
EMPIRICAL BAYESIAN CREDIBILITY FOR WORKERS’ 
COMPENSATION CLASSIFICATION RATEMAKING 

This paper demonstrates how a company can derive accurate classi- 
fication relativities. The method uses an empirical Bay&an credibility 
formula as taken from the paper “Credibility for Loss Ratios” by Buhl- 
mann and St*,tub and modified by the IS0 Credibility Subcommittee. 

The data rc Ittired for this method can be purchased from the National 
Council. A classification review is performed on three years of live data, 
Relativities pr>dictcd by both this method and the present rntemaking 
formula are compared with the actual relativities from a fourth year of 
data. 

1 IN’~ROI)I’(‘1ION 

Workers’ Compensation has traditionally been a highly regulated line 01 
insurance. Rates are usually recommended by the National Council on Com- 
pensation Insurance and. with regulatory approval. become the industrywide 
standard. While many states permit deviations. insurers have generally adhered 
to the standard rates. Insurers compctc on price by offering various dividend 
plans. 

With the creation of the model law for competitive rating in Workers’ 
Compensation, this is rapidly changing. In order to promote a better business 
climate. many states have passed competitive rating laws. 

Under a uniform pricing system. it is not necessary to have rates equal to 
the expected cost of writing the policy. But in ;I competitive environment, many 
economists, such as Paul Samuelson ] I]. assert that the price will be equal to 
the expected cost of writing the policy. While the present ratemaking formula. 
which is described by Kallop 121, makes no systematic deviation from expected 
cost pricing (on an underwriting basis). it is not obvious that these rates are the 
best estimates of the expected cost. The present ratemaking method has held 
up for a long time under a system of uniform ratemaking. but it remains to be 
seen how long it will hold up under the increased pressure of open competition. 
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In most states, all insurers report their experience to the National Council. 
This reporting takes two forms. First, insurers report their aggregate premium 
and loss experience. Since rates are uniform, it is not necessary to adjust 
premiums to a common rate level. Thus it is easier to estimate the overall 
needed rate change with this data. Second, insurers report loss and exposure 
experience for each insured on a policy year basis. While this data is not as 
timely as the financial aggregate data, it is more detailed. Because of its fine 
breakdown, it can be used for deriving class relativities. 

The broad-based experience reported for Workers’ Compensation should be 
compared to the experience reported for other lines. In private passenger auto- 
mobile insurance, for example, many policies are written by independent in- 
surers who do not report their experience. Many different classification systems 
and rating plans are used. Thus, combining experience is difficult, if not im- 
possible. Because of this, it is difficult for many insurers to set accurate rates. 

It can be argued that reporting experience on a standard basis can enhance 
competition by making it easier for insurers to enter the market. But the need 
to report experience on a standard basis can discourage insurers from trying 
innovative classification systems and rating plans. Clearly. some compromises 
must be made in order to obtain the greatest benefits from competitive rating. 

To summarize, the economic incentive to calculate accurate rates for Work- 
ers’ Compensation is stronger than ever before, and the volume and quality of 
data are better than in any other line of insurance. Also, methods of data 
processing are becoming cheaper and more flexible. Under these conditions. 
improvements in the accuracy of ratemaking can surely be made. 

This paper addresses the problem of determining accurate classification 
relativities. The method used to derive classification relativities differs from the 
present method in its use of an empirical Bayesian credibility formula. 

We begin with a description of the empirical Bayesian credibility formula. 
We then compare the accuracy of the classification relativities predicted using 
this formula with those predicted by the present ratemaking formula. 

The theory described in this paper is applicable to both loss ratio and pure 
premium ratemaking. However, it makes no sense to credibility weight the pure 
premium of a class with a thirty cent rate with the pure premium of a class with 
a thirty dollar rate. This is frequently the case in Workers’ Compensation. Thus, 
we describe the theory in terms of loss ratios. 
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The loss ratios are based on Unit Statistical Plan data. Since the overall rate 
change is determined externally (the National Council uses financial aggregates), 
these loss ratios are used to determine class relativities. 

2. INFORMAl-ION AND ESTIMATION 

A general principle in statistical estimation theory is that more information 
about a certain quantity leads to a better estimate of that quantity. A goal of 
statistical estimation theory is to develop ways of using all sources of relevant 
information in arriving at an estimate. In this section we shall show how this 
principle applies to Bayesian estimation and credibility theory. 

