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ABSTRACT

The empirical Bayes model is explored as a technique for estimating key financial
variables that are meaningful to regulators, policyholders, and security analysts of
property-liability insurers. The time series mean and two empirical Bayes models of the
loss ratio are evaluated for four lines of business—auto liability, auto physical damage,
medical malpractice, and fire. Tests were conducted of the forecasting ability of the
three estimators. The empirical Bayes process performed well in the forecasting
experiments for all four lines of business, especially medical malpractice. Empirical
Bayes methods perform better for small firms, which have higher loss ratio variances
than large firms. Forecasting tests using incurred losses suggest that the results might
be improved by using a longer time series and recognizing the autoregression of the loss

process.

Introduction

The accuracy of estimates of future loss costs plays a fundamental role
in determining the underwriting profits of property-liability insurers. A
standard measure of loss costs used by regulators, auditors, policyholders,
and security analysts is the loss ratio. The well-known cyclical pattern in
loss ratios over time (e.g., Witt, 1977, 1978) has led to a series of analyses
of underwriting profit cycles. The underwriting cycle in the United States
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is about six years (see Cummins and Outreville, 1987; Venezian, 1985;
Smith and Gahin, 1983).

Explanations for the cycles fall into two categories. The first type
suggests that the insurance markets are unstable such that prices fail to
converge on an equilibrium due to periods of destructive competition
followed by cutbacks in supply (Berger, 1988) or ratemaking with limited
information (Venezian, 1985). For exampie, Brockett and Witt (1982) point
out that an explanation for the autoregressive behavior of loss ratios is that
premiums are based in part on past losses.

A second type of model explains the cycle in terms of the insurance
market response to external events, such as the liability insurance crisis
(Harrington, 1988), interest rate changes (Doherty and Kang, 1988; Doherty
and Garven, 1991), and institutional and regulatory rigidities (Cummins and
Outreville, 1987).

This article contributes to the analysis of underwriting profits and cycles
by exploring the short-term forecasting of measures of underwriting profits.
Specifically, the empirical Bayes model is proposed as a methodology for
estimating loss ratios—the ratio of incurred losses to earned premiums.'

The position taken is that of an outsider (such as a security analyst, rating
agency, auditor, or insurance regulator) attempting to gauge the financial
performance of an insurer. We use the loss ratio rather than the profit ratio
because loss costs are the primary source of uncertainty in the determination
of insurance profits. Although this analysis focuses on the loss ratio, any
financial measure could be estimated using the empirical Bayes method.
Hence, this analysis is intended to be an example of a technique appropriate
for predicting financial measures when evaluating the financial performance
of the property-liability insurer.

The empirical Bayes approach is particularly appropriate for the case of
loss ratios reported by the property-liability insurance industry because of
data availability and comparability. The by-line loss ratio can be derived for
a large number of insurers across time using the A. M. Best tapes. The
empirical Bayes methodology was developed for just such a multiparameter
estimation problem (Efron and Morris, 1973, 1975, 1977; Morris, 1983) and
is designed for situations in which many similar parameters are to be
estimated but the information on each may be weak. The procedure
“borrows strength’’ (Tukey, 1963) from the whole set of data for estimating
each parameter. Thus, empirical Bayes estimators gain their advantage over
frequentist estimators by using information about all parameters in
estimating each individual parameter, which is intuitively reasonable if the
parameters are similar. In the case of loss ratios, although there is informa-
tion across many firms, the information on each firm’s by-line loss ratios

! The inverse of the loss ratio indicates the cost per dollar of losses required to administer
the insurance and is frequently modeled as the proportionate loading or transaction costs of
insurance (see Doherty and Kang, 1988; Cummins and Outreville, 1987).



428 The Journal of Risk and Insurance

may be weak. The information within the firm is considered weak when the
historic trend is short or if the business is not widely underwritten such that
the historic trend has high variance. An empirical Bayes model suggests that
the estimate of a firm’s by-line loss ratio may borrow strength from
information provided by the experience reported across all firms with
business in that line.

