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CHAPTER 6 

EARLY WARNING: THE ORDERED LOGIT MODEL 

The subject of this study is an early waming system that can support the ISB 
in their supervisory task. This early waming system should solve the problem 
of determining the risk exposure of Dutch non-life insurers. ISB employees 
can use a classification of these insurers based on their risk exposure as a pri
ority ranking for further investigation. 

In the literature on classifying and rating insurance companies, a num
ber of factors affect the risk exposure. In an effort to re duce future efforts 
with respect to the classification and rating of insurance companies, Willen
borg [1992] has recorded the main results found in the literature and pres
ented these results in an overall framework for financial statements analysis. 
This framework consists of certain potentially relevant factors - each factor 
being described by a number of variables. This list of factors can be seen as 
part of a description of the conceptual model (see chapter 2) of the under
lying problem. 

1. Asset management: asset quality and diversification, asset-liability man
agement, investment results. 

2. Quality of management: is the management experienced, competent 
and honest. 

3. Types of risk insured: what lines of business are covered by the com
pany, does the company expand into new lines of business or into new 
geographic areas. 

4. Solvency. 
5. Adequacy and development of the technical provisions. 
6. Profitability, undeIWriting results, and operational efficiency. 
7. Reinsurance activities as both buyer and seller. 
8. UndeIWriting and sales practices: premium growth, cash-flow underwri

ting1
, policyholder selection. 

1 Cash-flow undelWriting (CFU) is the practice of deliberately underpricing insur
ance coverage in order to generate investable funds. Insurers who engage in CFU 
hope that the claim will not have to be paid until they have earned sufficient... 
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9. Size, organization type, and marketing type . 

Of these factors, solvency and profitability are usually considered to be very 
important [Oosenbrug, 1994b], althougb fraudulent or dishonest management 
is often mentioned as an important cause of insurer bankruptcy as wen (see 
for instance Eck [1982]). 

Each factor can be described by a number of variables. Some of these 
variables will be quantitative (such as financial ratios); others will be of a qua
litative nature. A complete description of the conceptual model should not 
only define the relevant factors and variables describing those factors. The 
description of a conceptual model should also incIude a definition of the rela
tionships between the relevant factors. In the literature, however, there is no 
consensus on these relationships. 

In this chapter and the next one I will use two different mathematical 
models to determine the relationships between the relevant factors. That is, in 
these two chapters the conceptual model is defined as a mathematical model, 
and it will be tested whether the particular mathematical model really can be 
used to describe the relevant factors and the relationships between these fac
tors. To test the adequacy of the mathematical modeIs, the conceptual model 
will be transformed into an empirical model by estimating the relevant param
eters of the model based on observed values of the variables in the past. 

Mathematical models are suitable for handling quantitative information, 
but the handling of qualitative information is problematic. In this and the fol
lowing chapter, the development of the two mathematical models applied to 
determine the risk exposure of Dutch non-life insurance companies will be 
described: an ordered logit model (chapter 6) and a neural network model 
(chapter 7). 

Rule-based models are suitable for handling qualitative information. 
Since the potentially relevant factors of the risk exposure of an insurance 
company contain both quantitative and qualitative subfactors, the ultimate 
empirical model could, therefore, consist of a combination of mathematical 
model(s) and rule-based model(s). In chapter 8, a specific rule-based model 
will be described. This model combines an analysis based on qualitative infor
mation with the outcomes of the mathematical modeIs. 

A third possible model, which could be applied to describe the factors 
and the relationships between the factors is the simulation model. Although 
simulation models can be very useful as an early warning system for internal 

... investment income to cover the loss [Willenborg, 1992, p. 301 J. 
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use by individual companies, tbey seem less useful from a supervisory per
spective. With (stocbastic) simulation, a number of distribution functions bave 

ry to be estimated. The parameters of these distribution functions will differ 
rH between companies. Different parameters will therefore have to be estimated 
:e for each separate company. Furthermore, to obtain reliable results a large 

number of simulation runs are needed for each company. Thus, applying a 
e simulation model will usually be relatively time-consuming. This may not 
1- cause a serious problem wben just one company bas to be analyzed; bowever, 
It when a large number of companies has to be analyzed, this wiJl probably take 
~ toa much time. For this very reason, simulation models wiJl not be discussed 

here. The reader is referred to Daykin and Hey [1990] and Kramer and 
Hobma [1994] for two applications of simulation models to support tbe man
agement of individual insurance companies. 

Cbapter 1 indicated that the cIassification of companies will not be 
based on tbe - traditional - distinction between bankrupt and nonbankrupt. 
The way in whicb the Dutcb non-life insurance companies are cIassified 
instead is tbe subject of section 6.1. The results of tbe initial data analysis are 
presented in section 6.2. In section 6.3, the model building stage for tbe 
ordered logit model is described. The test results for same alternative versions 
of the model and the cboice of the final model are presented in section 6.4. 
The chapter ends with a summary in section 6.5. 

6.1 CLASSIFICATION OF THE COMPANIES 

As mentioned in chapter 1, earlier applications of early warning systems for 
financial institutions usually distinguish bankrupt from nonbankrupt com
panies2

. Because of a lack of insurer bankruptcies in tbe Netberlands, other 
ways must be found to cIassify companies into different risk groups. 

The benchmark currently used to distinguish solvent from insolvent com
panies is the solvency standard of the European Union (in tbe USA, the Risk 
Based Capita I standard) . However, the number of Dutch non-life insurance 

2 Bankrupt insurers are those companies declared bankrupt by the court. Bank
ruptcy is usually determined by the court on the bas is of procedures initiated by 
the national (or state ) insure r supervisor (in the Netherlands the ISB). In th is 
study, a company is called insolvent when it does not meet the statutory required 
minimum solvency margin. 



9 

104 Chapter 6 

companies that were recently unable to meet this standard is far too small for 
a statistical model. An altemative approach could be to use a different bench
mark. One could, for instance, distinguish companies with a solvency margin 
above 1.5 times the required margin from companies whose solvency margin 
falls below 1.5 times the required margin. This would raise the number of 
companies in the "risky" group. This approach, however, still leaves us with 
some more fundamental problems, which are related to some of the short
comings of the current solvency standard. 

For the legislation, the goal is that there should be enough time to take 
measures to prevent damage to the insured when a company fails to meet the 
requirements. There are, however, some problems related to the way the cur
rent solvency standard works. First, there is hardly any specification of valua
tion standards for as sets and liabilities. This makes window-dressing possible. 
For instance, the rules for valuing technical provisions are rather brief and 
vague. This makes it possible to lower the provisions and thus to increase the 
solvency margin. Second, the solvency margin is static: possible negative 
developments in the margin are not taken into account as long as the 
minimum is not reached. For example, a company that has had a constant 
(available/required) solvency ratio of 1.4 for several years is probably less 
risky than a company with a current solvency ratio of 1.8 and a solvency ratio 
three years agoof 6. Third, no allowance is made for the nature and riskiness 
of the assets, including the solvency of possible reinsurers. And fourth, the 
use of premiums as a basis may be risky in that, when the premiums of a 
company are too low to cover the claims, the minimum required solvency 
margin mayalso be too low. For a more extensive discussion, see Berkouwer 
[1992]. 

Although the solvency margin is an important determining factor of a 
company's risk exposure, it certainly is not the only one. The risk exposure of 
a company is determined by a lot of factors. This makes it very difficult, if not 
impossible, to find a single benchmark that can adequately classify insurance 
companies according to their risk profile. In order to classify companies, 
ideally, all relevant factors and their interactions should be taken into 
account. 

This study is new in its approach to classify companies. The classification 
is not based on whether or not an insurer went bankrupt. Instead, the classifi
cation is based on the knowledge generated by experts in the field. The idea 
behind this approach is that since there is no objective or generally accepted 
criterion to classify insurance companies according to their riskiness except 
for "bankrupt or nonbankrupt," the best thing to do is to use "field exper-
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ience" to get a reasonably reliable, subjective classification. This knowledge or 
field experience can be made available in two ways: by the experts themselves 
(see section 6.1.1), and by documents generated by the experts (section 6.1.2). 

