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Abstract 

Using a unique household panel we estimate demand for car ownership by means of a dynamic 

multinomial model with correlated random effects. Results suggest that the persistence in car 

ownership observed in the data should be attributed to both true state dependence and to unobserved 

heterogeneity (random effects). It also appears that random effects related to single and multiple car 

ownership are correlated, suggesting that the IIA assumption employed in simple multinomial 

models of car ownership is invalid. Relatively small elasticities with respect to income and car costs 

are estimated. It should, however, be noted that quantitative importance of state dependence is 

considerably larger for households with single car ownership as compared with multiple car 

ownership. This suggests that the holding of a second car will be more affected by changes in the 

socioeconomic conditions of the household and by economic policy shocks.  

 

Jel codes: C23, C25 and R41 
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1. Introduction 

The stock of cars held by individual households is observed to be persistent when the household is 

observed repeatedly. If a given household has one car in one year then it is likely to be observed 

holding one car also in the following year. This pattern will have important implications for 

assessing the impact of policy shocks on the probability of changing the car stock in the short and 

long run. In this paper we present an empirical analysis of the dynamics of car holdings that allow 

us to characterize the persistence in the car stock at the household level.  

 Persistence in the car stock at the household level can arise for different reasons. One 

possibility is that persistence is caused by unobserved household specific preferences for car 

holdings that are constant across time. This is known as “spurious” state dependence, Heckman 

(1981). Alternatively, it can be due to, for example, the presence of transaction costs associated 

with adjusting the size of the car stock or with habit formation. Transaction costs are unobserved 

but not fixed across time, and will show up as “true” state dependence. These two sources of 

persistence nevertheless have very different implications in terms of policy analysis. For example, 

consider a policy introducing a new tax on car ownership. If persistence is caused by unobserved 

fixed differences in preferences for cars then this policy will have an immediate effect that is 

identical in both the short and the long run. On the other hand, if persistence is generated by the 

presence of transaction costs associated with adjusting the car stock then the policy will have an 

effect that is different in the short and the long run. 

 An econometric model should be capable of handling both sources of persistence. To 

distinguish between these two types of persistence we estimate a dynamic discrete choice model 

with unobserved time-invariant heterogeneity employing the approach suggested by Wooldridge 

(2002a). Estimating this model will permit us to evaluate the importance of time invariant 

unobserved heterogeneity versus state dependence. The analysis is based on an extraordinary data 
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set allowing us to follow the car stock of a large number of individual households over a period of 

ten years. The dataset is based on merged public administrative register data that give us 

information on the car stock, income, family composition, age etc. for a large number of households 

for the period 1992 to 2001. Most previous studies are based on either aggregate data or micro 

cross-section data. Some studies based on repeated cross-section data employ pseudo panel 

methods; see for example Dargay and Vythoulkas (1999), and Dargay (2001). Both types of data 

lack the idiosyncratic aspect, and such methods cannot be used to distinguish between persistence 

due to unobserved heterogeneity and persistence due to state dependence.  

 The few previous studies, which have employed micro panel data, have either made arbitrary 

assumptions regarding the nature of the persistence in data or used less general specification of the 

empirical model than the one applied here. As an example, Meurs (1993) assumed that the 

persistence in car ownership should be attributed to unobserved heterogeneity. Kitamura and Bunch 

(1990) estimated models which included both state dependence and unobserved heterogeneity. 

However, they applied an ordered probit model, which is restrictive in the sense that the same index 

function is used to determine both single and multiple car ownership (with the exception of a 

threshold parameter). That is, changes in socioeconomic variables have the same effect (on the 

index) for single and multiple car ownership.  The multinomial logit model is more flexible as it 

allows for different parameters for single and multiple car ownership. This is likely to be important 

if a first car does not serve the same purpose as a second car. In a previous paper based on the same 

data source as applied here Bjørner and Leth-Petersen assessed the dynamic properties of single 

adults and households consisting of two adults (“couples”). For couples the decision to hold two 

cars relative to one was modelled as a separate decision from the decision to hold one car relative to 

no car. This assumption simplifies estimations, but the assumption is questionable, because 

households that for some unobserved reason prefer to hold one car more than no car are also likely 
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to have unobserved preferences for holding two cars. Such unobserved correlated heterogeneity in 

demand for car ownership can arise, for example because households have different access to public 

transport that can be used as a substitute for car transportation. In this paper a more complete 

analysis is presented for the decision for couples to hold 0, 1 or 2 cars. Here the choice of car stock 

is modelled as a dynamic multinomial choice model that allows for unobserved correlated 

heterogeneity across car stock categories.  