The empirical Bayes model has been previously applied for actuarial
purposes. For example, Morris and Van Slyke (1978) developed an
empirical Bayes method for pricing insurance claims. Similarly, some
applications of credibility theory have employed the empirical Bayes
methodology (see, for example, Neuhaus, 1984; Norberg, 1980). But the
concern here is one of an outsider with limited information. In this regard,
our application of the empirical Bayes methodology to measures of
profitability in the property-liability insurance industry is unique.

The remainder of this article is organized as follows: First, the data and
methodology are described. The next section contains the presentation and
discussion of the results, followed by an examination of the sensitivity of
the results to changes in the assumptions and methods. The final section
contains the conclusions.

Data and Methodology

The initial data set consists of premiums earned and losses incurred for
four lines of business—auto liability, auto physical damage, medical
malpractice, and fire—for all property-liability insurance companies listed
on the A. M. Best tapes for 1980 through 1987. Since the data are derived
from the annual statements, the loss ratios are based on incurred losses and
earned premiums. In principle, it would be better to use accident year
incurred losses, because calendar year losses reflect adjustments in reserves
for previous years as well as the loss experience of any particular year. An
argument for using calendar year losses in the present application is that
accident year losses are not as accessible to outsiders as calendar year
losses. However, the empirical Bayes approach could be easily applied to
accident year data.

Each line of business sample consists of only those companies with
complete data for the eight-year period. The aim is to predict the loss ratio
for each line of each company in 1987, given their loss ratios in the
previous seven years. Assuming that it is constant across time, the mean of
each company’s yearly loss ratio distribution for a line would be a
reasonable predictor. These means are not known, but they can be estimated
from the available data. A logical approach would be to use the time series
mean of the first seven yearly loss ratios for each company as an estimator
of its mean loss ratio for that line, and thus as a predictor for the eighth
year. The original prediction problem can then be described as an estimation
problem, in which the parameters to be estimated are population means, and
the estimators are time series means.
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Unfortunately, estimators of means based on samples of size seven are
frequently so unstable that they do not perform well, especially for lines
with large variances, such as medical malpractice. Thus, the recommended
approach to the prediction problem is to use an empirical Bayes estimator
of each company’s loss ratio mean as the predictor for its 1987 loss ratio.

The Empirical Bayes Model

The empirical Bayes model and methodology is now briefly described.
Let p,..., p, denote the parameters of interest, which are means of k
distinct populations. Let yy;, j = 1.. . denote a time series sample from the
ith of these populations, and defme yv=X2 y,/n; as the time series mean.
Assume that

ylp, ~ N(p;, V) for i = 1,..., k independently, ¢))

with V; known, where N(,) denotes a normal distribution having the
specified mean and variance. Then V, = Gf/ni, where Gf) = Var(yij).
Statement (1) describes the direct information available from the data about
the parameter p. Further assume that the ps are independently distributed
as

~ N, A),i=1,.,k 2)

Statement (2) is the prior distribution of the parameters p, ,..., m,. The
parameters of this distribution are not assumed known as they would be in
a full Bayesian model; instead they are to be estimated from the data.
Standard Bayes calculations (for example, Winkler, 1972) show that the
marginal distribution of the y;s can be determined from equations (1) and
(2) to be

y, ~N(@, A + V), fori = 1,..., k, independently, (3)
and that the posterior distribution for each p, is then
17, ~ N((1-B)§, + By, (1-B)V,), for i = 1,..., k, independently, (4)
where
B; = Vi/(A+V)). (%)

The posterior mean, E(ply;) = (1-B,)y, + By, is called a Bayes estimate for
n;, but this estimator is not available since p and the B;s are unknown.
They can be estimated from the y;s by considering their margmal distribu-
tion shown in equation (3), however, and their estimates (i and B. i)
substituted for the unknown values in E(p,ly,). The resulting statistic,

fes = (1-B) y; + B, 6)
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is known as an empirical Bayes estimator. A method for estimating ji and

the B;s is described in the Appendix.
In the special case in which it may be assumed that for all i, V, = V, figg,

from equation (6) becomes
figg; = (1-B) ¥, + B, (6a)

where B estimates B = V/(A+V). This situation—the equal variance
case—can occur when both the variance (c ) and the sample size (n;) from
the k populations are identical. In the equal variance case, the estimators of
p and B reduce to

