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ABSTRACT

This paper describes an approach to predict casualty rates in the Flanders region of Belgium. The
objective of the paper is to demonstrate the strength of the proposed approach that combines the
decomposition method with a disaggregate analysis as a prediction approach to study road safety
problems. The prediction for the Flanders region will hereby serve as an illustration for this
approach.

The evolution of the number of casualties is explained by its components exposure and risk,
where exposure is further decomposed into population numbers and the travel patterns of its
individuals. Upon the decomposition a disaggregate approach is followed to take into account the
various differences in exposure and risk that exist between distinct subgroups.

A reduction of the number of casualties with 57% is found in 2020 compared to 2001. Our
approach however also allows to determine the relative contribution of each component to the
casualty rate. Because of the different trends in population, exposure and risk, casualty numbers
evolve differently for different groups. Therefore their share in the total traffic casualties will
change and new target groups for road safety policy emerge. In Flanders older women will be
such new target group since it will become one of the most sizeable casualty groups.
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1 INTRODUCTION

It was shown by [1] that countries that have defined an explicit road safety target have
experienced a substantial reduction in road fatalities, through the implementation of concrete
actions to improve road safety. However, in order to set realistic road safety targets and to define
appropriate measures an adequate insight in long term road safety developments is needed [2,3].
In that respect projections of the expected number of traffic victims are being modeled in several
countries [4].

A common practice is to decompose road safety in 2 dimensions: exposure and injury
risk [5]. Exposure describes the magnitude of the activity resulting in casualties. It is usually
measured in terms of the number of vehicle kilometers or a proxy like population numbers. Risk
represents the probability of becoming a road casualty, given a certain level of exposure. Both
exposure and risk, however, differ importantly between different subgroups in the population or
for different parts of the transportation network [5,6,7]. With respect to age, a U-shaped curve is
typically found for the per km-crash involvement where younger and older drivers experience an
increased risk compared to the group of middle-aged drivers [8,9,10,11,12,13]. Older persons
also show a distinct travel pattern [12,14,15] as they make less and shorter trips. Moreover,
especially older women are less likely to possess a drivers’ license.

Both exposure and risk evolve over time. As a consequence the number of casualties will
change. By decomposing the number of casualties into different dimensions, the impact of each
force provides useful information for road safety policy makers. Socio-demographic processes
are the driving forces behind changes in population composition and consequently also influence
exposure. In addition, these developments are not equal for all subgroups in the population
[16,17,18]. For instance, in most western countries populations are ageing. The share of older
persons in the total population numbers increases while the number of 25-40-year old decreases.
Furthermore, in the future more of the elderly will possess a drivers’ license inducing a modal
shift.

Safety measures are also often targeted to specific road user groups or parts of the
transportation network. It is therefore no surprise that different groups of road users experience
different changes in risk [5,19]. In view of these findings it is desirable to analyze and predict the
safety and mobility of these specific groups separately. Therefore a more disaggregate approach
is required [5].

This paper describes an approach to predict casualty rates in the Flanders region of
Belgium. Casualty rates are calculated as the product of exposure and risk, where exposure is
obtained from population numbers, disaggregated by age, gender and modal choice, combined
with individual travel performance, modeled from travel survey data. This way the effect of an
ageing society on road safety can be studied. The focus of the paper will therefore be on
demonstrating the strength of the proposed approach that combines the decomposition method
with a disaggregate analysis as a prediction approach to study road safety problems. The
prediction for the Flanders region will hereby serve as an illustration for this approach.

2 BACKGROUND
According to official accident statistics 436 persons were Killed on Flemish roads in

2010. Of these deaths, 136 were car drivers, 48 car passengers, 61 cyclists and 57 pedestrians. 96
of them were 65 years or older. 3,879 more persons were seriously injured, 1,012 of them car
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drivers, 675 car passengers, 781 cyclists and 388 pedestrians. 541 of the seriously injured were
older than 65.

