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Introduction

Motor Bodily injury (BI) claims: Spanish case

BI claims have the largest impact on insurers�claims expenditure.

A legislative compensation system, called baremo, is in force for claim
settlements.

The compensation stipulated comprises compensatory awards for
non-pecuniary and pecuniary damages.

The �nancial compensation is automatically �xed according to the
severity of the injury, age and annual incomes.
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Introduction

How does the baremo work?

Three concepts entitle to be compensated: death, temporary
disability and permanent disability.

A basic compensation amount is awarded for each one of these
concepts. This compensation is stipulated to meet the non-pecuniary
damages of the victim.

Correction factors are applied to this basic compensation to
compensate for pecuniary damages.
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Introduction

Claim settlement (I)

Insurers usually seek to reach an amicable agreement with the
plainti¤ in order to settle BI claims as quickly as possible (i.e.,
interest rate payments, judicial expenses and so forth).

The claim agreement is pursued when the victim is fully recovered. No
discrepancies relating to the number of recovery days are expected.

Neither disagreements as regards the annual income of the victim,
age or year of settlement.

Di¤erences may appear in the evaluation of the permanent disability
severity. Therefore, the most controversial issue in a compensation
agreement is typically determining the severity score for permanent
disability (the unique concept related to the future).
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Introduction

Claim settlement (II): Goals

The underlying disability severity is modelled by means of a
zero-altered regression models. This methodology provides probability
estimates of severity scores for disability.

The point estimate and the upper bound for the expected �nancial
award for non-pecuniary damages that result from the disability are
derived from the probability estimates of severity scores (practical
applications: amount to o¤er in the negotiation, reserving purposes,).
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Methodology

Basic distributions

There are many discrete probability distributions that can be used to model
the severity score of an injured motor victim. Let the response variable
take the value yi , which is the severity score for the permanent disability
sustained by the i � th motor victim resulting from a tra¢ c accident.

Because the score is limited to values from 0 to 100, then the probability
function of the severity score Zi is Pr[Zi = yi ] = Pr[yi ]/Pr[Yi � 100],
where yi is a discrete variable.
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Methodology

Poisson distribution
The starting point for the modeling of a random variable is the Poisson
distribution. The probability function of Yi would be:

Pr[Yi = yi ] =
λyii e

�λi

yi !
, yi = 0, 1, 2, . . . , (1)

where the (k � 1) vector of explanatory variables x is included in the
model with the mean parameter λi = exp(x 0i β), being β the (k � 1)
vector of coe¢ cients.Here the Poisson distribution is extended by
overdispersion, known as the generalized Poisson distribution

Pr[Yi = yi ] =
λi (λi+(ϕi�1)yi )yi�1

yi !
ϕ�yii exp(�λi+(ϕi�1)yi

ϕi
). where the

dispersion function ϕi is modelled as ϕi = 1+ exp(z
0
i γ).
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Methodology

Geometric distribution
A more intuitive distribution is the Geometric distribution. This
distribution is known to model the number of successes before a single
failure.

Applied to the severity score, the justi�cation of the Geometric distribution
is as follows. To obtain a speci�c severity score yi , the i-th victim must
have all the symptoms associated with values 1, 2, . . . , yi , which we call
successes, without having all the symptoms of score yi + 1, which
represents a failure. Using this interpretation, the score probability can be
expressed as:

Pr[Yi = yi ] = p
yi
i (1� pi ), (2)

where covariates can be included in the model using a logit function, so
pi = exp(x 0i β)/(exp(x

0
i β) + 1).
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Methodology

Negative Binomial distribution
The Negative Binomial (NB) distribution may be constructed as a
generalization of the Geometric distribution, where, instead of modeling
the number of successes before a single failure, it models the number of
successes before a speci�c quantity of failures. The probability distribution
is:

Pr[Yi = yi ] =
Γ(yi+α�1)

Γ(yi+1)Γ(α�1)

�
λi

α�1+λi

�yi � α�1

α�1+λi

�α�1

= Γ(yi+α�1)
Γ(yi+1)Γ(α�1)

pyii (1� pi )α�1
(3)

where the λi = exp(x 0i β) and Γ(�) is the gamma function. The second
equality highlights the fact that the logit transformation of the regressors
of the Geometric distribution is now generalized by pi =