‘=>
Mw

y/k

W

i=1

and

A

3)
B= —--—[V/(V+A)]
k-1)
K
where A = ):l G, - %/(k-1) - V). Bigg; as defined for the equal variance, .
1=
is known as the James-Stein estimator (James and Stein, 1960). It can be
shown that

/'\

E(figg; - p)* < E@; - p)? )]

for i = 1,..., k, where the expectation is taken over the joint distribution of
y; and p, and

k k
E[X (bgg; - 1)’] SELZ G - w)). ®)

where the expectation is taken over the data alone. This latter property
should appeal even to frequentists, since it states that the empirical Bayes
estimators dominate the y;s as estimators of the p;s, even when taking the
parameters as being held fixed, if the measure of performance is the sum of
squared errors over all parameters.

Similarities exist between credibility theory and this empirical Bayes
application. Credibility theory generally estimates future claims through the
use of a weighted average of actual claims for the group under consideration
and expected claims based on prior or similar experience (Miller and
Hickman, 1975; Klugman, 1992). Jewell (1975) and others noted that
credibility theory can be at least an approximation of a linearized Bayesian
forecasting method, where the actuary provides the prior distribution to be
used. Norberg (1980) extended Jewell’s results to demonstrate that the
credibility estimators can be derived as an analogue to the empirical Bayes
estimator. Thus, rather than using an actuary’s determination of the
appropriate prior distribution for calculating expected claims, Norberg’s
model explicitly uses information about similar classes of claims.
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The empirical Bayes framework is used for this application, where p; in
equation (1) denotes the mean of the yearly loss ratios for the ith company
in a given line, and Yy, is the time series mean of its loss ratios over the
seven years 1980 through 1986. The estimator figy; as shown in equation (6)
is then a weighted average of y; and fi, the estimated prior mean of the loss
ratio process for all companies in the line. The weight depends on the
relative precision of the available information about p, and p. The precision
of the direct information about p; is measured by V, = &} )/n while that of
i is measured by A. In this application, since n; = 7 for all companies in
the line, the size of V, is determined by the variability of the loss ratios
across years for company i in a given line of business. The prior variance
A describes the variability of loss ratio means among the companies within
a line of business and is a reflection of the similarity among the p;s. The
larger V, is relative to A (i.e., the more unreliable is the information in ¥,
compared to the uniformity of companies within the line), the more the
empirical Bayes estimator relies on information about the prior mean.
Conversely, the smaller V, is relative to A, the more heavily the estimator
weights the individual time series mean estimate.

Assumptions and Limitations

Although the theory has assumed V; to be known, in practice it is not
However, ()‘2 can be estimated from the data in the usual way, as 6
):,.1()',J y)2/(n - 1), and the resulting estimate of V, substltuted in
equation (5). This procedure performs well when the ns are large. In this
application, however, n, = 7 for all i, so the estimates of V; may be poor.
Although the scarcity of observations might imply that fizs, would not
perform as well in this application as the theory would predict, as long as
it can be assumed that the loss ratio variances were constant across the
companies within a line (that is, that 6% = 6%) , then V can be estimated by
V = &%/n, where

k ni k
62 = lg};; ngl (yij - .)7i)2/(i§,l n; - k). (9)

This pooled estimator of the variance has excellent precision in this
application. The problem with this approach is the uncertainty of the
assumption of equal variances for all companies within a line (for evidence
on this assumption, see Lamm-Tennant and Starks, 1991). The analysis was
carried out using both approaches, and similar results were obtained.

Another potential problem with models (1) and (2) for this application is
the normality assumptions. The assumption of normally distributed losses
or loss ratios is known to be problematic (e.g., Cummins, 1991). However,
the time series mean of seven possibly non-normal observations (which is
the object of statements (1) and (3)) may still be approximately normal, as
Justified by the Central Limit Theorem (but see Brockett, 1983, for a
discussion of the problem with this assumption). A check of the marginal
normality of the y;s was made by examining a normal probability plot for
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each line. The plots confirmed that assumption (3) is reasonable for the
medical malpractice and auto physical damage lines but showed that y; has
a distribution with a longer than normal right tail in the auto liability and,
to a lesser degree, the fire lines.’

