
American Journal of Economics 2015, 5(5): 488-494 
DOI: 10.5923/j.economics.20150505.08 

Catastrophe Risk Capital Charge: Evidence from the  
Thai Non-Life Insurance Industry 

Thitivadee Chaiyawat*, Pojjanart Vinijpitayakul 

Department of Statistics, Chulalongkorn Business School, Chulalongkorn University, Thailand 

 

Abstract  Natural catastrophes continue to significantly rise in these recent years. Catastrophe risk quantification is to 
explore to optimize capital consumption for hedging catastrophic losses. This study therefore focuses on the Loss 
Distribution Approach (LDA) measuring catastrophe risk economic capital based on financial service firm’s own historical 
loss data. Severity distribution is generated employing mathematical convolution usually conducted by Monte-Carlo 
simulation in practice. Catastrophe losses in this study are classified into 3 risk event types which are 1) flood, 2) windstorm, 
and 3) earthquake. The data of catastrophe risks of an insurance company in Thailand used in this study are from 2005 to 
2012. Firm-wide catastrophe losses distribution is believed to have strong dependence on the loss distribution of each risk 
event type. Therefore, this study conducts a dependence analysis between catastrophe risk profile of an insurance company 
using Gaussian, Student’s t, and Gumbel copula. Modeling dependence between severities and frequencies using dependence 
between risk profiles grasps diversification benefits and yields lower economic capital for catastrophe risk of an insurance 
company. In the case of believing that catastrophe loss would have the pattern of large claim similar to the past two years 
Gumbel copula, used under extreme value assessment, indicates that insurance company should hold a capital of THB1,870 
million or 77% of an insurer’s total available capital to hedge against catastrophe risks. However, if an insurer believes that 
catastrophe, especially flood, occurring in the past two years was the rare event, Gaussian copula assessment suggests that 
economic capital of only THB645 million, 27% of total available capital, should be enough to make sure that an insurer 
would be 99.9% financially solvent. 
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1. Introduction 
The term “catastrophe” in the property insurance industry 

denotes a natural or man-made disaster that is unusually 
severe. Such an event is generally considered a catastrophe 
by the insurance industry when claims are resulted in a large 
number of individual losses involving many insurance 
policies and expected to reach a certain amount threshold. 
Currently the threshold is set at USD25 million, and more 
than a certain number of policyholders and insurance 
companies are affected (Insurance Information Institute [1]). 
Natural catastrophes such as floods, storms, earthquakes, and 
hails have been the key risks for non-life insurers for decades. 
The average annual cost of insured claims from natural 
catastrophes has increased eight-fold since 1970. Claim 
amount has been increased from USD5 billion in the 1970s 
and 1980s to over USD40 billion in 2010 (Allianz Global 
Corporate & Specialty [2]). Natural catastrophe losses 
continue to significantly rise in these recent years. The  
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main reason is economic growth, population growth, 
urbanization, and a higher concentration of assets in exposed 
areas. In addition, the impact of climate change also 
contributes on the loss. This leads to a 10-year average in 
2004 to 2013 insured losses from weather-related events 
average rose to a 0.077% of global GDP. In 2013, Swiss Re 
reported that insured worldwide losses in a total of USD37 
billion are from natural catastrophe (Sigma [3]). Therefore, 
catastrophe risk has been a challenge for insurance industry 
due to a series of claim threatening insurers’ liability. High 
claim liability of an insurance company of course affects 
insurer’s financial solvency. 

Solvency II framework aiming on insurer’s financial 
solvency therefore recognizes that recently it is a new wave 
of demand for insurer to maintain sufficient capital in the 
future to cover catastrophe risks. It defines catastrophe risk 
as “the risk of loss, or of adverse change in the value of 
insurance liabilities, resulting from significant uncertainty of 
pricing and provisioning assumptions related to extreme or 
exceptional events” (Munich Re [4]). Catastrophe risk 
quantification is to explore the catastrophe risk sensitivity 
inherent in the methodology to optimize capital consumption 
for hedging catastrophic losses (Amendola [5]). Insurance 
regulators in many countries are therefore triggering the 
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development of a sound internal catastrophe risk model and 
quantification (International Association of Insurance 
Supervisors [6], [7]). 

