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Abstract 

This study presents a model that explains the traffic fatality by exploring the Poisson 

regression model using two types of explanatory variables – referred to as internal and 

external factors. Internal factors contain variables closely linked to traffic safety, such as 

speed limits and belt usage (Strandroth et al., 2012), whereas external factors comprise a set 

of variables that the Swedish Transport Administration cannot control, such as the economy 

and demographic change (Wiklund et al., 2012). The purpose of the study is to evaluate the 

impact that internal and external factors have on the traffic fatality. This is done by modeling 

the traffic fatality using internal factors and then assessing the contribution of adding external 

factors in the regression model with a forward variable selection strategy.  

This study uses Swedish traffic fatality data as monthly statistics. The main characteristics of 

the data are that fatalities have generally decreased with time. Also, the data is characterized 

by a long term cyclical pattern as well as a yearly cyclical pattern.  

For the purpose of modeling the impact of internal factors, a model inspired by Brüde (1995) 

has been adopted, using the variable time as the only explanatory variable. It is concluded that 

internal factors can be used to significantly explain the general trend of the development of 

traffic fatalities. 

The variables chosen to represent external factors were economic development, traffic 

exposure, demographic development and seasonal trend. The study concludes that the 

variables economic development, traffic exposure and demographic development significantly 

contribute to explain the long term cyclical trends, indicating that traffic fatality is a complex 

multivariate system where no single variable can solely explain its dynamics. The external 

factor seasonal trend has the most impact of the examined external factors and explains the 

yearly cyclical pattern by itself. 

The model presented in this study shows high explanatory power and overall good fit to 

fatality data, making it a promising tool for statistical analysis of factors contributing to 

fatality. Especially for the Swedish Transport Administration, the impact of external factors 

can be evaluated statistically. This study leaves room for further research to assess the impact 

of additional external factors as well as evaluating the model’s predictive power, both of 

interest to the Swedish Transport Administration.  

 

Keywords: Applied traffic modeling, Poisson regression, Traffic fatality, Traffic safety  
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Sammanfattning 

Denna studie presenterar en modell som förklarar dödsfall i trafiken genom tillämpning av 

Poissonregression där två typer av förklaringsvariabler använts – interna och externa faktorer. 

Interna faktorer innefattar variabler som är direkt knutna till trafiksäkerhet, såsom 

hastighetsbegränsningar och användande av säkerhetsbälte (Strandroth et al., 2012). Externa 

faktorer är variabler som Trafikverket inte kan kontrollera, såsom landets ekonomi och 

demografiska förändringar (Wiklund et al., 2012). Syftet med denna studie är att evaluera 

påverkan av interna och externa faktorer på dödsfall i vägtrafik. Detta görs genom att 

analysera hur väl interna faktorer förklarar dödsfall i vägtrafik och sedan undersöka 

förbättringen av att införa externa faktorer som förklaringsvariabler genom användande av en 

forward variable selection-strategi.  

Denna studie använder månatlig data över dödsfall i svensk trafik. Dessa data karaktäriseras 

av en nedgående trend. Dynamiken av dödsfall visar på ett långt cykliskt mönster samt ett 

kortare, årligt mönster.  

I syfte att modellera påverkan av interna faktorer har en modell inspirerad av Brüde (1995) 

tillämpats. Denna modell använder enbart variabeln tid som förklaringsvariabel. Studien 

konstaterar att interna faktorer kan användas för att signifikant beskriva en generell trend för 

utvecklingen av dödsfall i vägtrafik. 

Variablerna som har valts att representera externa faktorer är ekonomisk utveckling, 

trafikarbete, demografi samt en säsongstrend. Studien konstaterar att variablerna ekonomisk 

utveckling, trafikarbete och demografi beskriver det långa cykliska mönstret, vilket tyder på 

att dödsfall i vägtrafik är av komplex natur och kan inte beskrivas av en ensam variabel. Den 

externa faktorn säsongstrend förbättrar modellen mest av de externa faktorerna och kan 

ensam förklara det kortsiktiga cykliska mönstret. 

Den modell som presenteras i denna studie har hög förklaringsgrad och en överlag bra 

modellanpassning, vilket gör den till ett lovande verktyg för statistisk analys av faktorer 

bidragande till dödsfall i trafiken. Modellen är av särskilt intresse för Trafikverket då den 

tillåter statistisk utvärdering av externa faktorers påverkan. Denna studie lämnar utrymme för 

framtida forskning att utvärdera påverkan av ytterligare externa faktorer samt att evaluera 

modellens förmåga att prognostisera framtida antal dödsfall i vägtrafik, vilka båda är 

intresseområden för Trafikverket.  

 

Nyckelord: Tillämpad trafikmodellering, Poissonregression, Trafikdödlighet, Trafiksäkerhet  
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1. Introduction 

Background 

The demand for transportation is rapidly increasing in the age of globalization. Mobility is a 

key driver of economic growth, hence expansions within transportation is a necessity. The 

increased importance of transportation does not only demand new standards for efficiency, 

but also for safety precautions (Trafikverket, 2010). As of today, many fatalities and injuries 

are caused by road accidents. Even Sweden, one of the leading nations in road safety research 

(Brüde, 2005), suffers great losses, both in human lives and societal costs. (Trafikverket, 

2012)  

As a result, the multi-national project Vision Zero Initiative is given more attention. The 

Vision Zero is rooted in the Swedish reasoning concerning road traffic safety which states that 

the design of the traffic system should be held responsible for traffic safety, instead of putting 

the burden on the traffic users. The ultimate goal is to have no deaths or serious injuries in 

traffic (VisionZeroInitative, 2010). On the way to reach this, different stretch goals have been 

formulated, where the Swedish Riksdag has set out the goal to halve the traffic fatalities 

between 2007 and 2020 (Trafikverket, 2013), whereas the European Union want to halve the 

deaths within traffic from 2010 to 2020 (EU, 2010). 

In Sweden, the Swedish Transport Administration is the single biggest actor when it comes to 

development and long term planning of infrastructure within road transport (Trafikverket, 

2010). As a Swedish authority, the Swedish Transport Administration is directly responsible 

for meeting the demands on national level, but also demands from the European Union. 

Hence, being able to accurately model fatalities in traffic is of utmost importance.  

Introducing the Problem 

In order to meet the stretch goals formulated by the European Union and the Swedish 

Riksdag, several models have been developed to explain traffic fatalities. As of today, the 

approach is to model how various safety aspects affect the overall road fatality rate (Lindberg 

et al., 2012). This is done by a model referred to as the Qualitative Method (QM), presented 

by Strandroth et al. (2012).  

QM is a method based on logical reasoning and expert knowledge, which evaluates the future 

state of a set of variables in order to predict the number of fatalities. The method uses 

variables called internal factors since they are under the control of the STA or variables 

closely linked to traffic safety, such as speed limits and belt usage (Strandroth et al., 2012).  

However, there are factors beyond the control of the STA that have proven to influence the 

number of fatalities. These factors, known as external factors, are seen as nontransparent and 

therefore treated as random noise in the Quantitative Model (Strandroth et al., 2012). Factors 

such as the economy and change in the demography are all examples of external factors 
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(Wiklund et al., 2012). The impact of external factors is believed to have an impact great 

enough to decide whether or not the stretch goals are reached (Johansson, 2007).  

A major problem is that though it is known that external factors influence the number of 

fatalities, the explicit impact of external factors are unknown (Wiklund et al., 2012). As for 

now, external factors are explained by so-called “philosophical reasoning” and “qualified 

guesses” (Johansson, 2007). Consequently, the currently used model for estimating road 

traffic safety is based on very reliable data, but the conclusions might suffer since potentially 

relevant variables are not be taken into account.  