2.1 Socio-Demographic Trends

Several socio-demographic trends influence exposure. Since travel characteristics vary
with personal attributes such as age, gender, work status and ownership of a drivers’ license
[13,20,21], changes in the prevalence of these attributes will affect the global amount of distance
traveled, even when population numbers remain constant.

Demographic prognoses made by the Research Centre of the Flemish Government
indicate that the number of inhabitants in Flanders will increase from just under 6 million in
2000 to over 6,6 million in 2030 [22]. As in most western countries, the Flanders region is also
confronted with the challenges of an ageing society since the share of elderly will continue to
increase [23].

Since more young people take up higher education, they enter the workforce at a higher
age. At the other end of the age spectrum, people are encouraged to work longer. Furthermore,
women entered the workforce later in history. As a consequence the activity rate of older women
is still much lower than that of men of comparable age [24]. In the future more women will
participate in the workforce and the activity rate will increase more compared to men where the
activity rate is already high.

A similar phenomenon appears with the possession of a drivers’ license. As the
percentage of men owning a license is already high for all ages, little changes are to be expected
in the future. Less women own a drivers’ license [25]. The difference is particularly profound at
higher age. However, since older cohorts with a lower possession rate are gradually replaced by
younger cohorts with a higher possession rate the share of women owning a drivers’ license will
gradually increase in the future.

2.2 Decomposition And Disaggregation

In road safety research a decomposition of the road casualty problem into the components
exposure and risk is not new. Oppe developed a framework to analyze the relationship between
exposure and risk that is based on learning theory [26]. For exposure, he uses a logistic function
of time with its characteristic S-shaped form. Risk is assumed to decrease exponentially over
time. The number of casualties is then modeled as the product of exposure and risk [27].

Aggregate models relate the number of accidents or fatalities to some general exposure
measure [3]. Several authors used vehicle kilometers as exposure measure [28], while other
authors used an approximation such as fuel consumption or population numbers [29]. Overall
numbers (of road safety or mobility) however do not give a true understanding of the nature of
the influence of mobility on road safety [18], because average numbers hide significant
differences. Although aggregate models can be used to describe general trends, they are unable
to represent changes caused by modal shift or by different evolutions within specific sub-groups
of the population. In this case, disaggregate modeling is more appropriate [5], stratifying by
characteristics such as infrastructural differences, time of day, age and gender.

Stipdonk et al [19] stipulate that there are two arguments in favor of projecting
stratifications as compared to just fitting a simple negative exponential trend to the sum directly
[19]. Firstly, stratification enables using data on distance travelled, stratified by traffic mode or
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other characteristics like age, gender or part of the road network. Secondly, differences in
casualty rate trends can be taken into account when calculating the expected number of
casualties. Stratification also enables to add explanatory factors that relate to a specific subgroup.

A further improvement of road safety forecasts involves including explanatory factors
(such as safety measures, demographic changes or weather influence) [19]. These explanatory
variables will replace part of the obscure and unexplained trend.

Stratifying exposure data is however not done easily. In fact, the lack of sufficient data
often induces the use of general exposure measures [18]. Indeed, stratification requires more
detailed data than is often available. The use of travel survey data can then help to gain insight in
the relation between mobility and road safety [27].

3 STUDY DESIGN

The total number of persons killed or seriously injured in a road crash (KSI) is calculated
by following formula in which P, 4 represents the number of persons of age a, gender g and
personal characteristics ¢ including work status, possession of a drivers’ license and hometown.
Dagm,c Stands for the distance traveled by a person of age a, gender g and personal characteristics
c by travel mode m. Ragm finally is the injury risk faced by a person of age a, gender g while
traveling with mode m. The different factors will be further elaborated in the following section.

