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Abstract
Many European states apply score systems to evaluate the
disability severity of non-fatal motor victims under the law of
third-party liability. The score is a non-negative integer with
an upper bound at 100 that increases with severity. It may be
automatically converted into financial terms and thus also
reflects the compensation cost for disability. In this paper,
discrete regression models are applied to analyze the factors
that influence the disability severity score of victims. Standard
and zero-altered regression models are compared from two
perspectives: an interpretation of the data generating process
and the level of statistical fit. The results have implications for
traffic safety policy decisions aimed at reducing accident
severity. An application using data from Spain is provided.
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1. Introduction
The analysis of factors that influence the injury severity of victims involved in motor
accidents is a major issue for a number of areas of traffic safety. In many European
countries score systems are used in the field of third-party liability to evaluate the disability
severity of non-fatal victims involved in traffic accidents. These score systems represent the
disability severity by a single numerical value or score. The score indicates the disability
severity associated with all the injuries sustained by the victim, and represents the
percentage of difficulty experienced when performing the customary movements and
actions of everyday living. The score value ranges between zero, for a victim without
disability, to a theoretical maximum which is usually set at one hundred.

The application of disability score systems is especially useful when assessing the financial
compensation associated with motor injuries. The monetary valuation of the non-financial
prejudice sustained by the victim for the injuries is legally fixed according to the severity
score1. Therefore, the severity score not only reflects the disability severity but is also an
indicator of the monetary cost of the non-financial damage suffered by the victim.
Consequently, it is important to use adequate statistical models when analyzing factors that
influence the disability score in order to guide traffic safety policy decisions aimed at
reducing the severity and cost of disabilities. States with score systems include Italy,
Portugal, Belgium, France and Spain. In addition, a project is underway in the European
Union to harmonize disability assessment practices by applying a European disability rating
scale (EC, 2003).

The present study applies discrete regression techniques to the modeling of disability
severity scores of motor victims. More specifically it compares the use of the Poisson,
Geometric and Negative Binomial models for the analysis of disability severity data. As
there may be important differences between injured victims who did not suffer any
disability (a zero score) and those left with permanent disabilities, zero-altered
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distributions, such as the zero-inflated and the hurdle models, are also considered. These
zero-altered distributions assume that disability severity data are generated by a dual-state
process (Lord et al., 2005; 2007; Ullah et al., 2009). Regression models are compared from
two perspectives, namely the interpretation of the underlying data generating process and
the level of statistical fit. An application to a Spanish database is provided, in which the
factors that influence the degree of disability severity are examined.

A variety of statistical models have been applied in the literature to investigate the effects
of road conditions, driver attributes or vehicle characteristics on injury severity.
Traditionally, the severity outcome of traffic victims has been defined as a qualitative
variable that consists of categories which reflect the underlying victim severity. The
response categories are recorded on ordinal scales from lower to higher severity levels
(Yamamoto et al., 2008; Huang et al., 2008; Delen et al., 2006; Jung et al., 2010). The
distance between adjoining categories is difficult to establish because there are many
factors and circumstances that define the physical condition of an accident victim. As a
result, in the regression context, statistical methods for modeling categorical variables have
been the most extensively applied techniques in the analysis of motor injury severity.

One of the most popular techniques for modeling injury severity is the ordered multiplechoice model (O'Donnell and Connor, 1996; Abdel-Aty and Keller, 2005; Kockelman and
Kweon, 2002; Khattak and Rocha, 2003, Wang and Kockelman, 2005), which takes into
account the order of response categories. In some cases ordered multiple-choice structures
may lack sufficient flexibility, due, for example, to constraints related to opposite marginal
effects on the two extreme categories of the response variable. Recent publications have
extended these models, including random effects to relax some of their restrictions (Eluru et
al., 2008; Srinivassan, 2002). An alternative approach is to apply multiple-choice model
structures in which the order of categories is ignored, as in the case of multinomial and
nested logit/probit models (Eluru and Bhat, 2007; Milton et al., 2008; Savolainen and
Mannering, 2007, Malyshkina and Mannering, 2009).
1

