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1. Introduction 

The National Association of Insurance Commissioners (NAIC) established risk-based 

capital requirements (RBC) for insurers in the U.S. jurisdictions in 1990s.  The effectiveness 

of RBC has been called into question by recent research however.  Cummins, Harrington, 

and Klein (1995) were the first to analyze the ability of RBC in predicting insurer’s solvency.  

They found that the predictive accuracy of RBC was very low.  Grace, Harrington, and 

Klein (1998) (GHK) compared the predictive power of RBC with that of Financial Analysis 

and Surveillance Tracking (FAST) audit ratio system.  They found that few companies that 

later failed had RBC ratios within the NAIC’s ranges for regulatory actions.  They further 

found that FAST scores provided superior predictive power to RBC and RBC added no 

information to FAST.  Cummins, Grace, and Phillips (1999) (CGP) extended GHK’s paper 

by adding scenario analysis into the comparison list.  They first confirmed that RBC and its 

components provided low solvency predicting power.  Also, RBC was dominated by FAST 

and a model containing FAST scores alone was as good at predicting solvency as a model 

with both FAST and RBC.  Finally, scenario analyses performed with their cash flow 

simulation model dominated RBC and FAST.  RBC is the worst, according the literature. 

The incapability of RBC in predicting solvency could be due to four reasons.  First, 

the factors applied to various asset, premium, and reserve items may simply be wrong.  

They might not be accurate measures for the corresponding risks.  Second, RBC is a local 

valuation method instead of a full valuation one.  RBC is linear fundamentally since the 
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potential loss in a portfolio’s value V is computed as PVV ∆××=∆ 00 β , where 0β  is the 

portfolio’s sensitivity to changes in prices evaluated at the current position 0V  and P∆  is 

the potential change in prices1.  Linear approximation is valid only for a narrow range of 

price movements, whereas insolvencies usually result from large changes in asset and/or 

liability values.  Third, the imposed correlation structure could be wrong.  The assumption 

that risks are either perfectly correlated or not correlated might significantly distort the risk 

measuring.  Finally, RBC is static in nature rather than dynamic.  It profiles the risk of a 

company mainly based on a snap shot of the company without capturing the dynamic 

relations among positions.   

In this paper we investigate the impact of the correlation specification in obtaining 

Total RBC after Covariance on the effectiveness of RBC for property-casualty insurers.  

CGP demonstrated that dynamic cash flow simulation using full valuation outperformed 

static RBC using local valuation in solvency prediction.  Preliminary results in Pottier and 

Sommer (1999) showed that the Best Capital Adequacy Ratio (BCAR), a risk-based capital 

system developed by A. M. Best Company, was more accurate than RBC as a solvency 

predictor.  Therefore, the only reason mentioned in the above paragraph that is left without 

examination is the third one: correlation specification.  The current formula to obtain Total 

RBC after Covariance for property-casualty insurers, 22222 543210 RRRRRR +++++ , 

                                                 
1 Hence, risk factors in RBC = P∆×0β . 
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implicitly assumes that R1 through R5 are not correlated with each other while the sum of 

these risks is perfectly and positively correlated with R0.  The assumption apparently 

deviates from the real world.  Since the risk of a portfolio with many components depends 

more on the covariances among individual components than on the variances of individual 

ones, the impact of mis-specifying correlation structure on the effectiveness of RBC could be 

material and deserve further study.   

To examine how correlation affects the effectiveness of RBC, we conduct simulations 

to compare the effectiveness of capital requirements with assorted correlation specifications 

under different market assumptions.  We first construct a simulated world that has stock 

market risk, interest rate risk, and underwriting risk.  Then we calculate several capital 

requirements based on the simulated “historical” data (paths) for a simplified 

property-casualty insurer.  The calculated capital requirements have different correlation 

specifications including independence, perfect correlation between stock market returns and 

changes in interest rates, perfect correlation, and estimated correlation.  As simulation goes 

on, the financial status of the insurer as well as the capital requirements evolves and the 

insurer may become insolvent.  We then compare the effectiveness of these capital 

requirements in terms of their solvency predicting accuracy and demanded capital ratios for 

target solvent probabilities.   