�
λi

α�1+λi

�
.
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Methodology

Zero-altered models

The score re�ects the degree of severity of the permanent disability, thus
motor victims with only temporary disabilities resulting from the accident
have a score equal to zero. Based on our intuition that accidents involving
permanent disabilities may not have the same characteristics as those
involving only temporary disabilities, zero-altered distributions are also
considered. In this section, we analyze zero-in�ated and hurdle models
based on the three previous basic distributions.
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Methodology

Zero-in�ated models
The idea of zero-in�ated (ZI) models is to use a �nite mixture model
combining an indicator distribution for the zero case and a basic discrete
distribution. Consequently, this distribution will account for the excess of
zeros. The density of this kind of model, with 0 < φi < 1, can be
expressed as:

P(Yi = yi ) =

(
φi + (1� φi )Pr(Ki = 0) for yi = 0

(1� φi )Pr(Ki = yi ) for yi = 1, 2, ...

where the random variable K follows a basic distribution. The (p � 1)
vector of regressors w is included such as φi = exp(w

0
i γ)/(exp(w

0
i γ) + 1),

being γ the (p � 1) vector of coe¢ cients.
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Methodology

Hurdle models
A di¤erent approach to modify a basic discrete distribution is to use it as a
part of a two-process distribution.The �rst part of the model is a binary
outcome model and the second part is a discrete distribution that takes
the values f1, 2, 3, . . .g. Consequently, in the modeling of the second part,
a choice between a basic discrete distribution (truncated or shifted) and a
discrete distribution with support domain f1, 2, 3, . . .g must be made. Let
fi ,1(�) and fi ,2(�) be two probability mass functions with respective support
f0, 1g and f0, 1, . . .g depending on parameter vectors θ1 and θ2. The
random variable Yi obeys the hurdle distribution if:

P(Yi = y) =

(
fi ,1(0) for y = 0
1�fi ,1(0)
1�fi ,2(0) fi ,2(y) = Ψi fi ,2(y) for y = 1, 2, ...

,

where Ψi =
1�fi ,1(0)
1�fi ,2(0) .
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Methodology

Zero-in�ated and hurdle models models can be expressed as a compound
sum of two random variables:

Y =
M

∑
i=1
Xi .

where Xi are i.i.d., independent from M, and Y = 0 if M = 0. Under this
construction, there are two possibilities:

For the ZI distribution: M � Bernoulli(φi ) with Xi taking values
0, 1, 2, 3, ....

For the hurdle distribution: M � Bernoulli(δi ) with Xi taking only
positive values 1, 2, 3, ....
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Methodology

A main di¤erence between the two distributions is thus in the way a zero
score is obtained. For the hurdle distribution, it happens only if M = 0,
while for the ZI model it happens if M = 0 or if M = 1 and X1 = 0.

The conditional moment (CM) test proposed by Santos-Silva and
Windmeijer (2001) can be adapted to check if the hurdle speci�cation is
valid. When the separation hypothesis assumption of the hurdle model is
ful�lled, the equality E

�
Y � E [M ]E [X ]

�
= 0 is satis�ed. This equality

may be tested using the CM test described by Newey (1985) and Tauchen
(1985), and explained in Cameron and Trivedi (1998).
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Application

Database: big sample

The database consists of a random sample of 18, 363 non-fatal victims. All
of the victims needed at least one day to recover from the injuries caused
by the accident. The sample covers all the provinces of Spain. All victims
were compensated for their injuries in 2007. The at fault system is in place
in Spain.
The dependent variable to model is the variable score. The �nal score is
stated by judicial decision, or agreed upon between parties.
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Application

Figure 1. Histogram for the disability severity score
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Application

Table 1. Variable description and some statistics

Variable Description Mean Std.Dev.

score Severity score of permanent disability 3.930 6.510

gend 1 if victim is male. 0.451 0.497

age Age of victim. 38.251 17.029

driv 1 if victim was the driver 0.482 0.500

pas 1 if victim was the passenger 0.383 0.486

pedcy 1 if victim was either a pedestrian or a cyclist 0.134 0.341

hrd Number of recovering days in hospital (in log.). 0.341 0.891

ird Number of recovering days with inability (in log.). 3.900 1.254

nird Number of recovering days without inability (in log.). 2.026 1.972
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Application