The law in some countries, such as Spain or Italy, also considers the age of the victim when calculating the
monetary valuation of the disability.
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Unlike the qualitative modeling approach the distance between disability severity scores is
constant and, consequently, statistical techniques for modeling quantitative injury-severity
data can be applied. Modeling the severity score is more flexible than modeling qualitative
levels. For instance, let us suppose that a mild disability is associated with severity scores
below 15 points, and a severe disability with 15 points or more. In the (ordered) multiplechoice modeling structure a victim with a score of 1 point and another with a score of 14
are both classified as mild disabilities. If these two victims are incorrectly predicted by the
model as severely disabled, the classification error made is the same in both cases.
Obviously, these two victims do not have the same degree of disability severity and the
error is larger for the first one. An obvious constraint of qualitative structures is that the
performance of the regression models may be influenced by the definition of severity levels
considered in the response categories.

In our context the score for disability severity is clearly defined as the percentage of
disability, and hence it is a more precise measure of the degree of severity. Therefore,
methods that model the disability severity score are an improvement because they are not
affected by any partial definition of severity categories. In addition, the score estimate may
be directly expressed in financial terms since the compensation for the non-financial
prejudice is determined by the size of the disability severity score. By contrast, a summary
measure of the cost should be used when severity categories are considered, an example
being the mean cost of each category.

The structure of the paper is as follows. Section 2 presents basic discrete distributions that
can be used to model the severity score, as well as their zero-altered extended models. The
reasons for using - and interpretations of - the distributions are explained. In section 3,
empirical applications using a Spanish database are presented and statistical comparisons
between models are described. A special test concerning the difference between zeroinflated and hurdle models is also described. This is followed by discussion and
interpretation of the results. Concluding remarks are summarized in Section 4.
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2. Modeling the disability severity
There are many discrete probability distributions that can be used to model the severity
score of an injured motor victim. Obviously, it is important to verify the statistical
goodness-of-fit of these distributions with real data. However, looking at the properties and
characteristics of each distribution is also useful in terms of understanding how a specific
distribution may give appealing interpretations of the data generating process.

Let the response variable take the value yi , which is the severity score for the permanent
disability sustained by the motor victim i resulting from a traffic accident: i = 1, K , n.
Because the score is limited to values from 0 to 100, then the probability function of the
severity score Z i is Pr( Z i = yi ) = Pr( yi ) / Pr(Yi < 100) , where Yi is a discrete variable.

Probability functions of Yi are described below.

2.1. Basic distributions
The starting point for the modeling of a random variable that takes positive discrete values
is commonly the Poisson distribution. If we suppose the score is Poisson distributed, then
the probability function of Yi would be:

Pr[Yi = yi ] =

λiy e − λ
i

yi !

i

,

yi = 0,1, 2, K,

(1)

where the (k × 1) vector of explanatory variables xi is included in the model with the mean
parameter λi = exp( xi′ β ) , where β is the (k × 1) vector of parameters to be estimated.
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The Poisson distribution is known to be the law of rare events or law of small numbers,
since it can be shown to be the limit of a binomial distribution with the number of attempts
going to infinity and the probability of success tending to 0. This interpretation of the
Poisson distribution is rather difficult to implement in the context of the severity score.
Nevertheless, it is worth noting that the Poisson distribution is commonly used for discrete
data and is the basis for some extensions.

A more intuitive distribution can, however, be used to model the severity score. If we
consider the final severity score as an indicator variable that takes higher values if the
injury is more serious, then the Geometric distribution would seem to be a natural choice.
This distribution is known to model the number of successes before a single failure.

Applied to the severity score the justification of the Geometric distribution is as follows. To
obtain a specific severity score yi , the i-th victim must have all the symptoms associated
with values 1, 2, K, 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 ] = piyi (1 − pi ),

(2)

where covariates can be included in the model using a logit function, and thus
pi = exp( xi′ β ) /(exp( xi′ β ) + 1) . In this case, it can be shown that E[Yi ] = pi and

Var[Yi ] = pi (1 − pi ) .

