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Abstract 

Vehicle ownership model is an important tool in finding tax strategies as well as reducing the 

pollution effects based on the forecast results from the model. However, the limitations and 

shortcomings of the existing vehicle ownership models lead to the low quality forecast in 

some aspects. 

 

Therefore, the thesis surveys the vehicle ownership models as well as vehicle fleet models. 

The research is mainly about the car ownership and fleet model. The currently used car 

ownership models in Europe are listed and four models are introduced briefly, including their 

advantages and disadvantages. The relationship between vehicle ownership and fleet models 

are also described. 

 

One specific car ownership model is used for numerical test. The tested car ownership model 

is the sub-model in ‘Sampers’ in Sweden. This model consists of individual entry and exit 

probability of car ownership. The estimation data is the same as the data used in Matstoms 

(2002), which includes the information of the number of cars for different age, gender, 

income level, and the petrol price, GDP, from 1980 to 1995 in Stockholm, Solna and 

Sundbyberg. The software used for model estimation is SPSS. 

 

The following part is to validate the estimation results and find out the sensitivity of each 

variable by doing forecasting in Stockholm from 1996 to 2010. The sensitivity analysis shows 

that the car ownership in Stockholm is most sensitive to petrol price and least sensitive to 

GDP. We recommend removing the GDP variable and test it by using chi-square test. The 

chi-square test shows that the GDP variable can be removed from the model. 

 

Keyword Vehicle ownership, Vehicle fleet, Car ownership, SPSS, Sampers, Nonlinear 

regression analysis. 
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1. Introduction 

1.1 Background 

In the past five decades, vehicle ownership has increased significantly. This is closely related 

to the economic development, for instance, the increase of GDP and average income. In 

China, the vehicle ownership at the national level increased 22.48% annually from early 

1990s to 2005 (Li et al., 2010). However, the rapid growth leads to the traffic congestion, the 

increase of fuel use and air pollution. The transportation in the EU shows increasing emission 

of carbon dioxide. Reported in Mandell (2008), there is a 34.9% increase in carbon dioxide 

emission between 1990 and 2006 in EU. Meanwhile, the non-transport carbon dioxide 

emission from EU15 (EU15 comprised of the following 15 countries in European Union: 

Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, Luxembourg, 

Netherlands, Portugal, Spain, Sweden, United Kingdom) has decreased by 9.4%. Reported in 

Musti and Kockelman (2009), by 2002, the United States take up 4% of the world’s 

population but produce 25% of all greenhouse gas (GHG) emissions, 28% among of which is 

from transportation sector (the other three sectors are residential, commercial and 

industrial). The emission of carbon dioxides in the United States rises by 28.6% between 

1990 and 2004. 

 

The vehicle ownership has a significant impact on individual travel behavior. The forecast of 

vehicle ownership is of essential importance for traffic congestion avoidance, air pollution 

improvement, vehicle usage, and so on. The output from vehicle ownership model can be 

used for forecasting of fuel use, vehicle type, and can also be used as input to vehicle fleet 

model. 

 

Vehicle ownership models play an important role in doing forecasts of future vehicle usage, 

future use of electric vehicles. The forecasting results from the model, that is the number of 

vehicle owners, can be further used as input to the other kind of models to predict the 

composition of the vehicle fleet, the emissions from traffic. It can also be used to see effects 

in fuel use from different tax strategies. The government can make different tax strategies for 

different fuel type. These tax strategies will encourage individuals to buy vehicles consuming 

less fuel and reduce the pollution from traffic. Also, it provides information for vehicle 

manufactures, environmental protection groups, and helps the government to do transport 

planning. 

 

1.2 Aim of the thesis 

The aim of this report is to survey the area of vehicle ownership and fleet models. The survey 

covers currently implemented models (models in use) and research models in Europe. It also 

studies the relation between vehicle ownership and fleet models. In the thesis report, a car 

ownership model, similar to the one used in the Swedish national modeling system ‘Sampers’ is 

estimated. The estimation data is the same as the data used in Matstoms (2002). The 

software used for model estimation is SPSS. Results from numerical tests in SPSS are 
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included and a sensitivity analysis is made to find out the properties of the model. Some 

recommendations are given at the end of the report. 

 

1.3 Thesis outline 

The thesis consists of three parts. First is the literature study on the subject of vehicle 

ownership models. The determining factors which influence the probability of vehicle 

ownership will be described. Focusing on the car ownership models, the applications of car 

ownership models in Europe will be introduced in Chapter 2. In Chapter 3, the car ownership 

sub-model used in the Swedish national personal transportation forecasting system ‘Sampers’ 

is described, which is chosen for the model estimation. 

 

Secondly, some statistical principle reviews and a SPSS estimation example is given in 

Chapter 4, the model estimation which is based on the car ownership sub-model in ‘Sampers’ 

will be done by SPSS, using nonlinear regression analysis. Following the model estimation, 

the result from SPSS will be analyzed. The validation in Chapter 5 will show the comparison 

between the model from Matstoms (2002) and the estimated model in this thesis report. 

 

Thirdly, four forecasting scenarios in Chapter 6 will be done with the purpose of finding out 

the sensitivity of each variable. Based on the sensitivity analysis results, recommendations 

will be given to improve the model. Finally, the thesis conclusion will be given. 
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2. Vehicle Ownership Model 

2.1 Vehicle ownership model 

Vehicle ownership is defined as the ratio of the number of vehicles divided by the total 

population (Wang, 2005; Dargay and Gately, 1998). In other words, how many vehicles an 

individual has in average. The ratio is between zero and one. From Forsman and Engström 

(2005), Li et al. (2010), Gu et al. (2010) and Zhu (2005), vehicle ownership model can be 

categorized into aggregate models and disaggregate models, based on the different types of 

input data. 

 

The aggregate vehicle ownership models consider the total number of vehicles of a certain 

cohort (such as the same age, type, etc.) as the input data without considering the data on 

the individual level. They operate on the national or regional level, and are usually used for 

long term forecasting and macro-economic policy analysis. The most commonly used 

mathematic models for aggregate models are log-linear model, quasi-logistic model and 

Gompertz model (Zhu, 2005). The reason of choosing these mathematic models is that the 

curves of these models are Sigmoid-shaped, see Figure 1. Sigmoid-shaped curves agree with 

the life cycle of a product in the market. The market share of a new product is low at the 

beginning. When the product becomes more established, the market share increases more 

and more fast. Finally, the market share reaches a saturation level when the market 

approaches saturation (Forsman and Engström, 2005). The advantage of using aggregate 

models is that they can be easily formulated with aggregated input data of a certain cohort 

without doing time consuming individual level surveying, which costs time and money 

(Pongthanaisawan and Sorapipatana, 2010). 

 

 

Figure 1 Sigmoid-shaped curve 

 

On the other hand, the disaggregate vehicle ownership models are the opposite to aggregate 

models, which mainly focus on the input data on individual level. They operate on individual 

or household level, which is used in short term forecasting and micro-economic policy 

analysis. However, the data collection is time consuming and expensive since the investigator 
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have to survey the residents one by one to collect the input data.  

 

The different operation level leads to the different factors that affect the vehicle ownership 

models. In reality, many factors influence the vehicle ownership. Table 1 lists some major 

determining factors (Zhu, 2005). In general, the determining factors can be divided into 

economic determining factors, demographic determining factors as well as regional 

determining factors. All or some of these factors are used in different kinds of vehicle 

ownership models. 

 

Table 1 The major determining factors of vehicle ownership 

Economic determining 

factors 

Demographic determining 

factors 

Regional determining 

factors 

Gross National Product 

(GNP), 

Gross Domestic Product 

(GDP) 

Household income and 

expenditure 

Urban development 

patterns (such as the 

population density of 

urban or community, the 

level of urbanization, etc.) 

Car costs Household size Development of public 

transport 

Fuel price Employment Road network density 

Travel costs of various 

modes of transport 

Sex 

Age 

 

In Forsman and Engström (2005), Gu et al. (2010) and Zhu (2005), it is concluded that the 

critical determining factors for national or regional level forecasting models are GDP and fuel 

price, while for household or individual level forecasting, income, car costs, population 

density and the development of public transport are the critical determining factors. 

 

2.2 Existing car ownership models in Europe 

Car ownership modeling mainly consists of estimation of the number of cars. With the 

economic, demographic and regional input data, the car ownership model can be used to 

predict the number of cars in the forecasting year. Consider the car ownership model in 

‘Sampers’ (a Swedish national travel demand forecasting system, which will be described in 

detail in chapter 3) in Sweden as an example; it is based on the individuals’ entry and exit 

probability forecasting. The entry probability means the average probability that an 

individual become a car owner in the current year, while the exit probability means the 

average probability that a car owner completely discard his or her cars in the current year. 

Therefore, the model can predict the number of car owners in the current year, based on the 

input data, such as income, age, petrol price, so and forth. The number of cars in the 

forecasting year can then be calculated. 

 

De Jong et al. (2002) describe ten car ownership models from Europe in detail, which are 

currently used or have been used. They also review eleven international articles on car 
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ownership models and briefly summarized some other car ownership models over the world. 

The car ownership models have been researched in Europe and many countries developed 

their own models, see Table 2. 

 

Table 2 Car ownership models in Europe 

Country Model Classification 

(Aggregate/Disaggregate) 

Sweden Car ownership model in the 

Swedish national travel demand 

forecasting system  ‘Sampers’ 

Aggregate model 

Car ownership model in the 

Stockholm Integrated Model 

System (SIMS) 

Disaggregate model 

Norway The combination of car 

ownership and usage model to 

predict fuel use and emissions 

Disaggregate model 

Netherlands Car ownership model in FACTS 

(Forecasting Air pollution by Car 

Traffic Simulation) 

Disaggregate model 

The Van den Broecke car 

ownership model 

Aggregate model 

The ‘Carmer’ model for 

forecasts of the car fleet 

Aggregate model 

Car ownership model in LMS 

(Dutch national model system) 

Disaggregate model 

U.K. The car ownership model 

NRTF-2001 in the National 

Transport Model 

Aggregate model  

Denmark The sub-model for car fleet in 

the ALTRANS (Alternative 

TRANSport systems) 

Aggregate model  

Italy National transport model Disaggregate model 

France The Antonin-model for 

passenger transport in Paris 

region 

Disaggregate model 

 

By referring to De Jong et al. (2002, 2004) and Fox et al. (2003), two aggregate models 

(section 2.2.1 and 2.2.2) and two disaggregate models (section 2.2.3 and 2.2.4) applied in 

Europe (listed in Table 2) will be described in the following part.  

