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Abstract

We propose a new measure of the financial stability index (FSI) for the early warning
system, while applying different quantiles analyses of the financial conditions of life insurers
in Taiwan. Instead of the mean-based method in the previous literature, we use the
median-based approach to select the FSI. Moreover, we adjust and make the index the
risk-adjusted FSI, thereby enhancing the index’s ability to provide an early warning.
Furthermore, firm size, changes in product portfolios, the risk-based capital (RBC) system’s
implementation, and whether or not the insurer is credit-rated each have a significantly
positive effect on the insurer’s financial stability.

Key words: Early warning index, financial stability index, life insurer

I. Introduction

Life insurers’ soundness affects financial markets’ stability. Furthermore,
insurance operations’ effective supervision positively impacts on insurers’
solvency.! Therefore, the supervisory authorities hope to develop an early warning
system to adopt remedial actions to reduce overall losses? before any insurers’
financial structure markedly deteriorates. To measure Taiwan’s life insurers’
financial stability, we construct an index that will practically serve as an early
warning instrument and further analyze related factors that influence this index.

As for financial early warning systems related to life insurers, in the past there
were two kinds of systems, the U.S.’s Insurance Regulatory Information System
(IRIS) and the Financial Analysis and Solvency Tracking (FAST) system. Chen and
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Pasiouras and Gaganis (2013) find that there is a significantly positive relationship between the
implementation of a strong insurance supervision system and the solvency of insurers.

McShane, Cox, and Butler (2010) discover that a positive correlation exists between supervision and
company profits.
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Wong (2004) state that these systems were by nature based on ex post supervision
and thus unable to instantly reflect a company’s financial situation. Therefore,
beginning in 1994, the U.S. moved away from ex post supervision to risk-based
capital (RBC). Cummins and Phillips (2009) point out that the previous
approaches have significant shortcomings in terms of RBC to predict the problem
insurers. Therefore, dynamic financial analysis (DFA) and other supervisory
instruments have been subsequently developed. However, in terms of practical
application, there still has been considerable scope for further development of an
effective financial early warning index for insurers.

As for past literature on insurers’ solvency, many researchers use the insurer’s
financial index as a predictive factor (e.g., BarNiv (1990), BarNiv and McDonald
(1992), and BarNiv and Smith (1987)). Regarding life insurers, the majority of
researchers also analyze the factors that impact on the insurer’s solvency (e.g.,
Baranoff, Papadopoulos, and Sager (2007)). Hollman, Hayes, and Murrey (1993)
compare changes in the values of items in the financial statements of insurers with
those for the industry in order to predict life insurers’ solvency. Following
Hollman, Hayes, and Murrey (1993), Chen and Wong (2004) perform an analysis
of insurers in Japan and Asian developing countries. Despite these studies, the
literature on the analysis of financial stability remains very limited.

The Taiwan insurance supervisory authorities have attempted to develop
systems similar to the IRIS and FAST used in the U.S. The currently established
“Early warning index” is based on the same concept as the IRIS’s, with its main
focus on setting up standard warning criteria for each financial index in the
insurance industry.3 However, the system similar to the FAST was only used in
research and was not implemented in practice. In 2004, the supervisory
authorities introduced an RBC system, and it became the most important tool for
supervising insurers. However, Cummins and Phillips (2009) state that the RBC is
far from ideal to predict the failures of life insurers. For the insurance supervisory
authorities to control changes in the market more effectively, it is necessary in
practice to establish various kinds of early warning mechanisms.

Hollman, Hayes, and Murrey (1993) suggest that before insurers encounter a
“problem,” they are likely to adopt a series of “changes” to try to turn things round.
More precisely, such changes predict and further help detect major operating
problems hidden within the insurers. Regarding the need for a financial early
warning system for life insurers, we follow the approach developed by Hollman,
Hayes, and Murrey (1993; henceforth HHM index) and propose an appropriate
financial stability index (henceforth FSI) for life insurers. We also take into
consideration the risk associated with each investment asset in order to calculate
the risk-adjusted FSI (henceforth RFSI). Furthermore, by using the data from
1997 to 2012, we test the FST’s ability to provide an early warning regarding the

3 Of the financial early warning indices currently adopted, 18 are adopted by property and casualty
insurers, and 12 by life insurers. Each index has specific early warning criteria, and based on such
characteristics, upper and lower limits are set.
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financial soundness of Taiwan’s life insurers. Our research results can furnish the
supervisory authorities with an early warning instrument that can enable them to
determine whether life insurers are encountering a financial distress.

In addition, to provide more information, we further analyze principal factors
that affect the FSI by using quantile regression. Recent studies using quantile
regression analyses in finance have increased significantly.4 For example, Born,
Viscusi, and Baker (2009) assess the relationships between various tort reform
measures and insurer losses. They suggest that any restraining effect of the
reforms appears to be largely concentrated between the 75t and 9ot percentiles.
Klomp and De Haan (2012) suggest that banking regulation and supervision has an
effect on the risks of high-risk banks, but not on low-risk banks. Chang and Tsai
(2014) find that leverage has the opposite effects on insurers’ liquidity in the lower
and higher quantile groups. Therefore, besides using the ordinary least squares
method to analyze the related factors influencing the financial stability and in order
to understand the changes in the tail distributions of the index, we also use the
quantile regression approach proposed by Koenker and Bassett (1978).