Model comparison

Classical hypothesis tests can be perfomed to accept or reject nested
models. Application of these tests on score data for the α parameter of the
NB distribution leads to the rejection of Poisson and Geometric
distributions in favor of the Negative Binomial for basic (both p-values less
than 0.001), zero-in�ated (both p-values less than 0.001), and hurdle
(both p-values less than 0.001) constructions.
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Application

We are still undecided about how a severity score of zero is generated.
Three candidates remain in the modeling of the severity score: the basic,
the zero-in�ated and the hurdle Negative Binomial regressions.

Table 2 The NB, the ZI-NB and Hurdle-NB models
NB ZI-NB Hurdle-NB

Loglikelihood 39,233.84 -39,166.13 -36,770.41
AIC 78,484 78,357 73,569
BIC 78,546 78,451 73,678

N=18,363
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Application

Akaike�s and Bayesian Information Criterion (AIC and BIC) clearly gives an
advantage to the hurdle NB model. To analyze if the observed di¤erences
in the log-likelihood and the information criterion are statistically
signi�cant, a test based on the di¤erence in the log-likelihoods can be
performed. Indeed, for independent observations, a log-likelihood ratio test
for non-nested models, developed by Vuong (1989), can be used to see
whether the hurdle NB model is statistically better than the zero-in�ated
NB and the NB model. Applied to the data, the Vuong test shows that the
information criterion of the hurdle NB model is statistically di¤erent from
the other models, with p-values of less than 0.001 for each test. Therefore,
from a statistical viewpoint, the hurdle NB model o¤ers the highest �t.
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Application

The CM test rejected the null hypothesis (p-value of less than 0.001). it is
well-known that CM tests are very powerful when used with many
observations (here, n = 18, 363), meaning that the null hypothesis is
usually rejected.

Another explanation lies in the fact that it is possible that common
unidenti�ed individual characteristics, i.e. heterogeneity, a¤ect both
processes of the hurdle model.
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Application

Database II: small sample

Sample of 180 claims settled by Court decision between 2001 and 2003. It
covers mainly Catalonia-Aragón.
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Application

The ZIGP distribution was the preferred method. The ZIGP distribution is
a mixture of a Bernoulli distribution and a generalized Poisson
distribution.Here the Poisson distribution is extended by overdispersion
and zero-in�ation parameters, known as the ZIGP distribution. Count data
with a large zero fraction and a heavy tail are common in a number of
applications.
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Application

A) Claim negotiation

The point estimate of the expected compensation awarded by the Courts
and the upper bound can be derived from,

E [yi � Cppij ] =
100

∑
h=1

Pr[yi = h] � h � Cppij jYi=h
Var(yi � Cppij ) = E [(yi � Cppij )2]� (E [yi � Cppij ])2

where Cppij is the �nancial compensation per point (depends on the
settlement year j , the victim�s age and the total score yi ).This estimate
would be the amount to o¤er in the negotiation process and the
upper-bound estimate the maximum amount can be accepted by the
insurer in order to avoid legal proceedings.
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Application

B) Claim reserving

Statistical methods based on individual claim information have grown in
importance in recent years. In the table, the total compensation awarded
by the insurer is compared with the sum of �nancial compensations
estimate.

Total amount
(in euros)

Estimated provision
Empirical compensation

Empirical compensations 631294.10 -

A) Estimated claims provision 691922.52 109.60%
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Conclusions

Conclusions

The expected size of BI claim costs will have implications for
compensation negotiation and individual reserves.

In the Spain it can be reduced to an estimate of the victim disability
severity, since remaining factors are known at the time of settlement.

The main advantage of modelling injury severity rather than directly
modelling the �nancial compensation is that �nancial e¤ects are
withdrawn from the motor accident BI claim evaluation. Injury
severity does not depend on economic factors such as the settlement
year, the in�ation rate or the cost of medical services, among others.It
allows insurance companies to monitor the real severity level
underlying the claim.

This methodology may be accomodated to other European States
that also apply disability scales (France, Italy, Portugal, Belgium, etc.)
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