apply the
triangular membership function rules for each interval in each built fuzzy set.

(4) Defuzzification of the observed data and form fuzzy logical relationships (FLR) using
the rule: If Ai is fuzzy production in year n and Aj is fuzzy production in year n + 1,
then FLR is denoted as Ai → Aj . At this stage, Ai is called the current state, and Aj is
the next state.

(5) Forecasting

The notation used in forecasting is as follows:
[
A*

j

]
corresponds to the uj the interval

for membership in the supremum of Aj, L
[
A*

j

]
is the lower limit of the uj; U

[
A*

j

]
is the

upper limit of the uj; l
[
A*

j

]
is the length of the uj; M

[
A*

j

]
is the middle value of the uj the

interval which has a supremum value in Aj.
The notation for FLR Ai → Aj , Ai is the fuzzified interest rate or coupon rate in the

n-th year, Aj is the fuzzified interest or coupon rate in year n + 1, Oi is the actual interest or
coupon rate in year n, Oi−1 is the actual interest or coupon rate in year n − 1, Oi−2 is the
actual interest or coupon rate in year n − 2, Fj is the result of forecasting. Forecasting in
this method uses 3 observational data in years n − 2, n − 1, n to implement FLR Ai → Aj .
The rules used in FTSS forecasting [59] are presented in Algorithm 4.
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Algorithm 4. Rules of forecasting

for k = 3 to . . . .K (End of time series data)
Obtained FLR for year k to k + 1
Ai → Aj
Compute
Bi = ||Oi −Oi−1| − |Oi−1 −Oi−2||
Xi = Oi +

(
Bi
2

)
XXi = Oi −

(
Bi
2

)
Yi = Oi + Bi
YYi = Oi − Bi

Pi = Oi +
(

Bi
4

)
Pii = Oi −

(
Bi
4

)
Qi = Oi + 2Bi
Qii = Oi − 2Bi

Gi = Oi +
(

B
6

)
GGi = Oi −

(
Bi
6

)
Hi = Oi + 3Bi
HHi = Oi − 3Bi

Initialization R = 0 and S = 0

If Xi ≥ L
[
A*

j

]
and Xi ≤ U

[
A*

j

]
Then R = R + Xi and S = S + 1

If XXi ≥ L
[
A*

j

]
and XXi ≤ U

[
A*

j

]
Then R = R + XXi and S = S + 1

If Yi ≥ L
[
A*

j

]
and Yi ≤ U

[
A*

j

]
Then R = R + Yi and S = S + 1

If YYi ≥ L
[
A*

j

]
and YYi ≤ U

[
A*

j

]
Then R = R + YYi and S = S + 1

If Pi ≥ L
[
A*

j

]
and Pi ≤ U

[
A*

j

]
Then R = R + Pi and S = S + 1

If Pii ≥ L
[
A*

j

]
and Pii ≤ U

[
A*

j

]
Then R = R + Pii and S = S + 1

If Qi ≥ L
[
A*

j

]
and Qi ≤ U

[
A*

j

]
Then R = R + Qi and S = S + 1

If Qii ≥ L
[
A*

j

]
and Qii ≤ U

[
A*

j

]
Then R = R + Qii and S = S + 1

If Gi ≥ L
[
A*

j

]
and Gi ≤ U

[
A*

j

]
Then R = R + Gi and S = S + 1

If Gii ≥ L
[
A*

j

]
and Gii ≤ U

[
A*

j

]
Then R = R + Gii and S = S + 1

If Hi ≥ L
[
A*

j

]
and Hi ≤ U

[
A*

j

]
Then R = R + Hi and S = S + 1

If Hii ≥ L
[
A*

j

]
and Hii ≤ U

[
A*

j

]
Then R = R + Hii and S = S + 1

Fj =
R+M(A*

j )
S+1

next k

The calculation of interest rate predictions and coupon predictions using the RStudio
application. The result prediction of interest rate value at time t is denoted r̂t, and the result
prediction of coupon rate at time t is denoted ĉt.
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3.6. Modeling the Calculation of the Expected Coupon Amount, the Expected Interest Rate Values,
and the Expected Face Amount

In principle, the calculation of bond prices calculates the present value of the sum of
the cash and coupon values. Due to the value of the cash and coupon values received by
investors depends on the probability of a triggering event, the cash and coupon values are
calculated based on the probability of a triggering event using the expectation concept.

Earthquakes that occur in each z are divided into two types, namely Type 1
(

mz ≥ mTqz

)
and Type 2

(
mz < mTqz

)
. If Gz is a random variable that represents the occurrence of an

earthquake in zone z, and (E i|Gz) is the earthquake type i event given the earthquake
event occurs in z, then the total probability of Ei (see Zangeneh and Little [60]) defined in
Equation (15).

P(Ei) =
z

∑
z

P(Gz)P(Ei|Gz) (15)

The total probability that an earthquake of type i will occur is denoted P(Ei), the
probability that an earthquake will occur in a zone z is denoted P(Gz), and the conditional
probability of Ei given Gz denoted P(Ei|Gz).

The assumed number of earthquakes that occur in W is the poisson process {N(t), t ≥ 0},
which has a rate λ > 0. If the number of earthquakes occurs in any interval t with a process
poisson with a rate λt, then the probability of the number of earthquake occuring is (s, s + t),
as defined in Equation (16).

P(Nz(t + s)−Nz(s) = n) = e−λzt (λzt)n

n!
, n = 0, 1, . . . (16)

If N(t) = N1(t) + N2(t), then both N1(t) and N2(t) are poisson processes with rates
λtP(E1) and λt(1− P(E1)), respectively [61], where P(E2) = (1− P(E1)).

Assuming that an earthquake of type 1 occurs for the first time in w is denoted T1, an
“earthquake evet” (T 1 > t) means that there was no earthquake type I at the time interval
(0, t). The probability calculation is formulated in Equation (17).

P(T1 > t) = e−λtP(E1) (17)

Figure 3 shows scenarios for SEB coupon payments with the time maturity T.
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Coupon Ct.t = 1, 2, . . . , T will be paid if the triggering event does not occur at the
interval (s, s + 1). If earthquakes of type 1 occur exactly once each interval (0, 1) and one
occurs at each interval (s, s + 1), then the time distribution is defined as follow:

P(T1 > s|N1(t) = 1) = P(0 event in (0,s),1 event in (s,s+1),0 event in (s+1,t))
P(N1(t)=1)

= P(N1(s)=1)P(N1(s+1)−N1(s)=1)P(N1(t)−N1(s+1)=0)
P(N1(t)=1)

= e−λsP(E1)λe−λP(E1 |)e−λ(t−(s+1))P(E1)

e−λtP(E1)λt
= e−λsλe−λe−λteλseλ

e−λtλt
= 1

t
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However, the earthquake of type 1 may occurs for the first time at (0, 1), (1, 2), (2, 3),
. . . (T− 1, T), and bondholders will receive a coupon if the earthquake of type I does not
occur at (s, s + 1). Assume SEB pays the coupon at intermediate (0, T + 1). So, the time
distribution of coupon payments is defined in Equation (18).

P(T1 > s|N1(T + 1) = 1) =
1

T + 1
(18)

Based on Equations (17) and (18), the expectation of the coupon amount model is
defined in Equation (19)

EQ(C) =
T

∑
t=1

1
T + 1

A(Ct)P(T1 > t) (19)

where A(Ct) =
T
∑

t=1
ĉt. By adopting Equation (19), the expected interest rate calculation

model is defined in Equation (20).

EQ(R) =
T

∑
t=1

1
T + 1

A(Rt)P(T1 > t) (20)

3.7. Modeling the Calculation of the Expected Face Amount of SEB

Assuming Qi is an earthquake catastrophe type i in Equation (7) where i = 1, 2, . . . , 11,
If Gz is a random variable that represents the occurrence of an earthquake in zone z. the
total probability of Qi is defined in Equation (21).

P(Qi) =
Z

∑
z=1

P(Gz)P(Qi|Gz) (21)

The total probability of an earthquake of type i occurring is denoted P(Qi), the proba-
bility of an earthquake occurring in a zone z is denoted P(Gz), the conditional probability
Qi given Gz is denoted P(Qi|Gz), where P(Qi|Gz) = F(M*

z, D*
z).

EQ1(FV) =
11

∑
i=1

S(FV)i

Z

∑
z=1

P(Gz)P(Qi|Gz) (22)

3.8. Single Earthquake Bond Pricing Model

In this section, we construct a model for determining the price of SEB with double
trigger parameters based on multi-regional seismic information (EDRI category, earthquake
magnitude, earthquake depth, and difference between earthquake events). The following
is the notation used in the model.