Comparing our results with the past literature using the mean as the basis of
comparison, we find that the median as a criterion for choosing the FSI has a
better forecasting ability. In this study, we use the proposed FSI to forecast
whether life insurers would experience technical insolvency5 in 2005. The
accuracy of our prediction is 100.00%, and the Type II error is 40.00%. In terms
of forecasting which life insurer would be likely to experience a financial distress
due to the financial crisis in 2008, our newly proposed RFSI better predict
financial difficulties, and its accuracy of prediction is 71.43% with a Type II error
of 22.22%. In addition, from the results of the quantile regression analysis, we find
that firm size, changes in the product portfolio, the implementation of the RBC
system, and whether or not the company is credit-rated each have a significantly
positive effect on financial stability, whereas the insurance leverage of life insurers,
the share of unit-linked products, and the interest rate level each have a
significantly negative impact.

The main contributions of this paper are as follows. First of all, instead of the
mean-based method in the previous literature, we use the median-based approach
to select the FSL.® In addition, we adjust the index to become the RFSI, thereby

4 For example, the investment of mutual funds (Bassett and Chen (2001)), the application of
value-at-risk (Engle and Manganelli (2004) and Bassett and Chen (2001)), hedge fund investment
strategies (Meligkotsidou, Vrontos, and Vrontos (2009)), the prediction of bankruptcies among
enterprises and banks (Schaeck (2008) and Li and Miu (2010)), the impact of different legal systems
or supervisory environments on the financial performance of insurers (Born (2001) and Born, Viscusi,
and Baker (2009)), the impact of interest rate controls on the loss provisions of insurers (Grace and
Leverty (2010)), the impact of a diversification strategy on business performance and risk (Lee and Li
(2012)), the impact of the government’s monitoring system on bank risk (Klomp and De Haan (2012)),
and the effect of liquidity on property and casualty insurers (Chang and Tsai (2014)).

5 Technical insolvency means that the company’s assets are smaller than its liabilities. That is, the value

of net assets is negative.

Sharpe and Stadnik (2007) point out that the HHM index is susceptible to the effect of extreme values

due to the dichotomous nature of the mean.
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enhancing the index’s ability to provide an early warning. Secondly, we analyze the
factors that affect the life insurers’ financial stability by using the quantile
regression approach, which is more suitable for Taiwan where there are only a
small number of life insurers as well as for the markets where there are relatively
large variations in assets and liabilities. We believe that the proposed FSI in this
paper can serve as a valuable early warning tool and help the supervisory
authorities to monitor life insurers.

The remainder of this paper is organized as follows. In Section II, we discuss
the literature and present our hypotheses. In Section III, we describe the data and
our research method. Section IV consists of our analysis and empirical results.
Finally, we conclude this study in Section V.

I1. Literature Review and Hypothesis Development

Hollman, Hayes, and Murrey (1993) propose the HHM index to measure the
changes in the financial conditions of life insurers. This index transforms the
financial data of these insurers into an index of financial stability. It also serves as
a basis for predicting whether the insurers will become insolvent. Their empirical
results indicate that the HHM index had an accuracy of prediction of 85.70% in
the case of U.S. life insurers that subsequently became insolvent. Chen and Wong
(2004) suggest that the HHM index can eliminate the problem of data
insufficiency and can be applied to either a period or a specific date. The HHM
index can avoid the interference that might arise from different sizes.

As for the factors affecting the solvency of insurers, many studies analyze the
causes of operating losses and bankruptcies of insurers. BarNiv and Hershbarger
(1990) consider that the size of an insurer has an important impact on its
insolvency. They also find that the net operating profit of life insurers has a
significant influence on their solvency. Kim et al. (1995) analyze U.S. life insurers
that went bankrupt between 1987 and 1990 and find that the firm size, investment
performance, and net operating income have a significant impact on the solvency.
Grace, Harrington, and Klein (1998) point out that the life insurers’ sizes and ages
are negatively related to the probabilities of their bankruptcies. Das, Davies, and
Podpiera (2003) discover that the relaxation of the restrictions on the investment
portfolios of insurers would increase their risk of bankruptcy. Baranoff,
Papadopoulos, and Sager (2007) suggest that a negative relationship exists
between the asset risk and capital ratios of life insurers and that there are
differences according to the firm size. In addition, BarNiv and Hershbarger (1990)
and Ambrose and Carroll (1994) show that changes in asset portfolios are
significantly related to whether or not life insurers would go bankrupt. Carson and
Hoyt (1995) find that changes in life insurers’ asset portfolios are positively related
to insolvency. For this reason, we take the view that some variables have a
significant impact on the financial stability index used to measure life insurers’
asset changes. We, therefore, propose the following hypothesis:
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Hypothesis 1:
The financial stability of life insurers is positively related to firm size,
investment performance, and net operating profit.