Our problem is to estimate the loss ratio for a class of insureds. We consider 
two sources of information that can be used to estimate the loss ratio. 

First. we can use the historical loss ratios for the class. While this infor- 
mation has a direct relationship to the quantity being estimated, it can be subject 
to random fluctuation because of small volume. 

Second, we can use the loss ratio for a group of similar classes. Because of 
the greater volume of experience, this information has less random fluctuation. 
However, it has a less direct relationship to the quantity being estimated. The 
classes in the group may simply have different loss ratios. 

Each of these sources of information is relevant to the quantity being 
estimated. The problem we want to address becomes the following: how can 
one use both sources of information to derive an estimate of the loss ratio for 
a class? 

We seek a mathematical solution to this problem. To solve this problem we 
must first specify a model that we feel resembles the situation. We must then 
specify the information that we have available. We then mathematically derive 
the best estimate of the loss ratio. 

We begin by making the following assumptions. 

I. The expected loss ratio, p, is randomly selected from a distribution with 
mean M and variance 7’. 

2. Each loss ratio, X, is randomly selected from a distribution with mean 
CL, and variance u2. 

This model bears a fair resemblance to our situation. We observe a class 
loss ratio, X, which fluctuates around the class’s expected loss ratio, P. Our 
second source of information is the loss ratio, M, for a group of classes. The 
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possibility that classes in this group may have different loss ratios is represented 
by selecting k at random from a specified distribution. 

The problem is to estimate the true loss ratio for a given class. We now 
describe some solutions to this problem. 

The Bayesian Solution 

The Bayesian solution to this problem is to calculate the average p for all 
classes with observed loss ratio X. We write this as E[p.(X]. One must have a 
complete description of the distributions for X and k to perform this calculation. 
For example, if we know that X and p are normally distributed, it is demon- 
strated by Hoe] [3] that 

E[pIX] = $+ ’ x + -- * M 7 +a 

Hewitt [4] and Mayerson [5] give the Bayesian solution for other distributional 
assumptions. 

It should be noted that the Bayesian solution given above is a linear function 
of the observed loss ratio, X. While this is also true for many other Bayesian 
solutions, it is not true for all Bayesian solutions. Hewitt 161 gives an example 
where the Bayesian solution is not linear. 

The Credibility Solution 

The credibility solution, given by Buhlmann [7], is to use the linear ap- 
proximation to the Bayesian solution which minimizes the expected squared 
error. As noted above, in many cases the credibility solution is identical to the 
Bayesian solution. While the credibility solution may not be as accurate as the 
Bayesian solution, it does not require as much information. One need not have 
a complete description of the distribution of X and l.~. One need only have the 
values of M, 72 and u2. We will denote the credibility solution by C[k(X]. 

The credibility solution can be stated as follows. Let 

C[JIIX] = A . X + B. 
We want to choose A and B so that 

E[(C[p(X] - E[I-+-‘I)~] 

is minimized. The solution can be written in the following form. 

C[ppq = & . x + u* 2 . M. 
I- +u 
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Define the credibility factor, Z, as follows: 

Z=& 
7 +u- 

The credibility solution now takes the more familiar form: 

c]ll.]x]=z.x+(l -Z).M 

The credibility factor can be viewed as a mcasurc which compares the 
variance of X with the variance of p,. A credibility factor close to zero indicates 
that the random fluctuations of individual class loss ratios are large compared 
to the true differences in loss ratios between classes in the group. A credibility 
factor close to one indicates just the opposite. Philbrick ]8] discusses this aspect 
of credibility theory in detail. 

A major problem with the credibility solution is that. in real life situations, 
one does not know M. T' or u’. While it is possible to choose the unknown 
parameters by judgment. American actuaries have used a more direct approach; 
they choose the entire estimation formula by judgment. These formulas are 
generally referred to as the “classical” credibility formulas. The rationale for 
these formulas is given by Longley-Cook [ 9 ] 

While the Bayesian and the credibility solutions provide considerable insight 
into the estimation process, one more step is needed. We must be able to form 
our estimates entirely from observations. This is the essence of the empirical 
Baycsian solution. 