Empirical Bayes estimation performs best when the ensemble of means
(the k means that are estimated together) are as similar as possible. For that
reason, one would not want to form an ensemble by pooling across lines of
business, since variability across lines is larger than variability within. It
also would be beneficial to exclude from the ensemble those companies
whose average loss ratios are known to be extremely unusual. To control for
the influence of outliers and nonrepresentative firms, the upper and lower
five percentiles of the distributions of loss ratio means and loss ratio
variances were excluded from the estimation process. The extremes for the
1987 data were not eliminated, but any absolute loss ratio greater than 5.0
was eliminated.> The resulting sample comprlsed 297 firms in the auto
liability line, 315 in auto physical damage, 75 in medical malpractice, and
343 in fire.

Comparison of Forecast Performance

One measure used to compare the forecast performance of the empirical
Bayes estimators and the time series mean is the mean squared error of
prediction for the estimators:

k
MSE(s’i‘s‘/) = ‘:le (y,,g7 - y.,37)2/k,

where §,g¢, is the predictor of y,q,, the observed loss ratio for the ith
company in the line in 1987. Because squared error may not always be the
loss function of interest, the number of companies within each line for
which each predictor works best (that is, the number of companies for which
each predictor lies closest to the true value) was also examined.

Results

Based on the 1980-1986 loss ratio data, three techniques were used to
predict the 1987 loss ratio for the companies within each of the four lines
of business. Two are empirical Bayes estimators of the mean, and one is the
time series mean. The two empirical Bayes procedures differ in their
assumptions about V,, the individual firm’s variance over time. For the first
predictor, figg;, the Vs are allowed to differ, and the estimator defined in
equation (A.2) is uscd For the second predictor, p'gg;, it is assumed that V;
=V fori= 1,., k. fi'gp, is defined in equation (6a).

2 Given the skewed data for the auto liability and fire lines, we also tried a power
transformation with no improvement in the results.

3 Ratios of that size can be attributed to reserve errors, data transcription errors, withdrawal
of a company from a given line of business, and other problems indicating that the firm is not
a full market participant. Such outliers can unduly influence the mean squared error criterion.
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Table 1 describes the distributions of the observed loss ratios for 1987 for each
of the four lines of business. The loss ratios in the medical malpractice line were
most dispersed in 1987, suggesting that it is the most difficult line to predict. The
interquartile range of the medical malpractice line was 0.52, while the interquar-
tile range of the other three lines ranged only from 0.16 to 0.23.

Table 1
1987 Loss Ratios: Summary Statistics

k Min 10% 25% S50% 75% 90% Max

Auto Liability 297 046 054 064 0.74 082 096 1.91
Auto Physical Damage 315 -1.34 034 045 054 061 069 98
Medical Malpractice 75 =026 024 049 065 101 1.68 198
Fire 343 -~1.73 0.16 029 040 052 067 .62

Note: Numbers in column headings refer to percentiles of the distribution of loss ratios across time.

Table 2 reports the results of the mean squared error comparison for the
three predlctors for the four lines of business. It shows that MSE(Y, 4;) for
9.7 = ¥i» Agp;» and fi"gp;- The relative savings in mean squared error per
company in the line from each of the empirical Bayes procedures is also
included in Table 2. Relative savings is defined as RS(figg;, ¥) = [MSE(y)
- MSE(figg;)] / MSE(y,), and similarly for fi'gp, The relative savings of
both of the empmcal Bayes predictors were posmve for all four lines of
business, with {igg; performing better than i gp, in every case. The perfor-
mance of the two empirical Bayes procedures was similar for the auto
liability, auto physical damage, and fire lines, where the gain from the new
methods was small. For the medical malpractice line, however, the gain was
substantial. Further, the empirical Bayes estimator for the unequal variance
assumptlon PEgi performed considerably better than did the estimator for the
equal variance case i’ g With an improvement in relative savings from 59
to 74 percent.