Life insurers sell a variety of different products, including life, accident, health,
and annuity insurance. Chen and Wong (2004) state that product portfolio has a
different impact on life insurers’ financial stability. BarNiv and Hershbarger (1990)
find that for relatively small companies, the greater changes in product portfolios
are, the more negative the impact on the companies’ financial stability is. Baranoff
and Sager (2003) show that different product portfolios have a significant impact
on life insurers’ assets and capital structures. Moreover, a company’s value
increases as its leverage ratio increases. After the optimal ratio is exceeded, the
increasing leverage ratio instead leads to an increase in the probability of
bankruptcy. Carson and Hoyt (1995) find that if the ratio of the reserves to owners’
equity exceeds the optimal ratio, this causes life insurers’ value to decline and the
risk of bankruptcy increases. Zhang and Nielson (2013) suggest that the likelihood
of insurers becoming insolvent increases during soft markets. However, a low
leverage ratio can reduce the probability of an insurer going bankrupt. Thus, based
on the past literature, we propose the following hypothesis:

Hypothesis 2:
The financial stability of life insurers is negatively related to their product
portfolio changes and insurance leverage.

Ambrose and Carroll (1994) find that for those companies with poor credit
ratings, the probability of bankruptcy has not increased.” However, Pottier (1998)
discovers that using both financial ratios and the company’s credit rating provides
better predictions of the bankruptcy probability than merely using financial ratios.
Adams, Burton, and Hardwick (2003) likewise emphasize the importance of a
credit rating. In addition, Chang and Lin (2007) and Chang-Chien (2009) suggest
that the share of unit-linked products has a positive impact on the life insurers’
performance. Moreover, according to the experiences of implementing the RBC
system in other countries, Cheng and Weiss (2012) find that the RBC and the
FAST have different effects on the probability of insurers going bankrupt. De Haan
and Kakes (2010) then use a dataset of about 350 Dutch insurers over the period
from 1995 to 2005 and find that the insurers’ solvency is related to the companies’
risk characteristics, not to regulatory solvency requirements. In addition, Lin, Lai,
and Powers (2014) show that there is a threshold effect of regulatory pressure on
insurer risk taking. Therefore, in accordance with the above literature, we propose
the following hypothesis:

7 1In 2002, Taiwan started to implement a system whereby the information regarding life insurers was
publicly disclosed. According to the regulation, life insurers should publicly disclose the results of
their credit ratings or the fact of not entrusting the ratings organization with this task. However,
current regulations on the supervision of insurers do not make it mandatory for those companies to be
credit-rated.
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Hypothesis 3:

The financial stability of life insurers is positively related to whether they are
credit-rated, the share of unit-linked products, and the implementation of the RBC
system.

II1. Data and Methodology

A. Data

We focus on Taiwanese life insurers over a 15-year period from 1997 to 2012.8
The data on the financial statements of these life insurers are obtained from the
annual report of life insurance jointly provided by the Life Insurance Association
of the R.0O.C. and the Taiwan Insurance Institution (TII). Our final sample in this
study includes 25 life insurers with a total of 419 observations. The basic statistical
data for these life insurers are presented in Table I.

In Table I, the mean, median (50 percentile), and standard error of the FSI
calculated based on assets are 38.415, 22.196, and 57.528 respectively, and the
coefficients of skewness and kurtosis are 4.935 and 35.300, indicating that the
distribution is skewed to the right and leptokurtic. Furthermore, both the FSI and
the RFSI have the same type of distribution, as depicted in Figure 1.
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Figure 1. Distributions of the Asset-Based FSI and RFSI

B. Methodology

We calculate the FSI for all life insurers based on the methods proposed by
Hollman, Hayes, and Murrey (1993), using Equation (1):

FSI, = Z;xi [ln xi/yi] X100, (1)

8 Taiwan announced a complete deregulation of the insurance market in 1994. The period of our
analysis is from the year 1997 because we consider the data consistency. Furthermore, we exclude the
newly established life insurers with relatively large adjustments during the first three years.
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where FSIk represents the results of measuring the stability of the financial data of
the k" insurer, i=1,2,...,n, with n representing the number of financial statement
items. The higher the FSI value, the more unstable the company’s financial
situation. x; stands for the specific number within the items in the financial
statements as well as the weights attached to those specific items, while y;
represents the corresponding number for x; in the previous period. Because the
changes in the assets are mainly caused by the changes of investment portfolios,
we focus attention on eight items contained within the investment statement,
namely, risk-free asset, stock, corporate bond, mutual fund, short-term
investment, real estate investment, loan, and overseas investment.® Each of these
items is included within x;, and the numerical values of the corresponding items in
the previous year’s investment statement are included as y;. By incorporating
these items in Equation (1), we calculate the asset-based FSI (FSI). We deal with
the liability items in the same way, selecting the following seven items to perform
the calculation, namely, life insurance benefit payment, other accounts payable,
life insurance reserve, reserve for unearned premium, claims reserve, special
reserve, and other liabilities. We then calculate the liability-based FSI (FSIy).t°

Differences in risk for each investment asset in the life insurance industry are
extremely large. If changes take place among those low-risk assets as well as
among those high-risk assets, what these two types of assets signify is quite
different. Furthermore, since Taiwan started to implement its RBC system in 2004,
the risk coefficient for each of the assets in the insurance sector has had explicit
measures and standards. Therefore, we not only refer to the method proposed by
Hollman, Hayes, and Murrey (1993) to calculate the FSI, but also take into
consideration the risk associated with each of the investment assets of Taiwan’s
life insurers to calculate the risk-adjusted FSI (RFSI) for comparison with the
early warning effect of the FSI calculated based on relatively early studies. The
equation used in the calculation is as follows:

RFSI, = Z;RiskAdj,Factori -x; (Inx;/y; ) X 100, (2)

where RFSIk represents the risk-adjusted FSI for the kt insurer, and the
weight after adjusted for risk (RiskAdj Factor;) is the risk adjustor for each
different asset for each company. These weights are displayed in Table II. The data
on the risk-adjusted weights in the first column of Table II are mostly obtained
from the TII. Apart from those for risk-free assets, short-term investments, and
loans which are given values of zero,! the data on the risk-adjusted weights for

9 Because bank deposits and government bonds (or Treasury bills) are both regarded as risk-free assets,
we lump these two kinds of assets together when performing the calculation. The calculation of the
loans item includes life insurance policy loans and collateralized loans. During the calculation of
Equation (1), if x; or yiequals zero, then we use 0.0000001 instead.

According to the calculation method provided in Hollman, Hayes, and Murrey (1993), we ought to
calculate the FSI for the owners’ equity. However, the owners’ equity for some life insurers in Taiwan
is negative, so we refer to the approach proposed by Chen and Wong (2004) and use both assets and
liabilities to calculate the FSI.

11 Because the insurance policy loans risk coefficient is 0.000 and the collateralized loans risk coefficient

is also an extremely low (0.003), we set both of them as 0.000.

10
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the RFSI in the second column are based on the RBC risk coefficient for real estate
investment (with 0.078 being set as 1.000) in order to calculate their respective
risk-adjusted weights. To illustrate, the weight attached to common stock is based
on the RBC risk-adjusted coefficient of the common stock (=0.241), while the
corresponding RFSI risk-adjusted coefficient is 3.087(=0.241/0.078). By using the
risk coefficients after adjustment to calculate the RFSI, we can correct for
differences in the changes of different risk assets.

Table I1
Risk Adjustment Factors of the RBC and the FSI

The data on the risk-adjusted weights in the first column of the RBC are mostly obtained from the TII.
Based on the RBC risk coefficients for real estate investments (with 0.078 being set as 1.000), we
calculate their respective risk-adjusted weights. For example, the weight attached to stocks is based on
the RBC risk-adjusted coefficients of the common shares of stock exchange-listed life insurers (=0.241),
while the corresponding FSI risk-adjusted coefficient is 3.087 (=0.241/0.078).

Asset I Risk Adjusted Asset I Risk Adjusted
sset Item Weight of RBC sset Item Weight of FSI
Bank Deposit 0.000 )
. Risk-Free Asset 0.000
Treasury Bill 0.000
Common Stock 0.241 Common Stock 3.087
Corporate Bond 0.114 Corporate Bond 1.462
Mutual Fund 0.241 Mutual Fund 3.087
Short-Term Investment 0.000 Short-Term Investment 0.000
Real Estate Investment 0.078 Real Estate Investment 1.000
Policy Loan 0.000
Loan 0.000
Loan 0.004
Overseas Investment 0.108 Overseas Investment 1.382

After calculating the FSI and the RFSI, we then ascertain whether the
companies’ financial situation is able to provide an early warning. According to
Hollman, Hayes, and Murrey (1993) and Chen and Wong (2004), the mean of the
FSI for all insurers in the current year (FSImean) can serve as a reference standard
as to whether or not a particular company is financially stable. If for an insurer the
value of the FSI is higher than that of the FSImean, then they suggest that the
financial situation of that company is relatively unstable (thereby providing an
early warning). Conversely, if the value of the FSI is lower than that of the FSInmean,
the financial situation of the insurer is relatively stable (and thus an early warning
is not provided). However, because the value of the FSImcan is easily affected by
extreme values in the data (Sharpe and Stadnik (2007)), it is likely to create
forecasting errors if the insurer’s financial stability is based on the average of these
extreme values.
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Therefore, we go further to examine the forecasting accuracy of the FSI and
RFSI values for different quantiles. When a life insurer’s FSI or RFSI values are
higher than the mean, 50" percentile (median), or 751 percentile for all life
insurers in that same year,’2 we test the company’s FSI for its early warning effect.
Equations (3) and (4) used to determine whether the FSI provides an early
warning are expressed as follows:

(St=1) if FSI > FSI;, g=Mean, Median, 75 percentile (3)
(St=0) if FSI < FSI,, g=Mean, Median, 75t percentile (4)

According to these two equations, when S; =1, the life insurer provides an early
warning. When S; =0, the life insurer does not provide any early warning.

In Taiwan, apart from the winding up of Kuo Kuang Life Insurance Company
in 1969, only Kuo Hua Life Insurance Company has withdrawn from the market so
far. Therefore, unlike the approach adopted in the literature, we are unable to
regard whether or not an insurer has actually “gone bankrupt” as an event point in
our analysis due to very few insurers’ failure cases. We then consider whether
there have occurred events that have seriously threatened the solvency of the
insurance industry as the event point to test the FSI's forecasting ability. In this
study, we test two event points, namely, (a) whether or not life insurers have been
affected by technical insolvency (where their net worth has turned from positive to
negative),’3 and (b) whether the RBC ratio based on statutory criteria has been
insufficient due to a major economic event (such as the 2008 financial crisis).14