Surprisingly, we find that correlation specification does not affect the effectiveness of 
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capital requirements in predicting solvency.  All capital requirements have comparable type 

II error rates, given type I error rates.  Furthermore, all requirements demand equivalent 

capital ratios to achieve target solvent probabilities.  The above results hold under various 

simulation assumptions including different volatilities, means, and correlations about the 

underlying risks. 

The main reason for the above finding is that all capital requirements are highly 

correlated with coefficients ranging from 0.90 to 0.95.  In other words, capital requirements 

with different correlation specifications are like constant multiples of one another across 

simulated cases.  Experimental RBC requirements with various correlation specifications 

among risk categories (R0 to R5) also show that the required capital is highly correlated.  

Further experiments that add three random variances using random correlations result in high 

correlation among the sums too.  Therefore, we conclude that the covariance formula does 

not affect the effectiveness of RBC. 

Our results imply that modifying the covariance formula alone will not improve the 

effectiveness of RBC.  The number of risk categories has to be increased significantly to 

make correlation matter.  On the other hand, increasing the number of risk categories may 

not be beneficial because estimating a large correlation matrix is usually subject to significant 

estimation error.  It may even be infeasible due to the lack of adequate data, which is 

possible for underwriting risks especially.  Regulators therefore may have to take different 
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routes to improve current capital requirements, e.g., fine tuning risk factors or move to a 

dynamic full-valuation method. 

The remainder of this paper is organized as follows.  In section two we describe the 

stochastic processes of risks, the representative insurer, the simulation structure, the 

specification of capital requirements, and the criteria for the effectiveness of capital 

requirements.  Section three contains simulation results and our analyses on the 

effectiveness of alternative capital requirements.  The fourth section consists of two 

experiments to scrutinize the explanation for simulation results.  Concluding remarks and 

suggestions for future research are in the last section. 

 

2. Simulation Setting 

In this section, we first build up a cyber world in which property-casualty insurers 

face three types of risk: equity investment risk, interest rate risk, and underwriting risk.  The 

underlying processes of these three risks are modeled in the ways commonly used in the 

literature and the parameters of models are given to create one cyber world with solvent and 

insolvent property-casualty insurers2.  We then use these three risk generators with the 

consideration of correlation among these risks to simulate sets of sixteen years’ paths for 

stock market returns, interest rates, and loss ratios.  Next, we construct a representative 

                                                 
2 Using the historical data to estimate the parameters of models cannot generate the cyber world with insolvent 
insurers.  Therefore, we use the given parameters to simulate the real world. 
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insurer with given asset allocation (in bonds and stocks), capital structure (premiums to 

surplus ratio), and loss development pattern such that the insolvent probability of this 

representative company will be five to ten percent.  We then calculate four capital 

requirements for this representative insurer within this cyber world.  Among the capital 

requirements employ the same price volatilities (or weights of risk factors in RBC’s 

terminology) that are estimated from simulated “historical” stock market indexes, interest 

rates, and loss ratios of the “past” fifteen years, but they differ in the specification of 

correlation structure.  The first capital requirement is like RBC that assumes independence 

among risks.  The second one assumes that stock market returns and changes in interest 

rates are perfect correlated whereas loss ration is uncorrelated with stock market returns and 

changes in interest rates respectively.  The third one is perfect correlated between any two of 

risks.  The last one follows VaR to estimate correlation and hence is subject to estimation 

errors.  As the financial positions of the insurer evolve with further twenty-six years’ 

simulations, we keep calculating corresponding capital requirements.   

We first assume that returns in the stock market follow a Geometric Brownian Motion.  