T: maturity tyme.
FV: face amount of SEB.
A(Rt): the accumulation of the possible interest rate at time t.
ep: the extra premium to bear the risk of earthquakes (positive value).
A(Ct): the accumulation of possible coupons amounts that the bondholders will obtain

at time t. The value of the coupon rate at time t is predicted using the FTSS.
S(FV): face amount of the SEB payoff function defined in Equation (7).
PSEB: SEB price.
EQ1(FV): the expectation of the SEB face amount.
EQ(C): the expectation of the SEB coupon amount.
EQ(R): the expectation of interest rate value.
The model for determining the SEB price is presented in Equation (23):

PSEB = e−(EQ(R)+ep)(EQ1(FV) + EQ(C)
)

(23)
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Based on Equation (19), (20), and (22), Equation (23) becomes Equation (24).

PSEB = e−(∑
T
t=1

1
T+1 A(Rt)P(T1>t)+ep)

(
11

∑
i=1

S(FV)i

Z

∑
z=1

P(Gz)P(Qi|Gz) +
T

∑
t=1

1
T + 1

A(Ct)P(T1 > t)

)
(24)

4. Simulation
4.1. Data Description

The data used in the SEB pricing simulation are as follows:

(1) Earthquake data for West Java Province, Indonesia, from 2009 to 2021 was obtained
from the Meteorology, Climatology, and Geophysics Agency (BMKG).

(2) EDRI data for the Province of West Java, Indonesia, from 2009 to 2021 was obtained
from the National Disaster Management Agency (BNPB).

(3) BI interest rate data from 2009 to 2021 was obtained from Bank Indonesia.
(4) LIBOR interest rate data from 2009 to 2021 was obtained from http://www.fedprimerate.

com (accessed on 10 October 2022).

4.2. Division Zones of West Java Province Based on Seismic Information

The West Java Province of Indonesia consists of 27 districts/cities. Based on the
earthquake data published by the BMKG, there were 329 earthquake events with an
earthquake magnitude of more than 3 on the Richter scale. The earthquake’s depth and
magnitude data from 2009 to 2021 are presented in Figure 4.
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Figure 4 shows that the depth of earthquakes above 3 SR that occurred in West Java
Province were at intervals of 5 to 450 km, dominated by 196 shallow, 123 medium, and
11 deep incidents. The earthquake with the largest magnitude of 7.3 on the Richter scale
occurred in Tasikmalaya on 9 February 2009.

The steps taken in seismic zone division based on the EDRI categories, the earthquake
magnitude, the earthquake depth, and the distance between earthquake events in West
Java Province are described in this section.

4.3. Clustering Based on EDRI Categories in West Java Province

The EDRI scores in West Java Province were categorized into three categories: low,
medium, and high. Based on BNPB data, the EDRI score for districts and cities in West Java
Province is in the interval of 3.87 to 21.6. The score of the EDRI for districts and cities in
West Java Province is presented in Figure 5.

http://www.fedprimerate.com
http://www.fedprimerate.com
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Figure 5. West Java Province EDRI Score (Source: BNPB).

Figure 5 shows that Kota Banjar has the highest EDRI score, while Indramayu has the
lowest. The high-category EDRI is in the interval [12.01, 21.6], and the moderate category
is in [6.97, 11.06]. The covered area is classified into regions with high, medium, and low
earthquake risk indexes based on the EDRI score, as shown in Table 3.

Table 3. The results of clustering subregions based on EDRI.

EDRI Category Member of Cluster

High

Banjar City, Tasikmalaya City, Sukabumi Regency, Bekasi City, Bandung
Regency, Purwakarta Regency, Tasikmalaya Regency, Sukabumi City,

Cirebon City, Bogor Regency, Depok City, West Bandung Regency, Cianjur
Regency, Garut Regency, and Bandung City

Medium
Sumedang Regency, Kuningan Regency, Cimahi City, Majalengka Regency,

Ciamis Regency, Subang Regency, Pangandaran Regency, Karawang
Regency, Bogor City, Bekasi Regency, and Cirebon Regency

Low Indramayu Regency

Table 3 shows that the number of districts or cities that have a low EDRI is one, the
medium EDRI is eleven, and the high EDRI is fifteen. The visualization of clustering results
is presented in Figure 6.

The EDRI score is calculated based on three variables: the hazard variable, which is
calculated based on earthquake occurrences; the vulnerability variable, which is calculated
using socio-cultural, economic, physical, and environmental parameters; and the capacity
variable of an area, which is calculated based on regional resilience. Figure 6 shows that
more than 50 percent of the area in West Java Province has a high EDRI, meaning that West
Java Province has high seismic potential and high economic losses due to earthquakes.
Further, Figure 6 shows that some regions with medium EDRI are also parts of regions
with high EDRI, and vice versa. In addition, very few earthquakes are thought to originate
in that region, according to observations made of the number of earthquakes in the region.
However, calculating the distance between earthquake events becomes challenging as a
result. Therefore, we grouped several areas into one, namely: Bogor Regency, Bogor City,
and Depok, which will be further named Bogor; the city of Cirebon and Cirebon Regency
became one area, which was here after being given the name Cirebon; Cimahi City, West
Bandung Regency, and Bandung Regency, which were here after being given the name
Bandung. The final subregion clustering based on EDRI is presented in Figure 7.
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4.3.1. Calculation of Average Earthquake Magnitude, Earthquake Depth, and Earthquake
Distance between Events

The data for calculating the STDM distance is earthquake magnitude data greater than
2.9 SR because an earthquake with a magnitude of 3 on the Richter scale is felt by humans
(see Table 4). The STDM space has criteria for the distribution of earthquake magnitude
that must fit an exponential distribution (for more information, see [45]). The results of
the Kolmogorov-Smirnov test, b value, average earthquake depth, average earthquake
magnitude, and average STDM distance are presented in Table 4.
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Table 4. The result of KS test, and the value of b′, b, k, M, D, η.

Subregion DCount D(α=0.01) b’ b k ¯
M

¯
D

¯
η

Indramayu 0.123 0.449 1.165 0.506 1.012 3.76 205 13.55
Sumedang 0.162 0.513 1.875 0.814 1.628 3.43 97.44 12.36
Kuningan 0.130 0.513 1.200 0.521 1.042 3.73 63.33 10.35
Majalengka 0.214 0.513 0.857 0.372 0.744 4.07 135.22 8.60
Ciamis 0.129 0.617 2.778 1.206 2.412 3.26 185.40 15.46
Subang 0.168 0.486 1.370 0.595 1.190 3.63 109.40 10.39
Karawang 0.325 0.468 1.264 0.549 1.098 3.69 155.81 9.85
Tasikmalaya 0.207 0.344 0.761 0.330 0.661 4.21 88.48 7.85
Bekasi 0.143 0.542 1.143 0.496 0.993 3.78 196.25 9.41
Bandung 0.094 0.254 2.030 0.881 1.763 3.39 54.63 12.43
Purwakarta 0.282 0.617 1.818 0.789 1.579 3.45 43.33 12.71
Cirebon 0.116 0.734 1.538 0.668 1.336 3.55 156.75 13.28
Bogor 0.07 0.288 1.675 0.727 1.455 3.50 87.34 11.13
Cianjur 0.100 0.288 1.265 0.549 1.098 3.69 92.97 9.62
Garut 0.089 0.184 1.469 0.638 1.276 3.58 48.07 10.1
Sukabumi 0.076 0.252 1.694 0.735 1.471 3.49 30.97 11.15

Table 4 shows that the truncated exponential distribution at 2.9 SR fits the earthquake
magnitude data in the subregion. This is shown by the fact that the KS test statistic (Dcount)
has a value less than the critical value Dα=0.01. The value of b′ is the parameter estima-
tor value of the exponential distribution, which has a cumulative distribution function
f(M) = 1− eb′(m−2.9), and b is the parameter of the Gutenberg Ritcher model.

The highest b value is in the Ciamis subregion, while the lowest is in the Tasikmalaya
subregion. The highest fractal value is in Ciamis, while the lowest is in Tasikmalaya. The
largest average earthquake magnitude occurred in Tasikmalaya, and the lowest was in
Ciamis. The deepest earthquake occurred in Indramayu, while the shallowest was in
Purwakarta. The shortest STDM distance is in Tasikmalaya, while the longest is in Ciamis.

4.3.2. Clustering Type I

Clustering type I use the EDRI categories and K-Means algorithm for dividing area W.
Based on the result of clustering using the EDRI categories, there is only one member of the
low-EDRI category, namely Indramayu, so clustering is not carried out. As a result, we are
clustering the members of medium EDRI with the members of high EDRI. However, prior
to clustering with K-means, the first stage is determining the optimal number of clusters
using the elbow method. The result is presented in Figure 8.
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Figure 8a,b show the shape of the elbow when the number of clusters is set to two,
with both medium- and high-EDRI groups. The results of clustering in the medium EDRI
and the high EDRI are presented in Table 5.
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Table 5. The results of clustering type I.