In terms of selecting the length of the forecasting period prior to the
occurrence of the event, we use the probability that S;=1 in 1 year, 3 years, or 5
years prior to the forecasted event point for that company, since the higher this
probability is, the more unstable the company’s financial situation is. We assume
that when this probability is greater than 50% (i.e., not including 50%), an early
warning is given in relation to such life insurers. Furthermore, in order to measure
the forecasting method and the effect of this FSI on the future events involving
these life insurers, we follow the approaches proposed by Kaminsky and Reinhart
(1999), Edison (2003), and Alessi and Detken (2011). We first construct the null
hypothesis, Ho, that a company’s financial situation is worsening, and the
alternative hypothesis, H;, that a company’s financial situation has not
deteriorated. From Table III, H, is equal to A+C, and H;, is equal to B+D. The Type
I error occurs when H, is true but Hy is rejected, indicating that even though a

12 Because of the limitation of the sample size, we mostly only take into consideration the 50th and 75th
percentiles in this study.

13 Five life insurers include Prudential Life Insurance Co., Ltd, Global Life Insurance Co., Ltd., Chaoyang
Life Insurance Co., Ltd., Singfor Life Insurance Co., Ltd., and Hontai Life Insurance Co., Ltd. Kuo Hua
Life Insurance Co., Ltd. is excluded from our study because it refused to provide its financial
statements in 2001 and 2002.

14 This event relates to the financial crisis in 2008, when life insurers were therefore found to have
insufficient capital (as evidenced by their failure to reach the legally required RBC ratio of 200.00%
that year). According to the data released by life insurers in December 2008, seven life insurers’ RBC
levels were less than 200.00%.
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company’s financial situation is worsening, the index does not provide an early
warning. The probability of this Type I error is C/(A+C). Based on the same
reasoning, the Type II error occurs when Hyis not true but Hy is not rejected. This
indicates that when a company’s financial situation has not deteriorated, the index
provides an early warning. The probability of this Type II error is B/(B+D).

Table III
Performances of the FSI and the RFSI

We first construct the null hypothesis, Ho, that the company’s financial situation is worsening, and the
alternative hypothesis, H,, that the company’s financial situation has not deteriorated. Hois equal to A+C,
and H, is equal to B+D. The Type I error occurs when Hois true but Hois rejected, indicating that even
though the company’s financial situation is worsening, the index does not provide an early warning. The
probability of this Type I error is C/(A+C). Based on the same reasoning, the Type II error occurs when
Hois not true but Hois not rejected. This indicates that when the company’s financial situation has not
deteriorated, the index provides an early warning. The probability of this Type II error is B/(B+D).

Technical Insolvency ~ No Technical Insolvency
Signal Issued A B
No Signal Issued C D

For example, we use the FSI to make predictions prior to any events occurring
due to technical insolvency. If we use the median value of the FSI for industry
assets from 2002 to 2004 as the basis of comparison, the data show that of the 25
life insurers, 11 have probabilities of St=1 occurring that exceed 50% over the last
three years. That is, in at least two of the three years the FSI exceeds the median
value for the industry as a whole, indicating that for these 11 companies, an early
warning should be given. Moreover, for 8 of the companies, St =1 for each of the
three years. We consider such companies to have a high degree of early warning.
According to Equation (3), when the probability of S;=1 exceeds 50% in each of
the three years, an early warning in respect of these life insurers should be
triggered. Because of back forecasting, we can use whether or not the event
actually occurs to judge the accuracy of the forecast, the Type I error, and the Type
IT error.

Besides the ordinary least squares regression (OLS) used to test each
hypothesis influencing the FSI and the RFSI, we also use the quantile regression
(QR) proposed by Koenker and Bassett (1978) to further analyze the changes in
the distribution tails for the FSI and the RFSI and discuss the relevant factors
influencing life insurers’ financial stability. Koenker and Bassett (1978) mainly
discuss the effect of the conditional distribution of explanatory variables for each
different quantile. The OLS method uses the least squared error to calculate
parameters, whereas the QR model corrects for the OLS method which only
describes the conditional mean of the explained variable under the influence of
explanatory variables. Under different conditional quantiles, the QR model
describes situations regarding the overall conditional distribution, and therefore
can fully explain the statistical relationship between the distribution tails of the
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explanatory variables and the explained variable. In addition, when there are
relatively large outliers in the sample, the QR model can reduce the bias that
results from the OLS estimation. If y;is the explained variable, x;is a vector of
explanatory variables, and 0<6<1, then we can express the relationship by means
of the objective function of minimizing the residuals in absolute value terms in the
following equation:

Min[ 0~ ol s ~ X8+ 5y, s 0-0)- s~ x81]. (5)

where the coefficient B; indicates how many //n’; units the estimated explained
variable can be expected to change in the 6™ quantile when the explanatory factor,
X, is changed by one unit, indicating that the QR model provides different
weights in the estimation. To illustrate, during the estimation of the 75t percentile
(6=0.75), the observed value that satisfies the y; > x/# condition is accorded a
weight of 75%, while all other observed values that satisfy the y; > x/f condition
are given a weight of 25%. In this study, we use the bootstrap method to estimate
the value of the population parameter in the estimated equation and then
construct the confidence interval for the estimation coefficients in order to test
Hypotheses 1, 2, and 3. The estimated equation is expressed as follows:

Q, (FSI,, or RFSI, | x;,)
= B, + BSIZE;, + B,INVEST;,, + B,OPERATE, + #,APRODUCT;