KSI = ZPa,g,c*Da,g,m,c*Ra,g,m

a,g,m,c

In this paper the number of persons killed or seriously injured in road crashes in Flanders
is estimated up to 2020. Exposure is calculated on an individual level. In order to reduce
calculation time a 1% sample is taken from the population data gathered in the socio-economic
survey of 2001, containing information on the almost 6 million inhabitants of the Flemish region.
In SAS Entreprise Guide a simple random sample without replacement is drawn from these data,
stratified by age group (5 years) and gender. The result is a sample of 59,703 persons. Population
level values are then obtained by adding weight factors to each individual in the sample.

Exposure itself is the product of population numbers and personal travel performance
which is defined as the distance traveled by a person with certain characteristics (age, gender,
work status, hometown, etc.) by traffic mode. Changes in exposure will reflect changes in
population numbers, population characteristics and personal travel performance. The changes
will be implemented in consecutive steps. This will allow us to study the effect of each of the
included parameters separately.

3.1 Updating The Population

Changes that are included in this study are (1) demographic changes (population numbers
in relation to age, gender and hometown), (2) work status (the share of employed, unemployed,
students and other inactive persons) and (3) changes in drivers’ license ownership. External
forecasts are used to simulate the first two socio-demographic processes (section 3.1.1), while
drivers’ license ownership is modeled from Flemish travel survey data (section 3.1.2).

3.1.1 Socio-Demographic Change
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Demographic changes are incorporated by adjusting the weight factors of the sample
according to the existing population forecasts by the Research Centre of the Flemish
Government. These population forecasts are available disaggregated by age, gender and
hometown. In a next step evolutions in the activity rate per age group (adapted by the policy
research centre WAV from the survey on the labor force) are included in the population forecasts
[30]. The activity rate is the proportion of employed and unemployed persons compared to the
total population (also including the professionally inactive part among which students,
pensioners, house wives and disabled people) of the same age group. This information is again
implemented by adjusting the weight factors in such a way that total population numbers by age,
gender and hometown remain unchanged. The activity rate is available disaggregated by gender
and 5-year age groups.

The number of people aged 55 and older increases, while the population between 25 and
40 years old shrinks. Because older persons are less likely to be active on the labor market and to
own a license, demographic changes alone will lead to a global decreasing activity rate and
drivers’ license ownership. When also work status is updated the average activity rate of women
will increase, while that of men still slightly decreases.

3.1.2 Drivers’ License Ownership

The socio-economic survey does not contain any information on drivers’ license
ownership. The increasing possession of a license is therefore added to the population sample as
the probability that a person owns a license. This probability is modeled from the data in the
Flemish travel surveys that were carried out in 1994, 2000, 2007, 2009 and 2010 and it depends
on personal characteristics (age, gender, work status) and location of hometown (or its urban
character) [30]. Apart from age, time has two other aspects that will influence the probability of
having a license. The first aspect is the generation effect. People that are born in the same period
share a similar history which will influence some of their characteristics. It is defined by the year
of birth of that person. The second one is the period effect. This factor is linked primarily to the
demand side of the transportation system. For instance, the presence of public transportation, the
cost of owning a car and spatial planning will influence the likelihood of a drivers’ license.
These cohort effects clearly reflect in the drivers’ license ownership among women in Flanders
between 2000 and 2010 [30]. Where for women younger than 55 years the license rates are fairly
constant, the license ownership of older women is increasing significantly as younger cohorts
with higher licensure rate replace gradually the older cohorts.