The discrete-time version of the model is 

tt
S
S

∆+∆=
∆

σεµ , 

where the variable S∆  denotes the change in the stock market index S  within a time 

interval t∆  and ε  is a random number drawn from a standardized normal distribution.  
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The parameter µ  represents the annual expected return of the index and the parameter σ  

is the standard deviation of index returns.  Next, we assume that the dynamic of short-term 

interest rate obeys the Cox, Ingersoll, and Ross (CIR) model (1985).  The discrete 

approximation for CIR continuous time model is: 

εrvrmqr +−=∆ )( , 

where r  is short-term interest rate, r∆ denotes the change in short rate, m  is the long-run 

average of short rates, q  reflects the speed of mean reversion, v  is the volatility parameter 

of the process, and ε  has a standard normal distribution.  Finally, we assume that loss 

ratios are normally distributed.   

The parameters of the above three models and three correlation matrices among stock 

market returns, changes in short-term interest rates, and loss ratios are in the following tables: 

Table 1 Parameters of Models 

Stock Return µ  = 12% σ  = 24%  

Interest Rate3 m  = 6% q  = 10% v  = 2% 

Loss Ratio mean = 75% standard deviation = 25%  

 
 

Table 2 Correlation Matrix (Low Correlated) 

  Stock Market Returns Changes in Interest 
Rates ( r∆ ) Loss Ratios 

Stock Market Returns 1 0.1 -0.1 

r∆  0.1 1 -0.1 

Loss Ratios -0.1 -0.1 1 

                                                 
3 The constant risk premium λ is not significantly different from zero in our estimation. 
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Table 3 Correlation Matrix (Medium Correlated) 

  Stock Market Returns Changes in Interest 
Rates ( r∆ ) Loss Ratios 

Stock Market Returns 1 0.5 -0.5 

r∆  0.5 1 -0.5 

Loss Ratios -0.5 -0.5 1 

 
 

Table 4 Correlation Matrix (Highly Correlated) 

  Stock Market Returns Changes in Interest 
Rates ( r∆ ) Loss Ratios 

Stock Market Returns 1 0.9 -0.9 

r∆  0.9 1 -0.9 

Loss Ratios -0.9 -0.9 1 

 

These three risk models represent the underlying risk structure of our simulated world.  

We use them to generate sets of stock market returns, short rates, and loss ratios.  The 

insurer’s financial positions, including the values of invested stocks, the value of bonds 

owned, and the loss payments, are determined by these sets.  The mapping from stock 

market returns to stock market indexes and from loss ratios to loss payments are obvious.  

The mapping from short rates to bond prices is from CIR (1985): the price of a default- free 

zero-coupon bond with $1 face value and maturity T  equals 

rrTB
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The above underlying risk structure including the Geometric Brownian Motion of 

stock market returns, the CIR model of short-term interest rates, and the normal distribution 

of loss ratios is not observable to regulators and insurers in our cyber world 4.  More 

specifically, the insurer and the regulator can observe only stock market returns, interest rates, 

and loss ratios.  They know neither the underlying stochastic processes nor the underlying 

correlation structure.  Regulators as well as insurers therefore have to estimate volatilities of 

individual risks when calculating capital requirements.  

 

A. The Representative Insurer 

We construct the representative insurer with appropriate asset allocation, capital 

structure, and loss development pattern in property-casualty insurance industry.  Suppose 

that a newly established property-casualty insurer with surplus of 65 million dollars starts to 

underwrite businesses and receive premiums of 100 million dollars in cash at the beginning 

of year one.  To underwrite these businesses, the insurer incurs and pays underwriting 

expenses in cash upfront.  The underwriting expense ratio is assumed to be 25%.  The 

remaining cash and the initial surplus are then invested in stocks and bonds with the 

proportion of 35:65.  We assume that the insurer invests in fifteen maturities of Treasury 

Strips: one-year to fifteen-year Treasury Strips, with the proportion of following table  

                                                 
4 In the real world no one knows the underlying risk and correlation structures either.  People can only assume 
(in RBC) or make an educated guess (in VaR) about underlying structures. 
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Table 5 Bond Investment Proportion 

Time to 
Maturity  

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Weight 0.03 0.03 0.04 0.05 0.1 0.1 0.1 0.1 0.1 0.05 0.05 0.05 0.05 0.1 0.05 

 

The invested stock portfolio is assumed to be the S&P 500.  Assuming that the fair 

value of reserves is equal to premiums written net of expenses, we get the following balance 

sheet for the representative insurer at the beginning of year 1: 