Table 2
Mean Squared Forecast Errors: Loss Ratios

Mean Squared Errors of:

Vi B g Pesi Rs(ﬁ‘sm y) RS(jigg;, ¥))
Auto Liability .144 138 135 4.17% 6.25%
Auto Physical Damage .046 045 044 1.87 3.74
Medical Malpractice 1.715 703 452 59.00 73.60
Fire .136 130 127 4.55 7.08

Note: Numbers shown in the columns headed ¥i, A'gg; and figg, are mean square forecast errors
(MSEs) for each of these loss ratio predxctors y, is the time series mean of the annual loss ratios
calculated for 1980 through 1986. p° s, is the empirical Bayes estimate of the annual loss ratio
calculated for 1980 through 1986, assuming that the loss ratio variance differs across firms. ﬂen.
is the empirical Bayes estimate of the annual loss ratio calculated for 1980 through 1986, assuming
that the loss ratio variance is identical across firms. RS(figg;, y,) is the relative savings of the
empirical Bayes estimate over the time series mean calculated as [MSE(,) - MSE(figg )/MSE(y,),
where MSE is the mean squared error, and k is the number of companies in the line.



434 The Journal of Risk and Insurance

The assumption of equal variances across companies within a line is not
advisable, since figy, performed better than iy, in all cases. It seems that
the poor estimates of V; from the short series of data on each company are
less problematic than an unwarranted assumption of equal variance. Given
this result, the remaining analysis is limited to the unequal variance case.

Table 3 reports, for each line of business, the estimated prior parameters
p and A under the unequal variance model. The table also shows the
average of the estimated individual variances and shrinkage factors. The
most striking observation from the table is that medical malpractice loss
ratios are on average much less stable over time within a firm (large average
V)) than the other three lines. This is consistent with Table 1. In addition,
the medical malpractice line has the largest prior variance. Thus, medical
malpractice has the most uncertainty across time and across firms. In
contrast, the most stable line, both over time and among firms, is auto
physical damage. As one would expect, auto physical damage is less
uncertain than medical malpractice in the pricing and underwriting process
due to the nature of the underlying peril.

Table 3
Empirical Bayes Parameter Estimates
(Unequal Variance Model)

] A Average V; Average B,
Prior Mean  Prior Variance  Conditional Shrinkage
Variance Factor
Auto Liability 0.73 0.008 0.004 28
Auto Physical Damage 0.65 0.005 0.002 .24
Medical Malpractice 0.83 0.147 11.413 .36
Fire 0.50 0.015 0.042 21

Note: fi is from equation (A.2). A is from Equation (A.1). ¥, = 8%/n, where 67 is defined in
equation (9).

Sensitivity of the Results

This section analyzes the sensitivity of the results to variations in the
conditions. The applicability of the mean squared error criterion is
considered, and an alternative criterion to measure the performance of the
empirical Bayes estimator against the performance of the time series mean
is used. Because there may be systematic differences in by-line loss ratios
due to the amount of business in the line, the results are tested recognizing
differences in by-line premiums earned across firms. Finally, given the
autoregressive tendencies of the loss ratios, the robustness of the results is
tested by applying the methodology to losses.
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Alternative Performance Measure

The superior performance on the mean squared error criterion for an
empirical Bayes procedure is not surprising in light of equation (8). The
mean squared error criterion provides a measure of the average performance
of each estimator. An alternative criterion is a measure of the performance
of the estimators across the firms. This second measure of comparison is
shown in Table 4, which displays the number and percentage of companies
within each line of business for which the empirical Bayes predictor is
closer to y;g, than its competitor y,. The advantage for the 0" gp; is
maintained for all four lines of business.

Table 4
Predictive Accuracy Based on Number of Companies
Auto Auto Physical Medical Fire
Liability Damage Malpractice
Number of companies 297 315 75 343
Percent of Companies for which
1¥i - Yigr| > g, - ¥ig7] 53.9 52.1 58.7 56.3

Note: y, is the tme series mean of the annual loss ratios calculated for 1980 through 1986. figy
is the empirical Bayes estimate of the annual loss ratio calculated for 1980 through 1986, assuming
that the loss ratio variance differs across firms.