This evolution is expected to continue in the future. To include this evolution in the
population forecast a model was built to predict the license rate for future years as a function of
the explanatory variables the time effects age, year of birth and year of survey and the personal
characteristics gender, work status and urbanization of the hometown. Since license ownership is
a binary variable a binary logit model is used. In order to capture the inverse U-shape of license
ownership by age, a 4™ order multinomial is used. This also results in a smooth curve opposed to
the results that are found when a categorical variable is used for age. A categorical variable leads
to discontinuities around its border values. Due to cohort effects this then causes irregularities in
predicting license ownership. It is further assumed that license rates do not decrease over time.
The resulting license rates clearly show a distinct increase for older women, while for men the
differences are limited (figure 1).
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FIGURE 1 Evolution of drivers’ license ownership for working people not living in a big
city as a function of age
Source: adapted from [30]

Integrating these model results in the population forecasts leads to a very slight increase
of license ownership for men aged 18 or more from 90% in 2001 to 92% in 2020. For women the
increase is much more substantial. 71% of all women of 18 years and older owned a license in
2001. In 2020 the percentage climbs to 81% because of the younger cohorts gradually replacing
the older cohorts.

3.2 Exposure Trends

The development of the exposure on population level is explained by the evolution of the
population numbers and the changes in the travel patterns of the individuals. For that purpose the
individual travel performance is modeled from the data gathered in the aforementioned travel
surveys and linked to the persons in the 1% sample. In a first step the probability that a certain
person makes at least one trip during the day is modeled. In the second step a model is built to
determine the distance traveled by different traffic modes. In the third step the travel
performances of the individuals from the sample are multiplied with the weights accorded to
them. These weights evolve over time and represent the socio-demographic changes that occur.

3.2.1 Probability Of Trip Making

The probability that a certain person makes at least one trip during a day is modeled by a
binary logit model. Age, year of birth, work status and possession of a drivers’ license show a
significant influence on the probability of carrying out a trip. The results indicate that the
likelihood of making a trip is fairly constant over a broad age range. Only people over 70 years
old are less likely to travel (figure 2). Working men and women are also more likely to undertake
at least one trip compared to inactive and unemployed people. License ownership is also related
to more frequent trip making.
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FIGURE 2 Probability of making at least one trip per day as a function of age for working
men and women, with (DL+) or without (DL-) a drivers’ license
Source: adapted from [30]

3.2.2 Travel Distance

For those persons who made at least one trip, the distance traveled per day as a car driver,
car passenger, cyclist or pedestrian is modeled as a function of the aforementioned variables. The
travel surveys contain too little information on journeys with other travel modes to derive
accurate models on the required level of disaggregation. Neither do they contain information
about children younger then 6 years old. Therefore these young children are also excluded from
further analysis. Age, gender, work status, possession of a drivers’ license and the degree of
urbanization all play a distinct role in predicting the distance traveled by an individual per day.
Changes in the prevalence of these variables will therefore also change exposure. Furthermore
the variables will influence the travel distances differently for the distinct travel modes, therefore
also influencing the modal split.

3.2.3 Population Level Exposure

By multiplying the travel distance with the weights accorded to the individuals from the
sample and sum these results over subpopulations stratified by gender, age group and traffic
mode the exposure for each of these groups is calculated. The global distance traveled as a car
driver increases with 8.4% in 2020 compared to the base year 2001 (table 1). Distances traveled
as car passenger, cyclist and pedestrian increase with 6.8%, 7.3% and 9.3% respectively.
However, large differences exist between the various subgroups. In the age group of 35-44 year
old, we find that fewer kilometers will be traveled in 2020 than in 2001, mainly due to the falling
population numbers. In the age group of the 65-74 year old however the distance traveled
increases. A modal shift also occurs since the distances traveled by the distinct traffic modes
evolves differently too. This modal shift will be the most profound for older women.
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TABLE 1 Relative increase of distance traveled by traffic mode, age and gender
Source: adapted from [30]

Total | Age: 35-44 Age: 65-74
Men Women Men Women
Car driver +8.4% | -12.8% -5.3% +32.0% +73.5%
Car passenger | +6.8% | -12.2% -9.9% +24.2% +18.3%
Cyclist +7.3% | -12.8% -11.3% +23.7% +7.1%
Pedestrian +9.3% | -10.8% -12.4% +25.3% +15.2%

3.3 Risk

In the previous section the exposure measure was determined and can be stratified
according to gender, age and travel mode. For the period 1997-2009 the numbers of killed and
seriously injured road users are available from Statistics Belgium and can be stratified by the
same variables.