EDRI Category Cluster
Centre Point

Member of Cluster¯
M

¯
D

¯
η

Medium
1 3.597 90.057 11.033 Sumedang, Kuningan,

Subang

2 3.673 158.810 11.303 Majalengka, Ciamis,
Karawang

High 1 3.616 63.684 10.713
Tasikmalaya, Bandung,

Purwakarta, Bogor,
Cianjur, Garut, Sukabumi

2 3.665 176.500 11.345 Bekasi and Cirebon

Table 5 shows the members of cluster 1 in the medium EDRI are Sumedang, Kuningan,
and Subang, while the members of cluster 2 in the medium EDRI are Majalengka, Ciamis,
and Karawang. Additionally, the members of cluster 1 in the high EDRI are Tasikmalaya,
Bandung, Purwakarta, Bogor, Cianjur, Garut, and Sukabumi, while the members of cluster
2 in the high EDRI are Bekasi and Cirebon. Based on clustering type I, we have 5 zones in
which the members within each zone have similar seismic conditions, which are considered
in the average magnitude and depth of earthquakes and the difference between earthquake
events. Five zones will be ordered based on risk due to an earthquake catastrophe, and the
result is represented in Table 6.

Table 6. The results of zone division in West Java Province use clustering of type I.

Zone Member of Cluster

1 Indramayu
2 Majalengka, Ciamis, Karawang
3 Sumedang, Kuningan, Subang
4 Bekasi dan Cirebon
5 Tasikmalaya, Bandung, Purwakarta, Bogor, Cianjur, Garut, Sukabumi

Table 6 shows the areas with the lowest to the highest loss impacts. The result of zone
divisions of West Java Province is presented in Figure 9.
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Figure 9 shows that zone 5 is an area that has the highest loss potential compared to
others due to the presence of the Lembang and Cimandiri faults. In addition, there are
also active mountains, namely Papandaian Mountain, Guntur Mountain, and Galunggung
Mountain in Garut, and the Salak and Gede Mountains at Bogor.

4.3.3. Clustering Type II

The clustering of type II uses the EDRI category and the K-Medoids algorithm for
dividing area W. The K-medoids algorithm can reduce the sensitivity of the grouping
results due to the presence of data outliers, which are checked using a boxplot. The first
stage for making a boxplot is to scale the data for the earthquake magnitude, the earthquake
depth, and the distance between earthquake events, and we used the Rstudio application
to make Figure 10.
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Figure 10. (a) Boxplot for the medium EDRI (b) Boxplot for the high EDRI.

The boxplot in Figure 10a shows that the medium EDRI category cluster has no
outliers, whereas the high-cluster EDRI has two. However, before we can use K-medoids
to cluster members of the medium and high EDRI categories, we must first determine the
optimal number of each EDRI category using the elbow method, as shown in Figure 11.
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Figure 11. (a) The optimal number for the medium EDRI (the blue arrow indicates the optimal
numbers of clusters) (b) The optimal number for the high EDRI (the red arrow indicates the optimal
numbers of clusters).

Figure 11a,b show the shape of the elbow when the number of clusters is set two in
medium EDRI, and set three in high EDRI. The results of clustering type II are presented in
Table 7.
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Table 7. The results of clustering type II in the medium and high EDRI.

EDRI Category Cluster
Centre

Member of Cluster¯
M

¯
D

¯
η

Medium
1 3.43 97.44 12.36 Sumedang, Kuningan,

Subang

2 3.69 155.81 9.85 Majalengka, Ciamis,
Karawang

High 1 4.21 88.48 7.85 Tasikmalaya, Bogor,
Cianjur

2 3.55 156.75 13.28 Bekasi, Cirebon

3 3.45 43.33 12.71 Bandung, Purwakarta,
Garut, Sukabumi

Table 7 shows the members of clusters 1 and 2 in the medium EDRI, the same as
Table 6. Additionally, the members of cluster 1 in the high EDRI are Tasikmalaya, Bogor,
and Cianjur. The members of cluster 2 in the high EDRI category are Bekasi and Cirebon,
while the members of cluster 3 in the high EDRI category are Bandung, Purwakarta, Garut,
and Sukabumi. Based on clustering type II, we have 6 zones; these zones will be ordered
based on the risk of an earthquake catastrophe, and the result is represented in Table 8.

Table 8. The results of dividing the zones of West Java Province using clustering of type II.

Zone Member of Cluster

1 Indramayu
2 Majalengka, Ciamis, Karawang
3 Sumedang, Kuningan, Subang
4 Bekasi, Cirebon,
5 Bandung, Purwakarta, Garut, Sukabumi
6 Tasikmalaya, Bogor, Cianjur

The order of the zones in Table 8 shows the areas that have the lowest to highest loss
impact and the maximum historical earthquake magnitude within each zone. The results
of the zone division are presented in Figure 12.
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Figure 12 shows Subregions that are in the same group are given the same color.
Besides that, zone 5 in cluster type I is divided into two zones, zones 5 and 6 in cluster type
II, and the other zone is the same as a result of cluster type I.

4.4. Simulation of Face Amount Payoff Function and Coupon Payoff Function

The value of fi in Equation (7) is f1 = 0.9, f2 = 0.8, f3 = 0.7, f4 = 0.6, f5 = 0.5,
f6 = 0.4, f7 = 0.3, f8 = 0.2, f9 = 0.1, respectively, with FV being IDR 1,000,000, so
Equation (7) becomes Equation (25).

S(FV) =



1, 000, 000 M < 5 and D > 0
900, 000 M ∈ [5, 6) and D ≥ 300
800, 000 M ∈ [5, 6) and D ∈ [70, 300)
700, 000 M ∈ [5, 6) and D ∈ (0, 70)
600, 000 M ∈ [6, 7) and D ≥ 300
500, 000 M ∈ [6, 7) and D ∈ [70, 300)

400, 000 M ∈ [6, 7) and D ∈ (0, 70)
300, 000 M ∈ [7, 8) and D ≥ 300
200, 000 M ∈ [7, 8) and D ∈ [70, 300)
100, 000 M ∈ [7, 8) and D ∈ (0, 70)

0 M ≥ 8 and D > 0

(25)

The coupon payoff function is given in Equation (26).

Y(C, FV)t =

{
IDR.1, 000, 000Ct M < mTq

0 M ≥ mTq

(26)

4.5. Selection of Magnitude and Depth Earthquakes Simulation

The selection of earthquake magnitude data using the POT method. The data used
has been visualized in Figure 4.

4.6. Magnitude and Depth of Earthquakes Distribution Model Simulation

In this section, we simulated the distribution of the magnitude and depth of earth-
quakes.

4.6.1. Earthquake Magnitude Distribution Simulation

The initial stage is to estimate the parameters and the KS test before modeling the
distribution of earthquake magnitude using the GPD. The results of the parameter estimate
and KS test and the cdf of GPD for cluster I are shown in Tables 9 and 10; and KS test and
the CDF of GPD for cluster II shown in Tables 11 and 12.

Table 9. The result of the parameter estimation and the KS test based on Cluster Type I.

Zone
Parameter Value

Domain
Statistical

Value
Critical Value

(α=0.01)^
κz

^
σz

^
µz

1 −0.65775 1.5053 2.8503 2.8503 ≤ M*
1 ≤ 5.138 0.106 0.449

2 −0.54225 1.4089 2.8265 2.8265 ≤ M*
2 ≤ 5.424 0.130 0.316

3 −0.27305 0.85587 2.9277 2.9277 ≤ M*
3 ≤ 6.062 0.091 0.299

4 −0.34862 1.051 2.9207 2.9207 ≤ M*
4 ≤ 5.935 0.153 0.449

5 0.03996 0.5901 2.9734 M*
5 ≥ 2.9734 0.075 0.103
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Table 10. The CDF of GPD in Cluster Type II.

Zone F
(

M*
z

∣∣∣∣^κz,
^
ξz,

^
σz

)
1 1−

(
1− 0.65775

(
m*

1−2.8503
1.53053

))1.520334

2 1−
(

1− 0.54225
(

m*
2−2.8265
1.4089

))1.844168

3 1−
(

1− 0.27305
(

m*
3−2.9277
0.85587

))3.662333

4 1−
(

1− 0.34862
(

m*
4−2.9207
1.051

))2.868453

5 1−
(

1− 0.5901
(

m*
5−2.9734
0.5901

))−25.025

Table 11. The result of the parameter estimation and the KS test in Cluster Type II.

Zone
Parameter Value

Domain
Statistical

Value
Critical Value

(α=0.01)^
κz

^
σz

^
µz

1 −0.65775 1.5053 2.8503 2.8503 ≤ M*
1 ≤ 5.138 0.106 0.449

2 −0.54225 1.4089 2.8265 2.8265 ≤ M*
2 ≤ 5.424 0.130 0.316

3 −0.27305 0.85587 2.9277 2.9277 ≤ M*
3 ≤ 6.062 0.091 0.299

4 −0.34862 1.051 2.9207 2.9207 ≤ M*
4 ≤ 5.935 0.41918 0.44905

5 −0.15852 0.62727 2.9657 2.9657 ≤ M*
5 ≤ 6.922 0.0819 0.12606

6 0.13107 0.69289 2.9496 M*
6 ≥ 2.9496 0.07145 0.17421

Table 12. The CDF of GPD in Cluster Type II.