 

Table 6 
The Balance Sheet for the Representative Insurer at the  Beginning of Year 1 

Assets Liabilities and Surplus  

Stocks $49 

Treasury Strips  $91 

1-Year $2.73 

2-Year $2.73 

3-Year $3.64 

4-Year $4.55 

5-Year $9.1 

6-Year $9.1 

Liabilities $75 

7-Year $9.1 

8-Year $9.1 

9-Year $9.1 

10-Year $4.55 

11-Year $4.55 

Surplus  $65 

                                                                                                                                                        
 



 11 

12-Year $4.55 

13-Year $4.55 

14-Year $9.1 

15-Year $4.55 

  

Total Assets $140 Total Liabilities and Surplus  $140 

 

At the end of every year, the loss are incurred and paid.  We assume that the insured 

businesses have a ten-year development period with loss development function D(t) as the 

following:   

Table 7 Loss Development Pattern 

t 1 2 3 4 5 6 7 8 9 10 

D(t) 0.5 0.3 0.1 0.05 0.03 0.01 0.005 0.003 0.001 0.001 

Simulated loss ratios represent 94.49% of the ultimate loss divided by the premiums written, 

where the ultimate loss for the business written in any given year is defined as the total 

payments across all development years paid for the written business5.  More specifically, the 

ultimate loss for the business written in year i equals 

0.9449
iyear in  written premium  the ratio loss simulated the × .  The loss payment in development year t for 

the business written in year i is then equal to the ith year’s ultimate loss times D(t). 

At the end of every year, we will deduct the incurred loss of this year by cash from 

one-year mature Treasury Strips.  If the cash from one-year mature Treasury Strips cannot 

                                                 
5 The adjustment factor, 0.9449, is to account for the effect of growth.  For an insurer that does not have 
growth in premiums written, calendar-year loss ratios are equal to the ratio of the ultimate loss to the premiums 
written.  For a growing insurer, however, calendar-year loss ratios will be less than the ratio of the ultimate 
losses to the premiums written because the denominators of loss ratios grow with time.  After a simple 
spreadsheet work, we obtain the adjustment factor of 0.9449 for a growth rate of 7%. 
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cover the incurred loss of this year then we will sell stock and bond according to their market 

value.  We assume that the insurer sells each type of invested assets, including stocks and 

bonds of different maturities, with the proportion of 

Bonds Matured Exculding  Assets Total of ValueMarket 
Bonds Matured ofAmount  Face  Losses− .  The asset allocation of the insurer hence is 

unaffected by the sale of assets.  Reserves are assumed to be reduced for the amount of 

losses paid. 

Similar scenarios, investing in bonds and stocks for the amount of net premiums 

received at the beginning of the year and paying losses by proportionally selling bonds and 

stocks at the end of the year, are repeated for twenty-six years, or, repeated unt il the insurer 

becomes insolvent6.  The insurer is deemed insolvent whenever its equity, the difference 

between market value of assets and market value of liabilities, is smaller than zero.  We 

assume that the insurer’s premium income grows at 5%, the average net premiums written 

growth rate of the U.S. property-casualty insurance industry from 1985 to 1999. 

 

B. The Specification of Capital Requirements 

We calculate four capital requirements that are designed to cover potential losses 

under adverse circumstances in the future.  To cover potential losses of fixed- income 

                                                 
6 The bond portfolio held by the insurer soon becomes complicated.  For instance, at the beginning of the 
second year, the insurer will have Treasury Strips with maturities of one-year to fifteen-year (newly bought), 
one-year (bought in year one with two-year maturity) to fourteen-year (bought in year one with fifteen-year 
maturity).  The one-year Treasury Strips bought at the beginning of year 1 matures at the beginning of year 2, 
and convert to cash at the end the year one. 
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securities in future t∆  years7, both requirements ask for capital amount of 

Market Position in Bonds× Modified Duration of Bond Portfolio× ),( tr ∆∆×σα , 

where α is set by regulators to achieve the desirable coverage probability and ),( tr ∆∆σ  

represents the standard deviation of r∆  over time length of t∆ 8.  Similarly, for potential 

losses in the stock market over time interval t∆ , the required capital is 

Market Position in Stock Market× ),returnmarket stock ( t∆×σα . 