Model Approach 

In order to evaluate the accuracy of a model taking internal factors into account, this thesis 

models the number of fatalities as a function of internal factors only. The random variable   

denotes the number of fatalities.         ( ) denotes the function of internal factors, where   is 

the set of explanatory variables.  

To evaluate the impact of external factors, the function          ( ) is introduced, which is a 

function representing both internal and external factors.  

By performing a regression on   using          ( ), it is possible to evaluate how well internal 

factors explain traffic fatality. Also, systematic errors when estimating   can be found. By 

performing a regression on    using          ( ) using a forward variable selection strategy, 

the benefit from adding external factors to the regression model is assessed.  

Problem Formulation & Purpose 

If the impact of external factors were to be quantified or if reasonable assumptions could be 

made concerning their magnitude, the Swedish Transport Administration would be able to 

more accurately model the fatalities in traffic and the effect of their safety interventions. Since 

the Swedish Transport Administration is a leading institution in the research field of safety 

measures, contributing to new knowledge could have extensive impact on traffic safety. The 

purpose of the study is to evaluate the impact that internal and external factors have on the 

traffic fatality. 

The thesis will fulfill its purpose by exploring the Poisson regression model and evaluate the 

impact of internal and external factors. Questions that will be answered in order to fulfill the 

purpose are: 

1. How well can internal factors explain fatalities in traffic?  

2. Can external factors help to explain fatalities in traffic?  
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2. Literature Review  

Researchers have tried many different ways of modeling traffic fatality, using various model 

approaches as well as explanatory variables (Wiklund et al., 2011). The spectra from simple 

linear regression to dedicated time series analysis techniques have been applied 

(Commandeur et al., 2013). As of today, there is no consensus of which model that performs 

best or what variables that are required for accurate results. Instead, the choice of model 

approach is often based on traditional reasons or to try out new models with recent success in 

other field of research (Wiklund et al., 2011). Due to national differences in both existing data 

and traffic situation as a whole, the most appropriate method depends on the policy context 

and the data availability (COST329, 2004). The literature review will focus on describing 

different types of models and variables used to model the traffic fatality. This section starts 

off with describing the current model used by STA, which is based on a qualitative approach.  

2.1 The Qualitative Method 

This thesis will use quantitative models only. However, STA is currently using methods of 

more qualitative nature. Therefore, a brief introduction of qualitative ways of analyzing road 

traffic accidents will be presented, focusing on the methods applied on Swedish data.  

In order to evaluate future traffic safety, STA is using a model, which this thesis will refer to 

as the Qualitative Method (QM). Instead of using statistical methods to predict the number of 

future traffic deaths, QM is based on logical reasoning and expert knowledge. The QM has 

aspects of quantitative and qualitative nature; making it qualitative only compared to a purely 

quantitative method. It is presented by Strandroth et al. (2012) and described below.  

The method is carried out in three steps, starting off by making assumptions regarding the 

future state of internal factors, implementations and safety improvements. The set of 

improvements yields an assumed future state of the society. Secondly, a case-by-case-analysis 

of all fatal crashes that occurred during a reference year is performed and it is evaluated if the 

outcome of the crash would still lead to death in the new, future state. Lastly, all crashes that 

are assumed to be fatal are grouped up and referred to as the residual. The residual is then 

analyzed with respect to crash characteristics, vehicle age and crash type etc. in order to 

identify future safety gaps. The model is illustrated in the figure (1). (Strandroth et al., 2012) 

 

Fig. 1: The approach of the Qualitative Method (Strandroth et al., 2012) 
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The QM has been validated by Strandroth (2015) by backtesting the method on historical 

data. It was concluded that the method does not model a precise forecast on the future number 

of fatalities. However, the method does give an overall valid explanation to the number of 

fatalities in combination with the presumed impact of external factors (Strandroth, 2015). 

Furthermore, Strandroth et al. (2012) and Strandroth (2015) point out weaknesses of the QM, 

beginning with the fact that a cause of fatality has to occur in the reference year in order to be 

evaluated in the future state. For example, a reference year without snow will lead to a future 

scenario where no accidents involving snow is evaluated. Also, the method lacks a statistical 

approach; hence no confidence interval of the result can be constructed. (Strandroth, 2015) 

2.2 Quantitative Approaches 

Linear Regression Models 

Linear models have been frequently used in this field of study and are still applied (Wiklund 

et al., 2011). The strength of linear regression models lies within their technical simplicity and 

nice statistical properties (COST329, 2004 ; Wiklund et al., 2012). However, the linear model 

tend to have poor predictive capabilities when testing the models on data from a wider time 

span (Partyka, 1984 ; Partyka, 1991). 

Researchers applying linear regressions have been creative with their choice of variables to 

widen the current knowledge. Joksch (1984) modeled the annual percentage change in 

fatalities as a function of the change in the index of industrial production (Joksch, 1984).  

Partyka (1984) modeled the number of fatalities as a function of several factors linked to 

employment, as well as adding indicator variables, correcting for oil price changes and 

lowered national speed limit.  

However, the simple linear equations have shown to have a limited practical usage since both 

physical and socio-economical phenomena tend to show a non-linear pattern. Therefore, the 

use of mathematical transforms, linearizing the non-linear independent and/or dependent 

variable are frequently used. A common approach is to transform variables with the use of a 

logarithmic function (Wiklund et al., 2011). This approach has been adopted by Peltzman 

(1975) and Zlatoper (1984) where variables such as death per vehicle-mile, income and age of 

drivers are expressed as ratios or relative development. The first study concludes that safety 

regulation has had no effect on the highway death rate, whereas the latter conclude that 

mandated safety regulations do reduce the death toll.(Zlatoper, 1984) 

2.2.3 Generalized Linear Models 

Generalized linear models are a generalization of the ordinary linear regression and have been 

recently favored by many researchers. The first reason for its popularity is that it allows the 

response variable to come from a distribution other than the normal distribution.  

Furthermore, the variance is allowed to depend on the mean, which have proved to be suitable 

the fatality data (Wiklund et al., 2011). 
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When modeling count data, i.e. where the dependent variable is non-negative and integer-

valued, such as numbers of accidents, Poisson regression has been a common approach 

among researchers in recent years (COST329, 2004 ; Wiklund et al., 2011). Earlier, Fridstrøm 

and Ingebrigtsen (1991) built a model based on a Poisson regression where seasonal variables 

such as daylight where included as an explanatory variable. 

Two Swedish researcher who have adopted the theory of Poisson regression into their works 

are Brüde (1995) and Forsman (2008). Brüde’s model makes the assumption that the number 

of fatalities each year follows a Poisson distribution, where the expected number of fatalities 

each year is modeled by a trend represented by a time variable and a traffic exposure variable, 

represented as a trafic mileage index with year 1977 as base (Brüde, 1995). The time factor is 

assumed to account for cumulative effects from improved roads, better drivers etc., which 

could be seen as a representation of the impact of internal factors (Brüde, 1995). 

Forsman (2008) adopts an extension of the standard Poission regression called serial 

correlated error model which allows the model to account for dependence from lagged terms. 

It is concluded that a serial correlation model does improve the fit when modelling the 

number of fatalities. However, this model is so far only a theoretical complement to regular 

Poisson regression since there are no good methods of estimating the parameters (Forsman, 

2008). Also, Forsman (2008) uses a dispersion parameter   to describe the scaling factor 

between the variance and the mean. This was done to correct for possible overdispersion, 

which makes it easier to get significant parameters. However, before any attempts of 

modelling overdispersion, all other possibe reasons for poor model fit have to be evalutaed. 

These reasons include poor choise of variables, outliers in the data or sparse data (Olsson, 

2002). 