6.1.1 Ask experts 

A possible approach to evaluate the quality of a company is to mention the 
name of the company and ask the expert his or her opinion on this company. 
Subsequently, the expert can be asked to explain the ideas or variables on 
which his or her opinion is based. Thus, the relevant variables may be ob
tained. These experts could be working at the ISB, rating agencies, investment 
analysts, reinsurers, or actuarial agencies. A problem with th is approach is the 
fact that a large number of experts may be needed in order to get an opinion 
on all companies. Furthermore, a large number of experts may have an opin
ion on the main companies, whereas it may be difficult to find one or more 
experts who know anything ab out the smaller Dutch non-life insurers. Anoth
er problem is confidentiality. Experts from , say, reinsurers and actuarial agen
cies may not be allowed to tell an outsider what their opinion on certain com
panies is, since the information they receive from a company (e.g. through 
conversations with the board of directors) will usually be considered confiden
tial (both by the experts and the company itseJf). 

Another approach to c1assify insurance companies according to their risk 
exposure would be to present (financial and other) characteristics of several 
companies to the experts. The experts would state their opinion on the risk 
exposure of each company based on the information presented to them. How
ever, this approach also involves certain difficulties. 

In particular, the am ou nt of information on each company, which can 
(and should) be offered to the experts, is almost unlimited. However, the 
experts' time is usually very limited. Therefore, choices have to be made con
ceming the information to be offered to the experts. Different experts may 
use different information to assess the quality of a company. Also, some in
formation may be irrelevant under normal circumstances but highly relevant 
in extreme cases (i.e. in case a certain figure takes on an extraordinary value). 
Thus, the problem the researcher is faced with is what information should be 
offered to the experts so that they wiIl be able to adequately assess the quality 
of a company. 

Another problem, related to the first problem is the question of which 
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and how many companies should be inc1uded in the data set. For the results 
to be reliable, the number of companies in the data set would have to be 
quite large, and the companies in the data set would have to be a representa
tive subset of the total population (i.e. all Dutch non-life insurance compa
nies). Still, as mentioned before, the available time of the experts is limited. 
So the problem is to find a balance between the limited time available and 
the required reliability of the model, which is related to the number of com
panies, the representativeness of these companies for the whole population, 
and the amount and kind of information available to the experts. 

Although asking various experts from different backgrounds may in
crease the objectivity of the classification, it is not clear whether tbe informa
tion from experts outside tbe ISB is relevant from a supervisory point of view. 
Furtbermore, because of the problems presented above - in particular tbe 
confidentiality problem - it was decided tbat expertise from outside the ISB 
would not be included in this study. It may, bowever, be interesting to furtber 
investigate the merits of including tbis outside expertise in a follow-up study. 
In the last pbase of tbis study, tbat is the development of tbe expert system, 
several ISB employees were interviewed in order to include their knowledge 
and expertise (see chapter 8). 

6.1.2 Analyze documents 

Rating agencies and investment analysts also analyze tbe risk exposure of 
insurance companies on a regular basis, and present their findings in public 
reports. These reports suffer from a number of problems, tbougb. First, due 
to confidentiality not all information is always recorded in public reports. 
Sometimes, tbe entire report or part of it is confidential. Furtbermore, only a 
small percentage of all insurance companies is analyzed by rating agencies 
and investment analysts. The companies analyzed are usually tbe larger com
panies, most of which may be quoted at the stock-exchange. Therefore, only a 
nonrepresentative sample of the total population can be obtained in tbis way. 
Finally, to obtain tbe (non-confidential part of the) reports a certain amount 
of money would bave to be paid. This can become quite costly wben a large 
number of reports is needed. 

The approach in tbis cbapter is tbe classification of a company based on 
tbe actual assessment made by tbe ISB, which is written down in tbe assess
ment report for the company concerned. It is assumed tbat tbe main weak 
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and strong points of each company are described in the assessment report. 
The c1assification of a company will depend on tbe number and tbe serious
ness of its weak and strong points as stated in tbe report. To my knowIedge, 
tbis is tbe first time tbis approacb is taken . One re as on wby tbis approacb bas 
not been tried before may be tbe fact tbat tbe assessment reports are confi
dential. Only the people working at tbe ISB are allowed to read these. The 
same argument applies to other countries, too. Usually, only tbe employees of 
the insurance supervisor of the country (or state) concerned are allowed to 
read the assessment reports. 

The approach used here has certain advantages. First, it is no longer an 
issue which information should be offered to the experts. The people at the 
ISB can use all information about a company tbat is available at the ISB, 
including the assessment reports of earlier years, plus any possible foreknow
ledge they have ab out that company. This is far more tban could bave been 
included otberwise. 

Second, one does not have to botber about tbe kind and number of 
companies to be included in the sample. Every year the ISB assesses the qual
ity of each company. Thus, the sample consists of all companies in tbe popu
lation. 

Third, one no longer has to bother ab out tbe time available to experts. 
This approacb does not require auy (ad dit ion al) time from tbe experts. The 
standard amount of time for an evaluation of one single company by tbe ISB 
employees is a day and a half. Sucb an investment of time (condensed in the 
assessment report) is more tban what one can expect to get otberwise. 

Applying this approach, we get rid of two problems of tbe approacb 
given in the above section, namely tbe amount of information about each 
company, and tbe number of companies to be presented. One problem is still 
involved in this approach; this is tbe problem of how to translate an assess
ment report into the classification of a company into a specific risk group. 
Basically, this should be based on the number and the weight of a company's 
weak and strong points given in tbe assessment reports. The problem is to 
decide whetber or not a weak point is serious enough to c1assify a company as 
baving a high risk exposure. For a large number of companies, this decision is 
not very difficult . For these companies, the assessment report is either very 
positive or very negative, and c1assification is straightforward. There are, how
ever, quite a lot of companies for which the assessment report is not absolu
tely positive or negative. For tbese companies, c1assifications can be difficult 
and may even become somewhat arbitrary. The procedure applied to c1assify 
the companies into risk groups will be the subject of the final part of this sec-
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tion. However, prior to discussing this issue, a decision must be made on the 
number of risk groups to distinguish. 

6.1.3 The number of risk groups 

In the literature on early waming systems for predicting insurer bankruptcf, 
two risks groups are usually distinguished: bankrupt and nonbankrupt. This 
distinction cannot be made here. Herre, the only distinction that can be made 
if only two risk groups are allowed is the distinction between low-risk and 
high-risk companies. High-risk companies are more likely to get into trouble 
or go bankrupt than low-risk companies. 

The distinction between high-risk and low-risk companies is, however, a 
very cru de one. A lot of companies may have certain minor weak points, 
which do not necessarily cause them to be high-risk companies, although they 
cannot be called low-risk either. Therefore, it seems justifiable to divide the 
companies into three groups: high-, medium-, and low-risk. This distinction 
seems to make sense: there are companies that are c1early bigb-risk; compa
nies tbat are c1early low-risk; and companies tbat bave botb weak and strong 
points, wbicb . more or less compensate eacb otber (if tbey do not, tbe com
pany can be c1assified as eitber bigb-risk or low-risk). 

To divide tbe companies into more than tbree risk groups would suggest 
an exactness that does not really exist: an assessment report is based on a 
subjective evaluation of a company, and tbe c1assification of a company into a 
risk group is also based on a subjective evaluation of tbe assessment report. 
Sucb an approacb does not justify a very precise distinction in tbe risk profiles 
of different companies. Therefore, the number of risk groups is limited to 
tbree: bigb, medium, and low. 

In tbe financial year 1992 tbe total number of Dutcb non-life insurance 
companies under ISB supervision was 243. These companies make up tbe 
data set. This means tbat all 243 companies bave to be c1assified into eitber 
one of tbe tbree risk groups based on the tenor of their assessment reports . 
Therefore, value statements, criticisms, or indications of negative or positive 
trends in tbe assessment report will be at tbe focus of our attention. 

3 See chapter 3 for an overview. 



er 6 

tbe 

r, 
lis 
Je 
:d 
e 

a 

" 

I 

.. 
Early warning: the ordered logit model 109 

6.1.4 Some examples 

To clarify the method, the classification of a few companies will be discussed 
in more detail . I will start with some simple cases and move on to some more 
difficuJt cases. Due to the confidentiality of part of the data, some numbers 
and all company names have been omitted, including the names of companies 
given in the assessment reports. Of course, the original assessment reports are 
in Dutcb. The translations given below follow the original assessment reports 
as closely as possible. Appendix B presents a large number of excerpts from 
the assessment reports. 

example 1 
"The company has a good financial position. Net profit has fallen 
because of a lower release from the senescence provision. Total 
branch profit has risen, despite a drop in Fire and Motor. 
Since the most important reinsurer of the company has decided to 
terminate its non-life reinsurance business, this company has to 
look for altematives. However, the company does not expect any 
problems with this." 