+ B, LEVERGE,, + SRATING;, + B, IORIENT;,, + SsFOREIGN,,

+ B,FHC,, + B,,GDP%, + ,,RATE, + ,RBC, + ,,CRISIS,

+&,, (6)
where FSI is the financial stability index estimated from Equation (1); RFSI is the
risk-adjusted FSI value estimated from Equation (2); SIZE is the natural
logarithm of firm size; INVEST is the investment performance; OPERATE is the
net operating profit; APRODUCT is the change in the product portfolio;
LEVERAGE is the insurance leverage;> RATING is the dummy variable,
indicating whether or not the company has been credit-rated; IORIENT is the
proportion of the share of unit-linked products; FOREIGN is the dummy variable,
indicating whether the company is a subsidiary of a foreign insurer; FHC is the
dummy variable, indicating whether the life insurer is a subsidiary of a financial
holding company; and RBC is the dummy variable, indicating whether the RBC
system has been implemented in the year under consideration. To control for the
impact of external environmental factors on the FSI, we establish a dummy variable
(CRISIS) for the year 2008, when most insurers were seriously impacted by the
financial crisis. GDP% is the growth rate of gross domestic product in the year
under consideration, and RATE is the 10-year interest rate on government bonds.
The definitions of the data for explanatory variables are presented in Table IV.

15 Chen and Wong (2004) define the insurance leverage ratio as reserves to owners’ equity. However, the
owners’ equity of some life insurers in Taiwan remains a negative value after 2005 and, therefore, the
statistics obtained from the calculation have no substantial meaning. For this reason, we use the ratio
of reserves to assets as a substitute variable for insurance leverage.
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IV. Empirical Results

A. Analysis of FSI's Early Warning Ability

Table V presents the results of tests on the FSI’s early warning ability by the
predictions of the occurrence of events over three different time periods. When life
insurers encounter deterioration in their financial situations and the FSI in the
previous year is higher than the baseline value (the median, mean, or 75t
percentile), the FSI provides an early warning. When the event occurs and the
probability of the FSI in the previous three years being higher than the baseline
value exceeds 50% (i.e., the standard is reached in two or all of these three years),
the index can be considered to provide an early warning. When the event occurs
and the probability of the FSI in these five years being higher than the baseline
value exceeds 50% (i.e., the standard is reached in three or more of these five
years), an early warning is also provided.®

We first conduct tests at the first event point. The results show that to test
whether or not the life insurers will face technical insolvency (i.e., their net worth
turns from positive to negative), the previous year’s FSI that is greater than the
median value for all of the life insurers performs superior predictability and the
forecasting accuracy is 100.00% (i.e., the Type II error is 40.00%). When
compared with the mean used as the basis of comparison in the previous literature,
the median has better ability to predict problem insurers.'”? Using the RFSI as an
early warning index, we find that over the period from 2000 to 2004 (the five
years prior to the event), the RFSI that is greater than the median value for all the
life insurers reflects better predictability. The accuracy of prediction is 80.00%,
and the Type II error is 45.00%. This indicates that using the median as the basis
of judgment can make up for the shortcomings of using the mean as the basis for
the HHM index (Hollman, Hayes, and Murrey (1993) and Chen and Wong
(2004)).

When we use the FSI value to test whether the financial crisis in 2008 resulted
in a corresponding deterioration in life insurers’ financial situations, both the FSI
for the previous year using the median as the standard and the RFSI for the
previous five years provide more accurate predictions The accuracy is 71.43%.

16 We attempt to use the FSI that is calculated based on liabilities or the FSI where both assets and
liabilities (which we refer as the paired indicator) are taken into consideration. When the values of the
FSI based on either assets or liabilities are higher than those of the selected percentiles, a warning is
given in regard to that particular life insurer’s solvency in the future. The probability of a Type I error
occurring is thereby reduced. The results show that for the accuracy of prediction and the Type I error,
the FSI calculated based on assets (or on both assets and liabilities) is better than the FSI calculated
based on liabilities only. To save space, we only display the relevant results for the FSI calculated
based on assets.

17 The identification method whereby the FSI for the previous year is found to be greater than the mean
for all of the life insurers in the current year similarly has an accuracy of prediction of 100.00%, but
the Type II error is relatively large (45.00%). If the 75t percentile is used as the criterion, the accuracy
of prediction is 20.00%. In addition, the accuracy of prediction for the FSI indices based on forecasts
over the previous three and five years is also relatively low.
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However, the Type II error for the FSI is 44.44%, while the Type II error for the
RFSI is 22.22%, indicating that the RFSI is superior to the FSI.

To sum up, we find that the FSI and the RFSI with the median value as the
basis of comparison can provide an early warning with a high degree of accuracy
to identify the possible solvency life insurers.

B. Factors Influencing the FSI and the RFSI

In this section, we explain the relevant statistical tests applied to the model
and the results of these tests.

To test whether the correlation among the explanatory variables in Equation (6)
may have an offsetting effect, we use the OLS method to analyze the variance
inflationary factor (VIF) for each explanatory variable and thereby test for
multicollinearity. Our results show that the VIF for each explanatory variable is
less than 5.03, indicating that no significant degree of multicollinearity exists
among the explanatory variables included in the regression model. In addition,
considering the possible problem of heteroskedasticity, we use the Breusch-Pagan
(BP) statistic to ascertain whether this problem exists. The results show that the
BP statistic is always greater than the Chi-squared statistic, indicating that
heteroskedasticity does exist. Therefore, we adopt the heteroskedasticity robust
standard error to resolve the problem of heteroskedasticity.