Another alternative would be the Negative Binomial (NB) distribution. Although there are
many ways to construct a NB distribution, one of the most convenient is to present it as a
generalization of the Geometric distribution, in which it models the number of successes
before a specific quantity of failures. Another approach consists in introducing a random

heterogeneity term θ of mean 1 and variance α into the mean parameter of the Poisson
distribution. If variable θ follows a gamma distribution and has the following density
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distribution:

f (θ ) =

(1/ α )1/ α 1/ α −1
θ
exp(−θ / α ),
Γ(1/ α )

then the mixture will result in a NB distribution with probability distribution:

Pr[Yi = yi ] =

Γ ( yi +α −1 )
Γ ( yi +1) Γ (α −1 )
Γ ( yi +α

−1

(

λi
α −1 + λi

)(
yi

α −1
α −1 + λi

)

α −1

(3)

α −1

= Γ ( y +1) Γ (α −1 ) p (1 − pi )
i

)

yi
i

where the λi = exp( xi′ β ) , α is a positive parameter and Γ(⋅) is the gamma function, defined
∞

by Γ(a) = ∫ 0 e−t t a −1dt (for early discussions of NB distributions see Greenwood and Yule,
1920; for extensions designed to include exogenous data and an application to accident
data, see Lawless, 1987; and Dionne and Vanasse, 1989). The second equality in (3)
highlights the fact that the logit transformation of the regressors of the Geometric
distribution is now generalized by pi =

(

λi

α −1 + λi

) . It can then easily be proved that E[Y ] = λ
i

i

and Var[Yi ] = λi + αλi2 .

2.2. Zero-altered models
Motor victims with only temporary disabilities resulting from an accident have a score
equal to zero, due to the non-permanent nature of their disability. Intuition would suggest
that accidents involving permanent disabilities may not have the same characteristics as
those involving only temporary disabilities, so zero-altered distributions should also be
considered. This section analyzes zero-inflated and hurdle models based on the three basic
distributions presented above (Poisson, Geometric and Negative Binomial).

2.2.1 Zero-inflated models
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A distribution with extra zeros can show a good fit to data that exhibit a high frequency of
zeros. The idea of zero-inflated (ZI) models is to use a finite mixture model combining an
indicator distribution for the zero case with 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:

⎧φi + (1 − φi ) Pr( K i = 0) for yi = 0
P (Yi = yi ) = ⎨
⎩ (1 − φi ) Pr( K i = yi ) for yi = 1, 2,...

(4)

where the random variable K i follows a basic distribution as defined in section 2.1. In the
limiting case, where φi → 0 , the zero-inflated model corresponds to the distribution of K i .
Mullahy (1986) used this distribution with constant zero-inflation φ , while in our context
the ( p ×1) vector of regressors wi is included such that φi = exp( wi′γ ) /(exp( wi′γ ) + 1) , and γ
is the ( p × 1) vector of parameters to be estimated.
The first two moments of the ZI distribution are E[Yi ] = (1 − φi ) E[ K i ] and

Var[Yi ] = (1 − φi ) E[ K i2 ] − (1 − φi ) 2 E[ K i ]2 . Because the difference between the ZI model and
the basic distribution is the extra weight for Yi = 0 , it is easy to adjust the maximum
likelihood equations of the basic distribution to find the parameters of the ZI model. See
Lambert (1992) for an application of a zero-inflated Poisson model or Johnson et al. (1995)
for an overall discussion of this simple way to account for the extra zeros.

2.2.2 Hurdle models

An alternative way of modifying a basic discrete distribution is to use it as part of a twoprocess distribution, there being one process below and another above the hurdle. The
hurdle model was introduced by Cragg (1971), and subsequently reviewed by Mullahy
(1986). The first process is a dichotomous distribution that differentiates victims with a
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zero score from those with a positive score. The second process determines the final
severity score, which depends on a score greater than 0 having been reported. Distributions
that use two processes may be driven by the same explanatory variables, although they will
be interpreted according to the processes involved.

The first part of the model is a binary outcome model, while the second is a discrete
distribution that takes the values in {1, 2,3,K} . Consequently, when modeling the second
part, one must choose between a basic discrete distribution (truncated or shifted) and a
discrete distribution with support domain on {1, 2,3, K} . Formally, without loss of
generality, this hurdle model is expressed as follows. Let fi ,1 (⋅) and fi , 2 (⋅) be two
probability mass functions with respective support {0,1} and {0,1, K} and which depend on
parameter vectors θ1 and θ 2 . The random variable Yi obeys the hurdle distribution if:

f i ,1 (0) for y = 0
⎧⎪
P (Yi = y ) = ⎨ 1− fi ,1 (0)
,
⎪⎩ 1− fi , 2 (0) f i ,2 ( y ) = Ψ i f i , 2 ( y ) for y = 1, 2,...
1− f