This relatively short assessment report does not pose any problems. The first 
line of the report already indicates the strong financial position of the com
pany. The rest of the report does not give rise to a change of opinion. There
fore, this company is c1assified as low-risk. 

example 2 

"Since August 1992, the company has taken over part of the port
folio of another company; the policies concerned are handled by 
the paid employment organization. 
The surplus (available/required, ELK) solvency margin only equals 
... or 1.6% of gross premiums; this amount includes a subordinated 
laan of ... (larger than the surplus, ELK). Investments consist 
almost entirely of fixed interest securities. Gross premiums have 
risen by more than 14%. The branch profit for Motor is now pos
itive after same years of losses . This time the branch profit for 
Other Branches is negative. The total branch profit is positive. The 
run-off figures for the claims provision of Motor, event year 1990, 
are very negative (probably physicalliability damage). 
Disability insurance is fully reinsured. 
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The development of the solvency position should be closely mon
itored. 
The negative liquid assets in exhibit 2100 seem strange. The cost 
allocation over the different lines of business has been changed 
considerably in 1992, which has influenced the resu]ts. The surplus 
is still positive." 

This company is classified as high-risk. The classification is based on two ele
ments in the assessment report: "The surplus solvency margin only equals ... ; 
this includes a subordinated loan of ... " and "The development of the solvency 
position should be closely monitored." Both statements indicate a high risk 
exposure and some concern of the ISB about the solvency of the company. 
The positive branch profit and the fact that most investments are in fixed 
interest securities cannot compensate for this. 

exampk 3 

"The participation in a German company has been terminated. 
These activities have been terminated because of the high costs of 
setting up a business in Germany. Premium income has fallen with 
16.5%. Approximately a third of premiums is earned in foreign 
countries. The booked claims have risen, mainly within the Nether
lands. The branch profit has increased slightly. Due to higher 
expenses, the final result is slightly negative. 
The required solvency margin is equal to the minimum guarantee 
fund. The surplus solvency margin is almost three times this mar
gin. 
The assets of the company consist almost completely of receivables 
from other group companies. 
Striking deterioration of the results of the reinsured part of dom es
tic business, and an improvement of foreign business." 

There are no clear value statements concerning weak or strong points in th is 
report. The drop in premiums is probably caused by the termination of the 
participation in a German company. Despite a positive branch profit, the final 
result is slightly negative. However, the loss is quite smalI. Only the higher 
expenses may become a problem, although this is not clear from the assess
ment report. The only real problem could be the lack of diversification in the 
assets. The surplus is, however, quite high so, in spite of a few minor objec
tions, this company is classified as low-risk. 
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example 4 
"Gross written premiums have dropped significantly from ... to ... 
(-37.5%, ELK) because of a transfer of the health portfolio at the 
end of 1991. The surplus solvency margin has ris en sharply: avail
able solvency margin +5%, required -20%, surplus +25%, correc
ted surplus +39% (now 177% of required). 
There has been a further deterioration of the branch profit for 
Motor from -... to -... ; there have been some major additions to the 
claims provision for this line of business. According to the com
pany's annual report, this major loss could not have been avoided 
in spite of measures taken some time ago. An important cause has 
been the sharp rise of the average claim amount for physical 
damage claims. In September 1992, rate changes have been made 
which should stop the downward movement." 

111 

Classifying this company is somewhat more difficult. There has been a signif
icant drop in gross written premiums, but this is due to a portfolio transfer. 
The surplus has risen sharply. This may be a consequence of the portfolio 
transfer, but the assessment report does not say anything about this. An 
increasing surplus is a positive sign. Also, the volume of the surplus compared 
to the required margin is quite large, although the assessment report does not 
give a value judgment about this. The second paragraph, however, does show 
a weak point of the company: Motor. The question is whether or not this 
point is serious enough to classify the company as medium or even as high
risk. I finally decided to classify the company as low-risk. There are three 
reasons for this; first , the volume of the loss in Motor compared to the sur
plus is still not that serious « 12%). As long as the other lines of business do 
not show large losses, the risk may not be that high. If other lines of business 
were to show large losses as weIl , this probably would have been mentioned in 
the assessment report. Second, this company is not the only one suffering 
from heavy losses in the Motor branch. The majority of companies writing 
Motor-insurance have the same problem. The loss suffered by this company is 
not much worse than the losses of other companies. All companies are raising 
their premiums to reduce their losses. And third, the company has taken 
measures to stop the downward tendency. 

example 5 

"The cooperation with another company is effective from 1993. Be
cause of the transfer of the health portfolio, gross premiums have 
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been reduced by over 36%. A further consequence is a reduction 
of the required solvency margin from ... to ... (-46%, ELK). The 
available solvency margin has increased as a consequence of an 
increase of and a call on the subscribed capital stock as well as an 
increased difference between book value and market value of . 
bon ds. The surplus solvency margin almost quadrupled, the surplus 
is now 35% of gross premiums or 290% of the required margin. 
Other provisions have fallen from ... to ... ; these provisions relate to 
the health portfolio. 
Tot al branch profit is very negative, whereas the preceding years 
showed a positive result. Gross incurred claims > gross eamed pre
miums. For direct business, all lines of business except Accident & 
sickness are negative. The profit balance for the current financial 
year is only a tenth of previous years. This is in spite of the large 
balance of miscellaneous income and expenses (larger than prece
ding year's profits, ELK); 1992 has been a very bad year for the 
company. Run-off figures , although often negative, seem to be 
reasonable. 
The accounting principles have been changed: fixed interest secur
ities are now valued at amortized value in stead of at historical 
cost. Influence on the results ... positive (> th is year's profits, 
ELK). 
There have been a lot of acquisitions and sales of bonds." 

This company has got a high surplus, especially compared to the previous 
year. Surplus has risen sharply from 40 per cent of the required amount in 
1991 to 290 per cent in 1992. This enormous improvement is, however, mainly 
due to the transfer of the health portfolio and to extra capital stock. The 
change in accounting principles has also positively influenced the results . The 
results of the company were, however, very bad. Branch profits have dropped 
significantly, claims were larger than premiums for all lines of business except 
Accident & sickness. Total overall profits would have been (very) negative if 
not for the change in accounting principles and the huge positive balance of 
miscellaneous income and expenses. These figures are serious enough to clas
sify this company as medium-risk, in spite of its high surplus. 
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6.2 INITIAL DATA ANALYSIS 

In 1992, 243 Dutch non-life insurance companies reported to the ISB. Of 
these 243 companies, 40 companies started their operation after 1990. Since 
two-year growth rat es are used, these companies had to be excIuded from the 
data set. Furthermore, all (=7) run-off companies had to be excIuded because 
of their specifie character (e.g. a premium income very close or equal to 
zero), which leads to extreme values of some financial ratios. Finally, one 
company had to be excluded from the data set because for a number of 
potentially important ratios the denominator equaled zero. Therefore, the 
1992 data set that has been used to estimate the mathematieal models con
tains a total of 195 companies. 

The companies are classified as low-risk (1), medium-risk (2), or high
risk (3), based on their assessment report for 1992. This procedure has been 
described in the preceding section. The data set contains 154 low-risk, 18 
medium-risk, and 23 high-risk companies. 

Seventy variables were calculated for inclusion in the study. These var
iables were selected on the basis of their use in the assessment process at the 
ISB, and on their successful applications in previous studies. The variables 
incIude a number of financial ratios, one- and two-year growth rates of some 
of these financial ratios, and a number of dummy variables. The variables 
focus on firm-specific characteristics. No general economie and insurance 
market variables (such as interest rates, unanticipated inflation, the number of 
insurers, and the current ph ase of the underwriting cycIe) have been incIuded. 
The data necessary to calculate these variables are not always readily available 
within the ISB database. Furthermore, although general economie and insur
ance market variables are important predictors of the risk exposure of the 
tot al insurance market (see Browne and Hoyt [1995]), their influence on the 
risk exposure of an individual company as compared to other companies is 
less clear. Nonetheless, the inc1usion of general economie and market var
iables would be an interesting topic for future research . 

Finally, performance measures of a specific company relative to the total 
insurance market are also not incIuded4

• One reason for this is the fact that 

4 There are two exceptions to this. Two size variables have been included; these 
measure the size of gross premiums and gross claims relative to the total market 
volumes of gross premiums and gross claims. Size is sometimes found to be an 
important indicator of an insurance companies' risk exposure. Whether a company 
is large or small can, however, not be measured simply by looking at its own size. 
Instead, size is measured as the market share in premiums or the market share ..... 
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not all financial statements of the companies arrive at the ISB simultaneously. 
The time between the arrival of the financial statements of the first company 
and that of the last company is considerable. The ISB cannot and does not 
want to wait with the assessment of the statements until the statements of all 
companies have been received. Therefore, the early waming system should be 
run as soon as - or at least not too long after - the financial statements of a 
company have arrived at the ISB. 