2.3 Explanatory Variables 

There is no consensus of which variables to use when describing the dynamics of the fatalities 

in the traffic (Wiklund et al., 2011). One reason might be the different quality and quantity of 

observed data between countries. Some models use an ambitious approach by including 

various parameters such as interest rates and tax rates  (Gaudry and Lassarre, 2000). As a 

counterpart, the number of traffic fatalities in Australia has been modeled with only the 

gasoline sales, being the only significant variable (Pettit et al., 1992). Commonly used 

variables and variables of interest will be presented below.  

Time 

In order to represent a declining trend in the number of fatalities, a measure of time may be 

used as an explanatory variable (Wiklund et al., 2011). Brüde (1995) uses the number of years 

after 1970 as a variable with the intention to represent overall technical development (Brüde, 

1995). Also, researchers point out that the trend of fatalities can be modeled as an exponential 

decreasing function, with time as explanatory variable (Forsman, 2008). However, using time 

as an explanatory variable is not necessary if it is assumed that the other variables explain the 

downward trend (Wilde et al., 1996 ; Partyka, 1984).  



6 

Economic development 

The economic development is seen as an external factor, where a higher number of fatalities 

tend to correlate positively with upward movements in the business cycle (Forsman, 2008). 

However, there is no agreement of optimal variable representation of the economic 

development (Wiklund et al., 2011). The most commonly used measure of economic 

development are related to unemployment where the number of unemployed and the 

unemployment rate are most frequently used (Wiklund et al., 2012). Yet it is not seen as an 

ideal approach. As Wilde et al. (1996) point out, the unemployment rate is sensitive to 

changes in the labour force. In periods of high unemployment rate, young people may be 

willing to invest more in education while older individuals retire, hence lowering the 

unemployment rate. Scenarios like these will be interpreted as a growth in the economy, 

which might be misleading. (Wilde et al., 1996)  

Instead of linking back to individual situations, measures of a more general nature have been 

investigated, involving gross domestic product, consumption per capita, bank rates etc 

(Wiklund et al., 2012).  

Motivations of what variable to represent the economic development does often lack 

(Wiklund et al., 2011). However, studies of different representations of the economic 

development have been done, stating that unemployment rate often describes short term 

changes in the number of traffic fatalities whereas broader economic concepts explain 

patterns over a longer period of time (Tay, 2003). Also, researchers have concluded that only 

one variable should represent the economic development due to the fact that strongly 

correlated variables may cause model fitting problems (Forsman, 2008). 

Demographic structure 

The demographic structure is, together with economic development, often mentioned as an 

external factor (Wiklund et al., 2011 ; Wiklund et al., 2012). The demographic changes are 

slow and its impact on fatalities is only apparent over long time horizons, i.e. more than 30 

years (Stipdonk et al., 2013). However, it is stated that the demographic structure is changing, 

where the group of 65 years old and older are growing most rapidly (Brüde, 2005). Also, 

older people are exposed to higher risk, given an accident (Trafikverket, 2012). It is also 

known that young inexperienced car drivers tend to be involved in traffic accidents more 

frequently than experienced car drivers (McCartt et al., 2009). However, young individuals in 

Sweden tend to take drivers license at an older age, declining the population of this risky 

group (Trafikverket, 2012).  

There are different opinions regarding the overall impact on traffic fatality of demographic 

change, where some researchers assert that the old and more easily wounded population is 

compensated by young and risky drivers taking their driver license later (Trafikverket, 2012). 

Other emphasize the usefulness of stratifying the traffic mileage on different age groups 

(Stipdonk et al., 2013). In this study, all individuals are included, divided into four different 

age groups; age 0-14, age 15-24, age 25-64 and 65+ (Stipdonk et al., 2013), whereas Forsman 
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(2008) only included the fraction of men in the age of 15-24 and individuals age 65+ of the 

population in her study.  

Seasonal trends 

Since the traffic environment looks different depending on season, seasonal trends are of 

interest when studying road fatalities. The impact of weather conditions such as snow and icy 

roads have been brought up in recent literature, stating that more accidents occur in the start 

and in the end of the winter season, comparing to midwinter season (Bergström, 2003). Also, 

conditions such as darkness have been evaluated, indicating that the relative death rate is 

higher when driving in darkness than in day light (Johansson, 2007). However, the recent 

literature does not bring up any general models for including seasonal trends, such as a 

cyclical term. The reason might be lack of monthly data or inability to convert the information 

from a seasonal trend into a useful interpretation. The reason is explained by Johansson 

(2007), stating that variables covary and it is hard to evaluate possible underlying variables. 

As an example, it is hard to know whether a fatality occurred due to darkness, tiredness or 

speeding and the same issue can be seen for seasons, where it might be hard to pin point the 

underlying variables of summer (Johansson, 2007).  

Traffic exposure 

When modeling road fatalities, variables that represent different aspects of the traffic 

exposure are included. Often, traffic mileage is the choice (Wiklund et al., 2011). Different 

measures of traffic exposure have been used depending on the purpose of the study. In order 

to measure the overall impact of traffic exposure, a traffic index showing percentage increase 

of traffic mileage relative a fixed year have been implemented in regressions (Brüde, 1995). 

Researchers have also focused on specific segments on the traffic mileage. With the aim of 

investigating the role of demography, the traffic mileage for individuals between 15 and 24 

years have been segmented (Wiklund et al., 2011). Also, the fraction of heavy vehicles has 

been tested as a predictor to the number of fatalities, suggesting that the amount of heavy 

vehicles in the traffic represent the business cycle and is positively correlated with the number 

of fatalities (Wiklund et al., 2011).  

Travelling speed 

The variable travelling speed has been given attention in the literature since it is seen as an 

important variable, partially due to current development of the traffic safety. As vehicle safety 

continue to reduce fatal crashes due to driver errors, violation such as extensive speeding will 

form an increasingly large share of the severe crashers  (Strandroth et al., 2012). Researcher 

have pointed out a strong empirical relationship between travelling speed and road safety, 

where a change in travelling speed gives the same effect in the power of four on fatal 

accidents (Elvik et al., 2004). However, data of average travelling speed is lacking, making it 

hard to quantify the impact of travelling speed.  
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3. Model Theory 

This section will give a detailed description of the mathematical concepts used in this study. 

The concepts and the notations used in this study follow Dobson (2002).  

3.1 General Linear Models 

Introducing the general linear model 

General linear models aim to describe the random variables  Yi, i=1,2,…,k as a linear function 

of independent variables   ,            , where     . This can be written as 

                  (   )    ,    ( ) 

where    is a random error term for observation i, accounting for a non-perfect relationship.  

In matrix form, a general linear model is written as 

      ,             ( ) 

where 

  [

  

  

 
  

] ,   , containing random response variable. 

  [

 
 
 
 

   
   

 
   

   (   )

 
  

  (   )

],    , containing the values of the independent variables. 

  [

  

  

 
    

] ,    , containing the intercept as well as the parameters. 

  [

  

  

 
  

] ,    , random vector containing the error terms.  

General and linear models 

In the simple case of ( ), all terms are linear. Therefore, it is a standard linear model. 

However, general linear models do include models with nonlinearity in the variables, such 

as   . Computing cases like these are straight forward after finding a variable transformation 

function    ( ) that can substitute the nonlinear term. As an example, the equation 
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 ,   

can be written as 

        , 

where   ( )     

General linear regression 

A regression on a general linear model aims to estimate values of vector   in order to create 

one single function that can represent the dependent variable as a function of an intercept plus 

the independent variables. How to decide the parameters depends on the estimation method. 

However, the method of least squares is the most common one when dealing with general 

linear models.  