3. EMPIRICAL HAYESIAN (‘KEI~IHII II3 

We begin our discussion of empirical Bayesian credibility with a description 
of the solution given by Buhlmann and Straub [IO] in their landmark paper 
“Credibility for Loss Ratios.” This solution has been amplified and modified by 
the Credibility Subcommittee of Insurance Services Office. Much of the follow- 
ing development is taken from a report written by the Credibility Subcommittee 
1111. 

We begin by specifying the model underlying the empirical Bayesian crcd- 
ibility formula. Next. we give the credibility formula in terms of the parameters 
of the model. Finally, we show how to estimate the parameters of the model. 
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The Model 

The formula requires the following data 

1. T years of experience for N classes. 
2. The premium for class i in year t (denoted by P,,). 
3. The loss ratio for class i in year t (denoted by X,,). 

We make the foilowing assumptions. 

I. The expected loss ratio for class i, p,, is randomly selected from a 
distribution with mean M and variance 7’. 

2. Each loss ratio, X,,, is randomly selected from a distribution with mean 
p, and variance VflP,,. 

Most actuaries would agree that the variability of a class loss ratio decreases 
as the size of the class increases. The assumption that the variance of the loss 
ratio is inversely proportional to the premium (i.e., VarlX,,] = V,‘/P,,) is a simple 
way to approximate this relationship. Note that the constant of proportionality, 
Vf, can be different for each class. 

It is unlikely that this relationship is precise. Meyers and Schenker [ 121 
propose a model of the loss process in which the variance of the loss ratio is 
not inversely proportional to the premium. In this model the variance of the 
loss ratio can be written in the form VarlXi,] = a/P;, + B. The constant term, 
B. is positive when there are additional, but unidentified, sources of variation. 
Examples of this could include changing economic conditions, or increased 
emphasis on loss control. Meyers 113) discusses how a positive constant term 
affects the credibility formula. 

The Credibility Formula 

For a given class, j, we want to find an estimate, bj, of the expected loss 
ratio, pi. Here, we present the formula given by Buhlmann and Straub 1141. 

The estimate is of the following form. 

A,, is chosen to minimize E[(/Ij - P,)~], subject to the constraint 
that E[bj] = M. 

Note that all the observed loss ratios, X,,, contain some information about 
the expected loss ratio t+ The exact nature of this information is specified by 
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the assumptions listed above and the accompanying mathematics. It should be 
noted that since the X,,‘s contain more information about )+I than the other X,,‘s, 
the A,,‘s depend upon j. 

Using the method of Lagrange multipliers, one can solve for the Air’s, 
Buhlmann and Straub went one step further by algebraically manipulating the 
solution so as to express it in a form which resembles a standard credibility 
formula. 

Let Pi = C Pi, (total class premium), 

Xi = 2 Pa * X,/P, (premium weighted average of X,,), 
, 

C2 = E[V;] 

K = C2/? (credibility constant), 

Z, = P, l(P, + K) (credibility factor), and 

A = 2 Z, . X, z Z, (credibility weighted average of X, ) 
I I, 

Then F, = Z, . X,. + (I - Z,) . A?. 

There is one point that should not be overlooked. The complement of 
credibility is assigned to the credibility-weighted average loss ratio and not the 
premium-weighted average loss ratio as many would assume. The reason for 
this is simply that it is the solution to the minimization problem. It should be 
noted that A has some very nice properties. 

First, it can be demonstrated [ IS] that 

2 c P,, . IL = 22 z P,, . xi,. 
I , I I 

This means that the estimates of the class loss ratios are “in balance” with the 
overall loss ratio. 

Second, it can be demonstrated [I61 that fi is the minimum variance un- 
biased estimate of M. 

Estimating the Parameters 

The following estimators of C2 and TI were derived by Buhlmann and Straub 
t 171. 
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Let P,. = 2 2 Pi, (total premium), 
i I 

P2 = c P' ) 

x = x x P,, . X*,/P.. (premium-weighted average of X,,), and 
,i r 

w= c P, *(X, -XJ2/(N- 1) 

Then estimates for C* and 72 are given by 

C l42Pfr . (Xi, - Jii.1’ 

i2= ’ 

I 

and 
N-T-N 

;' = (W - i’, * (N - 1) * P.. 
PZ - P2 . 

Buhlmann and Straub then used &? = i’/? as their estimate of the credibility 
constant. The credibility of a class loss ratio becomes the following: 

2; = p, 
P,. + K . 