 

2.2.1 The Van den Broecke car ownership model in the Netherlands 

The Van den Broecke car ownership model was developed in 1986/1987 for PbAIVVS 

(Projecbureau Integrale Verkeers- en Vervoersstudies) in the Netherlands. This model uses 
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an aggregate cohort model together with an econometric model to forecast car ownership. 

The principle of aggregate cohort model is to aggregate the input data into different cohorts. 

In the Van den Broecke car ownership model, the input data was divided into homogenous 

population groups (cohorts) and then forecast the car owners of each cohort separately. In 

Van den Broecke model, the population is categorized according to: 

 

 Birth year 

 Gender 

 Education level 

 Married or not 

 Employed or not 

 

The hypothesis of Van den Broecke model is that the preference of people’s willingness to 

own driving licenses and cars remain unchanged. The input data is the population in 

different cohorts as well as income. The output is the forecasted car ownership. The 

ownership model starts by relating the car ownership to the number of persons who have 

driving licenses in one cohort. Meanwhile, the econometric model produces the influence 

from changes in income. Therefore, the changes in the number of license holders as well as 

the income are the determining factors in forecasting the car ownership. The number of 

individuals who own driving licenses will change with the change in population in a certain 

cohort. Together with the change in income, the output of the ownership model will be 

different. 

 

However, the Van den Broecke model forecast the total number of car owners in the cohort 

without thinking about distinguishing the private cars and business cars. The costs and other 

policy factors are not considered in the model. Therefore, the model is much more suitable 

for forecasting the car ownership with influence from size and composition of the 

population. 

 

2.2.2 NRTF-2001 car ownership model in U.K. 

The National Road Traffic Forecasts (NRTF) in U.K. developed an aggregate car ownership 

model in 1997, which used the Family Expenditure Survey (FES) data from 1971 to 1997. The 

model used household income, the licenses a household have in different household type 

(eight types, defined by population and age), and area type (five types: Greater London, 

Metropolitan Districts, and three other area types classified according to the population) as 

the input data to forecast the household car ownership probability. The model first estimate 

the probability of a given household’s decision to own 0, 1, 2 or more cars (for each 

household type). Then, together with the household income in different household type and 

area type, the output, that is the ownership for each household type and area type, will be 

forecasted (Whelan, 2011). 

 

To calibrate the probability of a given household’s car owning decision in each household 

type, two binary models     and        were used.     model calibrated the probability 

that a household owned at least one car, while        model calibrated the probability that 
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a household owned two or more cars. The car ownership model used a maximum saturation 

car ownership level (S) and a linear predictor (LP). The saturation level is derived from the 

FES data, which describes the value that the forecasting result cannot extend. The linear 

predictor is a linear function which combines all the explanatory variables. 

 

In 1999, the U.K. Department of Transport decided to improve the NRTF forecasts. When it 

comes to detail, they are: 

 

 To account for the increase in multi-vehicle households; 

 To assess the impact of company cars on ownership levels; 

 To re-examine ownership saturation levels; 

 To seek to explain why London has experienced minimal growth in ownership since 

1991; 

 To assess the impact of employment levels on car ownership; 

 To introduce sensitivity to ownership and use costs within the model. 

 

Then, the new car ownership model NRTF-2001 was introduced, which combined the 

NRTF-1997 model and the new measures to realize the improvements from the Department. 

Compare with NRTF-1997, one more sub-model           was added to model the 

households with three or more vehicles in NRTF-2001. For sub-models modeling households 

with multiple cars (                    ), a company car dummy was introduced. Therefore, 

the impact of company cars on ownership levels will be accounted for. In NRTF-1997, the 

saturation levels varied for different household type, but not for different area type. However, 

in NRTF-2001, the saturation levels varied for both household type and area type. 

Furthermore, to assess the impact of employment levels, the NRTF-2001 model introduced 

an employment term in the household utility function. Car ownership and use cost indices 

were added into the household utility function, to model the sensitivity to ownership and 

use costs. 

 

2.2.3 The disaggregate car ownership model in LMS in the Netherlands 

The Dutch National Model System (LMS) was designed for the Dutch Ministry of Transport 

and Public Works, which aims to support the Second Transport Structure Plan (SVV-II). It has 

been put into use since 1986 and being updated constantly. The car ownership model in LMS 

for transport is a disaggregate model which operates at the household level. It use discrete 

choice model to forecast the car ownership, which depends on the output from the license 

holding sub-model in LMS. The choices of the household are classified according to the 

number of license holders in the household (Figure 2): 

 

 A household without licenses will have no car 

 A household with one license can own zero car or one car 

 A household with two or more licenses can own one car or two more cars 
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Figure 2 Household choices classification in LMS (De Jong et al., 2002) 

 

The household car ownership is modeled by binary logit model, based on random utility 

theory. The determining factors of this model are monthly income and car cost. The monthly 

income is very important in both the zero or one car choice model and the one or two more 

cars choice model. It refers to the freely spent expenditures except for food, clothing and 

housing. Car cost takes effect when the household decides to purchase a car. If the 

household choose to buy one car, then they just have to pay for the fixed car cost; if the 

household choose to buy two or more cars, then they have to pay for the fixed car cost for 

two cars or more cars.  

 

The input data for the ownership forecasting model is from the license holding sub-model 

and the Dutch National Mobility Survey (OVG). The input data from license holding 

sub-model is the number of driving license in the household. The input data in OVG are 

disaggregating data including age, gender, the household monthly income, the household 

size, the number of employees in the household, car costs and region information. 

 

The output from license holding sub-model decides which binary logit model to use (see 

Figure 2). The output of the ownership model, that is the number of cars the given 

household will have, is got when maximizing the household income in the chosen binary 

logit model. Accordingly, increase the monthly income will raise the number of car owners. 

On the contrary, increase the fixed car cost will reduce the number of car owners. 

 

2.2.4 The combination of car ownership and usage model in Norway 

The Norwegian model system was developed by Hague Consulting Group in Oslo in 1990, 

which aims to increase the international attention on greenhouse effects. The main purpose 

was to establish a forecasting system that can be used to assess the carbon-dioxide control. 

The forecasted transport demand should also be in accordance with the macro-economic 

forecasts from the Norwegian Central Bureau of Statistics (SSB). Nowadays, the system is 

used to forecast fuel use and emissions from private travel in Norway up to 2025. 

 

The car ownership model in the Norwegian model is a disaggregate model combined 

together with the car usage (kilometer per year) model. The first reason for the combination 

is that the prediction of kilometer will affect the prediction of emission from private travel. 

Another reason is that this will represent the influence to car ownership from fuel price. The 

joint model followed the micro-economic theory of consumer behavior, which is to maximize 

the utility. It means that the household will make the car ownership decision based on 

maximizing utility under the budget restriction, which can be formulated as the following 
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expression: 

 

        

                                                                                 
                                                              
                                            

        (1)                                         

 

where Y, X, A, v, C are the input data of the model and U(A,X) is the household budget 

function; Y is the household annual disposable income; A is the vehicle use measured in 100 

kilometers per year; X is the households’ annual consumption on all the other things and 

services per year; C is the fixed cost of owning a car; v is the variable costs (per 100 km), 

which comprises fuel costs, insurance costs, road tax, vehicle maintenance, repair, and so on 

(Wetterwald, 1994). 

 

If the household have no car, then it spends all the income on other things; if the household 

has car(s), then except for the expense on all the other things, it has to pay the fixed costs for 

each car and drive a certain kilometers to overcome the disutility from fixed car cost.  

 

The joint model operates at the household level. The household with one license were 

allowed to have no or one car, and the household with two or more licenses can have one or 

two cars. There are two sub-models in modeling the car ownership: one is the model for 

predicting the car ownership with no or one car, the other is the model for predicting the car 

ownership with one or two more cars. The formulation is the same as the ownership model 

in LMS. Both models depend on the number of license in the household. The conditional 

indirect utility functions can be expressed as: 

 

                                                  (2) 

 

where i is the number of cars in the household.    is the car ownership of the given 

household owning i cars. When      , then the household will chose to be the owner 

with two cars; when      , then the household will chose to be the owner with one car. 

 

The input data for estimating the fixed car cost C and variable costs v are from exogenous 

Norwegian data. By using Roy’s identity (Roy’s identity relates the derivates of the indirect 

utility function to the ordinary demand function.), the best C and v value will be found to 

maximize the household budget. The input data for forecasting ownership is the household 

size, age, gender, the number of license in the household, the household annual disposable 

income Y, the variable costs v, and the fixed cost of owning a car C. With these input data, 

the output   , that is the car ownership of the given households and the annual average 

kilometer for each car, can be forecasted. 

 

2.3 Vehicle fleet model 

Generally speaking, a vehicle fleet model describes the composition of vehicles in a certain 

category at the end of the forecasting year. The composition of the vehicle fleet is normally 
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used as input for energy consumption and vehicle emission models. The fleet information 

can be distinguished according to the properties of the vehicles; Figure 3 is an example of 

the vehicle properties. 

 

 

Figure 3 Vehicle fleet information 

 

In most cases, a vehicle fleet model is linked to a vehicle ownership model. The estimation of 

vehicle ownership is typically a sub-model of the vehicle fleet model. With the output from 

the ownership model, the vehicle fleet model can be used in forecasting the total mileage, 

driving license, vehicle renewals, mileage per vehicle (vehicle type). Similar with vehicle 

ownership models, the vehicle fleet models can also be categorized into aggregate models 

and disaggregate models. 