 Results show that both unobserved time invariant heterogeneity and state dependence are 

important factors to include in the analysis of household car ownership. Households are shown to 

respond very little in the short run to changing income and user cost levels. This has important 

implications for understanding the effects of policy measures in the short run.  

 In the next section we present the dataset. In section 3 the econometric framework is lined up 

and results are presented in section 4. Section 5 assesses the economic importance of different 

policy shocks. Section 6 concludes. 

 

2. Data 

The analysis is based on a household level panel data set with information about 10,565 households 

that we are able to follow in all years in the period 1992-2001. The dataset is constructed by 

merging different public administrative registers at the individual level. This is possible because 

each individual in Denmark has a unique civil registration number that is linked to the information 

in the different registers. The civil registration number allows us, together with the address, to 

construct household units. In this way we are able to characterize the complete household in terms 

of car holdings, income, age, family composition, location of residence, labour market participation 

status. It has been widely recognized that the combination of public administrative registers and the 

unique civil registration number yields longitudinal data, which are quite remarkable by 
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international standards, see e.g. Frank (2000). Over the last years these data have been used in fields 

like medicine and labour market research. By combining the data with information on car 

ownership obtained from the Danish Central Register for Motor Vehicles we are able to link 

information on car ownership. The information from the Central Register for Motor Vehicles is 

used to collect annual ownership taxes and is therefore considered very accurate. Based on this 

information we calculate the degree of car ownership during the year and subsequently define a 

discrete car ownership variable (0 if the degree of car ownership during the year was less than 0.5, 1 

if the degree was between 0.5 and 1.5 etc.).  

 Company cars available to private households, but owned by a company cannot be linked with 

households based on the information from the Danish Central Register for Motor Vehicles. 

However, information about the presence of a company car in a household was obtained from a tax 

register (as individuals with a company car in Denmark are to pay income tax on the benefits of 

having a car at their disposal). 

  Socioeconomic variables related to the household were extracted from the tax register and other 

sources. We have information on income (before and after tax), social transfers, demographic 

information, labour market status and location at municipal level. The municipality of the 

workplace was also obtained and used to calculate a measure of commuting distance. An index for 

the cost of car ownership was calculated from aggregate information about fuel prices, ownership 

tax, repair costs, insurance costs, price of new cars and net rate of return (alternative cost). There is 

only variation in the car cost index across time, but not between households in a given year. 

 For the analysis we consider a selected sample of households. First of all we consider only 

households consisting of couples, and we consider the choice between holding 0, 1 or 2 cars.1 For 

single households the choice of car stock is in practice binary. This analysis is presented in Bjørner 
                                                 

1 Only 1-2% of the singles have multiple private car ownership, while less than 1% of the couples own 3 cars 
(calculated for households without self-employed and without company cars). 
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and Leth-Petersen (2005). Moreover, households where one person is self-employed are deselected. 

This is because self-employed individuals have highly unstable incomes when measured by the tax 

assessed income (which may not reflect their real consumption possibilities). We consider only 

households where the oldest person is aged 18 years or more. Finally, we do not consider 

households that have a company car. We prefer to focus on privately owned cars, because it seems 

likely that the decision-making process to own a private car is different from the process of 

obtaining a company car.  

 

Descriptive statistics 

We have postulated that car ownership status is persistent across time. This claim is backed by the 

evidence in table 1. The table shows the number of changes in car ownership status across 

households in the period 1992-2001. The table shows that more than half of the households in the 

sample never change ownership status in the observation period, and that including up to two shifts 

in ownership status accounts for roughly 95% of the sample.  

 

  Table 1. Number of changes in car ownership status across  
 households in the period 1992-2001 

No. households=10,565 0 1 2 3 4+ 

Share of households % 56 25 13 4 2 

 

Among those never changing ownership status in the observation period car ownership status is 

distributed as shown in table 2. The overwhelming majority of households with stable ownership 

status have held one car. 
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 Table 2. Distribution of car ownership status for households 
 with stable ownership status 

No. households=5,939 0 1 2 

Share of households % 14 82 4 

 

The distribution for those households changing status one time in the observation period is given in 

table 3. Most shifts are from either no car to one car or from one car to 2 cars, i.e. there is indication 

of a general tendency for accumulating cars within the households in the sample. 