The IS0 Credibility Subcommittee modified this formula for the following 
reason. Even though x2 is an unbiased estimate of x2, and +’ is an unbiased 
estimate of r2, it turns out that Z( is a biased estimate of Zi. The modified 
formula, which attempts to correct for this bias, can be written as follows. 

2, = PI. N-3+3 
v.- 
P,+K N N 

This modification is identical to that given by Morris and Van Slyke [ 181. A 
derivation of this modification is given by IS0 [ 191. This derivation makes a 
number of simplifying assumptions in addition to those already stated. They are 
as follows. 

I. Xi, is normally distributed. 
2. p, is normally distributed. 
3. C2 is known. 
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Since these assumptions are somewhat restrictive, this correction for bias should 
be regarded as only approximate. 

Under the above assumptions, it is not possible to correct for this bias when 
N < 3. Thus, one should not use this empirical Bayesian formula when there 
are three or fewer classes. 

Note that the minimum credibility that is possible in this formula is 3/N. 

It is possible for the estimate, ;‘. to be negative. This can be disconcerting 
to those who think that estimates of a variance should be positive. However, 
this phenomenon does have a natural interpretation. If we assume that the X,,‘S 
are normally distributed in addition to our stated assumptions, it is possible to 
test the hypothesis that all the p,‘s are equal. This test is referred to as analysis 
of variance (ANOVA). and is described by Freund and Littell [20]. This test 
calculates a statistic called the F statistic. Abnormally high values of the F 
statistic indicate that we should reject the hypothesis that all 11,‘s are equal, 
while lower F values indicate failure to reject this hypothesis. 

It turns out in our case that F = W/Z?‘. Thus we have that ? is negative if 
and only if F is less than one. Since under the null hypothesis, 
E[F] = (N . T - N)/(N . T - N ~ 2) > I, a negative ? indicates failure to 
reject the hypothesis that all p,‘s are equal. 

Thus, we should assign a credibility of zero when ? is negative 

One additional point should be made. The derivation of these estimators 
requires that the loss ratios for a given class are independent from one year to 
the next. Most ratemaking procedures in use at this time use loss ratios at 
“present rates.” If rates are revised yearly, all but the most recent year of 
experience is used in calculating the present rate. The premium, and hence the 
loss ratio, for the most recent year will be influenced by the experience of the 
prior years. Thus, the independence assumption is violated! 

The effect of using premium at present rates is to understate our estimate 
of TV. W is sharply reduced, while i’ will not be significantly affected. An 
extreme case results when all years of the current review were used in making 
the present rates, and a credibility of one was used. In this case, all the X,,‘s 
are equal to the expected loss ratio, W is equal to zero and ? is negative. 

What to do about this problem is currently being debated by the Credibility 
Subcommittee. Some members feel that present rates should be used for esti- 
mating loss ratios, and the focus of the debate is on how to do this. In this 
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paper we do not use present rates. Instead we use the most recent rates which 
were not based on the current experience. 

It should be noted that if X,, is a pure premium rather than a loss ratio, the 
Xi,‘S will be independent, and it is not necessary to refer to older rates. 

In summary, we have presented a credibility formula whose parameters are 
derived entirely from available data, and we have stated the assumptions that 
are used in deriving this formula. As is often the case in actuarial science, the 
model associated with these assumptions is necessarily simpler than the real 
world. However, this formula is easy to use and can produce accurate results, 
as we shall now demonstrate. 

4. RATEMAKING WITH EMPIRICAL BAYESIAN CREDlBlLlTY 

We now demonstrate how to use empirical Bayesian credibility in classifi- 
cation ratemaking. 

The Data 

Whenever the National Council files rates, it releases the raw data that 
underlie the rates. Recently, they began selling tapes containing loss and ex- 
posure data (Schedule Z), by class, derived from the Unit Statistical Plan. For 
this study, we obtained the tapes which correspond to the 1982 and 1983 rates 
for the state of Michigan. 

The most recent rates which did not utilize any of the above data were those 
for the year 1979. Thus we calculate the premium by multiplying the payroll 
times the 1979 rate. 

Below, we use the data on the tirst tape to calculate class relativitics. Thus 
it is possible to make a direct comparison between the 1982 rates and the rates 
produced below. The tape which corresponds to the 1983 Michigan rates con- 
tained an additional year of data. We will use this additional year of data to 
compare the accuracy of the rates derived using the present ratemaking formula 
with those derived using empirical Bayesian credibility. 