 

We will mainly focus on the fleet modeling of cars. However, the principles are the same for 

vehicle fleet models used for other kinds of vehicle. As described in Forsman and Engström 

(2005), De Jong et al. (2002, 2004), Kveiborg (1999), the car fleet is made up of three parts: 

the existing car fleet, the acquisition of new cars and the scrapping of old cars. Therefore, the 

car fleet forecasting mainly depends on the new cars purchase and scrapped cars. The 

modeling of new car acquisition is mostly done in a disaggregate model, which describes the 

household or individual choices. Multinomial logit models and nested logit models are most 

commonly used (see Figure 4). When the alternative choices are independent to each other, 

then the multinomial logit model can be used. If the alternative choices can be grouped into 

homogenous nests, then the nested logit model can be chosen. The random utility function 

is used for each possible choice in the choice set, and the choice with highest utility will be 

chosen. 

 

 

Figure 4 Logit model structure (Forsman and Engström, 2005) 
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The scrappage model is more flexible comparing with the new car acquisition model, that is 

it can be modeled at both aggregate and disaggregate level. Aggregate cohort models 

describe the number of scrapped cars or the survival rates in a specific cohort, such as a 

certain age, fuel type, etc. While the disaggregate models count the number of scrapped cars 

or survival rates from each household or individual data, such as how the questioned 

household or individual deal with their cars. 

 

Here is a car fleet model example. It is the fleet model in ALTRANS. ALTRANS is a model that 

aims to forecast the energy consumption and emissions from traffic (De Jong et al., 2002). 

The input data is the information of cars in Denmark from 1977 to 1997. Among the input 

data, the number of cars in different categories such as model, type, make, weight, fuel type, 

ownership as well as first registration year are from Statistics Denmark; the energy 

consumption of each kind of categories is from Copert, the European database on 

consumption and emissions; the yearly statistical number of cars in cohort (such as fuel type, 

weight, age) is from Danish car importers. The composition of the car fleet in this model 

consists of 120 categories which include: 

 

 2 fuel types: diesel and petrol 

 3 weight types: below 800 kilos, between 800 and 1000 kilos, above 1000 kilos 

 20 age groups 

 

As described before, the car fleet consists of the existing cars, the acquisition of new cars as 

well as scrapped cars. Therefore, the car fleet forecasting mainly depends on the output of 

two sub-models: the acquisition model and the scrappage mode. In ALTRANS, the acquisition 

model is a nested logit model, which describes the household car purchase decision. The 

scrapped cars for each type and age are calculated by using linear model. Finally, with the 

existing car fleet, the car fleet in the forecasting year can be calculated. 

 

Another example is the car fleet model in COWI Cross-Country Car Choice Model. COWI car 

choice model was developed in Demark by COWI consult and applied in Sweden. The car 

fleet model in COWI car choice model is also made up of the existing car fleet, the 

acquisition of new cars, and the scrapped cars. The acquisition model takes car prices, 

individual income, etc. as the input data. The model is a disaggregate model, which model 

the buyer’s choice by logit model (see Figure 5).  
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From Forsman and Engström (2005), the first choice level is the choice between private 

owned cars and the company owned cars. If the owner wants to own a private car, then the 

second level is modeled with the nest logit. The buyer will choose the car type first, such as 

hatchback, saloon, etc. Then make his or her purchase decision from further detail choices 

set. 

 

The scrappage model is an aggregate model which estimates different kind of cars’ survival 

rates. Not only the car fleet survival rate in Sweden, but also the cost on the new cars will 

influence the output of the scrappage. With the base year car fleet information, together 

with the output from both acquisition model and scrappage model, the car fleet in the 

forecasting year will be calculated. 

  

Private owned Company owned 

Saloon Hatchback 

Figure 5 The COWI acquisition model 
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3. Sampers 

3.1 Overiew 

‘Sampers’ is the Swedish national travel demand forecasting system. As introduced in Algers 

et al. (2009), it was developed on behalf of SIKA (The Swedish Institute for Communication 

Analysis), transport agencies, Communications Research Board and Vinnova (The Swedish 

Government Agency). ‘Sampers’ is based on overall assumptions about economic 

development as well as changes in population structure and employment. The results from 

‘Sampers’ can, for example, be used as the input data for calculating the economic effects 

from changes in the transport infrastructure.  

  

The basic version of ‘Sampers’ was procured in 1998 and the first version was delivered one 

year later. The original purpose was to create an overall national transport model system for 

passenger analysis in primarily strategic planning. The ambition was to create a 

comprehensive, integrated, user-friendly and policy-sensitive model system for 

short-distance (<100 km), long-distance (>100 km) and international trips. The trips are 

classified as private trips and business trips. 

 

‘Sampers’ has five regional models for short-distance trips, a national model for 

long-distance trips and an international model for trips having only the origin or destination 

in Sweden. The geographical resolutions of these three kinds of models are different. The 

regional models are handled with higher geographical resolution than national and 

international models. In the regional models, Sweden is divided into around 8500 zones; in 

the national model, Sweden is divided into about 700 zones, while in the international model, 

except for the 700 zones used in national model, another 200 zones outside Sweden are 

used in the together. The demand destination and mode choice for trips are structured as a 

nested multinomial Logit model.  

 

In the regional models, six different types of cases with different trip purpose are estimated 

in separate sub-models: commuting, business travel, travel to school, missions, leisure travel 

and other travel. Each case is modeled along with the mode of travel, destination and route 

in the road or line in the public transport network. The trips are modeled as tours such as 

from home to and from work. Chain travelers are modeled as a secondary stop on the 

journey home to a business trip or a specific workplace-based return trip. Six different 

modes are handled in the regional models: car drivers, car passengers, bus, train, bicycle and 

walking.  A common sub-model for all regions in terms of travel time and travel cost 

components is estimated for each case. Regional differences are caught with various 

socio-economic variables and regional parameters. The socio-economic variables are 

specified for each area. They include such as car ownership, driving license, sex, age 

composition, income, presence of cars, number of jobs of different types and variables 

describing the areas' attractiveness as a destination.  

 

The model for domestic long-distance trips is divided in private trips and business trips. Each 
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case is modeled travel frequency, destination, mode of travel and route or line. For private 

trips, there is an additional distinction depending on whether the trip involves overnight stay 

or not, and if so, how much time you spend away. Five modes are considered: car, bus, 

intercity trains, X2000 trains and flights. For the modes train or plane, there will also be the 

choice of travel times and ticket. 

 

The main data source used for modeling travel behavior was the national Swedish travel 

survey, RiksRVU 94-98, which is a continuous travel survey containing 30 000 interviews for 

the entire interview period. However, this data is not enough for international trips, so that 

some other data were also used, for instance, Ö resund survey and the Fehmarn Belt survey. 

 

‘Sampers’ includes a cohort based car ownership model, developed by the Swedish National 

Road and Transport Institute. This model is based on individual entry and exit probabilities 

for car ownership and the main variables in the model are income, fuel price for each year, 

age, sex and municipality. 

 

‘Sampers’ is built up as a Windows menu system. The software is developed by using Visual 

Basic. To make the model user-friendly, the car ownership model, demand models, 

databases, effects module, cost benefit module, accessibility analysis module and EMME/2 

system was integrated into one system under the Windows NT operating system. The system 

contains a number of basic features which can be put together to forecast scenarios, which 

in turn can form a forecasting project. For forecasting, the following features may be invoked 

by the user:  

 

 Car ownership model 

 The EMME/2 system, directly or by macros 

 Regional models 

 National model 

 International model 

 Disaggregation of trips from national to regional level 

 Iterations (such as car assignment and a regional model run) 

 

Nevertheless, everything has a negative aspect. First of all, ‘Sampers’ is a complex system 

which requires solid methodological knowledge for the users. Secondly, the time for running 

the model is quite long. On a standard PC, it requires four to 30 hours to run the regional 

models, depending on the size of the region. If to run a full set of models, several days are 

needed.  

 

3.2 Car ownership model in ‘Sampers’ 

The car ownership model in ‘Sampers’ is chosen to do the model estimation in the thesis 

report. This model is an aggregate model which operates on the regional level. The 

determining factors of this model are the sub-set of economic determining factors and 

demographic determining factors listed in Table 1. Matstoms (2002) gives a detail description 
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of the car ownership model in ‘Sampers’. The car ownership model used in ‘Sampers’ 

estimates the number of individuals who owns a car per municipality. The number of owners 

used in the model estimation is those who own household cars. The changing of number of 

car owners from one year to another is determined by how many car owners cease to own a 

car and how many individuals become a car owner. Changes in car ownership are expressed 

in terms of car owner entry and exit probability, which is defined as follows: 

 

The entry probability   is the proportion of people who do not own a car at the base year, 

but obtain a car in the current year: 

 

  
                                                                     

                                                   
 

 

Similarly, the exit probability   is the proportion of people who with a car at the base year, 

but completely discarded cars in the current year: 

 

  
                                                                         

                                         
 

 

The car ownership model consists of sub-models that estimate an individual’s entry and exit 

probability. With the changes in entry and exit probability, the number of car owners can be 

determined.  

 

The entry and exit probability depends on several factors; they are age, petrol price, income, 

GDP and time factor. The difference between men and women as well as the difference 

among different municipalities and income level will lead to the difference of entry and exit 

probability. 

 

First of all, the entry and exit probabilities are different for different regions of Sweden. The 

municipalities can be divided into a certain number of homogenous groups, based on the 

contiguous properties. In this paper, the municipalities that to be estimated is Stockholm, 

Solna, and Sundbyberg. 

 

Secondly, the income of the individual will influence the entry and exit probabilities. The 

income groups are defined in Table 3. 
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Table 3 The definition of income groups 

Income group Income (SEK) 

1 0 – 20 000 

2 20 001 – 80 000 

3 80 001 – 140 000 

4 140 001 – 200 000 

5 200 001 – 260 000 

6 260 001 – 400 000 

7 400 001 – 

 

To forecast the number of car owners, the mean income for each income group needs to be 

calculated. Also, age plays an important role in entry and exit probability. The definition of 

age groups is indicated in Table 4. 