NAIC [8] proposed catastrophe risk capital charge based 
on the worst once-in-100 years. Data will be used in the 
calculation of the catastrophe risk-based capital charge for 
property insurance companies. Using the worst year in 100 
means that aggregate losses from possible multiple events in 
one year should be modeled, not the worst single occurrence 
one in 100 year event. Risk-Based Capital (RBC) proposed 
by a catastrophe risk working group in 2014 would charge 
capital based on a property insurer’s catastrophe risk 
exposure for earthquake and hurricane by multiplying the 
RBC factors by the corresponding modeled losses and 
reinsurance recoveries. The charges for the hurricane and 
earthquake perils will be considered to be independent of 
each other. 

Solvency II proposed 2 valuation methods for insurance 
companies to test for catastrophe capital requirement. The 
two valuation methods are 1) Method 1: Standard Scenarios, 
and 2) Method 2: Factor-Based Approach (Munich Re [4]). 
Method 1 draws a distinction between natural catastrophes 
and man-made catastrophes. First, the catastrophe capital 
requirements for each peril are aggregated at country level to 
determine the catastrophe risk capital per peril. The 
catastrophe risk capital requirements are summed using a 
correlation matrix. The natural catastrophe risk capital and 
the risk capital for man-made catastrophes should then be 
aggregated on the assumption that they are independent of 
each other. Method 2 is a factor-based approach. The capital 
requirement is calculated by multiplying a risk factor by a 
volume figure. The risk factors relate to individual events. 
The volume figure is calculated by apportioning the gross 
premiums written for a business segment to the events. It 
was noted that insurance companies should only use method 
2 only if a company is not able to use method 1. Risk capital 
requirements vary considerably between countries across 
Europe. Some countries has capital requirement for natural 
catastrophes relates to windstorm scenarios. However, many 
countries have main risk exposure to earthquake. While in 
the other European Union (EU) countries flooding accounts 
for more than 80% of the main risk exposure. On average in 
the EU, just under 40% of natural catastrophe capital 
requirements relate to windstorm scenarios, around a third to 
flooding and 12.5% to each of earthquake and hailstorm.  

The Monetary Authority of Singapore (MAS) proposed, in 
2012, new risk categories--spread risk, operational risk, 
insurance catastrophe risk and liquidity risk--calculated for 
insurance risk-based capital charge according to RBC phase 
II framework (Munich Re [9]). MAS would like insurers to 
capture this catastrophe risk impact which includes 
man-made and natural catastrophe scenarios on both life and 
general insurers’ financial solvency (McHugh [10]).For life 
business, the explicit insurance catastrophic risk charge can 
be derived based on a pandemic event. The Office of 
Insurance Commission (OIC), a regulator of Thailand’s 
insurance industry adopted RBC in 2011 and has proposed 

RBC Phase II, tentatively implementing in 2016, to further 
measure operational risk, liquidity risk, group risk, and 
insurance catastrophe risk. Among new risks proposed for 
RBC phase II, catastrophe risk may be the most crucial risk 
for the Thai property casualty insurance industry. This is 
because in 2011 was a very notable year in Thailand as the 
country endured enormous damage in the wake of the worst 
flooding in at least five decades. Economic losses were 
estimated by the World Bank at THB1.4 trillion (USD45.7 
billion), which makes the floods one of the top five costliest 
natural disaster events in modern history. It was expected 
that insured losses from the July-December floods were in 
excess of THB337.0 billion (USD10.8 billion) (Aon 
Benfield [11]). Therefore, an analysis of catastrophe risk 
impact on the Thai insurer’s capital structure is interesting 
for all stakeholders. 

Loss Distributional Approach (LDA) measures 
catastrophe risk economic capital based on historical loss 
data. LDA involved two types of distribution fitting and 
analysis which are loss and frequency distribution. Then 
severity distribution is generated employing mathematical 
convolution usually conducted by Monte-Carlo simulation in 
practice (Glasserman [12]). Catastrophe loss data of general 
insurance company in Thailand are mainly from flood, 
windstorm, and earthquake.  