Assumptions of the general linear models 

The assumptions of general linear models are listed below 

1. Linearity, meaning that the dependent variable has a linear relation to the independent 

variables 

2. The residuals are independent of each other 

3. Normality of the residuals, meaning that the error terms and prediction errors come 

from a normal distribution 

4. Homoscedasticity, meaning that the residuals have constant variance, independent of 

          

3.2 Generalized linear models 

Modeling an expected value as a linear combination of a set of independent variables is in 

many cases possible, making general linear models a useful tool. However, linear relations 

might be inappropriate when the dependent variable is restricted to binary or counting 

numbers. Also, assuming normality of residuals might not be ideal when describing real 

world phenomena. Furthermore, homoscedasticity is sometimes an impossible assumption to 

make, for example when the variance tends to depend on the mean. Hence, the assumptions of 

linearity, normality and homoscedasticity limit the application range of the general linear 

models. The generalized linear model, GLM, extends the general linear models to address 

these issues.  
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The fundamentals of the GLM 

In order to understand the GLM, its components will be explained piece by piece. First, recall 

the general linear model 

      , 

where   is a vector of random independent variables   ,          .  

Denote  

    ,       ( ) 

as the linear predictor of the model. Now, instead of modeling   as the dependent variable, 

the expected value        is modeled as the dependent variable as some function  ( ) of 

the linear predictor: 

 ( )            ( ) 

The function  ( ) is called the link function and is a smooth and invertible function, providing 

the linearizing transformation between the independent variables and the expected value of 

the dependent variable. By inverting the link function, we obtain 

     (  )      ( ) 

Also, a suitable link function should, besides from providing a linearization of the expected 

value     , take away any boundaries and restrictions of     , making it possible for the 

linear predictor to address any value on the real line. For example, an appropriate link 

function for probability data where          would map values from        (     ). 

Assumptions of the GLM 

Using a GLM, assumptions made are far less confining compared to the general linear model. 

Recall the assumptions of the general linear models: 

1. Linearity, meaning that the dependent variable has a linear relation to the independent 

variables 

2. The residuals are independent of each other 

3. Normality of the residuals, meaning that the error terms and prediction errors come 

from a normal distribution 

4. Homoscedasticity, meaning that the residuals have constant variance, independent of 

          

Assumption 1 is eliminated by recalling the basics of a GLM. Instead, the expected value of 

the response variable is modeled as a function of the linear predictor, which assumes a correct 

specification of the link function.  

GLM assumes the residuals to be independent of each other, making assumption 2 still valid.  



11 

Using the GLM approach, assumption 3 is relaxed. The residuals and the response variable 

are not restricted to be normal.  

Following the relaxation of assumption 3, assumption 4 can be eliminated. By letting the 

residuals belong to a distribution other than normal, the variance may depend on the mean, 

making an assumption of homoscedasticity invalid.  

3.3 Poisson Regression 

Introducing the Poisson Regression 

When facing a problem where the outcome of a random variable   can take count values 

only, it makes sense to assume that the distribution of   only considers count data. One 

distribution that fulfills this criterion and comes from the family of exponential distributions 

is the Poisson distribution.   

Let   be a random variable and let   ,           be its outcomes. The variable Y is said to 

follow Poisson distribution with parameter     if the probability function is given by 

 (   )  
     

  
,      ( ) 

where         is the number of occurrences of an event and        by definition.  

A useful property of the Poisson distribution is that the variance depends on the mean, where 

the variance is equal to the mean. 

The link function 

The response variable   does only take count values. In order to consider the Poisson 

regression as a GLM, we have to find a function  ( ) that restricts   to be positive and allows 

the linear predictor to be any value of the real line. A natural choice of link function for the 

Poisson regression would therefore be the log-link, which takes a counting number as input 

and transform it into a value on the real line. 

 ( )     ( )          ( ) 

By inverting the link function, we obtain 

                          ( ) 

3.4 Maximum Likelihood 

There are several ways of estimating the parameters  . However, the standard approach when 

dealing with GLMs is to use the Maximum Likelihood method (ML). The idea behind ML is 

to estimate parameters in such a way that the probability of observing the actual data is 

maximized. This is done by maximizing the likelihood function.   
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Following ( ), the relationship between the expected value of a random variable    and the 

linear predictor can be written as 

       (∑     
   
   ),  ( ) 

where      (  ),           

Then, the likelihood function is calculated as  

 ( )  ∏  (     )  ∏
      

  

   

 
   

 
   ,    (  ) 

where   is a function of   (            ) following from ( )  and    outcome of   . 

The ML-estimates  ̂  ( ̂   ̂     ̂   ) are values of the parameters that maximize the 

likelihood function   ( ). To facilitate the computation, it is often easier to take the logarithm 

of  ( ) and maximize the log-likelihood function,  ( ) 

 ( )   ∑    (   )  ∑      (  )
 
   

 
    ∑   

 
      (  ) 

Parameter estimation – Iterative reweighted least squares 

There are several ways of computing parameter estimations  ̂ ,            . The most 

intuitive way is perhaps to derive the first order derivatives of the log-likelihood function with 

respect to every    and set the equations equal to zero.  

  ( )

   
                   (  ) 

However, construction or solving (  ) is not trivial. Therefore, numerical methods are often 

used. One commonly used procedure is the iterative reweighted least square approach. The 

algorithm is described below. A detailed description can be found in Dobson (2002). 

The approach starts off by linearizing the link function  ( ) by using the first order Taylor 

series approximation 

 ( )   ( )  (   )  ( )        (  ) 

Let  ̂ 
( )

 be the estimate of the linear predictor from iteration   and let   ̂ 
( )

    ( ̂
( )) be 

the corresponding estimated fitted value, derived from the link function    ( ). 

We can now use the Taylor approximation to form 

  
( )

  ̂ 
( )

 (    ̂ 
( )

) (
   

   
)
( )

,     (  ) 

where the derivative is evaluated at  ̂ 
( )

. 
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Now, introduce weights  

  
( )

 
 

   (  )
(

   

   
)
 

      (  ) 

Perform a weighted regression of the dependent variable   on the predictors              

using their corresponding weights. Weights are introduced in order to take the dependence 

between the mean and variance into account, allowing a larger spread between observed and 

fitted value from the regression if the observed value is large.   

Starting with an initial approximation of  ( ), the regression will give new estimates  ̂( ). Use 

the new parameter estimate to reevaluate   and    until the difference between two successive 

approximations  ̂( ) and  ̂(   ) is sufficiently small. Then,  ̂(   ) is taken as the ML 

estimate.  

3.4 Statistical Tests 

Using statistical tests and model diagnostics, one can examine the model fit and the 

underlying assumptions of the GLMs. However, the theory differs somewhat from the general 

linear model. This section will introduce and explain the idea behind the statistical tests and 

diagnostic tools that will be applied in latter sections. Also, concepts that the tests are built 

upon will be explained.  

Pearson Residuals 

Following the assumptions of the general linear model, the residuals   ,           are 

assumed to have the same variance. However, the GLM does not assume homoscedasticity. 

Instead, residual    is allowed to depend on the expected value of   . Due to this, it might not 

be optimal using “raw” residuals as in the case of general linear models. The usage of Person 

residuals is one way to scale the raw residuals, making them more easily comparable. 

The idea behind the Pearson residuals is to standardize the raw residuals with their variance. 

Now, let    denote the outcome of a random variable    and let  ̂  denote the corresponding 

fitted value from a regression model. The Pearson residual is defined as follow 

           
    ̂ 

√   ̂(  )
       (  ) 

Assuming that the observations comes from a Poisson distribution, we get 

           
    ̂ 

√ ̂ 
       (  ) 

The Pearson residuals can be considered to be approximately normally distributed with 

constant variance in large samples given a good model choice.  
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Deviance 

The deviance is a tool for assessing the fit of a GLM and to compare two different models. 

The idea behind the deviance starts off by formulating a null model and a full model. The null 

model is a model that has only one parameter      to represent the expected value of all 

outcomes, whereas the saturated (full) model represents the observed values perfectly,    ̂. 