 

 Table 3. Distribution of changing pattern for households  
 changing ownership status one time in the observation period 

No. households =2,652 0 →1 1 →0 1 →2 2 →1 

Share of households % 35 15 28 22 

 

Selection of explanatory variables and choice of transformation of those were based on previous 

studies and preliminary estimations using pooled multinomial logit models. As income measure we 

use log of household income after tax measured in 1997 price level (linc). This measure includes 

wage, pensions, net capital income as well as the most important non-taxed public transfers like 

child support (given in Denmark independent of income), subsidies for housing rents and social 

benefits. Age is included both in linear and squared forms. A number of dummies indicate labour 

market status for males and females distinguishing between status as employed (work), unemployed 

(unemp). The reference is individuals outside the labour market (as described, households with self-

employed are excluded). For respondents employed we calculate a measure of commuting distance 

based on the mean distance between municipality of living and working. For individuals living and 

working in the same municipality the expected commuting distance was calculated based on the 

size of the municipality. The square root of commuting distance was included in the models 
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(denoted distm_sr and distf_sr for males and females, respectively).2 Dummy variables are included 

to indicate the presence of children under 18 years of age (dchild_m) and adult children living with 

their parents (dchild_a). The variable (lusc) is the log of car user costs, giving the development in 

car cost (purchase, ownership and use) relative to consumer prices (normalized to 1 in 1997). A 

trend variable normalized at 0 in 1993 is included to account for time effects (annual dummies 

cannot be included along with lusc). Finally, two dummy variables are included to indicate degree 

of urbanization. One dummy (cph) indicates if the household resides in Copenhagen and another 

dummy (town) indicates if the household lives in an urban area outside Copenhagen. The reference 

is households living in rural areas. 

 Summary statistics for all the variables included in the analysis is given in the appendix.  

 

3. Econometric model 

The purpose of the paper is to estimate probability models of car ownership status that can fall into 

one of three categories: 0, 1 or 2 cars. We estimate three versions of the multinomial logit model 

with an increasing degree of sophistication. The reference model is the (static) pooled multinomial 

logit model.  

 In the second model we expand the pooled multinomial logit model by introducing 

unobserved heterogeneity. It is assumed that the unobserved heterogeneity of each category is 

uncorrelated with the explanatory variables in the model, i.e. a random effect. However, we allow 

the random effects of the categories to be correlated to take into account that households that for 

                                                 

2 Municipality of workplace was not recorded in 2% to 5% of the cases (for persons working). To accommodate this in 
our econometric models we include dummy variables taking the value one if this information is missing. 
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some unobserved reason prefer to own one car instead of no car may also be likely to prefer two 

cars. 

 In the third model the random effects model is extended by also allowing for state 

dependence, i.e. inclusion of lagged car ownership status. By introducing state dependence we will 

be able to assess the quantitative importance of the two sources of persistence that appears in the 

raw data series.  

 In terms of estimation, the model with random effects and state dependence is the most 

complicated. The econometric setup is therefore outlined in terms of this model. The less 

complicated models are special cases of this model. In the next section we present how to estimate a 

multinomial logit model with random effects for panel data, and finally we describe how the initial 

conditions problem associated with dynamic panel data models is handled. Here we follow the 

approach proposed by Wooldridge (2002a). 

 

3.1 Estimation of the dynamic multinomial logit model with random effects 

Consider the discrete choice model, where a given individual choose the stock j, ( 2,1,0=j  cars), 

that gives the highest indirect utility at time t 

 

⎩
⎨
⎧ ===>

=
 otherwise          0

 ,....,1  ;   ,...,1  ;  2,1,0for            if          1 TtNnjVV
y

kitjit

jit  (3.1) 