Firm-wide catastrophe losses distribution is believed to 
have strong dependence on the loss distribution of each risk 
event type—flood, windstorm, and earthquake (Zhao [13]). 
Copula is a function that joins or couples multivariate 
distribution function and marginal distribution function. 
Marginal and joint distribution function can be separated by 
using copula with appropriate dependence structure. It 
makes copula very useful to model multivariate distribution 
in practical views (Kole, et. al. [14]). 

2. Purpose of the Study 
This study investigates the implication for using internal 

model under actuarial loss distribution approach as a method 
to assess economic capital charges for catastrophe risk for 
property casualty insurance companies. 

3. Importance of Research 
This study is important for at least three reasons. First, this 

study estimates economic capital for property casualty 
insurance companies on the basis of capital optimization. 
The amount of capital required under catastrophe loss based 
on historical data of an insurer’s experience. 

Second, the study recognizes that some insurance firms 
have dependent or correlated losses and risk event types 
which may cause a lower requirement of capital charges for 
hedging financial insolvency due to catastrophe risk 
coverage. Therefore, copula is employed in this study to find 
the magnitude of correlation and therefore a reduction in 
catastrophe risk capital requirement. 
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This research additionally expands the body of knowledge 
related to risk-based capital of the insurance industry in 
developing countries. Despite the importance of the capital 
requirement under a risk-based capital philosophy, not many 
studies have examined catastrophe risk economic capital 
charges of an insurance market especially in a developing 
country. 

4. Insurance Review of Literature on 
Efficiency 

National Association of Insurance Commissioners (NAIC) 
risk-based capital requirement for catastrophe risk charge 
calculates the sum of (1) net catastrophe loss and (2) 
additional component intended to address the risk of ceded 
reinsurance being uncollectible, for the worst year in 100. 
This approach is also used for the calculation of the 
earthquake catastrophe charge, and the hurricane catastrophe 
charge (Navigation Advisors [15]). The formula used to 
calculate either earthquake or hurricane loss is as follows: 

Catastrophe losses = Net Catastrophic Loss + Risk Factor 
x Ceded Reinsurance Amounts based on “worst year in 100” 
modeled losses            (1) 

Value-at-risk (VaR) at 99th percentile of the catastrophe 
losses would be used to calculate earthquake and hurricane 
catastrophe capital charge. 

The Monetary Authority of Singapore (MAS) allowed 
insurers to develop their own empirical model as an 
alternative to the standardized approach to quantify required 
capital for catastrophe risk. Financial resources are required 
to meet at least total risk requirement corresponding to a VaR 
99.5% over one-year period. 

5. Methodology 
This study will use LDA to quantify natural catastrophe 

risk capital for an insurer. First loss occurrence in a random 
variable modeled by a counting process in a given time 
horizon, typically one year, will be adopted to conduct 
frequency distribution. Frequency distribution is usually a 
Poisson distribution. This study however uses development 
factors of reported claim count or frequency in order to be 
able to simulate development factors of claim counts for 
each accident year and each development year. This is 
because claim may develop more than one year before it is 
ultimate. Therefore, Gamma distribution or Cauchy 
distribution may be more appropriate for the distribution of 
development factors of frequency. 

Second loss distribution will be calibrated by using 
information of catastrophe loss amount which is also known 
as severity. The independency of loss occurrence 
distribution and that of the loss severity sequence is assumed 
in this study. This paper uses development factors of average 
claim in order to be able to simulate development factors of 
average claims for each accident year and each development 

year. The average claim incurred is calculated as follows:  

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = Cumulative  Claim  Incurred
Reported  Claim  Count

 (2) 

Therefore, Exponential distribution, Lognormal 
distribution, Pareto distribution, Logistic distribution, 
Weibull distribution or Gamma distribution may be more 
appropriate for the distribution of development factors of 
average severity. 

Ultimate losses for each accident year under the 
multiplication of 10,000 Monte Carlo simulation values of 
development factors of claim counts and those of 
development factors of average claims would reveal 
catastrophe losses. The Thai regulatory catastrophe risk 
capital requirement for the insurance industry is currently the 
95% of aggregate loss distribution (AggL-1(0.95)). 