The deviance is assessing the fit of a model by comparing it to the full model.  

Mathematically, the deviance is a comparison between the log likelihood of the full model 

 (     ) and the log likelihood of the current model  ( ̂    ), where   is a scaling 

parameter. The deviance   is expressed as 

   ( (     )   ( ̂    ))     (  ) 

Using this principle, the deviance can be used to compare the fit of two different models. 

Suppose that a model gives the deviance    on     degrees of freedom and a simpler model 

that gives    on    degrees of freedom. The parameters of model two are a subset of model 

one and it has a larger deviance and higher degrees of freedom due to its relative simple 

nature. Then, the difference in deviance        can be tested to come from a   (     

   ) distribution. If it can be rejected that the difference does belong to the   (        ) 

distribution, then model one has significantly better model fit.  

Lilliefors test 

The Lilliefors test is a goodness-of-fit test of whether sample data comes from a normal 

distribution. Lilliefors is used as a hypothesis test, where the null hypothesis is that the sample 

comes from a normal distribution versus the alternative hypothesis that the sample does not 

come from a normal distribution. The concept of the Lilliefors test is given in (Lilliefors, 

1967). 

The idea behind the Lilliefors test is to compare the maximum discrepancy between the 

empirical distribution function  ( ) and the distribution function of a normal distribution with 

mean and variance equal to the sample mean and the sample variance,  ( ). If the maximum 

discrepancy between the two CDF’s is sufficiently large, the null hypothesis can be rejected. 

The maximum discrepancy between the CDF’s is obtained by computing 

     | ( )   ( )|      (  ) 

If the value   exceeds a critical value, the null hypothesis can be rejected. The empirical 

95%-quantile of   has been obtained by Monte Carlo simulations and is said to be 
     

√ 
 for 

sample sizes     .  
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4. Data Description and Preprocessing 

This section includes a description of all data that is used. Also, the preprocessing of the data 

is described.  

Traffic fatalities 

Data of the number of traffic fatalities are taken from the government agency Transport 

Analysis. The data are collected as monthly statistics over the period January 1970- December 

2013. The traffic fatality data are based on police reports, where fatalities caused by sudden 

diseases have been excluded for the whole time series. The data contain fatalities from all 

road users, including all vehicles and interactions between vehicle-vehicle and vehicle-

pedestrian.  

Economic development 

In this study, the economic development is represented by unemployment rate. Data are based 

on Labouor Force Surveys performed by Statistics Sweden (SCB). 

Using SCBs definitions, the unemployment rate is measured by relative unemployment rate 

(RUR), which is the percentage of unemployed relative to the labour force. The labour force 

is defined as all individuals who are employed or unemployed in the age group 16-64 (SCB, 

2015a). Furthermore, an individual is seen as unemployed if the person is a) without a job, i.e. 

no paid employment or self-employment, but actively seeking work and is able to start 

working within two weeks or b) employed, where the employment start within three months, 

but the person are able to start working already within two weeks.  

     
          

            
      

RUR is collected as monthly data over the period January 1970 to December 2013. Data 

before 1987 have been constructed retrospective due to redefining the concept of labour force 

(SCB, 2015b). 

Traffic exposure 

The traffic exposure is represented by traffic mileage. Data of the traffic millage have been 

taken from Transport Analysis. The traffic millage is measured in total kilometers travelled 

with vehicles per year, calculated by the number of vehicles times distance travelled (Trafa, 

2015). 

The data range from 1970 to 2013 and are given as total kilometer travelled with vehicles per 

year. The data were turned into a traffic mileage index with base of 1 at year 1970. By using 

linear interpolation, pseudo-realistic monthly data were created with the help of Excel. 
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Demography 

Data of the demography in Sweden have been collected from SCB and consist of yearly data 

between the period 1970 to 2013 (SCB, 2015a). The demographic data are represented as the 

number of individuals of a specific age, given in years old. 

Following the literature, the data are divided into age groups 15-24, 25-64 and 65+. The 

groups are normalized by the total population in Sweden in order to get the percentage sizes 

of each group. By using linear interpolation, pseudo-realistic monthly data were created with 

the help of Excel. 

Seasonal trend 

In order to analyze a cyclical pattern in the fatality data, a seasonal trend is added as an 

independent variable. One approach to find a suitable representation of the seasonal trend is to 

fit a sinus curve depending on time to the fatality data. Intuitively, the frequency of the sinus 

curve would be close to 1, corresponding to a yearly reoccurring pattern. Also, the phase of 

the sinus curve would adjust it to match the seasonal pattern.   

A regression of traffic fatalities per month as dependent variable and a sinus curve depending 

on time has been performed, modeled as 

          (      )   ,      (  ) 

where    is the random response variable and   is a random error term.   is time given in 

years from January 1970 to December 2013.          and    are constants.    and    are of 

special interest and represent the frequency and phase of the seasonal trend, respectively.  
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The regression was performed using MATLAB’s built-in function to fit a nonlinear regression 

model – fitnlm. 

 

Fig. 2: Regression model of seasonal trend 

 

The regression gave the fitted model: 

 ̂                    (            )  

In order to describe the seasonal trend in the Poisson regression, the seasonal variable    

includes the estimated frequency and phase: 

      (            )                  (  ) 
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5. Method 

To clarify the reasoning behind each component in the method, it has been divided into two 

sections; “Initial Model” and “Extended Model”. Both parts will be explained thoroughly, 

starting off with the initial model, followed by the extended model.  

Initial Model 

Baseline 

The initial model aims to evaluate the accuracy of a model that only takes internal factors into 

account. Let the random variable   denote the number of fatalities and let         ( ) denote 

the function of internal factors, where   is the set of explanatory variables. By performing a 

regression on   using         ( ), it is possible to evaluate how well internal factors explain 

traffic fatality. Also, systematic errors when estimating the number of fatalities can be found. 

Representation of         ( ) 

        ( ) is modeled as a function of time only inspired by Brüde (1995) 

             ( )         ,     (  ) 

where     and    are parameters and time   is measured in years from January 1970 to 

December 2013.         ( ) is modeled using a Poisson regression following the model 

theory. 

Estimating the parameters 

The estimated parameters   ̂,       are computed using the iterative reweighted least square 

approach presented in the model theory. 

Assessing the   

In order to assess the fit of         ( ), the residuals   between the actual and fitted values are 

examined. Firstly, the raw residuals      are computed 

           ̂ ,      (  ) 

where    is the actual outcome of the random variable    and  ̂  is the corresponding fitted 

value,            . By plotting      against the fitted values, the dependence between the 

mean and variance is evaluated. Recalling from the model theory, the variance is equal to the 

mean for a Poisson distribution. Hence, the residuals should show an increase in variance for 

increased size of fitted values.  

Secondly, the Pearson residuals          are assessed. The Pearson residuals are plotted 

against the fitted values. Recall from the model theory that these residuals can be considered 

to be approximately normally distributed with constant variance in large samples if the model 
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choice is good. Hence, it is expected that the residuals are equally distributed around a mean 

of zero with constant variance when plotted against the fitted values. 

The normality of the Pearson residuals are evaluated by performing a Lilliefors test. If 

normality cannot be rejected, a t-test is performed to determine whether the mean of the 

Pearson residuals is significantly different from zero, hence, testing the model for systematic 

over and underestimation of the number of fatalities. 

Statistical tests of         ( ) 

By studying the residuals of         ( ), information of the model fit is assessed. To further 

assess the fit, statistics from the Poisson regression are used.  

Firstly, t-statistics and p-values are used to evaluate the significance levels of the parameters.  

To ensure that the model         ( ) performs better than a constant, a deviance test is 

performed. Note that         ( ) uses time only as explanatory variable. 

Extended Model 

Baseline 

In this section, the number of fatalities are modeled as a function containing both internal and 

external factors, referred to as          ( ). 