For the period 1997-2009, injury risk is calculated as the yearly number of casualties
(killed or seriously injured) divided by the calculated yearly exposure, both stratified by age
group, gender and travel mode. In accordance with Oppe [28], the resulting time series are then
extrapolated to 2010-2020 following an exponential regression curve (figure 3), giving the
estimates for future injury risk. By multiplying for each year the extrapolated risk with the
calculated exposure for that subgroup we get the prediction for the number of killed and
seriously injured road users in that group between 2010 and 2020. The total number of traffic
victims is then simply the sum of the victims in each subgroup.
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FIGURE 3 Extrapolation of risk for car drivers (women aged 45-54; 1997-2020)
Source: adapted from [30]
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4 CASUALTY FORECAST

Due to data limitations the results from this paper are restricted to the four traffic modes
described earlier. Data on children younger than 6 years are also not included in the analysis. All
results must therefore be considered within these limitations.

The expected number of road users killed or seriously injured in traffic accidents will be
57% lower in 2020 compared to 2001 (table 2). This decrease is mainly caused by a generally
falling casualty rate. Indeed, when risk is assumed constant at the 2001 level a mild increase with
8% in the number of victims is expected (table 2). This is slightly less than the predicted
population growth of 10% but in line with the expected increase in distance traveled.

These general figures hide however substantial differences. Both exposure and casualty
risk evolve differently according to age, gender and traffic mode. Exposure is to a large extent
influenced by population changes. Contrary to the increase of the total population the age group
of 25-44 year old inhabitants will diminish in the nearby future, while a significant increase is
expected for people aged 55 or older. Changes in work status also contribute to changes in
exposure since the individual travel performance depends on this status. Working people are in
general more likely to undertake a journey and travel more by car and less as a pedestrian. Since
working status will change most for older women (more than a doubling of the share of working
women aged 60-64 is expected), its effect on exposure will be most profound in this age group.
A last variable that was considered is the increasing drivers’ license ownership, increasing the
likelihood of a journey and the distance traveled as a car driver but decreasing the distance
traveled as a passenger or a cyclist. Again its effect is most distinct for older persons, especially
for women.

At the same time a decrease in risk is found for most subgroups. This trend seems to be
most clear for car occupants. In fact, pedestrians have benefited least from the general increase in
road safety and in some cases trends are even slightly increasing (e.g. among women in the age
groups 25-34 and 65-74 the risk tends to increase). The same is true for cyclists (risk increases
for men aged 25-34 and for women aged 75 and older). Although differences exist, no clear
influence of gender or age on risk evolution is found,.

As a consequence of these inequalities the number of casualties in the distinct subgroups
will change differently. In order to estimate the impact of the factors separately, the number of
casualties is predicted in four successive steps where each factor is added on at a time. The
results are summarized in table 2. In the first step only demographic changes are included in the
population forecast. The resulting change in casualty numbers compared to the 2001 level is
given in the column DEMO. In the second step the expected changes in work status are added to
the population forecast and its combined effect on casualty numbers is calculated. The results for
some groups are presented in column SOCIO of table 2. The third step involves adding the
changing licensure rate to the population forecast. The results are given under column DL. In the
three previous steps the number of casualties is calculated with the constant risk of 2001.
Therefore, the changing risk is used to calculate the casualty numbers in the fourth and final step.
The exposure used in this step is the same as the one used in step 3. The results are shown in
table 2 under the column RISK.

The results in table 2 make clear that all factors (demographics, work status, drivers’
license, risk) included in the study will influence the prediction results. In view of the significant
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differences that exist between different groups in the total population considering exposure and
risk trends, the followed disaggregate approach seems appropriate.