Another reason is that it is difficult to compare the performance of dif
ferent insurance companies. For instance, a company that only writes Motor 
insurance can hardly be compared to a multi-line insurer with only a very 
small portion of Motor insurance. Therefore, in order to arrive at a fair com
parison, all companies should be compared with similar companies only. The 
division of the tot al insurance market into a number of coherent subgroups is 
a very complex task and goes beyond the goal of this study. 

The variables used are described in appendix C. This appendix also 
incIudes several descriptive statistics and the correlation matrix for the var
iables incIuded in the final model. 

Descriptive statistics have been caJculated for all variables. That is, for each 
variabie the mean, standard deviation, skewness, kurtosis, minimum, and max
imum values are detennined. Almost all variables are skewed to the right (i.e. 
most variables have a skewness that exceeds zero). Furthennore, tor most var
iables the kurtosis (i.e. the fourth moment minus th ree ) exceeds zero, which 
indicates that the densities of most variables are more peaked around the 
center than the density of a nqnnal curve (i.e. they have less mass in the 
tails). The values of the skewness and the kurtosis of the variables relative to 
their standard errors indicate that most variables do not follow a normal dis
tribution. 

The nonnality of the variables was also tested by means of nonnal prob
ability plots. In these plots, each observed value is paired with its expected 
value from the nonnal distribution. The expected value from the nonnal 

.... .in claims. When the size variables are included in the final system, and the 
financial statements of all companies have not yet been received by the ISB, the 
denominator (total market volume of premium/claims) can be approximated by 
last year's total market volumes. This approximation should have only a very 
minor effect on the values of the size variables as total market volume usually 
rises only very slowely, and as the size of the nominator is much smaller than the 
denominator and, thus, the effect of a slightly different value of the denominator 
wil! be smal!. 
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distribution is based on the number of cases in the sample and on the rank 
order of the case in the sample. The points will fall more or less on a straight 
line if the sample is from a norm al distribution. Finally, the Lilliefors test, 
based on a modification of the Kolmogorov-Smirnov test, has also been calcu
lated. The Lilliefors test is a statistical test of the hypothesis th at the data are 
from anormal distribution. Only three variables passed this test at the 1 per 
cent significance level: GICGEP, R0I, and COMBRA. The other variables 
had a significance level of zero, and their normal probability plots did not 
show anything closely resembling a straight line. 

The (70 by 70) correlation matrix showed the expected picture. Var
iables that were supposed to be related were indeed highly correlated. The 
solvency ratios were highly correlated to each other, as weIl as the growth 
rates for the same time period. The same could be said for the profitability 
ratios. 

These groups of highly correlated variables were further analyzed by 
means of scatter plots. In a scatter plot of two highly correlated variables, 
outIiers are easily detected. By looking at all possible scatter plots of two 
(highly) correlated variables (which were defined here as variables with a cor
relation coefficient larger than 0.5), outliers might be detected whereas they 
could not be identified on a univariate basis (i.e. by looking at the minimum 
and maximum values) . The observed values of correlated variables should, 
more or less, form a straight line. When a specific observation lies very far 
from this line, it could be an outIier. This is possible when an observation 
shows "normal" values for each variabIe on a univariate basis, whereas a com
bination of two variables may be very much out of line. 

From the scatter plots, a small number of outliers could be located. The 
values of these outIiers have been checked for errors and for the reason why 
this specific observation is an outlier. The values of all outIiers proved to be 
correct and could be explained, except for one company, which had reported 
certain values which we re also questioned in the assessment report of this 
specific company. However, the intluence of this specific outIier would prob
ably be negligible since the univariate values were not out of range, only the 
combination of the two variabIe values seemed strange. Furthermore, the val
ues of all other variables for this company were (probably) correct. Therefore, 
the outIiers were not omitted from the data set. There is a reasonable chance 
that outlying values like the ones observed here will occur again. In order to 
be really useful, the model should be able to handle them correctly. 
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6.3 BUILDING AN ORDERED PROBABILITY MODEL 

Since the variabIe we want to predict can take on three different values (Iow, 
medium, and high), the most common multivariate statistica 1 approaches to 
early waming of financial distress, dichotomous MDA, logit, and probit, 
cannot be used. However, as shown in chapter 3, there are certain poly
tomous extensions to these approaches. These are polytomous MDA, ordered 
logit and probit, and multinomial logit and probit. In the preceding section, it 
is conc1uded that most variables are not distributed normally. Therefore, the 
assumptions of MDA are violated. Theoretically, MDA does not appear to be 
the most appropriate choice for this problem.5 

The logit and probit models are more robust than MDA, and their 
assumptions are less strict. The difference between the multinomial and the 
ordered models lies in the characteristics of the dependent variabIe. For our 
application, the ordered probability models (ordered logit and ordered probit) 
are the logical choice. There is a natural ranking in the possible values of the 
dependent variabIe, the risk exposure of companies. A value of 1 (low-risk) is 
better than a value of 2 (medium-risk), which is still better than a value of 3 
(high-risk) . Furthermore, the motivation for this type of model given by 
McKelvey and Zavoina [1975] also seems to apply to our situation. Ideally, 
the risk exposure of a company should be measured on a continuous numer
ical scale. However, in reality, the ISB employees can only give a subjective or 
ordinal assessment. Even they do not have all of the relevant information, 
and if they were able to acquire all relevant information, the amount of infor
mation would definitely be extremely large, which makes it effectively impos
sibJe to handle this information and come to an objective assessment. AJso, 
even if the enormous amount of information could be handled, there would 
still be a lack of theoretical and practical knowIedge, which is necessary to 
combine and weigh all information into a fin al objective assessment. There
fore, while the risk exposure of a company is actually a continuous variabIe, it 
cannot be observed. Instead, the c1assification of the companies is based on a 
subjective analysis of the (subjective) assessment reports. This procedure does 
not justify more than a few (discrete) categories. 

5 Some variables might be distributed normal!y af ter a transformation (like taking 
the logarithm). However, such a transformation would reduce the interpretabili ty 
of the variabIe. Furthermore, the ISB employees do not use transformations of the 
variables to assess the companies. Since we are basical!y modeling these assess
ments , no transformations wil! be used. 
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Since there is no theoretical justification to prefer one orde red probability 
model to the other, both the ordered logit and the ordered probit model have 
been tested. The models are estimated with a statistical package called 
LIMDEP, version 6.0. LIMDEP is a package designed for estimating and 
analyzing econometric modeIs, with an emphasis on nonlinear models. The 
DavidonlFletcher/Powell algorithm (see Fletcher [1980]) is used to estimate 
the ordered probability modeIs. 

6.3.1 Variabie selection 

Many factors are covered by more than one variabIe. For instance, a com
pany's solvency can be measured by different ratios, such as solvency margin 
divided by the minimum required margin, solvency margin divided by gross 
booked premiums, solvency surplus (i.e. solvency margin - minimum required) 
divided by net technical provisions. It is not a priori cIear which of these ratios 
should be incIuded in the final model. Although there is general agreement 
on the fact that solvency is an important factor in the risk exposure of insur
ance companies, there is no general agreement on precisely which variabIe 
should be used to describe this factor. Furthermore, several variables may be 
highly correlated. Since a high correlation between variables may lead to a 
multi-collinearity problem, not more than one of a group of highly correlated 
variables should be incIuded. 

Earlier studies in this field frequently used some kind of stepwise selec
tion criterion to determine the relevant variables - meaning that the choice of 
the variables to be incIuded in the model was based on statistical grounds. 
This technique is also used in this study to determine the variables to be 
incIuded in the orde red probability modeIs. The decision to incIude a variabIe 
in the model is based on the likelihood ratio test6

.
7

• In each selection round, 

6 With a sufficiently large sample size, and under the hypothesis th at the coeffi
cient of the variabIe is equal to zero, the statistic -2*(log-likelihood without the 
variabie - log-likelihood with the variabie ) follows a chi-square distribution with 
one degree of freedom (e.g. see Maddala [1977, 43-44 & 179-180]). 