 

Table 4 The definition of age groups 

Age group Entry model (years) Exit model (years) 

1 17-24 17-22 

2 25-65 23-55 

3 65- 55- 

 

Finally, separate models will be used on men and women. Consequently, there are totally 

7*3*2=42 forecasting models for each municipality group. 

 

The forecast is calculated by the equations described latter. The parameters which are used 

for forecasting the number of car owners are introduced first: 

 

                                                                       

                                            

                                                  

                                                     

     
    
    

 

 

In the modeled municipality group,           are the entry and exit probability for men or 

women, in year n for people of age k,      is the population of men or women, in age k in 

year n,      is the number of car owners of men or women, in age k in year n. Therefore, 

the number of new car owners, those who have no car at the base year but obtain car in the 

current year, equals 

 

                                                   (3) 
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Meanwhile, the number of car owners who completely dispose cars in the current year is 

 

                                                (4) 

 

Hence, the forecasted number of car owners at the end of the current year, for men or 

women, in the assumed municipality, in the assumed age and income, is expressed 

 

                                               

                                         

                                                                   

                                     

                                              

                                                            (5) 

 

However, individuals moving into the municipality or the death of individuals in each age 

group change the composition and population of the modeled age group, which makes the 

above expression not accurate. The population difference due to individuals moving into the 

municipality or the death of individuals for age k in year n is              . Assume that 

the number of car owners per resident for age k in year n is               . Therefore, 

the number of car owners is expressed as 

 

                                                              (6) 

 

where                      is the modified number of car owners due to composition 

and population variations. 

 

To forecast the number of car owners, the entry and exit probabilities should be known first. 

The functions for entry and exit probabilities are described in the later parts. 

 

Entry probability 

The entry probability for age k in year n is described in the following equation: 

 

          
      

                                         (7) 

 

where c, with different indices, describes coefficients to be estimated. The rest are input 

data, which will be described in detail in the following paragraphs. 

 

The variable    denotes the average gross income in year n before taxes, which includes the 

taxable income but not tax-free contributions, such as housing allowances, child allowances 

and social assistance (Matstoms, 2002). The variable     stands for the petrol price of the 

modeled region in year n with the unit SEK/liter.  

 

From (Matstoms, 2002), individuals who became adults after 1968 are considered to be 

more inclined to acquire their own cars. These individuals, who have turned eighteen in 1968 
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or later, were born in 1950 or later. TF(n) is the time factor, which indicates the proportion of 

individuals’ who are used to drive cars in year n. Figure 4 shows the percentage of people 

who born in 1950 or later that used to drive cars (Matstoms, 2002). 

 

 

Figure 6 The relation between time factors and year (Matstoms, 2002) 

 

The variable      means the change in gross domestic product (GDP) in year n. This 

variable expresses the growth in terms of annual change in percentage, which reflects the 

economic condition of the modeled year. The variable    denotes the individual’s age 

(k-year-old) and P is a dummy to model the retirement age. From some communities’ 

observations, there is an increase in entry probability for men of 65-year-old. So that the 

value of P will equals to 1 when the model is for men of 65-year-old, otherwise it will be 0. 

The reason for this phenomenon might be that people in Sweden will retire at 65, and men 

might be more willing to own a car after retirement for different trip purposes. 

 

Exit probability 

The exit probability model is considerably simpler than the entry model. It has the same 

basic shape as the entry probability but fewer variables. The function for the exit probability 

for age k in year n is: 

 

          
                               (8) 

 

Similarly, c with different indices describes coefficients to be estimated. While the variable 

   denotes the average gross income before taxes in year n and    denotes the individual’s 

age (k-year-old). 
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4. Model Estimation 

4.1 Statistical principles 

In this thesis report, Statistical Product and Service Solutions (SPSS) is applied to do the 

nonlinear regression analysis. The original name of SPSS is Statistical Package for Social 

Sciences. It was released in 1968 (Song, 2008). Nowadays, SPSS consists of 17 modules: Base 

System, Advanced Models, Regression Models, Custom Tables, Forecasting, Categories, 

Conjoint, Exact Tests, Missing Value Analysis, Neural Networks, Decision Trees, Data 

Preparation, Complex Samples, Direct Marketing, Bootstrapping, Data Collection Data Entry 

and Programmability Extension. 

 

Regression analysis is a statistical analysis method which aims to identify the quantitative 

relationship between two or more dependent variables. Specifically, regression analysis can 

solve the following problems (Song, 2008): 

 

 Identify the mathematical relationship between variables by analyzing a mass of data 

 Verify the credibility of the identified mathematical relationship, distinguish which 

independent variables influence the dependent variable much more 

 

Based on the number of variables, the type of variables and the correlation between 

variables, regression analysis is usually divided into liner regression analysis, multiple linear 

regression analysis, nonlinear regression analysis, and some other types. 

 

The statistical theory used in this thesis report is as follows. 

 

Analysis of variance (ANOVA) 

The purpose of analysis of variance is to deduce whether data from several groups have the 

common mean value. In another word, it is to determine whether the groups are actually 

different in the measured characteristic. The basic idea is to disassemble the sum of squares 

of deviations from mean (SS) into two or several parts. Except for the random error, the 

variations of other parts can be explained by the effect of a certain factor. To find out 

whether the given factor influences the variation, we need to compare the deviation caused 

by the given factor to the deviation caused by the random error. The idea is described by 

equations (9)-(18) in detail. 

 

There are three kinds of variations. The first is variation between each group, which reflects 

the variation due to the sampling. It can be express by the mean square between groups: 

 

                                                  (9) 
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where  

 

                       
                         (10) 

                                        (11) 

 

    is the mean value of sample group i,    is the mean value of the overall groups.          

is the degree of freedom between groups, (the degree of freedom is the number of variables 

which are free to change). k is the number of groups. 

 

The second one is variation within groups, which reflect the variation from the random error. 

It can be expressed by the mean square within groups: 

 

                                               (12) 

 

where  

 

                     
   

     
                         (13) 

                                       (14) 

 

    is the value of the jth column in group i,     is the mean value of sample group i,         

is the degree of freedom within groups, k is the number of groups,    is the number of 

columns of the ith group, and N is the total number of samples. 

 

The last kind is total variation. It can be expressed by the total mean square: 

 

                                           (15) 

 

where  

 

                  
   

   
 
                         (16) 

                                       (17) 

 

    is the value of the jth column in group i,    is the mean value of the overall groups, 

       is the total degree of freedom, k is the number of groups,    is the number of 

columns of the ith group, and N is the total number of samples. 

 

The F-test value is: 

 

  
         

        
                             (18) 

 

 



 

27 
 

The following two hypotheses will be used in the later t-test and F-test: 

 

  :           , the mean of k groups are equal; 

  :           , the mean of k groups are not equal. 

 

           is the mean value of group i, which is written as     in equations (10) and (13). 

Let P denote the probability of hypotheses   ,       . By checking the F-table (F is a 

probability distribution, and the F-table tabulated values of this distribution), if   

                          , then hypotheses    is refused,    is accepted, which means 

the means of each groups are not equal. Then it is believed that except for the random 

sampling error, there is some difference between the sample and the population. Otherwise, 

if                             , then hypotheses    is accepted, which means the mean 

values of each groups are equal. Then it is believed that the error between the sample mean 

value and the population mean value is completely from the random sampling. 

 

Correlation 

The correlation between two random variables refers to the linear relation between these 

two variables. The correlation coefficient indicates the degree of linear relation as well as 

direction between variables. If we have a series of n measurements of x and y written as    

and   , where i = 1, 2, ..., n, then the correlation is defined in equation (19).  

 

  
               

         
         

 
                          (19) 

 

   is the mean value of independent variable and    is the mean value of dependent 

variable.         is the deviation of variable x,         is the deviation of variable y,     

           is the standard deviation of variable x,            is the standard deviation 

of variable y. 

 

The range of the correlation coefficient is from -1 to 1. If the coefficient is bigger than zero, 

then the correlation is positive; otherwise, it is negative. If the coefficient equals zero, then 

there is no correlation between the two variables. If the coefficient equals -1 or 1, then all 

the plots generated from the observation data are on the regression line. Normally, when 

the absolute value of the coefficient is bigger than 0.8, then it is believed that there is a 

strong linear relation between the two variables. 

 

Coefficient of determination  

The coefficient of determination,   , stands for the degree of intensity around the function 

curve. It shows how the regression curve approximates the observation data points. The 

value of coefficient of determination equals to the square of correlation coefficient value 

(     ). It indicates the proportion of sum of square of regression in total sum of square 

(equation (20)). 
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                          (20) 

 

where 

 

                          
   

   
 
                 (21) 

 

The range of    is from 0 to 1, that is       . The higher value of    indicates higher 

accuracy. When     , it indicates that the curve fits the data perfectly.  

 

Least square method 

In SPSS, the default loss function uses the least square method to calculate the sum of 

square residuals. Least square method is an optimal method to find the best fit function by 

minimizes the sum of square of errors. Given a set of observation data                  . 

The approximation relation between variable x and y is                    ,    are the 

parameters to be estimated in the function. The expression is shown in equation (22). 

 

                                       
  

                (22) 

 

   is the observed value while                  is the calculated value when      , 

according to the estimated function                    . 

 

Let the partial derivates of equation (22) equal to zero, the equation reaches its minimum 

value. In this case, the estimated function fits the data best and gives the optimal parameter 

values for           . 

 

4.2 Estimation example 

Following the instructions in Song et al. (2008) and Zhang (2002), let me take an example 

(SPSS Tutorial: Chapter 6 Nonlinear regression analysis, 2010) to describe the estimation 

procedure. Give the observation data of a certain insect growth rate at different 

temperature. 