The decreasing number of casualties is only possible when the injury risk will continue to
fall. The expected changes in exposure will in fact cause a slight increase in the number of
casualties. But even the inclusion of other then demographic variables will influence the results.
This is especially clear with women. When only demographics are included an increase of 6%
casualties among women is expected. When also the increasing activity rate and possession of a
drivers’ license is included the increase doubles to 12%. For men the effect of these additional
variables is less obvious, mainly because of the relative small differences that exist between
different age groups and the relative small changes that are expected for the extra variables.

Not only the extended decomposition into different components proves useful, also the
disaggregate approach used in this study delivers results that cannot be obtained by a more
aggregate method. Different casualty reductions are found for men compared to women, for
different age groups and for different travel modes. Furthermore different groups are influenced
differently by the included factors. The effect of activity rate and drivers’ license on the number
of casualties is not only larger for women than for men, it is also bigger for older persons. The
augmented share of persons that work and own a drivers’ license will also cause the number of
car driver casualties to be higher than expected based on the basic demographic forecasts.
Therefore the decision to (not) include these factors will influence the results in a distinct way
for the different groups.

TABLE 2 Prediction of the number of road users killed or seriously injured in crashes
(KSI) in 2020 compared to 2001 when only demographic change is accounted for (DEMO),
when also work status is accounted for (SOCIO), when also possession of drivers- license is
accounted for (DL) and when also changes in risk are accounted for (RISK)

Source: adapted from [30]

KSI 2001 | DEMO |SOCIO |DL RISK
Total Men 2,879 +5% +5% +5% -57%
Women | 1,766 +6% +8% +12% -57%
35-44 Men 437 -13% -13% -13% -62%
Women | 253 -11% -8% -71% -712%
65-74 Men 209 +27% +27% +28% -39%
Women | 193 +15% +15% +25% -26%
75+ Men 169 +44% +44% +47% -38%
Women | 148 +21% +21% +41% -1%
Car driver 2375 +2% +4% +7% -76%
Car 891 +4% +4% +5% -64%
passenger
Cyclist 945 +13% +13% +10% -23%
Pedestrian 433 +12% +12% +13% -13%

Since the number of casualties evolves differently according to age, gender and travel
mode, the share of the distinct subgroups will also change in the future. Where nowadays young
males (16-24) make out the largest group of victims, their share gradually diminishes while the
share of 25-34 year old males remains constant hereby becoming the largest group of victims in
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2020. Women aged 65 or older make out a little over 7% of the traffic victims in 2001. Their
share will however double in 2020 making them a new important target group for policy
measures.

In 2001 car occupants make out 70% of the casualties. In 2020 their share falls below
50%. The share of cyclists however almost doubles from 20% in 2001 to 37% in 2020. The share
of pedestrians also doubles from 9% to 19% in the same time span. This again urges for a
renewed attention for these vulnerable road users.

5 DISCUSSION
5.1 Methodology

The evolution of the number of casualties is explained by its components exposure and
casualty rate. In addition to former studies where exposure itself is modeled as a time series
[5,28], exposure is in this study further decomposed into population numbers (including its
characteristics) and the travel patterns of its individuals. This enables including new explanatory
parameters in casualty forecasting such as demographic change and changes in travel preferences
of certain groups. In this way the effect of changes in the explanatory mechanisms on mobility
can be modeled instead of using trend analysis on the mobility itself. A further integration of this
approach in traffic models will create extra possibilities towards spatial and temporal
disaggregation of exposure and risk which has been disregarded in this study. This might be
interesting when studying the impact of an ageing society on road safety because of the
differences in travel patterns of older persons [12,14,15]. In that respect Kam [31] points to the
differences in accident risk at different road types. Changes in road use will therefore also
influence general risk.

The injury risks for the different subgroups on the other hand are extrapolated by a
simple exponential regression as proposed by Oppe [28], although more sophisticated methods
exist for trend analysis. In this regard, a trend analysis is not always a suitable tool to predict the
future [32]. More advanced methods that fit the data better are however not necessarily more
useful for predicting future trends than the simple trends lines that are used in our study.