The results of the early warning tests in Section A suggest that the FSI and the
RFSI calculated based on assets, both larger than the basis of comparison using
the median value (or the 75% percentile) for all of the companies in the same year,
provide a certain degree of early warning for those life insurers experiencing a
major event impacting their solvency. Therefore, we further analyze the relevant
factors influencing the FSI and the RFSI calculated on the basis of assets.!8

Table VI presents the results of the OLS method. The empirical results indicate
that firm size is significantly negatively related (at the 5% significance level) to the
FSI and the RFSI. For those companies that have been credit-rated, there is a
significantly negative relation (at the 5% and 10% significance levels) with the FSI
and the RFSI. These results that larger companies and having been credit-rated
can significantly reduce the FSI and the RFSI (i.e., increase the degree of financial
stability) partly support Hypotheses 1 and 3. As for the relationship between
insurance leverage and the value of the RFSI, there is a positive relationship (at
the 10% significance level), which partially supports Hypothesis 2. The
relationship between the changes in the product portfolio and the FSI is
significantly negative (at the 10% significance level), which does not conform to
Hypothesis 2. The higher the share accounted for by the unit-linked product, the
higher the value of the FSI, which is also different from Hypothesis 3. In addition,
the empirical results show that there is a significant positive relationship between

18 This study distinguishes between the FSI and the RFSI that are based on assets and liabilities for
one-year and two-year periods, and the empirical results obtained are by and large the same. We only
present the results for the FSI based on assets for the one-year period. If other results are needed, they
can be obtained from the authors upon request.
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the interest rate and the FSI and RFSI, indicating that as the interest rate rises, the
life insurers’ financial situations change. Because the OLS method is only able to
explain the extent of the impact of the explanatory variables on the FSI, we once
again use the results of estimating the quantile regression to analyze the impact of
the explanatory variables on the FSI and the RFSI for each different quantile.

Table VI
Ordinary Least Square Results on the FSI and the RFSI

Standard deviations are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and

1% levels respectively.

Variable FSI FSI RFSI RFSI
SIZE -5.308%* -4.995%* -6.899%* -6.667%*
(2.451) (2.488) (3.015) (3.088)
INVEST 0.256 0.089 8.880 9.776
(6.697) (6.644) (9.053) (8.871)
OPERATE -15.757 -17.536 -27.163 -31.658
(23.586) (24.040) (40.740) (40.370)
APRODUCT -0.030* -0.030*% -0.027 -0.021
(0.017) (0.018) (0.021) (0.020)
LEVERAGE 8.6903 7.740 53.419* 51.415
(31.718) (31.600) (30.960) (31.330)
IORIENT 42.266 44.860 84.858%** 84.404**
(31.978) (32.110) (36.001) (35.710)
RATING -14.662%* -15.530%% -13.898* -14.125%
(6.602) (6.669) (7.745) (7.812)
FOREIGN -11.090 -11.083 -2.007 -1.136
(9.241) (9-343) (10.720) (10.680)
FHC 18.341 18.626 12.031 11.605
(12.341) (12.210) (9.756) (9.562)
GDP% 0.266 0.360 -0.856 -0.749
(0.664) (0.665) (0.923) (0.956)
RATE 5.008%*%* 2.187 4.367** 2.748
(1.764) (2.922) (2.068) (3.093)
RBC -11.283 -9.428
(8.792) (9.304)
CRISIS (2008) -3.514 3.213
(5.927) (7.043)
INTERCEPT 110.102** 121.124%*% 102.901%** 109.293**
(49.183) (47.687) (49.778) (48.746)
YEAR Dummies YES YES YES YES
No. of Obs. 419 419 419 419
Adj R® 0.083 0.087 0.083 0.085
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Tables VII and VIII present the results of the quantile regressions for the FSI
and the RFSI respectively. The first column of Table VII lists the estimation results
of the impacts of five designated conditional quantiles on the FSI. These quantiles
include the three quantiles (qo.25, qo.50, and qo0.75) and the left and right tail
quantiles (qo.10 and qo0.90). The 90% quantile in the tail of the distribution
indicates that the financial situation of the life insurer is relatively unstable, while
the 10% quantile on the other side of the tail shows that the financial situation of
the life insurer is relatively stable. From the empirical results in Tables VII and
VIII, we find that for those life insurers with the relatively large FSI and RFSI (e.g.,
the median and the qo.75 and qo0.90 quantiles), increasing the firm size can
significantly reduce the values of the indices. The greater the impact of such
indices is, the less financially stable the companies are. The larger the life insurers
are, the more sound the internal risk management systems tend to be and the
more ability they have to ensure their financial stability, according with the results
that net operating profit only has a significant impact on the RFSI at the qo.10
quantile (for all the other quantiles, the relationship is negative, but not
statistically significant; BarNiv and Hershbarger (1990), Kim et al. (1995), Grace,
Harrington, and Klein (1998), Chen and Wong (2004), and Baranoff,
Papadopoulos, and Sager (2007)). These results indicate that the larger the net
operating profit of the life insurers is, the more likely an interest margin or a
premium margin results, thereby making them more financially sound. This
finding is consistent with BarNiv and Hershbarger (1990) and Kim et al. (1995).
However, investment performance never has a statistically significant impact, and
the above analysis indicates that Hypothesis 1 is partially supported empirically.