Zone F
(

M*
z

∣∣∣∣^κz,
^
ξz,

^
σz

)
1 1−

(
1− 0.65775

(
m*

1−2.8503
1.53053

))1.520334

2 1−
(

1− 0.54225
(

m*
2−2.8265
1.4089

))1.844168

3 1−
(

1− 0.27305
(

m*
3−2.9277
0.85587

))3.662333

4 1−
(

1− 0.34862
(

m*
4−2.9207
1.051

))2.868453

5 1−
(

1− 15852
(

m*
5−2.9657
0.62727

))0.630835

6 1−
(

1 + 0.13107
(

m*
6−2.9496
0.69289

))−25.0253

Table 9 shows the earthquake magnitude data distribution in cluster type I matching
the GPD distribution. This is shown by calculating the statistical value in each subregion,
which is less than the critical value.

Table 11 shows that the earthquake magnitude data distribution within each zone of
cluster type II matches the GPD. This is shown by calculating the statistical value in each
zone, which is less than the critical value. The GPD distribution function for each zone is
presented in Table 12.

The earthquake magnitude return levels at return periods of 10 years, 20 years, 50 years,
100 years, 200 years, 500 years, and 1000 years in cluster type I and cluster type II are
presented in Tables 13 and 14.
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Table 13. Earthquake magnitude return level in Cluster Type I.

Zone 10 20 50 100 200 500 1000

1 4.63 4.82 4.96 5.03 5.06 5.1 5.11
2 4.67 4.92 5.11 5.21 5.28 5.34 5.36
3 4.39 4.68 4.98 5.17 5.32 5.48 5.59
4 4.58 4.87 5.16 5.33 5.46 5.59 5.66
5 4.39 4.85 5.47 5.95 6.45 7.13 7.66

Table 14. The earthquake magnitude return level in Cluster Type II.

Zone 10 20 50 100 200 500 1000

1 4.63 4.82 4.96 5.03 5.06 5.1 5.11
2 4.67 4.92 5.11 5.21 5.28 5.34 5.36
3 4.39 4.68 4.98 5.17 5.32 5.48 5.59
4 4.58 4.87 5.16 5.33 5.46 5.59 5.66
5 4.18 4.46 4.79 5.02 5.21 5.45 5.60
6 4.81 5.49 6.49 7.33 8.25 9.60 10.74

Table 14 shows that the earthquake magnitude return level increases over time. The
return level at the return period of 10 to 1000 years within each zone is [4.63, 5.11], [4.67,
5.36], [4.39, 5.59], [4.58, 5.66], and [4.39, 7.66], respectively, as presented in Figure 13.

Mathematics 2023, 11, x FOR PEER REVIEW  26 of 46 
 

 

2 4.67 4.92 5.11 5.21 5.28 5.34 5.36 
3 4.39 4.68 4.98 5.17 5.32 5.48 5.59 
4 4.58 4.87 5.16 5.33 5.46 5.59 5.66 
5 4.39 4.85 5.47 5.95 6.45 7.13 7.66 

Table 14. The earthquake magnitude return level in Cluster Type II 

Zone 10 20 50 100 200 500 1000 
1 4.63 4.82 4.96 5.03 5.06 5.1 5.11 
2 4.67 4.92 5.11 5.21 5.28 5.34 5.36 
3 4.39 4.68 4.98 5.17 5.32 5.48 5.59 
4 4.58 4.87 5.16 5.33 5.46 5.59 5.66 
5 4.18 4.46 4.79 5.02 5.21 5.45 5.60 
6 4.81 5.49 6.49 7.33 8.25 9.60 10.74 

Table 14 shows that the earthquake magnitude return level increases over time. The 
return level at the return period of 10 to 1000 years within each zone is [4.63, 5.11], [4.67, 
5.36], [4.39, 5.59], [4.58, 5.66], and [4.39, 7.66], respectively, as presented in Figure 13. 

 

 

 

 

 

 

 

 

 

Figure 13. The earthquake magnitude return level in Cluster Type I 

Figure 13 depicts the increase in the earthquake magnitude return level within each 
zone of cluster type I over time. Over a 10-year return period, zones 3 and 5 had the lowest 
return levels, while zone 2 had the highest return levels. Zone 1 had the lowest return 
levels over the 1000-year period, while zone 5 had the highest return levels. 

Table 14 shows that the earthquake magnitude return level in cluster type II increases 
over time. The earthquake return levels in the period from 10 to 1000 periods in each zone 
is [4.63, 5.11], [4.67, 5.36], [4.39, 5.59], [4.58, 5.66], and [4.18, 5.6], [4.81,10.74] respectively, 
as presented in Figure 14. 

 

 

 

 

Figure 13. The earthquake magnitude return level in Cluster Type I.

Figure 13 depicts the increase in the earthquake magnitude return level within each
zone of cluster type I over time. Over a 10-year return period, zones 3 and 5 had the lowest
return levels, while zone 2 had the highest return levels. Zone 1 had the lowest return
levels over the 1000-year period, while zone 5 had the highest return levels.

Table 14 shows that the earthquake magnitude return level in cluster type II increases
over time. The earthquake return levels in the period from 10 to 1000 periods in each zone
is [4.63, 5.11], [4.67, 5.36], [4.39, 5.59], [4.58, 5.66], and [4.18, 5.6], [4.81, 10.74] respectively, as
presented in Figure 14.
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Figure 14. The earthquake magnitude return level in Cluster Type II.

Figure 14 shows that the earthquake magnitude return level in each return period for
all zones in cluster type II is increasing. In the 10th year, the return level in zones 5 and
3 is at its lowest point, while the highest is in zone 1. The longer the period, the higher
the earthquake magnitude return level. In 1000 years, the return level in zone 5 has the
highest magnitude, while the lowest is in zone 1. 5.11 SR, 5.36 SR, 5.59 SR, 5.66 SR, 5.60 SR,
and 7.66 SR are the magnitude return levels that indicate that the average magnitude was
exceeded in the last 1000 years in each zone with a confidence level of 99.9%. The results
obtained are used to determine the coupon payment function for each subregion presented
in Equation (26).

4.6.2. Simulation the Archimedean Copula Distribution Function for Earthquake
Magnitude and Earthquake Depth

We modeled the distribution of the dependencies of the magnitude and depth of
the earthquakes using the Archimedean copula, because it can describe the asymmetrical
correlation between variables and tail features well [24]. The Archimedean copula used
has been described in Table 2, and selecting a suitable theoretical distribution uses the AIC
criteria. The data processing in this section is performed using the RStudio application.
The results of the estimation of parameter values and the KS test and the joint PDF for
clustering types I are presented in Tables 15 and 16.

Table 15. Parameter estimation results and AIC values in Cluster Type I.

Zone Distribution ^
θz

τz Loglike AIC Value

1
Clayton 1.04 0.34 1.53 −1.05
Gumbel 1.43 0.3 0.77 0.47
Frank 3.23 0.33 1.28 −0.55

2
Clayton 1.36 0.41 4.49 −6.98
Gumbel 1.59 0.37 3 −4.01
Frank 3.91 0.38 3.71 −5.42

3
Clayton 0.52 0.21 0.55 0889
Gumbel 1.23 0.19 0.73 0.53
Frank 1.45 0.16 0.58 0.85

4
Clayton 0.36 0.15 0.17 1.67
Gumbel 1.03 0.03 0.00 1.99
Frank 0.55 0.06 0.04 1.93

5
Clayton 0.32 0.14 3.05 −4.11
Gumbel 1.1 0.09 2.36 −2.71
Frank 1.12 0.12 4.05 −6.11
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Table 16. The joint CDF of magnitude and depth of earthquakes in Cluster Type I.

Zone Cumulative Distribution Function

1
(

m*
1
−1.04

+ d*
1
−1.04 − 1

)−0.96

2
(

m*
2
−1.36

+ d*
2
−1.36 − 1

)−0.73

3 e−((−ln m*
3)

1.23
+(−ln d*

3)
1.23

)
0.81

4
(

m*
4
−0.36

+ d*
4
−0.36 − 1

)−2.78

5 − 1
0.89 ln

(
1 +

( (
e−1.12m*

6−1
)(

e−1.12d*
6−1

)
e−1.12−1

))

The selection of the suitable Archimedean copula family in describing magnitude
and depth of earthquakes for the member of clustering type I based on the smallest AIC
value. Table 15 shows the smallest AIC values in cluster type I. The zones 1, 2, and 4
are the Clayton distribution, zone 3 is the Gumbel distribution, and zone 5 is the Frank
distribution.