(5)

where Ψ i = 1− fii,,12 (0) . If we assume f i , 2 (0) = 0 , then Ψ i = 1 − f i ,1 (0) . The expectation and
(0)

variance of Yi are:
E[Yi ] = Ψ i E fi , 2 ( k ) [ K i ],
Var[Yi ] = Ψ i E fi , 2 ( k ) [ K i2 ] − Ψ i2 E fi , 2 ( k ) [ K i ]2 ,

where E fi , 2 ( k ) [ K i ] and E fi , 2 ( k ) [ K i2 ] are the first two moments of distribution f i , 2 . Thus, the

distribution can be over- or underdispersed, depending on the parent processes fi ,1 and fi , 2 .
Many possible choices exist for the parent-processes fi ,1 and fi , 2 , for example, nested
models in which fi ,1 and f i , 2 come from the same distribution, such as the Poisson
distribution (Mullahy, 1986), or the Negative Binomial (Pohlmeier and Ulrich, 1995) which
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is by far the most popular hurdle model (Winkelmann, 2003a). Non-nested models such as
those offered by Grootendorst (1995), Gurmu (1998) and Winkelmann (2003a) can also be
used. In our case, fi ,1 is Bernoulli distributed with parameter δ i and fi , 2 follows a basic
distribution as described in section (2.1). Rather than nest with basic discrete distributions,
hurdle models overlap (Vuong, 1989) because they can be equivalent for certain parameter
restrictions.

It is easy to estimate parameters by maximum likelihood because each process may be
estimated separately. The log-likelihood function of a hurdle model is expressed as:
n

n

i =1

i =1

l = ∑ ⎡⎣ I ( yi =0) log( fi ,1 (0)) + I ( yi >0) log(1 − f i ,1 (0)) ⎤⎦ + ∑ ⎡⎣ I ( yi >0) log( fi ,2 ( yi ) /(1 − fi ,2 (0)) ⎤⎦ ,
which is separable. Maximization can then be done separately for each part (zero case and
positive values) with standard statistical software.

2.2.3 Model comparisons and interpretation

Zero-inflated and hurdle models can be expressed as a compound sum of two random
variables (Boucher and Guillen, 2008), where i subscripts are removed to simplify
annotation:
M

Y = ∑X j ,
j =1

where X j is 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(φ ) with X j taking values 0,1, 2,3,... .

•

For the hurdle distribution: M ∼ Bernoulli (δ ) with X j taking only positive values

1, 2,3,... .

(6)
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Thus, one main difference between the two distributions is the way in which a zero is
obtained. For the hurdle distribution a zero occurs only if M = 0 , while for the ZI model it
occurs if M = 0 or if M = 1 and X 1 = 0 . Obviously, and as shown by many authors (for

example, Baughman, 2007), by taking a specific parameterization for δ , the hurdle
distribution may be equivalent to the ZI distribution. In the context of the analysis of bodily
injuries the differences between these two distributions can be usefully interpreted. Indeed,
the characteristics of a zero severity score are interpreted differently depending on the
construction of the compound sum. From an intuitive point of view, under the hurdle
distribution hypothesis a zero severity score comes from different kinds of accidents than
those which yield positive scores. By contrast, the ZI distribution supposes that the same
kind of accident generates all severity scores. However, each accident has an extra
probability (φ ) of generating a score of 0.

The conditional moment (CM) test proposed by Santos-Silva and Windmeijer (2001) can
be adapted to check if the hurdle specification is valid2. When the separation hypothesis
assumption of the hurdle model is fulfilled the equality E[Y − E[ M ]E[ X ]] = 0 is satisfied.
This equality may be tested using the CM test described by Newey (1985) and Tauchen
(1985), and further explained in Cameron and Trivedi (1998). The CM test is elaborated
upon in the appendix.