Smaller and Larger Firms

The heterogeneity of the by-line loss ratio across firms is also examined.
The empirical Bayes methodology improves with greater homogeneity in the
variables to be estimated. The concern is that there may be systematic
differences in firms® variances of loss ratios due to differences in the
premiums earned in the line. To check the performance of the methodology
with presumably more homogeneity, the data are divided into two subsets
according to the premiums volume in each line of business. Smaller
premium firms were those with premiums in the line less than the median;
those with premiums in the line greater than the median were considered
larger premium firms.

Table 5 reports the empirical Bayes estimators for each line with the
firms divided into smaller and larger premium groups. In all four lines of
business the conditional variance is substantially greater for the smaller
premium firms than for the larger premium firms. This is particularly true
for the medical malpractice line, where the conditional variance is 16.0784
for smaller premium firms as compared to 0.1798 for larger premium firms.
Hence, the concern for heterogeneity is justified. Observation of the by-line
prior mean for smaller premium firms relative to the larger premium firms
reveals no meaningful differences in the mean loss ratio across the two
groups. The empirical Bayes methodology is applied separately within each
size group.
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Table 5
Empirical Bayes Parameters Estimates by Size of Firm
(Unequal Variance Case)

fi A Average Vi Average fii
Prior Mean  Prior Variance  Conditional Shrinkage
Variance Factor
Smaller Firms
Auto Liability 0.70 0.010 0.055 .30
Auto Physical Damage 0.64 0.005 0.032 32
Medical Malpractice 0.81 0.333 16.078 .36
Fire 0.46 0.013 0.054 28
Larger Firms
Auto Liability 0.75 0.006 0.022 25
Auto Physical Damage 0.65 0.005 0.008 .14
Medical Malpractice 0.86 0.083 0.180 .16
Fire 0.54 0.013 0.030 18

Note: Note: fi 1s from equation (A.2). A is from Equation (A.1). V, = "f/n,, where §7 is defined in
equation (9). Firms with premium volume less than the median for a given line are classified as
smaller premium firms, while those with premium volume greater than the median are classified as
larger firms.

This method of analysis seemed intuitive since estimating loss ratios may
be more difficult for companies with relatively small amounts of business
than for those with larger amounts of business. That is, the forecasted future
by-line loss ratio for a firm with a substantial amount of business in a line
may be more stable due to less volatile historical results, better diversifica-
tion, and possibly a competitive advantage in selection and underwriting.
The outsider interested in estimating loss ratios for a firm with relatively
few premium dollars reported in a line of business may therefore benefit the
most from relying upon the empirical Bayes estimator. To test this
hypothesis, the mean squared errors on the maximum likelihood estimators
are compared with the empirical Bayes estimators.

Given the larger shrinkage factors for smaller premium firms, one would
expect a greater benefit from the empirical Bayes estimator, and that is, in
fact, what is found. Table 6 shows the improvement in the mean squared
errors of the empirical Bayes estimates of 1987 loss ratios over the
maximum likelihood estimates (the time series means). As expected, there
is more forecasting error for smaller premium companies than for larger
premium firms. This holds true across all lines for both estimation
techniques. For example, for auto liability, the mean squared error for the
maximum likelihood estimator is almost 16 times greater for the smaller
premium firms than for the larger premium firms.
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Table 6
Mean Squared Forecast Errors by Size of Firm
(Unequal Variance Case)

Mean Squared Error of:

Yi Bggi RS(ugg;» y))*
%

Smaller Firms

Auto Liability 271 256 5.63

Auto Physical Damage 07 .068 3.56

Medical Malpractice 3.251 77 76.09

Fire 226 213 5.90
Larger Firms

Auto Liability 017 .016 10.66

Auto Physical Damage 021 .020 5.16

Medical Malpractice .138 124 10.70

Fire .046 .038 18.50

Note: y, is the time series mean of the annual loss ratios calculated for 1980 through 1986. gy, is
the empirical Bayes estimate of the annual loss ratio calculated for 1980 through 1986, assuming that
the loss ratio variance differs across firms. RS(ngg,. y,) is the relative savings of the empincal Bayes
estimate over the time series mean calculated as [MSE(y,) - [MSE(uzg,)//MSE(y,), where MSE 1s
the mean squared error.