The losses were adjusted for law changes and loss development with factors 
taken from the 1982 Michigan rate tiling. One technical point should be made 
here. The 1982 National Council rates do not reflect the modification due to 
(Michigan) Senate Bill 1044. This is appropriate since none of the experience 
reflects this bill and the adjustment was made outside the usual ratemaking 
formula. 
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Our purpose is to provide a direct comparison of ratemaking formulas. and 
so classes which presented special problems were dclcted from this analysis. 
The special problems were of two kinds. First. many classe\ wcrc absorbed 
into other classes between 1979 and 1982. It was felt that the lY7Y rate for the 
new class could not be accurately estimated. Second, some classes contained 
disease elements which require special treatment. In practice, these problems 
must be dealt with. But that is beyond the scope of this paper. 

Exhibit I shows the data used. 

Determinirlg the Clus Loss Ratio.\ 

The empirical Bayesian credibility formula was applied to the data of 
Exhibit I with the following results. 

N = 319 
2’ = 92374 
-2 7 = 0.019237 
k = 3801900 
hi = 0.5822 

For each class i. the credibilities. 2,. and the estimates. (I+, are given in 
Exhibit I. 

Even a moderately large insurer is unlikely to have exposure in all classes 
for which it must have a rate. Thus most insurers must obtain data similar to 
that described above in order to make independent rates for all classes. However, 
a company does not need data in such fine detail to determine the overall rate 
change. 

As noted above. the National Council uses financial aggregate premium and 
loss experience to determine the overall rate change. Individual companies 
operating in a competitive environment invariably will have their own way of 
deriving the overall rate level. It is not our purpose to describe methods of 
determining the overall rate change. Instead we will describe how a company 
might distribute the overall rate change to the individual classes. 

The procedure described below will produce estimates, b,. of the loss ratio 
at 1979 rates for each class i. Since it is quite likely that an insurer’s payroll in 
the various classes will have changed since lY7Y. a logical procedure for 
determining the tinal rates might proceed as follows. 
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Let L = Total loss provision for the insurer’s current book of business at the 
proposed rate level, 

E, = insurer’s current payroll for class i and 
R, = 1979 rate for class i. 

We define the rate adjustment factor, A, as follows. 

The loss provision in the rate for class i is then given by the expression 
R, . h, . A. If the loss provision in the rate for class i is defined in this manner, 
the total loss provision for the new class rates on the current book of business 
will be equal to L. 

It should be noted that the estimates, b,, are really being used to determine 
class relativities. 

5. TESTING CREDIBILITY FORMULAS 

We shall now compare the accuracy of the rates produced by the empirical 
Bayesian credibility formula with those rates produced by the present ratemaking 
method. 

The UnderccvYting Test 

The accuracy of a ratemaking method can have a very important practical 
consequence. Suppose you are in an environment where some less accurate 
ratemaking method is being used. If you choose, or are required, to use the less 
accurate rates, you can use the more accurate rates to identify the better insureds. 
By writing these better insureds, you will have better than average underwriting 
results. Conversely, suppose you are able to use the rates indicated by the more 
accurate ratemaking method. You would then be charging a lower rate for the 
better insureds, and a higher rate for the worse insureds. You could then increase 
your writings for the better insureds and still make an adequate profit, while 
your competitors who use the other ratemaking method should write more of 
the worse insureds and make a less than adequate profit. A common phrase for 
this procedure is “skimming the cream.” 

Our first test will be based on this phenomenon. and will appropriately be 
called the “Underwriting Test.” This test proceeds as follows. We first estimate 
the expected losses predicted by each formula for the test year. For each class, 
i, the expected losses are computed as follows. 
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Since we are interested only in class relativities. wc use the factors 0.76Y384 
and I .053661 to force the expected loss to sum to the total expected losses for 
the test year. 

Next. we divide the classes into two groups. Group 1 consists of all classes 
for which the present ratemaking formula t -ives lower expected losses. Group 
Z consists of all other classes. 

For each group we then compare the ratio of actual losses for the test year 
to the expected losses predicted by both ratcmakin, 17 tormulas, The results are 
in the following table. 