 

so that ( )Jititit yyy ,..,0= ,  

Indirect utility,  jitV ,  is given by  

 01 jititjijitjjit xyyV εβλγ +++= −     (3.2) 
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where 1−ity  is past observed holdings, itx  is a vector of K observed exogenous variables and 0iy  is 

the initial stock. The inclusion of the initial stock )( 0iy  in the model is related to the initial 

condition problem and will be motivated further in section 3.2. Finally, jitε  is an unobserved error 

term consisting of two parts: 

jitjijit νµε +=      (3.3) 

jiµ  is an unobserved household effect specific to the car stock so that a given household is allowed 

to have an idiosyncratic time invariant preference for a particular stock of cars. jitν  is an iid  error 

term. To make this setup operational for estimation we assume that jiµ  follows a J-dimensional 

multivariate normal distribution, and that jitν  is independent extreme value distributed.  Moreover 

rewrite (3.3)  

itiit C νξε +=      (3.4) 

 

where itε  is a 1×J  vector of unobserved components, ii Cξµ =  where iµ  is a 1×J  dimensional 

vector of multivariate normal distributed (conditional on ( )iti xy ,0 ) idiosyncratic effects, and itν  is a 

1×J  vector of unobserved independent extreme value distributed residuals. The fact that iµ  is 

allowed to be multivariate implies that we do not impose the IIA assumption. iξ is a 1×J  vector of  

independent normally distributed variables, and CC ′  is the JJ ×  covariance matrix of iµ  and C  is 

the lower triangular Cholesky factorization of it, containing the unknown parameters of the 

multivariate normal distribution of time constant idiosyncratic effects. C is given by 
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⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

222112

1110

00

ccc

cc

c

C      (3.5) 

 

Substituting (3.4) and (3.3) into (3.2) and writing it compactly gives 

 

1 0                              1  ; 1it it i it i itV γ y y β x C ξ v    i ,...,N t ,..., Tλ−= + + + + = =   (3.6) 

 

where  Vit is a 1×J  vector of utilities for individual i at time t, γ  and λ  are 1×J  vectors of 

parameters to estimated, β  is KJ ×  vector of parameters to be estimated, and C  contains the 

parameters of the covariance structure that are also to be estimated.  

 

Conditional on iξ  the probability for a particular household choosing car stock j at time t is then  

 

( )
∑

=

+++

+++

−

−

==
J

k

ξCxβyyγ

ξCxβyyγ

iit
ikitkikitk

ijitjijitj

e

eξjy

1

01

01

Prob
λ

λ
    (3.7) 

 

The probability that household i is observed with a sequence of stocks jity  for 2,1,0=j  and 

Tt ,..,1=  is  

( ) ( )∏∏ ==
t j

y

iitii
jitξjyξy ProbProb     (3.8) 

 

where jC  is the jth  row of C. The unconditional choice probability is  
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( ) ( ) ( ) iiiii dfξyy
i

ξξ
ξ
∫= ProbProb     (3.9) 

where ( )if ξ  is the multivariate distribution for iξ . The log likelihood function is  

 

( )∑
=

=
N

1

Prob L log
i

iy                         (3.10) 

 

We evaluate the integral in (3.8) by drawing d
iξ from the distribution of iξ , calculating ( )d

ii ξyProb , 

and repeating this D=100 times, to obtain an average hereof. 

 

( ) ( )∑
=

=
D

1d

Prob
1

bôPr d
iii ξy

D
y                        (3.11) 

 

Instead of using pseudo random draws we use Halton draws. For details we refer to Train (2003). 

 

Setting the location 

The model is estimable in difference form where we evaluate utility of one alternative relative to a 

reference alternative. For example, if the reference stock is zero cars then we specify the estimable 

model in terms of  itjit VV 0 -  for j=1,2. This is because the probabilities for choosing either of the 

stocks 0, 1, and 2 must sum to unity. Therefore a reference stock must be chosen for which the 

probability is given by 1 minus the sum of the probabilities of choosing the other stocks. In the 

example where stock j=0 is the reference and the probabilities for the three stocks are 

denoted ( )210 ,, ppp  then 210 1 ppp −−= . Thus, estimates of the parameter sets ( )111 ,, Cβγ  and 
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( )222 ,, Cβγ  are always relative to the base category. The same applies to C in (3.6). Therefore we 

assume C to take the form 

  

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

2221

11

0

0

0

cc

cC                          (3.12) 

 

So that the covariance matrix of the random effects term in difference form becomes 

 

⎥
⎦

⎤
⎢
⎣

⎡

+
=′

2
22

2
212111

2
11

cccc

c
CC                         (3.13) 

 

The term ( )2111cc  allows for correlation across alternatives thereby avoiding imposing the 

assumption of independence across alternative. For example, consider a household with a high 

unobserved preference for holding two cars and a positive value of the term ( )2111cc . This household 

is then likely also to have a high preference for holding one car as opposed to not holding any cars.  