Finally, both capital requirements demand  

     Reserve× ),ratio loss( t∆×σα  

to cover underwriting risk.  Annualized standard deviations of stock market returns, r∆ , 

and loss ratios are estimated with the most recent fifteen years’ data.  They are then 

aggregated over t∆  by tannual ∆×σ 9.  We assume that regulators can choose the adequate 

α  values basing on the market condition and each α  value represents different insolvent 

probability, e.g., it means that the insolvent probability is one percent when α  equals to 

2.3263. Regulators; therefore, can choose one appropriate α  value to create an early 

warning system. The α  values in our simulated are in the following table. 

 

 

                                                 
7 The appropriate choice of t∆  depends mainly on the use of risk measurement (Jorion, 2001, section 5.2).  
Since the insurer’s reported positions do not change within a year, t∆  should be at least one.  The base case 
of our analyses thus is t∆  = 1. 
8 Both capital requirements hence implicitly assume that r∆  is normally distributed.   
9 Such time aggregation assumes that variables are uncorrelated over successive time intervals.   
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Table 8 α  Value  

α  2.3263 2.0537 1.6449 1.2816 1.0364 0.8416 0.6745 0.5244 0.3853 0.2533 

Corresponding 
Insolvent  

Probability 
1% 2% 5% 10% 15% 20% 25% 30% 35% 40% 

These four capital requirements differ from each other in the specification of the 

correlation structure.  Let Cor  be the correlation matrix among stock market returns, r∆ , 

and loss ratios.  The first RBC capital requirement assumes that 1Cor  be an identity matrix 

( 1Cor =
















100
010

001

), the second RBC capital requirement sets the stock market returns and the 

changes in interest rates has perfect positive correlation while the correlation between loss 

ratios and other two risks is zero respectively (















=
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2Cor ), and the third RBC capital 

requirement assumes that three factors have positive perfect correlations 

(
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3Cor ).  Finally, the fourth RBC capital requirement estimates 4Cor from 

the most recent fifteen years’ data ( [ ]data historicalby  estimated 4 =Cor ).  Let S be the 

diagonal matrix with ),returnmarket stock ( t∆σ , modified duration of bond 

portfolio ),( tr ∆∆× σ , and ),ratio loss( t∆σ  on its diagonal.  Further, let x denote the vector 

representing dollar market values of positions in stocks, bonds, and reserves.  The aggregate 

capital requirements setting at the beginning of the year to cover potential losses in t∆  years 

then are CorSxSx ''×α . 
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C. The Simulation Structure 

There are three different structures in our model.  In the first structure, we simulate 

only one year path for stock market returns, interest rates, and loss ratios prior to the 

establishment of the insure.  Our representative insurer therefore has one “historical” 

scenario to begin with and also has one corresponding initial capital requirement.  For 

every sixteen-year path, we further simulate 10,000 “future” twenty-six-year paths.  

Besides, the second structure is 100 historical scenarios and 100 future scenarios.  For the 

last structure, we simulate 10,000 historical scenarios and only one future scenario.   Total 

simulated paths are 10,000 therefore.  The starting values of the stock market index and 

one-year interest rate are 107.94 and 6% respectively.  Our simulation structure is like the 

following figure10. 

 

 

 

 

 

 

                                                 
10 The first reason for such design is to dilute the impact of initial values on simulation results.  Secondly, such 
design produces more variability for the first several periods and would make the difference in the effectiveness 
of alternative capital requirements be more easily told. 
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Figure 1 The Simulation Structure  

 

 

 

 

 

* It represents the number of historical scenarios. 

# It represents the number of future scenarios. 

 

D. The Effectiveness of Capital Requirements  

Our criterion is the type II error rates given levels of type I error rate.  Capital 

adequacy requirements signal early warning whenever the insurer’s surplus is smaller than 

the requirements.  Capital requirements incur the type I error when they send out a false 

alarm, i.e., they send out a warning message but the insurer remains solvent after t∆  years.  