TABLE 1 

UNDI:RU.KI IIN<; TWI 

Group 1 Group 2 Total 

1. # Classes 161 IS7 319 
2. Actual Loss ~1690600.3 199032667 4 15938670 
3. Exp. Loss (Pres. Mthd.) m-23x 132 107700538 415938670 
3. Exp. Loss (E. B. Cred.) 2103 1 0030 195628640 415938670 
5. (Z)/(3) 1.043 0.958 1.000 
6. (2)1(4) O.YX.5 1 .o 17 1.000 

Line 5 of Table 1 shows that by using the present ratemaking formula and 
underwriting in favor of the Group 7 classes. one expects a better than average 
profit. Line 6 of Table I shows that by using the rates produced by the empirical 
Bayesian credibility formula. one could charge less than the rates produced by 
the present formula for the Group 2 classch and still make an average profit. 
Competitors with the same overall rate level who LISC the present ratemaking 
formula may end up writing a greater concentration of Group 1 classes and 
make less than their anticipated profit. 
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Thus we conclude that the empirical Bayesian credibility formula produced 
more accurate rates for this data. 

We now address the statistical significance of this result. Our test is similar 
to the “bootstrap” technique described by Diaconis and Efron [2 I]. For our test, 
we constructed 2000 groups of insureds in which the members of the group 
were selected at random with a probability of 0.5. The loss ratios for each group 
were calculated and then listed by percentiles. These percentiles are given in 
Table 2. 

TABLE 2 

RANDOM Loss RATIOS- 

PRESENT RATEMAKING 

METHOD 

Percentile Loss Ratio 

,010 ,939 
.025 .949 
,050 .957 
.lOO .965 
,150 ,971 
I200 ,976 
,250 .980 
.750 1.021 
,800 I .027 
,850 1.033 
.900 1.041 
,950 I.053 
,975 1.064 
,990 I.075 

Looking at Table 2 we see that the Group 1 loss ratio for the present 
ratemaking method of I .042 is near the 901h percentile of the random loss ratio 
distribution. Similarly, we see that the Group 2 loss ratio of ,958 for the present 
ratemaking method is close to the fifth percentile of the random loss ratio 
distribution. 
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Now there are two types of errors that can bc made. A Type I error occurs 
when one keeps the present method when the empirical Bayesian method is 
better. A Type 11 error occurs when one changes from the present method to 
the empirical Bayesian method when the two methods are equally accurate. 
Table 2 shows that the probability of making a Type II error is less than one in 
ten. The probability of making a Type II error (i.e. the significance level) that 
should be required in order to change methods depends upon the relative costs 
of the two types of errors. 

A single insurance company operating in a competitive environment may 
miss a good opportunity to expand in some profitable classes if it makes a Type 
I error, but should lose very little by committing a Type II error. A one in ten 
chance of making a Type I1 error should be sufficient to justify adopting the 
empirical Bayesian method. 

A Type II error can be very costly for a rating bureau which is making an 
industrywide filing in a noncompetitive environment. Should the error be dis- 
covered after such a filing, the cost of returning to the present method can be 
enormous in time, money, and embarrassment. In such cases a one in ten chance 
of making a Type II error may not be suffcient to justify changing methods, 
and additional tests should be made. However, it should be noted that the cost 
of a Type I error is not insignilicant. Companies can use the empirical Bayesian 
method for underwriting. There could he availability problems for some classes. 

The table of loss ratio distributions for the empirical Bayesian credibility 
formula is similar to Table 2. The loss ratios of ,985 for Group I and 1.017 
for Group 2 are well vvithin the normal range of Huctuation. 

Mem Syucuerl Error 

A natural test for a ratemaking method is to measure how close the expected 
loss comes to the actual loss for the next year. With this in mind we calculate 
the following statistic. 

MSE = c P, . (AJE, - I)‘lN 

Where Ai = actual loss for class i 
E, = expected loss for class i 
P, = 1979 rate for class i times the payroll for class i 
N = number of classes (319). 

We shall refer to the number P, . (A,/E, - I)’ as the squared error for class i 
and we shall refer to MSE as the mean squared error. 
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The test statistics for the ratemaking methods considered above are given in 
the following table. 

TABLE 3 

MSE 

Empirical Bayesian Credibility 28965 1 
Present Ratemaking Formula 298063 

Here we see that the empirical Bayesian credibility formula produces the lower 
mean squared error. 

To test if the differences between these mean squared errors are statistically 
significant we must consider the following. 