 

Table 5 Insect growth rate V at different temperature t 

t ( ) 17,5 20 22,5 25 27,5 30 35 

V  0,0638 0,0826 0,1100 0,1327 0,1667 0,1859 0,1572 

 

First of all, the observation data should be typed into the SPSS data file. Open the ‘SPSS Data 

Editor → Variable View’ window, set up two variables ‘t’ and ‘v’, see Figure 7. Keep the 

default settings for each variable. 
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Figure 7 Variable setting in SPSS 

 

Type in the data in Table 5 in ‘SPSS Data Editor → Data View’ window (Figure 8) and save it 

in file Test1.sav.  

 

 

Figure 8 Input data of the example 

 

To identify the mathematical relationship between variables, we need to know what the 

curve generated from the observation data looks like. Curve estimation procedure is used to 

find what kind of curve or model the scatter plots fit. However, due to the limitation of curve 

estimation in SPSS, if it is possible, it will be much better to transfer the estimated nonlinear 

equations into linear equations and do the regression analysis. 

 

Click ‘Graphs → Scatter/Dot → Simple Scatter’, draw the variable ‘v’ under the ‘Y Axis’ 

while the ‘t’ variable under ‘X Axis’ (Figure 9). 
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Figure 9 Simple scatter plot 

 

The generated scatter plot is shown in Figure 10. It shows that with the increase of 

temperature, the insect growth rate increase. The slope increase first and then decrease with 

the increase of the temperature. The models that can be estimated in SPSS is shown in 

Figure 11. The functions are (Zhang, 2002): 

 

 Linear:                

 Quadratic:             
  

 Compound:        
  

 Growth:           

 Logarithmic:            

 Cubic:             
     

  

 S:            

 Exponential:      
    

 Inverse:           

 Power:      
   

 Logistic:      
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Choose the models that might fit the plots and find that for this example, it can be a 

quadratic model or a logistic model. 

 

 

Figure 10 Scatter plot 

 

Utilize the ‘Analysis → Regression → Curve Estimation’ to estimate the curve. In the 

example, the growth rate V is the dependent variable while temperature t is the 

independent variable. So click variable V and then click the arrow to draw it into the 

dependent box. Choose ‘Quadratic’ and ‘Logistic’ since they are the curves that want to be 

estimated (Figure 11). 

 

 

Figure 11 Curve estimation 
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The estimation results are shown in Figure 12 and Figure 13, separately. Figure 12 shows the 

quadratic model curve estimation. The coefficient of determination (here expressed as R 

Square) is 0.933. By referring to the two hypotheses in Chapter 3.1, the probability P (here 

expressed as Sig.) is 0.04, which is smaller than 0.05, so that the result is acceptable. Figure 

13 shows the logistic model curve estimation. The coefficient of determination is 0.775 and 

the result is acceptable. Both coefficients of determination are higher than 0.75, which 

means the scatter points fit the estimated curve very well. From the coefficient of 

determination view, it seems that the quadratic model is better than the logistic model.  

 

 
Figure 12 Quadratic model curve estimation 
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Figure 13 Logistic model curve estimation 

 

However, the conciseness of the model is as important as the determination coefficient. That 

is, it is better to have fewer coefficients in the model. In quadratic model, there are three 

coefficients, which is one more than the logistic model. The observation data used for curve 

estimation in this example is limited. Normally, if there is less observation data used for 

estimation, and some new observation added, then the one with higher coefficient of 

determination usually can not fit the new observation data well. Hence, combine with the 

curve shown in Figure 14, the conclusion is that the logistic model can be used to describe 

the relation between variables. 
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Figure 14 Estimated curves 

 

The logistic model is described in equation (23): 

 

     
 

       
                             (23) 

 

Now, it is time to determine the coefficients of the logistic model. Use ‘Analysis → 

Regression → Nonlinear’ to realize the regression nonlinear analysis. In the example, the 

growth rate V is the dependent variable while temperature t is the independent variable. So 

click variable V and then click the arrow to draw it into the dependent box. Click the 

‘Parameters’ and type in the name and starting value for the three parameters: K, a, b, see 

Figure 15.  
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Figure 15 Parameters settings 

 

After that, type in the model expression by drawing the variable and parameters into the box, 

see Figure 16. 

 

 

Figure 16 Nonlinear regression settings 

 

However, there are some conditions that the regression analysis should follow. First, it is loss 

function, see Figure 17.  

 



 

36 
 

 
Figure 17 Loss function 

 

The loss function means the way of computing the residuals, whose principle is to minimize 

the sum of square residuals (the difference between data point and the estimated curve). In 

this example, since there is “no special” loss function, so keeps the default loss setting: Sum 

of squared residuals, which use the least square method. If there is loss function, then type 

in the loss function like the operation in typing model expression for nonlinear regression. 

‘RESID_’ in Figure 17 means the residuals of the chosen variables, ‘PRED_’ means the 

predicted value. 

 

Second, is parameter constraint, see Figure 18. In this example, the K value should less than 

1 in Logistic Model, therefore, draw the parameter K and define it not bigger than 0,9999. 

(There is no < symbol.) 
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Figure 18 Parameter constraints 

 

Save the settings and choose the statistical new variables, see Figure 19. As shown in the 

diagram, choose the new variables that want to be generated. 

 

 

Figure 19 Save new variables 

 

Finally, choose the estimation method. There are two methods for parameter estimation. 

The first one is ‘Sequential Quadratic Programming’ while the other one is 

‘Levenberg-Marquardt’. In this example, the ‘Levenberg-Marquardt’ is chosen, and the 

maximum iterations are set to 100, which is shown in Figure 20. When the number of 

iteration reaches 100 times, or the sum of squares convergence smaller than       , or 

the parameter convergence smaller than       , the run will stop. 
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Figure 20 Estimation method options 

 

After finishing all the settings, click ‘OK’ in Figure 16 to run the analysis. The result is shown 

in an output file, name as Test_Output.spv. Figure 21 is the screen short of the analysis result 

for the example.  

 

The result in Figure 21 shows that the run stopped after 25 iterations due to the sum of 

squares is smaller than       . The estimated values of parameters K, a, b are 0.177, 

5.706 and 0.282. Since the 95% confidence interval for K is from 0.134 to 0.221, the interval 

for a is from 0.726 to 10.687, and the interval for b is from 0.024 to 0.093. Since all the 95% 

confidence intervals for K, a, b do not include 0, so that the estimated result is acceptable. 

From the parameter correlation coefficients table, we know that the correlations of 

parameter between K and a, K and b are negative correlation, whereas the correlation 

between a and b is positive correlation. Also, there is a strong linear relation between a and 

b. The ANOVA result indicates that the logistic model fit the data very well, because 

             , as described before that when        , then it is believed that the 

curve fits the data well. 
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Figure 21 SPSS output of the example 

 

4.3 Car ownership model estimation 

The car ownership model, estimated in this thesis report, is the sub-model in ‘Sampers’. As 

described in previous chapter, the car ownership model in ‘Sampers’ depends on the 

individual entry and exit probability. Therefore, to forecast the number of car owners, the 

entry and exit probabilities in the future should be known. As a result, the coefficients in 

entry and exit probability equations need to be estimated. In another word, the estimation 

of the model is the estimation of the coefficients in the entry and exit probability functions. 

 

In the estimation example, we do not know what the curve looks like, so that curve 

estimation needs be done to find the best curve (the best expression) that fit the 

observations. However, from Matstoms (2002), we know the expression to be estimated, 

that is the entry and exit probability expressions (7) and (8). So that we do not have to 

generate the scatter plot and do the curve estimation. We start the model estimation from 

nonlinear regression analysis.  

 

To estimate the model, the input data should be determined first. In the estimated functions, 

the entry and exit probabilities are the independent variables while the others are 

dependent variables. Based on the observed population and the number of car owners in 

the observation data, the entry and exit probabilities can be calculated according to the 

entry and exit probabilities definitions in chapter 2.3.2. In general, the input data for the 
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estimation procedure is listed in Table 6. 

 

Table 6 The input data for estimation 

Entry 

probability 

( ) 

Exit 

probability 

( ) 

 

Input data 

*  New car owners per year, municipality, age, income 

group, sex 

*  Population per municipality, year, age, income group, 

sex 

* * Car owners per year, municipality, age, income group, 

sex 

* * Mean income per year, municipality, age, income group, 

sex 

*  Petrol price, mean value per year 

*  Yearly changed GDP per year 

 * Quitters per year, municipality, age, income group, sex 

*  Time factor per year 

 

The ‘*’ symbol in Table 6 marks what kind of input data will be used in the model estimation. 

 

The input data in this thesis report is the same as the data used by Matstoms (2002). The 

data is the aggregated data from 1980 to 1995 in Stockholm, Solna and Sundbyberg. The 

following input data is from the Swedish National Road and Transport Research Institute 

(VTI): 

 

 The population for each municipality, each year, each age, each gender and each income 

group; 

 The average income for each municipality, each year, each age, each gender and each 

income group; 

 The number of car owners in the base and current year for each municipality, each year, 

each age, each gender and each income group; 

 The number of new car owners for each municipality, each year, each age, each gender 

and each income group; 

 The number of car owners who completely discard cars for each municipality, each year, 

each age, each gender and each income group. 

 

With the input data from VTI and according to the definition about entry probability   and 

exit probability  : 
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the entry and exit probability from 1980 to 1995, for each municipality, each year, each age, 

each gender and each income group are determined. 

 

The annual average sale price of petrol from 1980 to 1995 is from SVENSKA PETROLEUM & 

BIODRIVMEDEL INSTITUTET (Försäljningspris vid pump av bensin i Sverige, 2010). In Matstoms 

model, the average income is given in the monetary value of 1992. Therefore, the petrol 

price should be corrected for inflation by using CPI (Consumer Price Index) based on the 

monetary value of 1992. The CPI data from 1980 to 1995 is from Statistics Sweden (KPI, 

2011). The yearly changed GDP of Sweden from 1980 to 1995 is from Ekonomifakta 

(BNP-Sverige, 2011). And the time factor from 1980 to 1995 is shown in Figure 6, section 3.2. 