By performing a regression on    using          ( ) the benefit from adding external factors 

to the regression model is assessed. 

Computation of          ( )   

This thesis assumes that the number of fatalities comes from a Poisson distribution. 

Therefore, Poisson regression is used to model monthly fatalities. Recalling from the model 

theory, the GLM models the expected value      of the response variable as a function of the 

linear predictor    ( ). Using the log link function, we get 

         ( )     (∑     
   
   )     (  ) 

Representation of          ( )   

The explanatory variables used in          ( )  are the following: 

    time, given in years  

    relative unemployment rate, given in percent 

    traffic exposure, given as an index of traffic mileage development with base January 1970 

       demographic groups; 15-24, 25-64 and 65+ years of age, given in percent of the 

               population 
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    seasonal trend.    is a variable transformation of t,       (      ), where    and     

      are estimated according to the data section. 

Estimating the parameters 

The estimated parameters   ̂,          are computed using the iterative reweighted least 

square approach presented in the model theory. 

Forward variable selection approach 

In order to evaluate the impact of each independent variable, multiple Poisson regressions are 

run using a forward variable selection approach, adding one or more variables at the time. The 

different models are compared with a deviance test to test the significance on whether adding 

a variable improves the fit.  

The explicit regression parameters that are included in each test are listed in table ( ) below. 

Table 1: Denotation and description of the compared regression models 

Note that regression   corresponds to         ( ) and that regression   corresponds to 

         ( ).  

Assessing the fit of          ( ) 

To assess the fit of the model, a series of tests are performed. Firstly, the regression 

coefficients are assessed by evaluating the standard statistics from the Poisson regression, 

including t-statistics and p-value. To assess the logic of the regression’s results, the 

coefficients’ correlations are examined.  

The model choice is evaluated by analyzing the residuals. The raw residuals are plotted 

against the fitted values to evaluate dependence between the mean and the variance of the 

model. Following from the model theory, the variance is equal to the mean for a Poisson 

distribution. Hence, the residuals should show an increase in variance for increased size of 

fitted values. Also, the Pearson residuals are plotted against the fitted values. Recalling from 

the model theory, the Pearson residuals can be considered to be normally distributed with 

constant variance in large samples if the model holds. Hence, if the model choice is good, it is 

expected that plotting the Pearson residuals against the fitted values yield a plot where the 

Regression Added Coefficient Corresponding Variable 

           

                                

                     

           
                    

Age 15-24, 25-64 and 65+ 
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residuals are equally distributed around a mean of zero. The normality of the Pearson 

residuals are further assessed by performing a Lilliefors test.   
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6. Results 

Historical development of traffic fatalities 

To get a clear picture of the dependent variable, the number of monthly fatalities is plotted.  

 

Fig. 3: Monthly fatalities in traffic, 1970-2013 

By looking at the plot, several characteristics are noticed. Firstly, the number of fatalities 

seems to decrease with time; there are fewer fatalities per month in the recent years than 

before.  

Secondly, the variance of the number of fatalities is greater in times when many fatalities 

occur, meaning that the fluctuations are big in times when many people die in the traffic.  

Thirdly, there is a periodic short-term cyclical pattern, where the number of fatalities seems to 

be systematically higher during the summer months.  

Lastly, a long-term pattern can be observed. The long term pattern is not as systematic as the 

short term, which consequently shows a similar pattern every year. The period of the long-

term pattern vary. However, the plot indicates a clear periodic behavior of the long-term 

pattern.   
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Initial Model 

Poisson regression using internal factors  

In order to estimate the impact of internal factors, a Poisson regression model with monthly 

fatalities as dependent variable and time as dependent variable was fit.  

 

Fig. 4: Regression model of         ( ) with data of monthly fatalities 1970-2013 

The estimated parameters in the Poisson regression         ( )          can be seen in table 

( ). 

 Coefficient Standard Error t-Statistics p-Value 

                                    
                                    

Table 2: Statistics from the regression of         ( ) 

Assessing the model fit of         ( ) 

Several tests were done to assess the model fit. Firstly, a deviance test where         ( ) was 

compared to a model where monthly fatalities are modeled by a constant factor was done in 

order to evaluate the relevance of adding the variable time.  
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 Deviance Degrees of freedom 

                       
        ( )        526 

    

Diff. degrees of freedom    

Diff. Deviance         

95% quantile of    with 1 dof       

Table 3: Deviance test between         ( ) and a constant model 

Since the difference in deviance is larger than the     quantile of a   -distribution with 1 

degree of freedom,         ( ) has a significantly better fit than          .  

The residuals of         ( ) were assessed to evaluate the model choice. The raw residuals of 

        ( ) were plotted against the fitted values as shown in figure ( )  

 

Fig. 5: Raw residuals of         ( ) versus the fitted values of the regression model 

The plot gives rise to believe that the variance of the raw residuals is increasing with the size 

of the fitted value. 
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Next, the Pearson residuals of         ( ) were compared to the fitted values of the model to 

assess the model choice. 

 

Fig. 6: Pearson residuals of         ( ) versus the fitted values of the regression model 

Figure ( ) shows that the Person residuals of         ( ) seem to have a mean of zero with 

constant variance.  

To test the Pearson residuals for normality, a Lilliefors test was performed. It was determined 

that it could not be rejected that the Pearson residuals were from a normal distribution on a 

5% significance level.  

Hypothesis Test Lilliefors 

Onto Pearson Residuals of         ( ) 

  

   
Pearson residuals come from 

normal distribution 

   
Pearson residuals do not come 

from normal distribution 

  

p-Value 0.3510 

  

Result Not rejected 

Table. 4: Lilliefors test on the Pearson residuals of         ( ) 

Since it could not be rejected that the Pearson residuals were from a normal distribution, a t-

test was performed to investigate whether the Pearson residuals had a mean significantly 
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different from zero, i.e. if         ( ) over or underestimate the number of fatalities. It could 

not be rejected that the mean of the Pearson residuals was zero on a 5% significance level. 

Hypothesis Test t-test 

Onto Pearson Residuals of         ( ) 

  

   Pearson residuals have mean     

   Pearson residuals have mean    

  

p-Value 0.9607 

  

Result Not rejected 

Table. 5: t-test on the Pearson residuals of         ( ) 

Extended Model 

Forward variable selection 

In order to evaluate the impact that each of the regression parameter, several Poisson 

regressions are run using forward variable selection, where one or more parameters are added 

at the time. Each explanatory variable was evaluated by assessing the model fit after adding 

the variable. The model fit was evaluated with a deviance test.  

Recall the regressions from table ( ). Note that each new regression contains all the 

previously added variables. 

Table 1: Denotation and description of the compared regression models 

Recall that regression   corresponds to         ( ), which was evaluated in the previous 

section. In this section the results of regression 2-5 will be presented. 

 

 

Regression Added Coefficient Corresponding Variable 

           

                                

                     

           
                    

Age 15-24, 25-64 and 65+ 
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Regression 2 

 

Fig. 7: Fitted values of regression   and monthly fatalities 

Visually, adding relative unemployment rate as an independent variable seem to improve the 

fit. To test this, a deviance test between         ( ) and regression   was performed.  

 Deviance Degrees of freedom 

        ( )              
                    525 

    

Diff. degrees of freedom    

Diff. Deviance       

95% quantile of    with 1 dof       

Table 6: Deviance test between and         ( ) and              

It is very unlikely that the difference in deviance comes from a   -distribution with 1 degree 

of freedom. Hence, adding relative unemployment rate improves the fit. 
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Regression 3 

 

Fig. 8: Fitted values of regression   and monthly fatalities 

Adding traffic exposure as an independent variable seems to give a better fit when inspecting 

figure ( ). A deviance test between regression   and regression   is performed to test this.  