The plot of the copula density function for depth and magnitude of earthquakes in
Table 16 is presented in Figure 15.
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Figure 15. The plot of joint density function cluster type I.

Figure 15a–e show the plot of the joint density function of the depth and magnitude of
earthquakes for zone 1, zone 2, zone 3, zone 4, and zone 5 in cluster type I. In Figure 15a,b,d
has a lower tail, Figure 15c has an upper tail, and Figure 15e has a symmetric tail. The
results of the estimation of parameter values and the KS test and the joint PDF for clustering
types II are presented in Tables 17 and 18.
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Table 17. Parameter estimation results and AIC values in Cluster Type II.

Zone Distribusi ^
θz

τz Loglike Nilai AIC

1
Clayton 1.04 0.34 1.53 −1.05
Gumbel 1.43 0.3 0.77 0.47
Frank 3.23 0.33 1.28 −0.55

2
Clayton 1.36 0.41 4.49 −6.98
Gumbel 1.59 0.37 3 −4.01
Frank 3.91 0.38 3.71 −5.42

3
Clayton 0.52 0.21 0.55 0.889
Gumbel 1.23 0.19 0.73 0.53
Frank 1.45 0.16 0.58 0.85

4
Clayton 0.36 0.15 0.17 1.67
Gumbel 1.03 0.03 0.00 1.99
Frank 0.55 0.06 0.04 1.93

5
Clayton 0.01 0 0 2.00
Gumbel 1 0 0 2.00
Frank 0.12 0.01 0 1.94

6
Clayton 0.84 0.3 7.75 −13.50
Gumbel 1.23 0.19 2.59 −3.18
Frank 2.43 0.25 5.96 −9.93

Table 18. The joint cumulative distribution function of magnitude and depth of earthquakes in
Cluster Type II.

Zona F(M*
z,D*

z)

1
(

m*
1
−1.04

+ d*
z
−1.04 − 1

)−0.96

2
(

m*
2
−1.36

+ d*
2
−1.36 − 1

)−0.73

3 e−((−ln m*
3)

1.23
+(−ln d*

3)
1.23

)
0.81

4
(

m*
4
−0.36

+ d*
4
−0.36 − 1

)−2.78

5 −8.33ln

(
1 +

( (
e−0.12m*

5−1
)(

e−0.12d*
5−1

)
e−0.12−1

))
6

(
m*

6
−0.84

+ d*
6
−0.84 − 1

)−1.19

The selection of the suitable Archimedean copula family for describing depth and
magnitude of earthquakes for cluster type II based on the smallest AIC value. Table 17
shows the smallest AIC values in zones 1, 2, 4, and 6 of the Clayton distribution, zone 3 OF
the Gumbel distribution, and subregion 5 of Frank.

The plot of the joint density function of the depth and magnitude of the earthquakes
in Cluster Type II is presented in Figure 16.

Figure 16a–f show the plot of the joint density function of the depth and magnitude of
earthquakes for zones 1, 2, 3, 4, 5, and 6 in cluster type II. Figure 16a,b,d,f have a lower tail;
Figure 16c has an upper tail; and Figure 15e has a symmetrical tail.
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4.7. Interest Rates and Coupons Prediction

Predict interest rates and coupon rates using the FTS Singh method with the help of
the Rstudio application.

4.7.1. Interest Rate Predictions

The data used in predicting interest rates is Bank Indonesia (BI) interest rate data from
2009 to 2021. The steps in calculating interest rate predictions are as follows:

Step 1. Defines the universal set t of interest rates U = [3, 9]
Step 2. Partitioning the set U into 9 interval intervals (linguistic values)

u1 = [3, 3.66667], u2 = [3.66667, 4.33333], u3 = [4.33333, 5], u4 = [5, 5.66667],
u5 = [5.66667, 6.33333], u6 = [6.33333, 7], u7 = [7, 7.66667],

u8 = [7.66667, 8.33333], u9 = [8.33333, 9]

Step 3. Defining the nine fuzzy sets A1, A2, . . . , A9 as linguistic variables in the univer-
sal set U defined in Table 19.

Table 19. Interest rate linguistic variable.

A1 The lowest interest rate
A2 lower interest rate
A3 Low interest rate
A4 Below-average interest rate
A5 Average interest rate
A6 Upper-interest rate
A7 High-interest rate
A8 Higher interest rate
A9 The highest coupon rate



Mathematics 2023, 11, 689 30 of 44

The membership function of the interest rate linguistic variable is defined in
Equation (27).

A1 = 1
u1

+ 0.5
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A2 = 0.5
u1

+ 1
u2

+ 0.5
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A3 = 0
u1

+ 0.5
u2

+ 1
u3

+ 0.5
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A4 = 0
u1

+ 0
u2

+ 0.5
u3

+ 1
u4

+ 0.5
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A5 = 0
u1

+ 0
u2

+ 0
u3

+ 0.5
u4

+ 1
u5

+ 0.5
u6

+ 0
u7

+ 0
u8

+ 0
u9

A6 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0.5
u5

+ 1
u6

+ 0.5
u7

+ 0
u8

+ 0
u9

A7 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0.5
u6

+ 1
u7

+ 0.5
u8

+ 0
u9

A8 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0.5
u7

+ 1
u8

+ 0.5
u9

A9 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0.5
u8

+ 1
u9

(27)

Step 4. Defuzzify the interest rate, build the FLR, and then define the fuzzy relation
group (FRG) denoted in Equation (28).

A1 → A1; A2 → A1, A2, A3; A3 → A2, A3, A4; A4 → A3, A4, A5; A5 → A4, A5, A6;
A6 → A4, A5, A6, A7; A7 → A6, A7, A8; A8 → A7, A8; A9 → A8

(28)

Step 5. Make forecasts using the rules presented in Algorithm 4. Forecasting results
are presented in Figure 17.
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Figure 17. Actual vs. forecasting of the interest rate using FTSS.

Figure 17 shows that the actual and predicted interest rate curves are very similar. For
example, with a means squared error (MSE) value of 1.4%, this shows that the forecasting
results using FTS Singh are very good. The predicted interest rate results are presented in
Table 20.

Table 20. Forecasting the interest rate at T = 1, 2, 3, 4, 5.

^
r1

^
r2

^
r3

^
r4

^
r5

Prediction 3.429 3.392 3.370 3.356 3.347

Table 20 shows the prediction of the interest rate decreasing annually.

4.7.2. The Coupon Rate Prediction

The data used in the coupon rate prediction is LIBOR interest rate data from 2009 to
2021. The steps in calculating the coupon rate prediction are as follows:

Step 1. Defines the universal set of interest rates U = [0, 4]
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Step 2. Partitioning the set U into 9 intervals (linguistic values)

u1 = [0, 0.4444], u2 = [0.4444, 0.8889], u3 = [0.8889, 1.3333],
u4 = [1.3333, 1.7778], u5 = [1.7778, 2.2222], u6 = [2.2222, 2.6667],

u7 = [2.6667, 3.1111], u8 = [3.1111, 3.5556], u9 = [3.5556, 4]

Step 3. Define nine fuzzy sets A1, A2, . . . , A9 as a linguistic variable in the universe set
U which is defined in Table 21 as follows:

Table 21. The coupon rate linguistic variable.

A1 The lowest coupon rate
A2 Lower coupon rate
A3 low coupon rate
A4 Below average coupon rate
A5 Average coupon rate
A6 Upper coupon rate
A7 High coupon rate
A8 Higher coupon rate
A9 The highest coupon rate

The membership function of the coupon rate linguistic variable is defined in
Equation (29).

A1 = 1
u1

+ 0.5
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A2 = 0.5
u1

+ 1
u2

+ 0.5
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A3 = 0
u1

+ 0.5
u2

+ 1
u3

+ 0.5
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A4 = 0
u1

+ 0
u2

+ 0.5
u3

+ 1
u4

+ 0.5
u5

+ 0
u6

+ 0
u7

+ 0
u8

+ 0
u9

A5 = 0
u1

+ 0
u2

+ 0
u3

+ 0.5
u4

+ 1
u5

+ 0.5
u6

+ 0
u7

+ 0
u8

+ 0
u9

A6 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0.5
u5

+ 1
u6

+ 0.5
u7

+ 0
u8

+ 0
u9

A7 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0.5
u6

+ 1
u7

+ 0.5
u8

+ 0
u9

A8 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0.5
u7

+ 1
u8

+ 0.5
u9

A9 = 0
u1

+ 0
u2

+ 0
u3

+ 0
u4

+ 0
u5

+ 0
u6

+ 0
u7

+ 0.5
u8

+ 1
u9

(29)

Step 4. Defuzzify the coupon rate, build the FLR, and then define the FRG, as presented
in Equation (30).