In addition, the effects of the changes in product portfolios for different
quantiles are not consistent. For the more financially stable companies (e.g., the
qo.10 and qo.25 quantiles), the changes in the product portfolios are positively
related to the FSI (although statistically insignificant). For the less financially
stable companies (e.g., the median and the qo0.75 and q0.90 quantiles), the
corresponding correlation is negative (and statistically insignificant). In general,
when quantile regression analysis is performed, the product portfolios do not have
a statistically significant impact on the life insurers’ financial stability, which is not
fully consistent with the results of BarNiv and Hershbarger (1990), Ambrose and
Carroll (1994), Carson and Hoyt (1995), and Chen and Wong (2004). As for the
impact of the reserve assets ratio (insurance leverage) on the FSI as well as the
RFSI, it is significant for the qo.10 and qo.25 quantiles. This result partially
supports Carson and Hoyt’s (1995) conclusion. The above analysis shows that
Hypothesis 2 is empirically supported.

The empirical results also indicate that the decision by life insurers to be
credit-rated has a significantly negative impact on the FSI at the qo.10 and qo.25
quantiles and the median, which also accords with the conclusions reached by
Ambrose and Carroll (1994) and Adams, Burton, and Hardwick (2003). However,
the share of the unit-linked product exhibits a positive relationship with the FSI
and the RFSI, having a significantly positive impact on the more financially stable
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companies (e.g., in terms of the qo.10 and qo.25 quantiles and the median). The
likely reason is that the unit-linked product is greatly affected by economic
conditions. Following the financial crisis in 2008, the unit-linked product
significantly declined, causing the share of the unit-linked product to decline and
in turn the FSI and the RFSI to decrease. After Taiwan implemented its RBC
system, the RFSI indices of the better and more financially stable companies
declined. If one looks at the FSI, there is a significantly negative impact at the
qo.25 and qo.75 quantiles only. The above analysis reveals that being credit-rated
or not has an impact on the company’s financial stability, as do the
implementation of the RBC system and a lower share of the unit-linked product
for different quantiles, also resulting in a significant improvement in life insurers’
financial stability. Therefore, Hypothesis 3 is partly supported by the empirical
results.

With the overall impact of the economic effects taken into consideration, our
empirical results indicate that the higher the growth rate of GDP becomes, the
more financially stable some of the life insurers will become. However, rising
interest rates may cause the FSI and the RFSI to rise, thereby being added to the
financial stability of these companies. A likely reason is that as the economic
growth rate becomes higher and higher, life insurers continue to maintain their
original asset portfolios and rising interest rates cause the prices of fixed-income
investments to fall. To pursue higher investment returns, life insurers are likely to
start to adjust their asset allocation, with the result of becoming less financially
stable. Moreover, after the financial crisis in 2008, for those relatively financially
stable companies (e.g., at the qo.10 and qo.25 quantiles), the FSI exhibits a
tendency to decline, indicating that life insurers’ asset allocation adjustment
strategies are inclined to be conservative. As for the RFSI, there are no consistent
results.

V. Conclusion

Since the early accounting system in the insurance sector was incomplete and
the industry was inexperienced in bankruptcy, supervisors had difficulty
developing an early warning system to detect the failures of Taiwan’s life insurers.
Since Taiwan implemented the RBC system in 2004, the RBC ratio has almost
become the only and the most important instrument for monitoring the financial
and operational risk of insurers, even though the RBC ratio has certain limitations
(Cummins and Phillips (2009)). Therefore, a more effective financial early
warning index in the process of monitoring life insurers is needed. We intend to
remedy this deficiency.

We propose a new measure of the FSI and adopt quantile regressions to
provide more insights into an early warning indicator. Our proposed FSI can
upgrade the effectiveness of early warning and avoid interference from extreme
values. The empirical results show that the proposed FSI and the RFSI have better
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forecasting ability than previous testing models. In addition, besides using the
OLS regression to analyze the factors influencing the FSI and the RFSI, we also
analyze the related factors by using different quantiles. This approach is more
suitable for life insurers in Taiwan due to the number of insurers being relatively
small and the variance in the assets and liabilities being quite large. This paper
shows that the size of life insurers, whether or not they are credit-rated, the
implementation of the RBC system, and the changes in product portfolios each
have a significantly positive effect on financial stability. However, the life insurers’
leverage, the share of unit-linked products, and the market interest rate each have
a negative impact on financial stability. The overall empirical results show that the
proposed FSI in this study can serve as an alternative early warning indicator of
the financial distress insurers in Taiwan.

In terms of policy contribution, our proposed FSI can remedy the deficiencies
in the current early warning system. The empirical results can assist the
supervisory authorities in constructing more straightforward and accurate early
warning indicators. In addition, by increasing the monitoring of the factors
influencing the FSI and the RFSI, the supervisory authorities can enhance the
control over the problem life insures that are likely to encounter a financial crisis
before the event does take place, and the insurers themselves can also use this
index to provide more information for further improvement to their risk
management system.
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