 Deviance Degrees of freedom 

                         
                    524 

    

Diff. degrees of freedom    

Diff. Deviance       

95% quantile of    with 1 dof       

Table 7: Deviance test between regression   and regression   

The deviance test shows that adding a variable that takes traffic exposure into account 

improves the fit when modeling monthly fatalities.  
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Regression 4 

 

Fig. 9: Fitted values of regression   and monthly fatalities 

Visually, it is hard to tell whether the fit is improved by adding the three demographic factors 

corresponding to fractions of population of age 15-24, 25-64 and 65+. This was tested with a 

deviance test between regression   and regression  . 

 Deviance Degrees of freedom 

                        
                    521 

    

Diff. degrees of freedom    

Diff. Deviance       

95% quantile of    with 3 dof       

Table 8: Deviance test between regression   and regression   

Since the difference in deviance between the two regressions is larger than the     quantile 

of a   -distribution with 3 degrees of freedom, regression   has a significantly better fit than 

regression  . Hence, adding the demographic factors improve the model fit.  
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Regression 5,          ( ) 

Lastly, the seasonal factor is added to the regression model, yielding          ( ). 

 

Fig. 10: Fitted values from the Poisson regression of          ( ) and monthly fatalities 

Adding the seasonal factor clearly improves the fit. This is also tested with a deviance test.  

 Deviance Degrees of freedom 

                        
         ( )        520 

    

Diff. degrees of freedom    

Diff. Deviance        

95% quantile of    with 1 dof       

Table 9: Deviance test between regression   and          ( ) 

The deviance test shows that adding the periodic factor improves the fit significantly.  
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Also, the correlations between the independent variables in          ( ) were assessed.  

                      

           

                

                    

                        

                         1   

                              1  

                                        

Table 10: Correlation matrix of coefficients from the Poisson regression of          ( ) 

It is noticed that correlations with time is generally high, especially between time and traffic 

exposure.  Also, correlations between the demographic variables are high, where the 

correlation between age group 25-64 and age group 65+ are the highest.  

Statistics of the parameter estimations of          ( ) is presented in table (  ) below 

 Coefficient Standard Error t-Statistics p-Value 

                     0.732 

                               
                              
                            
                             
                           
                             
                               

Table 11: Statistics from the regression of          ( ) 

Table (  ) summarizes the results from all of the regressions, stating the estimated 

parameters and their significance.  

                      

                    

                          

                                

                                                  

                                                         
 

  = significant on 5% level  

Table 12: Regression coefficients and significance for the regressions 

Table (  ) shows that all the regression parameters except    and   , corresponding to 

demographic age groups 15-24 and 65+, are significant on a 5% level.  
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Assessing the model fit of          ( ) 

The residuals of          ( ) were investigated to assess the model choice. Firstly, the raw 

residuals of          ( ) were plotted against the fitted values.  

 

 

Fig. 11: Raw residuals of          ( ) versus the fitted values of the regression model 

Figure (  ) shows that the variance of the residuals seem to increase with increased size of 

fitted value. 
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To further test the model choice, the Pearson residuals of          ( ) were plotted against 

the fitted values. 

 

Fig. 12: Pearson residuals of          ( ) versus the fitted values 

The Pearson residuals of          ( ) seem to be distributed around a mean of zero with 

equal spread for all sizes of fitted values. The Pearson residuals were tested for normality with 

a Lilliefors test. It was determined that it cannot be rejected that the Pearson residuals are 

from a normal distribution on a 5% significance level.  

Hypothesis Test Lilliefors 

Onto Pearson Residuals of          ( ) 

  

   
Pearson residuals come from 

normal distribution 

   
Pearson residuals do not come 

from normal distribution 

  

p-Value 0.3716 

  

Result Not rejected 

Table. 13: Lilliefors test on the Pearson residuals of          ( ) 
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7. Discussion 

Suitability of Poisson regression 

To be able to draw any conclusions regarding the regression models established in this study, 

the underlying model choice has to be validated. This has been done by performing residual 

tests on both the initial and the extended model presented in the result. 

The result shows that the variance of the raw residuals increase with the size of the fitted 

values. Recalling the model theory, the variance is related to the mean in a Poisson 

distribution. Hence, the behaviour of the raw residuals is what to expect given a good fit of 

the Poisson model. 

Following the model theory, the Pearson residuals are approximately normally distributed in 

large samples if the model fit were to be good. The results show that it cannot be rejected that 

the Pearson residuals come from the family of normal distributions.  

None of the performed tests indicate a poor model fit. It is therefore argued that the result of 

this study is valid and that the result is of sufficient quality to draw conclusions from.  

Logic behind the impact of explanatory variables 

Before discussing the impact of the external factors, the logic behind the variables’ impact 

and their signs are commented. The results discussed are compiled in table ( ), presenting the 

significances on the estimated parameters.  

Firstly, the variable time has a significant impact, where the number of fatalities decreases as 

time goes. This is aligned with the literature, saying that time can represent the decreasing 

trend in the number of fatalities due to improved technology and traffic safety etc. (Wiklund 

et al., 2011 ; Forsman, 2008). 

The economic development is represented by the variable relative unemployment rate. This 

variable is significant and has a negative parameter, meaning that the number of fatalities 

decrease in times of high unemployment rate and vice versa. This is in fully agreement with 

the literature, stating that the number of fatalities tend to correlate positively with the 

movements in the business cycle (Forsman, 2008). Note that a high unemployment rate is 

assumed to represent downward movements in the business cycle and a low unemployment 

rate corresponds to upward movements in the business cycle, which is causing the sign of the 

parameter to switch to minus.  

The variable traffic exposure is significant and has a positive parameter, meaning that the 

number of fatalities increase with the increase of the mileage. This is a logical since it is 

intuitive that more accidents occur when cars are used more. Also, this is in line with earlier 

studies, which have reached the same result (Brüde, 1995 ; Wiklund et al., 2012).  

The only demographic variable that is significant is age group 25-64. Its parameter is positive, 

meaning that a bigger relative size of the age group 25-64 results in a higher number of 
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fatalities. Interestingly, the research of the impact of demographic changes has focused on 

young and old drivers, where Forsman (2008) even ignores the age group 25-64. Also, the 

litterature point out that younger inexperianced car drivers are involved in unproportional 

many accidents (McCartt et al., 2009) and that older people are exposed to higher risk, given 

an accident (Trafikverket, 2012). However, none of these variables shows a significant result. 

One possible explanation for this result can be linked to the choice of measure of 

demographic change. This study has used relative sized of the age groups compared to the 

whole population which creates dependencies between the demographic variables; if one 

variable increase, the others decrease. The non-significant variables can also be a 

consequence of a too short time series. As (Stipdonk et al., 2013) point out, demographic 

changes are slow and its impact on fatalities are only apparent over long time horizons. 

Furthermore, another alternative explanation to the result is that since the age group 25-64 

contains the majority of all drivers, an increase of this group leads to significantly more 

fatalities, even though this group is not considered as risky as the others.  

Lastly, the sinus curve representing the seasonal trend is significant, suggesting that more 

fatalities occur in the summer months than in the winter months. The period of the sinus curve 

is almost identical to one year, indicating that the seasonal trend does indeed depend on the 

seasons. This result can have many plausible explanations, where an increase of alcohol 

related fatalities and late night driving during the summer can be two of them. However, due 

to lack of research within this specific area and issues with identifying underlying reasons 

(Johansson, 2007), it is not trivial to conclude a single explanation.  

Internal factors catches general trend 

In the section “Initial Model”, monthly fatalities are modeled as a function of time, which 

aims to represent the impact of internal factors. This is justified by studies stating that a time 

factor can be assumed to account for the cumulative effects of overall technical development 

(Brüde, 1995 ; Wiklund et al., 2011 ; Forsman, 2008). The optimal representation of internal 

factors, from the viewpoint of STA, would be the explicit values from the QM. However, this 

data set is too small as of yet. Hence, the initial model used in this thesis was preferred.  