7 The Wald test, which us es the t-ratio, is an alternative to the likelihood ratio 
test. The t-ratio, which is equal to the coefficient of the variabie divided by the 
standard error, follows a standard normal distribution under the hypothesis that 
the coefficient of the variabIe equals zero. The two tailed probability value of ..... 
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the variabIe that gave the largest improvement of the log likelihood was inclu
ded in the model, as long as the likelihood ratio test indicated that the inc1u
sion of this variabIe would lead to a significant improvement of the model. 
After a variabIe was inc1uded in the model, it was tested whether the exc1u
sion of a variabIe that had been included at an earlier stage would lead to 
further improvement. This process was terminated when the inc1usion of an 
extra variabIe did not lead to a significant improvement of the model. 

Thus, the selection of the explanatory variables was purely based on sta
tistical grounds. No a priori assumptions were made on which variables would 
be inc1uded or on the sign of the coefficients for the different variables. Since 
LIMDEP does not support this stepwise selection technique directly, a batch 
job had to be programmed. The total selection procedure took about one 
week of the researcher's time on a 386 PC with mathematical co-processor. 

The stepwise selection technique was used to determine the relevant 
variables for the ordered logit model. The variables that were inc1uded in the 
successive rounds, the log likelihoods, the values of the chi-square statistic of 
the likelihood ratio test, and the significance levels are presented in table 6.1. 

SOLVRA = the solvency margin divided by the minimum required, 
PATNEP = profit after taxes divided by net earned premiums, 
G2SURRSM = the two-year growth rate of solvency surplus, 
PROPERTY = property investments divided by total invested capital, 
FISNTPSM = fixed interest-bearing securities divided by the sum of 

net technical provisions and the minimum required sol
vency margin, 

G1COMBRA = the one-year growth rate of the combined ratio, and 
G2NBPGBP = the two-year growth rate of net booked premiums divi

ded by gross booked premiums . 

..... the t-ratio can be calculated and compared with a cut-off score. However, 
Hauck and Donner [1977] examined the performance of the Wald test and found 
that it behaved in an aberrant manner, often failing to reject when the coefficient 
was significant. They recommended that the likelihood ratio test be used. Jennings 
[1986] also analyzed the adequacy of inferences in logistic regression based on 
Wald statistics. His conc1usions were similar to those of Hauck and Donner. 
Therefore, the likelihood ratio test rather than the Wald test was used in this 
study. 
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Table 6.1 STEPWISE SELECTION RESULTS FOR THE ORDERED LOGIT MODEL, 
n -195 

varia bie log-likelihood X2 (1) significanee 

constant - 128.40 

SOLVRA - 69.39 118.02 0.000 

PATNEP - 62.02 14.74 0 .000 

G2SURRSM - 57.86 8.31 0.004 

PROPERTY - 55.23 5.26 0.022 

FISNTPSM - 52.29 5.88 0.Q15 

G1COMBRA - 50.27 4.05 0.044 

G2NBPGBP - 47.40 5.74 0.017 
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The inclusion of an eighth variabIe did not lead to a significant improvement 
of the model at the 5 per cent significance level. At the 10 per cent signifi
cance level, one extra variabIe proved to be marginally significant: the vari
able GBPSHARE (0.0969 significance), measuring the size of the company. 
With this extra variabIe included, the addition of another size variabIe, 
GBCSHARE, as a ninth variabIe was very significant (0.0001 significance). 
These two variables were, however, very correlated. The correlation coeffi
cient of GBPSHARE and GBCSHARE equaled 0.96. This resulted in a 
multi-collinearity problem. Several transformations of these two variables 
were tested, but none led to a significant improvement of the model. Since, 
also, GBPSHARE was not significant for the orde red probit model (0.1742 
significance when added as eighth variabIe ), neither GBCSHARE nor 
GBPSHARE were included in the model. 

As expected, the first two variables that were included in the model 
were a solvency ratio and a profitability ratio. Solvency and profitability are 
widely recognized as very important factors of the risk exposure of an insur
ance company. The included variables cover four of the factors presented in 
the introduction to this chapter: solvency (SOLVRA and G2SURRSM), 
profitability (PATNEP and GICOMBRA), asset management (PROPERTY 
and FISNTPSM), and reinsurance activities (G2NBPGBP). The coefficients 
of the ultimate model are presented in table 6.2. 
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Table 6.2 ORDERED LOGIT MODEL, n -195 

variabie coefficient standard error 

constant 6.21 1.35 

SOLVRA - 3.69 0.58 

PATNEP - 6.77 2.44 

G2SURRSM 0.09 0.12 

PROPERTY 8.89 10.18 

FISNTPSM 1.87 0.79 

G1COMBRA - 3.87 1.35 

G2NBPGBP 1.26 4.08 

a2 2.25 0.50 

In table 6.2, 0'2 is tbe tbresbold parameter from tbe ordered logit model (witb 
k = 3), as described in section 3.4. A negative (positive) coefficient indicates 
a negative (positive) relation between tbis variabIe and a company's risk 
exposure, since a bigber score coincides with a higher risk exposure (1 = low 
risk,2 = medium risk, 3 = bigh risk). 

Table 6.3 presents the classification results of the model for the full data set. 
The outcome j as predicted by the model for the ith observation is that 
outcome j for which Prob(y; = j) has the largest (= maximum) value. Note, 
however, tbat these results give an overall optimistic estimation of tbe true 
classificatory abilities of the model (see section 3.1). In the next section, the 
results of a tenfold cross-validation procedure wiIJ be presented. This proce
dure gives a more realistic estimation of the adequacy of the model. 

In table 6.3, SCORE is the percentage of companies classified correctly. 
For instance, the SCORE for low-risk companies equals 148/154=96.1 %, and 
the TOTAL SCORE equals (148+7+19)/195=89.2%. A discussion of the 
results (coefficients values and classification) will be presented af ter the 
model tests, at the end of the next section. 

Since the stepwise selection procedure is very (computer) time-consu
ming, this procedure was not repeated for the ordered probit model. How
ever, the log likelihoods for the successive submodels (with only SOL VRA 
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included, with SOLVRA and PATNEP, etc.) of the ordered probit model are 

almost equal to those for the ordered logit model. Therefore, it seems reason
able to assume that a stepwise selection procedure for the ordered probit 
model would have led to comparable results. The results for the ordered 
probit model with the same variables included as those that proved to be rele
vant in the ordered logit model are presented in appendix D. 

Table 6.3 FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR 
THE ORDERED LOGIT MODEL, PREDICTED OUTCOME HAS MAXIMUM 
PROBABILITY 

actual 
predicted 

total score 

low medium high 
(%) 

low 148 5 1 154 96.1 

medium 6 7 5 18 38.9 

high 1 3 19 23 82.6 

total 155 15 25 195 89.2 

6.4 MODEL TESTS 

The scores of the model as presented in table 6.3 may be biased. In section 
6.4.1, tbe results of an analysis of tbe misclassifications of tbe model will be 
presented. In some cases the model may be right about tbe classification, 
wbereas tbe original classification based on the assessment report is wrong. 
This is possible since the classification of a company based on its assessment 
report may at times be somewhat arbitrary. Furthermore, the classification of 
a company is based on a subjective analysis of an assessment report which 
itself is the result of a subjective evaluation of the financial statements of a 
company. It is obvious that such a cJassification procedure cannot possibly be 
infallible. 

If we correct for miscJassifications, the model may still give an overall 
optimistic estimation of the true error rate of the model. To get a more real
istic estimation of the adequacy of the model, a tenfold cross-validation pro
cedure was performed on the basis of the 1992 data set. The results of this 
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procedure, which include bath an estimation of the true error rate of tbe 
model and a test for the stability of the coefficients, are presented in section 
6.4.2. A test for the stability of tbe coefficients can provide an insigbt into tbe 
possible existence of influential observations and tbe sensitivity of the coeffi
cients of tbe model. Befare tbe model can be used in practice, one also bas to 
know whether the performance of tbe model is sufficiently stabIe over the 
years. The performance of tbe model on a 1993 data set is presented in sec
tion 6.4.3. 