Upon the decomposition a disaggregate approach is followed as recently promoted by
Stipdonk et al [19]. Exposure is hereby disaggregated on the individual level while casualty rate
is disaggregated on the level of subpopulations (by gender, age and traffic mode). Stipdonk et al
[19] consider two indications to decide on stratifications: (1) crash groups with different
developments of the crash rates over time and (2) crash groups with different crash rates,
combined with different development of the mobility between different crash groups over time.
The results show, consistent with [2], that both casualty rate, risk evolution and mobility
development show important differences between the subgroups. The disaggregate approach
therefore proves to be useful.

Two conditions have to be met however: (1) stratified mobility data have to be available
and also (2) a sufficient number of crash data. The first condition is fulfilled by combining
population data with travel survey data. Because the travel surveys give too little information on
less used travel modes such as motorized two-wheelers and public transportation, our study was
limited to four modes: car driver, car passenger, cyclist and pedestrian. Stipdonk et al [19]
suggest in this respect to project the total number of casualties for the other traffic modes. On the
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second condition they state that even when stratification results in small numbers with high
variance, it will still enable an improvement of the prognosis.

5.2 Results

The total number of traffic casualties is expected to decrease with 57% in 2020 compared
to 2001. The number of traffic casualties aged 65 or older however will only decrease with 29%
in that period. When risk is held constant, an increase of the total number of casualties with 8%
respectively 34% is found. Other authors [33,34] predicted the number of older casualties
assuming a constant risk (per licensed driver or per kilometer traveled). Lyman et al [33] found
for all ages an increase of the number of drivers involved in police reported crashes with 34%
and with 39% for fatal crashes between 1999 and 2030. For drivers aged 65 or older the increase
is estimated at 178% respectively 155%. Their prognosis compares with the increase we found
for the exposure as a car driver for these age groups, ranging from an increase between 52% for
men aged 65-74 and 275 for women aged 75 or older. Burkhardt & McGavock [34] found the
number of older casualties to triple over a period of 30-40 years, again assuming constant risk.
The increase was assumed to follow the increased exposure because of the increasing number of
license holders, increased number of trips and increased trip length and was estimated to grow
with 465% for drivers aged 65 or older, which is significantly higher than the increase in
exposure we found.

Although these general figures are useful for road safety policy, our approach offers other
possibilities to improve road safety policy. The decomposition of the number of casualties into
population, travel behavior and risk enables to measure the relative contribution of each
component to the casualty rate. We find e.g. that changes in exposure are largely dictated by
changes in demographics. Nevertheless other evolutions will influence exposure and therefore
the number of casualties. Changes in work status and drivers’ license ownership contribute €.g.
significantly to changes in exposure for older persons. This particularly is the case for older
women. It clearly shows that measures in other policy domains will also influence road safety
and that projections of the number of casualties should not be based only on population numbers.
From the results we also learn that the number of casualties will only decrease when measures
are taken that continue to reduce the accident risk. When risk stagnates and only socio-
demographic changes are included, the number of casualties will in fact increase.

The results of this study confirm the existence of considerable differences in exposure
and risk between the different population groups as found in other studies (e.g. [19]). Because
differences in risk exist between different groups, changes in the composition and characteristics
of the population will reflect in general risk, even when risk for all subgroups is held constant.
The number of casualties may therefore be influenced by systemic changes [35] and is not only
affected by the introduction of road safety plans.

Because of the different trends in population, exposure and risk, casualty numbers evolve
differently for different groups. Therefore their share in the total traffic casualties will change
and new target groups for road safety policy emerge. Our disaggregate approach is very useful to
bring forward these shifts. Older women will in the future become one of the most sizeable
groups in road safety policy. Specific measures to tackle this problem will be required since their
problems differ from those experienced by younger road users that form the main target for
policy at present.
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