3. Empirical application
3.1 Spanish database
The database consists of a random sample of 18,363 non-fatal motor victims. The data
were provided by one of the biggest motor insurance companies in Spain. All of the victims
needed at least one day to recover from the injuries caused by the accident. The sample
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covers all provinces of Spain. Since an at-fault system is in place in Spain, drivers who
were at fault in the accident are not entitled to compensation and, therefore, the severity of
their injuries was not evaluated. Consequently, at-fault drivers were not included in the
database. All victims were compensated for their injuries in 2007, although the accident
may have occurred before that year.
The dependent variable to model is score, which indicates the victim's score for the
permanent disability resulting from the accident. The score reflects the degree of difficulty
the victim has in performing activities of the daily living, measured from zero to an upper
limit set at 100. A zero score is assigned to victims who are fully recovered from their
injuries and, thus, without permanent disability. The score is determined according to a
legislative score system. The score system consists of a medical scale that describes the
possible injuries resulting from traffic accidents and which provides maximum/minimum
point scores for each one. The final score is awarded by judicial decision, or agreed upon
between parties (insurer and victim), based on medical reports provided by parties and a
forensic examination. Medical reports are made by medical specialists who examined (and
evaluated) the injuries of the victim in accordance with the score system. Therefore, the
score system is a two-step evaluation process. First, it must be decided whether the victim
suffered any of the injuries defined in the scale. Subsequently, a score reflecting the
disability severity caused by injuries must be provided as a sum of points with an upper
limit at 100 (for more details on the Spanish system, see Ayuso and Santolino, 2007; Ayuso
et al., 2010).

The distribution of the disability severity score for our data is presented in Figure 1. The
sample’s mean score is 3.93 points, the standard deviation is 6.51 and the median value is
2. Note that most of the observations are concentrated on the part associated with low score
values, between one and three points approximately. The distribution seems to be zerodeflated. Most of the sample victims suffered permanent disability resulting from the

2

In the paper by Santos-Silva and Windmeijer (2001) the same test is used to verify what they call the
multiple illness spells hypothesis in order to distinguish the hurdle distribution from a special case of the
Negative Binomial distribution.
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accident. Fewer than 7% suffered only temporary injuries (a zero score). One possible
explanation for the presence of many non-zero scores is that the Spanish score system
recognizes whiplash as an injury which causes permanent disability. Whiplash injuries are
very common in motor crashes. In this sample, 34% of the injuries sustained by victims
were associated with whiplash.

Figure 1. Histogram for the disability severity score

[INSERT FIGURE 1]

The explanatory variables in the regression model and main statistics are provided in Table
1. Individual attributes of the victim are recorded in the variables gend and age. Three
additional variables relate to the position of the victim inside or outside the vehicle. These
variables identify whether the victim was the driver, a passenger or either a pedestrian or
cyclist. Three variables are associated with the period that the victim needed to recover
from the injuries. The temporary period that the victim was in hospital is recorded in the
variable hrd. The days that the victim was out of hospital but was unable to work are
recorded in variable ird. Finally, the variable nird indicates the number of out-of-hospital
recovery days on which the victim was able to work but still needed some therapy, such as
going to a rehabilitation centre. To avoid endogeneity, values collected in these three
variables were based on the forensic examination rather than the final values stated by
courts or agreed between parties.
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Table 1. Description of variables and some statistics
Variable

Description

Mean

Std.Dev.

3.930

6.510

score

Severity score of permanent disability.

gend

1 if the injured victim is male; 0 otherwise.

0.451

0.497

age

Age of the victim.

38.251

17.029

driv

1 if the injured victim was the driver; 0 otherwise.

0.482

0.500

pas

1 if the injured victim was the passenger; 0 otherwise.

0.383

0.486

1 if the injured victim was either a pedestrian or a cyclist; 0 otherwise.

0.134

0.341

hrd

Number of recovery days in hospital (in log scale)*.

0.341

0.891

ird

Number of out-of-hospital recovery days with inability to work (in log scale)*.

3.900

1.254

nird

Number of out-of-hospital recovery days without inability to work (in log scale)*.

2.026

1.972

pedcy

* One point was added on the value of these variables before conversion into logarithms.