On the other hand, capital requirements incur the type II error rates when they do not signify 

a warning but the insurer becomes insolvent after t∆  years.  We first multiply capital 

requirements with *
msk  so that the requirements can achieve the given type I error rates and 

then investigate the resulting type II error rates.  Lower type II error rates given type I error 

rates mean more accurate predictions. 

 

 

#
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#

2N  

#
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3. Results 

In order to test the effectiveness of RBC under different correlation matrices, we 

create three different scenarios that are low correlated, medium correlated, and highly 

correlated among risks.  In each scenario, we use three different simulation structures as 

mentioned above to test if there is any difference among four capital requirements.  

Therefore, we can compare the effectiveness of capital requirements with assorted correlation 

specifications under nine different market assumptions.  If there is significant difference 

among four type II error rates, given type I error rate, we can conclude that correlation 

specification affect the effectives of capital requirements in predicting solvency.  On the 

other hand, the correlation specification does not have any impact on the effectiveness of 

RBC if there is no significant difference among four type II error rates, given type I error rate.  

The following figures illustrate the results of our simulation model. 

Figure 2 illustrates the type II error rates, given type I error rate under the market 

assumption of low correlated matrix and one historical path versus ten thousands future paths.  

There is no significant difference among four correlation specifications in this market 

assumption.  The same result can also observe from other market assumptions.  Thus, the 

correlation specification in obtaining Total RBC after Covariance has no impact on the 

effectiveness of RBC for property-casualty insurers. 
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Figure 2 Type II Error Rate, Given Type I Error 
(Low Correlated and One Historical Path versus 10,000 Future Paths) 
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Table 9 Value of Type II Error Rate, Given Type I Error 

(Low Correlated and One Historical Path versus 10,000 Future Paths) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.0904 0.0584 0.0508 0.0452 0.0343 0.0286 0.0167 0.0096 0.0057 0.0033 0.0019 0.0012 

2Cor  0.0800 0.0577 0.0510 0.0456 0.0335 0.0257 0.0166 0.0087 0.0057 0.0031 0.0019 0.0012 

3Cor  0.0851 0.0615 0.0510 0.0462 0.0334 0.0257 0.0149 0.0083 0.0056 0.0029 0.0018 0.0012 

4Cor  0.1459 0.0968 0.0461 0.0321 0.0278 0.0198 0.0132 0.0078 0.0060 0.0028 0.0018 0.0013 
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Figure 3 Type II Error Rate, Given Type I Error 
(Low Correlated and 100 Historical Paths versus 100 Future Paths) 
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Table 10 Value of Type II Error Rate, Given Type I Error 
(Low Correlated and 100 Historical Paths versus 100 Future Paths) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.1077 0.0741 0.0424 0.0317 0.0271 0.0204 0.0156 0.0083 0.0052 0.0032 0.0021 0.0011 

2Cor  0.1088 0.0704 0.0383 0.0321 0.0271 0.0206 0.0154 0.0078 0.0051 0.0031 0.0020 0.0011 

3Cor  0.1155 0.0676 0.0371 0.0347 0.0292 0.0203 0.0136 0.0076 0.0050 0.0029 0.0020 0.0011 

4Cor  0.1019 0.0577 0.0360 0.0223 0.0206 0.0168 0.0128 0.0070 0.0050 0.0031 0.0019 0.0011 

 



 20 

Figure 4 Type II Error Rate, Given Type I Error 
(Low Correlated and 10,000 Historical Paths versus One Future Path) 
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Table 11 Value of Type II Error Rate, Given Type I Error 
(Low Correlated and 10,000 Historical Paths versus One Future Path) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.0704 0.0403 0.0339 0.0298 0.0259 0.0163 0.0117 0.0076 0.006 0.0030 0.0020 0.0014 

2Cor  0.0699 0.0374 0.0303 0.0285 0.0231 0.0153 0.0116 0.0072 0.0057 0.0030 0.0020 0.0013 