6.4.1 Analysis of miscIassifications 

As a first test, tbe companies tbat were misclassified by the model have been 
analyzed. For the ordered logit model, the total number of misclassifications 
was 21 , two of whicb companies were incorrectly classified into two classes 
away from tbe class in wbich tbey ought to have been classified. For at least 
four companies tbat we re misclassified by one class, the models could be 
actually rigbt, and for tbe two companies that were misclassified by two clas
ses, tbe models could be partly right (i.e. the companies could be medium
risk). That is, the assessment reports of these companies caused it to be diffi
cuIt to decide wbicb of the two alternative classes it be\onged to. For same 
companies, tbe assessment reports do not contain clear value statements. For 
same other companies, the assessment reports do contain value statements 
but they indicate different things sa tbat it is not clear whether the company 
concemed is low-risk or medium-risk, or altematively whether this company is 
medium- or high-risk. The fin al classification of these companies was, tbere
fore, sligbtly arbitrary. This problem is inberent in tbe procedure that was fol
lowed to classify tbe companies. As tbe final classification is tbe result of a 
subjective analysis of a subjective assessment, the classification of same com
panies can become arbitrary. This problem does not exist in case one were to 
distinguisbes bankrupt from nonbankrupt companies only. 

Ta test for tbe sensitivity of the models for the above mentioned prob
lem, the actual classifications of the six companies mentioned in tbe prece
ding paragraph were changed. The actual classification of a certain company 
that was classified as low-risk and tbat was predicted to be medium-risk, was 
changed to medium-risk. The classifications of th ree companies that had been 
classified as medium-risk and were predicted to be high-risk, were changed to 
high-risk. Finally, the classification of a company that had been classified as 
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high-risk and was predicted to be low-risk, and of a company that had been 
cIassified as low-risk and was predicted to be high-risk, were changed to 
medium-risk. 

Since four of the nineteen misclassifications by one c1ass were fully cor
rected, and bath miscIassifications by two classes were partly corrected, one 
would expect at most seventeen misclassifications by one c1ass and na misc1as
sifications by two classes in the new situation with a corrected data set. The 
new coefficients and the c1assification results for the ordered logit model are 
presented in tab les 6.4 and 6.5. 

Table 6.4 ORDERED lOGIT MODEL, n - 195; CORRECTED DATA SET 

variabIe coefficient standard error 

constant 8.23 1.72 

SOlVRA - 4.59 0.74 

PATNEP -7.56 2.81 

G2SURRSM 0.10 0.19 

PROPERTY 15.24 15.53 

FISNTPSM 2.18 0.91 

G1COMBRA - 3.30 1.32 

G2NBPGBP 1.42 5.01 

a2 2.75 0.73 

All coefficients change their values. What is more important, though, is 
whether or not a change in the value of a certain coefficient is large or small 
as compared to the other changes. The increase in the coefficient for 
PROPERTY is quite large relative to the changes in the other coefficients. 
Therefore, this variable is given relatively more weight in the fin al score. The 
coefficient for G 1 COMBRA is the only one that shows a drop in value. This 
variabIe, therefore, is given relatively less weight in the final score. The other 
relative changes are less dramatic. The c1assification table shows th at, in com
parison to table 6.3, the extra number of correct c1assifications on the correc
ted data set (7) is slightly higher than the number of corrections (6) . 
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Table 6.5 FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR 
THE ORDERED LOGIT MODEL, PREDICTED OUTCOME HAS MAXIMUM 
PROBABILITY; CORRECTED DATA SET 

actual 
predicted 

total score 

low medium high 
(%) 

low 148 4 0 152 97.4 

medium 5 10 3 18 55.6 

high 0 2 23 25 92.0 

total 153 16 26 195 92.8 

6.4.2 Ten-fold cross-validation 

In order to get a more realistic estimation of the true error rate of the model, 
a tenfold cross-validation technique (see section 3.1) was performed. The fuIl 
(original) 1992 data set was randomly divided into ten groups of approximat
ely equal size. For a data set of 195 observations, this led to five groups of 
twenty observations and five groups of nineteen observations. The model has 
been estimated ten times on 90 per cent of the data. Each time another 
group has been left out of the estimation. This group was subsequently used 
to test the model. 

Tenfold cross-validation can als 0 be used to test the stability of the coef
ficients, i.e. the sensitivity of the coefficients for the inclusion or exclusion of 
certain (intluential) observations can be tested. For each coefficient, ten val
ues are available. If one of these values is very different from the other val
ues, this difference must be due to the exclusion of one or a few observations. 
Since only nineteen or twenty observations are excluded each time, it usually 
is not very difficult to find the intluential observation(s). The coefficient val
ues for each cross-validation round for the original data set (i. e. befare cor
rections) are presented in table 6.6. The results for the corrected data set are 
similar, albeit somewhat less pronounced. The conclusions, however, are the 
same. 
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Table 6.6 COEFFICIENT-VALUES WITH 10-FOLD CROSS-VALIDATION, ORDERED 
LOGIT MODEL; ORIGINAL DATA SET 

run con SOL PAT G2S PRO FIS G1C G2N 

1 6.2 - 3.8 -7.0 0.090 9.5 2.0 - 4.3 1.4 

2 6 .5 - 3.7 - 6.3 0.085 8.2 1.7 - 3 .3 1.2 

3 6.2 - 3.6 - 6.2 0.079 8.1 1.7 - 3.5 -0.58 

4 5.8 ·3.5 - 5 .9 0.084 9.2 1.9 - 3.8 1.3 

5 7.0 - 3.9 - 7.3 0.089 11 .2 1.3 - 2 .4 1.1 

6 6.4 - 3.7 ·6.8 0.085 7.9 1.7 - 3 .6 1.3 

7 6.5 - 4.0 - 10.2 0.189 8.0 2.4 - 3 .9 1.1 

8 6.0 - 3.6 - 6 .7 0.086 9.5 1.8 - 4 .9 1.2 

9 5.9 - 3.5 - 6 .7 0.085 8.9 1.8 - 3.7 1.2 

10 6.7 - 4.3 -7.8 0.104 8.8 2.4 - 5 .1 1.9 
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U2 

2.2 

2.4 

2 .1 

2.2 

2.3 

2.2 

2.4 

2 .3 

2.2 

2.4 

For most variables, the differences in coefficient values between the runs are 
not extremely large. There are two major exceptions. The coefficient value for 
G2NBPGBP is very sensitive to the incIusion or excIusion of one specific 
observation. Without this observation the coefficient changes its sign (run 3). 
The intluential observation has, in fact, the maximum value for G2NBPGBP 
and is an outlier to some extent. This company has been active for just three 
years; in its first year it was almost fully reinsured. When this observation is 
excIuded from the sample, and the model is re-estimated on 194 observations, 
G2NBPGBP is no longer significant. That is to say, the log likelihoods of the 
models with and without G2NBPGBP are almost equal. G2NBPGBP is, 
therefore, discarded in the following modeIs. 

In run 7, the coefficient of G2SURRSM is twice its normal value. This 
is caused by the excIusion of the observation with the maximum value for this 
variabIe. When this observation is excIuded from the data set, G2SURRSM is 
still significant. Without the intluential observation, the coefficient equals 
0.16, with the observation the coefficient equals 0.08. It was decided to keep 
the observation in the data set, since the variabIe value for this observation is 
correct and comparable values could occur again . The fin al models are pre
sented in tables 6.7 (original data set) and 6.8 (corrected data set). 
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Table 6.7 FINAL ORDERED LOGIT MODEL, n - 195; ORIGINAL DATA SET 

variabie coefficient standard error 

constant 5.90 1.26 

SOLVRA - 3.43 0.55 

PATNEP - 6.83 1.94 

G2SURRSM 0.08 0.11 

PROPERTY 7.71 9.13 

FISNTPSM 1.69 0.71 

G1COMBRA - 3.05 1.25 

a 2 2.09 0.47 

Table 6.8 FINAL ORDERED LOGIT MODEL, n - 195; CORRECTED DATA SET 

variabie coefficient standard error 

constant 7.69 1.58 

SOLVRA - 4.21 0 .69 

PATNEP -7.50 2.18 

G2SURRSM 0.09 0.15 

PROPERTY 12.02 14.46 

FISNTPSM 1.97 0.82 

G1COMBRA - 2.32 1.20 

a2 2.50 0.66 

The variables SOLVRA and PATNEP were first included, and in this model 
they are the main indicators of the risk exposure of an insurance company. 
Both coefficients have a negative sign, as was expected. Low-risk companies 
usually have a high solvency ratio and high profits, whereas high-risk com
panies have low solvency ratios and low profits, or even losses. 

For some variables the sign of the coefficient may look unnatural. Note, 
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however, th at these values are influenced by the other included variables and 
their coefficient values. On a univariate basis, the variables FISNTPSM and 
GICOMBRA have the expected sign. That is, the risk exposure and 
FISNTPSM are negatively related, whereas the risk exposure and 
G 1 COMBRA are positively related on a univariate basis. 