A1 → A1, A2; A2 → A1, A2, A3; A3 → A2, A3, A4, A5; A4 → A3, A4, A5;
A5 → A4, A5, A6; A6 → A5, A6, A7;

A7 → A6, A7, A8; A8 → A7, A9 → NA
(30)

Step 5. Perform forecasting using the rules that have been presented in Algorithm 4.
A visualization of the results of forecasting interest rates using FTS Singh is presented in
Figure 18.
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The forecasting results in Figure 18 show that the curve of the forecasting coupon rate
is similar to the actual curve, with a MSE of 0.4%. This shows that the forecasting results
using FTS Singh are very good. The amount of the predicted coupon rate will be used in
determining the price of the earthquake disaster bond for a single period. The prediction
results after 5 years are presented in Table 22.

Table 22. Forecasting the coupon rate for T = 1, 2, 3, 4, 5.

Year ^
c1

^
c2

^
c3

^
c4

^
c5

Prediction 0.645 0.653 0.658 0.662 0.663

Table 22 shows the prediction of the coupon rate increasing annually.

4.8. Simulation of the Expected Coupon Amount, Interest Rates, and Face Amount of SEB Price

In this section, a simulation of the expected coupon amount, interest rate, and face
amount of SEB in cluster types I and II is presented.

4.8.1. Simulation of the Expected Coupon Amount and Interest Rate

The model used in calculating the expected coupon amount to be received by bond-
holders at maturity T uses Equation (19). The calculation of the probability of type I and
type II earthquakes uses a threshold value

(
mTqz

)
according to the earthquake return level

over a period of 1000 years. The calculation results for each type of clustering are presented
in Tables 23 and 24.

Table 23. The calculated probability of type I and type II earthquakes in cluster type I.

Probability
Zone

Z1 Z2 Z3 Z4 Z5

P(E1|Gz) 0.0013 0.0011 0.0010 0.0025 0.0010

P(E2|Gz) 0.9987 0.9989 0.9990 0.9975 0.9990

Table 24. The Calculated Probability of Type I and Type II Earthquakes in Cluster Type II.

Probability
Zone

Z1 Z2 Z3 Z4 Z5 Z6

P(E1|Gz) 0.0013 0.0011 0.0010 0.0010 0.0010 0.0010

P(E2|Gz) 0.9987 0.9989 0.9990 0.9990 0.9990 0.9990

Table 23 shows that the highest probability of an earthquake of type 1 is in zone 4,
while the lowest is in zones 3 and 5.

Table 24 shows that the probability of an earthquake of type 1 in zone 3, zone 4, zone 5,
and zone 6 is 0.001, while in zone 1 and zone 2 it is 0.0013 and 0.0011, respectively. The total
probability of an earthquake of type 1 in clustering type I is 0.001025, while the probability
of an earthquake of type 1 in clustering type II is 0.0010014. The results of calculating
P(T1 > t) for each clustering type are shown in Table 25.

Table 25. The calculated P(T1 > t) in cluster type I and II.

Cluster Type P(T1>1) P(T1>2) P(T1>3) P(T1>4) P(T1>5)

I 0.97371 0.94810 0.92317 0.89890 0.87527
II 0.97398 0.948636 0.923952 0.899911 0.876495
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The results of calculating the expected coupon amount and the expected interest rate
for maturity times T = 1, 2, 3, 4, 5 are presented in Tables 26 and 27.

Table 26. The calculated result of expectation coupon amount with time maturities 1, 2, 3, 4, and
5 years (IDR).

Cluster Type T=1 T=2 T=3 T=4 T=5

I 3140 6196 9161 12,035 14,816

II 3141 6198 9167 12,046 14,831

Table 27. The calculated result of the expected interest rate with time maturities 1, 2, 3, 4, and 5 years
(in %).

Cluster Type T=1 T=2 T=3 T=4 T=5

I 1.669 3.269 4.803 6.278 7.6961

II 1.670 3.270 4.807 6.284 7.704

The expected coupon amount based on seismic information cluster type II is greater
than the expected coupon amount for cluster type I, as shown in Table 26.

As shown in Table 27, the expectation of the interest rate based on seismic information
cluster type II is greater than the expectation of the interest rate for cluster type I.

4.8.2. Simulation of the Calculation of Face Amount

The calculated result of probability type-i, where i = 1, 2, . . . , 11 and expectation face
amount of SEB for the member of cluster type I and cluster type II presented in Tables 28
and 29.

Table 28. The calculated result of probability type-i and expectation of face amount for clustering
type I.

Earthquake
Type Zone 1 Zone 2 Zone 3 Zone 4 Zone 5 P(Qi) fi fi×P(Qi)

1 0.5000 0.5000 0.5000 0.5000 0.5000 0.5 1,000,000 500,000
2 0.0276 0.0263 0.0352 0.030985 0.034202 0.033 900,000 29,700
3 0.0392 0.0418 0.0359 0.034669 0.034069 0.035 800,000 28,000
4 0.0332 0.0319 0.0288 0.034347 0.031728 0.032 700,000 22,400
5 0.0348 0.0353 0.0378 0.067975 0.036765 0.038 600,000 22,800
6 0.0380 0.0402 0.0356 0.034118 0.033881 0.035 500,000 17,500
7 0.0272 0.0246 0.0266 0.032025 0.029354 0.029 400,000 11,600
8 0.0451 0.0484 0.0405 0.037793 0.039404 0.04 300,000 12,000
9 0.0345 0.0349 0.0350 0.033126 0.033509 0.034 200,000 6800

10 0.0205 0.0168 0.0245 0.029081 0.027087 0.026 100,000 2600
11 0.2000 0.2000 0.2000 0.2000 0.2000 0.2 0 0

The face amount expectation 653,400
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Table 29. The calculated result of probability type-i and expectation of face amount for clustering
type II.

Earth-
quake
Type

Zone 1 Zone 2 Zone 3 Zone 4 Zone 5 Zone 6 P(Qi) fi fi×P(Qi)

1 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5 1,000,000 500,000
2 0.0276 0.0263 0.0352 0.0310 0.0335 0.0285 0.031 900,000 27,900
3 0.0392 0.0418 0.0359 0.0347 0.0333 0.0377 0.036 800,000 28,800
4 0.0332 0.0319 0.0288 0.0343 0.0332 0.0338 0.033 700,000 23,100
5 0.0348 0.0353 0.0378 0.0339 0.0337 0.0345 0.034 600,000 20,400
6 0.0380 0.0402 0.0356 0.0341 0.0333 0.0367 0.035 500,000 17,500
7 0.0272 0.0246 0.0266 0.0320 0.0329 0.0288 0.031 400,000 12,400
8 0.0451 0.0484 0.0405 0.0378 0.0340 0.0430 0.038 300,000 11,400
9 0.0345 0.0349 0.0350 0.0331 0.0333 0.0341 0.034 200,000 6800

10 0.0205 0.0168 0.0245 0.0291 0.0327 0.0229 0.028 100,000 2800
11 0.2000 0.2000 0.2000 0.2000 0.2000 0.2000 0.2 0 0

The expectation face amount 651,100

Tables 28 and 29 show, the face amount expectation of cluster type I is greater than the
face amount expectation for cluster type II.

4.9. Simulating SEB Price Based on Seismic Information in Cluster Types I and II

Based on the results obtained in the previous section, SEB prices at maturity T = 1, 2, 3,
4, and 5 for cluster types I and II are presented in Table 30.

Table 30. SEB price at T = 1, 2, 3, 4, 5 years in the clustering type I and II (IDR).

Clustering
Type

SEB Price

T=1 T=2 T=3 T=4 T=5

I 614,181 607,250 600,689 594,463 584,326

II 612,027 605,126 598,591 592,387 586,483

Table 30 calculates the SEB price using Equation (24) with a 0.05 extra premium and
the threshold set at the 1000-year period of earthquake return level. The face amount payoff
function refers to Equation (25), while the coupon payment function for clustering type I is
presented in Equation (31) and for clustering type II is presented in Equation (32).

YI(C, FV)t =

{
IDR.1, 000, 000Ct M < 7.66

0 M ≥ 7.66
(31)

Y2(C, FV)t =

{
IDR.1, 000, 000Ct M < 10.74

0 M ≥ 10.74
(32)

The threshold values in Equations (31) and (32) are obtained based on the maximum
return level values for a period of 1000 years.

5. Discussion

West Java is one of the provinces in Indonesia that is prone to earthquakes because it
is located on an active plate boundary between the oblique subduction of the Australian
plate under Sumatra and the orthogonal subduction along Java [62], therefore causing
several active faults, namely the Cimandiri, Lembang, and Baribis faults, and several
active volcanoes, namely Mount Salak and Mount Pangrango in Bogor, Mount Guntur and
Mount Papandayan in Garut, Mount Galunggung in Tasikmalaya, and Mount Ciremai in
Kuningan [63]. Based on historical earthquake data from 2009 to 2021, West Java Province
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experienced an earthquake with a magnitude of 7.3 in 2009, which caused economic
losses of IDR 6.9 trillion [64], while the contingency fund budget in the state revenue and
expenditure budget provided was IDR 3 trillion [65]. This means that the capacity of the
2009 state budget can only cover half of the losses from the Tasikmalaya disaster. For this
reason, it is necessary to find a new source of funds through the issuance of earthquake
bonds to overcome the budget deficit caused by the earthquake. The most important aspect
of issuing earthquake bonds is determining the price. In this study, the pricing framework
for SEB has been described in detail. The results obtained at each stage of the earthquake
insurance pricing framework will be described as follows.