3.2. Parameter estimates and model comparisons

In this section, parameter estimates are shown and an interpretation of the results is
provided for all the models considered in this paper. For some specific parameter
restrictions, the Negative Binomial is equivalent to the Poisson or the Geometric
distributions. Classical hypothesis tests can be performed to accept or reject nested models,
with some precautions being taken when the parameter restriction corresponds to the
boundary of the parameter space. The interested reader can find a description of some
specification tests for choosing between Poisson and Negative Binomial distributions in
basic, zero-inflated or hurdle models in Boucher et al. (2007; 2009). Application of these
tests to our 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 pvalues less than 0.001 ), zero-inflated (both p-values less than 0.001 ), and hurdle (both pvalues less than 0.001 ) constructions.
However, the question of how a severity score of zero is generated remains undecided.
There are three candidates for modeling the severity score: the basic, the zero-inflated and
the hurdle Negative Binomial regressions. Estimated coefficients of these models are
provided in Table 2. Vector a consists of the parameters of the dichotomous process, while
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β comprises the parameters of the NB process.
The Akaike and Bayesian information criteria (AIC and BIC, respectively) clearly give an
advantage to the hurdle NB model. To analyze whether the observed differences in the loglikelihood and the information criterion are statistically significant, a test based on the
difference 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-inflated NB and the
NB model. Applied to the present data, the Vuong test shows that the information criterion
of the hurdle NB model is statistically different from the other models, with p-values less
than 0.001 for each test. Therefore, from a statistical viewpoint the hurdle NB model offers
the best fit.
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Table 2. Parameter estimates (standard errors) of the Negative Binomial (NB), the zero-inflated
Negative Binomial (ZI-NB) and the hurdle Negative Binomial (Hurdle-NB) models
NB

ZI-NB

Hurdle-NB

a0

-

-

-0.802

(0.687)

1.217

(0.156)

agend

-

-

*

*

0.644

(0.068)

aage

-

-

-0.251

(0.030)

-0.049

(0.002)

apas

-

-

*

*

0.366

(0.074)

apedcy

-

-

1.999

(0.579)

1.286

(0.092)

ahrd

-

-

*

*

*

*

aird

-

-

*

*

-0.654

(0.026)

anird

-

-

*

*

-0.312

(0.021)

β0

-0.932

(0.035)

-0.901

(0.035)

-2.088

(0.056)

βgend

-0.043

(0.013)

-0.041

(0.013)

*

*

βage

0.008

(0.000)

0.008

(0.000)

0.009

(0.001)

βpas

-0.040

(0.013)

-0.034

(0.014)

*

*

βpedcy

*

*

0.047

(0.019)

0.180

(0.028)

βhrd

0.443

(0.006)

0.445

(0.006)

0.549

(0.010)

βird

0.372

(0.006)

0.370

(0.006)

0.519

(0.010)

βnird

0.045

(0.003)

0.045

(0.003)

0.053

(0.005)

alpha

0.345

(0.006)

0.336

(0.006)

0.887

(0.017)

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
* Coefficients were not significant at the 5% level. These variables were not included as regressors.

The CM test was computed to analyze whether the hurdle specification was accepted. The
test rejected the null hypothesis, with a test value of 91.71 for a Chi-square with 8 degrees
of freedom, and a p-value less than 0.001. However, this does not necessarily mean that it is
unreasonable to assume that a zero score comes from a single process, because the test
might reflect another kind of misspecification. Moreover, 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 for rejecting the null hypothesis is the possibility that common
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unidentified individual characteristics, i.e. heterogeneity, affect both processes of the hurdle
model. In this case the separation hypothesis would be rejected. Winkelmann (2003b)
developed a hurdle model with correlation between the two heterogeneity processes.
Application of this model to our score data does not give a result where the correlation
parameter is statistically different from zero.

3.2.1 The underlying data generating process

In addition to statistical tests a discussion about the underlying data generating process may
prove useful for the model selection analysis. It has been shown that two-process models
take into account that zero scores have different characteristics from positive scores, which
means that accidents involving permanent injuries have different features from those
involving only temporary injuries. This would seem to be a reasonable assumption and
hence regression models involving two processes may be adequate techniques for
describing the data generating process.