However, the correlation between loss occurrence is 
feasible. Correlation between loss severities of different 
classes is also possible. Therefore, to generate aggregate loss 
distribution, it is needed to conduct mathematical 
convolution of frequency and severity distribution by using 
Monte-Carlo simulation and copula function (Afambo [16]; 
Chavez-Demoulin et.al [17]). Copula function links 
univariate marginal distributions to their joint distribution. 
This paper will compute the catastrophe economic capital 
charge for insurance company in the context of Guassian 
copula, Student’s t-copula, and Gumbel copula. This 
approach is based upon the well-known the result of Sklar 
[18] that any d-dimensional distribution function F with 
marginal F1,…Fd can be expressed as 

F(x1,…,xd)=C(F(x1),…, F(xd)) for any (x1,…,xd) ∈  Rd (3) 
The function C so-called copula, a distribution function on 

[0,1]d with uniform marginal. The aggregate catastrophe loss 
of an insurance company can be written in equation (4) as 
shown below. 
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6. Catastrophe Loss Data 
The data used in this study are drawn from the natural 

catastrophe loss data of one insurance company during 2005 
until 2012. Catastrophe risks are classified for 3 types which 
are flood, windstorm, and earthquake. Data of average claim 
incurred during accident year of 2005-2012 would be 
calculated. Then development factors of average claim 
incurred during accident year of 2005-2012 would be 
calculated. Data of reported claim count during accident year 
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of 2005-2012 would be calculated. Then development 
factors of reported claim count during accident year of 
2005-2012 would be calculated. 

7. Results 
Loss severity and loss frequency for each catastrophe risk 

event type are simulated according to their distributions and 
parameters using Monte-Carlo. Flooding, windstorm, and 
earthquake under Kolmogorov-Smirnov Test have shown 
that distributions are shown in Table 1. Table 1 also shows 
distributions and parameters of development factor of 
frequencies and those of severities of the three catastrophe 
risk types of an insurance business. 

Table 2 shows the value-at-risk (VaR) and expected short 
fall (ES) of aggregate claim of flooding, windstorm, and 
earthquake at confidence level of 95%, 99%, 99.5%, and 
99.9% without any consideration of correlation between 
each catastrophe risk. 

Table 3 shows pearson’s product – moment correlation 
which is represented by a symbol ofρ (rho). Rho (ρ) has a 
value from -1 to +1 where negative value means an opposite 
correlation and a positive value means a positive correlation 
between each risk. The correlation of each pair of risks are 
shown below. 

The pears on correlations in Table 3 show that both claim 
average severity and claim frequency of three catastrophe 
risks are correlated. Therefore, evaluating economic capital 
for catastrophe risks should be appropriate using copula 
techniques. The calibration of the loss severity and 
frequency distribution for the insurance natural catastrophe 
risk economic capital in this research is focused on using 
Guassian copula, Student’s t copula, and Gumbel copula. 
Modeling dependence between severities and frequencies 
from different risk and within risk using dependence 
between risk profile is expected to yield lower economic 
capital for catastrophe of an insurance company. 

Table 1.  Parameters and Distributions of Development Factors of Reported Claim Count and Those of Development Factors of Average Incurred Claim of 
Three Catastrophe Risks of Accident Year 2005-2012 