Table 6.9 RESULTS OFTHE 10-FOLD CROSS-VALIDATION PROCEDURE: 

actual 

low 

medium 

high 

total 

FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR 
THE ORDERED LOGIT MODEL, PREDICTED OUTCOME HAS MAXIMUM 
PROBABILITY; ORIGINAL DATA SET 

predicted 
total score 

low medium high 
(%) 

148 5 1 154 96.1 

8 5 5 18 27.8 

3 3 17 23 73.9 

159 13 23 195 87.2 

The only variabIe tbat shows a counterintuitive sign botb in tbe model and on 
a univariate basis is G2SURRSM. An improvement in tbe solvency surplus 
ratio is a positive development. However, G2SURRSM is especially large if 
tbe solvency surplus was ab out zero two years ago. So, if G2SURRSM is very 
large, this usually indicates that the company was close to insolvency two 
years ago, and tbat it is recovering from tbis weak solvency position. However, 
usually a company tbat was almost declared insolvent cannot yet be called 
strong af ter two years. Furthermore, companies witb a deteriorating solvency 
position will usually have low values for SOLVRA and PATNEP, wbicb may 

normally dominate the positive model impact of G2SURRSM. For "normal" 
values of G2SURRSM, this variabie will be dominated by SOLVRA and 
PATNEP. G2SURRSM only dominates SOLVRA and PATNEP if its value 
is very large. 

For the resulting variables, a tenfold cross-validation procedure has been per
formed. This procedure led to ten classification tables with in each table the 
predicted and actual risk exposures of approximately 10 per cent (i.e. either 



128 Chapter 6 

19/195 or 20/195) of tbe tota] data set. For each company the predicted risk 
exposure is the outcome with the maximum probability for the company, 
based on the 90 per cent of the data set on which the model had been built. 
The ten cJassification tables can be summarized by adding up the results of 
these tables in one tabIe, which then gives the actual and predicted risk expo
sures for all companies. The results are presented in tables 6.9 and 6.10. 

The ordered logit model slightly outperforms the ordered probit model for 
both samples (see appendix D). This may be partly due to the fact that no 
stepwise seJection technique has been used to determine the relevant vari
ables for the orde red probit model. However, it is difficult to compare two 
models when the set of explanatory variables differ. Since the orde red logit 
model has a cJosed form expression as weil and is computationally less expen
sive, the ordered logit model is preferred to the orde red probit model and the 
ordered logit model is, therefore, presented in the main text. 

Table 6.10 RESUL TS OF THE 10-FOLD CROSS-VALIDATION PROCEDURE: 

actual 

low 

medium 

high 

total 

FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR 
THE ORDERED LOGIT MODEL, PREDICTED OUTCOME HAS MAXIMUM 
PROBABILlTY; CORRECTED DATA SET 

predicted 
total score 

low medium high 
(%) 

148 4 0 152 97.4 

6 7 5 18 38.9 

2 2 21 25 84.0 

156 13 26 195 90.3 

In the cross-validation procedures for both data sets, the models perform 
quite weIl in cJassifying low-risk and high-risk companies. The number of 
medium-risk companies cJassified correctly is, however, relatively low. A 
reason for the high number of miscJassifications of this group could be the 
fact that the group of medium-risk companies is rather heterogeneous . Sev
eral companies are cJassified as medium-risk though they are sufficiently sol
vent, because they have certain peculiarities which either make them more 
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risky or wbicb makes it difficult to assess tbeir risk profile. A more detailed 
model may be necessary to adequately classify medium-risk companies. 

Moreover, tbe maximum likelibood estimation metbod weigbs aH types 
of errors equal1y; only tbe difference between tbe actual and tbe predicted 
outcome counts. Since the class of low-risk companies is, by far, the largest, 
tbe maximum likelibood metbod bas a tendency to better classify low-risk 
companies tban bigb-risk and, especial1y, medium-risk companies. The group 
of medium-risk companies is tbe smal1est group. This tendency in favor of 
low-risk companies and, in particular, against medium-risk companies can be 
reduced by placing more weigbt on tbe misclassification of medium-risk com
panies . This may be done by increasing tbe relative sbare of medium-risk 
companies in tbe data set. This would probably lead to a lower tot al score, 
and to a bigber score for medium-risk companies. 

FinaHy, it may be that tbere are just two classes in reality - bigb risk and 
low risk -, and tbe medium risk class may simply be a "don't know" class. That 
is, tbe people at tbe ISB may not be sure wbetber a company is low-risk or 
bigb-risk, or the assessment report may be not clear enougb; tberefore, a 
company is classified as medium-risk wbereas it is actually bigb- or low-risk. 
The model, bowever, may be able to identify sucb a company as low-risk or 
bigb-risk. In sucb case, it is not strange tbat the model performs poorly on 
medium-risk companies. Since, however, in reality tbe risk exposure of com
pa nies is a continuum between bigh and low, tbe assumption tbat tbere are 
only two risk classes (bigb and low) does not seem to be very plausible. 

In this study, 1 will try to improve tbe performance of the model on 
medium-risk companies by combining the outcome of the ordered logit model 
witb that of a oeural oetwork aod, especially, all expert system. 

The ordered logit model based OIJ the wrrected data set correctly classi
fies two compaoies more tbao the ordered logit model based 00 the original 
data set. Theoretically, tbe ordered logit model based 00 tbe origioal sample 
is the best, sioce a cbange io the data set io the direction of tbe model is 
tbeoreticaHy incorrect. However, as the model is to be applied in practice, tbe 
ordered logit model based 00 the corrected sample is probably the best 
choice. This model sbows the best performance. Especially tbe oumber of 
medium- and bigh-risk compaoies classified correctly is higher. These classes 
are the most important ooes for the ISB. Furthermore, the ooly correctioos 
that were made were cases io which the model was probably rigbt or at least 
partly right. Therefore, the ordered logit model based 00 the corrected data 
set will be used in the remaioder of this study. 
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If the results of this study are to be compared with otber studies on early war
ning systems for financial institutions, in tbis study tbe number of classes bas 
to be reduced to two since almost all earl ier studies distinguished two classes 
only. The results of one "reductioo tecbnique" will be presented bere. How
ever, even with these results, only a rough comparison is possible because 
here the distinction between the two classes is less strict than in most other 
studies, which distinguish between bankrupt and nonbankrupt films . In this 
study, all companies are nonbankrupt. 

Reducing the number of classes to two, the medium- and high-risk com
panies are joined together. The resulting classification table for the ordered 
logit model is presented in table 6.11 . The results are in line with those of 
comparable studies as presented in chapter 3.8 

Table 6.11 FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR THE 
FINAL ORDERED LOGIT MODEL; CORRECTED DATA SET 

actual 
predicted 

total score 

low m+h 
(%) 

low 148 4 152 97.4 

m+h 8 35 43 81.4 

total 156 39 195 93.8 

m+h = medium + high 

Uptil now, the predicted outcome of the models was taken to be the outcome 
with the maximum probability. However, one can think of other criteria. 
Rather than probability, the weighted ave rage of the scores for each company 
may be used. That is, the classes weighted by their probabilities for each 
company. This average equals: 1'P(class = low) + 2'P(class = medium) + 

8 A second reduction technique was also performed. With this technique, the c1ass 
of medium-risk companies is split in two. The best half of both the actual and pre
dicted medium-risk companies are put in the c1ass of low-risk companies. The 
other half is added to the high-risk class. This technique gave scores similar to the 
ones presented in tab Ie 6.11. 
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Table 6.12 AVERAGE SCORES AND ACTUAL OUTCOMES FOR THE 
ORDERED LOGIT MODEL; CORRECTED DATA SET 