Allowing for this sort of unobserved preference correlation is potentially important, because 

without such correlation the preference of a given household for holding two cars is completely 

independent of its preference for holding one car. The sign and size of ( )2111cc  are to be estimated 

and are of course not restricted a priori. 

 

3.2  The initial conditions problem 

Estimation of dynamic panel data models with unobserved effects is a nontrivial problem. The 

difficulty arises because it is implausible to assume that the initial observation, 0iy , is independent 
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of the unobserved effect, iµ . In our application this amounts to assuming that the initial stock (i.e. 

the one firstly observed) is independent of the unobserved preference for holding cars. This is 

clearly untenable. Here we follow the approach of Wooldridge (2002a) to handling the initial 

conditions problem by modelling the distribution of the unobserved effect, assumed to be normal, 

conditional on the initial value of the dependent variable, 0iy . 

 Apart from being fully parametric the main assumption underlying Wooldridge’s approach is 

that we specify a parametric model for the density of iµ  conditional on the initial observation of the 

dependent variable 0iy . In practice this amounts to including 0iy  as an additional regressor3. This 

modelling approach has previously been applied by Erdem and Sun (2001), albeit without allowing 

for correlation of the unobserved effects across alternatives. 

 

4. Results  

Estimation results are presented in table 4. The table shows results from estimating three models: 

The pooled multinomial logit, the random effects multinomial logit, and the random effects 

multinomial logit model with state dependence. The order of the presentation of the models 

represents the increasing level sophistication. The pooled model gives estimates from the standard 

multinomial model. The random effects model conditions on unobserved time invariant 

heterogeneity that can be correlated across alternatives, but is assumed to be uncorrelated with the 

explanatory variables. The final model conditions on the lagged level of the dependent variable and 

on unobserved time invariant heterogeneity. The lagged dependent variable will capture the 

                                                 

3 We use a simplified version of the approach suggested by Wooldridge (2002a). He also conditioned on the observed 
history of the exogenous explanatory variables. However, in our case inclusion of variables for the history of some 
explanatory variables in preliminary regressions indicated that these generally were insignificant and could be excluded 
without affecting the remaining parameters.  
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persistence in car ownership status. As the number of conditioning factors increase the models 

become shorter run in nature. We therefore think of the obtained estimates as having relevance for 

understanding short run responses. 

 Considering first the importance of introducing more conditioning elements into the model it 

is seen that the loglikelihood value becomes numerically smaller as the model becomes richer. This 

indicates that both unobserved heterogeneity and state dependence are relevant aspects to include in 

the model from a statistical point of view. It is also evident that the parameters describing the 

covariance structure become much smaller when state dependence is introduced. This is an 

indication that (true) state dependence absorbs most of the persistence in the data. It is noticeable 

that in both models where the covariance structure is estimated there is evidence of correlation 

across alternatives. This is evidence that the independence of irrelevant alternatives (IIA) invoked in 

the pooled multinomial logit model is restrictive. The positive parameter on the covariance term 

indicates that individuals having a preference for holding one car relative to no car also have a 

preference for holding two cars. 

 In all the models income is positively related to the probability of holding both one and two 

cars. The parameters of the income variable in the category holding two cars are larger than for the 

category holding one car. It is tempting at this stage to conclude that this indicates that holding two 

cars relative to one is more income elastic. It is, however, premature to conclude on the quantitative 

importance based on the parameter estimates, because the model is nonlinear. In section 5 we shall 

return to the quantitative importance of income. Both parameters on age and squared age are 

significant in all three models and indicate a concave relationship. In the static models ownership is 

increasing at all relevant ages while in the model with state dependence ownership is increasing up 

to ages 50. The peak point of the age profile is similar for both categories within all three models.  
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 In the static models there is evidence that small children increase the probability of having one 

car. This is reversed in the dynamic model. This could be indicating that child expenditures crowd 

out car expenditures. In all three models the presence of adult children increases the probability of 

having two cars. This result may be related to speculation in lower insurance premiums. Young 

people face very high insurance premiums. Living with their parents they can save money if their 

car is registered as belonging to one of their parents (given that the parents already have a car and 

have earned discounts in insurance premiums from collusion free years). 