Natural 
Catastrophe Risk 

Types 

Development Factors of Average Claim 
Incurred 

Development Factors of Reported Claim 
Count 

Distribution Parameters Distribution Parameters 

Flood Weibull shape=4.06771 
scale=0.98380 Cauchy location=1.03416 

scale=0.09551 

Windstorm Logistic location=0.93103 
scale=0.07740 Gamma shape=0.02441 

rate=21.36989 

Earthquake Frequency Distribution Loss Distribution 

Table 2.  Value-at-Risk (VaR) and Expected Short Fall (ES) without using Copula 

(Unit: Baht) Claim Amount Flood Windstorm Earthquake 

VaR 95% 5,076,035,996 5,065,999,118 18,460,980 1,152,663 

VaR 99% 7,209,804,153 7,197,117,118 18,955,551 1,235,870 

VaR 99.5% 7,476,525,172 7,463,506,868 19,017,372 1,246,271 

VaR 99.9% 7,689,901,988 7,676,618,668 19,066,829 1,254,592 

     
ES 95% 7,743,246,192 7,729,896,618 19,079,194 1,256,672 

ES 99% 7,743,246,192 7,729,896,618 19,079,194 1,256,672 

ES 99.5% 7,476,525,172 7,463,506,868 19,017,372 1,246,271 

ES 99.9% 7,689,901,988 7,676,618,668 19,066,829 1,254,592 

Table 3.  Pearson’s Product – Moment Correlation (ρ) of Each Pair of Risk 

Relationship 
between 

Average incurred Claim Reported Claim Count 

ρ p-value ρ p-value 

Windstorm and Flood 0.6344834 0.00029 0.9372789 2.07E-13 

Earthquake and Windstorm 0.4744123 0.01075 0.4543229 0.01515 

Earthquake and Flood 0.3841779 0.04355 0.4690192 0.01181 

Note: 𝐻𝐻0 : ρ = 0 and 𝐻𝐻1 : ρ ≠ 0, reject H0 where p-value is less than 0.05 
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Table 4, 5, and 6 shows economic capital measuring by 
VaR under the arithmetic average development method and 
weighted average for the last two years development method 
at confidence level of 95%, 99%, 99.5%, and 99.9% with 
using Monte Carlo Simulation of Gaussian copula, Student’s 
t copula, and Gumbel copula, respectively. 

Monte Carlo simulation of Gaussian copula under the 
arithmetic average development method shows the highest 
VaR, representing economic capital of an insurance 
company to prepare for the three catastrophe losses. 
However, Monte Carlo simulation of Gumbel copula under 
the weighted average of the last two years development 
method reveals the highest VaR, representing economic 
capital requirement, at 99.9% confidence level. 

Table 7, 8, and 9 shows economic capital measuring by ES 

under the arithmetic average development method and 
weighted average development method at confidence level 
of 95%, 99%, 99.5%, and 99.9% with using Monte Carlo 
Simulation of Gaussian copula, Student’s t copula, and 
Gumbel copula, respectively. 

At 95-99% confidence level ES is about the same under 
Gaussian, Student’s t, and Gumbel. However, at higher 
confidence level--99.9% Monte Carlo simulation of Gumbel 
copula under the arithmetic average development method 
shows the highest ES, representing economic capital of an 
insurance company to prepare for the three catastrophe 
losses. In addition, Monte Carlo simulation of Gumbel 
copula under the weighted average of the last two years 
development method reveals the highest ES, representing 
economic capital requirement, at every confidence level. 
 

Table 4.  Economic Capital Measuring by Value-at-Risk (VaR) With Using Monte Carlo Simulation of Gaussian Copula 

 
Arithmetic Average Development Method 

(Unit: Baht) Claim Amount Flood Windstorm Earthquake 

VaR95% 206,651,243 195,351,311 7,315,061 9,872,332 

VaR99% 327,503,542 316,673,186 16,034,603 17,778,781 

VaR99.5% 392,862,014 382,609,345 17,191,934 23,494,215 

VaR99.9% 645,927,738 634,547,179 19,545,315 36,584,093 

Table 5.  Economic Capital Measuring by Value-at-Risk (VaR) With Using Monte Carlo Simulation of Student’s t Copula with 4 Degrees of Freedom 

 
Arithmetic Average Development Method 

(Unit: Baht) Claim Amount Flood Windstorm Earthquake 

VaR95% 206,195,957 195,081,448 7,319,547 9,044,320 

VaR99% 318,005,210 305,620,218 15,677,476 17,008,094 

VaR99.5% 384,960,155 372,279,920 17,107,383 21,251,543 

VaR99.9% 573,716,249 563,138,332 19,462,471 31,833,650 

Table 6.  Economic Capital Measuring by Value-at-Risk (VaR) With Using Monte Carlo Simulation of Gumbel Copula 