*Numbers in this column cannot be replicated from numbers in the table due to rounding.

Although the absolute improvement in the mean squared error is greater
for the smaller premium firms across all lines, the results for medical
malpractice are particularly interesting.* Our initial concern was primarily
with medical malpractice since it exhibits meaningful differences in the
variance of the loss ratio across firms based upon amount of premiums in
the line. As reported in Table 6, the relative savings (percent improvement)
for smaller premium firms in medical malpractice is 76.09, as compared to
10.66 for larger premium firms. When all firms are modeled, assuming firms
have different loss ratio variances, the relative savings for medical
malpractice is 73.6 percent. One can conclude that, for medical malpractice,
the improvement provided by empirical Bayes is largely attributed to firms
with smaller amounts of premiums in the line.

The Autoregressive Nature of the Loss Ratio

An additional qualification is that our results do not directly take into
account the finding.of underwriting cycles research that underwriting profits
follow a second-order autoregressive process (Brockett and Witt, 1982;
Venezian, 1985). An interesting avenue for future research would be to

* Because the base mean squared error is so much greater for the small premium firms than
for the large premium firms, the relative savings tends to be greater for the latter group.
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compare the predictions of empirical Bayes methods with those of a second-
order autoregressive model.’> It would also be interesting to compare
empirical Bayes to the time series and econometric methods studied by
Cummins and Griepentrog (1985) in forecasting the paid claim cost data
used in insurance pricing.

Although not a precise correction for the autoregressive nature of the loss
ratio, employing the empirical Bayes process on losses incurred allows a
partial check of the effect of the autoregressive problem. This is because the
strength of empirical Bayes can be evaluated in estimating a variable related
to the loss ratio. If the empirical Bayes method offers more improvement in
the estimation process of losses incurred, then the implication is that, given
the data, a correction for autoregression may improve the strength of the
empirical Bayes estimate of the loss ratio.

There are additional considerations in using the empirical Bayes
technique on losses incurred. First, an adjustment must be made for claim
cost inflation.® Since the lines may be affected differentially by inflation,
components of the Consumer Price Index (CPI) for each line were used
rather than the generalized index. The data were obtained from the Citibase
data retrieval system. The proxy for claim cost inflation for auto physical
damage was the CPI index for automobile body work maintenance and
repair; for fire, the CPI index for housing; and for auto liability and medical
malpractice, the CPI index for professional medical services.

The second consideration is the potential distortion caused by differences
in size of losses across the firms in a line. One of the strengths of the
empirical Bayes methodology is that known differences in the p;s can be
taken into account by replacing p, the mean of the prior, by a regression
function x;8, where Xx; is a vector of known explanatory variables, and 8 is
a vector of unknown regression coefficients to be estimated from the data.
In this case, the empirical Bayes estimator is

figs, = (1 - B)Y, + Bi(x;8),

where B = (X’D X) !(X’D Y), X is the design matrix whose rows are the XS,
D is a diagonal matrix having 1/(Vi+f\) as its ith element, and Y’ = (Y,,...,
Y,). (Other slight changes are made in the estimation procedure as well; see
Morris [1983] for details.) Thus, the empirical Bayes estimators can be
constructed to shrink Y, toward its own predicted (modeled) mean, rather
than toward a constant mean. To control for differences in the size of the
losses, the prior mean was modeled as a function of premiums earned.

5 The limited number of time series observations in our sample (seven) precluded meaningful

tests of the autoregressive model.

S Research indicates that specialized indices, such as the Consumer Price Index for body
work, perform poorly as predictors of paid claim cost inflation (see Cummins and Nye, 1980).
Broad based indices such as the Consumer Price Index on wage rates typically perform better.
In the absense of prior information on predictors of incurred losses, we elected to use
speciatized price indices.
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Estimates of losses incurred were then calculated using the estimator shown
above, with

x;8 = Bo + B, * [premiums earned,].