3Cor  0.0730 0.0436 0.0309 0.0254 0.0204 0.0133 0.0116 0.0075 0.0054 0.0030 0.0019 0.0013 

4Cor  0.0974 0.0430 0.0375 0.0274 0.0224 0.0170 0.0112 0.0068 0.0051 0.0032 0.0021 0.0013 
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Figure 5 Type II Error Rate, Given Type I Error 
(Medium Correlated and One Historical Path versus 10,000 Future Paths) 

 

0.00000

0.02000

0.04000

0.06000

0.08000

0.10000

0.12000

0.14000

0.16000

0 10 20 30 40 50 60 70 80 90 100

TypeI Error

Type II Error

R1 R2 R3 R4
 

Type I Error (%) 

 
 

Table 12 Value of Type II Error Rate, Given Type I Error 
(Medium Correlated and One Historical Path versus 10,000 Future Paths) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.1389 0.0673 0.0643 0.0478 0.0322 0.0243 0.0115 0.0071 0.0056 0.0032 0.0021 0.0013 

2Cor  0.1272 0.0635 0.0529 0.0455 0.0316 0.0240 0.0119 0.0068 0.0055 0.0031 0.0021 0.0013 

3Cor  0.1224 0.0552 0.0521 0.0429 0.0318 0.0229 0.0122 0.0069 0.0053 0.0031 0.0020 0.0012 

4Cor  0.1088 0.0548 0.0503 0.0375 0.0302 0.0206 0.0100 0.0067 0.0050 0.0033 0.0021 0.0013 
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Figure 6 Type II Error Rate, Given Type I Error 
(Medium Correlated and 100 Historical Paths versus 100 Future Paths) 

 

0.00000

0.01000

0.02000

0.03000

0.04000

0.05000

0.06000

0.07000

0.08000

0.09000

0 10 20 30 40 50 60 70 80 90 100
TypeI Error

Type II Error

R1 R2 R3 R4
 

Type I Error (%) 

 
 

Table 13 Value of Type II Error Rate, Given Type I Error 
(Medium Correlated and 100 Historical Paths versus 100 Future Paths) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.0696 0.0475 0.0393 0.0311 0.0213 0.0145 0.0092 0.0060 0.0048 0.0029 0.0018 0.0012 

2Cor  0.0647 0.0507 0.0368 0.0259 0.0198 0.0141 0.0093 0.0060 0.0045 0.0029 0.0017 0.0012 

3Cor  0.0769 0.0576 0.0355 0.0230 0.0195 0.0134 0.0092 0.0057 0.0045 0.0028 0.0017 0.0011 

4Cor  0.0525 0.0485 0.0389 0.0290 0.0188 0.0127 0.0084 0.0058 0.0046 0.0032 0.0019 0.0012 
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Figure 7 Type II Error Rate, Given Type I Error 
(Medium Correlated and 10,000 Historical Paths versus One Future Path) 
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Table 14 Value of Type II Error Rate, Given Type I Error 

(Medium Correlated and 10,000 Historical Paths versus One Future Path) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.0568 0.0553 0.0348 0.0268 0.0230 0.0171 0.0140 0.0090 0.0069 0.0041 0.0025 0.0015 

2Cor  0.0601 0.0509 0.0355 0.0255 0.0226 0.0168 0.0138 0.0090 0.0068 0.0040 0.0025 0.0014 

3Cor  0.0639 0.0453 0.0376 0.0318 0.0211 0.0157 0.0131 0.0087 0.0067 0.0038 0.0024 0.0014 

4Cor  0.0760 0.0649 0.0403 0.0328 0.0237 0.0187 0.0134 0.0093 0.0073 0.0039 0.0023 0.0014 
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Figure 8 Type II Error Rate, Given Type I Error 
(Highly Correlated and One Historical Path versus 10,000 Future Paths) 
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Table 15 Value of Type II Error Rate, Given Type I Error 

(Highly Correlated and One Historical Path versus 10,000 Future Paths) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.0547 0.0340 0.0238 0.0199 0.0168 0.0111 0.0085 0.0059 0.0047 0.0029 0.0020 0.0013 