average score # low risk # medium risk # high risk 

1.0 - < 1.1 130 1 0 

1.1 - < 1.2 9 1 0 
\ 

1.2 - < 1.3 3 1 Q 

1.3 - < 1.4 2 0 0 

1.4 - < 1.5 2 1 0 

1.5 - < 1.6 2 1 1 

1.6-<1.7 0 2 0 

1.7-<1.8 1 1 0 

1.8 - < 1.9 0 1 1 

1.9 - < 2.0 1 0 1 

2.0 - < 2.1 1 4 0 

2.1 - < 2.2 1 0 0 

2.2 - < 2.3 0 0 0 

2.3 - < 2.4 0 2 0 

2.4 - < 2.5 0 0 0 

2.5 - < 2.6 0 1 3 

2.6-<2.7 0 1 3 

2.7-<2.8 0 1 3 

2.8 - < 2.9 0 0 3 

2.9 - ::s 3.0 0 0 10 
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3·P(class = high) . By defining adequate cut-off scores, differences in casts of 
misclassification can be handled. In table 6.12, an oveIView is given of the 
actual classes of the companies in tbe corrected data set, and their average 
scores for the ordered logit model based on the corrected data set. 
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For this data set, cut-off points of approximately 1.65 and 2.4 would give com
parabIe results as the maximum probability criterion. Tbis can be determined 
by looking at the average scores and predicted values. If the cost of misclassi
fying a high-risk company is larger than the cost of misclassifying a medium
risk company, which is larger than that of misclassifying a low-risk company, 
both cut-off points can be lowered in order to take into account this cost dif
ference. For instance, the first cut-off score could be set at 1.5 and the second 
could remain at 2.4. This would cause a shift in the prediction of the high-risk 
company with the lowest average score from low risk to medium risk, which 
would give it a higher priority, reducing the total costs of misclassifjcation. 
This cut-off score would also lead to two more correct classifications of 
medium-risk companies. However, it would lead to a misclassification of two 
additional low-risk companies as medium-risk. See chapter 3, Altman et al 
[1981], or Cooley [1975] for a description of how the optimal cut-oft points 
can be mathematically determined. Since the model is built on the full popu
lation, no correction is needed for nonrandom samples (see section 3.3). 

Finally, instead of classifying a company into either one of th ree risk 
groups, one can also use the average score as a type of continuous rating. 
Tbus, the company with the highest ave rage score should be examined first, 
the company with the second highest average score should be examined 
second, etcetera. 

6.4.3 A test on new data 

Before applying a model in practice, it is preferabIe to know whether the per
formance of the model is sufficiently stabIe over the years. To test this, the 
assessment reports for 1993 ~~re analyzed, and the companies concemed 
were classified on the basis of these reports. The 1993 data set contained 193 
companies. These were all Dutch non-life insurance companies, excluding 
run-off companies and companies less than three years old, for which at least 
the second assessment round had been completed by February 20, 1995. 

The numbers of companies in each class for 1993 almost equaled those 
for 1992: 147 companies were classified as low risk, 20 as medium risk, and 26 
as high risk. Compared to the 1992 data set, the 1993 data set contained 16 
"new" companies, and for 32 of the 177 companies th at were included in both 
sets the classification based on the assessment reports had changed from 1992 
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to 1993. The results of the model9 for the 1993 data set are presented in table 
6.13. 

Table 6.13 FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR 
THE ORDERED LOGIT MODEL, 1993 DATA 

actual 
predicted 

total score 

low medium high 
(%) 

low 139 5 3 147 94.6 

medium 11 3 6 20 15.0 

high 1 3 22 26 84.6 

total 151 11 31 193 85.0 

Both for the low- and the high-risk companies the model performs weil. The 
scores for these companies are comparable to those for 1992 (see in par
ticular table 6.10). However, the performance for medium-risk companies is 
even worse than for 1992. 

There is some overlap in the data sets for 1992 and 1993 since 177 com
panies are inc1uded in both sets. For 145 of these companies, the actual c1ass 
for 1993 is the same as their actual c1ass for 1992. Although the financial 
ratios (the input variables of the model) for each company will change annu
ally, for most companies this change will not be too large. Therefore, the 
model was also tested on a subset of the 1993 data set which only inc1uded 
the 16 "new" companies that were not inc1uded in the 1992 data set, and the 
32 companies for which the c1assification based on the assessment reports 
changed between 1992 and 1993. This part of the 1993 data set can be consid
ered to be absolutely new data. The results for this data set with just new 
1993 data is presented in table 6.14. 

9 In the remainder of this chapter, the term "the model" refers to the orde red 
logit model as presented in tab Ie 6.8 (i.e. with the parameters estimated on the 
corrected 1992 data set). 
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Table 6.14 FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR 
THE ORDERED LOGIT MODEL, NEW 1993 DATA 

actual 
predicted 

tata I . score 

low medium high 
(%) 

low 19 1 2 22 86.4 

medium 10 2 4 16 12.5 

high 0 3 7 10 70.0 

total 29 6 13 48 58.3 

The overall performance of the model is relatively low with a total score of 
58.3 per cent. However, this is mainly due to the relatively large number of 
medium-risk companies in this data set. The model performs poorly on the 
classification of medium-risk companies, but this performance is not much 
worse than that on the full 1993 data set. It is noteworthy that 16 medium
risk companies lO are included in this subset. This means that out of the 20 
companies classified as medium risk in 1992 only four companies were also 
classified as medium risk in 1993. An explanation might be that, when suf
ficient measures are taken, a medium-risk company will very likely become a 
low-risk company in the following year. Otherwise, the financial position of 
the company will deteriorate (further) and the company will probably be clas
sified as high-risk in the next year. The scores for high-risk and low-risk com
panies - though somewhat lower than the same scores for the full 1993 data 
set - are still reasonable. 

As a final test of the model's usefulness, 1992 data were used to predict 
the actual class for 1993. When the results of this test are good, it will provide 
additional confidence in the model's usefulness as an early warning system. 
The data set consists of the 177 companies that we re included in both the 
1992 and the 1993 data set. The classification table is presented in table 6.15. 

10 Only three new companies were classified as medium risk in 1993. The thirteen 
remaining medium-risk companies were also included in the 1992 data set but 
were classified as low or high risk. 
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Table 6.15 FREQUENCIES OF ACTUAL AND PREDICTED RISK EXPOSURES FOR 
THE ORDERED LOGIT MODEL, 1992 DATA FOR INPUT VARIABLES; 
1993 DATA FOR THE OUTPUT 

actual 
predicted 

total score 

low medium high 
(%) 

low 125 9 3 137 91.2 

medium 9 3 6 18 16.7 

high 3 3 16 22 72.7 

total 137 15 25 177 81 .4 
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A1though there is some decIine in the performance compared to table 6.13, 
the model still performs reasonably weIl. The scores for low-risk and medium
risk companies are slightly below the ones presented in table 6.13. Only the 
score for high-risk companies shows a more serious deterioration in perfor
mance. This score drops from 84.6 per cent to 72.7 per cent. Here three high
risk companies are miscIassified as low-risk, compared to the one in table 
6.13. This is somewhat disappointing since th is cIass is the most important 
one to the ISB. 

6.5 SUMMARY 

Summarizing the results of the model tests, it can be stated that six variables 
give a significant contribution to the determination of the risk exposure of a 
non-life insurance company. These variables cover three factors: solvency, 
profitability, and asset management. A seventh variabie was deleted from the 
model because it totally relied on one, outlying, observation. Without this 
observation, the coefficient changed its sign and was na longer significant. 
The two size variables were marginally significant. However, because these 
two variables were highly correlated, causing a multi-collinearity problem, 
these variables were not incIuded in the model. Factors that were not found 
to be significant in the model are e.g. types of risk insured, organization type, 
and marketing type. 



136 Chapter 6 

With the sÏx explanatory variables, the ordered logit model slightly out
performed the ordered probit model when a tenfold cross-validation proce
dure was applied. The ordered logit model performed quite weil , both on the 
1992 and the 1993 data set. With the tenfold cross-validation procedure, the 
model correctly c1assified over 90 per cent of the companies when 1992 input 
and output data we re used. In particular, 97 per cent of the low-risk compa
nies and 84 per cent of the high-risk companies were c1assified correctly. With 
1993 input and output data, 85 per cent of the companies (95 per cent of the 
low-risk and 85 per cent of the high-risk companies) were c1assified correctly. 
With 1993 input data, only one out of the 26 high-risk companies in 1993 was 
misclassified as low-risk. With 1992 input data, three out of the 22 high-risk 
companies in 1993 we re misclassified as low risk. 

The percentages on low- and high-risk companies are comparable to 
those reported in other studies based on the distinction between bankrupt 
and nonbankrupt companies. The number of correctly c1assified medium-risk 
companies is, however, low (39 per cent for 1992 input and output data, 15 
per cent for 1993 input and output data, and 17 per cent for 1992 input and 
1993 output data) . It can, therefore, be concluded that, in spite of its reason
able performance on low-and high-risk companies, the ordered logit model in 
itself is not able to adequately handle all three risk groups distinguished in 
this study. We hope that the model's performance with respect to medium
risk companies will improve by combining the outcome of the orde red logit 
model with that of a neural network (see chapter 7) and, especially, an expert 
system (see chapter 8) . 