The relative savings shown by the empirical Bayes estimate of losses
incurred is positive for three of the lines analyzed--auto liability, auto
physical damage, and medical malpractice (see Table 7). For fire, the
relative savings was slightly negative. In terms of the percentage of firms,
the empirical Bayes estimate is closer to the observed 1987 losses incurred
for 54 to 80 percent of the firms, depending upon the line of business.
These results favor the empirical Bayes process over the maximum
likelihood estimate. When compared to the results derived from estimating
loss ratios, for at least two of the lines--auto liability and auto physical
damage—the empirical Bayes model performs significantly better when
autoregressive tendencies are not present in the variable to be estimated.
This supports the assertion that, given the data, a correction for the
autoregressive tendencies found in the loss ratio may improve the strength
of the empirical Bayes process.

Table 7
Mean Squared Forecast Errors: Losses Incurred

Percent of Companies

Mean Squared Error of for Which
¥i figp; RS(jigg; ¥)" 1¥: - ¥igr| > |Pgm; - ¥igol
Auto Liability 392 E+14 2.63 E+14 32.8 74.8
Auto Physical Damage 6.78 E+13  3.97 E+13 415 79.6
Medical Malpractice 1.13 E+14 095 E+14 16.1 54.5
Fire 4.02 E+12 4.15 E+12 -3.3 64.1

Note: ¥y, is the time series mean of the annual loss ratios calculated for 1980 through 1986. figg,
15 the empirical Bayes estimate of the annual loss ratio calculated for 1980 through 1986, assuming
that the loss variance differs across firms. RS(figg,, ¥,) is the relative savings of the empirical Bayes
estimate over the time series mean calculated as [MSE(y,) - [MSE(figg )/MSE(y,), where MSE is

the mean squared error.
“Numbers in this column cannot be replicated from numbers in the table due to rounding.

Conclusions and Recommendations

The empirical Bayes model is used to estimate the loss ratio for four lines
of business. Using loss ratio data for 1980 through 1986, three candidate
predictors of the 1987 loss ratio are derived: the time series mean and two
empirical Bayes procedures, which differ in their assumptions about the
individual firm’s variance. The performance of the three predictive
procedures are compared using the mean squared prediction error. An
alternative evaluation criterion is based upon the number of companies
within each line for which the empirical Bayes predictor is closer than the
time series mean to the reported 1987 loss ratio. The two empirical Bayes
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procedures result in more precise estimates than the time series mean for al;
lines of business, although the gain from empirical Bayes is small for autc
liability, auto physical damage, and fire. For medical malpractice, the gain
is substantial, and the empirical Bayes procedure that allows for unequal
variances across firms performs considerably better than the estimator
assuming equal variance.

To evaluate the sensitivity of the results, the number and percentage of
firms within each line of business for which the empirical Bayes predictor
(unequal variance assumption) is closer to the 1987 loss ratio were
calculated. Again, for all lines of business the empirical Bayes estimator
performs well for the majority of firms when compared with the time series
mean estimate. A second sensitivity analysis considers systematic differences
in the by-line loss ratio according to the amount of business in the line.
These results are particularly interesting since there is evidence that firms
with relatively low premium dollars in a line may benefit the most from
relying upon the empirical Bayes estimator. This result is intuitive and could
have practical applicability. Finally, because of the autoregressive nature of
the loss ratio, the strength of the empirical Bayes approach is evaluated in
estimating an alternative variable, losses incurred. These results imply that
a longer time series of data might correct for the autoregressive tendencies
of the loss ratio and improve the strength of the process.

Regulators, security analysts, and auditors should consider the empirical
Bayes model for forecasting key financial variables that impact the
profitability of the property-liability insurer. Future research might address
the percent or average improvement provided by the empirical Bayes
estimator of the forecasted loss ratio, which could be decomposed further
and attributed to either the nature of the business or the number of
participants. Given additional data, one might consider a correction for
autoregression, as well as an evaluation of other key financial variables.

Appendix

The mean and variance of the prior distribution, p and A, can be estimated
by iteratively solving the equations

k L3
A= T WL -w'-Vil/(E W), (A1)
where W, = 1/(V, + f\), and ‘
k k
g= (|=El w,;’-,)/(!g Wi).(A.Z)

A should be set to zero if its estimate becomes negative. This method is
attributable to Morris (1983).
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