Comparison of two-process models revealed that the hurdle model performed better than
the ZI model in our application. This result was expected because the data plotted in Figure
1 show a lower percentage of victims with only temporary disabilities than would be
expected with the basic distribution. ZI models add an extra weight to the zero score, and
thus they are more adequate for overdispersed data. Hurdle models are also more suitable to
explain the data generating process. Under the hurdle assumption, zeros only come from
accidents with temporary-injury features. By contrast, zero-inflated models assume that
victims with very mild permanent injuries are also associated with scores equal to zero. The
Spanish score system always allocates positive scores for all permanent injuries. This
means that victims who suffered any of the injuries included in the medical scale cannot
have a zero score for disability. Consequently, only one source of zeros seems a more
satisfactory interpretation. Based on these arguments it can be concluded that the hurdle
model provides the best description of the score process, even though the CM test rejected
it.
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3.2.2 Results and discussion
The rest of the paper focuses on analyzing the parameter estimates of the hurdle model. An
advantage of modeling disability by means of a hurdle regression is that it allows the
factors that influence the probability of suffering a permanent disability (below the hurdle)
to be analyzed separately from those that affect the degree of severity (above the hurdle).
Note that males have a lower probability of suffering a permanent disability than do
females ( aˆ gend = 0.644 ). However, conditioned on having permanent disability, gender does
not show explanatory capacity as regards the level of severity sustained. In the literature it
is broadly accepted that females involved in motor accidents suffer more serious injuries
than do males (Evans, 2001; Kockelman and Kweon, 2002). This would be in accordance
with our findings in the sense that females are more likely to suffer a permanent disability,
although this does not hold for the degree of this disability.

The victim's age positively influences the frequency and severity of disabilities, as shown
by the sign of the estimates of aage and β age . This means that older victims are more likely
to suffer a permanent disability and, conditioned on having a permanent disability, aging is
also related to a higher severity score. This result is consistent with the previous literature
(O'Donnell and Connor, 1996; Delen et al., 2006). Other authors have suggested that young
and old victims have more serious injuries, especially when they are the drivers. This result
has been associated with the fact that young drivers are prone to more reckless driving and
old drivers to slower reaction times (Kockelman and Kweon, 2002; Huang et al., 2008).

Regarding the victim's position inside the vehicle, the base category is the driver.
According to the results, pedestrians or cyclists are less likely to suffer a permanent
disability than are drivers. However, if a permanent disability is sustained, pedestrians and
cyclists experience higher levels of severity. Our intuition was that victims such as
pedestrians and cyclists would always sustain more serious damages, yet the empirical
results show the opposite. A potential explanation for this is that although crashes involving
pedestrians and cyclists are likely to cause injuries to these victims, such injuries normally
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have only temporary consequences.
The variable related to passengers shows a positive coefficient in the binary outcome
model. Therefore, passengers are less likely to have a permanent disability than are drivers.
This could be because drivers display safer driving behavior when they are accompanied
and, therefore, passengers are more likely to be involved in accidents causing only
temporary injuries. Some studies have shown that the presence of passengers prevents risky
driving behavior among drivers, for instance, by warning the driver (Rueda-Domingoa et
al., 2004; Lee and Abdel-Aty, 2008). Other studies, however, have shown that passengers

are associated with more serious injuries than are drivers (O'Donnell and Connor, 1996;
Ulfarsson and Mannering, 2004). According to our results, passengers do not show a
different degree of disability severity from drivers when an accident involving permanent
disabilities occurs.

Finally, let us consider the relationship between the recovery period required by victims
and the permanent disability sustained. The recovery period relates to the time needed for
the injuries to stabilize or be fully resolved. Note that five of the six variables related to the
temporary recovery period show significant coefficients, with the expected sign. No
collinearity problems were detected. The longer the out-of-hospital recovery period, the
greater the likelihood of a permanent disability. In addition, the length of the recovery
period is also positively associated with the severity score for permanent disability,
including the time spent in hospital. The results are also consistent with the type of
recovery. The number of recovery days in hospital shows the greatest influence on the
expected severity, followed by the out-of-hospital days with inability to work and, finally,
the out-of-hospital days without inability to work. The effect on the disability probability
according to type of recovery is also as expected.

4. Conclusion
Well-developed statistical regression models have been applied in order to analyze severity
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injury data, even though published studies have, to date, modeled the injury severity as a
qualitative dependent variable. These modeling approaches are strongly dependent on the
definition used for the categories of injury severity and may not be flexible enough (for a
discussion about constraints of ordinal qualitative approaches see, for instance, Ulfarsson
and Mannering, 2004). The present study contributes to the field by directly applying
regression techniques for quantitative dependent variables to the analysis of disability
severity score data. The most widely-used basic and zero-altered discrete distributions and
regression models are compared from the point of view of the underlying data generating
process and the level of fit.