 

The estimation is made for each gender, each age group and each municipality group. In 

Matstoms (2002), the municipalities in Sweden are classified into seven groups. In this report, 

municipality group one is chosen, which includes Solna, Stockholm and Sundbyberg. The 

serial numbers of these three municipalities in SCB are 184, 180 and 183, separately. The age 

group is defined in Table 4, section 3.2. Hence, for this municipality, there will be 2 (gender) * 

3 (age group) = 6 models for entry or exit probability. 

 

The example of input data typed in SPSS database is shown in Figure 22. It lists the entry 

probability and average income for 17-year-old man (A in the Figure) in each income group in 

Stockholm in 1980. Also, the petrol price (BP in the Figure), time factor (TF in the Figure) and 

GDP (GDP in the Figure) in 1980 are given. 

 

 

Figure 22 Entry probability estimation input data for man in age group 1 

 

In many cases, there are too few individuals in the observed group, in which cases the entry 

and exit probability cannot fit the reality well. As a result, for the entry probability model, 

the input data are the observations that individuals who have no car in the previous year are 

more than 100, ignore those less than 100. While for the exit probability model, the input 

data are the observations with the number of car owners in the previous year more than 100. 

The observations less than 100 are ignored. 

 

In this report, the estimation is done by weighted nonlinear regression analysis. Hence, 
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before setting the regression analysis model, the weighted variable should be chosen first. In 

the entry probability model, the population is chosen to be the weighted variable while in 

the exit probability model, the number of car owners in the previous year is chosen to be the 

weighted variable. Figure 23 is the weighted variable for entry probability.  

 

 
Figure 23 Weighted variable 

 

Follow the steps in section 3.2 to do the estimation. Click ‘Analysis → Regression → 

Nonlinear’ to do the nonlinear regression. In the entry probability model, draw the 

‘Entry_probability’ into the dependent box. Set up parameters c0, cI, cBP, cTF, cGDP, cA with 

starting value equals to zero and type in the expression shown in equation (7). Keep the 

default loss function as well as estimation method and run the analysis.  

 

What should be attention to is that time factor TF, petrol price BP and dummy variable P are 

not included in all entry probability sub-models. The reason is that these variables are either 

have no relevant to or have been proved non-significant in the corresponding sub-model 

(Matstoms, 2002). In the modeled municipality group, time factor takes effects in the 

sub-models of men in age group three and women in the older two age groups; petrol price 

has no effect on the sub-model of men in the oldest age group; dummy variable is active 

only for men of 65-year-old. 

 

Figure 24 is the sub-model of entry probability for men in the first age group. Since time 

factor has no effect on the young generation, therefore, TF in not included in this sub-model.  
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Figure 24 Nonlinear regression for entry probability sub-model of men from 17 to 24 

 

The exit probability model is simpler than entry probability model, which only influenced by 

age and average income. Figure 25 is the sub-model of exit probability for men in the first 

age group. Note that the age group classification for entry and exit probability model is 

different. ‘Exit_probability’ is the dependent variable and c0, cI, cA are the parameters to be 

estimated, whose starting values are all zero. Type in the expression shown in equation (8), 

keep the default loss function as well as estimation method and run the analysis. 
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Figure 25 Nonlinear regression for exit probability sub-model of men from 17 to 22 

 

The parameter value estimation results for entry probability are shown in Table 7. 
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Table 7 Entry probability model estimation results 

Gender 1 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 0.057 0.171 0.114 0.641 0.866 0.754 0.004 0.026 0.015 

cI 0.643 0.731 0.687 0.232 0.252 0.242 1.327 1.451 1.36 

cA -0.085 -0.06 -0.073 -0.036 -0.034 -0.035 -0.098 -0.081 -0.09 

cBP -1.017 -0.573 -0.795 -1.136 -0.99 -1.063    

cTF       0.376 0.628 0.497 

cGDP 0.036 0.065 0.05 0.016 0.024 0.02 0.005 0.032 0.019 

cP    0.556 0.697 0.627    

   -- -- 0.79 -- -- 0.74 -- -- 0.71 

Gender 2 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 0.038 0.114 0.079 0.149 0.231 0.226 0.001 0.015 0.008 

cI 0.727 0.832 0.778 0.424 0.471 0.427 1.302 1.437 1.37 

cA -0.059 -0.034 -0.047 -0.035 -0.033 -0.034 -0.095 -0.079 -0.087 

cBP -1.913 -1.494 -1.71 -1.384 -1.208 -1.328 -0.025 -0.003 -0.014 

cTF    0.164 0.255 0.223 0.966 1.303 1.135 

cGDP 0.008 0.035 0.022 0.002 0.012 0.006 -0.016 -0.005 -0.009 

   -- -- 0.77 -- -- 0.7 -- -- 0.71 

LB: Lower bound; 

UB: Upper bound; 

Est.: Estimated parameter value. 

 

The highest    value is 0.79 for the sub-model of man in the first age group. The lowest    

value is 0.7 for the sub-model of woman in the middle age group. Hence, the sub-model of 

man in the first age group fits the observation data best. Compare to the other five 

sub-models, the one of woman in the middle group fits the observation data worst. However, 

the values of    for each sub-model are all higher than 0.7. This means all the six estimated 

sub-models match the observation data well. 

 

The 95% confidence interval for each parameter does not have zero included, so all the 

variables are significant. The parameter value of average income is consistently positive. This 

means the income has a positive impact on entry probability. For each gender, sub-model of 

age group two has the lowest parameter value, while the sub-model of age group three has 

the highest parameter value. Hence, individuals in age group three are most sensitive to 

average income, but those in age group two are least sensitive to average income. For the 
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sub-models in the same age group, the parameter values of average income for women are 

always higher than those for men. In another word, average income has more impact on the 

entry probability of women. 

 

The parameter value of age is consistently negative, which means the increasing of age will 

lead to the decreasing of entry probability. For each gender, the absolute value of age group 

three is bigger than the other two age groups. This indicates age has much more influence to 

the individuals in the oldest age. 

 

The economic growth, expressed as the changed GDP in percentage has a positive effect on 

the entry probability. The higher increased GDP indicates the more growth of economic, 

which will lead to more employment and more income for individuals. In Table 7, except for 

the sub-model of women in age group three, all the parameter values of growth GDP are 

positive. Therefore, the GDP variable is not significant to the sub-model of women in age 

group three. 

 

The parameter values of petrol price are negative for all sub-models, which means that the 

entry probability declines with the increasing of petrol price. Time factor TF is a factor 

describing the proportion of individuals’ who are used to drive cars in a certain year, which 

mainly affects the decision of older individuals. From Table 7, it has a positive impact on car 

purchase, because the parameter values are positive. Only in sub-model of men in the 

second age group is dummy P included. The parameter value is positive since the entry 

probability increased when men of 65-year-old. 
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Table 8 Exit probability model estimation results 

Gender 1 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 1.442 3.266 2.854 2.998 3.369 3.183 0.021 0.056 0.039 

cI -0.268 -0.241 -0.254 0.343 -0.307 -0.325 -0.559 -0.438 -0.498 

cA -0.062 -0.036 -0.051 -0.046 -0.043 -0.045 0.036 0.043 0.039 

   -- -- 0.62 -- -- 0.62 -- -- 0.4 

Gender 2 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 1.5 6.229 3.865 1.714 1.965 1.84 0.025 0.073 0.049 

cI -0.292 -0.177 -0.235 -0.169 -0.173 -0.171 -0.321 -0.144 -0.283 

cA -0.086 -0.034 -0.06 -0.048 -0.042 -0.045 0.024 0.036 0.03 

   -- -- 0.43 -- -- 0.76 -- -- 0.41 

LB: Lower bound; 

UB: Upper bound; 

Est.: Estimated parameter value. 

 

Table 8 lists the parameter estimation results of exit probability models. The 95% confidence 

interval for each parameter does not have zero included, so all the variables are significant. 

Unlike the    values in Table 7, there are several sub-models who have lower    values. 

The highest    value is 0.76 for the sub-model of woman in the middle age group. This 

sub-model fits the observation data well. For sub-models of man in the younger two age 

groups, the    values are 0.62. These two sub-models fit the observation data good, 

although they are a little worse than the sub-model for woman in the middle age group. 

However, the left three sub-models have lower    values. The lowest    value is 0.4 for 

the sub-model of man in the oldest age group, which does not fit the observation data well. 

 

The parameter value of average income is consistently negative, which is opposite to the 

entry probability. This means individuals are reluctant to dispose their cars when they earn 

more money. The parameter values of age are negative for the first two age groups, but 

become positive in the oldest age group. This means the increasing of age will lead to the 

decreasing of exit probability for individuals younger than 55-year-old. However, for the 

elder individuals, it has a positive effect on the exit probability. 
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5. Car ownership model validation 

Before using the estimated model to do car ownership forecasting, it is important to validate 

whether the estimated model coincides with the reality. First of all, Figure 26 and 27 show 

the comparison of the observed entry probability, the modeled entry probability in 

Matstoms (2002), and the entry probability using the estimated model in this report. Figure 

26 is the entry probability of men from 17 to 90 years old in Stockholm in 1995. The 

observed entry probability can be calculated by using the input data, according to the 

definition in section 2.3.2. 

 

 

Figure 26 The entry probability of men (from 17 to 90 years old) in Stockholm in 1995 

 

The legend ‘in_prob_ob’ in Figure 26 means the observed entry probability. The legend 

‘in_prob_vti’ means the modeled entry probability in Matstoms (2002). And the legend 

‘in_prob_my’ means the entry probability using the estimated model in this report. 

 

From Figure 26, the entry probability first increase and then decrease as the increase of age. 