1. The squared error for a class using one method is not independent of the 
squared error for the same class using another method. 

2. The distribution of the squared errors is not normal. 

A test that can work under these conditions is the Wilcoxon signed ranks test 
[22], which we now describe. 

For a class i, let SE1 i be the squared error for the present ratemaking method 
and let SE2; be the squared error for empirical Bayesian credibility. Let 

DSEi = SE li - SE2i 
Ri = Rank(lDSEil) * Sign(DSE,) 

We want to test the hypothesis 

HO: E[SEli] = E[SE2i] 

against the alternative hypothesis 

HI: E[SEli] # E[SE2i]. 

For large N, we reject Ho at the level of significance (Y if T lies below the 
(cx/2)Ih or above the (1 - a/2)Ih percentile of the standard normal curve. 

When comparing the MSE of the rates produced by the empirical Bayesian 
credibility formula with those produced by the present formula, we get 
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T = .I98 which is at the 561h percentile of the standard normal distribution. 
Thus we cannot reject HO. Thus we conclude the expected mean squared errors 
are not significantly different. 

Of the two tests conducted. the author considers the underwriting test to be 
the most relevant, since it corresponds directly to actions an insurance company 
can take. However the mean squared error test corresponds more closely to the 
criteria under which the empirical Bayesian credibility formula was derived, 
with the main difference being the substitution of actual loss ratios for “true” 
(but unmeasurable) loss ratios. This substitution adds a great deal of volatility 
to the test. 

6. CONCLUSION 

This paper describes how an empirical Bayesian credibility formula can be 
used to determine class relativities for Workers’ Compensation insurance. Tests 
which compared the accuracy of this method with the present ratemaking method 
showed that the empirical Bayesian credibility formula produced more accurate 
rates. 

The level of significance of these tests was sufficient for use by individual 
companies in a competitive environment, but the author would stop short of 
recommending industrywide use of this method in a highly-regulated noncom- 
petitive environment until further tests are made. 

However, it should be pointed out that if the empirical Bayesian approach 
is even marginally more accurate than the present approach, its accuracy should 
increase over time. One of the features of the approach described above is that 
it had to use the 1979 rates which were derived by the present ratemaking 
formula. If this method were adopted for the 1985 rates, the rates calculated 
above could be used in place of the 1979 rates. Gradually. the rates will become 
even more accurate. 

Another advantage to the empirical Bayesian approach is that it calculates 
an optimal result based on an explicit set of assumptions. By knowing how well 
the assumptions are met, one can better decide when to adjust the calculated 
results on a judgemental basis, or when to derive a new formula based on 
alternative assumptions. 

This author doubts that the above approach will be the last word in credibility 
theory, but it is hoped that this paper has set a standard that proposals for 
alternative formulas will follow. This standard is that the predictions should be 
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tested on independent data. This standard is part of the scientific method and 
should be applied to actuarial science. 
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9. NOTES ON EXHIBIT I 

Exhibit I-Individual Classification Data and Results 
List of Variables 

CLASS - NCCI class code 

PI1 - Policy year starting 4178 payroll times RATE79 

PI2 - Policy year starting 4/77 payroll times RATE79 

PI3 - Policy year starting 4/76 payroll times RATE79 

XI1 - Policy year starting 4/78 loss developed from first report to 
ultimate divided by PI1 

x12 - Policy year starting 4177 loss developed from second report to 
ultimate divided by PI2 

x13 - Policy year starting 4/76 loss developed from third report to 
ultimate divided by PI3 

RA TE79 - NCCI rate in effect for 1979 

RATE82 - NCCI rate in effect for 1982 (Before S. B. 1044) 

PAYROLL - Payroll for policy year starting 4179 

ACTLOSS - Policy year starting 4179 loss 

PI - Pi 

XI - Xi 

ZI - 2, (credibility for class i) 

I/l - b, (credibility estimate for class i) 

ELOSS - Expected loss for policy year starting 4179 predicted using UI 
( = RATE79*PAYROLL*lJI*l.O53661) 

NCCIELOS - Expected loss for policy year starting 4/79 predicted using NCCI 
rates ( = RATE82*PAYROLL*O.769384) 
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EXHIBIT I 

INDIVIDUAL CLASSIFICATION DATA AND RESULTS 
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EXHIBIT I (continued) 
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EXHIBIT I (continued) 
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