An application to a Spanish motor disability database is provided in which the hurdleNegative Binomial regression model was the preferred method for this dual approach. The
hurdle structure based on two processes offers the most plausible interpretation of the
process that generates the Spanish data. An advantage of hurdle models is that the zero
score process is modeled separately, and may thus be analyzed independently. The hurdle
part models the probability of suffering permanent injuries, while the discrete distribution
refers to the disability severity of these injuries. Statistical tests supported the selected
hurdle model as the construction that offers the best fit to the data. The separation
hypothesis of the hurdle model was explored, although the model specification was
rejected; this was most likely due to the power of the test, or perhaps to the fact that some
confusion at zero cannot be captured by the model complexity. For instance, some
permanent disability, which could include psychological damage, may not qualify for a
positive score.
Among other results the victim’s gender showed an influence on the probability of
suffering permanent disabilities but not on the degree of disability severity caused by these
injuries. Another interesting finding is that the length of the time required by the victim to
recover from the temporary injuries had strong explanatory power as regards the probability
of suffering a permanent disability and the degree of severity of this disability. This result
sheds light on the relationship between temporary and permanent injuries, which is
important for medical specialists, among other key players in this context. Finally, it is
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worth highlighting that the score estimation can be automatically converted into financial
terms, indicating the compensation cost for the non-financial prejudice resulting from
permanent injuries. Therefore, the analysis of factors that affect the degree of disability
may guide policy planners in tackling the motor injury problem not only from the
viewpoint of the severity of physical disabilities caused by accidents but also in terms of
the financial consequences borne by society.
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Appendix
By noting that the first process of the hurdle model involves only the random variable M ,
while the second process uses the variable X j , the conditional moment test is constructed
on the following statements. If the hurdle hypothesis is true, the following moment
conditions for the first and second processes hold:
E[ I (Y >0) ] = Pr( M = 1) Pr( X > 0) = E[ M ]
E[Y | Y > 0] = E[ M | M > 0]E[ X | X > 0] = E[ X ].
The first equality cannot hold for the zero-inflated distribution because Pr( X > 0) ≠ 1 . The
second equality holds for both zero-inflated and hurdle models because E[ M | M > 0] is
identically 1, because M ∼ Bernoulli . However, E[ X | X > 0] = E[ X ] is correct only for a
hurdle distribution and cannot hold for zero-inflated distribution. In this situation the
parameters of the first and second processes of the hurdle distribution can be consistently
estimated with the condition G = (G1 , G2 ) , by the generalized method of moment (GMM):

E[ I (Y >0) − E[ M ]] = G1 =

E[Y − E[ X ] | Y > 0] = G2 =

1
∑g1 (a ) = 0
n

(A.1)

1
∑g2 (β ) = 0.
n

(A.2)

where g1 (a ) is a ( p × 1 ) vector and g 2 ( β ) a (k × 1 ) vector. Therefore, having evaluated the
parameters of the hurdle distribution by the last two equations using the generalized method
of moments, the test can be done by checking the following equality:

E[Y − E[ M ]E[ X ]] = D =

1
∑d (a, β ) = 0
n

Using θ = (a , β ) , under the null hypothesis that the model is correctly specified and that
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the separation hypothesis holds, explicit equations of this test are, following the notations
of Prieger (2003):

TCM = lim nD′Σ 0−1 D
n →∞

with:
Σ 0 = Vdd ′ + D0 J 0−1Vgd ′ + Vdg ′ J 0−1 D0 + D0 J 0−1Vdd ′ J 0−1 D0′

δG
1 δG
1⎡ 1
= − lim ⎢ δ a
n →∞ n δθ
n →∞ n
⎢⎣ 0

J 0 = − lim

0 ⎤
⎥
⎥⎦

δ G2
δβ

1δD
n →∞ n δθ

D0 = lim

Vdd ′ = D × D′
Vgd ′ = G × D′
Vdg ′ = D × G ′
Vgg ′ = G × G ′
The conditional moment test TCM is asymptotically χ 2 ( r ) and the condition is rejected at
significance level δ when TCM > χ 2 (r ; δ ) , where r is the number of tested restrictions in
the model. Rejection of the test indicates model misspecification, where the parameters of
the distributions are not correctly estimated by equations (A.1) and (A.2). In this case, the
null hypothesis is rejected, revealing some kind of misspecification, although not
necessarily the separation hypothesis.
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