Also, there is an increase of entry probability for men of 65-year-old. The result from the 

estimated model in this report is almost the same as the result from the model in Matstoms 

(2002) for men younger than 65-year-old. Nevertheless, the modeled entry probability in 

Matstoms (2002) decreases sharply after 65-year-old and then becomes close to zero. This is 

different from the observed entry probability. However, the entry probability using the 

estimated model in this report fits the observed entry probability well. Here is the 

calculation example of a 70-year-old man, which shows the difference among the 

observation and the two entry probability models: 
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The observed entry probability:          
                 

                   
 

  

         
       

The modeled entry probability in Matstoms (2002): 

                  
                                    

                                                 

             

The entry probability using the estimated model in this report: 

                 
                                    

                                               

      

 

The example shows that the entry probability using the estimated model in the report for a 

70-year-old man in Stockholm, in 1995, is 0.03, which is close to the observation value 0.026. 

However, the modeled entry probability in Matstoms (2002), which equals to            , 

is about zero and much smaller than the observation. 

 

 

Figure 27 The entry probability of women (from 17 to 90 years old) in Stockholm in 1995 

 

Figure 27 is the entry probability of women from 17 to 90 years old in Stockholm in 1995, 

which has the same legend in Figure 26. As the entry probability of men, the entry 

probability of women increase first and then decrease with the growth of age. The two 

modeled entry probabilities of women in Stockholm in 1995 are close to each, which match 

the observed entry probability well. In general, from Figure 26 and 27, the estimated entry 

probability model in this report is in good agreement with the observation. 
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When it comes to the exit probability, there is large difference between the observation and 

the modeled exit probability in Matstoms (2002). For individuals younger than 55-year-old, 

the modeled exit probability in Matstoms (2002) is close to zero. Take a 30-year-old man in 

Stockholm, in 1995, as example: 

 

The observed exit probability:          
               

        
 

   

    
      

The modeled exit probability in Matstoms (2002): 

                  
                                                    

The exit probability using the estimated model in this report: 

                 
                                               

 

The example shows that the exit probability using the estimated model in the report for a 

30-year-old man in Stockholm, in 1995, is 0.156, which is close to the observation value 0.17. 

The modeled exit probability in Matstoms (2002), which equals to           , is much 

smaller than the observation. Figure 28 is the exit probability of men from 17 to 55 years old 

in Stockholm in 1995. The legend ‘out_prob_ob’ means the observed exit probability while 

‘out_prob_vti’ means the model exit probability in Matstoms (2002). It shows that for men 

younger than 55-year-old, the exit probability in Matstoms (2002) is always close to zero, 

which is different from the observation. The same case happens to the exit probability model 

for women. 

 

 

Figure 28 The exit probability of men (from 17 to 55 years old) in Stockholm in 1995 

 

For individuals older than 56-year-old, the modeled exit probability in Matstoms (2002) is big. 

Take a 70-year-old man as the other example: 
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The observed exit probability:          
               

        
 

  

    
       

 

The modeled exit probability in Matstoms (2002): 

                  
                                                   

The exit probability using the estimated model in this report: 

                 
                                              

 

The example shows that the exit probability using the estimated model in the report for a 

man of 70-year-old in Stockholm in 1995 is 0.043, which is close to the observation value 

0.023. The modeled exit probability in Matstoms (2002), which equals to           , is 

much larger than the observation. From the exit probability definition, the range of the exit 

probability is from zero to one. The modeled result in Matstoms (2002) exceeds the upper 

bound. This is not correct. The same case happens to the exit probability model for women. 

 

Now let us validate the estimated exit probability model in this report. Figure 29 and 30 give 

the comparison between observed exit probability and the exit probability using the 

estimated model in this report. Figure 29 is for men from 17 to 90 years old in Stockholm in 

1995, while Figure 30 is for women in the same age period, region and year. As shown in the 

figures, the exit probability decrease first and then increase in the older age group. The 

modeled results fit the observation well.  

 

 

Figure 29 The exit probability of men (from 17 to 90 years old) in Stockholm in 1995 
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Figure 30 The exit probability of women (from 17 to 90 years old) in Stockholm in 1995 

 

The final step is to calculate the number of car owners using equation (6). Figure 31 shows the 

number of car owners in Stockholm from 1980 to 1995. The legend ‘Motorist_Curr’ stands for the 

car owners from observation, while ‘My_modeled_owners’ stands for the modeled car owners 

using the estimated entry and exit probability models in this report. From Figure 31, it can be 

seen that the model satisfies the observation well, especially for the early eight years. Therefore, 

the estimated model agrees with the observation and the forecasting from this model is 

believable. 

 

 

Figure 31 The number of car owners in Stockholm from 1980 to 1995 
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6. Forecasting 

6.1 Car owners forecasting 

The forecasting of car owners is year by year. Now we have the observation data from 1980 

to 1995. Therefore, we can take 1995 as the base year and do the forecasting starting from 

1996. The forecasting period is from 1996 to 2010. The forecasting area is Stockholm since 

we estimate the model based on the observation data in Stockholm.  

 

By referring to the statistical data from SCB, the population in Stockholm increased from 590 

thousands to 690 thousands from 1995 to 2010. The yearly average household income 

increased from 220 000 SEK to 307 000 SEK. Reported in (Försäljningspris vid pump av bensin i 

Sverige, 2010), the petrol price increased from 6.85 SEK/liter to 9.93 SEK/liter (corrected for 

inflation by using CPI based on the monetary value of 1992) from 1995 to 2010. The annual 

growth GDP from 1995 to 2010 is listed in BNP-Sverige (2011). Therefore, we make the 

following assumptions: 

 

 the annual increase of population in Stockholm is about 1%; 

 the petrol price increases at the rate of 2.5% per year; 

 the average income increase 2.2 percent; 

 the annual growth GDP is 2.5 percent. 

 

These are the basic assumptions of forecasting. 

 

According to equations (6), (7) and (8), there are four variables which will influence the 

forecasting results: the growths of GDP each year, the increase rate of average income per 

year, the rising percent of petrol price every year, as well as the gain of population annually. 

To analyze how sensitive each variable is, four scenarios are made. 

 

The first scenario is to analyze the influence from growth GDP. Based on the basic 

assumption above and compare the forecasting results with the annual growth GDP equals 

to 2.75% (10% higher than the basic growth GDP assumption) and 2.25% (10% lower than 

the basic growth GDP assumption), see Figure 32. 
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Figure 32 Car owners forecasting with different GDP growth rate in Stockholm from 1996 to 

2010 

 

The three curves plotted in Figure 32 are close to each other, which indicate that the changes 

from annual growth GDP have no much influence on the number of car owners. The 

forecasted annual increase of the number of car owners based on the basic assumption is 

1.41%. When raising the growth GDP for 10 percent, the forecasted annual increase of the 

number of car owners raise to 1.42%, with 185935 car owners in 2010. On the contrary, 

when reduce the growth GDP for 10 percent, the forecasted annual increase of the number 

of car owners decreases to 1.39%, with 184995 car owners in 2010. 

 

The second scenario is to analyze the influence from average income. Based on the basic 

assumption and compare the forecasting results with the annual growth average income 

equals to 2.42% (10% higher than the basic growth average income assumption) and 1.98% 

(10% lower than the basic growth average income assumption), see Figure 33. 
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Figure 33 Car owners forecasting with different average income growth rate in Stockholm 

from 1996 to 2010 

 

As Figure 33 shows, raising the average income increase rate will adding the forecasted 

number of car owners. And the forecasted annual increase of the number of car owners raise 

to 1.47%, with 187332 car owners in 2010. Yet, the decrease of income rate will cut down 

the forecasted number of car owners and the forecasted annual increase of the number of 

car owners decreases to 1.34%, with 183612 car owners in 2010. Compare with the changes 

in Figure 32, the variation from the average income is bigger than that from growth GDP. 

 

The following third scenario is to analyze the influence from petrol price. Based on the basic 

assumption and compare the forecasting results with the annual growth petrol price equals 

to 2.75% (10% higher than the basic growth petrol price assumption) and 2.25% (10% lower 

than the basic growth petrol price assumption), see Figure 34. 
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Figure 34 Car owners forecasting with different petrol price growth rate in Stockholm from 

1996 to 2010 

 

Opposite to growth GDP and average income, the increase of petrol price growth rate will 

decrease the forecasted number of car owners. When increase the petrol price growth rate, 

the forecasted annual increase of the number of car owners decrease to 1.3%, with 182541 

car owners in 2010. The decrease of petrol price growth rate leads to the increased 

forecasted number of car owners growth rate, which equals to 1.51%, with 188462 car 

owners in 2010. 

 

The last scenario is to analyze the influence from population. Based on the basic assumption 

and compare the forecasting results with the annual growth population equals to 1.1% (10% 

higher than the basic growth population assumption) and 0.9% (10% lower than the basic 

growth population assumption), see Figure 35. 
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Figure 35 Car owners forecasting with different population growth rate in Stockholm from 

1996 to 2010 

 

The variation of number of car owners from population changes in Figure 35 is similar like 

those from average income. When raising the population growth for 10 percent, the 

forecasted annual increase of the number of car owners raise to 1.5%, with 188159 car 

owners in 2010. When reduce the population growth rate for 10 percent, the forecasted 

annual increase of the number of car owners decreases to 1.31%, with 182805 car owners in 

2010. 

 

 

Figure 36 Sensitivity comparison for different variables 

155000  

160000  

165000  

170000  

175000  

180000  

185000  

190000  

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 

N
o

. o
f 

ca
r 

o
w

n
e

rs
 

Year 

annual population increase 1% annual population increase 1.1% 

annual population increase 0.9% 

0.71 

4.26 

-7.8 

6.38 

-1.42 

-4.96 

7.09 

-7.09 

-10 

-8 

-6 

-4 

-2 

0 

2 

4 

6 

8 

GDP income petrol price population 

Th
e 

ch
an

ge
s 

o
f 

an
n

u
al

 c
ar

 o
w

n
e

r 
gr

o
w

th
 

ra
te

 in
 p

er
ce

n
t 

(%
) 

increase decrease 



 

58 
 

Figure 36 shows the influence comparison from different variables. The number above or 

below each column is the changes of annual car owner growth rate in percent. The increase 

of petrol price has the biggest impact on car owners, which decrease the annual car owner 

growth rate for 7.8%. The change from GDP, on the contrary, has the least impact on car 

owners. The increase of growth GDP only leads to 0.71% increase on annual car owner 

growth rate. To sum up, petrol price is the most sensitive variable, whereas growth GDP is 

the least sensitive variable. 