 
Arithmetic Average Development Method 

(Unit: Baht) Claim Amount Flood Windstorm Earthquake 

VaR90% 171,259,240 159,543,067 7,147,993 6,556,679 

VaR95% 204,144,442 192,536,072 7,211,710 9,450,667 

VaR97% 235,538,966 224,087,493 7,258,191 12,615,144 

VaR99% 307,749,176 296,348,198 7,332,761 18,194,221 

VaR99.5% 356,921,721 346,991,746 7,373,212 23,184,445 

VaR99.9% 572,797,323 562,027,731 7,440,419 33,242,946 

Table 7.  Economic Capital Measuring by Expected Short Fall (ES) With Using Monte Carlo Simulation of Gaussian Copula 

 
Weighted Average Development Method (Last Two Years) 

(Unit: Baht) Claim Amount Flood Windstorm Earthquake 

ES95% 292,343,817 280,891,941 12,612,795 16,776,331 

ES99% 589,366,105 578,715,183 17,294,404 29,205,778 

ES99.5% 757,954,696 747,399,284 18,438,697 36,473,804 

ES99.9% 1,249,708,584 1,239,241,975 20,818,391 60,790,541 

 



 American Journal of Economics 2015, 5(5): 488-494 493 
 

Table 8.  Economic Capital Measuring by Expected Short Fall (ES) With Using Monte Carlo Simulation of Student’s t Copula with 4 Degrees of Freedom 

 
Weighted Average Development Method (Last Two Years) 

(Unit: Baht) Claim Amount Flood Windstorm Earthquake 

ES95% 288,377,868 277,015,561 12,050,654 15,747,693 

ES99% 579,991,926 568,765,622 17,078,076 26,703,149 

ES99.5% 776,847,726 765,392,322 18,146,571 32,639,948 

ES99.9% 1,433,254,970 1,422,754,959 20,262,886 51,403,603 

Table 9.  Economic Capital Measuring by Expected Short Fall (ES) With Using Monte Carlo Simulation of Gumbel Copula 

 
Weighted Average Development Method (Last Two Years) 

(Unit: Baht) Claim Amount Flood Windstorm Earthquake 

ES95% 312,060,522 300,228,115 7,284,445 16,451,902 

ES99% 658,777,253 647,612,534 7,374,790 27,680,755 

ES99.5% 903,106,030 891,823,551 7,403,601 33,339,900 

ES99.9% 1,870,785,032 1,859,630,604 7,449,588 51,833,928 

 

8. Conclusions 
Catastrophe risks of flood, windstorm, and earthquake are 

dependent. This is shown by the positive correlation of the 
three catastrophe--earthquake, windstorm, and flood--in 
Table 3. That is an insured at risk of an earthquake may 
consequently be exposed to risk of flood. Therefore, copula 
technique is suit to grasp the dependence of both frequency 
and severity of these catastrophe risks. Insurance company 
could refer to value-at-risk (VaR) or expected short fall (ES) 
as a measurement to hold an economic capital against 
catastrophe risks. Therefore, the result suggests that an 
appropriate amount of economic capital for catastrophe risk 
should fall in the range as shown in Table 4-9. That is the 
calculated capital amount shown in Table 2, under 
catastrophe risk independency assumption, is too high for an 
insurer to hold for supporting three catastrophe risks. 

Gaussian, Student’s t, and Gumbel copula suggest 
different levels of economic capital. The higher amount of 
economic capital means higher financial solvency with a 
trade-off higher cost of capital for an insurer. 

As a result, on the one hand if insurers believe that 
catastrophe loss would have the pattern of large claim similar 
to that of the past two years, Gumbel copula, used under 
extreme value assessment, is applicable. The result indicates 
that an insurer should hold a capital of THB1,870 million or 
77% of an insurer’s total available capital to hedge against 
catastrophe of flood, windstorm, and earthquake. This high 
amount of capital of course ensures the very low probability 
of capital shortage, 0.1%, with an adjustment of low 
expected return to shareholders. On the other hand, if an 
insurer believes that catastrophe, especially flood, occurring 
in the past two years was the extremely rare event, Gaussian 
copula may be suitable for the capital measurement. 
Economic capital assessment using Gaussian copula 
suggests that an insurer should hold only THB645 million or 
merely 27% of total available capital. Such amount should be 

enough to make sure that an insurer would be 99.9% 
financially solvent. 
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