NSC91-2416-H-004-019 -
91 08 01 92 10 31

93 2 3



Abstract

The solvency of the insurance company isthe focal point of insurance regulation. One
prevalent way to safeguard the insurer’s financia strength is setting capital requirement.
Although capital requirements have been transformed from constant ones to risk-based
capital requirement (RBC), the literature finds that RBC is rather ineffective in rendering
early warning. The literature to date further shows that scenario analysis done with dynamic
cash flow models generates the best predicting results.  Since a natural extension of scenario
anaysisis simulation analysis, this project ams to investigate the effectiveness of simulation
analysis in solvency/insolvency predictions.

We find that simulation analysis as well as scenario analysis does dominate RBC in correctly
classifying insurers financial conditions. However, simulation analysis outperforms
scenario analysis only by small or insignificant margins.  Such atie mainly results from the
use of the same cash flow model.

Keywords: smulation analysis, scenario analysis, risk-based capital, solvency prediction



Insurer’s solvency has aways been the primary concern of insurance regul ators and
capital requirement is one of the most important el ementsin the supervision. The currently
employed capital requirement in the United States is risk-based capital (RBC). RBC was
developed by National Association of Insurance Commissioners (NAIC) in responding to the
concern of the U.S. Congress about the adequacy and accuracy of insurance solvency
surveillance. Under RBC, each insurer must calculate the amount of capital required to
support the company’stotal risk. Aninsurer’srisk is assessed with several components
such as asset risk and underwriting risk!.  Each component contains several risk factors
corresponding to the insurer’s activities that create risk.  For instance, a property-casualty
insurer’s R2 risk is further decomposed into risk factors of common stocks, preferred stocks,
real estate, schedule BA assets, receivables for securities, and aggregate write-ins for invested
assets. A weight or arisk charge is assigned to each risk factor, and the product of the
weight and the amount at risk (or positions) gives the amount of capital required to support
the firm’s activities associated with that risk factor. Aggregating these dollar amounts with
pre-specified correlations among risk factors and risk components results in the authorized
control level risk-based capital (ACLRBC) for theinsurer’.  ACLRBC is then compared
with the total adjusted capital (TAC) reported in the statutory financial statements. An
insurer with TAC below certain multiples of its ACLRBC is deemed as inadequately
capitalized and would receive regulator’s special attention or action®>. RBC went into effect
in 1993 for life insurers and in 1994 for property-casualty insurersin the United States.
Several other countries such as Taiwan and Singapore are going to implement RBC too.

! NAIC (1999b) classifies the risks of property-casualty insurers into asset risk — subsidiary insurance
companies (RO), asset risk — fixed income (R1), asset risk — equity (R2), asset risk — credit (R3), underwriting
risk — reserves (R4), and underwriting risk — net written premiums (R5).  For life insurers, the risks are
categorized as asset risk — affiliates (CO0), asset risk — other (C1), insurance risk (C2), interest rate risk (C3a),
health credit risk (C3b), business risk excluding health administrative expense component (C4a), and health
administrative expense component of businessrisk (C4b) (NAIC, 1999a). Please refer to Risk-Based Capital
Newsletter of NAIC for the most updated revision.

2 Theformulaof ACLRBC for lifeinsurersis 0.5><(CO+C4a+\/(C1+ C3a)? +C22 +C3b? +C4b?) , which

implies that C1 and C3a are perfectly and positively correlated, C2, C3b, C4b, and the sum of C1 and C3a are
independent of each other, and CO and C4a are perfectly and positively correlated with the sum of the rest

components.  The ACLRBC for property-casualty insurersis 0.5x (RO++/ R12 + R22 + R32 + R42 + R52) ,

which implicitly assumes that R1 through R5 are not correlated with each other while the sum of theserisksis
perfectly and positively correlated with RO.  Risk factors within the same risk component are assumed to be
perfectly and positively correlated, since the required capital for arisk component is simply the sum of the
required capital for individual risk factorsin that component.

% According to the NAIC's model legislation, the commissioner may take necessary actions to rehabilitate the
company, including seizure or liquidation, when the insurer’'s TAC islessthan ACLRBC. When TAC is
between 1 and 1.5 times of ACLRBC, the commissioner may issue corrective ordersto the company. When
TAC isbetween 1.5 and 2 times of ACLRBC, the company must present a plan approved and monitored by its
insurance commissioner to increase thisratio.




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’sinsolvencies. They found that the predictive accuracy of RBC was very
low even when individual components of RBC were used as predictors.  Grace, Harrington,
and Klein (1998) (GHK) compared the predictive power of RBC with the Financial Analysis
and Surveillance Tracking (FAST) audit ratio system. They also found that few companies
that later failed had RBC ratios within the NAIC's ranges for regulatory actions.

Furthermore, they 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 papers in adding scenario analysisinto the comparison list.  They first confirmed
that RBC and its components provided very low solvency predicting power. Also, RBC was
dominated by FAST and amodel containing FAST scores aloneis as good at predicting
insolvencies as amodel with both FAST and RBC. Finally, scenario analyses performed
with their cash flow simulation model dominated both RBC and FAST. The most recent
paper, Pottier and Sommer (1999), confirmed again that RBC ratio was a poor predictor of
insolvencies and then showed that the Best Capital Adequacy Ratio (BCAR), arisk-based
capital system developed by A. M. Best Company, was more accurate.  In summary, the
insurance literature found that the solvency prediction ability of RBC was worse than that of
aprivate sector’s risk-based capital ratio (BCAR), another regulatory measure (FAST), and
scenario analysis.