By looking at the deviance in table ( ) and the regression on figure ( ), the result shows that 

the variable time has a significant impact. More specifically, the variable time catches the 

general trend of the development of fatalities. This is in line with Wiklund et al. (2011), 

stating that a measure of time is a suitable choice when representing the trend of the number 

of fatalities. Also, it is aligned with the research of Forsman (2008), who concludes that the 

trend of fatalities can be modeled as an exponentially decreasing function. However, the 

correlation matrix presented in table (  ) does point out that many explanatory variables are 

correlated with time, which strengthen the position of Wilde et al. (1996) and Partyka (1984), 

stating that time is not a necessary variable to include if it is assumed that other variables can 

explain the downward trend.  

The initial model does, however, not explain the cyclical trends or the change in variance. 

This is due to the variable choice, where the variable time has a constant growth and cannot 

take fluctuations and cyclical trends into account. It makes sense that the impact of internal 
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factors has a smooth impact on fatalities due to the fact that safety interventions and technical 

development take time to implement. For example, all roads do not get improved at the same 

time and all car drivers do not buy a new car every time a safer car is developed. However, 

letting the impact of internal factors represent a general trend is not optimal since 

technological change comes in waves, which should create a pattern that differs from an 

exponential decrease.  

No systematic error from         ( ) 

In order to answer how well internal factors can explain the fatalities in traffic, it has been 

tested if         ( ) systematically over or underestimates the number of fatalities. This has 

been done in the section “Initial Model” by performing statistical tests on the residuals. When 

letting a Poisson regression with time as the only explanatory variable represent the initial 

model, no systematical over or underestimation could be found. 

This result is expected considering the representation of         ( ). The parameters of 

        ( ) is estimated using the fatality data, spreading the residuals evenly on both sides of 

the fitted values, which reduces the probability of observing a systematical estimation error.  

Even though the results from this study do not conclude a systematical estimation error, the 

method of how to analyze the residuals is valuable. The research within the field of traffic 

safety can perform similar test for other methods, such as the QM, with the same approach.  

Improved model fit when adding external factors 

The section “Extended model” aims to evaluate the importance of external factors. Hence, it 

is a necessary section in order to be able to fulfill the purpose of evaluating the impact of 

internal and external factors. More specifically, it aims to answer the research question “can 

external factors help to explain fatalities in traffic?”  

The deviance tests, presented in tables ( )-( ), and the plotted regressions, shown in figures 

( )-(  ), conclude that the model fit improves for every additional type of external factor 

added in the model. By adding external factors, the general characteristics of the development 

of fatalities are better explained. This includes fluctuations, the short term cyclical pattern and 

the long term cyclical pattern. After adding the external factors one by one, the following 

result can be seen: the gathered information from external factors explain the long term 

cyclical pattern and that the seasonal trend explains the short term cyclical pattern.   

The external factors “economic development”, “traffic exposure” and “demographic 

development” do all contribute to explain the long term cyclical pattern. Tay (2003) suggests 

that broader economic concepts explain pattern over a longer period of time. Although this 

study does not contradict the findings of Tay (2003), it suggest something else, namely that 

traffic fatalities is a complex system where no variable solely can explain its development. 

The short term cyclical pattern is almost solely described by the seasonal trend, which the 

great decrease of deviance when adding a seasonal trend, shown in table ( ), indicates. Tay 

(2003) states that unemployment rate is often used to describes short term changes in the 
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number of traffic fatalities. Interestingly, this study suggests that a seasonal term is relevant 

when describing short term changes in traffic fatalities. Due to the great improvement of the 

model fit when adding a seasonal component, this study suggests the usage of a seasonal 

varying component when modeling the number of fatalities. However, since the seasonal 

component has a period of one year, the seasonal component will only be useful in cases 

where data contains multiple observations per year. Furthermore, the literature points out that 

the usage of a seasonal trend is not a common approach since it is hard to extract the 

underlying variables of the seasonal trend (Johansson, 2007). Therefore, the lack of 

interpretation of the seasonal component makes the usefulness of the result limited, even 

though the highly significant result.  
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8. Limitations  

No optimal representation of internal factors 

Modeling         ( ) with time as only explanatory variable is a simple and useful approach. 

In this way, the requirement of quality data is minimized. Also, the literature justifies time as 

a representation of internal factors since the traffic safety increase with time due to technical 

development etc. However, this does not mean that the variable time describes the impact of 

internal factors perfectly. Assuming that one single variable can explain a complex real world 

problem is naïve. Furthermore, the usage of a simple model does also limit the in depth 

analysis of internal factors, which is one of the greatest advantages of a model with qualitative 

features, such as the QM.  

Lack of data 

The explanatory variables included in the models have been brought up in previous research. 

However, there are other variables with presumed impact that have not been assessed. For 

example, the literature review points out the impact of travelling speed as an explanatory 

variable for traffic fatalities. Due to lack of data, this variable has not been included. 

Furthermore, there might be other variables, not yet mentioned in the literature, that have 

significant impact on the fatalities.  

Reliability issues with data 

Besides the issue of not being able to include all relevant variables, there are issues 

concerning the current variables added in the models. Firstly, the quality of data varies, which 

makes the reliability of some variables suffer. As an example, the traffic mileage has been 

interpolated in order to get monthly data, which creates dependencies to the variable time. 

Also, other variables such as the demographic variables have inherent dependencies when 

measuring their relative sizes of the population, which might affect the significances of some 

of the variables.   
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9. Further Research 

This thesis presents a method to model the number of fatalities in traffic with the usage of 

internal and external factors. In order to further develop the model presented in this study, 

three areas of improvement are identified: extracting more observation of the QM, 

introducing more variables to the regressions and assessing the predictive power of the model.   

Firstly, extracting more observed values of the QM is a natural to proceed with this research. 

This would be of relevance to test the currently used model.  

Secondly, it is of importance to introduce other variables to the regression. The literature 

brings up travelling speed as a relevant variable. Unfortunately, data is lacking. Also, 

introducing possible underlying variables to the seasonal trend are of relevance in order to 

clarify its significant components.   

Lastly, evaluating the models predictive capabilities is of interest in order to expand the 

application of the presented model. Predicting the future number of fatalities is of great 

importance to the STA since it facilitates work within the field of traffic safety. Therefore, 

verifying predictive power of the model presented in this study is needed to evaluate its full 

potential. 
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10. Conclusion 

This study presents a method to model the number of fatalities in traffic with the usage of 

internal and external factors. The focus of the study is to evaluate how well internal factors 

explain fatalities in traffic and analyzing the contribution of adding external factors to the 

model.  

A purely quantitative approach has been applied to model the number of fatalities using 

Poisson regression. The model has high explanatory power and overall good fit to fatality 

data. The result is promising and of interest for the Swedish Transport Administration since 

the model provides a tool for statistical analysis of factors contributing to fatality in traffic.  

It is concluded that internal factors are able to explain the general trend of the development of 

traffic fatalities, whereas external factors improves the overall fit of the model by accounting 

for short term and long term cyclical patterns. Particularly, this result contributes to 

understanding the impact of external factors, an area of special interest for the Swedish 

Transport Administration.  

Furthermore, the model presented in this study is only an initial attempt to statistically 

analyze the impact of factors contributing to traffic fatality. The model allows for expansion 

to examine other factors than the ones used in this study. Hence, the model provides a 

gateway to further increase the understanding of traffic fatalities. Also, the model can be 

applied as a tool for prediction, a very important field of application for the Swedish 

Transport Administration. The predictive power of the model is not yet evaluated, which 

leaves room for further research. 
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