 

To check out whether petrol price has big influence on car ownership, we remove the petrol 

price variable from the entry probability model and then do the model estimation procedure 

again. The result is shown in Table 9. 

 

Table 9 Entry probability estimation result without petrol price 

Gender 1 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 0.018 0.03 0.024 0.091 0.102 0.096 0.004 0.026 0.015 

cI 0.653 0.746 0.7 0.24 0.263 0.251 1.327 1.451 1.36 

cA -0.086 -0.06 -0.073 -0.036 -0.034 -0.035 -0.098 -0.081 -0.09 

cTF       0.376 0.628 0.497 

cGDP 0.048 0.077 0.062 0.028 0.037 0.033 0.005 0.032 0.019 

cP    0.559 0.712 0.636    

   -- -- 0.77 -- -- 0.69 -- -- 0.71 

Gender 2 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 0.002 0.004 0.003 0.014 0.018 0.016 0.002 0.013 0.007 

cI 0.749 0.874 0.812 0.437 0.477 0.457 1.302 1.437 1.37 

cA -0.062 -0.033 -0.047 -0.035 -0.033 -0.034 -0.095 -0.079 -0.087 

cTF    0.2 0.289 0.245 0.968 1.298 1.133 

cGDP 0.038 0.063 0.049 0.018 0.028 0.023 -0.014 -0.004 -0.008 

   -- -- 0.68 -- -- 0.63 -- -- 0.61 

LB: Lower bound; 

UB: Upper bound; 

Est.: Estimated parameter value. 

 

Because petrol price has no effect on the entry probability of man in the third age group, so 

that the removing of petrol price has no effect to this sub-model. Compared with Table 7, 

except for the    of model for men in the third age group, the coefficient of determination 
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of each model in Table 9 decreases a lot compare to the corresponding value in Table 7. This 

means the petrol price variable plays an important role in the entry probability model. If we 

remove this variable, the estimation result will be influenced. The estimated model without 

petrol price cannot match the observation data as good as the one with petrol price variable. 

Then, there will be a big difference in the forecasting result, comparing to the result taking 

petrol price into consideration. 

 

We also check out the influence from GDP by removing the GDP variable from the entry 

probability model and do the model estimation procedure. The result is shown in Table 10. 

 

Table 10 Entry probability estimation result without GDP variable 

Gender 1 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 0.1 0.295 0.197 0.797 1.067 0.932 0.003 0.025 0.014 

cI 0.632 0.724 0.678 0.229 0.25 0.239 1.329 1.454 1.392 

cA -0.086 -0.06 -0.073 -0.036 -0.034 -0.035 -0.098 -0.081 -0.09 

cBP -1.247 -0.801 -1.024 -1.23 -1.088 -1.159    

cTF       0.339 0.581 0.46 

cP    0.557 0.699 0.628    

   -- -- 0.77 -- -- 0.73 -- -- 0.71 

Gender 2 

Age group 1 2 3 

95% 

confidence 

interval 

LB UB Est. LB UB Est. LB UB Est. 

c0 0.052 0.145 0.099 0.161 0.235 0.198 0.001 0.014 0.007 

cI 0.721 0.825 0.773 0.433 0.47 0.452 1.304 1.439 1.371 

cA -0.059 -0.034 -0.047 -0.035 -0.033 -0.034 -0.095 -0.079 -0.087 

cBP -2.01 -1.61 -1.81 -1.417 -1.248 -1.333 0.029 0.034 0.032 

cTF    0.149 0.236 0.192 0.981 1.312 1.147 

   -- -- 0.76 -- -- 0.68 -- -- 0.61 

LB: Lower bound; 

UB: Upper bound; 

Est.: Estimated parameter value. 

 

Compare to Table 7, the    of each model in Table 10 are close to the results listed in Table 

7. This means the removing of GDP variable has no big influence on the entry probability. 

Therefore, there will be no big difference about the number of car owners between the 

model with GDP variable and the one without GDP variable. 



 

60 
 

6.2 Model recommendation test 

From the sensitive analysis, GDP has the least impact on the number of car owners. Both 

average income and GDP are economic factors. Therefore, we formulate the hypothesis that 

GDP variable can be removed from the model.  
 

From Table 7 and 10, the    of the model with GDP has the similar value with the model 

without GDP. Hence, we cannot judge whether the recommendation can be accepted by 

referring to the    comparison. Normally, except for judging from   , chi-square test is 

also used to evaluate how the model fit the observation data. The distribution of difference 

of chi-square value between two models is also chi-square distributed (Schermelleh-Engel, 

2003). So that the chi-square difference test can be used to evaluate whether a given model 

fits the observation data better or worse than the competing model. 

 

Assume the competing model (take it as a new model) is one parameter less than the given 

model (take it as the original model). The degree of freedom for the original model is     

and the degree of freedom for the new model is    .   
       stands for the chi-square 

value of the new model, while   
       stands for the chi-square value of the original model. 

Therefore, the number of degrees of freedom for the difference is  

 

                                          (24) 

 

The difference in chi-square value is 

 

     
            

         
                           (25) 

 

From Schermelleh-Engel (2003), the difference of chi-square value between two models is 

also chi-square distributed. Hence, the difference of chi-square value      
          is 

distributed with degree of freedom       .  

 

Let P denote the probability that the hypothesis of removing the GDP variable can be 

accepted.   is the significance probability. If    , it means it is almost impossible for the 

new model fitting the observation data better, refuse the hypothesis. If    , it means the 

new model fits the observation data better than the original one, accept the hypothesis. The 

chi-square table shows the chi-square values              for different significance 

probability   and degree of freedom level       . 

 

Given the significance probability, if the difference of chi-square value      
          is smaller 

than the chi-square value             , then it means    , the new model fits the 

observation data better. If the difference of chi-square value      
          is bigger than the 

chi-square value             , then it means    , the original model fits the observation 

data better. 

 

If we remove the GDP variable from the original model and take it as the new model, so that 
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the new model is one less parameter than the original one. The degree of freedom 

        . By referring to the chi-square table, the chi-square value                     

 

For each age group and gender, take the new model and the original model as a pair. The 

difference of chi-square value for each pair sub-model is shown in Table 11. 

 

Table 11 The difference of chi-square value for each pair sub-model 

Chi(0.05,1) Gender=1 Gender=2 

Age 

group 1 

Age 

group 2 

Age 

group 3 

Age 

group 1 

Age 

group 2 

Age 

group 3 

3.8415 0.0812 0.7088 0.0477 0.0555 0.1761 0.0279 

 

From Table 11, it shows that all the differences of chi-square value for each pair sub-model 

are smaller than 3.8415. This means the new model estimation is better than the original 

model. Hence, we can accept the hypothesis of removing the GDP variable. 
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7. Conclusion 

This report surveys the area of vehicle ownership models. The vehicle ownership models 

mainly consist of the estimation of the number of vehicles at the end of forecasting year, and 

the ownership rate is defined as vehicles divided by population. There are many factors that 

will influence the vehicle ownership. Generally speaking, it can be categorized into three 

classes: economic factors, demographic factors as well as regional factors. In different vehicle 

ownership models, there will be different key factors. The vehicle ownership model can be 

further classified into aggregate model and disaggregate model. The aggregate vehicle 

ownership model take the number of vehicle in a certain cohort (such as the same age, fuel 

type, etc.) input data. It operates on national or regional level for the long-term forecasting 

and macro-economic policy analysis. The disaggregate vehicle ownership model is opposite 

to the aggregate model, it take the individual level data as the input data. It operates on 

household or individual level for short-term forecasting and micro-economic policy analysis.  

 

In most countries, vehicle fleet models are combined together with ownership model. The 

outcome from ownership models is usually used as the input for fleet model, which is used 

to estimate the composition of the vehicle fleet, such as vehicle type, fuel type, and so on. 

Then, it can be further used for energy consumption and emission forecasting. It can also be 

used to make the tax strategy for the government.  

 

In this thesis report, we mainly focus on car ownership models. The car ownership model in 

‘Sampers’ is chosen to do the model estimation in the thesis report. The estimation is done 

by using SPSS. The model is composed of individual entry and exit probability. So that for 

each model, 6 sub-models (2 gender, 3 age groups) has been estimated. The coefficient of 

determination can be used to judge fitness of the estimation. From the estimation result, we 

can find that most coefficients of determination values are higher than 0.6, except for the 

exit probability model for woman in the youngest age group and individuals in the oldest age 

group. 

 

A validation is done to compare the estimation result from the model in Matstoms (2002) 

and the model in this thesis. From the validation result, we find that the estimation result 

from this thesis is lightly different with the model in Matstoms (2002). Four forecasting 

scenarios have been done to do the variable sensitive analysis. The forecasting results show 

that in Stockholm, the petrol price is the most sensitive factor that will influence the car 

ownership. On the contrary, GDP is the least sensitive factor, which will not play a big effect 

for individual car purchase. Hence, the researchers should pay more attention to the petrol 

price variance when doing the ownership forecasting in Stockholm. Two other model 

estimations have been carried out, by removing petrol price or GDP variables. They also 

showed that petrol price is most sensitive variable compare to others, since the estimation 

result get worse when removing the petrol price. However, if we remove the GDP variable, 

the forecasting result is similar to the one from the model with GDP variable. 

 

Since GDP is not sensitive to the car ownership model, and both the average income and 
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GDP are economic factors. The less variable will save more labor force and time, so that we 

recommend removing the GDP variable. Chi-square difference test is used to compare the 

results from the model with GDP and the model without GDP. From the chi-square difference 

test, we find that both models fit the observation well, so we can accept the hypothesis that 

the GDP variable can be removed. 
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