The published papers to date indicate that scenario analysis generates the best
solvency predictions. The superior performance of scenario analysis over RBC could be
due to two reasons: full valuation and dynamic analysis’. RBC isalocal valuation method
that is linear fundamentally, since the potential lossin a portfolio’s value V is computed as
AV =V, x B, x AP, where [, istheportfolio’s sensitivity to changesin prices evaluated at
the current position V, and AP isthe potential changein prices’. Linear approximation
isvalid only for anarrow range of price movements. Furthermore, a portfolio’s sensitivity
to price changes might change with price movements and might even be different for up and
down moves. Solvency testing by its nature, however, would involve large and asymmetric
price movements over aperiod of time. RBC henceis handicapped. On the other hand,
scenario analysis examining the effect of simulated large movementsin key financial
variables on the portfolio isafull valuation approach that directly computes the value of the

* A third possible reason is that the risk charges specified in RBC are simply bad.
® Hence, risk chargesin RBC = B, xAP.



portfolio for different levels of prices: AV =V (PR,) =V (F,), which should be more accurate.
The second advantage of scenario analysisisits dynamic nature. Scenarios analysis usualy
is performed with a dynamic cash flow model that projects the company’s financial positions
over aperiod of time, while RBC uses only the company’s financial positions at a point of
time. Ignoring the potential variations in the compositions of the asset and business books
further impair the risk measurement accuracy of RBC.

Scenario analysis nevertheless has its own drawbacks.  First, the specified scenarios
are judgmental and the random aspects of variables are limited. In addition, scenario
analysis does not specify the likelihood of worst-case situations.  Furthermore, scenario
analysis handles correlation, an essential component of a portfolio’srisk, poorly.  Finally,
looking at extreme movements may not be appropriate because some positions (e.g. along
straddle position) lose most money when the underlying variables do not move at al.

A natural extension of scenario analysisis simulation analysis.  Although simulation
analysis still has certain subjectivity in the choice of stochastic models, it avoids the
subjective specification on scenarios and allows complete randomness of variables. It
generates thousands of scenarios including not only extreme scenarios but also median ones
by the assumed probability distributions of underlying risk factors. Furthermore, simulation
analysis could fully account for correlations among variables. Despite of itsintensive
demand on systems infrastructure and intellectual development, simulation analysisis by far
the most powerful method in assessing risk (Jorion, 2001, p. 225).

The purpose of this project isto empirically test whether simulation analysis generates
better solvency/insolvency predictions than scenario analysis and RBC do in the
property-casualty insurance industry.  We first build up a dynamic cash flow model for the
property-casualty insurance company under certain valuation models. Scenario analysis can
then be done. Further making the cash flow model random by introducing several stochastic
risk models enables usto perform simulation analysis. We employ the value at risk (VaR) of
the resulted insurer’s surplus distribution as the output of our simulation analysis.  VaR,
scenario output, and RBC are then examined individually as well asin conjunction with
othersto measure their incrementa predicting power. We use the data of property-casualty
insurers up to 1994, 1995, 1996, or 1997 as the input to predict insurers
solvencies/insolvenciesin 1996, 1997, 1998, and 1999 respectively. In other words, we
empirically test the relative two-year early warning capabilities of simulation analysis,
scenario analysis, and RBC on the insurers for the period from 1996 to 1999, by using the
datatwo yearsearlier. The two-year early warning period is chosen because of the time lag

4



involved in preparing annual statements, analyzing the statements, and taking actionsin a
prescriptive manner.  To make the model suitable for practical regulatory uses, most input of
the model isfrom the NAIC annual statements.

We find that RBC falls behind simulation as well as scenario analysis with significant
margins. Inthe univariate test, RBC hasthe lowest hit ratio. Furthermore, itstype| error
rates are the highest in general, even when the required ratio israised significantly. In
multivariate tests, the equation with RBC as the sole capital requirement variable fits the
solvency/insolvency record the worst and its prediction results are also the worst.  Moreover,
RBC does not improve the fitting and the predicting power of the models containing scenario
or VaR variables. We hence conclude that RBC is not as effective as scenario or smulation
anaysisin predicting insurers solvencies/insolvencies.

With regard to the relative effectiveness between scenario and simulation analysis, we
first find from the univariate test that VaR generates alittle bit better prediction accuracy than
scenario variables. VaR has higher hit ratio in general. The multivariate tests however
show that VaR and scenario variable have close fitting statistics and predicting power.
Therefore, we do not find significant superiority of simulation over scenario analysisin
solvency/insolvency predictions, when both analyses are done with the same dynamic cash
flow model.

The improvement of simulation analysis over RBC in fact should be more than what
this paper has shown. First, the cash flow model developed in this project is still
preliminary. For instance, it misses an important aspect of property-casualty insurance
operation, reinsurance. Refining the cash flow model would result in more accurate risk
profiles. Second, we use industry data instead of company data in many cases, especially
with the assets, due to the lack of data.  Using more company data would certainly enhance
the model’s differentiating ability. Third, some parameters in the model are estimated with
very limited amount of data, especially parameters of loss distributions.  More loss
development data would help to correctly profile insurer’s underwriting risk.  Therefore,
simulation analysis could outperform RBC by an even larger margin and insurance regulators
should seriously consider employing such analyses in determining capital requirements for
property-casualty insurers.
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