5.1. Analysis of b Values in the Gutenberg-Richter Equation, Fractals, and Distances between
Earthquake Events in West Java Province

The b value in the Gutenberg-Ritcher equation describes the seismic level of the
physical state of the observation area [66]. Based on Table 8, the b value for each district
and city in West Java Province is in the range [0.33, 1.206]. Usually the value of b is 1 [67],
but this problem is not clear, and variations in the value of b are still being discussed
by experts [68,69]. There are many factors that cause the deviation of the b value from
the normal value of 1, namely areas on a small scale over several to tens of kilometers;
the accuracy of the b value is also affected by the low number of events [66]; spatial
and temporal variations cause the b value to be very large [70]; an increase in material
heterogeneity or crack density results in a high b value [67]; an increase in the applied shear
stress [71]; or an increase in the effective stress decreases the b value [72].

The highest b value occurred in Ciamis at 1.206; this indicates material heterogeneity
and high stress can be withstood [73]. The lowest b value occurs in Tasikmalaya at 0.33,
reflecting high stiffness so that the area can accumulate higher stresses and release them
suddenly. In addition, a low b value reflects that an earthquake of large magnitude has
occurred in this area [73]. The results of these calculations are in accordance with historical
earthquake data in Tasikmalaya, which indicates that in 2009 there was an earthquake with
a magnitude of 7.3 on the Richter scale.

The fractal dimension is a direct indicator of material heterogeneity and strength
that can be used for seismic hazard estimation [74]. The fractal dimension ranges from 0
to 2, where 0 implies that the epicenters are clustered into one point, while a value of 2
implies that the epicenters are distributed homogeneously [75]. There is 1 area that has
fractals above 2, namely Ciamis; this is due to the high b value due to spatial and temporal
variations [70].

The earthquake phenomenon can be explained by power laws related to STDM space
and fractals [73]. This can be described by the STDM distance; however, the calculation
uses the magnitude, depth, fractal, and b-value. The STDM distance will be small if the
occurrence of the (i + 1)-th earthquake is greater than the i-th earthquake, while it will
be greater if the i-th and (i + 1)-th earthquakes have a weak relationship. The average
STDM distance in West Java province is 11.14. An example is that in 2009, Tasikmalaya was
rocked by a 7.3 SR earthquake at a depth of 30 km, and eight years later, another earthquake
occurred in Tasikmalaya with a magnitude of 6.9 SR at a depth of 108 km.

Based on the seismic characteristics of each district and city in West Java Province, it is
hoped that the Indonesian government will be able to immediately seek new sources of
funds through earthquake bonds due to the possibility that the potential for earthquakes
will increase in the coming year. This is considered more profitable than issuing bonds after
an earthquake catastrophe occurs because it can burden the state budget in the following
year. However, the issuance of catastrophe bonds can provide benefits derived from
investing the funds collected from the investor. The framework for the SEB pricing model
can be used as a reference by the Indonesian government in determining the SEB price for
issuing earthquake catastrophe bonds.
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5.2. Single Earthquake Bond Price Analysis Based on on Seismic Information in Cluster Types I
and II

The simulation of SEB prices for types I and II uses a threshold value obtained from the
value of the return level over a period of 1000 years. The simulation results are presented
in Figure 19.
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and the SEB price is unidirectional. The longer the earthquake return period, the higher 
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IDR 1, 000, 000, T = 1, 2, 3, 4, 5.

Figure 19 shows that the SEB price based on seismic information in Cluster II is lower
than Type I for maturities of 1 to 4 years. However, at maturity (5 years), it is higher than
type I. If SPV wants to issue bonds at a lower price at a maturity of 1 to 4 years, then
choosing cluster type II is recommended. However, if the SPV wants a maturity of 5 years,
it is recommended to use the type I clustering calculation.

The SEB price and maturity time are inversely related. Further, long-term maturity
results in a lower SEB price. The results of this analysis are in line with studies [76].

5.3. Analysis of SEB Prices Based on the Earthquake Return Period

The single earthquake bond (SEB) price simulation is based on the return period with
maturity time T = 1, 2, 3, 4, 5 in the cluster type II. The simulation results are presented in
Figure 20.

Mathematics 2023, 11, x FOR PEER REVIEW  37 of 46 
 

 

 

 

 

 

 

 

 

 

Figure 19. SEB Price based on seismic information in cluster types I and II with e = 0.05, PV =IDR 1,000,000, T = 1,2,3,4,5 

Figure 19 shows that the SEB price based on seismic information in Cluster II is lower 
than Type I for maturities of 1 to 4 years. However, at maturity (5 years), it is higher than 
type I. If SPV wants to issue bonds at a lower price at a maturity of 1 to 4 years, then 
choosing cluster type II is recommended. However, if the SPV wants a maturity of 5 years, 
it is recommended to use the type I clustering calculation. 

The SEB price and maturity time are inversely related. Further, long-term maturity 
results in a lower SEB price. The results of this analysis are in line with studies [76].  

5.3. Analysis of SEB Prices Based on the Earthquake Return Period 
The single earthquake bond (SEB) price simulation is based on the return period with 

maturity time T =  1, 2, 3, 4, 5 in the cluster type II. The simulation results are presented 
in Figure 20. 

 

 

 

 

 

 

 

 

 

Figure 20. SEB price based on return level in cluster type II with 𝑒 = 0.05, 𝑃𝑉 = 𝐼𝐷𝑅 1,000,000, 𝑇 =1,2,3,4,5, 𝑅𝑒𝑡𝑢𝑟𝑛 𝑃𝑒𝑟𝑖𝑜𝑑 = 10,20,50,100,200,500,10000 

Figure 20 shows tthat the relationship between the return period of the earthquake 
and the SEB price is unidirectional. The longer the earthquake return period, the higher 
the SEB price. 

Figure 20. SEB price based on return level in cluster type II with e = 0.05, PV = IDR 1, 000, 000, T =

1, 2, 3, 4, 5, ReturnPeriod = 10, 20, 50, 100, 200, 500, 10, 000.



Mathematics 2023, 11, 689 37 of 44

Figure 20 shows tthat the relationship between the return period of the earthquake
and the SEB price is unidirectional. The longer the earthquake return period, the higher the
SEB price.

5.4. Analysis of the Relationship between Interest Rates and SEB Prices

The analysis of interest rates on SEB prices employs Monte Carlo simulation, which
generates 1000 random interest rates. Based on seismic information for Cluster Type II, the
result of the SEB price is presented in Figure 21.
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Figure 21 shows that interest rates and SEB prices are inversely related. The higher
the interest rate, the lower the SEB price. The results of this analysis are in line with
studies [1,12,77].

5.5. Analysis of the Relationship between Coupon Rates and SEB Prices

The coupon rate analysis of SEB prices uses Monte Carlo simulation by generating
random coupon rate numbers 1000 times. Based on seismic information for Cluster Type II,
the result of the SEB price is presented in Figure 22.
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Figure 22 shows that the relationship between coupon rates and bond prices is unidi-
rectional. A higher coupon rate results in an increase in the price of earthquake bonds. The
results of the analysis of the interest rate relationship The results of this analysis are in line
with studies [1,12,77].
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6. Conclusions

The framework for the SEB pricing model based on multiregional seismic information
is proposed to improve the weaknesses of multiregional earthquake bonds. In addition,
it also uses a double parameter trigger type, namely the earthquake magnitude and the
earthquake depth, in the face amount payoff function. This is considered more transparent
than the indemnity trigger type, modeled loss trigger, and industrial loss trigger; however,
it can also describe the severity of the earthquake. The improved prediction of interest rates
and coupons using the FTSS helps avoid negative prediction results, and the calculation
of the present value of interest rates better describes the seismic conditions of the insured
area by calculating expected interest rates using the Poisson process concept and the total
probability of a type I earthquake occurrence.

The SEB’s pricing model framework consists of eight stages. The first stage is to
divide the coverage area into several zones based on the earthquake disaster risk index
(EDRI). Furthermore, the subregions in the EDRI category will be grouped using the K-
Means algorithm and the K-Medoids algorithm. The second stage is defining the trigger
mechanism, and the third stage is selecting earthquake magnitude data using the POT
method. The fourth stage involves modeling the distribution of earthquake magnitude
using GPD and the AC distribution of earthquake magnitude and earthquake depth. The
fifth stage is predicting interest rates and coupons using the FTSS. The sixth stage is to
formulate a model for calculating expected coupon amounts and interest rates using the
Poisson process and the total probability of Type 1 earthquake events. The seventh step is
to formulate a model for calculating the expected face amount of SEB using the expectation
concept of the total probability of earthquake type 1 events. The eighth stage is modeling
SEB prices.