 The parameters on the variables indicating degree of urbanization have the expected signs. In 

more densely populated areas the need for cars conditional on all the other characteristics is smaller. 

Moreover, the parameter on the user cost variable is in all cases negative. It should be recalled that 

we only have time variation in the car cost index and the size and significance of the parameter to 

the car cost index are sensitive to the inclusion/omission of the trend variable, so the impact of 

changes in car cost should be interpreted cautiously. 

 Higher commuting distances for females increase ownership probabilities for both one and 

two cars. Results are equivocal for men, but in the dynamic model it appears that increasing 

commuting distance increases the probability of having two cars. The parameters of the labour 

market participation dummies indicate that participating in the labour market is not affecting the 

probability to hold cars. Recall that this result is conditional on income. Unemployment spells for 

males are negatively related to the probability of holding both one and two cars, but not for females. 
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 Finally, it should be noted that the size of the parameters in the different models cannot 

directly be compared because the variance of the error term plus random effects are different, see 

e.g. Wooldridge (2002b). The impact of changes in income (after tax) and car costs will therefore 

be described further in the next section. The standard errors of the pooled logit models are generally 

considerably smaller than in the other models. This is because the standard errors of the pooled logit 

are calculated subject to the (incorrect) assumption that the errors of each household are 

uncorrelated. This is clearly not the case, so the standard errors of the pooled logit are strongly 

downwards biased.  

 

5. Quantitative importance of state dependence, income and user costs 

To assess the quantitative importance of state dependence and the economic importance of changes 

in variables like income and user costs we need to calculate average predicted probabilities. There 

are no simple estimators for the average probabilities available for the mixed distribution of the 

logit with normally distributed random effects, see e.g. Wooldridge (2002b).4 Therefore, we 

calculate the average probabilities using a simulation approach, where the probability for each 

household is calculated many times adding draws from the estimated normal distribution to the 

index function. Let ijsε be random draws from the standard normal distribution, where s  indexes the 

draws ( )1, , S… , where we set S=1000. The simulated average probability is then: 
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4 In contrast, it is easier to calculate average probabilities in the random effects probit, see e.g. Wooldridge (2002a or 
2002b). In preliminary estimations we relied on the random effects probit, but it turned out to be difficult to identify the 
variance parameter of the random effects. 
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Table 5 gives the calculated probabilities for holding 0, 1 or 2 cars under different assumptions 

about lagged car holding. The table clearly shows that probabilities centre on the category of the 

lagged value. This is most pronounced for the category holding 1 car, and less pronounced for the 

category holding 2 cars. This indicates that households are quicker to adjust to a policy shock if 

they hold two cars than if they hold 1 car. 

 

Table 5. The quantitative importance of state dependence: Estimated 
probability of car ownership in 2001 conditional on different ownership 
levels in 2000  

 

 

 

 

 

In table 6 partial effects from a one percentage change in income and user costs are presented. The 

partial effects are calculated as the average probability after the change less the average probability 

before the change times 100, and they are calculated based on the estimates from the pooled 

multinomial logit, the random effects multinomial logit (RE) and the random effects multinomial 

logit with state dependence (RD SD). The bottom row of table 6 gives the elasticities of the total car 

stock with respect to income and user costs. These elasticities can directly be compared with 

“macro” elasticities. The numbers in table 6 are most appropriately thought of as characterizing the 

short run responses5. 

 

                                                 

5 In dynamic linear models typically employed when using time series methods, it is straight forward to calcualte the 
long run response using the estimated parameter on the lagged dependent variable, see for example Dargay (2001). This 
is not possible in a nonlinear model. 

 Assumed car ownership in 2000 

 0 1 2 

0 car 0.723 0.039 0.000 

1 car 0.277 0.907 0.469 

2 cars 0.000 0.053 0.531 
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Table 6. Effect of changes in income and user costs in 2001 

 Income User costs 

 Pooled RE RE SD Pooled RE RE SD 

0 car -0.156 -0.050 -0.017 0.202 0.014 0.112 

1 car 0.029 -0.022 -0.028 -0.037 0.086 0.063 

2 cars 0.127 0.072 0.045 -0.165 -0.101 -0.175 

Car stock 

elasticity(1) 

0.283 0.122 0.062 -0.367 -0.118 -0.293 

Note: ‘Pooled’ is pooled logit without random effects and state dependence. ‘RE’ is logit with random effects but 
without state dependence. ‘RE SD’ is logit with random effects and state dependence. The upper part of the table 
presents partial effects multiplied by 100. 
(1) The elasticity of the total car stock is calculated as the percentage change in the predicted car stock (derived from 
the changes in probabilities also reported in table 6) following a one percentage change in income/user costs. 
 