2Cor  0.0582 0.0336 0.0231 0.0201 0.0158 0.0110 0.0087 0.0058 0.0046 0.0028 0.0020 0.0013 

3Cor  0.0667 0.0367 0.0258 0.0190 0.0143 0.0108 0.0087 0.0056 0.0045 0.0028 0.0019 0.0013 

4Cor  0.0500 0.0369 0.0230 0.0183 0.0146 0.0108 0.0079 0.0055 0.0044 0.0029 0.0020 0.0013 
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Figure 9 Type II Error Rate, Given Type I Error 
(Highly Correlated and 100 Historical Paths versus 100 Future Paths) 
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Table 16 Value of Type II Error Rate, Given Type I Error 
(Highly Correlated and 100 Historical Paths versus 100 Future Paths) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.0483 0.0380 0.0336 0.0241 0.0226 0.0156 0.0123 0.0087 0.0063 0.0037 0.0020 0.0012 

2Cor  0.0528 0.0382 0.0331 0.0252 0.0212 0.0158 0.0118 0.0089 0.0063 0.0037 0.0021 0.0011 

3Cor  0.0693 0.0396 0.0323 0.0228 0.0199 0.0158 0.0119 0.0086 0.0061 0.0036 0.0020 0.0011 

4Cor  0.0623 0.0457 0.0306 0.0234 0.0224 0.0182 0.0142 0.0095 0.0066 0.0038 0.0020 0.0012 
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Figure 10 Type II Error Rate, Given Type I Error 
(Highly Correlated and 10,000 Historical Paths versus One Future Path) 
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Table 17 Value of Type II Error Rate, Given Type I Error 

(Highly Correlated and 10,000 Historical Paths versus One Future Path) 

 
Type I 

Error 
 
 
Correlation  

0.01 0.02 0.03 0.04 0.05 0.07 0.10 0.15 0.20 0.30 0.40 0.50 

1Cor  0.0406 0.0334 0.0279 0.0250 0.0209 0.0157 0.0117 0.0074 0.0059 0.0037 0.0024 0.0014 

2Cor  0.0427 0.0343 0.0277 0.0246 0.0220 0.0150 0.0115 0.0069 0.0059 0.0036 0.0023 0.0014 

3Cor  0.0476 0.0347 0.0284 0.0232 0.0204 0.0149 0.0114 0.0070 0.0057 0.0035 0.0022 0.0014 

4Cor  0.0552 0.0479 0.0368 0.0273 0.0235 0.0182 0.0146 0.0087 0.0060 0.0035 0.0024 0.0014 
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4. Conclusions  

This paper investigates the impact of correlation specification on the effectiveness of 

RBC.  We first construct a simulated model with different level of correlation among stock 

market risk, interest rate risk, and underwriting risk.  We then calculate four capital 

requirements basing on three different simulation structures (paths) of each level of 

correlation matrix.  These four capital requirements have different correlation specifications 

including independence, partial perfect correlation, perfect correlation, and estimated 

correlation respectively.  In order to examine how correlation affects the effectiveness of 

RBC, we compare the effectiveness of these capital requirements in terms of their solvency 

predicting accuracy and demanded capital ratios for target solvent probabilities. 

Unexpectedly, we find that the correlation specification does not affect the effectiveness 

of capital requirements in predicting solvency.  All capital requirements have comparable 

type II error rates, given type I error rates under every different market assumptions.  

Furthermore, all requirements demand equivalent capital ratios to achieve target solvent 

probabilities.  Our results imply that modifying the covariance formula alone will not 

improve the effectiveness of RBC.  The number of risk categories has to be increased 

significantly to make correlation matter.  However, it is not worthy to increase the number 

of risk categories because estimating a large correlation matrix is usually subject to 

significant estimation error.  It may even be infeasible due to the lack of adequate data, 
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which is possible for underwriting risks especially.  In order to improve current capital 

requirements and set up a better early warning system, regulators may have to take different 

routes, e.g., fine tuning risk factors or move to a dynamic full-valuation method.    

  
 