The simulation of the coverage area for SEB was carried out in West Java Province
because it is prone to earthquakes. More than half of the provinces in Indonesia have a high
EDRI. Additionally, based on the b-value of the historical earthquake magnitude data, the
highest b-value occurred in Ciamis which indicates material heterogeneity and high stress
can be withstood. The lowest b value occurs in Tasikmalaya, reflecting high stiffness so
that the area can accumulate higher stresses and release them suddenly or reflecting that an
earthquake of large magnitude has occurred in this area. The b value around 0.5 occurred
in Kuningan, Subang, Karawang, Bekasi, and Cianjur. Statistically speaking, a region with
a b-value of 0.5 has a higher percentage of large earthquakes than a region with a b-value
of 1.0. Based on the b-value, we can conclude that many areas in west Java province are
vulnerable to large earthquakes.

It is hoped that the Indonesian government will be able to immediately seek new
sources of funding through earthquake bonds due to the possibility that the potential for
earthquakes will increase in the upcoming year based on the seismic characteristics of each
district and city in West Java Province. Consequently, it could put a strain on the state
budget next year. The issued earthquake bonds are thought to be more profitable than
issuing bonds in the wake of an earthquake calamity. However, the sale of catastrophe
bonds may offer advantages resulting from the investor’s investment. As a result, the
Indonesian government can utilize the SEB pricing framework as a guide when setting the
SEB price for issuing earthquake bonds.

Additionally, the result obtained based on simulation is that the price of SEB based
on the clustering result of type I is higher than the price of SEB based on the clustering
result of type II at maturities of 1 to 4 years. However, if the maturity is 5 years, the price
of SEB based on the clustering result of type I is lower than the price of SEB based on the
clustering result of type II. This can be used as a consideration for the SPV in determining
the price of SEB based on maturity. If the SPV wants a lower offering price at maturity of 1
to 4 years, then cluster type II is chosen. The SPV can choose cluster type I if it wants to
offer bonds with a maturity of 5 years. The advantages of SEB Price using clustering type II
are more attractive to investors because they produce higher coupons.
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The analysis of the SEB price shows a unidirectional relationship between the earth-
quake’s return period and the SEB price, meaning that the longer the return period is, the
more expensive SEB will be. The relationship between interest rates and SEB prices is
inverse, meaning that the higher the interest rate, the lower the SEB price. In contrast, the
relationship between coupon rates and bond prices is unidirectional, meaning that a higher
coupon rate causes a rise in the SEB price.

The proposed model framework can be used for other catastrophe bonds (floods,
droughts, etc.). Several model extensions are possible, including regional decomposition
that accounts for PGA, fuzzy logic that can be used to model the expected face amount, a
coupon amount, and interest rate, and coupon predictions that account for other economic
variables such as inflation.

The SEB valuing framework developed in this study is expected to be able to assist the
super-purpose vehicle (SPV) in determining the price of earthquake bonds. Furthermore,
the government of Indonesia can find new sources of funding for earthquake disaster
management. This study can be a reference for other researchers developing earthquake
disaster bond pricing models.
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Nomenclature

W the area of coverage.
I the number of subregions in W.
Z The number of zones.
E the category of EDRI.
Wi the i-th subregion in W.
WE the cluster result of EDRI categories.
WEi the subregion i in WE
WEiz the subregion i in zone z.
i the earthquake event at time i.
j the earthquake event at time (i + 1).
τij the time difference between two earthquake events

(
τij = tj − ti

)
.

rij the haversine distance between two earthquake events.
b Gutenberg Richer parameter.
k fractal.
εi the earthquake depth of the i-th earthquake event.
mi the earthquake magnitude of the i-th earthquake event.
m0 the minimum threshold value of the observed earthquake magni-

tude.
ηij the STDM distance.
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Tij the outcome of rescaling τij
Rij the outcome of rescaling rij.
Ei the outcome of rescaling εi.
P the number of clusters.
I the number of the variable random.
J the number of the data.
P* the optimal number of cluster
xij the data of observation for the i-th data and j-th variable.
vp the center of cluster p.
dist

(
xij, vp

)2 the square of the distance of xij to vp.
dij the distance of xij to vp
S(p) the sum of square of cluster p
xijp the data of observation, which member
np the number of cluster p
mp the medoids of of cluster p
cp cost of cluster p
FV the face amount of SEB.
T the maturity time.
i the i-th face amount payoff function.
fi the proportion of i-th face amount.
S(FV) the payoff function of face amount.
r̂t the value prediction of interest rate at time t.
ĉt the value prediction of coupon rate at time t.
ep the extra premium to bear risk of earthquake.
M the largest earthquake that has occurred in each zone at the interval

(t, t + 1).
D the earthquake depth in m.
t the year before maturity.
Y(C, FV)t the coupon payoff function at time t.
Ct the coupon amount at time t.
Tqz

the return period in zone z
mTqz

the earthquake magnitude return level at period Tq in zone z.
mTq the maximum magnitude earthquake return level for mTqz

in cover-
age area W.

N the number of the earthquake occurrence.
Z the number of zones.
{M 1z, M2z, . . . , MNz} the set of independent and identically random variables representing

the earthquake’s magnitude in zone z.

{M *
1z, M*

2z, . . . , M*
Nz

}
the set of earthquake magnitude, with a POT as an outcome.

{D 1z, D2z, . . . , DNz} the set of earthquake depth, which is correspond to Miz.

{D *
1z, D*

2z, . . . , D*
Nz

}
the set of earthquake depth, which is correspond to M*

iz.

F(M*
z) the cumulative distribution function of earthquake magnitude in the

z-th zone, with a POT as an outcome.
F(M*

z, D*
z) the dependences cumulative distribution function of earthquake

magnitude and earthquake depth, with a POT as an outcome.
ξz the GPD location parameter in zone z.
σz the GPD scale parameter in zone z.
κz the GPD shape parameter in zone z.
F(M*

z|κz, ξz,σz) the cumulative distribution function of GPD.
m*

z the value of earthquake magnitude variable in zone z,
ξ̂z the estimation of location parameter in zone z.
σ̂z the estimation of scale parameter in zone z.
κ̂z the estimation of shape parameter in zone z.
C(Mz* ,D*

z)
(F(M*

z), F(D*
z)) the copula function of earthquake magnitude variable and earth-

quake depth variable.
F(M*

z) the cumulative distribution function of M*
z

F(D*
z) the cumulative distribution function of D*

z
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θz the parameter of AC distribution in zone z.
τz the Kendall’s tau correlation.
D1(θz) the Debye functions.
l(θz|(mz, dz)) the likelihood function of a copula in zone z.
Ei the earthquake event type i where i = 1, 2.
Gz the random variable that represent the occurrence an earthquake in

zone z.
P(Gz) the probability of earthquake occurs in zone z.
P(Ei|Gz) the probability of earthquake of type i occurs where the earthquake

event occurs in the z.
Nz(t) the number of earthquake event occurs in zone z at (0, t).
λ the rate of earthquake event in the W.
λt the rate of earthquake event in the W at time t.
n the number of earthquakes event
N1(t) the number of earthquake event type 1 at interval year (0, t).
N2(t) the number of earthquake event type 2 at interval year (0, t).
P(Ei) the total probability of earthquake type i occurs.
T1 the first time of earthquake type 1 occurs.
P(T1 > t) the probability of first-time earthquake type 1 occurs.
EQ(Ct) the expectation of coupon amount.
A(Ct) the accumulation of coupon amount at time t.
EQ(Rt) the expectation of interest rate at time t.
A(Rt) the accumulation amount at time t.
QiEQ1

(FV)EQ1
(FV) the earthquake type i, where i = 1, 2, . . . , 11.

P(Qi) the total probability type i.
P(Qi|Gz) the probability earthquake type i occurs where known the earth-

quake occurs in z.
EQ1

(FV) the expectation of face amount.
PSEB the single earthquake bond price.
U the universe discourses.
Bmin the minimum value of actual data.
Bmax the aximum value of actual data.
{u 1, u2, . . . , um} the set of intervals.
(A1, A2, . . . , Am) the set of linguistic variables.
Ai the fuzzy production in year n.
Aj the fuzzy production in year n + 1.[
A*

j

]
the supremum of Aj.

L
[
A*

j

]
the lower limit of uj.

U
[
A*

j

]
the upper limit of uj.

l
[
A*

j

]
the length of the uj.

M
[
A*

j

]
the middle value of the uj.

Fj the result of forecasting.
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