The general picture appearing from the income effects in table 6 is that the partial effects get 

smaller as the level of sophistication of the models increases. The largest effects are found in the 

pooled multinomial logit model that condition on neither unobserved heterogeneity nor lagged 

levels of car ownership. The smallest response effects are found in the random effects model with 

state dependence. The estimates from the static random effects model generally lie between those of 

the other models, as would be expected. Generally, for the models including random effects, the 

largest income responses are found for the category holding two cars. This is consistent with the 

interpretation that the second car has less of a necessity nature (in the jargon of demand analysis). 

The general conclusion, though, is that income changes have little impact on car ownership in the 

short run. 

 The partial effects with respect to user costs do not generally become smaller as the number of 

conditioning factors increase. The largest responses are found in the pooled model and in the model 

with random effects and state dependence. The most important effect of including random effects 

and state dependence is that the partial effect for the category holding no car becomes smaller than 
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in the pooled model. The pooled model thus exaggerates the extent of downsizing following an 

increase in user costs. 

 The short-run income effects in the random effects model with state dependence are 

considerably smaller than typically found in other studies, e.g. in studies using synthetic panel data, 

i.e panel data constructed from repeated cross sections, like Dargay (2001) and Dargay and 

Vythoulkas (1999). They found short-run income elasticities (based on macro time series methods) 

ranging from 0.18 to 0.48. In the same studies, long-run income elasticities range from 0.28 to 0.80. 

This difference is likely to arise because it is not possible to take into account idiosyncratic effects 

using synthetic panel data. Also other studies based on micro cross-section data, e.g. de Jong (1990) 

and Ramjerdi and Rand (1992), have found income elasticities at 0.33 and 0.15, respectively. 

Previous studies based on Danish data (micro cross section) yielded income elasticities at 0.41 

(Bjørner, 1999) and from 0.39 to 0.55 (Fosgerau and Nielsen, 2002). As expected these income 

elasticities are closer to the ones we have found in the pooled logit model. 

 The car cost (purchase, ownership and variables costs) responses are largest for the category 

holding two cars, but the general conclusion is that changes in costs have little impact on car 

ownership in the short run. The estimated responses are in range with what is found in other studies. 

Dargay (2001) finds a car purchase cost elasticity at -0.13, while Dargay and Vythoulkas (1999) 

find long-run elasticities with respect to purchase and variable costs at -0.33 and -0.51 (for “middle” 

levels of income and car ownership). However, it should be recalled that the car cost responses 

estimated in this study are based on changes in car cost over time for a relatively short period. The 

estimates could therefore reflect too little variation in the data rather than a genuine behavioural 

effect, and the estimates should therefore be interpreted with caution. 
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6. Conclusion  

Using a unique panel data set with information on car ownership for 10,565 households observed 

over the period 1992-2001 we have demonstrated that car ownership status is very persistent. This 

shows very clearly at the descriptive level, 56% of the households do not change ownership status 

over the ten-year period where we follow them.  

 We estimate models of describing ownership status as a function of income, user costs, 

demographic and geographical characteristics. In the reference model we condition only on the 

observed characteristics. Next, we condition on unobserved fixed heterogeneity, and finally on both 

unobserved heterogeneity and lagged ownership status. The two latter models capture idiosyncratic 

effects, and this can only be done using panel data. The reference model yields estimates that are 

comparable to those of other studies not based on panel data. The random effects model and the 

random effects model with state dependence indicate that both unobserved heterogeneity and state 

dependence are important factors in explaining car ownership in the short run.  

 The results from these models indicate that responses to changes in income and user costs are 

much smaller than what was thought based on previous studies. One interesting feature of the 

dynamic model is that ownership of two cars is more responsive in the short run than ownership of 

one or no car. This suggests that car holdings of multiple car ownership households respond 

stronger to changes in incentive. Altogether the general conclusion remains, however, that income 

and user cost changes have little impact on car ownership in the short run, and that car ownership 

adjusts very slowly so that policy instruments aiming at reducing car ownership are not likely to be 

very effective in the short run. 
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